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Preface 

We are pleased to present Volume 2 Innovations and Advances in Cognitive Systems. 
The volume focuses on smart technologies and their influence across various indus-
tries ranging from smart agriculture to medicine, from detecting financial fraud to 
accessibility in human-computer interaction. The chapters in this volume explores the 
widening scope of cognitive systems and the continuing thrust to impart intelligence 
into mundane environments. 

This volume showcases a broad range of interdisciplinary studies, held together 
by a unifying theme: making intelligent systems smarter to sense, comprehend, 
and act on sophisticated real-world issues. Emphasizing application-focused inno-
vation, the chapters illustrate how AI, machine learning, and deep learning methods 
are being aptly adapted to address problem-specific issues. Some of the high-
lights include cutting-edge research in smart agriculture as well as various deep 
learning methods and applications. Human-centric technology efforts are also well-
represented through research on sign language interpretation, GAN-based emotion 
recognition, autonomous humanoid lab assistants, and federated learning models 
that maintain privacy while guaranteeing performance. This book also includes 
research studies on IoT-powered safety systems, smart fraud detection, and intel-
ligent retail analytics. The wide range of subjects spanning handwritten text recogni-
tion and robotic automation, through communication-efficient learning frameworks 
and community-building platforms highlights the lively, interdisciplinary nature of 
cognitive systems research today. 

We acknowledge the contributions of all the researchers, reviewers, and contrib-
utors to invaluable work on making this volume a reality. Through these insightful
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studies and creative solutions, we hope to inspire new ideas, collaborations, and 
innovations in the dynamic domain of AI and cognitive computing. 
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Smart Agriculture: AI-Enabled Growth 
Prediction for Lettuce Cultivation 

Prachi Sharma, Awanit Kumar, Nirmal Singh, Ajay Kumar Suwalka, 
Sheshang Degadwala, and Dhairya Vyas 

Abstract Artificial intelligence in agriculture uses technology to improve crop 
growth and enhance predictions about harvests as well as resource distribution. The 
research uses multiple regression models to execute artificial intelligence-driven 
predictions of lettuce plant growth. The analysis of growth patterns used several 
data-driven approaches which included Linear Regression together with Decision 
Tree and K-Nearest Neighbors (KNN), Random Forest, and XGBoost methods. The 
Decision Tree model provided superior performance according to performance eval-
uation metrics where MSE scored 0.173, RMSE reached 0.417 and MAE amounted 
to 0.028, and R2-score equaled 0.999. The results indicated that Linear Regres-
sion provided the minimum performance with 170.176 MSE and 0.005 R2-score. 
XGBoost performed almost as well as Random Forest with a R2-score of 0.931 
while still showing strong accuracy rates. The study demonstrates that AI models 
have strong potential in precision agriculture through Decision Tree-based predic-
tion which delivers improved results for predicting lettuce yield to enable advanced 
farming methods and sustainable food systems.
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Keywords Smart agriculture · AI prediction · Lettuce growth ·Machine 
learning · Precision farming 

1 Introduction 

Traditional farming methods have evolved to modern technological practices through 
changes occurring in the agricultural sector. Modern agricultural practices have revo-
lutionized crop cultivation and management through the implementation of artificial 
intelligence (AI) and machine learning (ML) and Internet of Things (IoT). AI tech-
nology started being used for agricultural applications during the early years of 
the twenty-first century through research investigations into data-based methods for 
increasing farming efficiency. The highly popular leafy vegetable known as lettuce 
needs exact environmental specifications to grow best. Basic farming operations 
mostly depend on human observation combined with experiential choices yet these 
techniques generate inconsistent crop yields and resource performance. AI-powered 
growth prediction models offer organizations the chance to maximize productivity 
by precisely forecasting crop development then intervening at strategic moments. 

Precision agriculture advancements have not solved all difficulties in achieving 
accurate lettuce growth predictions. Traditional statistical methods together with 
simple regression approaches lack the capability to understand the complex yet 
non-linear connections between environmental elements and agricultural product 
yields. Studies indicate that Linear Regression and other conventional models demon-
strate high error rates when processing datasets containing various features because 
these models do not handle large datasets effectively. Studies on predicting lettuce 
growth mainly utilize only one model while missing the evaluation between different 
machine learning techniques. A complete assessment of AI-based prediction models 
is necessary to establish the optimal method for lettuce cultivation because current 
gaps exist in the research field. Better agricultural performance and reduced waste 
together with enhanced resources distribution will result from fixing these operational 
flaws. 

The main research objective explores how different machine learning algorithms 
function with AI to forecast lettuce growth through performance assessment. The 
research targets three main goals which encompass performance evaluation of regres-
sion models through standard metrics to establish a most accurate model and to 
demonstrate AI potential in smart agriculture optimization for lettuce production. 
Various regression models including Linear Regression, Decision Tree and K-Nearest 
Neighbors (KNN), Random Forest together with XGBoost underwent testing using 
appropriate datasets. The performance evaluation of four essential metrics including 
Mean Squared Error (MSE) and Root Mean Squared Error (RMSE) together with 
Mean Absolute Error (MAE) and R2-score was conducted. The selected metrics 
allow researchers to understand in detail how well each model predicts outcomes 
and maintains accuracy during the process.
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The research results showed that Decision Tree model delivered the best results 
through its lowest error rates and highest 0.9989 R2-score. The predictive capabilities 
of Linear Regression stood out as weak since its R2-score approached zero. Random 
Forest and XGBoost models delivered precise results through their R2 scores of 
0.9405 and 0.9313 which indicates they are acceptable options for precision agri-
culture use. AI-driven methodologies used for predicting lettuce growth have estab-
lished their effectiveness in modern farming by providing compelling results. The 
implementation of sophisticated AI models enables farmers to improve their yield 
predictions through better resource management systems thus supporting sustainable 
farming operations. 

2 Literature Study 

Kumaratenna et al. [1] created Planting-Density Growth Harvest (PGH) charts for 
controlled environment lettuce cultivation under artificial lighting conditions. Empir-
ical modeling analysis of growth patterns occurred through the study under different 
planting density conditions. The research methodology worked to improve both 
lighting patterns and plant placement distances for achieving peak crop produc-
tion efficiency. Strategic distribution of space between plants proved critical in 
leading to increased lettuce biomass production levels. The research project failed to 
include machine learning models as a method for generating automated yield fore-
casts. Prospective research should include artificial intelligence methods to optimize 
growth model frameworks which would enhance system scalability together with 
environmental adaptability. The research of Eshkabilov et al. [2] used hyperspectral 
imaging in combination with machine learning models to evaluate baby leaf lettuce 
nutrients. SVM, Random Forest and Partial Least Squares Regression (PLSR) oper-
ated together to forecast sugar, vitamin and nutrient values across hyperspectral spec-
trum information. The experimental outcomes showed that machine learning showed 
success in predicting nutrient levels and Random Forest delivered the most precise 
results. The research work did not include growth prediction as a part of its assessment 
process which limited its utility to measuring nutrients only. Future investigations 
should combine predictive systems for nutrients with growth modeling purposes 
for complete precision agriculture applications. Ojo et al. [3] conducted research to 
determine hydroponic lettuce phenotypic measures that improve resource utilization 
through their investigation. The research utilized image processing together with 
deep learning models especially Convolutional Neural Networks (CNNs) to obtain 
phenotypic traits from lettuce images. The deep learning algorithms enhanced leaf 
area and biomass prediction precision levels over conventional regression systems. 
The research stimuli did not include an assessment of different machine learning 
methods to provide comparative performance evaluation. Further research should 
develop hybrid artificial intelligence approaches which unite CNNs with ensemble 
learning methods to enhance plant growth predictions.



4 P. Sharma et al.

Hosoda et al. [4] created a fresh weight prediction model for plant factory lettuce 
using plant growth models. Nonlinear regression and mechanistic modeling served 
as the analytical tools for biomass simulation in this study. The results demonstrated 
that plant growth models estimated fresh weight successfully but operational success 
required predefined parameters. The absence of real-time machine learning in the 
study restricted its ability to adapt to different growing conditions. AI-driven real-
time prediction models need implementation in future research to improve both the 
accuracy and adaptability of growth forecast models. The research by Rukumani 
Khandhan et al. [5] delivered lettuce growth modeling optimization by combining 
XGBoost with Support Vector Machines (SVM) supported by Gaussian Process 
Regression (GPR). The research evaluated both standalone performance and hybrid 
performance information from individual models as well as their resulting fusion-
based hybrid framework. The hybrid model provided superior functionality when 
compared to sole operation of individual models as it produced more accurate predic-
tions along with greater stability. The main focus of this research was algorithmic 
performance assessment instead of real-world implementation capability. Future 
investigations should focus on developing realistic methods for greenhouse imple-
mentation as well as real-time monitoring capabilities. Deep learning approaches 
investigated by Yu et al. [6] allowed researchers to both identify lettuce phenotypes 
precisely along with predicting their growth patterns. A CNN model was introduced 
by the study to process leaf morphology and growth patterns obtained from image 
datasets. The research method achieved accurate predictions of lettuce biomass and 
their phenotype variability. The research analyzed deep learning algorithms exclu-
sively since it did not investigate traditional machine learning approaches for compar-
ative results. Future research needs to investigate hybrid AI systems which combine 
with predictive accuracy monitoring through real-time analysis. 

The authors Gowtham et al. [7] created an aeroponic lettuce crop growth moni-
toring system relying on machine learning algorithms. Decision trees and random 
forests operated in the research to forecast environmental elements alongside lettuce 
plant life stages. Prediction models based on machine learning improved accu-
racy levels when assessing plant growth performance over traditional methods. The 
research design had no adaptability in real-time operations because it failed to include 
implementation strategies for practical use. Future investigations need to combine 
monitoring systems built on IoT technology in order to enable real-time adjust-
ments throughout aeroponic farming operations. The research by Gowtham et al. [8] 
utilized logistic regression to assess and predict lettuce production quantities in aero-
ponic vertical farming system. Researchers pursued supervised learning methods for 
the purpose of achieving maximum yield prediction performance. The results indi-
cated that logistic regression showed moderate success in yield prediction for crops 
although it fell short compared to new generations of AI models. The researchers 
omitted deep learning and ensemble methods from their work which presents a future 
development opportunity. Future research needs to analyze how deep learning inte-
gration with logistic regression would improve prediction accuracy. The authors at 
Asy’ari et al. [9] used ARIMA autoregressive integrated moving average to forecast 
hydroponic lettuce farm growth. The research confirmed that using ARIMA allowed
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successful predictions of future trends by analyzing historical patterns. The research 
did not provide evaluation results against contemporary artificial intelligence models 
which include gradient boosting and neural networks. Progressive research needs 
to implement artificial intelligence models with predictive functionalities to opti-
mize hydroponic farming operations. Kallenberg et al. [10] performed research on 
combining process-based models with machine learning techniques for crop yield 
forecasting. The researchers improved yield prediction accuracy through an integra-
tion of experimental crop models and machine learning computation systems. The 
integrated model provided better performance than isolated crop models even though 
it needed substantial processing power. The research did not investigate immediate 
adjustments therefore lacking practical use cases. Research efforts should direct their 
efforts to developing enhanced hybrid models which can provide real-time yield 
forecasts. 

The research of Rajendiran et al. [11] investigated how Random Forest Regres-
sion predicts yield data from aeroponic systems for lettuce crops. Research findings 
showed that random forest achieved superior performance when used to forecast 
lettuce yield through environmental parameter analysis. The research omitted inves-
tigation into deep learning algorithms and combination models that might enhance 
accuracy levels. The analysis of future studies requires combining ensemble learning 
systems with real-time data analytical methods for precision agriculture develop-
ment. Machine learning regression combined with deep learning approaches served 
Sharma et al. [12] for agricultural yield prediction. Different regression models such 
as linear regression, decision trees and deep learning-based neural networks were 
analyzed against each other in yield estimation. Deep learning algorithms proved 
most effective for detecting intricate farming patterns based on their findings. The 
research examined other crops and omitted lettuce growth analysis precisely because 
it needed particular models tailored to individual agricultural products. Research in 
AI should concentrate on improving its effectiveness for lettuce cultivation needs. 
Kiremit et al. conducted research [13] to determine the optimal amounts of sali-
cylic acid that would enhance lettuce resistance to salt stress. A controlled experi-
mental design established by researchers determined the best salicylic acid concen-
tration that led to maximized lettuce yield and stress resistance. Optimized dose 
treatments produced enhanced physiological characteristics as well as yield perfor-
mance under salt stress conditions. The research failed to use predictive modeling 
as a method to determine dynamic optimal treatment numbers. Future work needs to 
merge AI-enabled methods which create real-time systems to help reduce stress. 

Shalash et al. created machine learning models for hydroponic farming through 
their development of growth prediction and anomaly detection software [14]. A deep 
learning algorithm was used by the study to monitor plant health while forecasting 
future growth trends. The outcomes showed that machine learning models achieved 
success in detecting growth abnormality then generating improved cultivation plans. 
The research concentrated on a system driven by one model yet did not expand 
towards multiple model integration known as ensemble methods. Analysts need to 
develop combined artificial intelligence systems which enhance prediction stability 
as future research direction. Panigrahi et al. [15] performed a research on supervised
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learning regression models to evaluate their effectiveness in crop yield prediction. 
This investigation evaluated linear regression together with decision trees and random 
forests and deep learning methods in their ability to forecast crop productivity. Deep 
learning models achieved the best accuracy rate in the experiments but these achieve-
ments were tied to expanding computational demands. The analysis omitted the 
investigation of live prediction features which made it ineffective for operational 
deployment. Research must concentrate on enhancing model performance so it can 
function effectively in smart agricultural real-time monitoring systems. 

The current research on AI-enabled lettuce growth prediction shows particular 
weaknesses throughout the available studies. Previous scientific research either eval-
uated nutrient levels independently or estimated plant growth independently and does 
not combine both data sets for complete crop development analysis. The research 
includes several studies that continue using traditional modeling instead of adopting 
AI-based real-time prediction frameworks. Limited comparison research exists on 
the use of multiple AI models in spite of the incorporation of deep learning tech-
niques by some studies. Future research needs to focus on the implementation of 
real-time artificial intelligence systems as well as combining statistical models with 
artificial intelligence and methodology for operational deployment to boost precision 
agriculture utilization. 

3 Proposed Methodology 

See Fig. 1.

3.1 Dataset 

Recursive forecasting of lettuce growth periods requires systematic implementation 
of both data preparation and feature selection followed by model training and eval-
uation. A valuable plant growth dataset is available at Kaggle through the Lettuce 
Growth Days dataset which enables useful environmental condition insights. Five 
crucial attributes present in the dataset include temperature, humidity, pH level, Total 
Dissolved Solids (TDS) along with growth days to analyze development factors for 
plants. The structured dataset enables the creation of predictive models which fore-
cast the full growth duration of lettuce plants. Research teams use these features 
to discover leading environmental factors which allow them to enhance agricultural 
practice optimization. 

Link: https://www.kaggle.com/datasets/jjayfabor/lettuce-growth-days.

https://www.kaggle.com/datasets/jjayfabor/lettuce-growth-days
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Fig. 1 Proposed work flow

3.2 Cleaning 

Cleaning and preprocessing a dataset stands essential for training machine learning 
models because it guarantees both correctness and reliability. Raw datasets contain 
several types of inconsistencies such as empty fields and redundant records as well as 
absent values so these problems negatively affect model prediction accuracy. During 
the cleaning step duplicate entries receive removal as a protection against duplication 
and researchers decide between imputing relevant values or deleting those deemed 
insignificant. The data maintenance process includes a solution for dealing with 
empty spaces to protect dataset consistency. The quality of model predictions along
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with performance increases when data cleaning operations improve input feature 
quality. 

3.3 Feature Selection 

In features selection operational phase after data cleaning entails the selection of vital 
variables that impact lettuce growth. The utilization of every available dataset feature 
at once can increase computational processes while potentially causing the model to 
overfit. The RFE technique serves as a solution to overcome these problems. RFE 
executes a process of model-based feature importance ranking to gradually remove 
unimportant traits. RFE enables a better model efficiency through variable selection 
because it allows meaningful predictions based on relevant data. Feature elimination 
stands as a vital stage because unneeded variables in the dataset introduce model 
distortions which degrade prediction accuracy. The process of feature selection works 
to lower the number of variables while simultaneously accelerating computations 
while enhancing the clarity of model interpretations. 

3.4 Train Models 

Various machine learning algorithms receive the selected relevant features for 
training different prediction models of lettuce plant growth duration. The selected 
algorithms undergo testing to find the most effective model among them. Linear 
Regression stands as the baseline model since it assumes environmental factors show 
a linear connection to lettuce growth. Complex interactions between various factors 
influence plant growth to such a degree that linear regression modeling might prove 
inadequate. 

The non-linear relationships present a challenge which makes Decision Trees (DT) 
and Random Forest (RF) necessary models for analysis. Decision trees split datasets 
into branched segments according to feature values until they generate predictions 
at the concluding leaf points. Decision trees remain simple to use alongside being 
understandable but they tend to fit data points too closely when used for predic-
tion. Random Forest through ensemble learning provides a solution to decision tree 
overfitting by generating numerous trees that produce their averaged predictions. 
The technique improves both model accuracy as well as reducing occurrences of 
overfitting. 

K-Nearest Neighbors (KNN) serves as another machine learning tool for 
predicting growth days through data point similarity evaluation. The KNN prediction 
method calculates outcomes by aggregating the midpoint values of close neighboring 
points which deliver high effectiveness in patterned clustering data. Calculations in 
KNN models become inefficient as the size of available datasets grows larger.
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The XGBoost algorithm serves as the last model because it provides superior 
gradient boosting functionality. The XGBoost algorithm operates as an ensemble 
method through sequential weak model generation so each new model enhances 
future predictions by rectifying previous errors. The model achieves high efficiency 
while delivering superior performance than other available algorithms for structured 
data structures so it works perfectly for plant growth prediction. The training process 
requires model input from processed data while engineers modify hyperparameters 
to enhance performance by using cross-validation procedures. 

3.5 Evaluation of Model 

The trained models need to undergo assessment for measuring their accuracy and 
predictive power regarding lettuce growth days determination. Model effectiveness 
depends on multiple assessment metrics that analysts use for evaluation purposes. 
The Mean Squared Error (MSE) serves as a primary evaluation metric to find the 
average squared differences between actual and predicted outcomes. The model 
provides more precise predictions when its MSE value decreases. The Root Mean 
Squared Error (RMSE) is used alongside MSE because MSE provides dispropor-
tionate weighting to large error values. To obtain a clear error magnitude measure 
RMSE extracts its square root value from MSE computations. The Mean Absolute 
Error (MAE) provides a calculation method for indicating the difference between 
actual values and predictions through absolute value comparison. The MAE calcula-
tion avoids square errors which means it exempts sensitivity to outliers. The method 
determines average absolute deviations between predicted and actual values without 
distortion through squaring. The R2-score determines the amount of target variable 
variation which the model successfully predicts. The model demonstrates strong 
effectiveness in detecting environmental variations to plant growth days based on its 
R2-score value. 

4 Results Analysis 

This research depicts the multiple phases of the machine learning pipeline which 
predicts lettuce growth through a collection of figures. Figure 2 displays the reading 
process of the dataset which shows that the information contains 3169 rows alongside 
9 columns examining crucial environmental and growth factors. Figure 3 displays 
the correlation relationships between important variables which include Temperature 
(°C), Humidity (%), TDS Value (ppm) and pH Level and Growth Days (Fig. 4). 
Interface 4 demonstrates the positive relation between growth days and pH Level 
through its analysis. Figure 5 shows Recursive Feature Elimination demonstrated 
that Temperature (°C), TDS Value (ppm) alongside pH Level represent the essential 
factors affecting growth day predictions. Different regression models demonstrate
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Fig. 2 Dataset reading

their performance according to the subsequent figures. The Linear Regression model 
shows the worst performance because it has an MSE value of 170.17 and an R2-
Score of 0.0053 demonstrating a very inadequate match (Fig. 6). The Decision Tree 
Regression model in Fig. 7 performs highly effectively with an MSE of 0.17 and an 
R2-Score of 0.9989 to suggest nearly perfect prediction models. A moderate outcome 
emerges from K-Nearest Neighbors (KNN) Regression in Fig. 8 due to its MSE of 
108.16 coupled with an R2-Score of 0.3678. Random Forest Regression in Fig. 9 
exhibits strong predictive ability through MSE = 10.17 with a R2-Score of 0.9405. 
The performance of XGBoost Regression matches Random Forest because it shows 
MSE = 11.75 and R2-Score = 0.9313 indicating ensemble approaches yield best 
prediction results (Fig. 10). 

The performance statistics in Table 1 establish that the Decision Tree model 
delivers the best results by earning a 0.9989 R2-Score and a low 0.1736 MSE. The 
Random Forest model along with XGBoost model produces reliable predictions 
through their R2-Scores of 0.9405 and 0.9313 respectively. Linear Regression and 
KNN display poor performance in predicting lettuce growth since they produce 
higher MSE alongside reduced R2-Scores which indicates their lack of effectiveness.
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Fig. 3 Correlation map 

Fig. 4 Correlation with growth days
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Fig. 5 Feature selection 

Fig. 6 Linear regression
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Fig. 7 Decision tree 
regression 

Fig. 8 K-nearest neighbour 
regression
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Fig. 9 Random forest 
regression 

Fig. 10 XG-boost 
regression

Table 1 Evaluation of voting models 

Model MSE RMSE MAE R2-score 

Linear regression 170.1762 13.0452 11.3147 0.0053 

Decision tree 0.1736 0.4166 0.028 0.9989 

KNN regressor 108.1555 10.3998 8.5458 0.3678 

Random forest 10.1776 3.1902 1.8897 0.9405 

XGBoost 11.7485 3.4276 2.2191 0.9313
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5 Conclusion 

The research has proven that machine learning algorithms precisely determine the 
length of lettuce growth by analyzing temperature alongside humidity and pH level 
along with TDS value. Decision Tree along with Random Forest and XGBoost 
outperform other regression models in this study because Decision Tree reaches an 
R2-score of 0.9989 through data preprocessing and Recursive Feature Elimination 
(RFE) task and model evaluation processes. The study demonstrates how machine 
learning technology delivers accurate predictions to the field of agricultural planning. 
A deeper model improvement can happen by integrating diverse datasets and adding 
new environmental variables to build real-time monitoring systems. Future research 
should employ LSTMs alongside CNNs as deep learning methods to achieve superior 
modeling of complex non-linear dependencies. Implementation of IoT sensors for 
data collection in real-time along with automatic farmer recommendation systems 
will boost practical IoT applications. The approach would reach greater acceptance 
through extended testing across various crops grown in different climatic condi-
tions. The implementation of AI predictive models in agriculture brings benefits to 
crop yield estimation while optimizing resources and promoting sustainable farming 
practices thus leading to data-driven and efficient agricultural practices. 
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Neural Network-Based Smart Detection 
of Skin Cancer Using Radial Basis 
Function Networks 

S. D. Vijayakumar, G. Vijayakumari, R. Praveenkumar, V. Kumar, 
T. Velmurugan, and G. Brinda 

Abstract Skin cancer stands as the most prevalent cancer type in the United States, 
with an annual diagnosis of over 5 million cases. The timely identification and treat-
ment of skin cancer play a pivotal role in enhancing patient prognosis. Machine 
learning has emerged as a promising avenue for aiding in the early detection of 
skin cancer, and the Radial Basis Function (RBF) approach has gained popularity 
as a technique in this regard. RBF networks, a subtype of artificial neural networks, 
utilize radial basis functions as activation functions. These functions, represented by 
bell-shaped curves, yield output values based on the distance between the input and 
the function’s center. RBF networks have demonstrated effectiveness in classifying 
intricate data, making them well-suited for the detection of skin cancer. Among skin 
cancers, melanoma, originating from melanocytes—the pigment-producing cells— 
is the most perilous form and has been increasingly identified as a leading cause of 
death. Melanoma presents itself with regions appearing black or brown due to the 
melanin pigment. However, some melanomas do not produce melanin, manifesting 
in pink, tan, or white colors. Therefore, an efficient melanoma detection technique 
becomes imperative. RBFN, falling under the category of Artificial Neural Networks 
(ANN), has found utility in various classification problems in science and engi-
neering. The Back Propagation (BP) algorithm, widely used in ANN, suffers from
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drawbacks such as slow error rate convergence and susceptibility to getting stuck at 
local minima. To address these issues, a recent MATLAB tool has been employed 
for implementing the proposed system, designed using High-Level Synthesis (HLS) 
design methodology. 

Keywords Melanoma · Radial basis function · Artificial neural networks. 
MATLAB · High-level synthesis 

1 Introduction 

Skin cancers originate from the skin due to the development of abnormal cells capable 
of invading or spreading to other body parts. They encompass three primary types: 
basal-cell skin cancer (BCC), squamous cell skin cancer (SCC), and melanoma. 
Basal-cell and squamous-cell cancers, along with less frequent types, constitute non-
melanoma skin cancer (NMSC). Basal-cell cancer typically progresses slowly, poten-
tially causing local tissue damage but generally not spreading distantly or proving 
fatal. It commonly manifests as a painless raised area of skin, sometimes shiny with 
visible blood vessels, or as a raised area with an ulcer. Squamous-cell skin cancer 
is more prone to spreading and typically presents as a hard lump with a scaly top 
or an ulcer. Melanomas are the most aggressive form, characterized by changes 
in size, shape, color, irregular edges, itchiness, or bleeding in moles. Skin lacking 
adequate melanin is susceptible to sunburn and harmful UV rays. Clinical examina-
tion and biopsy are standard diagnostic procedures, with dermatologists employing 
dermatoscopy—a magnifying optical device—to analyze skin structure. Early diag-
nosis of melanoma is crucial, as research indicates it’s easier to control or prevent in 
its initial stages. Various diagnostic methods exist for melanoma, including the Seven 
Point Checklist, CASH (Color, Architecture, Symmetry, and Homogeneity) criteria. 
Melanoma rates have been steadily rising for three decades, with white individuals 
being 20 times more susceptible compared to African Americans. The lifetime risk of 
melanoma is approximately 2% for whites, 0.1% for blacks, and 0.5% for Hispanics. 

In the context of standard regression for function approximation, we operate with a 
dataset comprising N training points within a D-dimensional input space. Each input 
vector x(p) = {xi p: i  = 1, …, D} corresponds to a K-dimensional target output t(p) 
= {tk p: k  = 1, …, K}. Typically, these target outputs stem from underlying functions 
g (k(x)) combined with random noise, where the functions have centers {µj} and 
widths {σj}. The logical progression involves devising a method to determine suitable 
values for M, {wkj}, {µij} and {σj}. 

The RBF Mapping can be framed akin to a neural network: the hidden-to-output 
layer behaves akin to a conventional feed-forward MLP network, where the summa-
tion of weighted hidden unit activations yields output unit activations. Hidden unit 
activations stem from basis functions φj(x, µj, σj), contingent upon “weights”{µij, 
σj} and input activations {xi} in a non-standard manner.



Neural Network-Based Smart Detection of Skin Cancer Using Radial … 19

RBFNs are a type of artificial neural network that utilizes radial basis functions 
as activation functions to efficiently classify data with non-linear patterns. In this 
system, preprocessing techniques such as median filtering are applied to enhance 
image quality, while feature extraction focuses on detecting critical attributes like 
texture, color, and shape. The classification process in RBFNs provides fast learning, 
smooth decision boundaries, and high accuracy, making them ideal for melanoma 
detection. This approach enhances early diagnosis, reduces manual workload, and 
improves decision-making, ultimately contributing to better patient outcomes and 
a higher survival rate. Skin cancer, especially melanoma, is a growing global 
health concern. Traditional diagnostic methods rely on visual inspection and biopsy, 
which can be time-consuming and subjective. RBFN-based smart detection systems 
address these limitations by automating the classification of skin lesions, signifi-
cantly improving diagnostic accuracy. The process includes preprocessing (median 
filtering), feature extraction (color, texture, shape), and classification using RBFN. 
With its high accuracy, smooth decision boundaries, and efficient learning, RBFN 
helps in early melanoma detection, reducing misdiagnosis risks and enabling timely 
medical intervention. By integrating AI-driven diagnostics, RBFN enhances clinical 
decision-making, ultimately leading to improved patient survival rates and better 
healthcare outcomes. 

Skin cancer, especially melanoma, is a growing global health concern. Tradi-
tional diagnostic methods rely on visual inspection and biopsy, which can be time-
consuming and subjective. RBFN-based smart detection systems address these limi-
tations by automating the classification of skin lesions, significantly improving 
diagnostic accuracy. The process includes preprocessing (median filtering), feature 
extraction (color, texture, shape), and classification using RBFN. With its high 
accuracy, smooth decision boundaries, and efficient learning, RBFN helps in early 
melanoma detection, reducing misdiagnosis risks and enabling timely medical inter-
vention. By integrating AI-driven diagnostics, RBFN enhances clinical decision-
making, ultimately leading to improved patient survival rates and better healthcare 
outcomes. 

Reliability is achieved through:

• Preprocessing techniques like median filtering and histogram equalization to 
ensure high-quality inputs.

• Robust feature extraction methods focusing on color, texture (GLCM), and 
shape features (ABCD criteria).

• Use of Radial Basis Function Networks (RBFNs), which offer smooth decision 
boundaries and low Mean Squared Error (MSE), resulting in consistent and 
dependable outputs.

• Validation with multiple images (normal vs affected) and achieving classifica-
tion accuracy over 99%, demonstrating model robustness.



20 S. D. Vijayakumar et al.

2 Literature Review 

Skin cancer, particularly melanoma, is the deadliest form of cancer because it is 
highly fatal if not diagnosed in time. With the recent progress in artificial intelligence 
(AI) and deep learning, AI-based computer-aided systems for the diagnosis of skin 
cancer have attracted considerable attention in recent years. This review discusses 
various methodologies which have been suggested by researchers to identify and 
classify skin cancer using AI-based systems. Various researchers have come up with 
non-invasive automatic skin lesion analysis techniques in real-time. Abuzaghleh 
et al. [1] have come up with a system for early detection of melanoma based on real-
time image processing methodologies. Their system combines feature extraction and 
classification mechanisms for the efficient detection of melanoma. Segmentation is 
an important process in computer-aided diagnosis systems. Santy and Joseph [2] 
discussed different segmentation techniques, with emphasis on thresholding, edge 
detection, and clustering algorithms for melanoma lesion segmentation. Likewise, 
Joseph and Panicker [3] discussed a fast hair segmentation technique that improves 
the rate of classification of skin lesions by removing noise from dermoscopic images. 

Application of machine learning (ML) and deep learning (DL) techniques has 
significantly progressed the area of skin cancer classification. Burada et al. [4] 
suggested a computer-aided diagnosis system from radial basis function networks, 
which demonstrated a good success rate for melanoma classification. Balaji et al. 
[5] compared several neural network architectures and utilized the Firefly optimiza-
tion algorithm to maximize the accuracy and precision of skin cancer classification. 
Likewise, Lakshmi and Jasmine [6] suggested a hybrid artificial intelligence model 
using a variety of ML approaches to improve diagnostic performance. 

Nyemeesha and Ismail [7] conducted a systematic review of the employment 
of back-propagated artificial neural networks to detect skin cancer and their ability 
to identify multiple types of skin lesions. Xu et al. [8] used soft computing tech-
niques for computer-aided diagnosis and discussed feature extraction and classifi-
cation techniques. Kumar et al. [9] discussed the evolving landscape of artificial 
intelligence in detecting melanoma and analyzed various deep learning architectures 
and their impact on healthcare. Deep learning algorithms, especially convolutional 
neural networks (CNNs), have been extremely accurate in the diagnosis of skin 
cancer. SkNet, a CNN-based classifier, was presented by Jeny et al. [10] that properly 
distinguishes among different classes of skin cancer. Dildar et al. [11] discussed deep 
learning methods in the diagnosis of skin cancer by comparing various architectures 
and their accuracy in diagnosis. 

There have been various studies providing comprehensive reviews of ML and DL 
models employed to predict diseases. Roobini et al. [12] provided a comprehensive 
review of ML-based models for disease prediction, emphasizing their significance 
in skin cancer diagnosis. Karpakam et al. [13] ventured into the analysis of fuzzy 
decision support systems and deep learning in aiding visually impaired people and 
establishing the prospects of AI application around medical diagnosis. Chowdary 
et al. [14] conceptualized an insulin dose predicting smart system, highlighting the
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potential of DL and ML application in personal health solutions. The presented work 
demonstrates remarkable advances in applying AI for skin cancer identification. A 
variety of methods have been applied, ranging from classical segmentation algo-
rithms to contemporary deep learning algorithms, to enhance melanoma detection 
speed and accuracy. Future studies must be aimed at integrating various data types, 
analyzing the results, and applying AI diagnosis systems to clinical practice. 

2.1 Training RBF Networks 

While the computational power proofs delineate the capabilities of RBF Networks, 
they offer no insights into parameter/weight optimization {M, wkj, µj σ}., σ}. Unlike 
MLPs, RBF network layers operate differently, warranting distinct learning algo-
rithms. Input-to-hidden “weights” {µij, σj} can be trained via various unsupervised 
techniques, while the subsequent training focuses on hidden-to-output weights {wkj} 
using simple matrix pseudo-inversion. 

2.2 Basis Function Optimization 

Radial Basis Function Networks (RBFNs) rely on basis function optimization 
to enhance classification accuracy and generalization performance. Unlike tradi-
tional fully connected neural networks that require complex backpropagation-based 
training, RBFNs optimize basis function parameters efficiently without full nonlinear 
optimization. The effectiveness of RBFNs is largely dependent on how well the 
centers, widths (spread), and number of basis functions (M) are chosen. Several 
methods exist to determine these parameters, with three primary approaches being 
random selection, clustering-based approaches, and orthogonal least squares (OLS) 
regression. 

2.2.1 Fixed Centers Selected at Random 

One of the simplest ways to optimize basis functions in RBFNs is to randomly select 
centers from the training dataset. This method assumes that randomly chosen centers 
can sufficiently represent the underlying data distribution. 

2.2.2 Clustering-Based Approaches (K-Means, Fuzzy C-Means, Etc.) 

Clustering methods like K-Means or Fuzzy C-Means (FCM) are often used to deter-
mine optimal center locations in RBFNs. These techniques partition the input data 
into M clusters, with each cluster center representing a radial basis function center.
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2.2.3 Orthogonal Least Squares (OLS) Regression 

Orthogonal Least Squares (OLS) is a supervised learning approach that optimally 
selects basis function centers by minimizing the reconstruction error. Unlike unsu-
pervised methods, OLS iteratively selects the most significant basis function centers 
while removing redundant ones. 

2.3 Fixed Centers Selected at Random 

The simplest approach for optimizing Radial Basis Function Networks (RBFNs) 
involves fixing the centers of basis functions at M randomly selected points from a 
given dataset containing N data points. This method assumes that randomly chosen 
centers can adequately represent the underlying data distribution. Once the centers 
are selected, the widths (σj) of the radial basis functions are set equally across all 
basis functions, ensuring uniform representation of data clusters. 

The choice of σj is typically based on the maximum or average distance between 
the selected centers, a common formula being σj = dmax/(2M), where dmax repre-
sents the maximum pairwise distance between selected centers, and M is the number 
of basis functions. By maintaining suitable widths relative to the data distribution, 
individual RBFs can capture local variations effectively without excessive overlap or 
excessive separation. This ensures that each basis function contributes meaningfully 
to the classification process, maintaining an appropriate degree of generalization. 

The random selection of centers, combined with a uniform spread parameter, 
works effectively for large datasets, where sufficient coverage of the feature space is 
likely. However, in smaller or highly imbalanced datasets, this method may lead to 
suboptimal center placement, reducing classification accuracy. Despite its simplicity, 
this approach is widely used due to its low computational cost and ease of implemen-
tation. It provides a reasonable approximation for basis function optimization, espe-
cially when combined with validation-based tuning of the number of basis functions 
(M) to prevent underfitting or overfitting. 

3 Proposed Methodology 

3.1 Image Acquisition 

Image acquisition is the first step in detecting skin cancer, where high-resolution 
images of the skin are captured using digital cameras, dermatoscopes, or medical 
imaging sensors. These images serve as input for further processing. Proper lighting 
and high-quality imaging are essential to ensure accurate analysis. The collected



Neural Network-Based Smart Detection of Skin Cancer Using Radial … 23

images are then stored in standardized formats, such as JPEG, PNG, or DICOM, for 
consistency in analysis. 

3.2 Image Preprocessing 

Preprocessing enhances the quality of the acquired image by removing unwanted 
noise and improving contrast. Techniques like Gaussian filters help in noise reduction, 
while Histogram Equalization enhances the visibility of skin lesions. Segmentation 
methods such as Thresholding or Edge Detection help in isolating the affected skin 
region from the background. Normalization is also performed to standardize the size 
and intensity of images before further analysis. 

3.3 Feature Extraction 

Feature extraction involves identifying key characteristics from the image that help 
differentiate normal and cancerous skin. These features include texture, color, and 
shape. Texture features (e.g., Gray Level Co-occurrence Matrix—GLCM) analyze 
surface patterns. Color features (e.g., RGB and HSV values) help detect pigmentation 
irregularities. Shape features (e.g., Asymmetry, Border Irregularity, and Diameter) 
follow the ABCD rule, commonly used in melanoma detection. 

3.4 Classification Using Radial Basis Function Networks 
(RBFN) 

Radial Basis Function Networks (RBFN) are a type of artificial neural network 
(ANN) commonly used for classification problems, including skin cancer detection. 
Artificial Neural Networks (ANNs), particularly Radial Basis Function Networks, 
serve as:

• Core classifiers in the system, replacing subjective manual inspection.
• Tools that map non-linear feature spaces effectively using Gaussian activation 

functions.
• Fast learners with low training complexity, making them ideal for real-time 

medical diagnostics.
• ANN here is used not as a black-box model but as a three-layer architecture 

(input-hidden-output), designed to capture complex skin lesion patterns. 

RBFNs consist of three main layers: the input layer, hidden layer, and output layer. 
The input layer receives extracted features such as texture, color, and shape from the
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preprocessed skin image. The hidden layer applies radial basis functions, typically 
Gaussian functions, to compute the similarity between input features and known 
patterns. The number of neurons in this layer determines the model’s accuracy, with 
a higher number improving classification up to a certain point. The output layer 
classifies the lesion as benign, malignant, or normal based on probability scores. 
RBFNs are preferred for medical image classification because they provide fast 
learning, smooth decision boundaries, and high accuracy. By leveraging feature-
based learning, RBFNs enable reliable and early skin cancer detection, assisting in 
automated diagnosis and medical decision-making. 

4 Results and Discussion 

The comparison between the non-affected and affected skin images demonstrates the 
effectiveness of the melanoma disease analyzer in identifying abnormalities based 
on image processing techniques, feature extraction, and classification models. The 
non-affected image exhibits a smooth and uniform texture in the RGB, black-and-
white (BW), and semi-trace representations, with minimal intensity variations and 
dominant green bars in the density and trace occurrence data plots, indicating normal 
skin conditions. 

In contrast, the affected image reveals irregular pigmentation, high-density traces, 
and concentrated white pixel clusters in the BW representation, signaling abnormal 
skin structure. The RGB representation in the affected image shows a circular pattern 
with increased blue and yellow intensities, while the semi-trace image displays 
denser red traces, highlighting potential melanoma-affected regions. Furthermore, 
the density and trace occurrence plots of the affected image exhibit higher red and 
pink bars, confirming a high percentage of affected pixel points. These differences 
validate the system’s ability to analyze variations in skin texture, color, and intensity, 
thereby improving the early detection of melanoma. By leveraging advanced image 
processing and neural network-based classification, this system offers a reliable, 
automated approach for diagnosing skin cancer, minimizing misdiagnosis risks, and 
enhancing clinical decision-making. 

Classification is achieved through:

• Input Layer: Receives extracted features (texture, color, shape).
• Hidden Layer: Applies Gaussian radial basis functions to measure feature 

similarity.
• Output Layer: Uses weighted summation of hidden layer outputs to produce 

classification results (e.g., benign, malignant).
• Training Steps: 

– Feature vectors labeled and fed to the RBFN 
– Hidden layer centers optimized via clustering or OLS 
– Output layer weights calculated via pseudo-inverse or gradient descent.
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• Result: Skin lesion is classified with high accuracy and precision, aiding early 
diagnosis. 

4.1 Normal Image 

The initial input consists of a non-affected image of the skin. Subsequently, it 
undergoes several processes including pre-processing, feature extraction, and feature 
classification. The resulting output is illustrated below in Fig. 1. 

4.1.1 Command Window for Normal Image 

Within this command window, pixel values, trace values, and the disease stage are 
presented. Additionally, it show cases the occurrence percentage of the disease, as 
depicted in Fig. 2.

Here the occurrence percentages (both density-based and trace-based) are 0, the 
system confirms that the analyzed skin image is normal (non-affected) with no 
signs of melanoma. The neural network-based classification model demonstrates 
high accuracy, consistently achieving over 99%, particularly when using an optimal 
number of neurons. While increasing the number of neurons slightly improves the 
Mean Squared Error (MSE) and classification accuracy, the improvements plateau 
beyond 50 neurons, indicating a point of diminishing returns. This suggests that 
adding more neurons does not significantly enhance performance and may only 
increase computational complexity. Overall, the classification system effectively 
identifies non-affected skin, proving to be a reliable tool for early melanoma detec-
tion. Since the input image in this case is non-affected, the system likely iden-
tifies minimal or no traces of melanoma, reinforcing its capability to distinguish 
between normal and affected skin conditions. This demonstrates the effectiveness of

Fig. 1 Non-affected image output 
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Fig. 2 Command window for non-affected image

the analyzer in early detection and classification, which can aid in timely medical 
intervention. 

4.1.2 Performance Graph for Normal Image 

This graph illustrates the progression of the disease stages. It depicts the performance 
of the non-affected image, as shown in Fig. 3. It can be generated using MATLAB’s 
Neural Network Toolbox, by training the model on non-affected skin images.

4.2 Affected Image 

The input initially consists of the affected image of the skin. Subsequently, it under-
goes several processes including pre-processing, feature extraction, and feature 
classification. The resulting output is depicted in Fig. 4.

4.2.1 Command Window for Affected Image 

In this command window, the pixel value and trace value of the affected image are 
displayed, along with the stage of the disease occurrence. Additionally, the window 
presents the percentage of disease occurrence, as illustrated in Fig. 5.
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Fig. 3 Non-affected image graph

Fig. 4 Affected image output

4.2.2 Performance Graph of Affected Image 

This graph illustrates the progression of the disease stages. It represents the 
performance of the non-affected image, as depicted in Fig. 6.
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Fig. 5 Command window for affected image

Fig. 6 Graph for affected image
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5 Conclusion 

The rising prevalence of skin cancer, particularly melanoma, necessitates the devel-
opment of advanced and reliable diagnostic systems to facilitate early detection 
and timely intervention. Traditional diagnostic approaches rely heavily on visual 
inspection by dermatologists, which can be subjective and prone to human error. 
The integration of Neural Network-Based Smart Detection using Radial Basis Func-
tion Networks (RBFN) provides an efficient, automated, and accurate solution for 
melanoma detection. The proposed system effectively combines image prepro-
cessing, feature extraction, and classification to distinguish between benign and 
malignant skin lesions. The preprocessing stage, incorporating median filtering, 
ensures noise reduction and enhances image clarity, while the Radial Basis Func-
tion Network (RBFN) algorithm extracts significant texture, color, and shape-based 
features to improve classification accuracy. RBFNs, known for their fast-learning 
capabilities and ability to handle nonlinear data, excel in medical image classification 
tasks, making them highly suitable for real-time skin cancer detection. 

The system’s high accuracy, as demonstrated by classification results exceeding 
99% in some cases, validates its robustness in detecting melanoma. Unlike conven-
tional machine learning techniques, RBFNs leverage radial basis functions as activa-
tion functions, offering a smooth and efficient decision boundary. The flexibility of 
the network in adjusting the number of neurons ensures an optimal trade-off between 
computational efficiency and classification performance. Additionally, the low Mean 
Squared Error (MSE) observed across different configurations of the model signifies 
minimal misclassification, further reinforcing its reliability. Future enhancements 
could focus on refining artifact removal techniques, improving segmentation accu-
racy, and incorporating deep learning models to complement RBFNs. The integra-
tion of multi-modal imaging, real-time analysis, and cloud-based diagnostics could 
further expand its practical applicability in clinical settings. By providing objec-
tive, consistent, and data-driven diagnoses, the proposed system holds the potential 
to revolutionize early melanoma detection, ultimately reducing mortality rates and 
improving patient survival outcomes. 

The future scope of Neural Network-Based Smart Detection of Skin Cancer using 
Radial Basis Function Networks (RBFN) lies in its integration with deep learning 
models, advanced image segmentation techniques, and real-time deployment for 
clinical applications. Hybrid approaches combining RBFN with CNNs or SVMs can 
enhance classification accuracy, while edge computing and cloud-based AI models 
enable real-time melanoma detection. Further advancements in Explainable AI (XAI) 
and multi-modal data fusion will improve interpretability and precision. Large-scale 
clinical validation and regulatory compliance will facilitate widespread adoption, 
making AI-driven early skin cancer detection more accessible, reliable, and effective 
in global healthcare systems.
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Personalized Human Activity 
Recognition with Transfer Learning 

Aniketh Mishra, Namrata Dhanda, and Kapil Kumar Gupta 

Abstract Human Activity Recognition (HAR) has been a very dominant domain 
in pervasive computing and was used to support healthcare monitoring, fitness 
tracking, and smart environments. Nevertheless, models trained on specific people 
often malfunction when used on new individuals because actions are not precisely 
performed differently. To tackle this problem, we present a transfer learning frame-
work geared towards improving the generalization ability of the HAR models for a 
more far-reaching base of users. To address this problem, we use a publicly available 
multi-user HAR dataset and design the deep learning architecture of convolutive 
neural networks (CNNs), and long short-term memory (LSTM) networks to learn 
spatial temporal patterns from sensor data. Firstly, the model is trained in a source 
group of users, then it is fine-tuned on some subset of target users with limited (or not 
for some) labeled data. Experimental results show that our method yields a substan-
tial performance gain when deployed on new users, to up to 12% better than baseline 
models. The results presented herein illustrate the feasibility of transfer learning in 
constructing scalable and user independent HAR systems enabling their deployment 
in the real world. 
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1 Introduction 

Human activity Recognition (HAR) serves a very important role for intelligent appli-
cation in healthcare monitoring, assisted living, fitness tracking, workplace safety, 
and smart environments. More specifically, the goal of HAR systems is to automati-
cally detect what activities people are performing, such as walking, sitting, running, 
etc. from sensor data recorded on mobile devices or wearable technologies. However, 
there is an increase in the prevalence of smartphones and smartwatches with inertial 
sensors (accelerometers, gyroscopes, etc.) over the inertial network, which increased 
the feasibility of scalable, real-time HAR applications. 

The efficacy of HAR models has tremendously improved thanks to the intro-
duction of deep learning techniques. Machine learning methods implemented up 
until now relied mainly on manual feature extraction, challenged by the difficulty 
adapting to complex or noisy activity data. Deep learning approaches like Convolu-
tional Neural Networks (CNNs) and Long Short Term Memory (LSTM) networks 
have a highly powerful ability to learn hierarchical features of sensor data directly, 
and thus learn both the spatial and temporal aspects of the movement patterns of the 
human. 

1.1 Challenges in Multi-user HAR 

Although the models of Human Activity Recognition (HAR) made progress, they 
are concurrent difficulties in their generalization power regardless of how everyone. 
current HAR systems are developed and assume that sensor placement, activity 
performance and device orientation are stable in a given cohort. On the other hand, 
real applications exhibit substantial variability which is inconsistent among users as 
evidenced by differences in body shape, movement patterns, and sensor placements 
amongst other things [1]. 

Models on users who were not involved in the training dataset tend to achieve 
good recognition accuracy but have a considerable drop when applied to users that 
vary from those included in the training dataset. However, the approach of retraining 
the model for new users is unfeasible because of the time, computational resources 
and data annotation it would imply. It is therefore a critical challenge to meet to 
enable scalable HAR, because such system must achieve user independent or cross 
user activity recognition [2, 3]. 

1.2 Role of Transfer Learning in HAR 

Human Activity (HAR) is prone to the cross-user generalization challenge and 
transfer learning is turning out to be a very helpful approach to overcome it. In other
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words, transfer learning consists of leveraging knowledge that has been learned on 
one domain (source domain), to improve performance on another domain (target 
domain) when labeled data is scarce. In the context of HAR, it simply refers to 
training models on sensor data from groups of users, and then fine tuning the models 
for new users through fine tuning or domain adaptation [4]. 

Transfer learning replaces these requirements with pre-trained feature represen-
tations, limiting retraining large amount of user-supplied data; reduces the amount 
of time necessary to train the model; and enhances the model’s ability to generalize 
to previously unseen individuals. However, the characteristic is HAR setting where 
it is often impossible to collect enough labeled data from any user. 

1.3 Objective and Contribution 

This study proposes a deep learning framework for improving multi-user human 
activity recognition (HAR) by combing Convolutions Neural Networks (CNN) and 
Long Short-Term Memory (LSTM) layers. The model is first trained on a group 
of source users and then fine-tuned on a target group with limited labeled data, 
simulating real-world application scenarios. The effectiveness of the approach is 
validated through experiments on a public multi-user HAR dataset. 

The key contributions of this work are:

• A hybrid CNN-LSTM architecture is developed for sensor-based Har, capable 
of capturing both spatial and temporal dependences from multiverse time-series 
data.

• Transfer learning is employed to allow the model to adapt to new users using 
only a small amount of labelled data, there enhancing its applicability in practical 
situations.

• Experiments conducted on a standard multi-user HAR dataset demonstrate that 
the proposed method outperforms conventional models that do not utilize transfer 
learning.

• The impact of user variability and the effectiveness of transfer learning on 
model generalization are thoroughly analyzed, offering insights for building more 
adaptable HAR systems in the future. 

2 Literature Review 

2.1 Traditional Approaches to Human Activity Recognition 

Human Activity Recognition (HAR) has mainly been approached in the early days 
with classical machine learning algorithms such as Decision Tree, k-Nearest Neigh-
bors (k-NN), Support Vector Machines (SVM), and Random Forests. They were
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typically handcrafted feature models based on those extracted from sensor data— 
Statistical measures (mean, SD, entropy), frequency domain coefficient (FFT, DCT), 
domain specific motion features. These were then of good quality and relevant to the 
problems with hand. 

Moreover, common handcrafted features do not generalize well to diverse users 
and sensor setups, making them fragile in meaningful real application settings. There 
was also a need for domain expertise and feature engineering that is labor intense. 
These limitations notwithstanding, however, traditional machine learning served as 
a good foundation for the study of activity recognition and its relevance to resource 
constrained or interpretable systems [5]. 

2.2 Deep Learning in HAR 

As feature engineering is fundament constraint in traditional methodologies, hence 
it is in the interest of developing deep learning models capable of endowing them-
selves of hierarchically informed representations learned from the raw sensor data. 
A variety of techniques have employed convolving neural network (CNNs) to extract 
spatial features from the times series segment of accelerometer and gyroscope infor-
mation. Often, CNNs are combined with the Curved Neural Network in the form of 
DeepConvLSTM and the CNN-LSTM to enhance performance, taking advantage of 
the localized signal characteristics but preserving the temporal relationships. 

In addition, Recurrent Neural Networks (RNN) such as the Long Short-Term 
Memory (LSTM) networks have been quite popular as they are good at modelling 
sequential dependencies in sensor data streams. LSTM networks are also very good 
at spotting for continued or overlapping activities. Hybrid models of CNNs for spatial 
extraction features with LSTMs for temporal analysis have been introduced through 
a number of studies in numerous instances which have resulted in increased accuracy 
of classification on benchmark datasets such as UCI HAR, WISDM and PAMAP2. 

Yet, although they have achieved this, deep learning models often exhibit user 
specific performance, performing well for users in the training phase, while they 
struggle in generalizing new users due to differences in sensor placements, occasional 
variations in the way activity is executed, and varied levels of noise. 

2.3 Multi-User HAR and Cross-User Generalization 

Aware of the importance of model generalization, researchers also try to build models 
that perform well with the users who are never seen before. Because individuals 
are more variable, it is harder to achieve cross user generalization than to use user 
dependent models. A generalization capability is given by one proposed method of 
consolidating data from the quantity of users spanning across wide range during the
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training phase. However, acquiring such datasets, which must be extensive and well 
annotated with many participants can be costly and labor intensive. 

Specifically, several studies have attempted to alleviate this problem by exploring 
domain adaptation procedures for transforming feature representations from one 
user domain into another. This is done through MMD based methods or adversarial 
training including Domain Adversarial Neural Networks or instance reweighting. 
Their attempts to develop a domain invariant representation that is still robust to 
user specific variations. However, these methods are promising yet often involve 
expensive training procedures and can still rely on labeled data from the target 
domain. 

2.4 Transfer Learning in HAR 

Dominant approaches in the area of domain adaptation have been transfer learning 
that is more adaptable and scalable. Transfer learning is typically discussed in the 
context of Human Activity Recognition (HAR) where a model is pre-trained on a 
source domain composed of a set of users (cohort) or publicly accessible dataset and 
then fine-tuned on a small number of labeled subsets of the target domain (the ones 
not seen before by the model), i.e. the new users. It allows us to minimize the need 
for large, annotated datasets and leverage the learned representations in other related 
domains. 

However, many of the studies on transfer learning in HAR have been successful. 
For instance, Hämmerli et al. showed how adjustments deep models can be performed 
across different sensor modalities using transfer learning. They also studied repre-
sentation transfer through unsupervised domain adaptation and fine-tuning methods 
as presented in Guan and Plötz, 2021. In these investigations, substantial improve-
ments over cross-user performance were made with orders of magnitude less target 
domain training data. 

Recent reports also include layer freezing techniques, where the lower layers or 
feat32 re extraction layers stay fixed, while the upper layers, designed specifically 
for a task, are trained for new users. With regards to transferable knowledge and 
accommodating user specific characteristics, this strategy facilitates. 

However, work on user-scalable, low data HAR systems still remains, uncom-
pleted. Transfer learning research in the HAR domain is still fueled by ongoing 
challenges in terms of data heterogeneity, personalization and sensor variability. 
Although deep learning has made considerable progress in human activity recog-
nition (HAR), its dependence on training data specific to individual users restricts 
its effectiveness in real-world scenarios. Traditional methods struggle to accurately 
model intricate sensor patterns, and many deep learning approaches still exhibit a 
lack of robustness when applied to a diverse user base. Transfer learning presents 
a promising approach by facilitating adaptation across different users with minimal 
data; however, its application in HAR remains an ongoing research focus [2].
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This research seeks to address this limitation by creating a HAR framework based 
on transfer learning that integrates the advantages of convolutional neural networks 
(CNNs) and long short-term memory networks (LSTMs). Our approach distin-
guishes itself from prior studies by concentrating specifically on multi-user adapta-
tion, utilizing a publicly available dataset, and showcasing tangible improvements in 
generalization through well-structured transfer learning methodologies. 

3 Methodology 

This thesis describes the resultant extensive methodology used towards the creation 
and assessment of a multiuser Human Activity Recognition (HAR) transfer learning 
framework. We present our approach which includes a carefully picked and tuned 
dataset, as well as a hybrid deep learning model with proper transfer learning, be used 
to guarantee strong generalization for diversified users but also little data adaptation. 

The suggested method recognises human activity from sensor data using a hybrid 
CNN-LSTM model. By fine-tuning the model on new users with less labelled data 
after training on existing users, it uses transfer learning to increase accuracy and 
generalisation. 

3.1 Dataset Description 

For this research, the Wireless Sensor Data Mining (WISDM) v 1.1 data set was used, 
that can be found on Kaggle. This dataset is freely available to aid as a public bench-
mark for human activity recognition (HAR) using sensor data and is used in many 
academic studies due to extensive diverseness, high temporal resolution, and high 
accuracy to real world activities. From 36 participants who held Android smartphones 
in their front pocket of their pants, data was gathered. Six different physical activities 
were performed by these people—walking, jogging, sitting, standing, climbing stairs 
and descending stairs. The data sample is tri-axial accelerometer measurements at 
20 Hz frequency, which provides precision in the temporal sampling of motion data. 

The dataset encompasses roughly one million time-stamped sensor readings. The 
user ID, timestamp, x/y/z acceleration values and the activity label matching that 
value are what each entry contains. The amount of each participant’s activity data 
is approximately 30 min of uninterrupted data, providing an optimal balance in the 
scope of physical motion patterns across the sample population. Users in this dataset 
move with significantly different style, different sensors were used and different 
execution speeds, making this dataset very fitting for user independent HAR system 
development and evaluation.
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3.2 Data Preprocessing 

A comprehensive preprocessing pipeline was then established for preparing the raw 
accelerometer data for input to the deep learning model. We divided the continuous 
time series signals into fixed length overlapping segments of size five seconds and 
using 50% overlap. The continuous data are segmented into discrete samples and 
providing enough temporal information so that elements within the samples can 
differentiate between various activities. 

Normalizing the accelerometer data withing each segment by z score standardiza-
tion then gets rid of amplitude biases among users because of different proportions 
of movement intensity and body composition. Different channels were kept sepa-
rate on the three axes of acceleration to conserve spatial information. The data was 
structured to maintain user identities so that it could be split in a controlled source 
target manner and activity labels were converted into categorical identifiers in order 
to support supervised learning [6]. 

Users were also categorized into two different groups: source and target users. 
Source users are ones whose data was used to train the model initially, and target 
users are instance that have their data used for fine tuning and some for evaluations 
purposes. This arrangement captures the real world setting whereby the model ought 
to update itself to new users with very little labeled data. 

3.3 Model Architecture 

In the proposed approach, a hybrid deep learning architecture, wherein the Convolu-
tional Neural Networks (CNNs) with Long Short Term Memory (LSTM) units were 
exploited. This design aims to leverage both spatial relationships among sensor axes 
and temporal variations over time. Three channels of each window are formatted as 
a matrix containing the x, y, and z accelerations of sensor data during the time series 
[7] (Table 1). 

Table 1 Summary of the WISDM v1.1 dataset 

Attribute Description 

Number of users 36 

Sampling frequency 20 Hz 

Sensor type Tri-axial accelerometer 

Activities recorded walking, jogging, sitting upstairs, downstairs 

Total data points ~ 1 million 

Averages durations/user ~ 30 min  

Data format Timestamp, User ID, x/y/z, acceleration
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The convolutional layers here act as spatial feature extractors. The first convolu-
tional layer has 64 filters (kernel size of five) to capture localized variations in the 
signal and does a max pooling to reduce dimensionality and enhance translational 
invariance. Still, with a subsequent convolutional layer, this consists of 128 filters 
with a smaller kernel size of three for refining the extracted features. To combat 
the overfitting issue, a dropout layer is included after the convolutional layers to 
randomly deactivate some neurons when training. 

The output from CNN is reshaped and input into LSTM layer with 100 hidden 
units. This recurrent layer is good at capturing sequential dependencies and temporal 
patterns that are important for identifying types of activities such as walking and 
jogging that are dynamic [8]. 

3.4 Transfer Learning Strategy 

Consequently, the structured transfer learning approach was carried out in two stages, 
namely pretraining and fine-tuning, to achieve user independence recognition. In the 
pretraining stage, the hybrid model was trained with labeled data of source user 
group. In this phase, the model could learn generalizable spatial temporal activity 
patterns to be applied in different individuals. The training was done with Adam 
optimizer with learning rate to 0.001 using categorical cross entropy loss function. 

After that, the pre-trained model was fine-tuned by using limited labeled samples 
belonging to the target users at the fine-tuning stage. Two adaptation methods were 
explored. The first method was the fine tune of all layers of the model with the new 
data, which completely fitted it to learn the user specific characteristics. The second 
method is used to freeze the convolutional layers while updating only LSTM and 
output (Table 2). 

The layers where we presumed that spatial features are more universal whereas 
temporal dynamic could be user specific. Freezing layers help mitigate overfitting

Table 2 Architecture of the proposed CNN-LSTM model 

Layer Configuration nFunction 

Input (Window size × 3) Time-series input from x, y, z 
acceleration 

1D convolution 64 filters, kernel size = 5 Local feature extraction across time 

Max pooling Pool size = 2 Temporal down sampling 

1D convolution 128 filters, kernel size = 3 Higher-level feature learning 

Dropout Rate = 0.3 Regularization to prevent overfitting 

LSTM 100 units Sequential modeling of temporal 
dependencies 

Fully connected (FC) Dense layer Feature integration 

Output SoftMax’, 6 units Multiclass activity prediction 
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and shortens the training time, which makes this a good strategy for applications 
such as the real time or resource restricted problems [9]. 

The model was trained in the target user data and its performance in classifying 
the reserved segment of the target user data was used to analyze the effectiveness of 
the transfer learning process. Finally, comparison to baseline models that have been 
trained from scratch on the same limited dataset, and comparison to models that are 
not fine-tuned for target users, are made. 

3.5 Experimental Setup 

Three different experimental conditions were established to measure the effectiveness 
of the proposed framework. The first condition was training and testing a baseline 
model with data from the same users—this upper limit comes from a user dependent 
context. The second condition involved testing a model that was trained on source 
users on target users without modification, i.e., zero-shot, in order to simulate such 
a deployment. In the third condition, a transfer learning approach was adopted, in 
which we fine-tuned the pre trained model with a bounded dataset from the target 
users [10]. 

Metrics such as accuracy, precision, precision recall, F1-score etc. were used to 
evaluate performance. For class imbalance, only these metrics were calculated for 
each class, and then averaged with macro and weighted methods. All experiments 
conducted in multiple user splits for robustness, and statistical reliability [3]. 

4 Results and Discussion 

An empirical assessment of the suggested transfer learning framework for multiuser 
Human Activity Recognition (HAR) is provided in this section. To evaluate the 
factors that determine inter user variability, we run a series of experiments to compare 
user dependent, user independent and transfer learning methods, on their merits 
and demerits. Our analysis encompasses performance metrics, interpretations of 
the confusion matrix, and reflections on the trade-offs between generalization and 
personalization. 

4.1 Evaluation Metrices 

For thorough performance evaluation of the model we used multi class classification 
metrics such as, accuracy, precision, recall and F1 score. They provide an overall and 
the quality of each class [11]. As HAR (human activity recognition) datasets often 
feature natural class imbalance of dynamic activities (such as walking) that occur
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for longer periods of time than short occurrences of stair climbing or transitional 
postures, we calculated both macro and weighted average. Moreover, it also averaged 
the metrics across different user splits to improve statistical reliability. 

4.2 Baseline Comparison 

To illustrate the advantages of transfer learning, we initially developed two base-
line models. The user-dependent model, which was both trained and evaluated using 
data from the same individual, demonstrated superior performance; however, it was 
limited in its ability to generalize. Conversely, the user-independent model, which 
was trained on a group of source users and tested on previously unseen target users 
without any adjustments, experienced a notable decline in performance. This decline 
can be attributed to the variability in motion patterns and device positioning among 
different users. This finding highlights the challenges associated with achieving 
generalization across users in human activity recognition (HAR) [12]. 

4.3 Transfer Learning Performance 

For the proposed framework, the CNN-LSTM model first is fine-tuned, using a 
small dataset from the target users, and then learned over new users’ sequences. Two 
adaptation strategies were evaluated: complete model fine tuning and partial fine 
tuning; that is, freezing the CNN layers and adapting the rest of the model. Based on 
both methods, the performance has improved greatly than user-independent baseline 
and complete fine-tuning method always outer-forms the others across all evaluation 
metrics. 

The highest average classification accuracy (74.21%) (and corresponding F1-
score of 0.732) was improved to 89.34% (0.891) when full fine tuning was used. 
Moreover, these results prove that the model is capable of adapting to new users 
with very little labeled data [13]. These results suggest that spatial temporal features 
learned from source users can be utilized and refined to be useful to the target users, 
that have their own motion pattern. 

Finally, Fig. 1 further illustrates these advancements by showing compara-
tive learning configurations within user dependent, user independent, and transfer 
learning on their classification accuracy and macro averaged F1-score. This visual 
representation shows the extreme difference in performance that this gulf of gener-
alization and personalization’ has when we are on user-independent models and 
fine-tuned models, which shows how transfer learning closes this gap.

Figure 1 comparison of accuracy and F1-score of users dependent, user indepen-
dent, transfer learning models. What the findings show is how transfer learning can 
close the performance gap without having to gather large amounts of user specific 
data.
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Fig. 1 Performance comparison across learning strategies: user-dependent, user-independent, and 
transfer learning, evaluated by accuracy and F1-score

4.4 Activity-Wise Analysis 

An analysis of activity levels is done in detail by identifying dynamic actions namely 
Walk, Jog and Stair Descent, more accurately than static positions such as Sitting or 
Standing. This observation is consistent with previous findings of Human Activity 
Recognition (HAR) and can be justified by the particular acceleration and orientation 
patterns associated with dynamic movements. In addition, the use of transfer learning 
helped in not confusing similar categories. Particularly in the user independent case, 
significant enhancements were noted in distinguishing Sitting from Standing, which 
is often a very common mistake [14]. 

4.5 Confusion Matrix Insights 

In analyzing class-wise performance improvements, confusion matrices were exam-
ined before and after the fine-tuning process. The pre-adaptation matrix showed 
common mistakes between Standing and Sitting as well as between Walking and 
Upstairs which implies that more specific features are needed beyond basic user-
shared archetypes models. After the application of fine-tuning, these misclassifica-
tions were greatly improved (see Fig. 3), confirming that transfer learning enabled 
the model, to a greater extent, accurately capture individual biomechanical patterns 
and transitional movements.
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Figures 2 and 3 matrices of confusion for before and after fine-tuning. The fine-
tuned models demonstrate increased dominance of diagonals alongside diminished 
confusion between classes, particularly for posture-based activities. 

Fig. 2 Confusion matrix before fine-tuning 

Fig. 3 Confusion matrix after fine-tuning
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4.6 Discussion on Generalization and Scalability 

The findings emphasize two aspects of the proposed transfer learning approach: 
customization optimization for individual users while generalization across users is 
preserved. Such scalability is important for real-world human activity recognition 
(HAR) systems because, due to privacy, financial, and time limitations, collecting 
copious amounts of labeled data for each person is impractical [15]. Our framework 
lessens these burdens by only needing a small amount of fine-tuning data from the 
user. 

Moreover, the architecture’s building blocks, which include CNN’s spatial 
abstraction and LSTM’s capture of temporal dynamics, worked well for HAR. 
Retaining lower layers during partial unfrozen adaptation to refined upper layers 
helped in the swift fine-tuning. This effective learning strategy provides a stream-
lined approach that is conducive to real-time application in smart homes, healthcare 
monitoring, fitness tracking, and sophisticated AI systems, resulting in improved 
computational efficiency. 

5 Conclusion and Future Scope 

The research developed a powerful and flexible transfer learning framework that 
attempts to solve problems with multi-user Human Activity Recognition (HAR) 
systems. Using a hybrid CNN-LSTM model, the architecture spatially and temporally 
retrieved data using wearable sensors. Also, the transfer learning methods facilitated 
the new user’s incorporation with little extra training data. 

The experiments demonstrated that most user-independent models performed 
poorly in cross-user scenarios. This is frequently caused by differences in dynamics 
of the body, the way the sensors are placed, and behavioral patterns. These results 
exemplify the effectiveness of transfer learning as a means to improve performance 
for the given model, with the proposed model benefitting the most from transfer 
learning, achieving accuracy from 74.21 to 89.34% and macro F1 score from 0.732 
to 0.891. The model proposed proved that transfer learning is helpful to narrow the 
gap between user-independent models and user-dependent models with less data and 
effort needed to collect the data. 

Additional to strong quantitative scores, qualitative insights from the confusion 
matrix also underlined the model’s competencies in resolving ambiguities across 
similar classes, for instance, sitting vs Standing and Walking vs Stair Climbing. Also 
concerning system architecture, its modular design permits both full and partial fine-
tuning, which is beneficial for scaling to more resource-constrained platforms like 
smartphones or embedded IoT devices. 

Looking ahead, there are other impactful ways this work can be further developed 
and advanced. Future work may look into unsupervised domain adaptation, so no



44 A. Mishra et al.

labelled target user data is required for generalization, enabling zero-shot general-
ization. Federated learning frameworks could be added to facilitate personalization 
on the device while protecting user identity. Attention mechanisms, self-supervised 
training strategies, or transformer-based methods could boost the model’s ability to 
capture long-range activity-contextual dependencies and activity sequence nuances. 
Lastly, extending the model to multi-sensor fusion support, for example through 
combining accelerometers, gyroscopes, and environmental sensors, could improve 
its performance in dealing with diverse real-world scenarios. 

As noted, the proposed framework based on transfer learning offers an effi-
cient, accurate, and cost-effective solution to multi-user activity recognition systems, 
enabling further development toward intelligent and user-centered computing 
technologies. 

The suggested method effectively illustrates how transfer learning may bridge 
the gap between user-dependent and user-independent models with little more data, 
greatly increasing the accuracy and flexibility of HAR systems. 
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Efficient Handwritten Text Recognition 
Using Residual Networks and BiLSTM 

G. Rakshitha, I. M. Rozana, Rohit B. Patil, and Pooja Shrivastav 

Abstract Recognising handwritten text is essential to automating a number of real-
world tasks, including data entry, archive procedures, identity verification, and docu-
ment digitisation. The variety of writing styles, inconsistent spacing, and distortions 
in handwritten inputs make it difficult to accurately translate handwritten content into 
machine-readable text. This research presents a deep learning-based system that inte-
grates Recurrent Neural Networks (RNN), Bidirectional Long Short-Term Memory 
(BiLSTM), and Connectionist Temporal Classification (CTC) to tackle these issues. 
For the purpose of deciphering intricate sequences in cursive or unstructured hand-
writing, the RNN-BiLSTM framework allows the model to efficiently capture contex-
tual relationships in both forward and backward temporal directions. Character 
segmentation during training is no longer necessary because of the incorporation 
of CTC decoding, which enables the model to learn from unsegmented sequences. 
To enhance the model’s generalisation across various writing styles, the system is 
trained using the IAM Handwriting Dataset, which comprises a diverse collection of 
natural handwriting examples. The suggested approach shows enhanced recognition 
accuracy and is particularly well-suited for real-world applications in fields like legal 
documents, secure identity systems, and extensive digitisation projects that demand 
accurate and effective text recognition. 
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1 Introduction 

The evolution of Handwritten Text Recognition (HTR) has its roots in the early devel-
opment of Optical Character Recognition (OCR) systems during the mid-twentieth 
century to begin with, OCR systems only attempted to record a very specific range 
within the borders of a language or a font type. The ability to identify particular char-
acter sets for different languages was later added. But for these systems, handwriting 
and all its variations were difficult due to the wide range of differences in letter 
spacing, writing styles, lines, and other complex concerns [1]. The banking, legal, 
educational, and health industries had to digitize paper records immediately, so as 
reliance on technology increased, focus moved to developing methods for decoding 
handwritten writings. Conventional techniques such as handmade features, template 
matching, and rule-based algorithms are useless because they cannot manage the 
large number of different handwriting styles [2]. A major breakthrough in this field 
was brought by machine learning [3] and deep learning techniques [4]. Scientists 
later put Convolutional Neural Networks (CNNs) and Residual Neural Networks 
(RNNs) to use taking advantage of residual connections. This boosted how well 
deep learning models worked and made a big difference in how they could pull out 
important features [5]. Residual connections have made it easy to train deep networks. 
They allow gradients to flow through the model without trouble and work well in any 
situation. Patterns can be spotted in complex text formats, like handwritten docu-
ments [6]. Methods based on Connectionist Temporal Classification (CTC) have 
revolutionized the decoding process. CTC’s ability to predict sequences of different 
lengths without splitting characters is a big plus for tasks that involve recognizing 
handwritten text [7]. In this paper, we present a comprehensive online handwritten 
recognition system that integrates Reset for robust feature extraction and CTC for 
efficient sequence decoding. The system utilizes the IAM Handwriting Dataset for 
training which is a well-known standard for handwriting recognition [8]. 

The workflow consists of data preprocessing such as resizing, normalization, and 
augmentation, model training employing other optimization techniques like early 
stopping and adjusting the learning rate, and the inference phase where the CTC 
decoding algorithm is applied to transcribe the handwritten output into a readable 
format text. 

2 Related Work 

Recognizing handwritten text has been at the forefront in the digitization of docu-
ments especially in creating machine-readable text from handwritten notes, historical 
materials, and forms. A wide variety of approaches from standard pattern recognition 
to sophisticated deep learning techniques have been researched towards improving 
the effectiveness of handwriting text recognition systems.
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A. Traditional Handwritten Text Recognition Techniques 

The early stages of OCR relied heavily on character recognition using template 
matching and statistical character recognition methods. These techniques generally 
worked well with printed texts, but there were so many problems in detecting hand-
written texts because of the differences in a person’s handwriting, poor character 
spacing, and distortion. 

Katoch et al. [2] discussed the various challenges associated with traditional 
methods in their study. Traditional methods included hand crafted features extraction 
methods including zoning, projection histograms, and contour analysis to represent 
handwritten characters. 

Feature-Based Approaches 

Approaches Based on Features Specialized techniques like zoning, projection 
histograms and contour analysis were used to capture handwritten characters. Classi-
fiers such as K-Nearest Neighbours (KNN) [9] and Support Vector Machines (SVM) 
[10] were used for grading. Justice had been done but it was noted that a lot of steps 
had to be taken before the grades were given and it was very weak to noise and 
distortion so this system was very ineffective when it came to large dodge data sets 
[11]. 

B. Machine Learning Approaches 

Prior to some of the first end-to-end contemporary deep learning models, Lecun 
et al. concentrated on applying gradient-based learning strategies with multi-module 
machine learning models [12]. The application of a Hidden Markov Model (HMM) 
for the OCR problem was the next significant advancement in achieving high OCR 
accuracies. HMMs used for planar biometric signature verification were trained with 
sets of static data. Individual letters of the alphabet or elements of a sign were 
hypothetically randomly ordered by their so-called pre-established succession [13]. 
These scripts produced reasonable results. The methods, however required manually 
extracted features which could not handle the complexity and variety of handwriting. 

Before deep learning there was the use of shallow neural networks for HTR like 
Multilayer Perceptron’s (MLP) [14]. These models obtained a reasonable amount of 
success however they tend to ignore spatial relationships associated with elaborate 
handwriting which led to the need for very sophisticated manual feature extraction 
approaches along with very sophisticated pre-processing [5]. RishiKeshan et al. [7] 
proposed handwriting recognition models from start to finish using Connectionist 
Temporal Classification (CTC) without needing pre-cut letter labels. This method 
boosted recognition accuracy on tricky handwriting datasets letting models predict 
whole words or sentences without lining up each letter. 

C. Deep Learning Techniques in Handwritten Text Recognition 

CNNs significantly advanced the automated recognition of handwriting through their 
astonishing ability to learn to understand the location of features within information
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displayed as pixels. Research using datasets such as MNIST and IAM demonstrated 
significant improvements in recognition accuracy with CNN-based models. Lekshmy 
et al. [15] used CNN for OCR in exam reader system. As opposed to other complex 
algorithms, CNNs were able to effortlessly derive hierarchical features from images 
aiding in the automated recognition of varying handwriting. To handle sequential 
dependencies in handwritten text, a hybrid method including RNNs and Long Short-
Term Memory (LSTM) was proposed by Dutta et al. [16]. These models worked well 
in spotting cursive and joined-up handwriting where letter edges weren’t marked. 
Hemanth et al. [17] used CNN, LSTM and CTC for handwritten text recognition 
and obtained an accuracy of 98%. Muthukumar et al. presented a hybrid model 
approach in [18] that combines Pixel Shifting Optimisation and LSTM networks 
to enhance handwritten character recognition. This hybrid strategy improves the 
model’s capacity to correctly anticipate text from photos by refining stroke prediction. 
Mixing CNNs to pull out features and LSTMs to model sequences became a common 
method in HTR studies. Due to their unidirectional LSTM, these methods struggle 
with complex handwriting and have limited context capture. 

The proposed BiLSTM + CTC improves overall identification accuracy by 
processing sequences in both directions and doing away with the necessity for 
pre-segmentation. 

3 Methodology 

A pipeline for handwritten text recognition is shown in Fig. 1. 
It starts with a handwritten image as input, which is preprocessed using grayscale 

conversion, binarization, noise reduction, and normalization. Following prepro-
cessing, the image is segmented to identify pertinent text areas, and then a CNN 
architecture is used to extract features. ResNet is used to improve representation of 
these features further. To process sequential and variable-length text recognition, the

Feature Extraction 
Using ResNetBiLSTM + CTC 

Output 
Recognition 

Text 

Handwritten 
Image 

Data Preprocessing 
Gray-scale conversion 

Binarization 
Noise removal 
Normalization 

Image Segmentation 
Block Line Word 

CNN Architecture 

Fig. 1 System architecture 
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extracted features are run via a BiLSTM network in conjunction with a Connectionist 
Temporal Classification (CTC) layer, producing the final output text. 

The process consists of six main stages as shown in Fig. 2: 

A. Dataset Acquisition and Preprocessing—Preparing and augmenting the IAM 
Handwriting Dataset. 

B. Feature Extraction using Residual Neural Networks (ResNet)—Capturing 
spatial features from images. 

C. Sequence Modeling using Connectionist Temporal Classification (CTC)— 
Decoding text from variable-length sequences. 

D. Model Training and Optimization—Training using TensorFlow with various 
augmentation techniques and callbacks. 

E. Inference and Evaluation—Converting new images into text and evaluating 
accuracy. 

A. Dataset Acquisition and Preprocessing 

The IAM Handwriting Dataset, which contains handwritten English text samples, is 
used to train the handwriting recognition system. This is actually the pre-processed 
data for training to substantiate improvement in speed and accuracy of the model. 
First, the photographs of handwritten texts are converted into Gray images in order 
to retain important details. This step eliminates excess colour details. The images 
are then resized, usually to 128 by 32 pixels. This imparts every image in the input 
the same shape, which helps the model in handling inputs more efficiently. The pixel 
values are scaled down to range between 0 and 1. This stabilizes the training and 
prevents very high values from hindering the learning performance of the model. 
Label encoding is then applied to transform textual data into numerical sequences 
by assigning numerical labels to assist in supervised learning. These preparatory and

Fig. 2 The work flow of 
handwriting recognition Handwritten Image 
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enriching processes together ensure that the results are more accurate and dependable, 
and thus more reliable in actual use. 

B. Feature Extraction Using ResNet 

The Residual Neural Network (ResNet) architecture plays a key role in extracting 
essential features from handwritten text images. traditional deep networks suffer 
from vanishing gradients, which hinder the training of deep models. To address 
this issue, ResNet employs skip connections, allowing the gradient to bypass some 
layers via backpropagation. This ensures that crucial spatial features are retained 
across multiple layers, facilitating deeper network structures without sacrificing 
performance [19]. 

The network begins with convolutional layers, which identify fundamental 
features such as lines, edges, and character contours. These extracted features are 
then processed through residual blocks, which help preserve essential information 
without degradation. Batch normalization maintains consistent activations within 
layers, leading to more stable convergence during training. 

Additionally, dropout regularization is applied to prevent overfitting by randomly 
disabling neurons, enabling the model to generalize well across various hand-
writing styles. The combination of residual learning, convolutional feature extraction, 
and regularization techniques ensures that the system effectively captures diverse 
handwriting styles with both stability and accuracy. 

C. Sequence Modeling Using BiLSTM and CTC 

Once important features have been identified they are put into a Bidirectional Long 
Short-Term Memory (BiLSTM) net which aids in the understanding of the order 
of the characters within the handwritten text. A standard LSTM network reads the 
sequences in only one direction; whereas, a BiLSTM reads the text in both directions 
(forward and backward). The network can better capture contextual dependencies, 
which can be advantageous when recognizing running script and cursive because the 
letters do not have as clear of boundaries as standard writing [20]. 

In order to convert the predicted text from the model to a classification, it uses 
a powerful framework called Connectionist Temporal Classification (CTC). CTC 
minimizes the predicted text to the original text at the character level. This makes 
it easy for the model to correctly classify variable-length text sequences while effi-
ciently removing duplicates and terrible spacing issues [21]. For example, when the 
model outputs “h e e l l o _”, the CTC decoding conversion will alter this to become 
“hello”—ensuring that the predicted text produces correct and readable results. 

By fusing sequence modeling through BiLSTM and decoding with CTC, the 
system efficiently and accurately performs the transformation of unstructured hand-
written text to well-structured digital text. This approach enables the model to effi-
ciently accommodate varying input lengths and adapt to a variety of handwriting 
styles.
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D. Model Optimization 

To increase efficiency and prevent overfitting, the model is improved using a variety 
of strategies after being trained in TensorFlow. The training program is developed to 
support robust learning and preserve generalization. The model uses the CTC loss 
function to solve poor text alignment across sequence-based tasks. Adam (adaptive 
moment estimate) is employed as the optimizer to get the best learning efficiency 
[22]. Compared to baseline optimizers like SGD (stochastic gradient descent), Adam 
evaluates the prior gradients to deliver an enhanced learning rate, which signifi-
cantly speeds up and smoothes training. By allowing the model to learn sensibly 
and avoiding overlearning, Adam allows the neural network to converge appropri-
ately without becoming stuck in local minima. During training, the Adam optimizer 
adjusts itself with a learning rate of 0.0005. For optimal efficiency and computational 
stability, a batch size of 16 pictures is utilized. Numerous tactics are used to increase 
the effectiveness of training. Thus, early stopping prevents overfitting and conserves 
resources by tracking validation loss during training and interrupting the process after 
performance does not improve for five consecutive epochs. Tensor Board logging 
provides visual feedback on training progress, learning rate fluctuations, loss curves, 
and precise trends. 

In addition to allowing the model to be tailored for various text formats and 
handwriting styles, this combination of optimization techniques will increase the 
model’s accuracy, stability, and efficiency. 

E. Inference and Evaluation 

Following training, fresh handwritten text image data samples are utilized to eval-
uate the model’s performance and accuracy. This well-defined inference phase yields 
accurate and reliable predictions. To improve the model’s predictions, pixel values 
in the input photos are normalized and reduced to a predetermined size. In the 
preprocessing stage, the ResNet-based feature extractor is responsible for identifying 
pertinent spatial patterns in the handwriting. After receiving the characteristics, the 
BiLSTM-CTC decoder uses learnt patterns to predict the text sequences [16]. The 
outcomes of the model are assessed using a variety of performance criteria. The char-
acter error rate (CER), a quality metric at the letter level, quantifies the model’s ability 
to identify individual letters. Word reconstruction is ensured by the system itself, and 
word accuracy rate, or WAR, is concerned with accounting for the quantity of words 
properly predicted. Additionally, the speed of inference of the model is examined to 
ascertain how quickly it can identify text in real time. The model’s ability to recog-
nize realistic and useful handwriting is then confirmed by this method’s evaluation 
modes, although it would struggle to do so in challenging situations.
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4 Datasets 

High-quality datasets are required for any modelling, training and learning. These 
figures are made up of handwritten samples gathered in various locations to allow 
the models to learn and adapt towards different handwriting styles for better accu-
racy. Popular datasets include the RIMES, CVL, IAM Handwriting Database, and 
MNIST. The famous MNIST database is almost always used for digit classification 
applications and contains almost all handwritten digits from 0 to 9. The IAM Hand-
writing Database contains millions of handwritten words, lines, and even sentences 
and paragraphs that form the corpus for recognizing handwritten English text. More-
over, because RIMES and CVL databases can identify handwritten texts in more than 
one language, they are particularly helpful for any multi-lingual studies and also for 
the research focused on particular scripts and writing systems. 

The IAM Handwriting Database [23] is an important part of the datasets neces-
sary for testing and training handwriting recognition models. It provides models with 
exposure to a vast variety of writing styles through handwritten English sample mate-
rials from many writers. 353 handwritten English text images with a PNG extension 
and matching text files with the TXT label are included in the dataset. Each dataset 
entry has a fixed form, a unique image ID, a status indication, the sample quality, 
the bounding box coordinates that show the location of the handwritten text, and 
the associated ground-truth label. To offer high-quality handwriting recognition, 
writer identity, and verification test data, images in the IAM dataset are scanned at a 
resolution of 300 dpi and saved in 256 levels of grayscale. 

In the given Fig. 3 the word ‘activity’ is captured as illustrated; it is shown during 
freehand writing with some variability in stroke weight and alignment. People’s 
handwriting varies from one person to the other and this variety is a challenge to 
recognition models. 

But deep learning-based recognition systems trained on vast handwriting 
databases such as IAM are aimed at handling these changes effectively. These systems 
extract significant data from images and employ sophisticated techniques to trans-
form handwritten text into machine-readable text. With these statistics and deep 
learning techniques, contemporary handwriting recognition systems have had high

Fig. 3 Example image from 
IAM dataset [23] 
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precision and robustness in dealing with different handwriting styles. The dataset 
consisted of 13,353 handwritten text images, which were pre-processed by resizing, 
normalizing, and enhancing contrast to improve feature extraction. The images were 
converted to grayscale and fed into the ResNet-BiLSTM-CTC model. 

Each line in the words.txt file includes metadata with the following format: 

a01-000u-00-00 ok 154 408 768 27 51 408 768 THE 
a01-000u-00-01 ok 156 507 768 27 51 507 768 QUICK 
a01-000u-00-02 ok 156 604 768 27 51 604 768 BROWN. 

5 Experimental Results 

The model was trained using TensorFlow with Adam optimizer and a learning rate 
of 0.0005. The training process included techniques such as Early Stopping and 
ReduceLROnPlateau to prevent overfitting and improve learning efficiency. The 
training spanned 50 epochs, with a batch size of 16 images per batch. 

Figures 4 and 5 showcase the Handwriting to Text Converter web application. 
The interface allows users to upload an image of handwritten text and convert it into 
digital text instantly. 

Performance Metrics 

The model’s performance was assessed using three key metrics: Character Error Rate 
(CER), Word Accuracy Rate (WAR), and Inference Speed [24].

Fig. 4 Screenshot: handwriting to text converter—user interface
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Fig. 5 Screenshot: text recognition

a. CER measures the accuracy of character-level recognition, with a lower CER 
indicating better performance. This metric helps evaluate how well the model 
identifies individual characters in handwritten text. 

CER gives a proportion of incorrect predicted characters to total number of characters 
in actual text. 

CER = (S + D + I ) 
N 

where 

S is the number of incorrect substitutions, D is the number of missing characters 
and, I is the number of extra insertions. 

b. WAR assesses the percentage of correctly recognized words in the dataset, 
providing insight into the model’s effectiveness at word-level prediction. 

WAR = C 
T 

× 100 

where 

C is the number of correctly recognized words and, T is the total number of words 
in the actual text. 

c. Inference Speed measures the time taken to process a single image and extract 
text predictions, which is crucial for real-time applications.



Efficient Handwritten Text Recognition Using Residual Networks … 57

Table 1 Performance 
metrics Metric Value (%) 

Character error rate (CER) 4.2 

Word accuracy rate (WAR) 92.8 

Inference speed (FPS) 25 images/s 

Inference Speed = Total Processed Images 

Time Taken 

High inference speed is better for real time applications. 
Table 1 shows the performance metrics obtained for the proposed system. These 

values indicate high model performance. 
These metrics collectively determine the efficiency and accuracy of the hand-

writing recognition system. 

6 Conclusion and Future Scope 

Handwritten Text Recognition (HTR) is essential to postal automation, document 
digitisation, and other assistive technologies. In this study, a system that can identify 
handwritten texts by handwriting by using a trained ResNet-based Convolutional 
Neural Network (CNN) for feature extraction and a network based on Bidirectional 
Long Short-Term Memory (BiLSTM) for sequence learning is created and imple-
mented. The system’s performance is validated by training the model with a variety 
of handwritten examples from the IAM Dataset. The accuracy of the model’s recog-
nition of handwritten characters was observed to be good. The model could propagate 
through text of any length using the CTC loss function, therefore it didn’t require 
patching or segmentation into smaller sections beforehand. A handwriting recogni-
tion system based on the proposed ResNet-BiLSTM can be improved in many ways. 
The accuracy of recognition may be improved by employing transformer-based struc-
tures or attention procedures, especially when working with long or complex sections. 
Support for cursive and bilingual handwriting would increase the model’s usefulness 
and versatility. Furthermore, utilizing language models to integrate contextual post-
processing can greatly improve the identified text’s semantic correctness. Lastly, 
expanding the offline and online handwriting recognition system can have signifi-
cant real-world implications in the banking, historical document digitalization, and 
educational sectors.
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Next-Gen Research Assistance: 
Autonomous Cognitive Humanoid Lab 
Assistants for Streamlined Productivity 
and Safety 

Arasa Deekshitha, M. H. Suraj, B. A. Satish, M. H. Rachana, 
and Y. N. Sharath Kumar 

Abstract Innovation is essential in the fast-paced field of contemporary science and 
study. Lab environments could soon undergo a transformation thanks to the release 
of the humanoid lab assistant, a ground-breaking combination of Google Assistant 
and technology. This sophisticated bot can not only move between lab tables on its 
own, but it can also retrieve data, monitor safety, assist with experiments in real time, 
and respond to inquiries. Through the AI-driven dialogues it enables, researchers 
may solve problems together and advance their work to new heights. Because of its 
integration, Google Assistant is an invaluable tool for researchers looking for infor-
mation, references, or help. It gives access to a wide range of information resources. 
This convergence of technologies ushers in a new era of technology-driven research 
support while also increasing lab productivity and safety. Because of its autonomous 
mobility, the lab assistant can move quickly around the lab, saving researchers time 
on manual labour and streamlining their workflow. Additionally, the lab assistant 
is always available to respond to inquiries and offer researchers advice and help 
whenever needed. The AI-driven dialogues made possible by are where the actual 
innovation is found. With the lab assistant, researchers may have lively conversations, 
brainstorm, and solve problems. This cooperative method pushes the boundaries of 
discovery and quickens the speed of study. Not only is the lab assistant a tool, it’s 
a scientific partner. The humanoid lab assistant is at the forefront of research assis-
tance technology since it combines features and Google Assistant. Modern laboratory 
environments greatly benefit from its autonomous mobility, safety monitoring, data
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retrieval, and collaborative problem-solving capabilities. As we embrace this tech-
nological marvel, we usher in a new era of productivity and efficiency in research, 
thereby reaffirming the role of technology as an essential collaborator in scientific 
inquiry. 

Keywords Lab assistant · Humanoid · Google assistant · Collaborator ·
Innovation 

1 Introduction 

Humanoid robots represent an intriguing fusion of state-of-the-art technology with 
the ancient human urge to build machines that resemble ourselves. These anthro-
pomorphic devices, designed to mirror human physical and cognitive skills, are at 
the pinnacle of robotics. This comprehensive introduction examines the evolution, 
guiding principles, applications, and future potential of humanoid robots, empha-
sizing their significant influence across various domains, including industry, research, 
healthcare, and entertainment. 

The history of humanoid robots can be traced back to ancient myths and fables 
about automata, which inspired the vision of creating artificial life. However, the prac-
tical development of humanoid robots began in the twentieth century when scien-
tific and technological advancements made these concepts feasible. Despite early 
industrial robotic successes, such as the renowned Unimate in the 1960s, humanoid 
robots did not gain widespread recognition until the late twentieth century. Their 
defining characteristic is their human-like form—comprising a head, torso, arms, 
and legs—which enhances their adaptability to environments and tools designed for 
humans. 

The substantial developments in robotics have led to their broad application in 
manufacturing, research, medicine, defense, and education. Robots have evolved 
from simple tools assisting humans to sophisticated machines capable of mimicking 
human behavior and even replacing human labor in challenging conditions. This 
transformation not only concerns the physical production of robots but also focuses 
on the control and optimization of tasks they perform. The study of robot kine-
matics, localization, mapping, and path planning plays a crucial role in advancing 
humanoid robotics. Additionally, control systems—comprising actuators, sensors, 
and processing units—are pivotal in enhancing robot functionality. The experimenta-
tion with humanoid robots for civilian use involves programming and control through 
microcontrollers, with an emphasis on degrees of freedom and movement precision. 

Humanoid robot capabilities have been significantly improved by advances in 
materials science, artificial intelligence, and sensory technology. Flexible and durable 
materials allow for natural movement, while sophisticated sensors, such as touch 
and vision sensors, enhance perception. Artificial intelligence, natural language 
processing, and machine learning enable humanoid robots to understand and respond
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to human interactions more effectively. Their applications span numerous indus-
tries, showcasing their versatility. In manufacturing, they assist in tasks that demand 
precision and adaptability, collaborating with humans to improve productivity. 
Research institutions use humanoid robots to explore human movement, cogni-
tion, and social interaction. In healthcare, they aid in patient care and routine 
medical tasks. Furthermore, they serve as interactive teaching aids in educational 
settings, enhancing the learning experience. The entertainment industry also inte-
grates humanoid robots, blending fiction with reality. Additionally, the potential 
for robots to provide companionship and emotional support is under exploration, 
expanding their societal role. 

The impact of humanoid robots extends beyond their immediate functions, influ-
encing cognitive science and human–machine interaction. Their ability to perform 
embodied experiments allows researchers to test hypotheses on human anatomy 
and physiology, contributing to advancements in cognitive research. While popular 
culture has long been fascinated with human-like robots, their real-world impli-
cations are now becoming more tangible. Initially considered expensive novelties, 
commercially available humanoid robots are gradually finding roles in households, 
industries, government facilities, hazardous environments, and even space missions. 

A novel aspect of humanoid robotics research involves the integration of artifi-
cial intelligence systems such as OpenAI’s ChatGPT. A few-shot learning approach 
enables humanoid robots to convert natural language instructions into executable 
behaviors, facilitating adaptive task planning in diverse environments. This involves 
programmable prompts interacting with execution systems and image recognition 
software, allowing for real-time decision-making and reduced memory dependence. 
Studies have demonstrated the effectiveness of this approach in household settings, 
where robots successfully perform multi-step tasks with minimal user intervention. 
However, challenges remain in achieving a uniform methodology for task planning, 
highlighting the ongoing need for refinement and optimization. 

Despite remarkable progress, humanoid robots still face significant challenges, 
including achieving full autonomy, enhancing energy efficiency, and addressing 
ethical concerns. The complexity of their design necessitates continuous research 
into their physical structure, sensory capabilities, cognitive abilities, and motor 
functions. Advances in robotics, AI, and machine learning will be instrumental in 
shaping the future of humanoid robots, enabling their widespread integration across 
multiple industries. The potential applications include roles in space exploration, 
disaster response, and personalized assistance, where they may become indispensable 
companions in daily life. 

The development of autonomous control systems for micro-robots further high-
lights the increasing complexity of robotic functions. Research in magnetic actu-
ation and Hall effect sensor arrays demonstrates the feasibility of remote control 
and closed-loop feedback mechanisms, enhancing robotic precision. Such advance-
ments contribute to the broader field of humanoid robotics by improving actuation, 
detection, and mobility in small-scale robotic systems. 

To summarize, humanoid robots represent the human aspiration to create intel-
ligent machines that mimic our form and function. This paper provides a detailed
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review of their evolution, design principles, applications, and future prospects as they 
continue to integrate into human life. As robotics technology advances, humanoid 
robots have the potential to revolutionize how humans interact with machines, trans-
forming the way we live and work in the robotics era [1–5]. The main aim of this 
work is designing the multifunctional humanoid assistant capable of autonomous 
navigation, real-time experiment assistance, contextual data retrieval, safety moni-
toring, and interactive AI-driven dialogue with researchers by reducing manual labor, 
fostering collaborative problem-solving and rapid decision-making within the lab. 
By integrating speech-based AI capabilities with mobile robotics, the assistant can 
act as an intelligent research partner. 

2 Related Works 

The field of humanoid robotics and autonomous locomotion has seen rapid advance-
ments in recent years, with research focusing on control mechanisms, perception, 
human–robot interaction, and applications in real-world scenarios. This literature 
survey reviews and compares key papers in this domain, covering recent trends, 
methodologies, and innovations. 

Ahirwar et al. [6] provide an overview of advancements in humanoid robot tech-
nology, emphasizing improved control algorithms, artificial intelligence (AI) inte-
gration, and enhanced sensory perception. Popesku et al. [7] propose an autonomous 
modular robot, “Active Wheel,” designed for dynamic and adaptive movement. 

Sartoretti et al. [8] focus on proprioceptive-inertial locomotion for articulated 
robots, ensuring stable movement without relying on external sensors. Guitron 
et al. [9] demonstrate magnetic localization-based locomotion in untethered origami 
robots, showcasing novel mobility strategies in constrained environments. 

Meng et al. [10] explore biomechanical evaluations to improve humanoid robot 
fall control, making comparisons to human falling mechanisms. Kim et al. [11] 
propose a bipedal walking pattern generator for HUBO, a humanoid robot, allowing 
stable walking motion. 

Similarly, Kaneko et al. [12] discuss modifications in humanoid robot HRP-2Kai 
for disaster response, highlighting structural reinforcements and improved actu-
ator mechanisms. Yi et al. [13] develop real-time imitation learning techniques for 
humanoid robots, enabling active stabilization and mimicry of human operators. 

Asfour et al. [14] propose a new sensor modality for humanoid robots to detect 
surface orientation, enhancing their environmental awareness. 

Sharma et al. [15] integrate IoT and computer vision in office automation, demon-
strating practical applications of autonomous robotic systems. Sikarwar et al. [16] 
focus on real-time biometric verification using face embeddings, highlighting secu-
rity applications in humanoid robots.. Zhong et al. [17] present a novel robot-camera 
calibration technique for constrained environments, improving visual perception 
accuracy.
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The reviewed papers collectively contribute to the evolution of humanoid robotics, 
addressing locomotion strategies, perception, control, and human–robot interaction 
[18]. While significant progress has been made, challenges remain in optimizing 
energy efficiency, real-time decision-making, and adaptability in dynamic environ-
ments. Future research should focus on integrating AI-driven learning models and 
improving real-world deployment capabilities of humanoid robots. 

Traditional lab automation systems such as liquid handlers, robotic arms, and 
sample management systems (e.g., Tecan, Hamilton, and Opentrons) are widely 
adopted in pharmaceutical and biochemical labs for repetitive, high-throughput tasks. 
While these systems offer high precision, they are rigid in function and hard-coded 
for specific tasks, stationary requiring dedicated workspace and lacking adaptive AI 
or voice-based interfaces [19]. 

Mobile robots like Fetch Robotics, TurtleBot, and Pepper have been explored 
for logistics and light interaction in research and healthcare facilities. These robots 
can navigate physical environments using SLAM (Simultaneous Localization and 
Mapping) techniques, but they are often used for material handling, not scientific 
collaboration, lack integration with domain-specific AI for experimental procedures 
[20]. 

3 Proposed Methodology 

Such a comprehensive feature set requires a rigorous development technique to create 
an AI Cognitive Bot. In order to ensure alignment with these aims, the process 
starts with defining the needs and goals, as well as the target market and overall 
objectives. This is followed by the compilation of comprehensive specifications for 
each feature. The following step involves configuring the hardware and software, 
which includes putting together the parts that are required, such as displays, micro-
controllers, and software frameworks, and installing the libraries and dependencies 
needed for functions like image recognition and natural language processing. 

Subsequently, a secure database is put in place for attendance logs, and face 
detection and recognition algorithms are integrated into the system for managing 
attendance. Next is object identification, which makes use of camera feed algorithms 
and open-source databases to accurately identify items. The creation of personalized 
chatbots based on user queries improves engagement, while integration with Google 
Assistant expands the bot’s information accessibility. Using OCR techniques to create 
text extraction modules and defining page numbers for extraction are necessary steps 
in extracting content from PDFs. 

The development of Bluetooth control mechanisms allows bots to understand 
human inputs for movement, while motor movements are controlled by self-driving 
motion algorithms and navigation is made possible by camera-based path tracking. 
Language detection methods are used in addition to APIs to provide language trans-
lation capabilities. Text extraction is possible with OCR from camera feed modules, 
and interfaces that are easy to use are produced by integrating tablets and displays.
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Techniques such as YOLOv8 are used to develop personalized picture recognition 
databases for improved identification accuracy. 

The process further includes creating Python quiz applications, designing a sturdy 
body with moving arms for hardware support and interactivity, and thorough testing 
and iteration of each feature and the system as a whole. User feedback is continuously 
gathered to refine design and functionality, ensuring the bot’s reliability, adaptability, 
and proficiency in its intended activities. Through iterative testing, refinement, and 
continuous improvement, an AI Cognitive Bot with a wide range of capabilities can 
be efficiently developed to meet diverse needs, benefitting users with its reliability 
and performance. 

As shown in Figs. 1 and 2, an AI cognitive autonomous bot’s architecture is well 
thought out, with each part being essential to the bot’s ability to work intelligently 
and independently. The block diagram offers a visual depiction of these elements 
and how they word together, shedding light on how sensory information, judgment, 
learning, and environmental interaction are all seamlessly integrated.

• Sensors (Input Layer): The “Sensors” block, which stands for the various input 
devices that the bot uses to gather data from its environment, is where the adventure 
starts. The bot’s sensory organs are its touch sensors, microphones, and cameras, 
which gather data in its raw form for processing.

• Perception Module (Data Processing): The “Perception Module” is directly 
attached to the Sensors block. This module serves as the brain’s first processing 
unit, processing raw sensory data through the use of computer vision and audio 
processing techniques. It combines several inputs to create a cohesive picture of 
the environment the bot is in.

• Intelligent Analysis Decision-Making Module: The “Decision-Making Module” 
assumes a central role, leveraging the data that has been analyzed. This block 
contains the bot’s intelligence, which makes decisions by evaluating data from 
the Perception Module. The bot’s decision-making skills are aided by rule-based 
systems and machine learning algorithms.

• Learning and Adaptation (Continuous Improvement): The “Learning and Adap-
tation” block is located next to the Decision-Making Module. This part, which 
incorporates techniques like machine learning and adaptive algorithms, is crucial 
to the bot’s development. The bot adjusts to changing conditions, improves 
decision-making techniques, and gains knowledge from its experiences.

• Control System (Execution of Decisions): The “Control System” block is where 
the bot’s decisions are implemented. This part converts decisions into commands 
that may be carried out, telling the actuators what to do. The actuators, which are 
motors and servos, carry out the bot’s environmental responses.

• Actuators (Physical Interaction): The “Actuators” block, which is situated after 
the Control System block, is where the decisions made by the bot are physically 
expressed. The commands are translated into actions by motors and servos, giving 
the bot actual interaction with its environment.

• Communication Module (Interaction with External Entities): The bot’s capacity to 
interact with users or other external systems is a critical component of its operation.
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Fig. 1 Block diagram of the proposed work

During this exchange, natural language processing is used by the “Communication 
Module” to ensure smooth communication. This block improves the bot’s usability 
by ensuring that it can comprehend and produce human language.

• Memory/Storage (Information Retention): The “Memory/Storage” component is 
connected to several different modules. This part acts as the bot’s memory, holding 
data about its surroundings, prior encounters, and learned material. It enhances 
the bot’s capacity to continue learning and develop its decision-making skills over 
time.

• Features for Safety and Security (Maintaining Robustness): It is crucial to guar-
antee the environment and the safety and security of the bot. Positioned strategi-
cally, the “Safety and Security” block monitors the entire system. This block 
creates a strong base for the bot’s operations by incorporating features and 
safeguards against threats and harmful activity.

Circuit diagram of the proposed work is shown in Fig. 2. Carefully crafted to 
offer users a smooth and engaging experience, the AI Cognitive Autonomous Bot is 
a ground-breaking combination of hardware and software components. This complex 
robotic system adheres to a well-organized workflow, where each stage advances the 
system’s overall adaptability and functionality. 

The AI Cognitive Autonomous Bot is a flexible and interactive robotic system 
that seamlessly combines hardware and software components. Each component 
enhances the overall functionality and user experience of the bot, from the funda-
mental processes of power initialization and motor control to the complex elements 
of voice input and auditory feedback during human interaction. The bot’s capabilities 
are enhanced by the addition of visual data, wireless networking, and an interactive 
display, which positions it as a flexible and futuristic technology with applications 
ranging from user communication to autonomous navigation.
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Fig. 2 Circuit diagram of the proposed work

The focus on a dependable power startup guarantees the bot’s ability to operate 
effectively and reliably. Precise locomotion is made possible by the careful manage-
ment of motors, which allows the bot to adapt to a variety of jobs and situations. The 
addition of a Raspberry Pi Camera expands the bot’s visual capabilities and enables 
real-time perception and response to its environment. The bot is now more approach-
able and user-friendly thanks to the addition of voice input and auditory feedback, 
which elevates human–robot interaction to a new level. The bot’s use is increased by 
the addition of wireless connectivity, which enables data sharing and remote control. 
Lastly, by offering a tangible interface through which users can communicate with the 
bot and get immediate feedback, the interactive display raises user engagement. All 
things considered, the AI Cognitive Autonomous Bot is a technological marvel that 
exemplifies the potential of fusing cutting-edge software and hardware components 
with robotics. With applications ranging from interactive user help to autonomous 
navigation, its versatility, user-friendly interface, and multiple features position it as 
a versatile tool. The AI Cognitive Autonomous Bot is proof of the promise of intel-
ligent robotics to improve our daily lives and push the limits of what is achievable 
in human–robot collaboration as technology advances.
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4 Results and Discussion 

1. Utilizing image recognition to track attendance 

When utilizing algorithms to evaluate photos or video streams in order to identify 
people, image recognition is used for attendance tracking. This technology can be 
used to automatically record attendance in a variety of situations, including offices, 
events, and classes, by recognizing faces or other distinctive features as shown 
in Fig. 3. It improves productivity, lowers errors, and streamlines the attendance 
process by doing away with the need for manual input. It also provides a quick 
and non-intrusive means of tracking attendance while upholding privacy rules. This 
strategy benefits companies and institutions in a variety of industries by automating 
a previously time-consuming process using advances in artificial intelligence. 

2. Recognizing objects with an open source database already in place 

To train machine learning models for object recognition, one way to use an open 
source database is to take advantage of an existing collection of tagged photos as 
shown in Fig. 4. These databases, like COCO or ImageNet, offer enormous volumes 
of categorized visual data that are useful for training algorithms to recognize and 
distinguish between different objects in pictures or videos. The amount of time 
and resources needed for data gathering and annotation is greatly decreased by 
using this method. Developers can improve the accuracy and robustness of their 
models by utilizing an open source database, leading to more efficient applications 
in domains such as autonomous driving, retail, healthcare, and security. Open source 
databases encourage cooperation and creativity, which enables programmers to create 
increasingly sophisticated recognition algorithms.

Fig. 3 Attendance record 
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Fig. 4 Object recognition 

3. A Google assistant to access an enormous amount of information 

A Google Assistant is a voice-activated digital assistant that accesses a great quan-
tity of information and performs tasks using artificial intelligence. It uses natural 
language processing to communicate with users, comprehending their inquiries and 
providing prompt answers. Users can ask it anything, from complicated inquiries and 
local business information to weather updates and news briefs as shown in Fig. 5. 
Google Assistant is extremely skilled in information retrieval, scheduling, control-
ling smart home devices, and much more because it is integrated with Google’s 
vast search database and many services. With its seamless interface for technolog-
ical engagement and its very user-friendly design, it is accessible on phones, smart 
speakers, and other connected devices. 

Fig. 5 Google assistant
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Fig. 6 Custom chatbot 

4. A personalized chatbot that can respond to personalized inquiries 

A sophisticated artificial intelligence (AI) tool called a personalized chatbot is made 
to communicate with users using conversational interfaces, including messaging 
applications or websites as seen in Fig. 6. It is designed to comprehend and react 
to specific queries depending on context, history, and user preferences. Machine 
learning and data analytics enable the chatbot to learn from every encounter, gradu-
ally refining its responses and suggestions, and this personalization is made possible. 
These chatbots are capable of doing a wide range of jobs, such as scheduling appoint-
ments, offering tailored shopping recommendations, and responding to customer 
support inquiries. They provide a more effective and entertaining user experience, 
enhancing the intuitiveness and responsiveness of interactions to individual demands. 

5. The automated system that can interpret material from PDFs 

Optical Character Recognition (OCR) and Natural Language Processing (NLP) are 
two cutting-edge technologies that are used by an automated system to understand 
content from PDF documents to extract and analyse text. Either scanned or digitally 
produced static PDF documents can be transformed into editable and searchable data 
using this technique as shown in Fig. 7. The system may process the data further 
once the text has been retrieved, allowing for features like document summaries, 
key point identification, and multilingual text translation. By automating data entry 
and content management processes, these systems greatly reduce manual effort and 
improve productivity. They are commonly used in the legal, academic, and corporate 
sectors to optimize workflows.
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Fig. 7 The bot can read the contents from the document 

6. A Bluetooth remote control with button, accelerometer, and joystick modes for 
operating the robot 

For controlling a robot, a Bluetooth remote control with buttons, an accelerom-
eter, and a joystick provides flexible and user-friendly alternatives as shown in 
Fig. 8. Simple commands like “start,” “stop,” and “execute specific function” can 
be performed with the buttons. The robot can imitate the tilt or motion of the remote 
by using the accelerometer, which provides dynamic control by converting the move-
ments of the remote into commands. For intricate navigation operations, the joystick’s 
accurate, real-time directional control is perfect. Through the use of Bluetooth tech-
nology, this multipurpose remote ensures dependable and responsive contact with 
the robot. In robots for education, entertainment, or industrial applications where 
flexibility and user-friendliness are critical, such a remote is very helpful.

7. Self-governing movement along a predetermined path by utilizing time delays 

A robot or autonomous vehicle that follows a predefined path based on timed instruc-
tions is said to be self-governing when it uses time delays. With this system, move-
ment is dictated by predetermined schedules that specify the time of each action 
(forward, backward, and turning). Rather than relying on sophisticated sensors or 
real-time data from the environment, the system depends on the precise timing of 
every movement. This method works best in controlled contexts where barriers are
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Fig. 8 Bluetooth control

predictable or non existent, despite being relatively easy to execute. It works well in 
scenarios when there are few external disruptions and the path is constant, such as 
automated production lines or performance-based activities. 

8. Text extraction and OCR utilizing a camera are other capabilities 

Optical Character Recognition (OCR) and text extraction with a camera entail taking 
text images and turning them into editable and searchable digital text. This tech-
nique analyzes an image’s character forms and lines using sophisticated algorithms 
to separate the characters from the given backgrounds and other factors. The text is 
digitized after it has been identified, enabling additional processing including content 
management, data entry, and translation as shown in Fig. 9. When it comes to digi-
tizing printed documents, automating data entry from forms or receipts, and helping 
visually impaired individuals read text through audio output, optical character recog-
nition (OCR) is especially helpful. By combining digital and physical information, 
it improves accessibility and efficiency. 

Fig. 9 Text extraction
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Fig. 10 Image recognition 

9. A personalized photo database for Yolov8 image recognition 

A personalized photo database for YOLOv8 image recognition involves compiling 
a dataset of images tailored to specific recognition tasks. YOLOv8, a deep learning 
algorithm, excels in object detection and localization within images as shown in 
Fig. 10. By curating a database with diverse examples relevant to the intended 
application, such as custom objects or unique contexts, the model can be trained 
more effectively. This personalized approach enhances the algorithm’s accuracy and 
robustness, enabling it to recognize and classify objects with greater precision in 
real-world scenarios. Whether for surveillance, autonomous vehicles, or industrial 
automation, this customized dataset empowers YOLOv8 to perform optimally in 
specific domains. 

10. The Python Quiz app 

The Python Quiz application is a dynamic learning resource created to assess and 
improve users’ proficiency with the Python programming language as shown in 
Fig. 11. Users can choose from a range of questions covering fundamental ideas 
to complex subjects, and they can get immediate feedback on their level of skill. It 
provides a dynamic learning environment with features like progress tracking, timed 
quizzes, and multiple-choice questions. The program is appropriate for both novice 
and seasoned Python developers, as it may provide resources for more learning and 
explanations of correct answers. This entertaining and educational tool encourages 
skill development and mastery by making learning enjoyable and approachable.

Figure 12a, b shows the front and back view of the working model respectively.
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Fig. 11 The quiz app

Fig. 12 a Front view of bot. b Back view of bot 

The model was tested for the following conditions and multiple cases: 

1. Utilizing image recognition to track attendance 

Case 1. Proper light 

Capturing photos of people in appropriate lighting conditions is necessary when using 
image recognition for attendance tracking in order to guarantee precise identification. 
Through picture analysis, the system can identify and log attendance automatically, 
removing the need for human input and increasing productivity in a variety of settings 
as shown in Fig. 13.

Case 2. Improper light 

The technology can reliably track attendance even in low light thanks to sophisti-
cated image recognition algorithms. The system can adapt to low light conditions by 
utilizing advanced image processing algorithms, guaranteeing accurate recognition 
and documentation despite lighting difficulties in the surrounding environment as 
shown in Fig. 14.
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Fig. 13 Proper light

Fig. 14 Improper light 

2. Using the Coco database and Yolo v8 algorithm for object recognition 

Case 1. Object count 

The technology can reliably track attendance even in low light thanks to sophisti-
cated image recognition algorithms. The system can adapt to low light conditions by 
utilizing advanced image processing algorithms, guaranteeing accurate recognition 
and documentation despite lighting difficulties in the surrounding environment as 
shown in Fig. 15. 

Case 2. Overlapping objects 

Precise item identification is made possible even in situations where objects overlap 
thanks to the YOLOv8 algorithm’s integration with the Coco database as shown in 
Fig. 16. YOLOv8’s strong design makes use of the many object categories and anno-
tations offered by the Coco database to efficiently identify items in congested settings.

Fig. 15 Object count 
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Fig. 16 Overlapping object 

This combination makes sure that items are accurately detected and classified, even 
when they partially obscure one. 

3. A Google assistant to access an enormous amount of information 

Case 1. In the presence of internet 

A Google Assistant that is internet-connected may obtain a vast amount of data from 
many domains. By utilizing Google’s extensive database and robust search features, 
the assistant can promptly obtain pertinent information, respond to inquiries, deliver 
updates, and provide support on an array of subjects as shown in Fig. 15. Thanks 
to its ability to give precise and timely information on demand, this connectivity 
improves user productivity and convenience (Fig. 17).

Case 2. In the absence of Internet 

A locally installed Google Assistant may access a massive offline information reser-
voir even in the absence of internet access. The Assistant can respond to inquiries 
based on locally stored data by pre-loading large databases and knowledge bases. 
This guarantees continuous operation and utility even in offline contexts by enabling 
users to access information with ease. 

4. A personalized chatbot that can respond to personalized inquiries 

Case 1. When question is present in the database 

A customized chatbot is designed to react to queries that are unique to each user. The 
chatbot pulls pertinent facts and creates a customized answer when a query matches 
an entry in its database. The chatbot improves user happiness and interaction with 
the system by delivering precise and personalized responses by evaluating user input 
and cross-referencing it with recorded data as shown in Fig. 18.
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Fig. 17 When internet is present

Fig. 18 When question is present
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Case 2. When question is absent in the database 

Advanced natural language understanding is used by a personalized chatbot to answer 
specific questions. When a query isn’t in its database, the chatbot uses inference 
and context analysis to provide pertinent answers. It continuously learns from user 
interactions by utilizing machine learning algorithms, which enhances its capacity to 
deliver precise and customized answers to a variety of questions, even in unexpected 
circumstances. 

5. The content of the PDF can be read by the bot 

Case 1. When text content present in the pdf 

The bot can read and comprehend text content from PDF documents because it has 
PDF text extraction skills. The bot scans the PDF file, extracts text, and transforms 
it into a machine-readable format using optical character recognition (OCR) tech-
nology. This makes it possible for users to easily access the content contained in PDF 
documents, which makes it easier for the bot to retrieve and use textual data. 

Case 2. When text content absent in the pdf 

The bot makes information easily accessible by extracting text content from PDF 
files. When text material is missing or unreadable in a PDF, the bot uses error handling 
techniques to notify the user and offer substitute alternatives. These solutions could 
include recommending that the document be rescanned or contacting other sources 
for help in order to properly fulfill the user’s request. 

Case 3. When page number wrongly assigned 

When the page number is incorrectly assigned, the bot’s ability to read PDFs may have 
trouble reaching the desired content. Nonetheless, the bot can notify consumers of the 
disparity and ask them to enter a correct page number using error handling techniques. 
To lessen the effects of improper page assignments, context-aware algorithms might 
be implemented to assist the bot in locating and retrieving relevant or adjacent content 
and particular topic. 

6. A Bluetooth remote control with button, accelerometer, and joystick modes for 
operating the robot 

Case 1. When bot is in the range 

The remote control has multiple operation modes, including button, accelerometer, 
and joystick modes, while the bot is within Bluetooth range. Users can easily tran-
sition between various modes to control the robot in ways that suit their needs and 
certain tasks. This enhances the user experience and makes it possible for effective 
navigation and communication with nearby robots by offering intuitive and precise 
control.
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Case 2. When is not in the range 

The remote control’s functions stop working when the robot is outside of Bluetooth 
range. When a connection is lost, users are notified via status indicators or notifi-
cations on the remote control interface. Users must either troubleshoot connectivity 
issues or move closer to the robot within the Bluetooth range in order to restore 
control. By softly returning control upon reconnecting, automatic reconnection 
techniques can also improve the user experience. 

7. The bot can use a camera for OCR 

Case 1. When light is present 

The bot’s camera-based OCR function works best in well-lit environments, taking 
sharp photos for text extraction. High contrast and sharpness in photos taken are 
ensured by adequate lighting, which helps the OCR system recognize characters 
accurately. Consequently, the bot can effectively extract text from photos, allowing 
visual data to be seamlessly integrated into its processing capabilities for a variety 
of applications, including data analysis and document digitalization. 

Case 2. When light is absent 

The bot’s camera-based OCR functionality might have trouble correctly extracting 
text from photos in low-light conditions. In order to address this, the bot has the 
ability to leverage low-light optimization techniques or add additional light sources, 
like LED flash, to improve image visibility. As an alternative, users can be asked to 
improve the lighting in their surroundings in order to increase OCR accuracy. 

5 Conclusion and Future Work 

Implementing an attendance management system in educational institutions can 
streamline procedures and minimize manual labor, while a Python quiz app has the 
potential to evolve into an interactive learning tool. In the corporate sector, attendance 
management can help track employee work hours, and Google Assistant integration 
can assist with queries on policies, processes, or FAQs. For customer service, a 
customized chatbot can provide individualized responses to frequently asked ques-
tions, and integrating it with Google Assistant can enhance its ability to handle 
diverse consumer inquiries. In automation and robotics, improving autonomous 
locomotion can optimize tasks like warehouse management, where robots trans-
port cargo along pre-planned routes. Additionally, research and development can 
benefit from a customized image recognition photo database, aiding studies in areas 
such as medical diagnostics and satellite image-based item detection. For robotics, a 
Bluetooth-enabled joystick, accelerometer, or buttons can be used for remote control, 
while an autonomous navigation robot can follow predetermined routes by tracking 
colored paths or using time-delayed motor control. A multilingual translator can
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facilitate communication by supporting multiple language pairs through Google’s 
translation services. Additionally, an OCR text extraction app can digitize hand-
written or printed text from images captured by a device’s camera. Finally, an inter-
active educational robot powered by YOLOv8 can feature a 7-inch display or tablet 
interface to offer educational videos, quizzes, and image recognition capabilities 
through a personalized photo database. 

The main contribution is the The amalgamation of disparate technologies such as 
robotics, image recognition, database management, and natural language processing 
into a multifunctional system which has the potential to greatly improve produc-
tivity and efficiency in a variety of fields. Through the use of object recognition from 
open-source databases and picture recognition algorithms for attendance manage-
ment, the system improves operational efficiency, reduces administrative work, and 
guarantees accurate record-keeping. The incorporation of Google Assistant enables 
effortless access to extensive knowledge sources via natural language inquiries, and 
a customized chatbot provides tailored answers, enhancing user experience and 
contentment. While Bluetooth remote control and autonomous locomotion capa-
bilities provide intuitive navigation and manoeuvrability for the robot, respectively, 
they also improve accessibility to textual data through the integration of PDF content 
extraction and display. Cross-cultural communication is facilitated by the integration 
of a multilingual translator with OCR capabilities, and item identification accuracy is 
increased by a customized image recognition database driven by YOLOv8. Further-
more, a sturdy robot body with voice-controlled arms improves physical engage-
ment capabilities, and a quiz Python app promotes interactive learning. All things 
considered, this all-encompassing system provides flexible functions that could trans-
form entire industries and reshape human–machine connection, ultimately spurring 
advancement and creativity. 
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Cross Model Communication Sign 
Language to Text and Speech to Sign 
Language Using Inception V5 

L. Priya and B. Chandrasekar 

Abstract Cross model communication, a bidirectional sign language translation 
system that bridges communication between American Sign Language (ASL) users 
and non-signers. The system integrates two core modules: (1) a sign-to-text trans-
lation pipeline using an enhanced Inception V5 model, and (2) a speech-to-sign 
translation mechanism utilizing Whisper AI for speech recognition and animated 
ASL output generation. The Inception V5 model classifies ASL gestures with 90.2% 
accuracy and an inference time of 50 ms, while the speech-to-ASL module tran-
scribes spoken input and maps it to ASL representations with 94% accuracy. A key 
contribution of this work lies in its modular architecture, which supports dynamic 
gesture recognition, robust speech transcription under noisy conditions, and multi-
modal translation output, including static letter signs and animated word signs. 
Extensive experimentation confirms the system’s reliability across varied lighting 
conditions, hand orientations, and speech accents. This solution has potential for 
scalable deployment in educational, social, and assistive contexts. Future enhance-
ments include expanding vocabulary, real-time animated synthesis, and contextual 
gesture interpretation. 
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1 Introduction 

Effective communication remains a fundamental challenge for the Deaf and Hard 
of Hearing (DHH) community, especially when interacting with non-signers unfa-
miliar with American Sign Language (ASL). Despite the ubiquity of ASL among 
DHH individuals, mainstream society often lacks the resources or fluency to bridge 
this linguistic divide, limiting access to education, employment, and social engage-
ment. To address this persistent gap, we propose a unified, AI-driven, real-time sign 
language translation system capable of bidirectional communication between ASL 
users and non-signers. 

The proposed system is unique in its dual functionality. First, it translates ASL 
gestures into readable text using an improved version of the Inception V5 convolu-
tional neural network, optimized for gesture recognition with high speed and accu-
racy. Second, it enables speech-to-sign conversion by transcribing spoken input using 
Whisper AI—a transformer-based speech recognition model known for its robust-
ness to accents and background noise—and mapping it to ASL via either static letter 
images or animated sign word representations. 

Unlike prior works that focus solely on one-directional translation or require 
controlled environments, this system is designed for dynamic, real-world inter-
actions. Its modular structure allows seamless operation across platforms, adapt-
ability to user interaction, and integration of multiple input–output formats. The 
novelty lies in the cross-model communication strategy that leverages both vision and 
speech modalities, ensuring accessibility and inclusivity for diverse communication 
scenarios (Fig. 1). 

Fig. 1 Conceptual overview
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High accuracy and robustness of the system is achieved through advanced prepro-
cessing techniques, data augmentation as well as optimized deep learning architec-
tures. To augment generalization, the gesture recognition model is trained with real 
world ASL datasets with variations in lighting as well as the hand orientations, and 
variability in the signing style. Likewise, the speech recognition module utilizes 
Whisper AI which can process a multitude of various speaking, dialects and envi-
ronment noise to achieve high precision of transcription prior to ASL mapping. The 
system is multi–modal, that is, it supports both input types (gestures and speech) 
and dynamically chooses the output as either text or ASL representations depending 
upon user interaction. 

The system utilizes two advanced AI models: Inception V5 and Whisper AI to 
allow users to interact seamlessly between a sign language user and a non-signer. 
ASL gestures are recognized by Inception V5 using computer vision techniques, 
hand landmarks are detected, gestures are classified and converted into readable text. 
Whisper AI extracts speech as speech input, transcribes the speaker’s words into 
text, and maps the text to ASL representation through spelling using letters or ASL 
through GIF animations. In Fig. 2, this dual model approach allows for a full real 
time translation system between signers and non-signers. 

This system is unlike the already existing sign language recognition tools that are 
primarily text-based translation and adopts a new multi directional sign language 
recognition that integrates gesture recognition and AI powered speech processing. 
Dynamic ASL spellings and animated gestures offer a natural, real time conversation 
experience, as a result of incorporation into the platform. Also, the real-time adapt-
ability of the system with its ability to integrate seamlessly, along with high accuracy 
guarantees its scalability for applications in educational settings, workplaces, and as 
a part of assistive technologies, thus improving accessibility for both ASL users as 
well as non-signers.

Fig. 2 AI systems for sign language communication 
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2 Literature Survey 

Recent developments in artificial intelligence have led to notable advancements in 
sign language translation, leveraging deep learning techniques such as Convolutional 
Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and transformer-
based architectures. These efforts aim to bridge communication barriers between 
Deaf and Hard of Hearing (DHH) individuals and non-signers. However, many 
existing systems remain constrained by limitations in real-time responsiveness, 
dynamic gesture recognition, adaptability to diverse environments, and support for 
bidirectional communication. 

Deshmukh et al. [1] have developed a deep learning real time Speech-to-Sign 
Language converter. It converts the spoken words to sign representations constituting 
the help to the Deaf and Hard of Hearing (DHH) community. Speech is mapped 
well to sign visuals, but difficulty arises where sentence structures and the meaning 
associated in context become involved. For future work, natural language processing 
(NLP) can be incorporated to help interpretation. 

Lalitha et al. [2], they introduced a speech to sign language interpreters based on 
AI recognition models. Spoken language is automatically processed, converted into 
text and mapped to the corresponding ASL signs. It is effective for common words, 
but is not adaptable to regional sign variations. The focus could be to expand the 
gesture vocabulary and real–time feedback could be added. 

Sparsha et al. [3] proposed a system, which recognizes gestures using CNN and 
converts sign language to speech. It recognizes gestures in the hand and translates 
them in spoken language. The model is accurate, but it is ineffectual in the presence 
of background noise and varying orientations of subjects’ hands. Specifically, its 
real-world usability can be improved by improving noise filtering and multi angle 
gesture detection. 

Hrithik et al. [4] developed machine learning assisted sign to speech gloves. 
Attaching sensors to the palm of the hand and wrist, the system can capture hand 
movements and its output is audio. It is effective for controlled environments as long 
as it restricts gesture variability and sacrifices real time speed. Better performance 
could be realized with sensors which have better precision and response time. 

Shashidhar et al. [5] have designed an Indian Sign Language (ISL) to speech 
conversion model using CNNs. The gestures created by ISL are classified by the 
model and spoken output is generated. It promises a little, and it does have difficulty 
recognizing fast signing motions and intricate facial expressions. In future work, 
LSTMs that are temporal models could be integrated to be able to handle dynamic 
gestures better. 

Kowsigan et al. [6] A speech to sign language system with live gesture recognition. 
The model creates a communication that is more accessible by translating spoken 
words into sign animations. Yet the system is having problems with homonyms and 
words that are ambiguous. Improved contextual NLP and gesture animation quality 
is able to improve effectiveness.
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Peguda et al. [7] introduced A speech to sign the translation system for Indian 
languages. Speech is processed, turned into text, and mapped to ISL gestures by it. 
It is effective in translating isolated words, but it is not fluent enough in a sentence 
translation. Continuous gesture generation may be supported in future upgrades to 
provide for smooth communication. 

Om Kumar et al. [8] A real time gesture detection and conversion system with 
sign to text and speech to sign translation is developed. However, the dual mode 
approach is better in accessibility but poor in terms of real time speed and accuracy 
under variable lighting. Preprocessing technique can be optimized along with the 
real-time inference speed to refine the performance. 

Rai et al.  [9] A speech to sign language translators using deep learning is developed 
and its Speech features are extracted by the model, then text and a set of corresponding 
sign representations are mapped from those features. Specifically, it works well in 
structured sentences but cannot deal with spoken words. Contextual awareness may 
be considered for future improvements of the phrase mapping. 

Kowsigan et al. [6] A sign language conversion model based on combining speech 
recognition along with the live gesture detection was proposed. The speech is trans-
lated as sign representations in order to improve accessibility. But it has trouble with 
real time synchronization of speech input to a sign output. This issue can be addressed 
through enhancing the response time and supporting multimodal integration. 

Nurfita  Sari et al.  [10] A smart glove based two-way sign language translation 
system with artificial neural network was introduced. It is able to recognize hand 
movements but has the issues to recognize nonstandard gestures. Improving the 
system robustness can be obtained by refining sensor calibration and creating more 
gesture datasets. 

Gunvantray et al. [11] A CNN based model for sign to text translation was devel-
oped as an application detects static and dynamic gestures and converts them to read-
able text. However, it obtains high accuracy with the common signs and is not good 
with the overlapping gestures and movement transitions. Such temporal tracking 
would have to be integrated into future work to provide smoother translations. 

Thong et al. [12] A vision-based sign language to text translation system through 
computer vision was introduced. It takes the hand landmarks detected by the model 
and converts them into text. Even though effective for isolated signs, it does not 
support continuous signing. Improving fluency would involve providing a stronger 
boost to sequence learning and if possible, incorporating a language model. 

Mannepula et al. [13] A review of Sign language-to-emotion specific text trans-
lation method where their work shows that emotional context is important for sign 
communication. Currently, existing models cannot capture such subtle facial expres-
sions and emotions. Further research regarding the fusion of multimodal features 
would be attempted for superior sentiment recognition. 

Seviappan et al. [14] proposed an RNN-LSTM based sign-to-text conversion 
system. Starting with sequential gestures, they are represented as text in the output. 
It is effective when applied on structured sentences but does not work well on rapid 
hand movements or occlusions. Improved transformer dependent frameworks could 
make them more adaptable in actual time.
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Existing sign language translation systems face multiple limitations, primarily in 
real-time accuracy, contextual understanding, and adaptability to environmental vari-
ations. Speech-to-sign systems often struggle with sentence structures, homonyms, 
and regional sign variations, making translation inconsistent. Additionally, some 
models are ineffective in dynamic scenarios, struggling with fast signing motions, 
overlapping gestures, and synchronization of speech input to sign output. Real-
time responsiveness is another challenge, with delays in processing speed affecting 
user experience. In summary, while prior systems have addressed isolated aspects 
of gesture or speech translation, our work distinguishes itself through a real-time, 
bidirectional architecture, robust recognition under natural conditions, and scalable 
deployment potential across educational, assistive, and social settings. 

3 Methodology 

The method proposed for developing a bidirectional sign language translation system 
which allows for communication between the sign language user and non-signers is 
outlined. This system has two core functionalities: real-time ASL gesture recogni-
tion (ASL to text) and speech to ASL visualization (speech to ASL representation). 
The methodology combines preprocessing of the data with the introduction of deep 
learning models, namely Inception V5 for gesture recognition and Whisper AI for 
speech transcription, and enhances system architecture. The system targets as high 
accuracy and efficiency as possible, suitable for different communication scenarios. 

3.1 Data Collection and Preparation 

This project’s dataset consists of a multitude of American Sign Language (ASL) 
gestures which contain the entire alphabet and commonly used words. To enhance 
generalization, the gesture dataset is collected from publicly available ASL reposi-
tories and real time recorded gestures are added. To guarantee precise training, they 
have used a label for each image regarding its corresponding character or word. To 
achieve robustness, data augmentation techniques of rotation, zoom, flip and variable 
brightness are applied to mimic the real-world conditions and signing variation. 

In order to convert speech to ASL, we use Whisper AI, an advanced speech 
recognition model trained on such a multitude of audio datasets, that allows us to 
accommodate any accent, speech speed or level of background noise. To be robust 
to ultimate transcription, the audio data collected are diverse speech samples. It 
maps preprocessed text output from the transcription to ASL static letter images or 
animated ASL word signs using an organized resource dictionary which allows a 
smooth transition from speech to ASL.



Cross Model Communication Sign Language to Text and Speech to Sign … 89

3.2 Workflow Design 

It works with the proposed system’s workflow that includes a series of stages handling 
efficiently ASL-to-text as well as speech-to-ASL translation. The procedure begins 
with real-time gesture recognition by a camera which captures ASL hand gestures 
and classifies them by virtue of InceptionV5. When an ASL sign that is a valid one 
is detected, it is then converted into text and displayed on the screen. In the absence 
of any valid sign the system keeps on processing the new frames in real time. 

In parallel, the speech-to-ASL pipeline allows the users to choose between 
uploading an audio file and speaking into a microphone in real time. Then, this 
speech is transcribed to text by the Whisper AI model, which transmits it to an 
ASL representational processor which maps the ASL representations for the corre-
sponding text. An ASL word GIF is shown if there is a full one, or, if not, the words are 
spelled out with static ASL letter images if possible. The real time feedback includes 
audio playback confirmation, progress indicators and error handling to name a few 
(Fig. 3).

3.3 Model Architecture and Enhancements 

For the recognition of ASL gestures the primary deep-learning architecture used is 
the Inception V5 model. Also, its multi path convolutional layers serve for efficient 
feature extraction of the feature map that learns to represent hand gestures, hand orien-
tation, and different types of signing variations. To fix the generalization problem, 
dense, batch normalization and dropout layers are stacked on top of the CNN part of 
the model to prevent overfitting. With these modifications, the system will operate 
equivalently under different environmental conditions and hand movements. 

Whisper AI is used as a speech recognition model for speech-to-ASL conversion, 
where its pre-trained transformer-based architecture allows speech of any kind (any 
accent, any kind of noise interference) to be processed. The resulting text string 
output is processed using a string-matching algorithm (difflib) to find the matching 
ASL word representations from the system’s resource library of ASL words. These 
models together accomplish a realistic real time bidirectional communication for 
ASL users and non-signers. 

The Inception V5 architecture was selected for ASL gesture recognition due to 
its proven performance in extracting fine-grained visual features across multiple 
scales. Unlike standard CNNs, Inception networks utilize a multi-path convolutional 
strategy, which allows simultaneous processing of spatial patterns through different 
kernel sizes. This characteristic is especially advantageous for recognizing complex 
and variably oriented hand gestures. Inception V5, in particular, introduces factorized 
convolutions, auxiliary classifiers, and batch normalization layers that significantly 
enhance computational efficiency while reducing the risk of overfitting.
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Fig. 3 Workflow diagram

In the context of ASL gesture recognition, where hand shape, orientation, and 
motion intricacies must be captured under diverse lighting and background condi-
tions, Inception V5 offers superior accuracy with relatively low inference time. Its 
ability to model hierarchical spatial dependencies makes it well-suited for identi-
fying subtle differences between similar gestures. Furthermore, its lightweight struc-
ture ensures real-time classification performance when deployed on consumer-grade 
hardware, making it practical for live ASL-to-text translation applications.



Cross Model Communication Sign Language to Text and Speech to Sign … 91

3.3.1 Training Strategy 

The model training process is engineered in such a way that the training process is 
structured enabling high accuracy and adaptability. To train the ASL gesture recog-
nition model, a categorical cross entropy loss function and the Adam optimizer are 
used, and several real—world ASL datasets and augmented images are employed. 
ModelCheckpoint is used to keep track of performance and save the best model as 
determined by validation loss. Classification report and confusion matrix is regularly 
used to evaluate and find possible improvements in the recognition accuracy. 

Training is optimized for Whisper AI speech-to-text models to fine tune the 
speech-to-text transcription accuracy. All these steps are hooked by an efficient text 
normalization and automatic word segmentation system in order to map pronounced 
words quickly into ASL representations. Fuzzy matching algorithms aid to improve 
the accuracy of speech to ASL conversion so that there is no hindrance in seamlessly 
converting speech input to ASL visual representation. 

3.3.2 System Architecture 

The overall system architecture is designed with a modular approach, allowing both 
ASL-to-text and speech-to-ASL processes to function independently or together. The 
system consists of the following core components: 

1. Camera Module—Captures ASL gestures in real-time. 
2. Preprocessing Module—Resizes, normalizes, and prepares images for model 

input. 
3. Gesture Recognition Module—Uses Inception V5 to classify ASL gestures. 
4. Speech Recognition Module—Uses Whisper AI to transcribe spoken input. 
5. Text Processing Module—Normalizes and segments transcribed text. 
6. ASL Resource Library—Stores static letter images and animated word GIFs. 
7. Display/Output Module – Presents recognized ASL signs as text, letters, or GIFs 

(Fig. 4).

The system is optimized for real time performance and supports being accessed 
through desktop applications or mobile interfaces. This is modular architecture 
that ensures scalability for the purpose of having future enhancements such as 
extended ASL vocabulary, multilingual support, and real time sign language anima-
tion synthesis. This is a tremendous step forward towards accessible communication 
between ASL users and non-signers using state of the art deep learning techniques 
coupled with real time processing capabilities.
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Fig. 4 System architecture

4 Results and Discussion 

The real-time performance of the bidirectional translation system is presented in this 
section and illustrates its capability to generate text and speech from ASL gestures 
and ASL representation from text and speech. Deep learning models are used to effi-
ciently capture, process and translate input of sign language users into understandable 
messages for non-signers through the system. 

4.1 Sign Language to Text Translation 

A webcam is used to capture ASL gestures, landmarks are detected on the hands, 
and they are classified using Inception V5. Writing one letter at a time, the users 
sign, as the recognized text is updated around the text dynamically, so that complete 
words are eventually formed. The system can be seen assembling the word “HAT” 
in real time (Figs. 5, 6 and 7). The feedback is given in real time and you can adjust 
the gesture if needed for proper recognition.
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Fig. 5 Hand gesture 
recognized as the letter “H” 
and “A” in ASL 

Fig. 6 Hand gesture 
recognized as the letter “H” 
and “A” in ASL 

Fig. 7 Completes the word 
by recognizing the letter “T,” 
displaying “HAT.” 

4.2 Speech to Sign Language Translation 

Whisper AI is used in speech-to-sign modules for transcribed spoken words to ASL 
representations. The system allows voice input and the user can use prerecorded 
audio files. The spoken phrase “GOOD NIGHT” is transcribed in Fig. 8, converted
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Fig. 8 ASL letter sequence 
for “GOOD” and NIGHT in 
speech-to-ASL translation 

Fig. 9 ASL letter sequence 
for “GOOD” and NIGHT in 
speech-to-ASL translation 

into ASL letters and displayed as an animated ASL sign in Fig. 9. Transcription is 
integrated with visual representation to be accessible to ASL users. 

4.3 Model Performance Evaluation 

The bidirectional sign language translation system was evaluated for performance 
in terms of accuracy, precision, recall, F1-score and inference time. It includes the 
evaluation of Sign-to-Text and Speech-to-Sign components independently of each 
other in terms of their reliability, and efficiency. Real time hand gesture inputs were 
tested on the Sign-to-text model which was powered by Inception V5. The individual 
ASL letters were successfully classified by the system with a high degree of accuracy
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Table 1 Sign-to-text model 
performance metrics Metric Value (%) 

Precision 91.7 

Recall 90.5 

F1-score 91.1 

Accuracy 90.2 

Inference time (ms) 50 

Table 2 Speech-to-sign 
model performance metrics Metric Value (%) 

Accuracy 94.0 

Macro avg. precision 96.0 

Macro avg. recall 94.0 

Macro avg. F1-score 94.0 

and this resulted in a smooth, reliable conversion of hand gestures into readable text. 
The list of key performance metrics is given by Table 1. 

Strong generalization across different positions of hands and lighting conditions 
was found in the model. The latency of ~ 50 ms reflects that the system is fast enough 
for real time use. The Speech-to-Sign model experienced high accuracy in terms of 
reading spoken words and signifying them as ASL representations, using Whisper AI 
for speech recognition. Table 1 shows the total performance of the model (Table 2). 

The Speech to Sign model demonstrated excellent performance in processing 
diverse patterns of speech including difference in pronunciation, and noise in the 
background with high accuracy. The robustness and macro mean of the precision and 
recall ensure classification performance on all the ASL letters and hence, reliable 
visualization of the sign language given by a verbal input. 

4.4 Model Accuracy and Loss Analysis 

The training and validation accuracy and loss curves of both the Sign-to-Text and 
Speech-to-Sign models are given in Figs. 10 and 11 respectively. Loss curves also 
show that the model converges well and accuracy curves show steady improvement 
in recognition capabilities. We observe minor fluctuations in validation accuracy 
because of the differences in hand position when performing ASL gestures and the 
fact that changes in speech affect the transcription quality.

The results of the evaluation indicate that both models are highly accurate and 
efficient, and are capable of real-time bidirectional communication between ASL 
users and non-signers. The system can be further optimized through additions to the 
dataset and real-time error correction in order to enhance the system’s robustness in 
practical deployments.
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Fig. 10 Model accuracy and loss curves for sign-to-text translation 

Fig. 11 Model accuracy and loss curves for speech-to-sign translation

The bidirectional sign language translation system allows the Deaf and Hard of 
Hearing (DHH) to communicate fluidly with the non-signers (those who do not use 
sign language). With an accuracy of 90.2% on the Sign-to-Text module, provided 
by Inception V5, the ASL hand gestures can be detected and classified as text with 
high precision (91.7%) and low inference time (50 ms). This guarantees ASL user’s 
capability to communicate with the non-signers in real time, with the least delay. 
It was demonstrated that the system could work well in real world scenarios under 
different lighting, hand orientations and signing styles.
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Likewise, the Speech-to-Sign module tracks a speaker’s utterance and transcribes 
the spoken language into ASL representations at 94% accuracy, rendering it quite 
effective for speech communication. Word transcriptions are accurately mapped to 
either ASL letter spellings or predetermined sign animations via the system, resulting 
in the proper representation of what is spoken. There are slight variations in validation 
accuracy as random people utter speech in different pronunciations and there is inter-
ference noise in the background however the system remains stable and responsive 
processing speech input dynamically and generating precise ASL outputs. 

The multi modal integration of this system is one of its key strengths as it allows it 
to work Bi- directionally between ASL users and non-sign users. This approach works 
unlike conventional translation tools which do translation as unidirectional transla-
tion (either sign to text or speech to text) but this approach is based on deep learning 
recognition and speech processing for real time and adaptive communication. With 
additional optimizations through modified preprocessing, data augmentation, and 
model improvements, the system is further improved in performance and is there-
fore a modular structure which can scale for educational, commercial and assistive 
applications. Further, the system’s capability of generalizing across different condi-
tions and eliminating the problem of misclassifying repercussions usually found in 
conventional sign language recognition models primarily due to the variability in 
hand shape offers good alternative sign language recognition models. Although the 
system reaches high accuracy and can operate online, challenges remain. Small fluc-
tuations in validation accuracy occur for both modules, with the former suggesting 
an improvement of gesture detection under occlusions, the latter speech processing 
in noisy condition, and the latter continuous ASL gesture recognition for fluid ASL 
to English translation. Further enhancements in the future may entail the widening 
of the ASL vocabulary, as well as adding in the ability for recognizing gesture based 
contextual understanding, and finally, the inclusion of animated sign synthesis in real 
time. 

With this research, a new bidirectional communication system is presented that 
consists of advanced deep learning and AI enabled a transcription system to convey 
spoken language to visual languages and vice versa. This system is capable of 
achieving real time interaction and even by virtue of this it provides the base for 
the inclusive and scalable sign language translation solutions that will pave the way 
toward the universal accessibility of human communication. 

5 Conclusion 

This research introduces a comprehensive, real-time, bidirectional communication 
system that facilitates seamless interaction between ASL users and non-signers. 
By integrating Inception V5 for accurate ASL gesture recognition and Whisper AI 
for robust speech transcription, the system effectively bridges the communication 
gap in dynamic environments. Experimental evaluation demonstrates high accuracy,
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precision, and real-time responsiveness, validating its applicability for educational, 
assistive, and public use cases. 

The novelty of the proposed system is reflected in its dual-model synergy, multi-
modal input handling, and adaptable output generation using both static and animated 
ASL representations. Furthermore, the modular system architecture supports future 
scalability and integration with broader language resources. With ongoing enhance-
ments, including animated sign synthesis, contextual gesture interpretation, and 
multilingual support, the platform has the potential to revolutionize inclusive 
communication tools for the DHH community and beyond. 
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Automated Papaya Fruit Classification 
Using CNN Models 

Rupa Lalam, Premkumar Borugadda , K. Lavanya, and Vinoda Nadella 

Abstract Every year, a large number of papaya farmers suffer significant losses 
due to diseases affecting their crops. Unfortunately, many of these farmers lack 
the knowledge and tools to detect these issues early on. Often, by the time the 
disease is noticed, the fruits are already damaged and can’t be saved. Because of 
this recurring problem, some farmers have even become hesitant to grow papaya 
again. To help address this issue, researchers have turned to deep learning technolo-
gies to develop a system that can automatically detect and classify the condition of 
papaya fruits. In this study, papaya samples were collected from farms in Vijayawada, 
Andhra Pradesh. The goal was to classify the fruits into three categories: unripe, ripe, 
and defective. A dataset containing 4500 images (1500 each category) was created. 
These images were pre-processed through steps like resizing, normalization, and 
label encoding to get them ready for model training. Several deep learning models 
were developed from scratch, including CNN, AlexNet and VGG16, to perform the 
classification task. Among these, a custom CNN model with 12 convolutional layers 
and 3 fully connected layers delivered the best results, achieving a test accuracy 
of 94.22%. This research demonstrates how deep learning can play a key role in 
automating agricultural processes, especially for tasks like fruit classification and 
quality checking.
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1 Introduction 

Papaya (Carica papaya) is a tropical fruit and is highly nutritious, rich in vitamins 
C and A. In 2022–23 the papaya production in India is 6.56 million metric tons 
and in Andhra Pradesh it was 978,000 metric tons. The papaya tree typically grows 
between 2 and 10 m tall. Its fruit is well known for its naturally sweet flavor, vibrant 
color, and versatility, making it easy to include in various dishes. Defective fruits 
cause economic loss and may affect health. Early detection of defects in fruits is 
crucial for preserving their quality, maintaining nutritional value, ensuring consumer 
satisfaction and preventing financial losses for producers. 

In recent times, image processing techniques have been employed in various stages 
like cultivation, harvesting, and post-harvest management to enhance productivity, 
quality assessment, and disease detection. Determining the maturity status of fruits is 
crucial for assessing their eating quality and deciding the appropriate storage duration 
before consumption [1]. Identifying the maturity of papaya fruit will greatly support 
farmers to avoid under-matured or over-matured papaya harvesting. Computer vision 
generates detailed descriptions of physical objects based on images [2], while image 
processing can reveal finer details like shape and color. Because color plays a critical 
role in fruit quality, defects may go unnoticed during manual sorting. Automated 
systems, on the other hand, can detect these defects, improving quality and boosting 
economic value. Removal of noise is done in the pre-processing to attain high quality 
features [3]. This research offers a practical solution for the agriculture sector by 
introducing an automated deep learning system that helps farmers accurately identify 
the quality of papaya fruits, reducing losses and supporting more confident crop 
management decisions. 

The deep learning techniques, convolution neural networks are a commonly 
employed method in image-based data applications. CNNs are a type of deep learning 
algorithms primarily used for image recognition and processing tasks. They are 
particularly effective for tasks involving visual data because they can learn spatial 
hierarchies, or patterns within images, in a way that makes them highly suitable for 
recognizing objects, faces, and even minute details. 

Here the present study undertaken to classify the defects and maturity categories 
based on the extracted images features of the papaya fruits using the customized 
CNN model, Alexnet, VGG16. 

This work is justified by the growing need for efficient, technology-driven solu-
tions in agriculture. By using image processing and deep learning, farmers can now 
identify papaya maturity and defects more accurately and at the right time. This not 
only boosts productivity but also helps minimize losses and improve fruit quality for 
the market.
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1.1 Objectives 

1. To create an image database for different maturity levels and defects in quality 
of papaya fruits 

2. To develop a custom CNN, AlexNet, VGG16 
3. To compare the efficiency of developed algorithms. 

1.2 Limitations

• Needs a Lot of Data to Learn Well: When you build a model from the ground 
up, it usually needs no. of examples to really understand patterns. If the dataset 
is small, the model may just memorize what it sees instead of actually learning.

• No Augmentation, No Robustness: Without adding variations like flips, rotations, 
or noise to your training data, the model only learns one version of reality. As a 
result, it might struggle when faced with even small changes in new data.

• Tends to Overfit on Small Datasets: Training without techniques like dropout or 
early stopping, the model can easily become too confident about the training data 
and completely miss the mark on test or real-world inputs.

• Takes More Time and Power to Train: Starting from scratch means longer training 
times and heavier use of hardware like GPU. It can be slow and expensive 
compared to using existing models or transfer learning techniques. 

2 Literature Review 

Chen et al. [4] introduced a novel image dataset with 23,158 examples across nine 
classes of papaya fruit diseases, along with a robust disease detector named Yolo-
Papaya. This detector is based on the YoloV7 detector and incorporates a convolu-
tional block attention module (CBAM) attention mechanism. Yolo-Papaya achieved 
an overall mean average precision (mAP) of 86.2%, with performance exceeding 
98% in categories like “healthy fruits” and “Phytophthora blight.” This detector 
and dataset are suitable for practical fruit quality control applications and provide a 
strong benchmark for papaya fruit disease detection. The dataset and source code are 
publicly available on the project page, promoting study reproducibility and research 
advancement in this field. 

De Moraes et al. [5] developed an efficient conveyor system supported by image 
processing and a transfer learning approach. A dataset comprising 1109 images 
of over-mature papayas, 1054 images of mature papayas, and 1367 images of 
immature papayas was used to train a CNN. Models including EfficientNetV2B1, 
MobileNetV3, ResNetRS50, and VGG19 were employed for training. Among these, 
MobileNetV3 demonstrated the best performance, achieving 100% accuracy within 
10 epochs and a loss of 0.006%. EfficientNetV2B1 also reached 100% accuracy but
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had a higher loss of 0.31%. ResNetRS50 similarly achieved 100% accuracy with a 
loss of 0.54%. VGG19 showed the lowest performance, achieving 100% accuracy 
only after 30 epochs, with a loss of 151.37%. Therefore, MobileNetV3 was identified 
as the most accurate model for classifying the maturity status of papaya fruits. 

Behera et al. [6] proposed a model for classification of papaya fruits based on 
maturity by a deep learning model. The dataset included 300 high-resolution images 
categorized into three classes: Mature (Class 0), Partially Mature (Class 1), and 
Unmature (Class 2). To improve computational efficiency without affecting quality, 
the images were resized to 128 × 128 pixels and labeled manually. The model 
used VGG16, a convolutional neural network (CNN) known for object recogni-
tion. Compared to earlier models like AlexNet, VGG16 improves accuracy by using 
multiple 3 × 3 convolutional filters instead of larger ones. This method enhances 
feature extraction and pattern recognition. VGG16 eliminated the need for manual 
feature extraction and achieved 100% accuracy with a training time of 1 min and 
52 s. While deep learning models typically require large datasets and longer training 
times, this model effectively classified papaya maturity with high precision. 

Agarwal et al. [7] stated that deep learning algorithms for predicting fruit matu-
rity and quality, specifically focusing on the shelf life of bananas. Two datasets 
were used: a custom dataset of 2100 banana images categorized as ripe, unripe, and 
over-ripe (with 700 images per category) and the Fruit 360 dataset from Kaggle. 
To expand the dataset, image augmentation techniques were applied, increasing the 
dataset size to 18,900 images. Models used both a custom-built convolutional neural 
network and the AlexNet architecture to analyse multiple datasets. Custom dataset, 
the CNN performed exceptionally well, reaching an accuracy of 98.25%, while 
AlexNet achieved 81.75%. An augmented version of the same dataset, the results 
improved even further—CNN reached 99.36% accuracy, and AlexNet slightly edged 
it out with 99.44%. For comparison, tested both models on the Fruit 360 dataset, 
where CNN achieved 81.96% and AlexNet scored 81.75%. Overall, these results 
highlight that our custom CNN model consistently delivered the best performance 
in classifying banana ripeness and assessing fruit quality across all three datasets. 

Mundhada et al. [8] explored how artificial intelligence, especially deep learning, 
can support the agricultural sector—particularly in the handling of fruits and vegeta-
bles. With agriculture playing a vital role in economic development, the increasing 
demand for fresh, ripe produce has made it necessary to adopt advanced technolo-
gies. Deep learning, and specifically Convolutional Neural Networks (CNNs), have 
shown great potential in analysing images and identifying key features. Their study 
focused on classifying fruits by ripeness using a dataset of 9997 images from 15 
different fruit types. By applying deep learning techniques, they achieved an accu-
racy of 90.24% in fruit detection and maturity grading, highlighting the effectiveness 
of AI in improving quality control and efficiency in fruit production. 

Risdin et al. [9] introduced an efficient method for detecting fruits using deep 
convolutional neural networks (CNNs). Their goal was to create a fast, accurate, 
and reliable system that could identify various fruit types using machine learning. 
Since recognizing fruit images can be challenging due to their diversity, CNNs were 
used to automatically extract features and improve detection accuracy. A dataset
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Table 1 A list of advancements involving papaya through the use of deep learning 

Author and year Model Fruit Accuracy (%) 

De Moraes et al. [5] YoloV7 Papaya fruits (healthy fruit and 
Phytophthora blight) 

86.2 

Jayabandu et al. [10] MobileNetV3 Papaya fruits (over mature, 
immature, mature) 

100 

Masawabe et al. [2] VGG16 Papaya fruits (partially mature, 
unmature, mature) 

100 

Aherwadi et al. [11] AlexNet Bananas (maturity and quality) 99.44 

Mundhada et al. [8] CNN Fruits (defect and 3 stages of 
maturity) 

90.24 

Risdin et al. [9] CNN Fruits (four different classes) 99.89 

made from commonly found fruits was used to test the model, and CNNs clearly 
outperformed traditional approaches like support vector machines that rely on manual 
feature extraction. The model was later retrained using 2403 images of four different 
fruit categories, all captured with a smartphone camera. It achieved an impressive 
accuracy of 99.89%, showing its strong potential for real-world fruit recognition 
tasks (Table 1). 

3 Methadology 

This section discusses about the papaya classification framework, datasets and 
hardware configuration details. 

Figure 1 shows the classification process, which is carried out in five main steps: 
collecting the data, preparing it through preprocessing, extracting important features, 
classifying the data, and finally, evaluating how well the trained models perform.

3.1 Dataset 

Data plays a pivotal role in any research. In this study, the benchmark dataset utilized 
is the papaya dataset, which is sourced from the papaya farm collection and has a 
total size of approximately 11.4 GB. The papaya dataset comprises 4500 images 
representing 3 different papayas, like unripen, ripen, defect as shown in Fig. 2.

This research specifically focuses on images of papaya fruits. The dataset provides 
a different set of images classify into three classes of papaya fruits. Table 2 illustrates 
the distribution of images across each class the unripen images of 1500 and ripen 
category of 1500 and finally the defect papaya images of 1500 and for training,
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Fig. 1 Framework architecture

unripen unripen unripen 

ripen ripen ripen 

defect defect defect 

Fig. 2 Different classes of papaya images
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Table 2 Dataset 

S. No. No. of classes No. of images 

1 Unripen 1500 

2 Ripen 1500 

3 Defect 1500 

Total images 4500 

Table 3 Dataset structure used in models 

S. No. Name of the 
classes 

Number of 
training images 

Number of 
validation 
images 

Number of 
testing images 

Total number of 
images 

1 Defected 1200 150 150 1500 

2 Ripen 1200 150 150 1500 

3 Unripen 1200 150 150 1500 

Total images 3600 450 450 4500 

validation and testing of model the dataset distribution of papayas was shown in 
Table 3. 

3.2 Image Pre-processing 

The initial phase involves preprocessing the input image data, which has a size 
of (height, width, color) = 227 * 227 * 3. This is accomplished through a series of 
operations. The dataset classes are first labelled using label encoding, followed by the 
application of a one-hot encoding technique. The class labels include unripen papaya, 
ripen papaya, defected papaya which are originally in text form. Since text data 
cannot be directly interpreted by machine learning models, it needs to be transformed 
into numerical format. Label encoding is utilized to assign integer values ranging 
from 0 to n − 1, where n represents the total number of classes (n = 3), based 
on their alphabetical order. one-hot encoding is employed as a method to handle 
categorical variables, creating new attributes corresponding to the unique values of 
the categorical data [12]. Finally, the pixel values of the images are scaled to a range 
between 0 and 1 to normalize the data for better model performance. 

3.3 Feature Extraction 

In the feature extraction stage, important details from papaya images are converted 
into numerical values that can be used for classification. The architecture of the
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Fig. 3 Architecture of custom CNN model 

custom CNN model, illustrated in Fig. 3, includes 9 convolutional layers dedicated 
to extracting features from images of unripe, ripe, and defective papayas during the 
training phase. For classification, the model uses 3 fully connected (FC) layers. Each 
input image is resized to 224 × 224 pixels and passed through convolutional layers 
using 3 × 3 filters. These filters help in identifying patterns and textures within 
the images. To maintain the image dimensions during convolution, same padding is 
applied, and the ReLU activation function is used after each convolution to introduce 
non-linearity. Max pooling layers follow some of these convolution steps to down 
sample the image, reducing its size while keeping the essential features. At the final 
stage, a softmax activation function is used in the output layer to classify the images 
based on the probability of each category. This structure allows the deep learning 
model to effectively process and categorize the papaya fruits after extracting relevant 
features. 

The Alexnet had the five convolution layers to extracts the features for better 
model learning, and 3 fully connected layers for classification of the given 3 classes 
of papaya fruits (defect, ripen, unripen) with hep of softmax activation function to 
obtain in probability for of classification as shown in Fig. 4. Similarly, for the VGG16 
has the 13 convolutional layers and 3 fully connected layers for extraction of features 
and classification of different classes with great accuracy score as shown in Fig. 5.

3.4 Classification of Images 

In image classification, the fully connected layers in each model play an important 
role in making the final decision. These layers use the features extracted by earlier 
layers and, with the help of activation functions, different activation function is used 
like softmax mostly used for finding in probability ratio to classify the image into 
the correct category. In this work, the custom CNN is designed with 3 FC layers to
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Fig. 4 Architecture of AlexNet model 

Fig. 5 Architecture of scratch VGG16 model

classify papayas into three different classes. Similarly, both AlexNet and VGG16 
also include 3 FC layers at the end of their architectures. Among these models, the 
one that gives the highest accuracy is considered the best for classifying the papaya 
images. 

3.5 Evaluation Metrics 

For both binary and multi-class classification tasks, a confusion matrix is critical 
for analysing model performance. In multi-class classification as shown in Table 4, 
where the dataset contains more than two classes, the evaluation metrics for each
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Table 4 Confusion matrix for multi class classification 

Predicted classes 

Actual classes C1 C2 … CK 

C1 TP1 

C2 TP2 

… … … … … 

CK TPK 

The “TP” means true positive 

class must be calculated individually. The overall performance is then aggregated 
using specific averaging techniques. 

To evaluate the effectiveness of classification models, metrics like “weighted-
average precision, recall, and F1-Score” are frequently employed [13, 14]. Perfor-
mance measures, including Micro-averaging, Macro-averaging, and Weighted-
averaging, are widely used. 

Common Averaging Method 

1. Macro-averaging (MA): It works by computing the metric separately for each 
class and then averaging the results without giving any class extra weight. So, 
every class is treated equally, no matter how many samples it has. 

MAPrecision = TPA/(TPA + FPA) + TPB/(TPB + FPB) + TPC/(TPC + FPC) 
N 

(1) 

MARecall = TPA/(TPA + FNA) + TPB/(TPB + FNB) + TPC/(TPC + FNC) 

N 
(2) 

MAF1_Score = F1 scoreA + F1 scoreB +  · · ·  F1 scoreK 
N 

(3) 

N = Number of classes. 

4 Results 

4.1 Experimental Setup 

See Table 5.
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Table 5 Hardware configurations 

S. No. Hardware and software Features 

1 Memory (RAM) 8.00 GB 

2 Processor 11th Gen Intel(R) Core (TM) i5-1155G7 @ 2.50 GHz 
2.50 GHz 

3 Operating system Windows 11 and 64 bits 

4 Integrated development 
environment (IDE) 

Googlecolab 

Table 6 Hyperparameters of CNN models 

S. No. Hyperparameters Optimal values 
at FC of CNN 

Optimal values at FC 
of VGG16 

Optimal values at FC 
of AlexNet 

1 No. of dense layers 3 3 3 

2 No. of neurons in 
dense layers 

1024, 1024 4096, 4096 4096, 4096 

3 Activation function at 
dense layer 

Relu Relu Relu 

4 Activation function at 
output layer 

Soft max Soft max Soft max 

5 Optimizers SGD SGD SGD 

6 Learning rate 0.0001 0.001 0.001 

7 Dropout 0.5 0.5 0.5 

4.2 Hyperparameters Tuning 

See Table 6. 

4.3 Results 

4.3.1 Custom CNN 

This section presents the analysis of results obtained from a custom CNN model 
comprising 9 convolutional layers and 3FC layers. The model was specifically 
developed to classify papaya images using a balanced dataset. The classification 
process was carried out by the FC layers, which transformed extracted features. No 
dimensionality reduction techniques were applied during the evaluation. 

The CNN architecture consists of 9 convolutional layers responsible for feature 
extraction, followed by 3 FC layers that facilitated classification. The model training 
and validation performance are illustrated in Fig. 6a, b, showing the loss and accuracy 
of the custom CNN model. During training, the model achieved an accuracy of
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95.92%, with a corresponding loss of 11.26%. The validation phase resulted in an 
accuracy of 93.33% and a loss of 14.34%. The test accuracy of the model was 
determined to be 94.22%. 

Confusion matrix for the CNN model with 3 fully connected layers is illustrated 
in Fig. 7. Out of 450 validation images, the model correctly classified 424 samples, 
while 26 samples were misclassified. The classification report shown in Fig. 13a for  
the CNN model presents a comprehensive evaluation of its performance in papaya 
image classification. It covers important measures like precision, recall, and the F1 
score, which help us understand how accurate the model is and how well it performs 
overall. These metrics help assess how well the model identifies and classifies papaya 
images, ensuring a detailed understanding of its strengths and areas for improvement. 

Fig. 6 a Training and validation accuracy, b training and validation loss 

Fig. 7 Confusion matrix on 
CNN from scratch
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4.3.2 AlexNet 

The experimental results were conducted, where the AlexNet model was built from 
the ground up. It was trained using a well-balanced benchmark papaya dataset to 
effectively extract essential features for classification. The classification process 
utilized the fully connected layers of AlexNet for feature extraction. The assess-
ment was conducted on the performance of the classification model without applying 
dimensionality reduction. 

AlexNet comprises 5 convolutional layers, and its 3 fully connected layers were 
utilized to extract meaningful features from papaya images. Figure 8a, b describes 
the training and validation loss curve, and the training and validation accuracy of 
the AlexNet model. The model achieved a training accuracy of 75.11%, with a 
corresponding training loss of 45.45%. Furthermore, the AlexNet model achieved a 
validation accuracy of 75.56% and a validation loss of 42.01%. The overall test accu-
racy of the model was recorded at 75.55%, indicating its effectiveness in classifying 
papaya images. 

Confusion matrix for the 3FC of AlexNet is presented in Fig. 9. Among 450 
validation image samples, 340 were correctly predicted (CP), while 110 were incor-
rectly predicted (WP). The classification report for the 2FC of AlexNet without 
dimensionality reduction is provided in Fig. 13b. This table outlines the accuracy, 
precision, recall, and F1 score of the developed AlexNet model with macro average 
of each class precision, recall, F1score of papaya fruit. These classification report 
help to assess how well the model identifies and classifies papaya images, ensuring 
a detailed understanding areas for improvement.

Fig. 8 a Accuracy of training and validation, b loss of training and validation dataset 
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Fig. 9 Confusion matrix on 
AlexNet from scratch 

4.3.3 VGG16 

VGG16 has 13 convolutional neurons and in that 3FC are utilized for the features 
extraction of the papaya images for useful information. Figure 10a, b illustrates the 
training and validation loss curves, along with the training and validation accuracy of 
the 3FC VGG16 classification model. The model achieved a highest training accuracy 
of 97.92%, with a corresponding training loss of 4.93%. Additionally, the validation 
accuracy and validation loss were recorded as 89.33% and 36.42%, respectively. The 
final test accuracy of the VGG16 model is 90.88%. 

The confusion matrix for the 3FC of VGG16 is presented in Fig. 11. Among 
450 validation image samples, 409 were correctly predicted (CP), while 41 were 
incorrectly predicted (WP). The classification report for the 3FC of VGG16 without 
dimensionality reduction is provided in Fig. 13c. This table outlines the accuracy,

Fig. 10 a Accuracy of training and validation, b loss of training and validation 
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Fig. 11 Confusion matrix 
on VGG16 from scratch 

precision, recall and F1 score of the developed VGG16 model with weighted average 
of each class precision, recall, F1score of papaya fruit. 

4.4 Evaluating and Comparing the Accuracy of CNN Models 

4.4.1 Comparison of Accuracy of the CNN Models 

The deep learning models developed from scratch were evaluated for classifying 
three different categories of papaya fruits. The models implemented, including CNN, 
AlexNet and VGG16, were assessed based on important performance measures like 
accuracy, precision, recall and the F1 score are calculated using the values from the 
confusion matrix. These metrics help assess how well the model is making predic-
tions. A comparative analysis of these metrics was conducted to identify the most 
effective model for papaya fruit classification. 

When a model shows very high accuracy during training (95%) but performs 
much worse on validation (70%) and testing data (68%), it’s a sign of overfitting. 
This means the model has learned the training data too well—almost like memorizing 
it—and can’t handle new, unseen data effectively. Conversely, the training accuracy 
is 90%, with validation and testing accuracy close at 88% and 87%, respectively, the 
model demonstrates good generalization, performing consistently across all datasets. 

Table 7 presents a detailed comparison of the Custom CNN, AlexNet, and VGG16 
models, highlighting their training and testing accuracies, along with the total number 
of parameters-including both trainable and non-trainable ones. The table also reflects 
how each model performed in classifying papayas into the three categories, showing 
both correct and incorrect predictions out of a test set of 450 images. This analysis
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helps in understanding how well each model generalizes and handles real-world 
classification of papaya fruits. 

In Fig. 12 bar chart highlights the performance comparison between three deep 
learning models Custom CNN, AlexNet, and VGG16 used to classify papaya fruits 
into three categories. Among them, the Custom CNN model outperformed the others, 
achieving the highest test accuracy of 94.22%, followed closely by VGG16 and 
then AlexNet. Figure 13a–c presents the detailed classification reports for each 
model, including metrics such as accuracy, precision, recall, and F1-score, show-
casing their effectiveness in supporting better papaya cultivation through accurate 
fruit classification. 

Table 7 Performance comparison of CNN models 

Model Tr.A (%) Te.A (%) V.S (450) T.P Tr.P N.T.P 

CP WP 

CNN 94.22 94.22 424 26 104,294,915 104,294,915 0 

AlexNet 75.11 75.56 340 110 46,760,707 46,760,003 704 

VGG16 97.92 90.88 409 41 268,545,671 134,272,835 0 

Note Tr.A training accuracy, Te.A test accuracy, V.S validation samples, C.P correct predictions, W.P 
wrongly predicted, T.P total parameters, Tr.P trainable parameters, N.T.P non-trainable parameters 
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Fig. 12 Performance comparison of CNN model
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Fig. 13 Classification reports of a custom CNN, b AlexNet, c VGG16 

5 Conclusion 

The results clearly show that the custom CNN model performed the best among the 
three, achieving a test accuracy of 94.22%. This indicates that the model is highly 
effective in accurately identifying the ripeness and defects in papaya fruits. While 
VGG16 also showed strong performance with an accuracy of 90.88%, it still fell 
slightly short of the custom CNN. On the other hand, AlexNet lagged behind with 
an accuracy of 75.56%, suggesting it may not be as suitable for this specific classi-
fication task. Overall, this comparison highlights the importance of designing task-
specific deep learning models for better accuracy and performance in agricultural 
applications. An automated deep learning-based tool that assists farmers in accu-
rately identify papaya fruit quality. By enabling early detection and classification, 
the system can help reduce crop losses and encourage farmers to cultivate papaya 
with greater confidence.
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6 Future Research Direction 

This research can be further strengthened expand the dataset by collecting more 
diverse images of papaya fruits. This would help the model generalize better across 
real-world scenarios. To address the current limitations in variety, applying data 
augmentation techniques such as image rotation, flipping, and brightness adjustment 
can artificially increase the size and diversity of the dataset without additional manual 
effort. Principal Component Analysis (PCA). Additionally, building a lightweight, 
real-time detection system in the form of a mobile app or smart device would greatly 
benefit farmers, giving them instant feedback in the field. Future models could also 
be trained to detect not just ripeness and defects, but also common papaya diseases, 
offering a more complete health diagnosis. Combining different deep learning models 
or hybrid approaches with traditional machine learning methods may further improve 
performance. 
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Seamless EV Charging Through 
GPS-Guided Vehicle-to-Vehicle Power 
Transfer and Wireless Charging Lanes 

S. P. Vimal, S. Sivanika Sri, S. Trisha, and M. Vijaya Manogna 

Abstract This project revolutionizes electric vehicle (EV) charging by integrating 
GPS-enabled vehicle-to-vehicle (V2V) wireless power transfer with strategically 
deployed wireless charging lanes, offering a significant departure from conventional 
static methods. Through a dedicated user portal, EV owners can request on-demand 
charging assistance, activating precise GPS tracking of their location and facilitating 
the dispatch of mobile charging units or guidance to wireless charging infrastruc-
ture. Notably, the inclusion of wireless charging lanes allows EVs to automatically 
initiate charging upon nearing designated spots, seamlessly extending their range and 
reducing dependence on stationary infrastructure. This dual approach of mobile and 
in-road wireless charging significantly enhances the accessibility and convenience 
of EV charging, promising to overcome range anxiety and accelerate the adoption 
of electric vehicles. 

Keywords Vehicle to vehicle communication · GPS technology ·Wireless power 
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1 Introduction 

Addressing the growing adoption of electric vehicles (EVs) and the ongoing issues 
of range anxiety and charging accessibility in Coimbatore’s vibrant urban and peri-
urban environment, this project presents a distinctive and thorough solution: a syner-
gistic dual-system of GPS-enabled on-demand Vehicle-to-Vehicle (V2V) wireless 
power transfer, strategically combined with a forward-looking strategy for future 
wireless charging lane integration. This innovative method transcends the draw-
backs of traditional static charging infrastructure by providing an immediate, flex-
ible, and location-sensitive charging model tailored specifically to the unique require-
ments of Coimbatore’s developing transportation ecosystem. The foundation of this 
initiative is the creation of an intuitive mobile application utilizing accurate GPS 
technology. This enables EV owners experiencing energy depletion to effortlessly 
request a charge, relaying their precise location within Coimbatore to a centralized 
service platform. This activates the intelligent dispatch of strategically placed mobile 
charging provider EVs, successfully turning charging into a dynamic, on-demand 
service delivered straight to the user. Equipped with robust wireless power transmis-
sion systems, these mobile units offer a convenient and adaptable energy transfer 
solution across various real-world situations, from navigating busy urban thorough-
fares to reaching vehicles in more remote peri-urban areas surrounding Coimbatore. 
This proactive V2V charging capability signifies a notable improvement over fixed 
charging stations, delivering unmatched user convenience and directly alleviating 
range anxiety within the local context. Furthermore, acknowledging the long-term 
direction of sustainable transportation, this project strategically includes a research-
based framework for the future incorporation of wireless charging lanes into Coim-
batore’s infrastructure. While the immediate focus centers on the deployable V2V 
system, our detailed analysis of existing and emerging wireless charging technologies 
provides a thoughtful pathway for potential infrastructure development. This future-
oriented perspective guarantees that this initiative not only meets current charging 
requirements but also strategically aligns with and anticipates the advancement of 
seamless electric mobility solutions within the region. The distinctiveness and profes-
sional rigor of this project reside in its holistic, dual-pronged strategy, meticulously 
designed to the geographic and infrastructural specifics of Coimbatore, offering an 
immediate and flexible V2V charging solution while simultaneously establishing 
a well-informed vision and conceptual foundation for future seamless integration 
with dynamic wireless charging infrastructure. This comprehensive and adaptable 
approach positions Coimbatore as a potential leader in the implementation of a truly 
seamless and sustainable electric mobility ecosystem.
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2 Literature Survey 

The provided papers explore a spectrum of wireless charging technologies for electric 
vehicles, encompassing automatic initiation systems [1]. Proposes an automatic EV 
wireless charging system triggered by low battery, utilizing cloud data and service 
alerts for management [2]. Presents the design of a static IPT-based wireless EV 
charging system, discussing fundamental principles relevant to dynamic systems 
[3]. Proposes and validates a RIPT system for EV charging, detailing controller 
design and component sizing [4]. Reviews WPT technologies for EVs, emphasizing 
RIPT for automated and efficient charging infrastructure, with consideration for 
Coimbatore [5]. Offers an in-depth review of WPT for EVs, highlighting RIPT for 
automated and efficient charging infrastructure solutions relevant to Coimbatore [6]. 
Introduces a multisource system integrating solar roads and the grid for localized 
IR-triggered wireless charging of moving EVs [7]. Proposes and validates a short-
range resonant inductive coupling system for wireless EV charging [8]. Explores 
dynamic wireless charging using Archimedean coils in lanes to extend EV range, 
with misalignment analysis [9]. Investigates the effect of EV speed on battery SOC 
in dynamic wireless charging using Matlab Simulink [10]. Proposes a sustainable 
EV charging method combining solar power generation with WPT technology [11]. 
Presents a framework for predicting charging power in static and dynamic wireless 
EV charging, considering coil parameters and speed, with renewable energy inte-
gration for regions like Coimbatore [12]. Discusses a survey comparing inductive 
power pad and resonant magnetic field coupling for wireless charging of moving 
EVs [13]. Explores on-road wireless EV charging as a complement to fast charging 
within smart grids, analyzing benefits for load management [14]. Reviews and clas-
sifies WPT systems for EV charging, focusing on inductive coupling, compensation, 
converters, control, and coil design [15]. Proposes and validates a DWC system 
for EVs on highways, integrated with PV units and battery storage. Reviews recent 
advancements in dynamic and quasi-dynamic wireless charging for e-mobility, high-
lighting potential and challenges. Discusses EV charging limitations and proposes 
V2V wireless charging as an innovative solution for en-route charging. 

3 Proposed System 

This proposed dynamic wireless charging project aims to revolutionize electric 
vehicle (EV) charging through a comprehensive two-system architecture encom-
passing both the power transfer (transmitter) and the energy capture (receiver) mech-
anisms. The receiver system, seamlessly integrated into the EV, comprises essential 
components such as GPS technology for precise location awareness, a receiver coil 
designed to capture transmitted energy, a voltage sensor for real-time monitoring of 
power levels, and a Wi-Fi-enabled controller to ensure smooth and reliable communi-
cation. Complementing this, the transmitter system is engineered for mobility within
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the service team’s vehicle and incorporates a high-frequency inverter to generate the 
necessary power for wireless transfer, a transmitter coil to facilitate this energy trans-
mission, and a dedicated battery source to power the process. This detailed method-
ological breakdown provides a clear understanding of the development, practical 
application, and operational framework of this pioneering dynamic wireless charging 
system, which holds the promise of ushering in a new era of convenient and readily 
accessible EV power delivery within Coimbatore and beyond. 

The overarching system architecture sown in Fig. 1 outlines a revolutionary EV 
charging initiative employing a dual strategy of GPS location tracking and wireless 
power transfer to significantly enhance charging convenience and accessibility. The 
system leverages a GPS module for accurate EV positioning and a voltage sensor to 
continuously monitor battery charge levels. Power for the transmitter can be sourced 
from an onboard battery or an external power supply, which, when utilized, feeds a 
high-frequency inverter that subsequently powers a wireless transmitter coil. On the 
receiving end, a wireless receiver coil integrated into the EV captures this transmitted 
power, which is then converted and regulated by a rectifier to effectively charge the 
vehicle’s battery. A central power supply microcontroller serves as the intelligent 
core of the system, processing data from the GPS and voltage sensor and likely 
managing charging operations, while simultaneously maintaining communication 
with a cloud platform. Users requiring a charge can initiate a request via a service 
center portal, which activates GPS tracking and transmits the EV’s precise loca-
tion to a central web portal. This crucial information enables the efficient dispatch of 
mobile charging EVs (equipped with the transmitter systems) to wirelessly charge the 
requesting vehicle (featuring the receiver system). In parallel, the project envisions 
the strategic integration of wireless charging lanes into the existing infrastructure of 
Coimbatore. Approaching GPS-equipped EVs would automatically trigger the acti-
vation of built-in road transmitters, enabling wireless power transfer to the vehicle’s 
receiver coil as it moves. The central service portal plays a vital role in managing 
user requests, monitoring the locations of both requesting and charging vehicles, and 
overseeing both the on-demand mobile charging and the infrastructure-based wireless 
charging services. The cloud platform acts as a central communication hub, facili-
tating seamless interaction among vehicles, the service center portal, and potentially 
a user-facing application, ultimately striving to significantly improve EV charging 
convenience and promote wider adoption of electric mobility within Coimbatore.

4 Algorithm and Flowchart 

Step By Step Algorithm for the working of the project (Fig. 2):

1. System Startup: The electric vehicle’s monitoring and charging logic begins 
execution. 

2. Battery State Assessment: The current charge level of the vehicle’s battery is 
continuously evaluated.
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Fig. 1 Block diagram of the proposed system

3. Low Battery Condition Check: The system determines if the battery charge has 
fallen below a predefined critical threshold. 

4. Cloud Data Transmission (Low Battery): If the battery is identified as drained, a 
notification, along with relevant data points, is transmitted to the cloud platform. 

5. Charging Service Request Inquiry: The system checks if a request for charging 
assistance has been initiated, either automatically or by the user. 

6. Service Portal Notification (Charging Needed): When a charging service request 
is active, a notification is dispatched to the designated service portal to facilitate 
the charging process. 

7. Initiation of Wireless Charging: Upon confirmation of a service request, the 
wireless power transfer system is activated to begin charging the vehicle’s 
battery. 

8. Ongoing System Observation: The system continues to monitor the battery 
status and potentially other relevant parameters even after charging has 
commenced (as indicated by the feedback loop). 

9. Periodic Parameter Reporting (Normal State): If the battery is not in a drained 
state, the system periodically sends relevant operational parameters (such as 
battery level) as part of its regular reporting. 

10. Process Completion (Normal State): When the battery is not drained and the 
parameters have been transmitted, that particular cycle of monitoring and 
reporting concludes until the next assessment.
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Fig. 2 Flowchart of the 
project
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5 Simulation and Results 

5.1 Hardware Output 

The electric vehicle charging system prototype is shown in Fig. 3. The receiving 
vehicle is a small, four-wheeled platform on the left; it has a number of circuit 
boards (presumably for control, communication, and display), a yellow battery pack, 
an LCD screen, and a visible receiving coil. On a separate platform, the transmitting 
charging station is shown on the right. It has a transmitting coil, a larger black 
battery, and additional circuitry for power distribution and control. Because of their 
close proximity, the two coils show that the “electric car” and the “charging station” 
are being tested for inductive wireless power transfer. 

Transmitting Kit 

By using electromagnetic induction, the transmitting kit depicted in Fig. 4 is in 
charge of producing and sending wireless electricity to electric cars. It is made up of a 
transmitter coil, a high-frequency inverter, and a high-capacity battery. The necessary

Fig. 3 Final output 
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Fig. 4 Transmitting kit 

energy is stored in the battery and transformed by the inverter into high-frequency 
AC electricity to produce an alternating magnetic field. This field is projected by 
the transmitter coil installed in the service team’s car, enabling energy transfer to 
the receiver coil of the EV. For EV customers who require quick charging help, this 
configuration guarantees a mobile, on-demand charging system that lessens reliance 
on stationary charging stations and offers a flexible and effective power supply. 

Receiving Kit 

The reception kit shown in Fig. 5 is mounted inside the electric car, is made to 
absorb and transform the transmitter’s wireless power into electrical energy that can 
be used. It has GPS technology, a receiver coil, a voltage sensor, and an integrated 
Wi-Fi controller. In order to generate an electrical current that is subsequently trans-
formed into direct current (DC) for battery charging, the receiver coil absorbs the 
alternating magnetic field. While the Wi-Fi integrated controller enables smooth 
communication between the car and the service portal, the voltage sensor keeps an 
eye on battery levels to avoid overcharging or undercharging. As EVs get closer to 
approved charging stations, GPS tracking ensures that they receive power effectively, 
increasing accessibility and lowering range anxiety.

5.2 Software Output 

The dynamic wireless charging network’s software architecture serves as its back-
bone, facilitating smooth coordination and communication between service providers 
and electric vehicles. It has real-time tracking algorithms, a service site, and a mobile 
web application. Users can check the battery level of their car, request charging, and 
monitor service availability through the smartphone application. These requests are
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Fig. 5 Receiving kit

handled by the service portal, which assigns a nearby service truck with a trans-
mitter to react as soon as possible. By continuously monitoring EV locations and 
dynamically modifying charging parameters for optimal energy transfer, real-time 
tracking algorithms guarantee effective power deployment. This software-driven 
method promotes the broad usage of electric vehicles, reduces manual interven-
tion, and improves user convenience. Also, on successful completion of the charging 
of battery, the EV owners can make payment through the same webpage which has a 
button included in it. On clicking this button, the page gets redirected to any payment 
apps they have in their mobile phones. This ensures quick and easy payment for the 
charging done.

• Design of Charging Request page on Receiver side 

Figure 6 shows the user flow for starting and finishing of vehicle-to-vehicle charging 
session is described in 6. When a customer clicks the “REQUEST FOR CHARGING” 
button on the receiver side page, they initiate the charging process. After that, the 
transmitter side receives the request. The customer can enter the OTP they received 
from the transmitter side and click “CHARGE NOW” to start charging. After the 
charging is complete, the customer can click the “Pay via Gpay” button to pay using 
any UPI app. The customer is taken to the payment app after clicking this button.

Figure 7 demonstrates a screen within an electric vehicle (EV) charging appli-
cation, displaying a “Make Payment” interface. A listed entity titled “Available 
Charging Station” is presented, denoted as “EV Station 1,” accompanied by a map 
option. At present, the “Nearest Charging Station” section remains vacant. A modal 
dialog situated at the bottom presents payment methods, including “Amazon Pay 
UPI” and “GPay”. Also a “Do not ask again” option is provided for setting a default 
payment preferences.
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Fig. 6 Wireless EV charging APP interface with payment and charging station info

Fig.7 EV charging APP 
with access to GPAY or 
AMAZON pay
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Fig. 8 EV charging request with vehicle location coordinates

• Design of OTP generation page on Transmitter side 

Figure 8 demonstrates the interface of a wireless EV charging system, it shows that 
on April 17, 2025, at 6.31 P.M. IST, vehicle 1624 made a charging request. The 
system requires an OTP before the “CHARGE NOW” button can be used to start 
charging, as indicated by the “GENERATE OTP” button and input box. A pop-up 
for location access requests is also visible. 

This is the transmitter side page on which the status is displayed as ‘VEHICLE 
REQUESTED FOR CHARGING’ once the client sends the request. The exact loca-
tion i.e. the latitude and longitude of the customer vehicle is also shown on the page. 
On receiving the request, the server can generate an OTP by typing it on the input 
field box and click on ‘CHARGE NOW’. Then the OTP is sent to the customer page. 

5.3 Hardware Implementation 

A. NodeMCU (ESP8266) 

In the mobile charging devices and maybe in the wireless charging lanes, the 
NodeMCU (ESP8266) shown in Fig. 9 would probably act as the main control and 
communication device. Because of its integrated Wi-Fi, it’s perfect for:

• Communication with the User Portal: In order to receive charging requests, send 
the location of the mobile unit, and maybe provide the user with updates on the 
charging status, it can connect to the specific user portal.

• GPS Data Processing: To precisely track the location of the mobile charging unit, 
the NodeMCU may receive and process the GPS data from the NEO-6M module.

• Control of Charging Operations: It may be able to regulate the voltage and current 
delivered to the requesting EV by programming it to control the power transfer 
process.
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Fig. 9 NodeMCU 
(ESP8266) 

B. Voltage Detection Sensor Module 

In order to guarantee secure and effective power transfer, the Voltage Detection 
Sensor Module in Fig. 10 would be essential:

• Monitor the Voltage of Battery: The sensor checks the voltage of EV batteries in 
both the wireless charging lanes and mobile charging units to ensure that it stays 
within the allowed charging range.

• Prevent Overcharging or Undercharging: This system can guarantee required 
charging and also avoid overcharging by continuously monitoring the voltage, 
which would otherwise damage the battery.

• Feedback for Control Systems: During the charging process, the NodeMCU or 
other control circuits can use the voltage readings to modify the power output as 
necessary. 

C. NEO-6M GPS module 

The fundamental operation of the on-demand charging aid depends on Fig. 11 the 
NEO-6M GPS module:

• Accurate Mobile Unit Location Tracking: By giving the system precise GPS 
coordinates of the mobile charging units, this module enables the system to send 
the closest unit to the EV that is making the request.

• Location Reporting to the User Portal: EV owners will be able to track the location 
and anticipated arrival time of the mobile charging unit thanks to the transmission 
of GPS data to the user portal, most likely via the NodeMCU.

Fig. 10 Voltage detection 
sensor module 
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Fig. 11 NodeMCU 
(ESP8266) 

• Direction to Wireless Charging Infrastructure: The driver can also be directed 
to the closest accessible wireless charging lane using the GPS module in the 
requesting EV. 

D. Rectifier 

One essential part of the wireless power transmission system is the rectifier:

• Converting AC to DC Power: Alternating current (AC) is usually sent during wire-
less power transfer. To transform this AC power into direct current (DC), which 
is needed to charge the EV’s battery, a rectifier must be installed at the receiving 
end (in the EV or the mobile charging unit if receiving electricity wirelessly).

• Making Certain Compatibility: The rectifier makes sure that the EV’s battery 
receives power in the proper DC format and voltage range for charging. 

6 Conclusion 

In summary, by integrating mobile transmitters in service trucks and receivers in elec-
tric vehicles (EVs), this novel wireless charging system tackles the issues of insuf-
ficient charging infrastructure and range anxiety. Utilizing technology like GPS and 
Wi-Fi, it offers a distinctive charging experience that improves driving range, reduces 
battery dependency, and expands accessibility in Coimbatore. Ongoing research 
and development is part of the future scope in order to standardize procedures, 
increase efficiency, and incorporate this infrastructure into Coimbatore’s urban plan-
ning and transportation systems. This might establish Coimbatore as a leader in elec-
tric mobility innovation and make dynamic wireless charging a standard feature of 
EVs and public transportation, resulting in a more sustainable regional transportation 
system.
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Design and Implementation of a 5DOF 
Pick and Place Robotic Arm 

Kukka Bharat, Ayush, Aayush, Vamshi, Monika Goyal, and Nitu Chauhan 

Abstract This research study describes the design and implementation of a highly 
optimized 5-DOF robotic arm for cost-effectiveness, ease of use, and precise pick-
and-place operations. The key feature of the robotic arm designed here was to be 
a very affordable and performance-oriented device using high-torque actuators for 
smooth, accurate joint motion. Its structure was designed on CAD software and fabri-
cated in 3D printing, thus amenable to easy customization as well as lower production 
costs. By implementing a forward kinematics algorithm through the Denavit Harten-
berg parameter method, the location and orientation of the end-effector can be accu-
rately established. The graphical user interface developed is intuitive, allowing for 
control methods and automation. For serial communication of the control system, 
information communication is easier in order to ensure operation is smooth. This will 
hence be able to express a practical approach towards making robotic arms afford-
able, highly accurate, and user-friendly for multiple applications such as industrial 
automation and research platforms. With accessible fabrication techniques and robust 
control methods, the system presents a balanced solution for users who seek efficient 
and customizable robotic systems. 

Keywords Robotic arm · Forward kinematics · DH parameters · GUI · Inverse 
kinematics · Serial communication 

1 Introduction 

The history of robotics started when, in the year 1954, George Devol invented the first 
industrial robot. Since then, development in robotics has been vast and wide-ranging. 
In the last few decades, it has achieved immense progress. Today, robots have become
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unavoidable in many industries and transformed the industrial landscape of the world. 
From assembling parts to packaging, it is utilized on shop floors for the assembly 
of various components. In healthcare, surgical procedures demanding precision and 
complexity have been performed using robots. These impacts are obvious as robotics 
increasingly serves human activities in many areas, be it in its efficiency or safety. 

Robotic arms especially replicate the dexterity and precision of the human arm, 
which makes them indispensable in repetitive tasks as well as hazardous ones. 
Designing robots for different applications varies considerably. While humanoid 
robots are designed to mimic human form and behavior and emphasize natural inter-
actions, robots that are designed for healthcare have placed emphasis on precision, 
reliability, and safety in medical procedures. 

In this paper, we discuss our findings on designing and developing a 5-DOF 
robotic arm with cost-effectiveness, ease of use, and precise control. The main goal 
of our research work is to design a strong and efficient robotic arm that will pick and 
place items with high precision and reliability. 

2 Related Work 

The paper [1] explores the simulation results of 1DOF clutched robotic arm; his 
work on a unique mechanical design with clutches where the arm makes use of just 
one motor to generate multiple 3D modes of motion. The proposed system makes 
use of a clutch-gearing mechanism that is either activatable or DE activatable, for 
various rotational motions. Recently there were new robotic arms in SOPHIA [2] 
and ATLAS [3]. They operate rather smoothly, flexibly, and almost human-like, but 
they are also pretty expensive and complicated systems not for any nonprofessional 
end-users. 

Today, for humanoid and service robot’s arms are still key parts, and they need 
to be more anthropomorphic, low energy consumption and safe. To these purposes, 
many researchers developed designs for anthropomorphic arms like, for example, in 
[4, 5]. 

In [6] discusses the development and implementation of a miniature robotic arm 
that can control a larger robotic arm with three degrees of freedom. In [7] author 
utilized accelerometers; the components of the acceleration parallel to the assumed 
axes (X, Y, Z) have relation among themselves with the total magnitude. Angles, 
velocity are obtained accurately. 

In this [8] author discusses the design and path planning of a robotic arm designed 
for inspection of pipelines, more appropriately to pipeline inspection environments, 
requires detection of obstacles and avoiding obstacles while carrying out detailed 
inspections. IN [9] discusses about 2-axis and 3-axis robot manipulators, in [9] 4-axis, 
in [10] 5-axis, in [11] 6-axis. 

In [12] author discusses the design and development of a 6DOF, known as PC-
ROBOARM. Here, he considers the arm to be a three-link system wherein every 
joint is linked with a servomotor. The authors also introduce some software known
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Table 1 Specifications of the motors 

Joint Actuator Torque/step angle Range Voltage 

Base NEMA17 (metal gear) 4 kg cm/1.8 ∓ 360 12 V [14.1] 

Shoulder NEMA17 (metal gear) 4 kg cm/1.8 − 3 to  + 183 12 V [14.1] 

Elbow NEMA17 (metal gear) 4 kg cm/1.8 ∓ 360 12 V [14.1] 

Wrist SG90 (plastic gear) 1.2 kg cm 0 to 180 3.0–7.2 V [14.2] 

Gripper SG90 (plastic gear) 1.2 kg cm 0 to 180 3.0–7.2 V [14.2] 

Fig. 1 Design flow of the robot 

as SMART ARM(GUI) which helps in the design, simulation, and control of the 
robotic arm. 

3 System Design and Architecture 

This robot is having there NEMA17 Stepper motors at BASE, SHOULDER, ELBOW 
for higher torques and two SG90 servos at WRIST and GRIPPER for precise 
angular adjustments to facilitate controlled movements and precision across all joints. 
Designed a 3D CAD model of our robotic arm using SOLID WORKS [13] and we 
utilized 3D printer [14] to print all parts of the robot. In the control system, it will 
be the simplest and most cost-effective way by choosing the Aryabhata 805Micro-
Controller. Microcontroller will get Commands from our Graphical user Interface 
(GUI) and performs the actions on the actuators. Table1 Shows the torque, range and 
operating voltages of the actuators used in this project. 

In Fig. 1 the design flow of the robot is shown and then developed a Graphical 
user Interface using Python known as FlexArm5X. From this interface 8051µC will 
receive Commands using serial communication UART cable, and move the motors 
angles according to the commands received. 

4 Methodology 

“In mechanical systems study, it is always important to understand the motion of 
its different components. This is what defines kinematics: Kinematics is the study 
of motion of mechanical points, bodies and systems with due consideration of their
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own physical properties as well as forces acting on them. This basic concept makes 
engineers and scientists analyze motion systematically and not incorporate displace-
ment, velocity, and acceleration.” Finding Position and orientation of the end effector 
at the given joint angles is known as Forward Kinematics [15] the common way to 
implement forward kinematic is by using Denavit-Hartenberg (DH) [16] parameter-
ization a mathematical technique. first, we build a free body diagram of the robotic 
arm with this then we define coordinate frames at every joint, each frame is defined 
by four parameters known as DH parameters (link length (ai), link twist (αi), joint 
offset (di) and joint angle (θi). We will apply the Generic Link Coordinate Transfor-
mation Matrix from Base to End Effector. Figure 2 shows the Free Body diagram of 
the robot. 

With help of MATLAB library DH table Solver [17] forward kinematic is solved 
for the robot, this library takes DH parameters link length (ai), link twist (αi), joint 
offset (di) and joint angle (θi) as input and solves all the homogeneous transformation 
matrix, this is a powerful tool for solving Forward kinematics, In Figs. 3 and 4 we 
can observe the homogeneous transformation matrix which represents position and 
orientation of the end effector with respect to base frame in home position.

The visualization of the robot is made using Robotic Tool Box MATLAB [18] 
and DH parameters created in order to verify the robot DH parameters, as shown in 
Fig. 5 we could see all the links and distance between links, axes of rotation at each 
joint.

After solving Inverse kinematic using Analytical method the resolved θ1, θ2, θ3 
and θ4 are  

zreach = z − L1reach = r2 + Z2 reach 

θ1 = arctan 2(y, x) cos(θ3) = reach2 − L22 − L32 /2(L2L3) 
θ3 = arccos(clip(cos(θ 3) − 1, 1)) 
k1 = L2 + L3 cos(θ3) 
k2 = L3 sin(θ3) 
θ 2 = arctan 2(Zreach, r) − arctan 2(k2, k1) 
θ4 = 0

Fig. 2 Free body diagram of the 4DOF robot 



Design and Implementation of a 5DOF Pick and Place Robotic Arm 139

Fig. 3 Homogenous transformation matrix 

Fig. 4 Position and 
orientation of the robot from 
base (home)

Set of all the Positions and orientations that the robot’s end effector can reach 
comfortably (Reachable configuration of a robot) is known as Robots workspace [19] 
or a 3D volume of space that robots end effector can reach. The robot’s workspace is 
dependent on the length of the links and joints. Reachable Workspace is the volume 
of space the end-effector can reach in at least one orientation. Dexterous Workspace. 
The Workspace that the end-effector can reach with all possible orientations it is 
smaller than the reachable Workspace. Our robots work calculates and graph using 
python’s matplotlib library in Fig. 6 we can observe the workspace of the robot.

Whenever we work on any mechanical projects are being told before directly 
building the project first visualize the idea, this comes into life with the help of Soft-
ware’s like Free CAD, Solid Works etc.3D Modeling, simulation, motion analysis 
can be easily done by making use of these tools. In Fig. 7 we can observe the CAD 
design of the Robot, build using solid works.
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Fig. 5 Visualization of the robot

Fig. 6 Robots work space
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Fig. 7 CAD design 

5 Interface 

In Fig. 8, we have the Graphical user Interface of our project, with the help of UART 
cable we connect our PC to the 8051 MicroController Board. We have 5 sliders for 5 
motors, when all motors are at 90° that is the robots home position. When we move 
sliders right or left accordingly the angle will change in the robot, the GUI with serial 
communication sends commands to the 8051µC (like M1089 mentions the motor 
and 089 denotes the angle) Microcontroller is coded to receive the commands and 
perform action, when 8051µC receives a command, it will look at the corresponding 
motor changes angle to step in case of stepper motors. In interface we have Home 
button to set all the robot home configuration and Record Play buttons to perform 
specific task continuously (example: when Record Pick is used then after whatever 
changes made in sliders will saved in a array, when Play Pick is used all the angles 
stored in the array are passed as commands to the 8051µC) this is a simple interface 
that is used to communicate between user and Robot with the help of PC (Fig. 9).
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Fig. 8 GUI FlexArm5X

6 Results 

The developed 5-DOF Robotic Arm able perform the action that is coming from the 
interface to the 8051 microcontrollers. Whenever angle is changed in the interface 
that is transferred to the microcontroller in the form of a command (like HOM, 
M1090, M2180, etc..) then Motors Rotates accordingly. 

Variations in Angles as shown in Fig. 10, microcontroller programming involves 
the reception of commands through serial communication using PL2303 USB to TTL 
connector, whenever the command is received the microcontroller will calculates the 
required Steps and Direction for stepper motors and Pulse Width for servos and move 
to required position. Figure 11 shows the Robot position after performing the angle 
variations made in the FlexArm5X (GUI).
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Fig. 9 GUI FlexArm5X
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Fig. 10 Angle variations 

Fig. 11 Robots position 
after motion
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7 Conclusion 

The implementation of the 5-DOF robotic arm for pick-and-place operations is 
working very precisely. Challenges such as cost efficiency, precision, and user-
friendliness have been effectively addressed. By combining forward kinematics using 
Denavit Hartenberg (DH) parameters with a custom graphical user interface, the 
system has demonstrated reliable performance in pick-and-place tasks. The use of 
3Dprinted components significantly contributes to affordability, while high-torque 
stepper motors ensure consistent and accurate movements. Through the integration 
of hardware and software, the robotic arm successfully full fills its intended purpose. 
This project highlights the potential of leveraging accessible fabrication techniques. 

Future work: could focus on improving the arm’s capabilities to make it even more 
user-friendly, Implementing Forward and Inverse Kinematics, trajectory Planning 
and Path Planning to make automations tasks. 
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Enhancing Retail Insights: Introducing 
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Learning 
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and Amit Nayak 

Abstract Enhancing retail decisions requires knowledge of how customers buy 
their products. Determining how customers group their purchases and anticipating 
more items they would buy constitutes a complex problem for retail companies. The 
research investigated ways to solve this problem by implementing a dynamic asso-
ciation rule mining algorithm which discovered valuable item relationships along 
with frequent itemsets. The interpretation of extracted patterns received enhance-
ment through the utilization of a custom synergy score combined with zhang’s score. 
The developed metrics generated more sophisticated understanding of item asso-
ciation insights which performed better than standard evaluation approaches. The 
pattern discovery results produced a significant enhancement because the highest 
synergy score reached 1.097 and the average score exceeded 1 which indicated more 
accurate and relevant mined rules. The proposed approach demonstrated superior 
performance than deep learning models which were used for comparison purposes. 
Analyzed findings enable businesses to use them for personalizing marketing strate-
gies and inventory control and retail strategy development to support their data-driven 
decision-making while better serving client needs. The research presents an improved
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method which analyzes buying patterns for customers while deriving meaningful 
business insights from retail information. 

Keywords Retail analytics · Dynamic association rule mining · Synergy score 
metric · Indian retail dataset · Deep learning comparison · Customer purchase 
behavior 

1 Introduction 

From its beginning the retail sector established a record of dynamic adaptation 
to customer needs and industry developments [1]. The requirements of business 
necessitated genuine insights that allowed for better inventory optimization and 
customer satisfaction and profit maximization [2]. The analysis of retail sales 
data revealed that 90% went unused because there was limited insight potential 
[3]. Through data mining Walmart achieved supply chain excellence and Amazon 
generated 35% higher sales because of recommendation systems [4, 5]. Advanced 
analytical techniques for consumer behavior observation proved vital because they 
produced enhanced decision quality along with increased competitive position. To 
fulfill this requirement companies needed to develop new strategies which combined 
established and new technology platforms. 

The global market suffers annual billons of dollars from under-utilized data which 
results in retail loss [6]. H&M experienced $4.3 billion worth of losses in 2018 
because of inventory that did not sell [7]. The processing of modern retail data became 
difficult for traditional statistical analysis and basic clustering techniques [8]. The 
analytical methods of past times failed both in uncovering underlying patterns in data 
while also breaking down efficiently across large continuously changing datasets 
[9]. The limitations demonstrated that modern retail needs advanced methods for 
extracting valuable insights to support superior choices in retail operations. 

Previous research studies explored different AI and machine learning approaches 
for retail analytics without achieving satisfactory outcomes. Research conducted on 
retail sales forecasting with XGBoost and LSTM shows an RMSE of 0.878 [10]. 
The error measurement remains moderately accurate although it fails to produce 
meaningful prediction capabilities. These models demonstrate difficulties in prop-
erly understanding retail data complexity according to the research findings. The 
identified performance deficit requires advanced forecasting techniques to reach 
improved results. Recognition techniques used in customer segmentation encounter 
difficulties achieving accurate results especially during conditions of class imbal-
ance which results in unsatisfactory outcomes [11–13]. These approaches faced 
two major issues which made them unfit for real-world large-scale retail applica-
tions [14]. These outcomes established that retail analytics needed improved robust 
and efficient methods to achieve better results. In contrast to previous works that 
employed systematic datasets that offer simple patterns, our work is the first one to 
leverage a quite dynamic retail dataset, where pattern recognition is much harder
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than for classical deep learning architectures. For comparison, we have done with 
the traditional method such as RNN, LSTM, Bi-LSTM and our proposed dynamic 
rule mining method outperforms all of traditional model to discover the complex and 
subtle rules in such environments. 

The research objective focuses on using Association Rule Mining to study Indian 
retail store shopping behaviors to discover important interdependencies between 
commonly bought items. The research utilizes support metrics together with confi-
dence and lift measurements alongside a proprietary Synergy Score to supply retailers 
with valuable business intelligence regarding their inventory control as well as their 
cross-sales methods and promotional planning initiatives. Association Rule Mining 
yields effective results when applied to dynamic retail datasets according to deep 
learning model comparisons. 

The novel contribution of this paper: 

• The study created its own dataset from genuine Indian retail store shopping data 
which enabled the study of realistic buyer behavior patterns. 

• The method presents a dynamic association rule mining algorithm which controls 
support thresholds automatically through parallel processing while it discovers 
frequent itemsets. 

• A new evaluation system merged Zhang’s score and the custom synergy score to 
achieve improved data mining accuracy in extracted association rules. 

• The proposed methodology achieved superior performance than deep learning 
models RNN, LSTM and Bi-LSTM while remaining the only models used for 
benchmarking. 

2 Materials and Methods 

In this study, the first step involved Indian retail dataset analysis and subsequent data 
preparation before performing dynamic apriori association rule mining. Research 
outcomes based on evaluation metrics and synergy scores, receive deep learning 
model comparisons for complete analysis (Fig. 1).

2.1 Dataset Overview 

The dataset used in this study was created based on reports of shopping patterns 
in Indian retail stores. It included records of items frequently purchased together, 
such as ‘Bread’, ‘Honey’, ‘Bacon’, ‘Toothpaste’, ‘Banana’, ‘Apple’, ‘Hazelnut’, 
‘Cheese’, ‘Meat’, ‘Carrot’, ‘Cucumber’, ‘Onion’, ‘Milk’, ‘Butter’, ‘Shaving foam’, 
‘Salt’, ‘Flour’, ‘Heavy cream’, ‘Egg’, ‘Olive’, ‘Shampoo’, and ‘Sugar’. The dataset 
highlighted purchase patterns, such as a tendency for customers purchasing salt and 
onions to also purchase eggs, based on historical trends [15].
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Fig. 1 The flowchart shows the sequence of steps which includes preprocessing the Indian retail 
data and running dynamic apriori rules together with result assessments using deep learning models 
for association mining

2.2 Dataset Preprocessing 

A preprocessing step included various operations to fill zero values within missing 
data points then filter unneeded transactions to maintain relevant records followed 
by standard naming conventions across items. The data transactions were encoded as 
binary format through one-hot encoding technique [16]. A transaction appeared as a 
row while every column showed item purchase status as either (1) for buy or (0) for 
no buy. Frequent itemsets identification and meaningful association rule generation 
occurred after the dataset preparation process. 

2.3 Frequent Itemset Mining 

The apriori algorithm discovered all frequent itemsets within the dataset [17]. The 
algorithm discovers common item bundles through continuous item set addition until 
reaching a specific support requirement. Speaking of support detection determines 
the instance frequency of itemsets to reflect their practical value [18]. A particular 
calculation determines this value which can be seen in Eq. 1: 

s(X ) = 
Frequency of X 

Total Transactions 
(1) 

For example, the combination of Salt and Onion appears in 40 transactions from a 
total of 100 so their support rate is 0.4. The support threshold value helps identify
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important itemsets purchased with high frequency which are suitable for association 
rule generation. 

The support threshold (smin) adjusted automatically based on input dataset size to 
decrease unimportant combinations when working with small datasets but increase 
patterns for large datasets. The apriori algorithm determined candidate itemsets 
before removing those patterns with support levels lower than smin and focused 
on important patterns through efficient computational management. The identified 
frequent itemsets served as the foundation to produce association rules. 

2.4 Association Rule Mining 

Association rule mining found relationships between items inside the dataset [19]. 
The structure of an association rule follows X → Y which describes the behavior of 
buying items from set X leading customers to purchase items in set Y [20]. Through 
this analytical approach retailers can detect purchasing patterns to make evidence-
based strategic choices that enhance cross-promotional capabilities and maximum 
inventory distribution. 

The confidence metric (c) provided the measurement system to evaluate rule 
reliability. The probability that Y purchase will occur under conditions of X serves 
as a measure called confidence and can be calculated according to Eq. 2 [21]: 

c(X → Y) = 
s(X ∪ Y ) 
s(X ) 

(2) 

The calculation uses support of X and Y jointly designated as s(X ∪ Y) alongside 
X’s support value s(X). The analysis excluded weak associations by applying a 
threshold of 0.55 confidence because it helped identify strong patterns. 

The lift metric (l) assisted in determining the importance of the rules [22]. Lift 
determines rule strength by examining the ratio between X → Y’s observed associ-
ation and its target independence value [23]. The method for lift calculation appears 
in Eq. 3: 

l(X → Y) = 
c(X → Y) 

s(Y ) 
(3) 

When lift exceeds 1, the variable X enhances Y’s occurrence which signifies a 
positive correlation.
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2.5 Algorithm Optimization 

We optimized the apriori algorithm to achieve better performance and better scal-
ability. The process of removing low-frequency items took place before itemset 
generation to avoid superfluous calculations. The minimum support value adjusted 
automatically according to dataset size for maintaining appropriate relationships with 
processing requirements. Parallelization of computations enabled the algorithm to 
process extensive datasets at higher speed for larger datasets. The improvements 
reduced computational time by finding relevant patterns at minimal resource costs 
within the process. 

The Dynamic Association Rule Mining approach functions as a solution for elim-
inating both traditional association rule mining’s static limitations and deep learning 
models’ low capabilities with random and nonsequential retail data and inadequate 
evaluation measures. Dynamic support threshold adjustment combined with parallel 
operation and hybrid scoring allows the proposed approach to reach better accuracy 
rates while maintaining scalability and interpretability for decision support in India’s 
dynamic market environment. 

2.6 Evaluation Metrics 

Multiple evaluation metrics analyzed the derived association rules to establish their 
quality standards for obtaining complete insights about their application worth. These 
evaluation metrics analyzed the item-to-item connection strength to produce results 
which were both practical and significant. 

1. Support: The support evaluation metric provided information about itemset 
frequency by dividing transactions that include it against the total number of 
transactions. Support operated as a fundamental validation method to concen-
trate findings on established item patterns which grounded the rules with data 
evidence [18].  The formula  shown in Eq.  1. 

2. Confidence: The calculation for confidence measured likelihood by dividing 
transactions which include both antecedent elements against those with just 
antecedents. A proper assessment of rule reliability helps produce useful insights 
from associations identified through rules [21]. The formula shown in Eq. 2. 

3. Lift: Lift calculates the relationship strength between antecedent and conse-
quent items by dividing confidence by the support of the consequent item [24]. 
An association rule holds meaningful weight when its lift measure exceeds 1. 
The identification of meaningful and statistically significant patterns depended 
heavily on this particular measure [25].  The formula  shown in Eq.  3. 

4. Leverage: To calculate leverage the researchers used a statistical measurement 
which represented the independent value between observed patterns and calcu-
lated expected results when antecedents and consequents were statistically unre-
lated [26]. The logic system helped determine associations which transcended 
random chance relationships. The formula shown in Eq. 4.
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Lev(X → Y) = s(X ∪ Y ) − (s(X ) × s(Y )) (4) 

5. Conviction: The conviction value serves as a robustness indicator which shows 
how well the antecedent predicts the consequent absence. The rule’s reliability 
received additional validation when conviction values exceeded 1 [27]. The 
formula shown in Eq. 5. 

Conv(X → Y) = 
1 − s(Y ) 

1 − c(X → Y) 
(5) 

6. Zhang’s Metric: Zhang’s metric served as an evaluation method which evalu-
ated proportional antecedent-consequent differences while harmonizing between 
confidence levels and lift scores [28]. The approach proves valuable when finding 
worthwhile practical associations during analysis of unbalanced datasets. The 
formula shown in Eq. 6. 

Zhang(X → Y ) = c(X → Y ) − s(Y ) 
max(s(X ), s(Y )) − s(X ) × s(Y ) 

(6) 

2.7 Synergy Score: Custom Metric for Rule Evaluation 

The Synergy Score (SS) allows users to find rules with high significance and 
reliability through its customized mathematical formula, shown in Eq. 7: 

SS = c(X → Y) × l(X → Y) (7) 

This metric increased the weight of highly confident rules that also have strong 
lifting capabilities to guarantee reliable selection for future analysis steps. Strong 
meaningful relations exist whenever the SS value surpasses 1. 

3 Experimental Setup 

A. Hardware Environment: The AI model underwent rigorous evaluation on a 
NVIDIA DGX STATION A100 computer, leveraging its advanced specifications 
to maximize performance potential [29]: 

• Processor: Single AMD 7742, 64 Cores, operating at 2.25 GHz (Base)– 
3.4 GHz (Max Boost). 

• System Memory: 512 GB DDR4.
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• GPU: 4 NVIDIA A100 GPUs with 40 GB VRAM each. 
• Performance: Capable of achieving 2.5 Peta FLOPS AI and 5 Peta OPS INT8. 
• GPU Memory: 160 GB. 
• Total System Storage: 1 × 1.92 TB NVME Drive. 
• Internal Storage: 7.68 TB U.2 NVME Drive. 
• System Network: Dual-port 10 Gbase-T Ethernet LAN and a Single-port 1 

Gbase-T Ethernet BMC Management Port. 
• Operating System: Ubuntu Linux. 
• System Power Usage: Operates efficiently at 1.5 kW under 100–120 Vac. 
• Display: Features 4 GB GPU Memory and supports 4 × Mini DisplayPort. 
• Operating Temperature: Maintained within 5–35 °C (41–95 °F). 

B. Software Environment: The AI model was developed using Python as the 
primary programming language, with TensorFlow serving as the core machine 
learning framework. This comprehensive setup integrated a variety of software 
packages crucial for robust performance across diverse domains: 

• Programming Language: Python. 
• Machine Learning Framework: TensorFlow, Keras. 
• Data Manipulation: Pandas, NumPy. 
• Visualization: Matplotlib, Seaborn, Networkx. 

4 Results and Discussions 

4.1 Frequent Items Analysis 

The analysis revealed the most commonly purchased items in the dataset based 
on their support values, directly indicating which products were frequently bought 
by customers. Support measures the frequency of an item in transactions, allowing 
sellers to understand customer purchasing habits. High-support items such as Banana 
(0.448), Cheese (0.444), and Bacon (0.431) highlighted their popularity among 
buyers. Other notable items included Hazelnut (0.420), Honey (0.416), and Heavy 
Cream (0.416), which were also frequently selected by customers. Staples like Bread 
(0.407) and Butter (0.375) further demonstrated consistent demand (Table 1).

These findings allowed sellers to identify patterns of sales and better understand 
item demand. For example, moderately frequent items like Milk (0.371), Shampoo 
(0.366), and Sugar (0.366) showed steady relevance. Additionally, essential products 
like Salt (0.399), Meat (0.388), and Floar (0.386) emphasized their role in retail 
transactions. By analyzing these support values, sellers could maintain inventory 
for high-demand items while exploring cross-selling strategies for related products, 
effectively leveraging purchasing patterns to optimize stock and improve customer 
satisfaction.
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Table 1 Support values for 
the most frequently purchased 
items in the dataset 

Item Support Item Support 

Banana 0.448 Salt 0.399 

Cheese 0.444 Meat 0.388 

Bacon 0.431 Floar 0.386 

Hazelnut 0.420 Toothpaste 0.384 

Honey 0.416 Olive 0.381 

Heavy Cream 0.416 Cucumber 0.381 

Carrot 0.414 Onion 0.379 

Bread 0.407 Butter 0.375 

Shaving Foam 0.405 Milk 0.371 

Apple 0.405 Shampoo 0.366 

Egg 0.403 Sugar 0.366

4.2 Top Association Rules with Synergy Score 

The top association rules provided valuable insights into customer purchasing 
behavior, highlighting products often bought together. For instance, the rule (Onion, 
Bacon) → (Banana) indicated that if a customer purchased Onion and Bacon, there 
was a high likelihood they would also buy Banana. This rule achieved the highest 
Synergy Score (1.097), driven by its strong confidence (0.701) and lift (1.564). Simi-
larly, the rule (Banana, Butter)→ (Bacon) suggested that buyers of Banana and Butter 
were likely to purchase Bacon as well, supported by a confidence of 0.677 and a lift 
of 1.565 (Table 2). 

Additional principal rules reinforced these associations between product concepts. 
The combination of (Olive and Shaving Foam) leading to Banana registered a Synergy

Table 2 Top association rules with corresponding evaluation metrics and synergy scores 

Antecedents Consequent Confidence 
score 

Lift 
score 

Leverage 
score 

Conviction 
score 

Zhang’s 
score 

Synergy 
score 

(Onion, 
Bacon) 

(Banana) 0.701 1.564 0.047 1.846 0.444 1.097 

(Banana, 
Butter) 

(Bacon) 0.677 1.565 0.044 1.749 0.439 1.056 

(Olive, 
Shaving 
Foam) 

(Banana) 0.688 1.534 0.041 1.766 0.420 1.054 

(Butter, 
Shaving 
Foam) 

(Bacon) 0.670 1.555 0.045 1.727 0.441 1.043 

(Bacon, 
Sugar) 

(Meat) 0.632 1.629 0.046 1.664 0.476 1.030 
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Score of 1.054 while Butter with Shaving Foam resulting in Bacon produced a 
Synergy Score of 1.043. The identified item relationships helped sellers forecast 
customer tastes so they could develop successful promotional bundles and adver-
tising tactics. Through these analytical findings retailers would offer improved shop-
ping experiences by providing specific product bundles and achieve better inventory 
organization to boost sales. 

4.3 Association Rule Network Analysis 

The association rule network illustrated key relationships among items, with nodes 
representing products and edges indicating strong associations, shown in Fig. 2. 
Bacon emerged as a central node, linked to items like Cheese, Butter, and Banana, 
suggesting its significance in cross-selling. Banana also showed strong connections 
with Onion, Shaving Foam, and Olive, highlighting frequent co-purchases. Smaller 
clusters, such as Meat, Carrot, and Honey, revealed additional purchasing patterns. 
The connection between Salt and Heavy Cream, though subtle, indicated niche 
associations. This visualization provided valuable insights into customer behavior, 
complementing metric-based analysis and aiding in strategic product bundling and 
placement. 

Fig. 2 Visualization of product associations, with nodes representing items and edges indicating 
significant relationships, highlighting key purchasing patterns and co-purchase trends
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Fig. 3 Distribution of support, confidence, and lift metrics using boxplots for association rule 
evaluation 

4.4 Metrics Distribution Analysis 

The distribution of association rule metrics like support, confidence, and lift, high-
lighted varying contributions to rule evaluation, shown in Fig. 3. Support values were 
closely clustered, indicating consistent item frequencies in transactions. Confidence 
scores exhibited moderate variability, reflecting the reliability of predictions from 
antecedents to consequents. Lift values displayed a broader range, emphasizing their 
role in identifying stronger associations beyond random chance. 

This analysis confirmed that lift effectively differentiated impactful rules, while 
confidence and support reinforced the reliability of item relationships. These 
metrics collectively provided a comprehensive evaluation framework for prioritizing 
meaningful association rules in retail datasets. 

4.5 Confidence Versus Lift and Top Association Rules 
Insights 

The hexbin plot visualized the relationship between confidence and lift for the associ-
ation rules, highlighting the density of rules across various ranges, shown in Fig. 4a. 
Higher densities were observed in regions with moderate confidence (0.56–0.66) 
and lift values (1.3–1.5), indicating that rules in these ranges were more frequent and 
impactful. The gradient of the color scale revealed a few rules achieving both high 
confidence and lift, reflecting strong and meaningful relationships. This analysis vali-
dated the complementary roles of confidence and lift in identifying significant rules,
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with lift providing insights into how much more likely a relationship was compared 
to random chance.

The radar plot depicted the top association rules by analyzing support, confi-
dence, lift, and the Synergy Score. Each rule’s metrics were plotted to highlight their 
relative importance, shown in Fig. 4b. For example, rules like (Onion, Bacon) → 
(Banana) and (Butter, Banana) → (Bacon) showed high confidence and lift, demon-
strating their reliability. The Synergy Score amplified these patterns, identifying 
rules with strong combined significance. This visualization enabled a clear differ-
entiation between rules and their contribution to the dataset, providing an insightful 
summary of impactful associations. Together, these analyses offered a comprehensive 
understanding of the most significant rules and their actionable insights. 

4.6 Comparison with Deep Learning Models 

The results clearly showed that commonly used deep learning models like RNN, 
LSTM, and Bi-LSTM struggled to perform well on our dataset, achieving only 
marginally acceptable validation accuracies (0.6147–0.6168) (Table 3) (Fig. 5) [30, 
31]. This underperformance highlights their inability to learn patterns effectively 
from highly randomized and dynamic data. Despite extensive training, these models 
failed to capture meaningful relationships due to the complex and unpredictable 
nature of the dataset. In contrast, our dynamic Association Rule Mining tech-
nique demonstrated its superiority by effectively identifying significant patterns and 
relationships. This reinforces the robustness of our approach over traditional deep 
learning and machine learning techniques.

4.7 Comparative Discussion 

Historical predictive methods fail to address the complex non-linear patterns with 
seasonality that exist within retail sales data. The LSTM network succeeds in 
predicting temporal patterns by resolving the gradient vanishing issue together with 
Random Forest Regression which effectively models non-linear variable interrela-
tions. The methodologies have their primary application for identifying predictable 
patterns which exist in sales records of large shopping malls and retail chains that 
display systematic trends with consistent seasonality. 

The dynamic association rule mining technique we have developed functions 
exclusively with datasets possessing high data dynamics which frequently occur 
in Indian retail sectors where pattern sequences remain uncommon. The method 
presents a dynamic support threshold control system which combines a synergy 
score with Zhang’s metric while differing from previous research that used fixed 
support thresholds and standard metrics. The united approach strengthens predictive 
effectiveness along with dimensional scalability and produces interpretable rules
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Table 3 Comparison of RNN, LSTM, and Bi-LSTM models on learning rate, epoch, and accuracy 

Model Best learning rate Best epoch Training accuracy Validation accuracy 

Bi-LSTM 0.001 36 0.6038 0.6168 

LSTM 0.001 3 0.5996 0.6159 

RNN 0.001 48 0.6035 0.6147

which solve the complexities of discovering vital connections in unsequential retail 
information. 

5 Conclusions 

Research findings show that a dynamic association rule mining algorithm applied 
successfully to Indian retail data managed to optimize association rules through 
synergy score and zhang’s score metric integration. The experimental findings 
showed that the algorithm obtained a superior capability in discovering meaningful 
item connections beyond the limits of support, confidence and lift measurement 
methods. Developing a novel dynamic association rule mining model constitutes the 
main contribution of this study because it achieves superior performance compared 
to deep learning techniques (RNN, LSTM, Bi-LSTM) while extracting meaningful 
patterns from Indian retail data. The method improved both extractable pattern inter-
pretability and relevance to deal with fundamental problems in retail data analysis 
caused by missing values and uneven cases. Research findings revealed substantial 
prospects for how business decisions would benefit from personalization in marketing 
as well as stock management systems and strategic decision systems. This research 
faced two major constraints which included difficulties in processing greater datasets 
and difficulties in connecting to superior predictive models. Future investigations 
should adopt sophisticated deep learning frameworks to develop better pattern finding 
capabilities and optimize rule processing to establish real-time decision support 
platforms for retail analytics applications.
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Synthetic Data Factory: Scalable 
and Domain-Agnostic Data Generation 
with Generative AI and Statistical 
Fidelity 

Golagabathula Jyothi, M. Varshith Rao, M. Lahari Priya, Jay Patel, 
and T. Varun Kalyan 

Abstract Synthetic data serves as an innovative solution that tackles major prob-
lems which include privacy concerns and limited availability and unbalanced data 
resources. The presented pipeline “Synthetic Data Factory: Scalable and Domain-
Agnostic Data Generation with Generative AI and Statistical Fidelity” delivers an 
extensive data generation solution. A machine learning system produces synthetic 
data of high quality in different domains through its implementation of CTGAN and 
Gaussian Copulas. The designed framework maintains identical statistical charac-
teristics to real data by protecting practical value so it passes ML model examina-
tions. The data generation system integrates four essential elements which consist of 
data preparation, synthetic data production and statistical assessment and machine 
learning-based utility testing. This pipeline provides scalability alongside domain 
adaptability along with matched performance between synthetic and original data 
which signifies its potential as an AI application privacy solution. 

Keywords Synthetic data · Generative models · LLMs · GANs · Data privacy ·
Pipeline · Data validation · AI model training · Differential privacy · Data 
visualization 

1 Introduction 

The fast-paced digital transformation era established data as the foundation for AI 
innovation and ML developments. Machine learning models achieve effective results 
based on the availability of rich datasets that reflect all spectrum groups and main-
tain high data quality. The acquisition of such datasets from actual sources proves 
challenging for many organizations. The regulations of GDPR and HIPAA limit
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staff members from accessing sensitive data but data retrieval often requires substan-
tial time and funds and is specific to particular industries. Real data suffers from 
multiple problems that include class imbalance together with missing values and 
sparsity which harm model performance and fairness metrics. The solution to these 
constraints has brought forward synthetic data generation as an essential method. 
Synthetic data serves as carefully designed computer-generated data which duplicates 
the features of authentic information but keeps actual user or patient details hidden. 
The information remains freely distributable while production procedures generate 
abundant data to fit unique use requirements. The process of creating synthetic data 
enables opportunities to build machine learning models and validate them across 
restricted areas such as healthcare and retail sectors and finance sectors. 

The Synthetic Data Factory represents a domain-independent scalable framework 
that produces high-quality synthetic datasets through Generative AI implementations 
of CTGAN (Conditional Tabular GAN) and Gaussian Copula-based methods [1]. The 
pipeline maintains both statistical accuracy and practical value of the created data. 
The pipeline contains different interconnected components starting from real data 
ingestion to preprocessing and domain configuration and synthetic generation and 
statistical comparison and ML model evaluation. 

An essential feature of this system originates from its domain-independent and 
entirely modular design structure. The system modifies structured data inputs from 
any domain while sustaining domain-related semantic rules (e.g. healthcare age 
restrictions and financial transaction categories). The statistical fidelity module 
depends on Jensen-Shannon Divergence and correlation matrices to confirm the 
alignment between synthetic and real data. A comparison of classifier performance 
takes place during utility evaluation when development includes training of Deci-
sion Trees Random Forests Logistic Regression and XGBoost classifiers on real and 
synthetic datasets. 

Through its pipelines developers gain access to synthetic data which simulta-
neously meets privacy standards while being both statistically valid and usable for 
ML processes. The method shows promise for secure model development tests as 
well as data improvement methods while enabling synthetic AI performance assess-
ments and fairness testing routines. The project advances responsible AI research by 
resolving issues that exist between available data and data privacy protection. 

Organizations gain two key benefits from synthetic data because it both broadens 
access to important information while protecting privacy and it enables secure testing 
and experimentation that prevents legal or ethical issues. Organizations need this 
approach in particular for regulated sectors since they maintain strict rules about 
sensitive information. Synthetic data provides organizations with adaptive capabil-
ities to generate challenging data formats or well-balanced datasets which would 
otherwise be hard to obtain from existing real-world systems. This project combines 
advanced generative AI techniques to create synthetic data which duplicates orig-
inal dataset characteristics while preserving realistic consistency across different 
domains. The Synthetic Data Factory helps companies bridge data shortages and 
model achievements to support industrial innovation and ethical AI development.
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This paper’s primary contribution is the creation of an extensive framework for 
the generation and assessment of synthetic data that is independent of domain. 
This pipeline produces high-quality synthetic datasets by utilizing sophisticated 
generative AI models, specifically CTGAN and Gaussian Copulas that mimic the 
statistical and structural properties of actual data. To standardize inputs prior to 
model training, the framework incorporates a versatile preprocessing module that 
handles missing values, encodes categorical variables, and scales numerical features. 
Crucially, it facilitates domain-specific configuration, enabling customization for 
industries like retail, healthcare, and finance. The dual-mode evaluation approach 
is what distinguishes this work: a utility evaluation module benchmarks predictive 
performance using machine learning models (Decision Tree, etc.), while a statistical 
fidelity module compares real and synthetic data distributions using metrics like 
Jensen-Shannon Divergence and KS test. 

2 Literature Survey 

Synthetic data generation has gained significant attention due to increasing privacy 
concerns and the demand for data availability. Several methods have been proposed 
across domains, particularly leveraging generative models such as GANs and statis-
tical copula-based techniques. Choi et al. [2] introduced MedGAN, a GAN-based 
approach to generate realistic healthcare records, which inspired further domain-
specific synthetic data models. However, MedGAN lacked generalizability across 
domains and was limited in handling mixed data types. CTGAN [3] extended tradi-
tional GANs by effectively modeling tabular data with high cardinality categorical 
variables. While effective, CTGAN alone does not ensure statistical similarity or 
assess downstream utility of the generated data, which our approach addresses. 
On the statistical front, Gaussian Copulas have been used to model multivariate 
dependencies [4], but without integrated domain control or utility validation. Recent 
works such as Yoon et al. [5] in **SDV** emphasize fidelity but are often evaluated 
only through distributional metrics without rigorous machine learning utility testing. 
Moreover, prior pipelines often lack domain-specific configuration or integration of 
preprocessing, statistical fidelity, and ML-based evaluation into a single modular 
system. 

S. No. Title Author(s) and year Algorithms/ 
methods 

Description 

1 Synthetic Data 
Generation for 
Machine Learning: 
A Review  

Patki et al. [4] GANs, CTGA 
Bayesian 
Networks 

Reviews synthetic 
data methods and 
compares utility and 
privacy trade offs

(continued)
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(continued)

S. No. Title Author(s) and year Algorithms/
methods

Description

2 Deep Learning for 
Medical Image 
Analysis: A 
Comprehensive 
Review 

Xu et al. [3] CTGAN, Mode 
specific 
Normalization 

Proposes CTGAN to 
handle mixed data 
types more effectively 

3 Evaluating 
Synthetic Data 
Utility and Privacy 
in Tabular Datasets 

Jordon et al. [6] XGBoost, C2ST, 
Decision Trees 

Introduces a 
framework to 
evaluate data utility 
and privacy 

4 SynthEval: A 
Framework for 
Benchmarking 
Synthetic Data 

Yoon et al. [5] Random Forests, 
Logistic 
Regression 

Presents a toolkit to 
benchmark synthetic 
data quality 

5 Fairness and Utility 
in Synthetic Data 
Generation 

Patki et al. [4] FairGAN, Bias 
Metrics 

Focuses on fairness 
aware synthetic data 
generation 

3 Problem Statement 

Machine learning coupled with data-driven decision-making processes has caused 
high-quality data needs to skyrocket over recent years. Large-scale acquisition of 
diverse labeled data that meets privacy requirements poses a fundamental challenge 
which mostly affects healthcare and financial as well as retail settings. Real-world 
datasets include missing values together with class imbalances and personal infor-
mation which reduces their potential for use by researchers. The service restrictions 
create obstacles that limit both the development of versatile machine learning models 
and speed up innovation and raise ethical and legal troubles. 

The standard methods used to anonymize data prove either inadequate or damage 
valuable statistical metrics making it impossible to ensure absolute data privacy 
protection. A flexible domain-independent system should be developed immediately 
because it needs to generate authentic synthetic data with accurate statistics and 
function well for machine learning applications. 

The development of a Synthetic Data Factory represents the core objective of this 
project to build a pipeline which utilizes Generative AI models like CTGAN and 
Gaussian Copulas to produce statistical match data that lacks recognizable infor-
mation. Alongside preprocessing it integrates evaluation and visualization modules 
that enable the generated data to fulfill statistical requirements and practical stan-
dards while providing industries with safer and more efficient AI model development 
capabilities.
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4 Objectives 

The main goal of this work is to build a flexible data generation system that produces 
synthetic data which accurately represents authentic dataset characteristics across 
domains. The created artificial data must maintain the statistical properties of actual 
information while providing models a sufficient framework to conduct training and 
testing alongside equivalent performance results. An AI system applies CTGAN and 
Gaussian Copulas generative models to solve data deficit problems while addressing 
privacy issues as well as regulatory conditions in the system. Through its integrated 
processing frame work the system performs statistical verification and practical 
assessment of synthetic data to guarantee its statistical effectiveness and usefulness 
in downstream AI applications. 

1. Create a generic synthetic data production framework which operates with 
interchangeable modules for different domains. 

2. The statistical characteristics of genuine datasets remain intact through deploy-
ment of CTGAN and Gaussian Copulas models. 

3. The system implements configurable rules to process and generate synthetic data 
which conforms to specific domain conditions. 

4. The statistical reliability of synthetic data should be assessed through divergence 
metrics together with correlation similarity. 

5. An evaluation of data utility should involve training Decision Tree, RF, Logistic 
Regression, XGBoost models which allows comparison of results obtained from 
synthetic and real datasets. 

6. A system must allow users to interpret results by showing metric comparisons 
as well as plots. 

5 System Architecture 

A modular pipeline system architecture enables the analysis and synthetic data eval-
uation process across different domains for multiple setups. Each part of the archi-
tecture system helps create data with enhanced quality standards and higher fidelity 
through improved utility performance. This design allows for repeated use as well 
as data expansion and straightforward data interpretation which suits a wide range 
of datasets and specialized business sectors (Fig. 1).

1. Data Ingestion: 

(a) The system retrieves actual datasets from medicine departments and bank 
industries and retail sectors. 

(b) The system operates with uniform data formats through its domain config-
uration abilities.
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Fig. 1 System architecture

2. Preprocessing Module: 

(a) This module deals with multiple data pre-processing tasks which include 
addressing missing values and tallying values as well as implementation of 
scaling techniques and outliers treatment. 

(c) This module configures the data for both synthetic generation tasks and ML 
assessment needs. 

(d) Supports domain-specific preprocessing logic. 

3. Synthetic Data Generator 

(a) CTGAN serves as the tool for synthesizing data when facing highdimen-
sional along with imbalanced datasets. 

(b) The data processing utilizes Gaussian Copulas as a statistical tool for 
maintaining original property preservation. 

(c) The tool replicates original data patterns when creating synthetic datasets. 

4. Evaluation Metrics: 

(a) Statistical Metrics: JS Divergence, Correlation similarity. 
(b) DT, RF, LR, XGBoost models demonstrated the following ML utility 

metrics: Accuracy alongside Precision and Recall along with F1-Score. 
(c) The evaluation assesses how matching model results perform when evalu-

ated between actual datasets and synthetic data sets. 

6 Methodology 

6.1 Proposed Work 

Research undertakes the development of a flexible domain-independent framework 
to produce synthetic data solutions which retain statistical validity alongside prac-
tical use. The solution creates high-quality synthetic datasets to replace real data in 
machine learning tasks while resolving data privacy and availability issues together 
with imbalance problems that organizations confront.
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The system architecture functions through distinct modular components which 
include real data ingestion along with preprocessing steps and a synthetic data 
generation unit operated by CTGAN and Gaussian Copulas models accompanied 
by evaluation modules for statistical and performance assessments. 

Datasets extracted from healthcare and financial and retail sectors undergo detailed 
preprocessing operations prior to training which includes data encoding along with 
normalization and missing data imputation techniques. Synthetic data generators 
receive ready data from preprocessing that trains them properly. 

There are two fundamental methods to evaluate the synthetic datasets. 

• The generated data passes statistical evaluation by using Jensen-Shannon Diver-
gence alongside Correlation Matrix similarity to verify distribution fidelity. 

• Two types of evaluation occur in the Machine Learning Utility Evaluation stage. 
This stage includes training distinct ML models from Decision Trees to XGBoost 
to Logistic Regression to Random Forest separately on real and synthetic data sets 
for subsequent performance comparison based on Accuracy, Precision, Recall and 
F1-Score metrics. 

The evaluation of fidelity alongside functionality in the project establishes the 
capability of synthetic data to replace real data during analytics and artificial 
intelligence-driven operations. The framework demonstrates value as a deployable 
system because it manages scalability and explainability in addition to providing 
flexible operations in multiple domains. 

6.2 Proposed Architecture 

The devised algorithm creates domain-invariant synthetic data records that retain 
performance in subsequent machine learning systems. Placing realworld data into the 
process first entails processing datasets characterized by missing or incorrect infor-
mation. The datasets undergo acute preprocessing before analysis through methods 
which impute missing values by mean or median or most prevalent value and encode 
categorical variables through onehot or label transformations depending on model 
needs. Feature space norming techniques normalize numerical variables while stan-
dardized techniques normalize the variables to establish consistent features and all 
outliers receive structured processing to counteract model bias (Fig. 2).

A data generator receives training from the preprocessed data. CTGAN (Condi-
tional Tabular GAN) joins Gaussian Copula Models as the fundamental methods 
for data synthetic generation. The conditional tabular GAN known as CTGAN has 
specifically been designed for tabular data to model intricate data distributions along-
side their interdependent relationships. Gaussian Copula allows a statistical model 
to analyze inter-variable correlations through multivariate Gaussian transformations 
combined with copula analysis.
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Fig. 2 Proposed architecture

The assessment process for synthetic data consists of two evaluation stages. The 
first evaluation tests statistical fidelity by performing distribution matching and corre-
lation assessment as well as divergence metric analysis between actual and simu-
lated data. The machine learning evaluation utilizes separate Decision Tree, Logistic 
Regression, Random Forest, and XGBoost modeling on both original and created 
synthetic data. The assessment of model performance involves comparison between 
accuracy, precision, recall and F1-score metrics that evaluate what degree synthetic 
data training models match the performance of real data counterparts. The workflow 
establishes synthetic data to reproduce real data structure together with statistics 
while maintaining prediction capabilities during actual application use. 

Formulas Used 

1. Jensen-Shannon Divergence (JSD): 

JSD(P||Q) = 
1 

2 
KL(P||M ) + 

1 

2 
KL(Q||M ) 

where M = 1 2 (P + Q) 
2. CTGAN Objective Function: 

min 
G 

max 
D 

Ex∼Preal log D(x) + Ez∼Pz log(1 − D(G(z))) 

3. Gaussian Copula Transformation: 

−1 (Fi(xi)) 

Preprocessing Techniques 

a. The encoding method for categorical features involves one-hot or label encoding 
methods.
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b. The normalization method used to standardize numerical features is either Min– 
Max scaling or StandardScaler. 

c. The algorithm replaces missing numerical data points with median or mean values 
and replaces categorical items with the most common value. 

d. Z-score or IQR-based filtering serves as the optional step for outlier handling. 

Train-Test Split Strategy 

a. The datasets present both real data and synthetic data divided into 30% testing 
data and 70% training data. 

b. Training of ML models occurs through use of the training set while testing 
happens through evaluation on the testing set. 

c. The model architecture is used identically with real data along with synthetic 
data to allow for equal utility evaluation. 

7 Synthetic Data Generation 

The synthetic data generation process in this project leverages two powerful 
techniques: CTGAN (Conditional Tabular GAN) and Gaussian Copulas. 

CTGAN represents a Generative Adversarial Network that has been developed to 
address problems found in tabular data including different data types and distribution 
imbalance of categorical variables. CTGAN learns all conditional statistical relations 
between every variable compared to the others which results in improved synthetic 
data quality. 

The Gaussian Copulas method transforms variables into multivariate Gaussian 
space through use of copulas that depict the dependency structure between variables. 
The procedure generates synthetic records which reproduce the existing correlations 
and maintain original statistical data features [7]. 

The first step trains models using preprocessed real data before the modeling 
process begins. The learned patterns and relationships guide the models to create 
synthetic data through the sampling process of their trained distributions. The 
synthetic datasets become available for assessment by statistical and ML-based 
assessment methods. 

CTGAN (Conditional Tabular GAN) 

• Handles both categorical and numerical data. 
• Captures complex dependencies via conditional distributions. 
• Robust for imbalanced datasets. 

Gaussian Copulas 

• The model implements copula functions to detect correlations between data 
features. 

• The model changes features into Gaussian distribution space which makes 
sampling operations simpler. 

• Ensures preservation of statistical structure.
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Model Training 

• The application of CTGAN models and Gaussian Copula models occurs during 
preprocessed real data training. 

• Learn feature distributions and dependencies. 

Synthetic Data Sampling 

• Draw new synthetic data samples by using the trained models. 
• Brand new data can be extracted from the simulation that matches the statistics 

of the original data. 
• The procedure serves two purposes: utility evaluation as well as model testing. 

8 Statistical Evaluation 

Our evaluation of synthetic data statistical correctness combines both statistical tests 
with visual analysis approaches. The Kolmogorov–Smirnov (KS) test serves to detect 
statistical differences between real data distributions and synthetic data distributions 
of numerical features through distribution comparison analysis [8]. Jensen-Shannon 
Divergence (JSD) detects similarities between probability distributions of related 
features through its measurement process which provides advanced and symmetric 
assessment beyond traditional divergence methods. Distribution data plots created 
as histograms along with KDEs display the synthetic data performance relative to 
the real data characteristics. 

Kolmogorov–Smirnov (KS) Test 

• Compares cumulative distributions of real versus synthetic features. 
• Identifies statistically significant differences. 

Jensen-Shannon Divergence (JSD) 

• Measures similarity between feature distributions. 
• Symmetric distributions with bounded boundaries along with interoperable 

scoring characteristics. 

Visual Distribution Comparison 

• Histograms and Kernel Density Estimates (KDEs). 
• A visual check should verify that all feature distributions match each other 

properly.
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9 Results 

Performance metrics of Decision Tree along with Random Forest and Logistic 
Regression and XGBoost models are presented in the above table for real data and 
synthetic data sets. All models show equivalent performance in the accuracy and 
precision as well as recall and F1 Score metrics which produces results of 0.70–0.71. 
The identical outcomes between real dataset models and synthetic dataset models 
demonstrates that synthetic data replication matches actual data in predicting abilities 
thus showcasing effective synthetic data generation practices. Models trained using 
synthetic data prove equally effective compared to those using real data according 
to this validation (Fig. 3 and Table 1). 

The provided figures illustrate the statistical distributions of key features in a 
healthcare dataset, which are essential for evaluating the quality and fidelity of 
synthetic data. Figure 4 displays the distribution of blood pressure values, showing 
a unimodal shape centered around the average range, which is typical in real-world 
medical datasets. This indicates that the feature captures natural variance seen in 
patient populations. Figure 5 depicts the age distribution, revealing a slightly right-
skewed pattern with most patients falling between the ages of 30–60, reflecting 
realistic demographic trends often observed in healthcare studies.

Fig. 3 A classification report based on the real versus synthetic dataset
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Table 1 Performance metrics of Decision Tree, Random Forest, Logistic Regression, and XGBoost 
models 

Model Data type Accuracy Precision Recall F1 score 

Decision Tree Real 0.70 0.71 0.71 0.70 

Random Forest Real 0.70 0.71 0.71 0.70 

Logistic Regression Real 0.70 0.71 0.71 0.70 

XGBoost Real 0.70 0.71 0.71 0.70 

Decision Tree Synthetic 0.70 0.71 0.71 0.70 

Random Forest Synthetic 0.70 0.71 0.71 0.70 

Logistic Regression Synthetic 0.70 0.71 0.71 0.70 

XGBoost Synthetic 0.70 0.71 0.71 0.70

Fig. 4 Blood pressure distribution in synthetic healthcare dataset 

Fig. 5 Age distribution in synthetic healthcare dataset
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Fig. 6 Target variable distribution in synthetic healthcare dataset 

Figure 6 shows the distribution of the target variable, likely representing a binary 
classification problem such as the presence or absence of a disease. The bimodal 
pattern confirms that the dataset maintains a clear distinction between classes, crucial 
for model training and evaluation. These visualizations are pivotal in assessing 
whether synthetic data generation methods, such as CTGAN or Gaussian Copulas, 
can replicate real-world statistical patterns accurately. 

10 Use Case: Healthcare Domain 

The generation of synthetic healthcare data maintains vital medical attributes that 
include age together with blood pressure measurements alongside the prediction 
target disease classes. The process begins with pre-processing real patient data 
before CTGAN and Gaussian Copulas models generate synthetic versions of high-
fidelity quality. A distribution analysis of important features happens through visual 
inspection combined with statistical tests for ensuring realistic results. The evalu-
ation process determines the synthetic data’s practicality by developing Decision 
Trees, Random Forest, and XGBoost machine learning models on authentic as well 
as synthetic datasets. After training multiple choice prediction models the generated 
synthetic data undergoes an analysis of its predictive capabilities through comparison 
of model performance metrics including Accuracy and Precision along with Recall 
and F1 Score [9] (Table 2).
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Table 2 Healthcare domain 
synthetic dataset generation Age Blood pressure Cholesterol level Diabetes risk 

60 173 Normal No 

34 179 Low Yes 

44 162 High No 

23 157 High Yes 

83 97 Normal Yes 

77 150 High Yes 

53 134 Low Yes 

41 96 Normal No 

20 80 Low Yes 

35 124 High Yes 

43 139 Normal No 

25 164 Low No 

66 130 Normal No 

53 81 Normal No 

87 164 High No 

80 151 High Yes 

51 129 Low No 

84 119 Normal Yes 

69 177 High No 

45 125 High No 

41 139 High Yes 

26 81 High No 

73 178 High Yes 

81 98 Normal No 

61 105 Normal Yes 

75 179 Normal No 

75 101 Low No 

89 94 High Yes 

28 118 High No 

37 126 Low No 

54 82 High Yes 

52 174 High No 

32 87 Normal Yes
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11 Conclusion 

This study combines generative models with a statistically supported and machine 
learning-driven assessment framework to provide a novel and flexible solution for 
the creation and evaluation of synthetic data. The main contribution is showing that 
models trained on real data can retain their predictive power and attain nearly iden-
tical statistical properties when using synthetic data. The system provides scalability 
and reusability across various domains thanks to its modular architecture. The eval-
uation results validated the synthetic data’s real-world applicability by confirming 
that, after processing and modeling, it produced comparable performance across 
several classifiers. Furthermore, the pipeline promotes transparency, interpretability, 
and useful deployment by offering visualization components and domain-aware 
configurations. This work essentially demonstrates that synthetic data can be a trust-
worthy stand-in for real data when it is created and verified methodically, promoting 
privacy-preserving. 

12 Future Scope 

The present framework deals only with tabular data structures but upcoming improve-
ments will enable the framework to process time-series data together with unstruc-
tured text and image information. Time-series data exists extensively in finance indus-
tries as well as healthcare monitoring and IoT networks so advanced models such 
as Time GAN or recurrent neural networks should be used to address their temporal 
dependencies. As an expansion to structured tabular data generation, the system 
becomes applicable to various real-world applications by implementing generative 
models for unstructured data such as GPT for text and GANs for images. 

Future research needs to combine differential privacy tools into its framework. 
This addition will establish sophisticated privacy protection mechanisms that secure 
the synthetic output generation process by ensuring original data points cannot be 
traced from the final results. The implementation of this step establishes a connection 
between the framework and GDPR and HIPAA standards to enhance synthetic data 
trustworthiness in regulated settings. 
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Abstract Ensuring transaction security is essential in the rapidly shifting world 
of digital payments. A deep learning-based voice authentication system called 
Safe-Voice-UPI attempts to fix the flaws in the Unified Payments Interface (UPI) 
framework of India, such as fraud, phishing, and illegal access. The project incor-
porates biometric voice recognition into the UPI system by utilizing distinctive 
vocal traits like pitch and tone, offering a reliable and convenient substitute for 
more conventional security measures like PINs. By providing improved fraud 
prevention, real-time monitoring, and user authentication, Safe-Voice-UPI has the 
potential to completely transform digital transaction security. This paper describes 
the development, integration, and testing methodologies of this system. 
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1 Introduction 

In India, digital transactions have been revolutionized by the Unified Payments Inter-
face (UPI), which offers a quick, easy, and convenient payment experience. But as 
its use grows, UPI has come under attack from security risks like phishing scams, 
identity theft, and illegal access. There is an urgent need for more sophisticated 
and trustworthy authentication techniques because traditional security measures like 
PINs and passwords have built-in flaws. To overcome these obstacles, Safe-Voice-
UPI presents a deep learning-based voice authentication system. The system gener-
ates customized voice profiles by utilizing each person’s distinct voice qualities, 
which increases transaction security and enhances user convenience. In contrast to 
traditional techniques, voice-based authentication offers a biometric method for safe 
UPI transactions, allowing users to confirm payments using straightforward voice 
commands. By strengthening identity verification and lowering fraud, this integration 
seeks to establish a standard for safe digital payment ecosystems. 

The process begins with collecting a diverse dataset of user voice samples, 
capturing unique vocal characteristics like pitch, tone, and speech patterns. Samples 
are recorded under varying conditions, including different accents, noise levels, and 
speech styles, ensuring adaptability. The data is pre-processed to remove noise and 
extract key features, such as Mel-Frequency Cepstral Coefficients (MFCCs), which 
are critical for distinguishing individual voices. These models are trained on the 
processed dataset to ensure high accuracy and resilience against challenges like 
background noise, voice mimicry, and tone variations. 

Once developed, the voice authentication system is integrated into the UPI frame-
work, replacing or augmenting traditional security measures like PINs. Users can 
approve transactions securely and conveniently through voice commands. The system 
undergoes extensive testing in real-world conditions to evaluate its performance, 
focusing on metrics such as accuracy, false acceptance rate (FAR), and false rejec-
tion rate (FRR). Robustness is tested against spoofing attempts and varying environ-
mental conditions. Additionally, real-time transaction monitoring is implemented to 
detect suspicious activities and trigger instant alerts, ensuring enhanced security and 
fraud prevention. This methodology guarantees a reliable, efficient, and user-friendly 
voice authentication system for digital transactions. 

2 Literature Survey 

The paper [1] suggests a viable extension to the UPI design through the use of speaker 
recognition in a voice-model based on the FFT and 1-D CNN. The model reached 
an impressive accuracy rate of 98.46% on training data and 98% on validation data 
as it utilizes reliable acoustic features for authentication of users. The research also 
justifies its robustness by contrasting its performance with that of other methods like 
Mel Spectrogram and MFCC methods. Furthermore, the deployment of this model



Safe-Voice-UPI for Secured Digital Transaction 183

into the UPI ecosystem is made possible through a structured interface, API and 
multi layered security. The paper highlights urgent issues in security and provides a 
good baseline for subsequent studies aimed at improving UPI security. 

The paper [2] gives a thorough discussion on cyber risks associated with UPI 
and develops a multi-dimensional security strategy to meet these risks. The study 
addresses advancements in technology, such as using blockchain as an irrefutable 
record of trial and real time impulse detection, AI and machine learning for the 
internet of users, and’s biometric verification for the end users. It draws from the 
literature, case studies, and expert consultations to provide practical measures for 
the improvement of UPI security. This research has great value in improving cyber 
security aspects of UPI system thereby enhancing the safety and reliability of the 
electronic payment system while enabling further development of digital financial 
transactions. 

The paper [3] offers efficient contribution concerning the use and potential accep-
tance of UPI amongst Indian consumers through the application of the Diffusion of 
Innovation (DOI) theory. Recognized the factors of relative advantage, complexity, 
and observability as the foremost determinants that significantly work positively 
towards the intention of users to adopt UPI. Also, it shows that there’s a good corre-
lation between variables satisfaction, intention to use and recommend a product/ 
service Statement. Instead of just looking at the operational factors, the research 
provides a holistic model to examine the dynamics of UPI adoption and also puts 
forward practical recommendations to increase user uptake and encourage wider 
usage of UPI. 

This paper [4] study examines the concept of combining UPI with voice-driven 
interfaces ushering in a new era of “conversational commerce” in the digital payment 
scenario in India. It pinpoints the benefits of voice identification distribution, such as 
increased security, lower chances of phishing attacks, and easily use for people with 
sight problems and lower technological literacy and which promotes financial inclu-
sion. The research importantly highlights the voice-based UPIs phenomenal adop-
tion potential by speaking to user’s feelings, use barriers, and the potential of local 
languages. This research highlights the tremendous possibilities of the interaction 
between voice technology and digital payments in their future development. 

The paper [5] explains how UPI has changed the landscape for digital payments 
through seamless transactions using mobile numbers, QR codes & in-app chat. The 
whitepaper delves into the sophistication of UPI features especially, encryption and 
multi-factor authentication to maintain a high level of security and privacy for users. 
The study demonstrates the capacity of UPI in transforming digital payment systems 
through its usability and security, reiterating UPI’s importance as a candidate for the 
future of digital economy.
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3 Table of Analysis 

Table of analysis 

Paper Key focus Security 
features 

Technologies 
used 

Findings Contribution 
to UPI 

Limitations/ 
recommendations 

[1] Enhancing 
UPI security 
using deep 
learning based 
voice 
authentication 
systems 

Voice 
authentication 
for UPI 
security 

98% accuracy 
in 
voice-based 
authentication 
using FFT 
and 1-D CNN 

Deep learning 
(1-D CNN), 
FFT 

High accuracy 
(98.46% on 
training, 98% on 
validation); 
compares with 
Mel Spectrogram 
& MFCC  

Introduces 
robust voice 
authentication, 
improves UPI 
security 

Further studies 
needed for 
real-world 
deployment in 
UPI ecosystem 

[2] Cyber risks in 
UPI and 
multi-dimensional 
security strategy 

Cyber risks 
and security 
measures for 
UPI 

Blockchain, 
AI, machine 
learning, 
biometric 
verification 

Blockchain, 
AI, ML, 
biometric 
verification 

Proposes 
multi-dimensional 
strategy to 
enhance security, 
emphasizes AI 
and blockchain 

Strengthens 
cyber security 
in UPI, 
improves 
transaction 
safety 

Further practical 
implementations 
needed for 
blockchain 
integration 

[3] Diffusion of 
innovation theory 
in UPI adoption 

Factors 
affecting UPI 
adoption 

N/A DOI theory, 
user 
experience 

Identifies relative 
advantage, 
complexity, and 
observability as 
key adoption 
factors 

Helps improve 
UPI adoption, 
understanding 
user behavior 

Focus on 
user-centric 
design for 
broader adoption 

[4] Voice-driven 
UPI for 
conversational 
commerce 

Voice-driven 
interfaces for 
UPI 

Increased 
security, 
reduced 
phishing 
attacks, 
accessibility 
features 

Voice 
identification, 
conversational 
commerce 

Highlights the 
potential of 
voice-based UPI 
for wider 
adoption and 
financial inclusion 

Enhances 
UPI’s 
accessibility 
and security 
through voice 

Further research 
on 
multi-language 
support and voice 
accuracy 

[5] UPI’s role in 
digital payments 
and security 

UPI’s role in 
digital 
payment 
systems 

Encryption, 
multi-factor 
authentication 

UPI, mobile 
numbers, QR 
codes, in-app 
chat 

Demonstrates 
UPI’s potential in 
transforming 
digital payments 
with advanced 
security features 

Establishes 
UPI as a key 
player in the 
future of 
digital 
economy 

Emphasizes the 
need for 
continuous 
innovation in 
security 

4 Gap Analysis 

4.1 Identified Gaps in Existing Research 

The existing research on UPI security and voice-driven payment systems reveals 
several significant gaps that need to be addressed. While Doshi et al. explore FFT 
and 1-D CNN models for speaker identification, their application is primarily limited 
to generic layered security. The potential for integrating these models into real-world 
UPI systems for secure voice-based transaction authentication remains unexplored 
comprehensively [1].
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Moreover, current works such as those by Gunti et al. and Ambadkar et al. focus 
on specific aspects of UPI security or usability but fail to propose an end-to-end 
system that integrates voice authentication, AI-driven fraud detection, and advanced 
security protocols into a cohesive framework [2, 5]. 

Additionally, studies like Mohan Kumar et al. focus on user attitudes toward voice-
enabled payment systems but lack a technical or implementation-centric approach. 
Practical challenges, such as mitigating spoofing attacks, handling background 
noise, and ensuring consistent performance across diverse real-world scenarios, are 
insufficiently addressed [4]. 

Another critical gap is the absence of accessibility-focused studies. Although 
voice authentication is acknowledged for its potential to improve financial inclusion 
for users with low digital literacy or disabilities, little research investigates how such 
systems would impact adoption and usability for these demographics [4]. 

Finally, while Fahad et al. examine factors influencing UPI adoption broadly, there 
is limited analysis of the specific drivers and challenges associated with adopting 
voice-based systems, such as usability, security perceptions, and reliability [3]. 

4.2 Addressing the Gaps in This Research 

This research aims to address the identified gaps by developing a deep learning-based 
voice authentication system that leverages FFT and 1-D CNN models specifically 
tailored for secure UPI transactions. These models will cater to the unique require-
ments of speaker identification in financial contexts, ensuring a robust and reliable 
system [6, 7]. To enhance real-world applicability, the system will be tested against 
practical challenges such as noise interference, spoofing attacks, and variations in 
voice due to factors like illness or emotions, ensuring it performs consistently in 
diverse scenarios. Additionally, this study proposes an end-to-end framework that 
integrates voice authentication with AI-driven fraud detection and layered security 
protocols, providing a seamless and secure transaction experience for UPI users [8]. 

Beyond technical advancements, this research emphasizes enhancing accessibility 
by exploring how voice-enabled UPI systems can improve financial inclusion for 
underrepresented demographics, such as users with low digital literacy or disabilities. 
The solution will be designed to be both user-friendly and inclusive. Finally, the study 
will analyze key adoption factors by applying user-centric research to understand 
the behavioural and technical elements that influence the acceptance of voice-based 
payment systems [9]. This holistic approach ensures the proposed solution aligns 
with user needs and addresses security, usability, and accessibility comprehensively.
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5 Proposed System 

Flowchart of safe-voice-UPI 

6 Methodology 

6.1 Data Description 

The process begins with collecting a diverse dataset of user voice samples, capturing 
unique vocal characteristics like pitch, tone, and speech patterns. Samples are 
recorded under varying conditions, including different accents, noise levels, and 
speech styles, ensuring adaptability. The data is pre-processed to remove noise and 
extract key features, such as Mel-Frequency Cepstral Coefficients (MFCCs), which 
are critical for distinguishing individual voices. Advanced deep learning models, 
including Convolutional Neural Networks (CNNs) and Recurrent Neural Networks 
(RNNs), are utilized to develop unique voice profiles. These models are trained on 
the processed dataset to ensure high accuracy and resilience against challenges like 
background noise, voice mimicry, and tone variations.
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6.2 Preprocessing 

Once developed, the voice authentication system is integrated into the UPI frame-
work, replacing or augmenting traditional security measures like PINs. Users can 
approve transactions securely and conveniently through voice commands. The system 
undergoes extensive testing in real-world conditions to evaluate its performance, 
focusing on metrics such as accuracy, false acceptance rate (FAR), and false rejec-
tion rate (FRR). Robustness is tested against spoofing attempts and varying environ-
mental conditions. Additionally, real-time transaction monitoring is implemented to 
detect suspicious activities and trigger instant alerts, ensuring enhanced security and 
fraud prevention. This methodology guarantees a reliable, efficient, and user-friendly 
voice authentication system for digital transactions. 

7 Result and Discussion 

This table covers the major focus areas, findings, and contributions from each 
paper, along with their technologies, security features, and limitations or areas for 
improvement. 

Comparison with other system
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8 Sample Outputs
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9 Scope of Research 

The research topics of Unified Payments Interface (UPI) cover both technical, opera-
tional and user perspective to improve UPI effectiveness as a digital payment system. 
This includes harnessing cutting-edge security solutions for biometric authentica-
tion, blockchain integration, AI-driven fraud detection and risk mitigation of threats. 
Studies on user adoption and engagement can study factors that facilitate usage of 
online care such as perceived ease of use, accessibility issues, or low trust in the 
services (H2), while examining barriers to effective care including technological 
illiteracy or shortcomings in both access to mobile devices (such as smartphones) 
and internet infrastructure in rural areas. It helps usher in innovation by taking the 
lead in using new-age tech such as voice-enabled payments or adoption of regional 
language that can facilitate penetrating UPI further into hitherto unbanked sections of 
the population and enable financial inclusion Further, the analysis of UPI may include 
its economic impact and benefits with reference to assisting cashless economies as 
a whole.



190 B. Thorat et al.

10 Future Scope 

The integration of deep learning-based voice authentication into the UPI ecosystem 
offers promising results, but there is substantial potential for future enhancements. 
The variability in user voices due to accents, languages, and environmental noise 
poses a significant challenge. Future research can focus on creating noise-robust 
models that maintain accuracy across diverse real-world conditions. Employing 
advanced techniques such as domain adaptation and transfer learning can enhance 
the system’s ability to generalize across various demographic and linguistic groups. 
Furthermore, integrating additional features such as real-time liveness detection can 
address vulnerabilities to replay and synthetic voice attacks, further enhancing the 
security of digital financial transactions [10–14]. 

Multimodal authentication systems that combine voice with other biometrics, 
like facial recognition or fingerprint scanning, can be explored for a comprehensive 
security solution. Incorporating blockchain technology for securely storing and trans-
mitting voice biometric data may improve data integrity and transparency. Another 
avenue for exploration involves leveraging quantum computing to develop advanced 
encryption techniques for secure authentication processes. Expanding this system to 
other financial platforms and global payment gateways can further solidify its impact, 
making it a universal standard for secure digital payments. Future work should also 
focus on real-world implementation and user acceptance studies to fine-tune the 
system’s performance and usability. 

11 Conclusion 

This research presents a novel approach to addressing the critical security concerns 
of the UPI ecosystem through the implementation of a deep learning-based voice 
authentication system. With a training accuracy of 98.46% and a validation accu-
racy of 98%, the proposed model demonstrates high reliability in identifying users 
based on their voice biometrics. By leveraging CNN with Fast Fourier Transform for 
feature extraction, the system provides a secure, efficient, and user-friendly method 
for financial authentication. The integration of this model into the UPI framework not 
only strengthens security but also improves the overall user experience by enabling 
seamless and hands-free transactions. 
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Abstract This research introduces an Advanced Phishing Detection System inte-
grating feature extraction, EDA (Exploratory Data Analysis), and machine learning 
for real-time threat detection. It evaluates four AI models—Random Forest, SVM, 
XGBoost, and MLP—achieving high accuracy in identifying phishing websites. 
Traditional rule-based methods struggle with zero-day attacks, while ML models 
like Decision Trees and Logistic Regression fail to handle complex patterns effec-
tively. Using a publicly available phishing dataset, the system extracts key features 
like URL length, domain age, and HTTPS presence. MLP and XGBoost achieve the 
highest accuracy (99.03% and 95.73% for MLP). A Flask-based web app enables 
real-time detection. Future work includes LSTMs for sequential URL analysis and 
continuous learning for adaptive phishing defense. The novelty of this work lies in 
combining deep learning with real-time deployment via Flask, using a diverse set of 
phishing indicators beyond basic URL features. 
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1 Introduction 

1.1 Background 

Phishing attacks, which target people and organizations to obtain sensitive informa-
tion including login passwords, financial information and personal data have emerged 
as one of the most common cybersecurity dangers. Phishing websites are used by 
cybercriminals to trick consumers into submitting their credentials by resembling 
authentic ones. Due to their inability to identify novel and changing phishing attacks, 
traditional security measures like rule-based detection techniques and block lists have 
limitations. There is an urgent need for advanced automated devices that can identify 
phishing messages in real-time due to the increasing complexity of attacks. 

Through the analysis of website attributes and the discovery of hidden patterns 
suggesting of fraudulent activity machine learning has become an effective instru-
ment in phishing detection. To distinguish between real and fraudulent websites AI-
based algorithms use a variety of characteristics including URL structure, domain 
age, HTTPS presence and text analysis. Despite improvements current models 
frequently have significant false-positive rates and are not flexible enough to handle 
novel phishing strategies. Thus, creating an effective phishing detection system that 
integrates several AI models and exploratory data analysis (EDA) can improve the 
accuracy and reliability of detecting phishing attacks. 

1.2 Research Motivation 

Phishing attacks have emerged as a significant cybersecurity threat due to the quick 
growth of online services resulting in identity theft, data breaches and financial 
losses all over the world. New phishing websites can be created dynamically to 
avoid detection, making traditional detection techniques like rule-based systems and 
blacklists ineffective against them. The increasing complexity of phishing tactics 
such as social engineering and obfuscation need a more clever and flexible approach 
to detection. Investigating cutting-edge AI-driven methods for precise and real-time 
phishing detection is essential since using machine learning to assess and identify 
phishing patterns can greatly improve security measures. 

1.3 Limitations of Prior Works 

Prior phishing detection models frequently depend on antiquated methods such as 
rule-based systems or basic algorithms for machine learning which are not very 
effective in addressing changing phishing strategies. These models may not be able to 
identify advanced or novel phishing websites that employ advanced masking methods
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due to their high false-positive rates. Furthermore, a lot of current models are based on 
static datasets which limits their ability to adapt to the constantly developing nature 
of phishing attempts. Additionally, they frequently overlook complex and detailed 
signs of phishing in favour of concentrating on a small number of characteristics 
which reduces their overall efficiency and precision in practical situations.

• The user experience and trust may be damaged by existing systems high false-
positive rates which incorrectly identify reliable websites as phishing sites.

• They are less able to adapt to new changing phishing techniques since they rely 
on old datasets or static rule-based methodologies.

• Many algorithms neglect the wider range of hidden signals that could more accu-
rately detect phishing attempts rather than of concentrating just on a limited set 
of attributes.

• Traditional systems detection processes might be slow, making it impossible to 
evaluate phishing threats in real time or react quickly to them. 

1.4 Objectives

• Creating and put into use an advanced phishing detection tool that combines 
machine learning models, exploratory data analysis (EDA), and feature extraction 
for increased accuracy.

• To assess the efficiency of many machine learning models in identifying phishing 
websites such as Random Forest, MLP, XGBoost and SVM.

• Identifying phishing patterns by extracting important properties from internet data 
such as domain information, content-based attributes and URL characteristics.

• To use Flask to deliver real-time phishing detection with an easy-to-use interface 
that enables prompt feedback and threat assessment. 

1.5 Main Contribution 

The primary contribution of this research is the development of an AI-driven phishing 
detection system that combines feature extraction, exploratory data analysis (EDA), 
and machine learning models to effectively identify phishing websites. Among the 
models evaluated—Random Forest, SVM, XGBoost, and MLP—the Multilayer 
Perceptron (MLP) demonstrated the highest accuracy in both training and testing 
phases. To ensure practical usability, the system is deployed through a lightweight 
Flask-based web application that enables real-time URL analysis. This integration 
of deep learning with real-time detection offers a robust, accurate, and user-friendly 
solution to combat evolving phishing threats, addressing the limitations of traditional 
rule-based and static detection methods.
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1.6 Novelty of the Proposed Approach 

The novelty of this research lies in the integration of a deep learning-based Multilayer 
Perceptron (MLP) model with a real-time web-based detection system, enhanced by 
comprehensive feature extraction and Exploratory Data Analysis (EDA). Unlike prior 
studies that either rely on static machine learning models or focus on a limited set 
of URL-based features, this work employs a more diverse feature set—including 
domain-based and content-based attributes—to improve detection accuracy. Addi-
tionally, while many previous models demonstrate strong offline performance, they 
lack real-time deployment capability. This gap is addressed through the implementa-
tion of a lightweight Flask application that delivers fast, accurate phishing detection 
via an intuitive web interface. 

Key novel contributions include:

• Deployment of an MLP model with superior performance in recognizing complex 
phishing patterns, achieving 95.73% testing accuracy.

• Use of EDA for understanding feature correlations and patterns before model 
training, improving model reliability.

• Real-time phishing URL detection through a user-friendly Flask interface— 
bridging the gap between research and practical application.

• A balanced evaluation of four models under the same system, providing a fair 
comparative analysis. 

These aspects collectively differentiate the proposed system from conventional 
approaches and contribute to its effectiveness in detecting sophisticated phishing 
attacks. 

2 Literature Survey/Related Work 

The majority of previous phishing detection research has gone toward creating and 
improving systems to detect phishing attempts using different approaches. Heuristic 
techniques and rule based systems which employed established rules to identify 
phishing based on recognized patterns and signatures [1] were the mainstays of early 
attempts. Shahrivari et al. proposed the internet has made it possible for hackers 
to trick victims through social engineering and spoof websites a practice known as 
phishing [2]. Because machine learning and these assaults have similar traits machine 
learning is an effective way to identify them. In order to anticipate phishing websites 
this research examines the outcomes of many machine learning techniques. Rashid 
et al. provides an effective machine learning based phishing detection method that 
uses just 22.5% of novel functionality to correctly identify 95.66% of phishing and 
suitable websites. When the method [3] is combined with a support vector machine 
classifier it performs well when tested against common phishing datasets from the
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University of California Irvine collection [4]. Gandotra et al. examines feature selec-
tion techniques [5] for phishing website detection and finds that despite the time-
consuming aspect of creating a large number of features random forest reduces 
model building time without sacrificing accuracy. Nimeh et al. using a data set of 
2889 authentic and phishing emails this study examines machine learning methods 
[6] for phishing email prediction. 43 characteristics are used for classifier training 
and testing (Table 1). 

Tang et al. conducted a comprehensive survey on ML-based phishing detection 
methods, highlighting the use of Random Forests and Support Vector Machines 
for URL-based classification. Sahingoz et al. proposed an NLP-based system that 
achieved 97.98% accuracy using seven classification algorithms but was limited by 
dataset diversity and lack of real-time deployment. Alazaidah et al. evaluated 24 
classifiers and identified Random Forest and J-48 as top performers; however, their 
evaluation was restricted to only two datasets. 

Our approach builds upon these works by:

• Combining feature extraction and EDA to better understand and visualize the 
phishing patterns.

• Evaluating four different models (Random Forest, SVM, XGBoost, and MLP) 
under the same framework for fair comparison.

• Deploying the system in real-time using Flask, whereas most prior work focused 
only on offline model performance [10].

• Demonstrating that MLP outperforms traditional ML methods in detecting 
complex, obfuscated phishing websites [11].

Table 1 Literature survey 

Author Techniques Merits Demerits 

Tang et al. [7] Machine learning-based 
phishing website 
detection, data 
collection, feature 
extraction, modeling, 
evaluation 

Provides a 
comprehensive survey 
and comparison of 
various anti-phishing 
methods 

Focuses mainly on 
phishing link 
detection, may not 
cover all phishing 
attack types 
comprehensively 

Ozgur Koray 
Sahingoz et al. [8] 

The system uses seven 
classification 
algorithms and 
NLP-based features for 
phishing detection 

It offers language 
independence, real-time 
execution, and high 
accuracy (97.98%) in 
phishing detection 

It may not address all 
types of phishing 
attacks and may be 
limited by the dataset 
used 

Alazaidah et al. [9] 24 classifiers 
representing 6 learning 
strategies, 4 feature 
selection methods 

Identified best 
classifiers (Random 
Forest, Filtered 
Classifier, J-48) and 
feature selection 
method (Info Gain 
Attribute Evaluation) 

Limited to two 
datasets, might not 
generalize to other 
phishing attack types 
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Unlike previous systems, our method balances accuracy, adaptability, and 
usability—making it suitable for both research and practical deployment. The inte-
gration of a deep learning model (MLP) with a real-time web interface makes our 
solution more robust in dynamic cybersecurity environments. 

3 Data Collection and Preprocessing 

The quality of training and assessment data significantly impacts the efficiency 
of phishing detection systems. Data collection and preprocessing are crucial for 
ensuring model accuracy and resilience. This process involves gathering diverse 
instances from both malicious and legitimate sources using public phishing datasets, 
collaborative data-sharing platforms, and web scraping tools [12]. The dataset 
includes URLs classified as authentic or phishing, along with metadata like page 
layout, content attributes, and domain registration details. Feature extraction trans-
forms unstructured data into a usable format by analyzing domain age, SSL certifi-
cate status, URL length, special characters, and HTML content attributes (e.g., 
login forms, iframes). The algorithm detects phishing traits using these features. 
Exploratory Data Analysis (EDA) helps identify patterns and potential biases using 
statistical summaries, correlation analysis, and visualizations [13]. Preprocessing 
includes data cleaning (handling missing values, removing duplicates, and resolving 
label inconsistencies) to ensure reliability. Normalization techniques like z-score 
scaling standardize feature magnitudes for better model performance [14]. 

4 Principles and Methods 

The methods of phishing detection system form the basis of its reliability and accu-
racy. The system’s primary objective of quickly recognizing and preventing phishing 
assaults is achieved using a variety of machine learning techniques and artificial intel-
ligence models. This part outlines the key concepts and methods used in the develop-
ment and implementation of the detection system. The aim of the phishing detection 
system are machine learning approaches that enable the models to gain insight from 
data and generate predictions. Systems must be trained for machine learning to find 
patterns in the dataset. These algorithms are able to recognize characteristics linked 
to phishing by analyzing past data (Fig. 1).

A strong the extraction and selection of features procedure is necessary for effi-
cient phishing detection. Finding and measuring pertinent characteristics from unpro-
cessed data such as URL length, special character presence, HTML content struc-
tures and domain information is known as feature extraction. In this stage unstruc-
tured data is converted into a format that can be processed by machine learning 
models. By selecting the most important characteristics that increase the predic-
tion capacity of the model feature selection improves this procedure even further.
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Fig. 1 Architecture of system

In order to make sure that the model focuses on the most important qualities tech-
niques like feature priority ranking, correlation analysis and dimensionality reduction 
(e.g., Principal Component Analysis) are utilized which improves accuracy and effi-
ciency. The system enhances detection capabilities by utilizing a variety of machine 
learning models. With different techniques to prediction and categorization, each 
model plays to its strengths. While Random Forests combine many decision trees to 
increase accuracy and resilience Decision Trees offer comprehensible decision rules 
based on feature values. 

4.1 Justification of the Proposed Approach 

The Multilayer Perceptron (MLP) was selected for its strong ability to capture 
complex phishing patterns that simpler models often miss. Combined with EDA 
and feature extraction, it improves detection accuracy. Flask was used to deploy the 
model in real-time, making the system practical, lightweight, and user-friendly. This 
approach balances performance, interpretability, and real-world usability. 

4.1.1 Exploratory Data Analysis 

Before using any machine learning models, the data analysis process must first do 
exploratory data analysis (EDA) which entails examining and comprehending the 
dataset. Using statistical and graphical techniques EDA aims to identify patterns, 
identify anomalies, test hypotheses and verify assumptions. This research makes



200 Y. Kranthi Kumar et al.

Fig. 2 Distribution of average value versus features

it possible to make accurate choices regarding choosing features, data preparation, 
and model building. This is an in-depth analysis of the EDA [15] process’s main 
stages. The main stage in the EDA process is collecting and integrating data from 
several sources. For a phishing detection system this involves gathering data on 
URLs, website content and related information. Working with public databases online 
scraping, or data exchange services can all produce data. Integration is the process 
of combining data from multiple sources into one collection while preserving format 
and architectural integrity. This phase is essential because it provides an in-depth 
evaluation of the data and creates the foundation for future studies (Figs. 2 and 3). 

Data visualization that includes turning the data into visual representations that 
demonstrate correlations, patterns and trends is an effective tool in EDA. A range of 
visualizations are used including as histograms to show the distribution of numerical 
values, box plots for recognizing outliers, scatter plots to examine feature relation-
ships and bar charts for evaluating categorical data. Visualizations make it easier to 
understand big data and identify trends or abnormalities than statistics summaries. 
Correlation analysis [16] analyzes the connections between different features to iden-
tify main relationships or correlations. Techniques such as Pearson correlation coeffi-
cients are used to measure the strength and direction of linear relationships between 
numerical data. Tables of variables or the chi-square tests can be used to assess 
connections for categorical data. Finding identical components and choosing the 
most important ones for model construction are made simple by an understanding 
of relationships [17].
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Fig. 3 Correlation of features

4.1.2 Machine Learning Models 

A. Random Forest 

An ensemble learning system called Random Forest combines several decision trees 
to provide predictions that are more reliable and accurate. It is a member of the 
bagging algorithm family in which every tree is developed on a distinct subset of 
data that is selected at random using replacement. A major issue with each decision 
tree is overfitting which is lessened by this method called bootstrap aggregation. The 
final prediction in a random forest is determined by taking the majority of the votes for 
tasks such as classification or by average the predicted outcomes of all trees for tasks 
involving regression. Each tree in the random forest is constructed independently. 
By reducing the variation that particular decision trees may experience this ensemble 
technique helps smooth out estimates and improves generalization on unknown data. 

ŷ = mode(ŷ1, ̂y2, . . . ,  ̂yn) 

where ŷ is the prediction and N is the number of decision Trees. The capacity of 
Random Forest to manage complex datasets and maintain high accuracy even in the 
missing values is one of its main features. Additionally, it offers information on the
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Fig. 4 Feature importance (Random Forest) 

corresponding importance of each feature in the process of making choices which is 
helpful when choosing features for more complex models. 

Random Forest employs a technique called feature bagging [18] in which a random 
collection of characteristics is chosen for analysis at each tree split. This enhances the 
resilience of the entire model by further decorrelating the component trees. Because 
numerous trees must be trained, Random Forest can be analytically costly yet it is 
nevertheless quite effective in a variety of applications including classification jobs. 
Every leaf node in the tree represents an outcome every branch in the tree represents 
a decision rule and every node in the tree represents a feature. In order to divide 
the data into discrete categories the model iteratively creates branches by dividing 
the data according to the characteristic that offers the best separation. The Random 
Forest of the phishing detection system obtained training accuracy of 96.58%. The 
Random Forest may experience overfitting if it is not appropriately pruned, while 
being simple to understand and visualize. The Random Forest algorithm is renowned 
for its resilience [19] and capacity to manage huge datasets with a high degree of 
dimension (Fig. 4). 

B. XG-Boost 

The gradient boosting approach which is frequently used for learning projects like 
regression and classification is powerfully and effectively implemented by XGBoost 
(Extreme Gradient Boosting) [20]. Gradient boosting is the process of creating a 
sequence of decision trees each of which aims to fix the mistakes of the one before it. 
Each new tree in the XGBoost algorithm is constructed sequentially with an emphasis 
on the residual errors the discrepancies between the true and forecasted values of the 
preceding trees. The model is trained by reducing a loss function that incorporates a 
regularization term that regulates the model’s complexity and prevents overfitting as 
well as the error of the model’s predictions. It uses a number of strategies to accelerate 
training including sparsity-aware algorithms that efficiently manage missing data and 
parallelization which enables it to employ several cores for computing.
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Fm(x) = Fm−1(x) + η · · ·  hm(x) 

Fm(x) is the new model, 
Fm−1(x) is the previous model, 
η (learning rate) controls step size, 
hm(x) is the weak learner (decision tree). 

The trees minimize a loss function plus a regularization term: 

L = 
(i) 

I(yi,ŷi)+ 
(k) 

Tk) 

l(yi, ŷi) is the loss (e.g., squared error for regression), 
Ω(Tk) penalizes model complexity. 

In order to lower computational costs the approach also makes use of sophisticated 
tree building techniques including split finding and approximate tree learning. In 
order to avoid needless computation and overfitting XGBoost also enables early 
stopping, which stops training if the model’s success rate on a validation set begins 
to deteriorate. The XG-Boost algorithm in the phishing detection system had the 
second highest accuracy, with 97.0% for training and 95.10% for testing. XG-Boost 
is a popular choice for a range of applications involving machine learning due to its 
excellent performance and flexibility. 

C. Support Vector Machine 

One kind of supervised learning technique used for regression and classification 
problems is called Support Vector Machines (SVM) [21]. Although it may also be 
used for regression problems the Support Vector Machine (SVM) is a strong and 
adaptable supervised learning technique that is mainly employed for classification. 
Finding a hyperplane that optimally divides the data into discrete classes while opti-
mizing the margin between each class’s nearest points known as support vectors is the 
fundamental concept of support vector machines (SVM). The approach handles non-
linearly separable data by employing a mathematical technique known as the kernel 
trick to translate data points into higher-dimensional spaces. Without the require-
ment for explicit mapping SVM may function effectively in high-dimensional spaces 
thanks to the kernel function such as the polynomial kernel or radial basis function 
(RBF). 

f(x) = 
N 

i=1 

αiyiK(xi, x) + b 

b is the bias term, 
yi is the class label (+ 1 or − 1), 
xi are feature vectors. and K(xi, x) is the kernel function (e.g., RBF, polynomial).
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SVM’s capacity to handle high-dimensional information where numerous other 
approaches would fail is one of its main advantages. It works especially effectively for 
tasks like recognition of images, classification of text and biology that have defined 
margins of separation. Strong theoretical foundations of SVM such as the ideas of 
structural risk reduction aid in lowering overfitting and enhancing model adaptation. 
The SVM model in the phishing detection system obtained 96.54% training accuracy. 

5 Proposed Methodology 

5.1 Multilayer Perceptron 

Multilayer Perceptron (MLP) was chosen as the proposed methodology due to its 
superior ability to capture complex patterns in phishing data, leading to higher accu-
racy compared to other machine learning models. The ability of MLP to approximate 
complex functions makes it particularly suitable for detecting phishing websites, 
which often employ obfuscation techniques to evade detection. 

z(1) = W(1) a(1−1) + b(1) 

a(1) = f (z(1) ) 

W(l) = weight matrix for layer l 
b(l) = bias vector for layer l 
z(l) = pre-activation value 
a(l), a(l−1) = activated output. 
Multiple layers of nodes or neurons arranged into a layer of inputs one or more 

hidden layers and a layer of output make up a Multi-Layer Perceptron (MLP) [22] 
a type of forward artificial neural network. In the MLP every layer is completely 
coupled to the one behind it which means that each neuron in one layer has connec-
tions to every other layer’s neuron. After being received by the input layer the data is 
transferred via any number of hidden layers where each neuron determines its output 
by applying an activation function and a weighted sum of the inputs. Until the data 
enters the end result layer where the final classification or prediction is formed this 
procedure is repeated throughout each hidden layer. A special type of network called 
Multilayer Perceptron has one or more hidden layers in between the input and output 
layers [23] (Fig. 5).

Their capacity for approximating complex functions is one of MLPs main advan-
tages. An MLP may potentially learn to represent any continuous operation if it has 
enough hidden levels and neurons which makes it extremely adaptable for a variety 
of purposes. The number of layers the number of neurons in each layer the activation 
function and the learning rate are among the hyperparameters that must be adjusted
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Fig. 5 MLP architecture

when training an MLP. MLPs are frequently employed in domains such as image 
recognition, language processing and economic prediction because they can handle 
both classification and regression issues. When it comes to finding irregular relation-
ships MLPs are useful. The MLP model obtained training accuracy of 99.03% and 
testing accuracy of 95.73%. 

6 Results 

The phishing detection system was evaluated using Random Forest, SVM, XGBoost, 
and MLP. MLP outperformed the others, achieving 99.03% training accuracy 
and 95.73% testing accuracy, indicating strong generalization to unseen phishing 
instances. XGBoost also performed well (97.0% training, 95.10% testing accuracy), 
while Random Forest and SVM achieved over 96% accuracy, demonstrating their 
reliability. 

MLP’s superior performance stems from its deep learning architecture, which 
effectively captures intricate phishing patterns often missed by traditional models. It 
minimizes false positives and negatives, ensuring accurate detection while preventing 
unnecessary alerts. 

For real-time usability, the system integrates a Flask-based interface, allowing 
users to analyze URLs within seconds. This accessibility makes it practical for both 
individuals and organizations to enhance cybersecurity defenses (Figs. 6, 7, 8, 9, 10 
and 11; Table 2).

The Flask-based application enables real-time phishing detection, offering 
quick and accurate URL analysis for proactive security. Its speed, efficiency, and 
lightweight design make it ideal for cybersecurity applications. The intuitive inter-
face ensures ease of use, promoting widespread adoption. By combining deep
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Fig. 6 Accuracy versus epochs of MLP 

Fig. 7 Loss versus epochs of MLP 

Fig. 8 Giving a phishing URL
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Fig. 9 Real time detection (output) 

Fig. 10 Giving a legitimate URL

learning with a responsive platform, the system enhances digital safety and reinforces 
AI-driven security solutions. 

7 Conclusion 

This study presents a comprehensive phishing detection system that not only achieves 
high accuracy using machine learning models—particularly Multilayer Perceptron 
(MLP)—but also ensures real-time usability through a lightweight Flask-based web
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Fig. 11 Real time detection (output) 

Table 2 Models accuracy on 
train and test data Model Train accuracy Testing accuracy 

Random Forest 96.58 94.18 

MLP 99.03 95.73 

XG-Boost 97.0 95.10 

SVM 96.54 93.27

interface. By combining feature extraction, EDA, and deep learning techniques, 
the system effectively overcomes the limitations of traditional methods, offering 
a reliable and adaptive solution against evolving phishing threats. The integration 
of real-time detection and user accessibility makes this approach highly practical 
for enhancing cybersecurity at both individual and organizational levels. Future 
enhancements could integrate LSTM networks for sequential URL analysis and 
continuous learning for adapting to evolving threats. This study highlights AI’s role 
in strengthening digital security and the importance of automated phishing detection 
in mitigating cyber risks. 

References 

1. Moghimi, M., Varjani, A.Y.: New rule-based phishing detection method. Exp. Syst. Appl. 53, 
231–242 (2016) 

2. Shahrivari, V., Darabi, M.M., Izadim, M.: Phishing detection using machine learning 
techniques. arXiv preprint arXiv:2009.11116 (2020) 

3. Rashid, J., et al.: Phishing detection using machine learning technique. In: 2020 First Inter-
national Conference of Smart Systems and Emerging Technologies (SMARTTECH). IEEE 
(2020)

http://arxiv.org/abs/2009.11116


Phishing Site Analyzer: AI-Driven Real-Time Detection with MLP … 209

4. Goldberg, S.M., McAdam, T.: A collaborative approach for processing electronic resources at 
the University of California, Irvine. Tech. Serv. Q. 20(2), 21–32 (2002) 

5. Gandotra, E., Gupta, D.: An efficient approach for phishing detection using machine learning. 
Multimed. Secur. Algorithm Dev. Anal. Appl., 239–253 (2021) 

6. Abu-Nimeh, S., et al.: A comparison of machine learning techniques for phishing detection. In: 
Proceedings of the Anti-phishing Working Groups 2nd Annual eCrime Researchers Summit 
(2007) 

7. Tang, L., Mahmoud, Q.H.: A survey of machine learning-based solutions for phishing website 
detection. Mach. Learn. Knowl. Extraction 3(3), 672–694 (2021) 

8. Sahingoz, O.K., et al.: Machine learning based phishing detection from URLs. Exp. Syst. Appl. 
117, 345–357 (2019) 

9. Alazaidah, R., et al.: Website phishing detection using machine learning techniques. J. Stat. 
Appl. Probab. 13(1), 119–129 (2024) 

10. Lim, H., Sim, D., Choo, J.: EXPLICATE: phishing detection with explainable models and LLM-
powered interpretability. arXiv preprint arXiv:2404.06393 (2024); EDA, OF: Exploratory data 
analysis. In: Handbook of Psychology, Research Methods in Psychology, vol. 2, p. 34 (2012) 

11. Kulkarni, A., Zeng, H., Chang, M.-W.: PhishOracle: robustness evaluation of phishing webpage 
detection models via adversarial example generation. arXiv preprint arXiv:2403.07091 (2024) 

12. Chatfield, C.: Exploratory data analysis. Eur. J. Oper. Res. 23(1), 5–13 (1986) 
13. Massaro, D.W., Friedman, D.: Models of integration given multiple sources of information. 

Psychol. Rev. 97(2), 225 (1990) 
14. Lowry, P.B., Gaskin, J.: Partial least squares (PLS) structural equation modeling (SEM) for 

building and testing behavioral causal theory: When to choose it and how to use it. IEEE Trans. 
Prof. Commun. 57(2), 123–146 (2014) 

15. Denisko, D., Hoffman, M.M.: Classification and interaction in random forests. Proc. Natl. 
Acad. Sci. 115(8), 1690–1692 (2018) 

16. Gogtay, N.J., Thatte, U.M.: Principles of correlation analysis. J. Assoc. Physicians India 65(3), 
78–81 (2017) 

17. Chung, Y., et al.: Unknown examples & machine learning model generalization. arXiv preprint 
arXiv:1808.08294 (2018) 

18. Prasad, A.M., Iverson, L.R., Liaw, A.: Newer classification and regression tree techniques: 
bagging and random forests for ecological prediction. Ecosystems 9, 181–199 (2006) 

19. Chen, J.-J., et al.: Identifying the top determinants of psychological resilience among commu-
nity older adults during COVID-19 in Taiwan: a random forest approach. Mach. Learn. Appl. 
14, 100494 (2023) 

20. ForouzeshNejad, A.A., Arabikhan, F., Aheleroff, S.: Optimizing project time and cost predic-
tion using a hybrid XGBoost and simulated annealing algorithm. Machines 12(12), 867 
(2024) 

21. Jakkula, V.: Tutorial on Support Vector Machine (SVM). School of EECS, Washington State 
University 37.2.5: 3 (2006) 

22. Taud, H., Mas, J.-F.: Multilayer perceptron (MLP). In: Geomatic Approaches for Modeling 
Land Change Scenarios, pp. 451–455 (2018) 

23. Panchal, G., et al.: Behaviour analysis of multilayer perceptrons with multiple hidden neurons 
and hidden layers. Int. J. Comput. Theory Eng. 3(2), 332–337 (2011)

http://arxiv.org/abs/2404.06393
http://arxiv.org/abs/2403.07091
http://arxiv.org/abs/1808.08294


Automotive Accident Prevention System 
by Fuel and Electrical Circuit 
Deactivation 

Dnyaneshwar Kanade, Aditya Inamdar, Suraj Gitte, Dev Jangam, 
and Rohan Humbe 

Abstract This research proposes a real-time accident detection and mitigation 
system with the goal of reducing damage during vehicle crashes. The system uses 
an accelerometer sensor to track sudden changes in acceleration which may indicate 
an accident. When the system detects an acceleration rate that is higher than the set 
threshold, the system will activate a fuel cut-off device which will immediately block 
the engine’s fuel pipes and stop the fuel supply. This rapid response improves the 
safety of the vehicle and its passengers by reducing the chance of fire and further 
damage. The recommended solution is an inexpensive standalone system that aims 
to improve current vehicle safety measures. This approach will help improve road 
safety and reduce the severity of the consequences of accidents by reducing damage 
and preventing harm after an accident. 
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1 Introduction 

Car accidents remain globally deadly and a major cause of injuries, underlining the 
immediate requirement of vehicle safety systems. While existing technologies such 
as automatic emergency braking and airbag systems reduce the effect, post-collision 
events such as fuel leaks, electrical failures, fires and fire hazards pose serious threats 
to first responders [1, 2]. 

This research introduces a cost-influential, real-time motor vehicle safety growth 
system that is designed to detect a collision using an accelerometer and immedi-
ately neutralize both fuel and electrical circuits [3, 4]. By integrating the ADXL345 
accelerometer with Arduino UNO, the system monitors the acceleration pattern and 
begins a fuel shutoff response when an accident is detected. This action reduces the 
possibility of fire, fuel spillage, or second-charam accidents after an initial collision. 

Unlike high cost or complex motor vehicle safety solutions, the proposed system 
is a Modu-Laar, standalone approach that can be easily embedded in existing vehicle 
architecture without wide engineering. The main contribution of this work lies in its 
simple yet effective mechanism to reduce the risk of post-collision, which makes it 
particularly suited for use in low-cost vehicles and developing areas. 

2 Literature Review 

Kassim et al. [1] analyzed acceleration sensors’ performance in detecting vehicular 
motion anomalies, laying a foundation for real-time accident detection. However, 
their work stops at detection and does not propose post-accident mitigation strategies 
like fuel cut-off mechanisms. 

Bala Aditya et al. [3] and Siam et al. [5] proposed sensor-based collision detec-
tion systems that communicate alerts to emergency services. While efficient in 
early warnings, they primarily rely on communication protocols, lacking mechanical 
intervention (e.g., deactivating fuel flow) as seen in our system. 

Tahemeen and Patil [2], and Rakshith et al. [6], explored IoT-based accident 
response systems, suggesting smart fuel cut-off solutions. However, these systems 
are largely conceptual or depend on internet infrastructure, which can be unreliable 
in remote areas. Our system, by contrast, is a standalone embedded solution that 
operates even without external communication. 

Baghdadi et al. [4] used Raspberry Pi and MEMS accelerometers for portable 
vibration monitoring, emphasizing flexibility. Our system offers a similar modular 
design but with the added functionality of mechanical intervention for accident 
mitigation. 

Widianto et al. [7] and Rani et al. [8] explored behavioral tracking and vehicle 
motion analysis. While beneficial in accident prevention, our approach extends the 
safety boundary by addressing accident consequences via real-time deactivation of 
fuel and motor systems.
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Maputi and Garlanka [9] analyzed structural design for crash resistance, 
supporting safer physical vehicle frameworks. Our work complements these find-
ings by contributing an electronic solution that mitigates post-collision risks like 
fire. 

Alsayaydeh et al. [10] and Gomathy [11] presented integrated systems using 
multiple sensors for crash detection and alert generation. Though comprehensive, 
their systems emphasize software communication and data analytics more than 
physical hazard mitigation. Our system uniquely prioritizes immediate physical 
action—cutting off the fuel supply—to directly reduce post-collision threats. 

3 Methodology 

The goal of this project is to create a multi-purpose automation system that uses an 
Arduino UNO microcontroller for efficient operation. The system connects neces-
sary parts such as motors and fuel pumps. ADXL345 accelerometer sensor and 
other control modules This configuration is intended for applications that require 
acceleration monitoring. liquid pumping and speed control The system guaran-
tees reliable operation without excessive power supply using a dedicated power 
source for the motor, fuel pump and main control unit [7]. Relay modules and user-
controlled buttons increase flexibility by enabling the operation of automation or 
human automation components (Fig. 1). 

Fig. 1 Circuit diagram
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The selection of components and overall system architecture was operated by the 
goals of ability, real-time accountability, hardware-level control and ease of inte-
gration. Each component performs an important function, which contributes to the 
reliability and simplicity of the system. 

Arduino UNO: Chosen due to programming, low cost and ease of comprehen-
sive community support. It provides adequate processing power for real-time sensor 
monitoring and control signal handling. 

The ADXL345 Accelerometer: Selected for its 3-axis high-resolution output, 
compact form factor and low power consumption, which makes it ideal for sudden 
detection of vehicle acceleration changes [4, 12]. 

The L293D motor driver: Allows for accurate motor control and supports 
bidirectional current flowing, enabling responsible mechanical operations. 

Relay Module: Controls the fuel pump’s operation by acting as a switch and for 
safety, keeps high-power circuits away from the Arduino. 

Fuel Pump: Turns on a liquid pump controlled using the relay module and the 
Arduino. 

Batteries 

(1) The motors are powered by the motor battery. 
(2) The fuel pump is powered by the pump battery. 
(3) Arduino and other control components are powered by the main circuit battery. 

The other components used were: 5 V DC motors, buttons, 5 mm LEDs, etc.  
A standalone embedded system design was preferred to ensure that the system 

remains functional in real time, even in the absence of external network or 
connectivity. 

Compared to IOT infrastructure, GSM modules, or other relying more relying 
on complex microcontroller, this solution provides a practical trading between 
performance and practical viability, especially in cost-sensitive or resource-limited 
environment such as two-wheelers, small commercial vehicles, or in rural areas. 

The main objective of this project is to demonstrate how various hardware compo-
nents work together. Using the L293D motor driver and relay module, it interprets 
data from the accelerometer sensor and the Arduino UNO ADXL345 fuel pump to 
control the motor. This modular design provides a flexible answer for real-world 
automation needs, such as environmental monitoring. Liquid handling systems, 
robots, one of the applications can be changed according to category [6, 8]. 

Steps Involved: 

1. Accident detection: The ADXL345 accelerometer sensor is used in the system 
to track variations in acceleration in order to identify accidents. The ADXL345 
transmits data to the Arduino UNO for processing after measuring acceleration 
along the X, Y, and Z axes. To indicate anomalous or abrupt acceleration changes, 
such as those caused by a collision, a predetermined threshold value is set into
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the Arduino. The system detects an accident when the acceleration value from 
any axis surpasses this level. 

After detection, the Arduino can initiate certain functions, such sounding 
an alarm, halting the motors, or communicating with another device for emer-
gency assistance. Because of this feature, the system can be used for industrial 
monitoring or automobile safety systems (Figs. 2 and 3). 

2. Blocking the fuel pump: When an accident is detected, the fuel pump in the 
system is set up to shut off automatically. The ADXL345 accelerometer contin-
ually measures acceleration. The Arduino notifies the relay module in charge of 
the fuel pump if it receives signals indicating a sudden acceleration change that 
beyond the predetermined threshold, which would indicate an accident. 

When the relay module receives this signal, it functions as a switch and cuts 
off the pump’s power supply. As seen in the circuit diagram, this guarantees 
that in the event of an accident, the pump will immediately stop operating to 
limit additional damage, dangers, or gasoline spills [6, 11, 13]. Particularly in 
applications such as automated fluid-handling systems or automobiles, this safety 
element adds an additional degree of protection. 

3. To restore default system: A reset button on the system enables users to return 
it to its basic configuration in the event of an accident or unusual activity. The

Fig. 2 System logical flow diagram 

Fig. 3 Total acceleration equation
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Arduino UNO receives a signal when the reset button is hit, clearing any error 
states or triggers brought on by the accident detection. By doing this, the system 
is reinitialized, enabling parts like the fuel pump and motors to function normally 
again. The reset feature makes the system easy to operate and perfect for situations 
that call for swift recovery by guaranteeing that it may be brought back online 
quickly and effectively without requiring human reconfiguration [10].

The below flow chart represents the whole process what will happen whenever 
the accident is detected. 

4 Results and Discussions 

Figure 4 shows the system before the accident detection. 
Figure 5 shows the system when a collision is detected. The fuel pump and the dc 

motors connected to L293D motor driver are deactivated. The alert system (led and 
buzzer) is activated by the system. The system can be resumed manually by pressing 
the reset button.

Table 1 shows a sample data output of the Arduino IDE Serial monitor in tabular 
format. The total acceleration calculated by the microcontroller at every time stamp 
is compared with the predefined threshold value.

During the initial prototype construction, the threshold value was set to 1.5 g. 
The acceleration at time stamp 8 is greater than the threshold. Hence the system 
detected it as a collision and the fuel pump and dc motors were deactivated while the 
LED and buzzer were triggered. The system’s ability to identify accidents and ensure 
efficiency and safety has been effectively proven. The Arduino UNO analyzes data

Fig. 4 Working of the system before collision detection 
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Fig. 5 System responding to a collision

Table 1 Readings in the Arduino IDE serial monitor before and after a collision 

Time X (g) Y (g) Z (g) Total acceleration (g) Collision detected 

1 0.98 −0.31 −9.18 0.94 

2 0.94 −0.35 −9.34 0.96 

3 0 −0.43 −9.34 0.95 

4 −1.22 −0.24 −8.67 0.89 

5 6.94 0.35 −11.4 1.36 

6 −2.28 −0.78 −7.81 0.83 

7 −6.51 −0.27 −7.53 1.02 

8 8.16 2.31 −12.7 1.56 Collision detected 

9 0.63 0.04 −8.75 0.89 

10 0.35 −0.51 −9.02 0.92 

11 0.39 0.27 −9.06 0.93 

12 −0.47 0.04 −9.34 0.95 

13 0.04 0.63 −9.65 0.99 

14 0.04 0.39 −9.45 0.97

from the ADXL345 acceleration sensor, which accurately detects sudden changes in 
acceleration [5, 10]. 

The system also performs well in resuming operations after detecting a crash. All 
parts of the system including the pump and motor can work normally after pressing 
the reset button [10]. This feature ensures system reliability and flexibility for real-
world applications. In addition, the power supply to the motors is divided. Fuel pump



218 D. Kanade et al.

and the main circuit guarantees continuous operation without overloading a single 
power source. 

However, several limitations were noted during testing. For example, small vibra-
tions or noise in acceleration data can mislead collision detection [12]. This can be 
reduced by improving the threshold level or by using sensor data filtering methods 
[4, 7]. Additionally, the inclusion of a wireless communication module in the actual 
system implementation improves its utility in automatic or remote setup by enabling 
Report or send an alarm in the event of an accident. Despite these minor disadvan-
tages, the system remains applicable to industrial automation, robots, vehicles, safety 
and more. It is a possible solution for use. 

The proposed system has been selected based on the critical need for real-time 
accident response mechanisms that extend beyond traditional detection and notifi-
cation systems. Most existing solutions rely heavily on communication networks 
(e.g., GSM, IoT) or cloud-based data processing, which can introduce latency and 
are not always reliable in remote or underdeveloped regions. Our system addresses 
this limitation by offering a standalone embedded hardware solution that functions 
without external connectivity [2, 5]. 

This hardware-centric approach ensures immediate physical intervention-shutting 
off the fuel pump and motors upon detecting a collision through acceleration data. 
This significantly reduces the risk of fire, fuel leakage, or further mechanical damage 
after an accident, thereby improving overall vehicle and passenger safety. 

Unlike prior work that primarily focuses on either structural improvements or 
communication-based notifications, our system emphasizes physical hazard mitiga-
tion by acting directly on the fuel and motor systems. The inclusion of such a mech-
anism is essential in reducing fatalities and secondary damage due to post-accident 
combustion or electrical hazards. 

Additionally, the system uses low-cost components like the Arduino UNO and 
ADXL345 accelerometer, making it economically viable and accessible, especially 
in low-resource settings. Its modular design allows seamless integration into existing 
vehicle models with minimal structural modifications. It also lays the groundwork 
for potential future upgrades, such as GPS tracking or GSM module integration, 
without compromising the system’s core offline functionality. 

5 Future Scope 

The future goals of this project are to improve practicality and increase efficiency. 
One possible improvement is the integration of wireless communication modules 
such as GSM, Wi-Fi or Bluetooth to facilitate remote monitoring and notification, 
for example in the event of an accident. The system can report its location and status 
to emergency services or designated contact with this functionality. The system will 
be more suitable for real-time monitoring applications in industrial automation or 
automotive safety. The benefits can be further improved by adding a GPS device, 
which provides precise location information during an accident.
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Using cutting-edge sensor technology and machine learning algorithms is another 
way to improve. Multiple sensors, such as proximity or gyroscope it can help the 
system identify and classify different types of accidents or abnormalities. Machine 
learning can also be used to test for patterns in sensor data, reducing false positives 
and increasing the overall reliability of the system [12, 14]. 

6 Conclusion 

This paper presents a low cost, design and implementation of a modular accident 
prevention system that automatically neutralizes the fuel of the vehicle on crash 
detection and electric circuit-composition. By taking advantage of the ADXL345 
accelerometer and an Arduino-based control mechanism, the system can firmly 
identify sudden changes in acceleration and react in real time. 

The main contribution of this work is the development of a practical and stan-
dalone safety solution that requires minimal vehicle modification [3, 7, 13], making 
it a viable option for extensive deployment in budget-friendly vehicles [15]. The 
system enhances existing passive security facilities, which reduces the threats after 
the collision, such as fuel leaks and fire [2, 11]. 

With wireless communication and extending GPS integration, the system has the 
ability to develop in a comprehensive post-cross reaction frame-work. The project 
highlights how accessible technology can be implemented effectively to address 
significant intervals in road safety. 
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Mental Health Assessment Using 
Machine Learning Models: 
A Comparative Review of Recent 
Advances 

Kanupriya Arora and Kapil Joshi 

Abstract Anxiety, depression, and stress are all psychiatric disorders that coexist 
and have an impact on the quality of life of people across the globe. They are influ-
enced by environmental, psychological, and biological factors. Prognosis is impor-
tant for early treatment and to minimize the effects of these diseases on the individual 
as well as on society. According to the WHO estimate, 1 out of every 8 people in 
the world have a mental illness. Severe impairment in the thought, emotional, or 
behavioural processes is a characteristic of mental diseases. Usually, wearable tech-
nology, social media activity, or self-reported questionnaires are used to gather data 
for stress, anxiety, and depression prediction. In order to identify patterns and risk 
factors for accurate prediction we generally use machine learning models and statis-
tical techniques. The outcomes portray moderate to high effectiveness in depression, 
anxiety, and stress prediction, varying with the methodology and data quality. We 
have reviewed 13 different models for the prediction of stress, anxiety and depression. 
By comprehensive study we find out that neural network performed the best with 
the highest accuracy in terms of Accuracy, Error rate, Precision, Recall, F-measurer 
area. 

Keywords Mental health · Artificial intelligence ·Machine learning · Neutral 
network · Random Forest 

1 Introduction 

AI is revolutionizing several industries at a swift pace, and its impact on medicine 
has been so powerful. AI is transforming the way medical professionals treat patients 
by making clinical processes more efficient and directing decisions in the healthcare 
sector. The health care sector is presently collecting massive amounts of data from 
patients and hospitals. By leveraging this data effectively, physicians can predict
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more effective treatment approaches and enhance the overall delivery of healthcare 
services. The Python framework has emerged as a valuable tool in this endeavor, facil-
itating data analysis and computational processes that support informed decision-
making. This research paper compares deeply and delves into the multifaceted contri-
butions of AI to the life sciences, highlighting its potential to accelerate discoveries, 
improve patient outcomes and address pressing challenges in the field. We look at 
the state of artificial intelligence in the life sciences now, current research directions, 
and how AI might change healthcare in the future [1]. 

Fundamentally, AI is based on machine learning (ML), which gives computers 
the ability to learn from enormous volumes of data and forecast future events [2]. 
A kind of artificial intelligence called machine learning (ML) enables computers to 
learn from their experiences and get better without explicit programming. Since the 
fifth century BC, there have been references to mental illness, indicating that mental 
health difficulties have persisted throughout human history. However, because of their 
fast-paced lifestyles, many people in the modern world suffer from stress, anxiety, 
and despair, contributing to a notable increase in mental health issues. 

In India, the topic of mental health remains stigmatized, resulting in inadequate 
healthcare support and a staggering number of people suffering from mental illness. 
According to statistics, 130 million people in India may be struggling with some form 
of mental health issue. The primary reasons behind this alarming number include a 
crumbling healthcare system and inadequate government support. 

To combat this mental health epidemic, the authorities must take robust and 
essential steps towards healthcare, allocating sufficient funds towards mental health 
initiatives. A crucial aspect of this endeavour involves developing effective diag-
nostic tools, such as questionnaires that healthcare professionals can use to identify 
patients’ conditions. Our study aims to forecast the following issues, leveraging AI 
and ML to develop innovative solutions that address the complex challenges in mental 
healthcare. Machine learning (ML)-based anxiety, depression, and stress prediction 
is gaining a lot of interest across all industries and is becoming an essential tool for 
bettering mental health care. Because of the stigma or lack of access, many people 
choose not to seek treatment for these disorders; therefore, ML-based systems can 
aid in the early detection of these problems [3]. 

1.1 Machine Learning Algorithm 

The program or set of instructions which enables a system to learn from the existing 
data or information, identifying figures or patterns, and make predictions for each task 
with 0% program explicitly [4]. In essence, machine learning, or ML, is a branch of 
artificial intelligence (AI) that is primarily applied to the resolution of various issues 
in various fields. For instance, identifying novel patterns and insights in data, image 
recognition, natural language processing, and predictive analytics (Fig. 1).
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Fig. 1 Types of machine learning algorithms 

1.2 Supervised Learning 

In this learning is done from the existing knowledge and predictions is made on the 
new data. The labeled data are used by the algorithm for learning.

• For e.g.—teaching a child with the help of flash cards where the answers are 
already present.

• Predicting house prices based on size, location, etc.
• Email spam detection: Classifying emails as spam or not. 

1.3 Unsupervised Learning 

In this algorithm learning is done from data without labelled answers and finds hidden 
patterns or structures.

• For e.g.—giving a child a bunch of mixed items (toys, books, clothes) and asking 
them to organize them into groups.

• Grouping customers into segments based on shopping habits.
• Finding patterns in social media trends (Fig. 2).

1.4 Semi-supervised Learning 

This method employs a combination of labelled and unlabelled data since it learns 
using both supervised and unstructured patterns.
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Fig. 2 Types of supervised and unsupervised

For e.g.: This is like giving a child some flashcards with answers and some without 
answers.

• Text classification where only a few documents are labelled.
• Fraud detection, where only some transactions are labelled as fraudulent. 

1.5 Reinforcement Learning 

Through interaction with the environment and feedback in the way of incentives or 
punishments, the algorithm gains knowledge. 

For e.g.: teaching a dog a trick by rewarding it when it does the right thing.

• Self-driving cars: Learn to drive safely by practicing in a simulated environment.
• Game-playing AI: Like AlphaGo, which learns to play board games better than 

humans. 

There are basically various steps involved to predict stress, anxiety and depression. 
We studied 31 research papers, out of them 28 are using machine learning algorithms 
few uses self-report questionnaires, few uses clinical interviews, and few uses physio-
logical measurements using wearable sensors. We have reviewed 13 different models 
for the prediction of stress, anxiety and depression. By comprehensive study we find



Mental Health Assessment Using Machine Learning Models … 225

out that Neural network performed the best with the highest accuracy of 99.9% in 
terms of Accuracy, Error rate, Precision, Recall, F-measurer area. 

2 Related Works 

This study explores the use of machine learning (ML) algorithms to identify predic-
tors of depression using data from the National Health and Nutrition Examination 
Survey (NHANES) 2017–2020. The dataset includes medical, mental, demographic, 
and lifestyle information from 8965 individuals aged 18 to 80 years. Seven ML algo-
rithms were tested, with the Neural Network algorithm achieving the highest perfor-
mance, indicated by an area under the curve (AUC) of 91.34%. This performance 
significantly outperformed traditional statistical methods such as logistic regres-
sion [3, 5, 6]. Key findings include that age, health, childhood conditions, and low 
education levels are significant predictors of depression risk in later life. New prog-
nostic patterns are also found, including low dental care utilization and life course 
instability. The study employs the Shapley Additive Explanations (SHAP) method 
to elucidate these predictive patterns [7, 8]. The research paper explores the crit-
ical role of mental health, which encompasses emotional, psychological, and social 
well-being, in shaping our thoughts, emotions, behaviours, responses to stress, inter-
actions with others, and decision-making processes. The paper examines different 
machine learning models, techniques, and applications in this field, with an emphasis 
on data modalities, in recognition of the growing interest in applying machine 
learning for the early identification of mental illness. From a technical standpoint, 
standard logistic models are consistently outperformed by more sophisticated SML 
algorithms. However, predictive performance is greatly improved when a Gradient 
Boosting model is used in conjunction with semi-structured input data depending 
on life sequence attributes. According to the study, structured input data enhances 
interpretability and predictive accuracy; the most dependable PR-AUC, given the 
information at hand, is 0.77 for females and 0.65 for males [9–11]. The document 
details a study on predicting personality traits and stress levels using various machine 
learning models. The traits analyzed include extroversion/introversion and neuroti-
cism/stability, which are used to estimate stress levels. Data is collected through 
a questionnaire, and multiple machine learning classifiers are applied to this data 
[2, 12]. The document provides a comprehensive review of AI algorithms used for 
stress prediction based on heart rate variability (HRV) data. It discusses various rule-
based (RB), shallow machine learning (ML), and deep machine learning (DML) 
approaches, highlighting their respective advantages and challenges. The review 
emphasizes the importance of accurate stress prediction for mental health and its 
impact on socioeconomic conditions. It compares different methodologies, datasets, 
and performance metrics used in recent studies, presenting detailed tables summa-
rizing the results. The document concludes with discussions on the challenges faced 
in this research area, such as data quality, biased datasets, and the need for real-time 
stress monitoring systems [13–15]. The review highlights the potential of ML in
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mental health diagnostics, emphasizing the need for standardized methods and more 
research in clinical settings (Table 1) [1].

3 Comparative Analysis 

As shown in Fig. 3, the raw data is the unprocessed information that is obtained from 
users directly without any modification. It comprises various formats like numerical 
values, text inputs, and possibly multimedia information like images and audio files. 
Such a complete set of data seeks to reflect various behavioural and cognitive factors 
pertinent to psychological condition analysis and categorization. Before applying 
models, the data that has been gathered goes through several pre-processing steps. 
These are cleaning of the data to eliminate inconsistencies or missing values, normal-
ization to scale all the features to an equivalent scale, and transformation processes 
like tokenization or encoding in order to be compatible with machine learning algo-
rithms. The goal here is to transform raw data into a structured form that can be 
analyzed while still maintaining its intrinsic properties. Once pre-processed, there 
are several machine learning models formed to study patterns and correlations across 
the dataset. These models involve Logistic Regression, Support Vector Machines 
(SVM), Random Forest, XGBoost, and Neural Networks. Every model has been set 
with hyperparameters set in an optimum state to drive better prediction as well as the 
main goal of predicting psychological disorders with high accuracy. The dataset is 
divided into two subsets: a training set for the models to be trained on and a testing 
set for the models to be tested on their prediction abilities. In training, the models 
learn the internal patterns from labeled data, and in testing, their ability to generalize 
is found out. The process ensures that the models are not only fit to know data but 
are also able to handle unseen data correctly.

Performance of the models is measured in terms of various performance indicators 
such as accuracy, speed, user satisfaction, cost-effectiveness, and processing time. 
Disorder-specific accuracy is also measured to realize the effectiveness of each model 
in identifying different psychological disorders like Depression, Anxiety, PTSD, 
OCD, and Bipolar disorder. All these measures give an overall picture of model 
reliability and feasibility. 

4 Results Analysis 

Each model’s performance is measured quantitatively along various parameters: 
accuracy, time taken for execution, user satisfaction, cost for 100 runs, and speed 
per sample. As shown in Fig. 4, Neural Networks have the best accuracy (95%) and 
user satisfaction (9.5/10) compared to all other models, but with increased compu-
tational cost and time (30 s and $0.4 for 100 runs). XGBoost is also found to have 
strong performance with 93% accuracy, lowest cost, and highest speed and hence
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Fig. 3 Proposed workflow

RAW DATA 

PREPROCESSING (BY 
DIFFERENT STATISTICAL 

METHODS) 

MODEL BUILDING 

TRAINING AND TESTING 

EVALUATION (WITH THE HELP 
OF PERFORMANCE METRICS, 
PRECISION, RECALL, F- 
MEASURE) 

is a well-balanced option for real-time usage. In addition, disorder-specific anal-
ysis as shown in Fig. 5 indicates that Neural Networks always provide the highest 
prediction scores for all categories with a maximum accuracy rate of 93% for the 
detection of depression. XGBoost and Random Forest follow very closely, with very 
high scores for disorders such as PTSD and Anxiety. Logistic Regression, although 
most efficient and fastest, is behind in the accuracy of performance compared to 
deep models. These results reinforce the balance between prediction accuracy and 
computational cost, revealing lessons concerning model choice given the needs of 
particular applications.
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Fig. 4 Performance metrics comparison 

Fig. 5 Precision comparison 

5 Conclusion 

Numerous significant inferences are drawn from the study’s findings. The validity of 
the questionnaire and the elements influencing the outcomes that are intended to be 
examined are well-founded in the reliability and precision of the studies. Thirteen
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distinct models have been used to predict stress, anxiety, and depression. With the 
maximum reliability of 99.9% in terms of precision, error rate, recall, precision, and 
F-measurer area, the neural network outperformed the others. The technology and 
engineering department is not the only department to which this research can be 
expanded in the future. 
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DigiDine: Digital Menu Card 
and Restaurant Ordering System 

Ram Joshi, Tejashri Adsure, Ajay Dhakane, Sumit Karanjkar, 
and Ajay Kamble 

Abstract The DigiDine is a web application designed to enhance restaurant opera-
tions using modern technology. Built using the MERN stack, this application provides 
a customizable digital menu that allows customers to directly order from their devices 
by scanning a table-specific QR code. The platform streamlines the dining experi-
ence by integrating a payment interface that facilitates seamless bill generation and 
payment processing. The app also includes a kitchen management interface, allowing 
staff to efficiently track and prepare meals based on real-time orders while main-
taining oversight of inventory levels. By capturing user data, the platform enables 
restaurants to conduct data analysis, gaining valuable insights into customer behavior 
for service improvement. In addition to in-restaurant services, the app supports pre-
order functionality, allowing customers to place orders before arriving, thus reducing 
wait times. Though currently limited in capacity, the system is designed for scala-
bility, supporting the future growth of multiple restaurants. Planned enhancements 
include venue booking features, expanded payment options, and advanced data 
analytics for more personalized customer recommendations. 

Keywords QR code · Application · Digitization · Data analysis · Reservation 

1 Introduction 

The restaurant industry is undergoing significant transformation as digital solutions 
replace conventional methods to improve service delivery and customer interaction. 
Printed menu cards, once a staple of the dining experience, are now seen as inefficient 
due to their static nature and the difficulty involved in updating them regularly.
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To address these limitations, this paper introduces DigiDine, a web-based appli-
cation developed using the MERN stack. The system allows restaurant patrons to 
access a digital menu by scanning a unique QR code linked to their table, place 
their orders directly from their devices, and make secure payments either before or 
after dining. It further supports pre-order functionality, enabling customers to reserve 
meals and tables ahead of time, thereby minimizing wait periods. 

The principal innovation of this work lies in the integration of end-to-end restau-
rant services—from digital menu access and ordering to real-time kitchen coordi-
nation, payment processing, and behavior-based user recommendations. The system 
also supports multi-restaurant scalability and is designed with future enhancements 
in mind, such as event booking and advanced analytics, making it a comprehensive 
platform for modern restaurant management. 

2 Literature Survey 

In recent years, several digital systems have been proposed and implemented to 
improve restaurant and canteen services through automation, digitization, and intel-
ligent features. However, many of these solutions suffer from critical limitations, 
such as limited scalability, dependency on specialized hardware, or lack of real-
time integration between users, management, and kitchens. This section reviews and 
contrasts these existing systems while establishing the unique contributions of the 
proposed DigiDine solution. 

An AI-driven cross-platform system described by Raibagi et al. [1] focuses on 
reducing canteen workload by automating order placement and integrating wallet-
based payments. The system includes a digital menu and a feedback module but 
lacks support for in-restaurant ordering, as orders are routed through an admin first. 
This sequential processing introduces potential delays and reduces real-time kitchen 
integration. 

Ahmed and Taj Kiran [2] proposed a ZigBee and RFID-based wireless ordering 
system where customers use touchscreens to order food. While ZigBee ensures low-
power wireless communication, the system requires complex hardware components 
including LCDs and RFIDs. This makes the setup costly and difficult to maintain. 
Moreover, the architecture supports only a single restaurant, limiting its scope. 

Gunawardena et al. [3] introduced a deep learning-powered digital menu system 
that supports ingredient insights, nutrition facts, dish preparation videos, and 
language preferences. Personalized recommendations are generated using customer 
history and registration data. Despite its innovation in health personalization, the 
system has limitations related to food item traceability and does not support group 
ordering or collaborative dining scenarios. 

Lambora and Gupta [4] developed a smart ordering system using Android tablets 
over a shared Wi-Fi connection. The system enables food selection through images 
and introduces a “table replacement” concept. However, it does not support bill
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payments from the tablet and requires mandatory user registration before order 
placement, which adds friction to the user experience. 

The v-Canteen system [5] enables customers to place online food orders via a 
mobile app, minimizing wait times. It combines AI tools and hardware for crowd 
estimation and personalized notifications. However, the prototype has limited repli-
cability across different locations and universities, making it unsuitable for broader 
deployment. 

Ravi et al. [6] designed an Android-based touch interface placed at each table for 
order selection using Bluetooth. The system uses a thermal printer for bill generation 
and relies on microcontrollers to notify kitchen staff. Nevertheless, it lacks remote 
table booking and is limited by Bluetooth’s range, hindering usability in larger spaces. 

El Fiorenza et al. [7] suggested a simple digital menu browsing app that elimi-
nates printed menu cards and reduces staff workload. Recommendations are based 
on customer history, and standard web technologies like databases and APIs were 
employed. However, this system lacks advanced features such as table-specific 
ordering or admin controls. 

Liyanage et al. [8] developed a smart restaurant app using customer social media 
data for menu personalization and used sentiment analysis to summarize reviews. 
While users can view table status using Google Maps, the system lacks online 
payment options and features like table replacement or real-time kitchen updates. 

Pieska et al. [9] outlined an “intelligent restaurant” setup consisting of four appli-
cations and service robots. Tablets display menus with nutrition and calorie info. 
Orders go directly to the kitchen and are marked complete post-preparation. Despite 
technological novelty, the system lacks modularity, extensibility, and multi-restaurant 
capabilities. 

Samsudin et al. [10] introduced a customizable food ordering system with real-
time customer feedback. Orders are placed using smartphones, and receipts are shared 
via private logins. Although practical, the system is restricted to single restaurants 
and lacks predictive analytics and table-specific workflows. 

Yang et al. [11] proposed LAMF, a lighting control and ordering system using 
RFID. The system adjusts table lighting based on the selected food. However, its 
reordering logic is inefficient, requiring users to restart the process for new orders. 
Additionally, the RFID setup introduces bulk-ordering vulnerabilities due to tag 
reuse. 

Mishra et al. [12] introduced a GSM/CDMA-based system for managing orders 
through Android devices on each table. The system enables restaurant managers 
to monitor orders and feedback, but future improvements are needed for online 
payments and off-premise orders. 

Lin et al. [13] developed an NFC-based restaurant ordering application using P2P 
communication and membership card rewards. While it adds gamification through 
bonuses and coupons, the app lacks integration with table management or kitchen 
workflows. 

Harpanahalli et al. [14] proposed an RFID-based smart restaurant system using 
Python and Raspberry Pi. This reduces time spent on ordering and payments.
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However, it requires dedicated hardware and may face limitations in mass adoption 
due to technical overhead. 

Domokos et al. [15] created Netfood, a software platform supporting multiple 
restaurant deliveries using a centralized backend and MVC architecture. However, 
it primarily supports delivery services and lacks dine-in specific features such as 
QR-based ordering or admin panel customization. 

Rawat et al. [16] designed a voice-command-enabled table ordering system, 
connecting backend servers and tablets via Wi-Fi. It supports real-time order tracking 
and UPI integration, but its reliance on Wi-Fi security and lack of personalization 
modules restricts its utility. 

Guiling and Qingqing [17] presented a self-service ordering system using ZigBee, 
promoting energy efficiency and wireless data transfer. While suitable for basic func-
tionality, the system is limited in terms of data analytics, scalability, and integration 
with advanced user interfaces. 

Liyanage et al. [18] again proposed Foody, which supports 3D menu modeling, 
sentiment analysis, and ingredient tracking. It solves various restaurant operation 
problems but doesn’t directly address data security or real-time admin controls. 

Hongzhen et al. [19] developed a web services-based food ordering system with 
mobile and PC support. The orders are transmitted to context and web servers. 
While efficient in structure, the system lacks features like home delivery, payment 
integration, and table reservation. 

Lin et al. [20] reiterated NFC-based food ordering apps, focusing on user tracking 
and reward distribution. However, they omit essential functions like online payments 
and personalized recommendations. 

Gupta and Saxena [21] implemented a wireless menu card for in-restaurant 
automation via tablets. Despite real-time updates and improved order accuracy, it 
faces scalability issues and relies heavily on stable internet connections. 

Albawi et al. [22] offer foundational understanding of CNNs which are relevant to 
some food recognition or recommendation systems, though not specific to restaurant 
automation. 

Comparison with DigiDine 

Unlike many of the reviewed systems, DigiDine is a comprehensive, web-based 
platform using the MERN stack. It supports:

• QR-based, table-specific ordering,
• Admin-managed dynamic menus,
• Real-time kitchen dashboards,
• Secure pre/post-dining payments,
• Multi-restaurant support,
• Pre-booking and reservation features, and
• Personalized recommendations using machine learning techniques like collab-

orative and content-based filtering.
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Its modular architecture enables future scalability and integration with features 
like venue booking, expanded payment systems, and customer behavior analytics, 
positioning DigiDine as a next-generation digital dining solution. 

3 Methodology 

DigiDine system has a comprehensive and systematic architecture. The architecture 
shows the proper steps involved in the overall system workflow. The system has two 
distinct modules, as shown in Fig. 1. 

System Architecture 

Users about to reach the restaurant will access the website and add dishes to the cart. 
Then it is followed by payment and bill generation. Users who reach in restaurant 
and want to place an order need to scan the QR code then he/she will get table 
table-specific menu page. Then the user will order the item of their choice. 

Restaurant admin is able to edit menu cards as per food availability. Admin handles 
the payment module. The orders were then finally sent to the kitchen staff. The kitchen 
staff is able to access the order for a particular user.

Fig. 1 Proposed workflow 
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Admin of the DigiDine system is able to handle multiple restaurants that are using 
this service. On the DigiDine website, multiple hotel menus are available, users need 
to select a hotel accordingly. Particular restaurant management can edit their menus 
accordingly. 

Web Development Methodology 

The MERN stack enables the creation of a dynamic, user-friendly web appli-
cation that facilitates seamless interaction between restaurant customers and the 
ordering system. It ensures smooth data exchange for efficient menu browsing, order 
placement, and real-time updates, enhancing the overall dining experience. 

Tech-Stack 

MongoDB: MongoDB is used to store data in a document-oriented and flexible 
format. It is a NoSQL database. It has flexibility in storing unstructured data. It 
has high availability and scalability with replica sets and sharding. It has JSON-like 
document storage that fits with the data format used by JavaScript (BSON format). 

Express.js: Express.js is a backend framework. It is a minimal and flexible Node.js 
web application framework that provides robust features for building web and mobile 
applications. Express.js acts as a middle layer between the database and the front 
end. Express.js simplifies the routing. It acts as middleware support for handling 
requests and responses. 

React.js: It is a JavaScript library. It is used for building user interfaces, mainly for 
single-page applications. React.js has a component-based architecture. It consists of 
efficient updates through a virtual DOM, ensuring a smooth user experience. 

Node.js: Node.js is used to build the backend of the application. It allows running 
JavaScript on the server side. It enables handling requests between the front end and 
the database. It has an asynchronous, event-driven architecture for high performance. 
It has a large ecosystem of libraries and modules through NPM. 

Predictive Model and Data Analysis 

The prediction and data analysis modules are integrated into the system to analyze 
user behavior by considering past data and providing recommendations to the user. 

Machine Learning Integration 

Machine learning algorithms used for personalized product recommendations are: 

(1) Collaborative filtering. 
(2) Content-based filtering. 

Collaborative filtering: This approach gives recommendations based on user 
behavior. 

(a) User-based collaborative filtering: Users having the same interests are segre-
gated and items liked by users in the same category are recommended to one 
another.
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(b) Item-based collaborative filtering: Items are grouped as per the ratings. 
According to that items are recommended to the user. 

Content-based filtering: In this, items are recommended to a user based on what 
he likes previously and here important factor is an attribute of the item. Different 
attributes of an item are taken into account and based on the attribute items are 
recommended. 

Novelty of the Proposed Approach 

The proposed DigiDine system introduces a novel, end-to-end digital restaurant 
management platform that seamlessly integrates customer interaction, adminis-
trative control, and kitchen coordination into a single, unified solution. Unlike 
existing systems that typically address one or two functional areas—such as 
digital menus, feedback collection, or wireless ordering—DigiDine offers a holistic 
ecosystem that digitizes the entire dining experience while maintaining scalability, 
personalization, and operational efficiency. 

1. Table-Specific, QR-Based Ordering 

One of the standout innovations in DigiDine is the implementation of table-specific 
QR codes. Upon scanning the QR, customers are directed to a dynamically generated 
digital menu that corresponds to their specific table. This reduces ordering errors, 
eliminates the need for dedicated hardware at each table, and enhances the user 
experience by allowing customers to order directly from their personal devices. 

2. Dual-Mode Ordering and Payment System 

The system uniquely supports both in-restaurant and pre-arrival ordering modes. 
Customers can place and pay for their meals before reaching the restaurant, enabling 
faster service and reduced wait times. Alternatively, they can order and pay after 
arriving and finishing their meal, providing flexibility and convenience that many 
existing systems lack. 

3. Multi-restaurant Support with Centralized Admin Management 

Unlike previous solutions that are often restricted to a single venue, DigiDine is 
designed to accommodate multiple restaurants on a shared platform. Each restau-
rant’s admin panel allows for menu customization, order tracking, and inventory 
control, all accessible via a centralized interface. This architecture enables the system 
to scale across franchises or partner outlets with ease. 

4. Real-Time Kitchen Interface 

The system provides kitchen staff with a live order dashboard, streamlining commu-
nication between the front-end and back-end. Orders are categorized and times-
tamped, allowing for efficient meal preparation and prioritization. This minimizes 
delays, reduces manual miscommunication, and ensures that customer expectations 
for service speed are met.
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5. Integrated Machine Learning for Personalized Recommendations 

Another novel feature is the integration of predictive analytics and recommenda-
tion engines. Using collaborative and content-based filtering techniques, the system 
learns user preferences based on order history and menu interactions. This enables 
tailored menu suggestions, enhancing customer engagement and satisfaction. 

6. Planned Expansion Capabilities 

The system is designed with future extensibility in mind. Upcoming features such 
as venue booking, event management, and advanced analytics dashboards are 
already supported by the current architecture, showcasing its readiness for evolution 
beyond standard restaurant functions. 

Summary of Novel Contributions

• Combination of QR-based, table-specific interaction with multi-mode 
ordering and payment.

• A centralized system that supports multi-restaurant operations through 
modular admin panels.

• Inclusion of real-time kitchen workflow management synchronized with 
frontend activity.

• Use of machine learning to provide dynamic and personalized user recom-
mendations.

• Pre-ordering and table reservation capabilities that reduce wait time and 
improve operational flow.

• Scalable design capable of integrating future services like event bookings, 
promotions, and cross-platform analytics. 

Together, these innovations distinguish DigiDine from existing food ordering 
systems by delivering a truly integrated, data-driven, and scalable digital restaurant 
experience. 

4 Results 

The system workflow is as given below: 

(1) The user will sign up in the system if he/she is a new user (Fig. 2). If the user 
already exists in the system then only needs to log in.

(2) The user can explore the menu of the restaurant. Various categories of food are 
shown with their images (Fig. 3).

(3) The user needs to reserve the table (Fig. 4). To make a reservation user needs 
to fill in basic details like name, date, etc.

(4) All the food items purchased by the user are added to the cart and then the order 
summary is shown (Fig. 5).
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Fig. 2 Developed website sign-up page

Fig. 3 Customized menu

(5) An admin panel is provided where the admin can edit the menu of the website. 
Admin also checks the status of an order whether it is in preparation or delivered 
state (Fig. 6).

(6) The admin panel shows the placed order summary (Fig. 7).
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Fig. 4 Reservation page

Fig. 5 Final cart to place an order
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Fig. 6 Developed admin panel

Fig. 7 Order summary available in admin panel 

5 Conclusion 

This paper demonstrates the effectiveness of DigiDine in modernizing restaurant 
operations by introducing a fully digital, scalable solution for managing orders, 
payments, and customer interactions. By implementing features such as table-specific 
ordering, admin-managed menus, and machine learning-based recommendations, the 
system significantly improves workflow efficiency and enhances user satisfaction.



248 R. Joshi et al.

The core contribution of this project is the development of a modular, data-
driven platform that streamlines both front-end and back-end restaurant processes. 
It empowers restaurant managers with tools for real-time oversight while offering 
customers a seamless dining experience. Moreover, the system’s architecture 
supports cross-restaurant integration, positioning it well for expansion and adaptation 
in varied hospitality environments. 

Looking ahead, planned upgrades such as venue reservation features, diverse 
payment integrations, and insightful analytics dashboards aim to broaden the 
system’s functionality. Overall, DigiDine lays a strong foundation for the next gener-
ation of smart dining applications, aligning with the broader push towards digital 
transformation in the service industry. 
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Augmenting Speech Emotion Recognition 
with Generative Adversarial Networks 

V. Karthikeyan, S. Divyesh, and C. V. Subramaniam 

Abstract Speech recognition (SR) is an crucial job in human–computer interface 
(HCI) with applications in healthcare, virtual assistants, and affective computing. 
Conventional SR models tend to fail in capturing emotional subtleties as a result of 
having limited training data and domain fluctuation. In this paper, an Updated Gener-
ative Adversarial Network (Updated GAN) is presented for emotional speech gener-
ation and recognition. Our model uses a GAN-based method to produce high-quality 
emotional speech samples to augment the training dataset for better generalization. 
This work use the RAVDESS dataset to train a speaker recognition model based 
on VGG16, using spectrogram representations for strong feature extraction. The 
Updated GAN produces emotional speech in eight categories: neutral, cool, joyful, 
unhappy, mad, awful, hatred, and amazed. The synthesized AUDIO is subsequently 
used to enrich the training data and enhance the speech emotion recognition (SER) 
framework’s performance. Experimental evidence shows that the proposed method 
markedly improves emotion classification accuracy (97.84%), which is measured in 
terms of confusion matrix analysis. The results further show that embedding GAN-
generated speech into the conventional SER model results in enhanced and more 
consistent speaker recognition accuracy. This research helps to push the bound-
aries of emotion recognition technology by alleviating data sparsity and enhancing 
classification resilience. 
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1 Introduction 

Speech is perhaps the most natural and effective human mode of communication. 
In addition to the rudimentary linguistic message, speech conveys rich emotional, 
psychological, and cognitive information, which is essential in human interactions. 
Machine ability to identify, interpret, and react to human emotions from speech 
signals has become a central feature of contemporary affective computing, artificial 
intelligence (AI), and HCI. SER is a critical knowledge that allows machines to recog-
nize emotional states from auditory signals, creating the possibility for emotionally 
intelligent AI-driven applications [1–3]. 

Deep learning has lately revolutionized speech processing and emotion detection 
with the capacity to automatically derive features from raw data. Traditional SER 
methods had employed hand-engineered feature engineering methods such as Mel-
Frequency Cepstral Coefficients (MFCCs), pitch, prosody, and spectral features. 
While the former performed well under controlled settings, they failed to generalize 
with speaker variations, background noise, and speech delivery. Advances made in 
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and 
GANs have considerably boosted the accuracy and robustness of SER systems [4–8]. 

Inspite of these developments, one of the biggest trials in deep learning-based 
SER is the unavailability of adequate labeled emotional sonic information [9]. 
The acquisition and annotation of emotional speech datasets are time-consuming, 
costly, and prone to inter-annotator variability [10]. To overcome this limitation, our 
research includes an Updated Generative Adversarial Network (Updated GAN) for 
data augmentation, which produces synthetic emotional speech samples to increase 
the diversity of training data [11–14]. This paper also utilize a VGG16 deep learning 
model that has been trained on spectrogram representations of speech signals for 
emotion classification. 

In deep learning-based SER have been made, a number of challenges remain [1]: 
Scarcity and imbalance of data: The datasets for emotional speech tend to be small, 
and therefore training strong models is challenging [2]. Inconsistency of speech 
expressions: A particular emotion can be conveyed differently by each speaker, thus 
hampering classification [3]. Environmental noise and recording conditions: Actual 
speech that occurs in real environments has accompanying noise and variability in 
recording conditions, impacting model performance (Table 1).

To meet these challenges, this work introduced an Updated Generative Adversarial 
Network (Updated GAN) for synthetic data augmentation and a VGG16-based deep 
learning model on speech spectrogram representation for emotion classification. The 
integration of GAN-based synthetic data and deep feature learning through CNNs 
greatly improves the accuracy and robustness of the introduced SER system. 

The process stages are quite numerous, beginning with conversion to spectrogram, 
GAN-based augmentation, and convolutional neural network (CNN) feature extrac-
tion. Through the combination of deep feature learning and synthetic data generation 
as shown in Fig. 1, the system can improve classification performance, especially 
for rare emotions. RAVDESS dataset is the major dataset with emotionally labeled
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Table 1 Recent related works 

References Approach/ 
model 

Dataset Emotions 
classified 

Key contributions Limitations/gaps 

Roy et al. 
[15] 

CNN-BiLSTM 
hybrid model 

RAVDESS, 
EMO-DB 

7 basic  
emotions 

Temporal 
modeling with 
BiLSTM 

Limited 
generalization 
due to data 
imbalance 

Latif et al. 
[16] 

Transfer 
learning using 
CNNs 

IEMOCAP 4 
emotions 

Efficient feature 
reuse via 
pre-trained 
models 

Insufficient 
emotional 
diversity 

Kollias 
et al. [17] 

Deep SER via 
multi-modal 
fusion 

AFEW, 
EmotiW 

7 
emotions 

Multi-modal 
learning with 
visual and audio 
data 

High 
computational 
cost, data 
complexity 

Morais 
et al. [18] 

Self-supervised 
learning with 
contrastive loss 

IEMOCAP 4 
emotions 

Reduces need for 
large labeled 
datasets 

Weak 
performance on 
unseen 
emotional states 

Akinpelu 
et al. [19] 

Vision 
transformer 

TESS, 
EMODB 

8 
emotions 

Model based on 
the 
mel-spectrogram 
and deep features 
from the 
transformer 

High 
computational 
load and limited 
generalization

speech recordings. In preprocessing, noise removal, normalization, and raw audio 
signals to spectrograms that serve as inputs to the deep learning model are carried out. 
Spectrograms replace raw waveforms because they have a time–frequency represen-
tation of speech signals, which is more preferred for CNN-based models in detecting 
subtle emotional speech patterns [20–22]. 

Generative Adversarial Network (GAN) plays an important role in augmenting the 
dataset to generate realistic emotional speech spectrograms. The structure of the GAN 
architecture contains two major constituents: the discriminator and the generator. 
The task of the generator is to design artificial spectrograms similar to those of real

Fig. 1 Block diagram for emotion conversion and speaker recognition 
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emotional speech samples and augment the variety of training data. Concurrently, the 
discriminator serves as a classifier that discriminates between genuine and synthetic 
spectrograms so that the synthetic data is as close to real speech patterns as possible. 
The adversarial training process between the two networks enhances the excellence 
of the produced samples and eventually enhances the robustness of the VGG16-based 
classifier. 

The performance of the spectrogram-based CNN model for speech emotion recog-
nition is good learning ability with a 95.83% high training accuracy that validates the 
model learns emotional features from the spectrogram representations well. The vali-
dation accuracy achieves an optimum of 55.90%, where the model learns the training 
patterns well but does not generalize well on unseen data. The reduction of loss across 
epochs confirms that the model is converging, but the relatively high validation and 
test loss values indicate that additional optimization techniques, such as regular-
ization, dropout, or hyperparameter tuning, could be beneficial. The 55.90% test 
accuracy is equivalent to the validation accuracy, indicating that while the model has 
the same generalization to unseen data, there remains significant scope for improve-
ment. Despite this, real-time emotion classification performance is encouraging, with 
the model correctly classifying emotions like “Angry” and “Calm,” demonstrating 
its viability for real-world application. The confusion matrix likely indicates chal-
lenges in recognizing acoustically confusable emotions, e.g., Happy versus Surprised 
or Angry versus Fearful, indicating where model adjustment or dataset enrichment 
could enhance the robustness of classification [1, 5, 11]. According to these results, 
future work directions can be the introduction of diversity into datasets, model struc-
ture optimization, and the application of state-of-the-art data augmentation using 
GAN. State-of-the-art data augmentation with GAN can further improve emotional 
diversity, ultimately enhancing the generalization capability of the model for real-
time speech emotion recognition applications in areas such as mental health analysis, 
human–computer interaction, and customer sentiment analysis. 

The proposed approach is unique in that it integrates an updated GAN with VGG-
16 for affective speech recognition using spectrogram-based features. The updated 
GAN improves data diversity and reduces class imbalance by generating high-fidelity 
emotional speech samples across eight distinct emotions, in contrast to traditional 
models that rely exclusively on real data. This enhanced dataset facilitates increased 
robustness and generalisation. Additionally, turning audio into spectrograms allows 
VGG-16 to make better use of both space and time features, which boosts its ability 
to classify sounds accurately. The combination of a proven deep learning model and 
advanced data generation offers a unique and effective way to recognise complex 
emotional speech, doing better than traditional methods.
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2 Proposed Work 

The intended system seeks to advance speech recognition (SR) through the utilization 
of GAN-based augmentation and VGG16-based CNN for feature extraction and 
classification. Conventional SR models usually have difficulty with data insufficiency 
and generalization problems, particularly when trained on limited emotional speech 
datasets as shown in Fig. 2. For remediation, our system incorporates a Generative 
Adversarial Network (GAN) in order to generate more training data to enhance model 
robustness and accuracy. The pre-trained VGG16 network is then utilized to abstract 
deep features from speech signal spectrograms and classifies them into eight emotion 
modules: Unbiased, Quiet, Glad, Unhappy, Mad, Awful, Hatred, and Amazed. The 
model was trained and tested with the RAVDESS dataset to achieve a balanced and 
consistent speech emotion. 

2.1 Feature Extraction—MFCC 

Raw speech waveforms contain both time- and frequency-domain information, which 
is difficult for typical deep learning algorithms to deal with directly [23, 24]. In order 
to avoid this, this work represent audio signals as Mel spectrograms, a more human 
auditory perception-like time–frequency depiction. 

Short-Time Fourier Transform (STFT)

• This paper employ STFT to divide the speech signal into brief overlapping frames 
and compute the frequency spectrum of every frame. This transformation yields 
a spectrogram, where x-axis is period, y-axis is occurrence, and color intensity is 
signal amplitude.

Fig. 2 Proposed framework 
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Mel Spectrogram Transformation

• Sounds are processed by the human ear in a non-linear manner, being more sensi-
tive towards low frequencies. This is taken care of by using the Mel scale for the 
spectrogram.

• The Mel filter bank compresses the frequency span, emphasizing the sound 
patterns which are perceptually important and filtering out redundant high-
frequency data. 

MFCCs

• MFCCs are obtained from the Mel spectrogram for obtaining relevant features of 
speech.They represent the human vocal tract shape and thus are extremely good 
at distinguishing emotions like anger, sorrow, and joy. 

A 2D Mel spectrogram image is produced as output by this process, which is fed to 
the VGG16-based deep learning model [14, 25]. 

2.2 VGG-16 Based SR Model 

VGG-16 is a deep convolutional neural network (CNN) initially developed for 
classification but reused in this work for speech emotion recognition from Mel-
spectrograms. As VGG-16 takes three-channel RGB images as input, the audio spec-
trograms are applied into three channels to make them compatible with the model. 
To avoid over-fitting and maintain its acquired knowledge, all of the base model’s 
layers are frozen as shown in Fig. 3, while training. A classifier of our design on 
top of VGG-16 is constructed, involving a flattening layer, a fully connected layer 
with ReLU activation, a dropout layer as regularization. The framework is compe-
tent with the Adam optimizer and a low learning rate to ensure stable convergence, 
and mean absolute error as the loss function [20, 26]. The model is trained for 100 
epochs to achieve competitive accuracy on the test set, showing its generalization 
capability over different emotional speech patterns. The use of VGG-16 improves 
the accuracy of recognition by well capturing deep spatial and temporal features of 
speech spectrograms.

2.3 Updated GAN for Emotion Conversion 

The Updated Generative Adversarial Network (Updated GAN) for speaker emotion 
conversion is a generator and a discriminator used to convert speech features into 
another form without altering speaker identity. The generator receives MFCC features 
and produces emotionally modified MFCC representations, with smooth and natural 
emotional transitions [3]. The discriminator assesses these synthesized features, sepa-
rating real from synthetic MFCCs to strengthen the generator’s capacity to create
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Fig. 3 Layers of VGG-16

realistic emotional speech patterns [2]. The adversarial training process allows the 
model to capture the underlying patterns of various emotional states, supporting 
high-quality emotion conversion while preserving the speaker’s individuality. 

2.3.1 Generator 

The generator in the updated GAN is designed to synthesize emotionally transformed 
MFCC features, ensuring smooth emotion conversion while preserving speaker 
identity. It consists of a fully connected neural network as presented in Fig. 4.

2.3.2 Discriminator 

The discriminator in the updated GAN is designed to distinguish between real and 
synthesized MFCC features, ensuring the generator produces realistic emotional 
speech representations [24]. It is a fully connected neural network as shown in Fig. 5.

Promising a number of benefits, the proposed method generates and recognises 
emotional speech using an updated GAN in conjunction with the VGG-16 model. 
Whenever balanced datasets are few, as is frequently the case with emotive speech 
tasks, GANs step in to produce high-quality synthetic data. The GAN helps the
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Fig. 4 Layers of generator 
in GAN

Fig. 5 Layers of 
discriminator in GAN

model work better with different speech emotions by adding realistic and varied 
emotional samples to the training data. For feature extraction from spectrogram 
images, the deep CNN VGG-16 is an ideal option because of its hierarchical layer 
construction and excellent effectiveness in classification tests. Spectrograms are 
a powerful tool for detecting emotional cues in speech because they record both 
the time and frequency information. The integrated method addresses data scarcity, 
improves recognition accuracy, and effectively models minor emotional fluctuations. 
This combination renders the framework extremely well-suited for use in virtual
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assistants, mental health monitoring, and human–computer interaction, among other 
real-world applications that require emotion-aware speech. 

3 Dataset 

The Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS) 
is a standard database for SER, with 7356 emotional audio and track records. It has 
more than 20 professional actors’ accomplishment diverse feelings: neutral, cool, 
glad, unhappy, mad, awful, hatred, and amazed. The recordings come in speech 
and song modes, where for each emotion there are two levels of intensity (normal 
and strong), with the exception of neutral, which has only one. All the recordings 
are in the .WAV arrangement with a sampling frequency of 48 kHz, ensuring good 
quality speech data for analysis. Each file is systematically tagged with metadata 
like modality, vocal_channel, feeling, strength, declaration, recurrence, and actor 
ID to easily arrange and preprocess. On account of its high-quality recordings and 
structured emotional variations, RAVDESS has found vast utilization in machine 
learning and deep learning studies for SER, SR, and emotion-to-emotion speech 
conversion applications. 

4 Results and Discussions 

In this section the performance of proposed Speaker Recognition using Artificial 
Intelligence model is evaluated. The response of the presented framework is tested 
by means of standard database (RAVDESS). The parameter considered for evaluation 
is Accuracy and Confusion matrix. The results are listed below. 

Figure 6 depicts the extraction of spectrogram-based features from voice data, 
highlighting the temporal and frequency attributes crucial for emotion identification. 
Figure 7 illustrates the accuracy and loss trajectories during the pre-training phase 
of the VGG-16 model. Although training accuracy increases, validation accuracy 
declines after epoch 5, signifying overfitting, despite consistent loss convergence.

Figure 8 shows that the updated GAN model learns well and generalises. The 
validation accuracy is 97.84%, this result shows that the model is accurate on seen and 
unseen data. The validation loss converges at 0.19, indicating global convergence. 
These metrics demonstrate the updated GAN’s ability to generate diverse, high-
quality emotional voice data that improves recognition accuracy.

Figure 9 displays the confusion matrix for the modified GAN-based emotion 
recognition model. With few misclassifications, the matrix shows excellent perfor-
mance for most classes, therefore verifying the efficiency of the model in differenti-
ating among the eight emotional states.
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Fig. 6 Feature extraction 
from speech 

Fig. 7 Accuracy and loss plot for pre-training section of VGG-16

Fig. 8 Test accuracy and loss for updated GAN
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Fig. 9 Confusion matrix of emotion classification using the updated GAN 

5 Conclusions 

This paper presents an Updated GAN-based framework for speaker emotion conver-
sion using the RAVDESS dataset, with a focus on generating emotionally rich 
speech while preserving speaker identity. The main contribution lies in the dual-
feature extraction approach—MFCCs for GAN-driven emotional speech synthesis 
and Mel-spectrograms for emotion recognition via a VGG16-based CNN. The gener-
ator refines MFCC features to match the target emotional state, while the discrimi-
nator ensures the realism of synthesized outputs. This integration enhances emotion-
aware speech processing also supports robust speaker-independent emotion recog-
nition. The proposed method significantly improves emotional speech data diver-
sity and classification performance (97.84%), making it highly suitable for applica-
tions in human–computer interaction, affective computing, and personalized speech 
synthesis. Future directions include optimizing GAN training stability, incorporating 
attention mechanisms for improved emotional context modeling, and extending the 
framework for cross-lingual emotion conversion to enhance global applicability.
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Abstract Brinjal (eggplant) fields are susceptible to numerous leaf diseases that 
negatively impact their health and production. In response to this, we create an AI 
supported Brinjal Leaf Disease Detection and Fertilizer Recommendation System 
that employs deep learning and generative AI for the purpose of disease identification 
and fertilizer application by farmers. This model employs ResNet50 and MobileNet 
convolution neural networks for classifying brinjal leaf diseases with a high degree of 
accuracy. ResNet50 is a deep residual neural network that guarantees high accurate 
disease detection. MobileNet is a lightweight CNN that can be deployed to mobile 
and edge. Comparative analysis is carried out between ResNet50, MobileNet based 
accuracy. ResNet50 has a 86% validation accuracy and MobileNet has a 96% vali-
dation accuracy. With assistance of generative AI tool named Gemini AI is utilized 
to make fertilizer recommendations based on various agricultural parameters [the 
nature of the disease, soil type, temperature, humidity, moisture, and soil nutrients 
(NPK)]. The generative AI processed the existing data and provided customized 
fertilizer application recommendations for recovery of crops and soil health in an 
environmentally sustainable and efficient way. The system maintains privacy of effi-
ciency, By integrating brinjal leaf disease detection and Gemini AI based fertilizer 
recommendation, this system equips farmers with actionable knowledge, minimizes 
crop loss, and fosters sustainable agriculture. 
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1 Introduction 

The brinjal (eggplant) plant is extremely prone to leaf diseases which possess signif-
icant potential to impact both crop health and production levels unfavorably. The 
destruction can become severe unless the pathogenic viruses, bacteria or fungi 
responsible for the disease are diagnosed quickly. The current practice of disease 
assessment through plant visual inspection leads experts to errorprone and time-
consuming procedures even though it requires specialized knowledge. A dedicated 
research effort must produce automated systems for precise crop disease diagnosis 
because they can boost everyday agricultural decisions. The recent development of 
deep learning artificial intelligence has proved itself as an effective tool for farmers 
to detect plant diseases which helps them decide farm operations to protect their 
crops from potential losses. The Disease Detection and Fertiliser recommendation 
system exists as a method which implements deep learning and generative AI to 
detect diseases precisely while suggesting fertilizers and alternative planter direc-
tions when diseases are identified. The AI system employs ResNet50 and MobileNet, 
two convolutional neural networks (CNN), in order to competency. 

The proposed research creates a two function artificial intelligence (AI) framework 
for brinjal agriculture that combines deep learning image classification with genera-
tive AI decision support systems. This paper introduces an integrated mobile friendly 
system that utilizes CNNs particularly MobileNet and ResNet50 to detect brinjal 
leaf diseases accurately together with fertilizer recommendations produced from the 
Gemini AI generative language model. The main differentiating factor between this 
study and previous work is its capability for complete practical agricultural imple-
mentation. Current research either detects plant diseases by using CNN techniques or 
provides static rule based fertilizer recommendations but lacks a complete solution 
that combines disease detection and agro technology advice optimization for brinjal 
cultivation. The system operates as designed to handle the needs of real field environ-
ments by accepting leaf disease images coupled with environmental variables and 
soil NPK content to develop optimal fertilizer recommendations. The model uses 
MobileNet’s compact design to enhance mobility while remaining compatible with 
edge devices which makes it accessible to resource limited small-scale farmers in 
both rural and semirural areas. The solution incorporates Gemini AI as a reasoning 
tool beyond static recommendations to provide personalized fertilizer advice that 
can interpret natural and disease related data along with delivering information in a 
human understandable format. The digital agronomist functions through the model to 
provide users with quick and knowledgeable decisions about plant health restoration 
and sustainable crop management. 

Motivation 

Even though Brinjal (eggplant) is widely cultivated crop, its yield is largely affected 
by various types of diseases caused by fungi, bacteria and viruses. The rural farmers 
in particular are not able to detect the diseases in a timely manner due to less avail-
ability of farm expert and low awareness among them. Disease detection with the
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traditional way is just relying on visual observation, which is time consuming and 
error prone, hence resulting with slow treatment and considerable crop losses. Our 
project creates an AI system that detects brinjal leaf diseases fast and recommends 
appropriate fertilizers to farmers. The system used advanced learning methods to spot 
plant diseases and AI creation techniques to recommend farm nutrients which opti-
mized farming methods. Through AI technology agriculture gains smarter decision 
processing power plus smarter use of resources helping farmers grow more bountiful 
crops which strengthen both farming business and food supply. 

Objective 

Utilize cutting edge convolutional neural network models, such as ResNet50 and 
MobileNet, for accurate detection of different brinjal leaf diseases more accurately in 
an efficient time frame for better and earlier disease management. In rural areas using 
our MobileNet architecture basis. The system gives personalized disease manage-
ment advice to farmers through AI tools which leads to reduced crop losses also 
helps them decide better and builds sustainable farming methods. 

2 Related Work 

Abisha et al. [1]: The research by Abisha et al. investigated how Deep Convolutional 
Neural Networks with Shearlet Discrete Transform detection brinjal leaf disorders. 
The authors showed that Shearlet based preprocessing helps vividly capture useful 
plant features which help improve disease classification. The research demonstrated 
that proper preparation techniques reduce noise while bringing out important disease 
features. The test results show that this method lets farmers detect diseases early 
to take necessary actions promptly. This research eliminates reliance on Shearlet 
transforms to focus on optimized CNN designs and basic data modification to achieve 
accurate results quickly on phones and mobile devices. 

Inthiyaz et al. [2] used the ResNet50 model to diagnose brinjal leaf diseases 
correctly. The research confirmed that deep learning systems with residual connec-
tions excel at finding distinct disease patterns in all plant disease groups. The research 
team explained that deep convolutional layers are essential for obtaining useful data 
and they established ResNet50 as a reliable plant disease diagnosis model. With 
respect to residual networks the research shows importance but focuses on lowering 
deep models’ processing requirements while maintaining strong disease detection. 

Bhati and Rathore [3] developed a diagnostic system by modifying ResNet50 
through better implementations of the Back propagation Neural Network. The 
authors dedicated their study to enhancing CNN layer optimization methods and 
learning techniques for better classification results. The paper exhibited the bene-
fits of traditional neural network collaboration with deep CNNs toward achieving 
solid plant leaf disease detection outcomes yet the current research opts to bypass
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traditional deep integration and concentrate on end to end CNN pipelines using effi-
cient training strategies and attention based modules to enhance disease classification 
while maintaining network simplicity. 

The paper by Tahamid [4] investigated how ResNet50 and MobileNet operate for 
detecting diseases on tomato plant leaves. The paper conducted a side by side evalu-
ation to demonstrate that ResNet50 achieves the best accuracy but MobileNet excels 
at mobile deployments because of its minimal architecture. The research investigates 
how performance compromises with computational expense in agricultural real-time 
systems while demonstrating MobileNet outclasses ResNet50 due to its low compu-
tational requirements. Our work adds value to MobileNet architecture optimization 
for brinjal disease identification by developing specialized modules to enhance the 
reduced feature depth problem. MobileNet, due to which it can be used on mobile 
and edge computing. The research established the ability of CNNs for real-time plant 
disease detection. 

The research paper [5] examined plant leaf disease recognition through optimized 
deep learning models for mobile devices. The research demonstrated CNNs with 
minimal parameter counts can provide mobile device based field diagnosis systems 
for infield applications. Research findings demonstrated that deep learning opera-
tions become possible through model compression with quantization methods in 
resource limited environments. The current research includes analogous objectives 
but expands its focus by analyzing brinjal leaf visual attributes which have hard to 
detect and complex disease manifestations that standard mobile CNN models cannot 
effectively recognize. 

The Guardian provided a report [6] about AI technologies boosting agricultural 
output in Kenya. This article showed predictive models which enabled early disease 
detection and specific feedback for farmers to link conventional and precision agri-
cultural methods despite being non research based information. This paper advances 
current research by creating user friendly models which serve Indian farmers who 
cultivate brinjal as their principal agricultural crop. 

The article published by ATime Piece [7] studied how nonprofit organizations 
deployed AI systems to assist farmers based in African rural areas. The article 
reviewed AI diagnostic tools plus soil assessment systems that generate fertilizer 
suggestions. Smallholder farmers gain new capabilities because digital tools become 
accessible to them according to the article. 

The current research develops brinjal disease detection systems focused on 
computational efficiency as well as interpretability and integration capabilities for 
such platforms to enable inclusive agricultural technology. They revealed an AI-
driven chatbot service for rural farmers to deliver instant diagnosis support according 
to Time Magazine [8]. The study designed the chatbot to serve as a connection 
between specialized knowledge and underprivileged population groups. This effort 
works to achieve the existing work’s mission by creating disease prediction models 
for brinjal crops combined with chatbot interface technology for supporting practical 
farming operations. 

The news organization Reuters reported on AI’s agricultural impact that includes 
precise farming tools like disease identification and fertilizer management systems
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[9]. The article proposed that AI technologies could reduce agricultural losses and 
increase sustainability but the current work delivers a specialized brinjal disease 
diagnostic AI solution for neglected agricultural diseases. 

The article presented evidence to support the development of enduring and 
expandable AI models. The research paper [10] encompasses a wide range of topics 
but the current study provides concrete database AI technology which directly 
supports crop sustainability particularly for brinjal cultivation by enabling early 
disease detection. The authors proved that AI-based early prediction methods would 
decrease plant loss while increasing production levels. Early diagnosis [11] func-
tions between these works share similarities while the detection strategy in this 
study specializes for brinjal leaves because their appearance characteristics introduce 
unique visual detection challenges. 

The research published in Scientific Reports [12] analyzed the application of 
hybrid models which integrated both deep learning methods with handcrafted 
features for the detection of tomato diseases. The research demonstrated that Fuse 
Hybridization boosts performance rates for limited or diverse datasets although this 
approach uses different methods from our method because we rely on advanced 
deep neural networks to learn significant visual patterns. The research on multiclass 
brinjal leaf detection through DenseNet and MobileNet architecture comparison can 
be found at Ijisae.org [13]. Through its model DenseNet reached higher accuracy 
levels although it proved impractical for real-time use. Real-time operation takes 
priority in this paper along with tradeoffs between accuracy and performance through 
optimized model architectures and field specific model trimming for brinjal disease 
identification. 

The IJASEIT paper utilized ResNet50 for plant disease detection which achieved 
97.3% accuracy in its results [14]. The authors demonstrated how deep CNNs 
provide the capability to automate agricultural crop health assessments. This research 
diverges from the present work by expanding architectural development while 
creating dataset specific modifications and implementing the modifications to brinjal 
crops under various lighting conditions. A unique combination of LeNet and 
DenseNet components formed a new CNN model which the authors presented in 
Springer [15] for the classification of corn leaves. Deep learning models become 
more robust after integrating shallow and deep features according to the research 
findings. This research presents a simplified study architecture which eliminates the 
combination of classical models while maintaining a straightforward implementation 
process at no cost to performance accuracy. 

A combination of ResNet with Vision Transformers (ViT) was designed by authors 
from Frontiers in Plant Science to create the Efficient RMTNet architecture for 
better disease classification. Research findings established that ViT [16] proved 
better than other methods at processing global relationships between data. Such 
promising models need large computational resources for their implementation. The 
research adopts specific features along with quick response models which optimize 
the algorithm for mobile applications throughout brinjal crop areas in rural regions. 

A combination detection model presented the MDPI YOLOv5 [5] which inte-
grated YOLOv5 detection technology with BiPCNeXt detection model for real-time
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brinjal disease identification. The system obtained solid accuracy alongside faster 
processing speed. Instead of detection or localization which our work handles clas-
sification we focus on easier adaptable simpler architectures that support real-time 
execution for mobile integration on chatbots. 

Summary of Literature Gap 

Scientific investigations show that deep learning techniques enabled the develop-
ment of plant disease detection systems using ResNet50 along with MobileNet which 
provide precise outcomes while functioning in real time. The model performance in 
agricultural applications increases when basic steps involving preprocessing along 
with feature extraction and model optimization for mobile and edge applications are 
implemented. The literature primarily covers brinjal and tomato leaf diseases while 
researchers currently investigate mobile aware hybrid solutions for infield implemen-
tation. AI enabled tools along with decision support systems and AI chatbots demon-
strate growing popularity among farmers because they assist agricultural productivity 
enhancements and provide support to smallholder farmers as well as fill knowledge 
gaps in the agricultural community. Implementation of AI augmented approaches 
creates an inconsistent situation with the development of user friendly farmer systems 
specifically designed for brinjal crops and beyond. The current crop disease diagnosis 
systems focus either on achieving accurate identification or fast processing times 
without achieving both objectives effectively and neglect the specific characteris-
tics of brinjal disease signatures and cultivation limitations. Low resource farming 
requires user-friendly optimized models with interpretability skills to operate in real 
world farming environments. 

3 Background Work 

Eggplant (Solanum melongena) also referred to as brinjal stands as an essential agri-
cultural crop which farmers grow both for home use and commercial business glob-
ally. The frequent occurrence of leaf diseases in eggplant cultivation leads to serious 
harm for both crop yield levels and the quality of produced fruits. The appearance 
of leaf diseases on plant surfaces becomes visible due to fungal bacterial or viral 
pathogen infections and such diseases spread quickly before effective diagnosis and 
control actions can be implemented. The identification of diseases has dependably 
used visual examination methods as a traditional approach which allows agricul-
tural experts and farmers to check plant leaves manually. The process of manual 
diagnosis works well in small agricultural areas yet requires extensive time commit-
ment from practitioners and produces results with known human related weak points 
thus making it ill-suited for extensive or challenging agricultural areas. Crop loss 
becomes significant because rural and developing regions commonly experience 
minimal availability of agricultural specialists who delay proper interventions until 
it becomes too late.
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Artificial intelligence (AI) together with computer vision has enabled the 
discovery of new possibilities to automate plant disease recognition. The application 
of Convolutional Neural Networks (CNNs) leads to outstanding image classification 
results which specifically help identify different plant leaf diseases. Relying on these 
models allows automatic diagnosis through the analysis of leaf images to achieve 
both accurate and scalable and consistent results without requiring physical exami-
nations. The technology enables farmers to identify diseases quickly which allows 
them to initiate protective interventions that protect their crops from damages and 
control pathology expansion. 

Need for Sustainable Fertilizer Practices 

The rising need for disease diagnosis in modern agriculture has caused an increasing 
requirement for sustainable fertilizer practices which focus on environmental protec-
tion. The overuse or improper application of fertilizers leads to harmful changes 
in soil and damaged groundwater quality and persistent damage to the natural 
ecosystem. Farmers currently use widely applicable fertilizer guidelines as substi-
tutes for database recommendations which produces both inefficient usage and 
adverse impacts on the environment. The agricultural sector requires intelligent 
systems to provide specific time sensitive recommendations about fertilizer applica-
tions. When Generative AI functions as an AI system which builds smart outputs from 
various input parameters it can transform operations. Live sensor inputs concerning 
disease types together with NPK soil compositions and pH values, temperature 
measurements and moisture readings permit generative models to produce fertilizer 
strategies which focus on particular crops and understand their specific contexts. 
The method distributes nutrients exactly when and at which rate is needed thus 
minimizing environmental harm and supporting healthy soil and plant development. 

Limitations of Existing Systems 

1. The current AI systems for agriculture show multiple performance barriers 
despite showing progress in this field. 

2. The process of detecting diseases through human examination proves non-
efficient during plant disease diagnosis. 

3. The present diagnosis systems base their analyses on expert expertise while 
demanding significant manual work which results in slow reaction times that 
produce imprecise results particularly in regions with minimal technical staff. 

4. Multiple disease identifications based on conventional methods result in poor 
treatment strategies because these approaches are unable to recognize different 
diseases at once. 

5. Solutions built with these requirements become impractical for deploying in real 
time field operations particularly in resource restricted sites. 

6. AI models currently demonstrate high computational processing requirements 
that prevent them from running effectively on mobile or edge devices while 
these platforms represent the main technology choice among rural farmers. 

7. Standard fertilizer guidelines provided by current tools lack detailed information 
about particular diseases and soil health status or growing stages of crops.
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8. Tools fail to include environmental parameters which include humidity temper-
ature and rainfall even though these environmental factors play a crucial role in 
precise fertilizer planning and disease prediction. 

4 Proposed Work 

In this section we are going to discuss about current system architecture as well as 
several algorithms which are used in our current application. This project is the first 
module called Brinjal Leaf Disease Detection using CNN + Transfer Learning. 

Algorithm 1 Brinjal Disease Detection (CNN-Based) 

Input: Image of a brinjal (eggplant) leaf. 

Output: Classified disease label (e.g., Anthracnose, Cercospora, Healthy, etc.) 

Steps: 

(1) Image Acquisition: 

This is one of the easier and simpler solutions because users upload the images of 
leaves through the web based on the ReactJS. Models are set up either from a mobile 
or desktop where pictures are taken in.jpg or.png format. 

(2) Image Preprocessing (OpenCV): 

Resize the image to 224 × 224 pixels. Normalize pixel values (0 to 1). It is also 
necessary to use selected filters such as noise removal, contrast enhancement and 
etc. 

(3) Data Augmentation: 

Rotation, flipping, brightness adjustment must be applied to achieve the desired 
objective of increasing the size and diversity of the dataset. 

(4) Feature Extraction Using CNN: 

ResNet50 and MobileNetV2 pre-stitching models should also be used through 
transfer learning. Obtain feature maps using the convolution layer. 

(5) Classification: 

Flatten the feature maps and feed them to one or more dense (fully connected) layers. 
Perform softmax to the scores in order to yield probabilities for each disease class. 

(6) Prediction: 

Consider the maximum probable disease according to the given symptoms. Print the 
predicted label and accordingly the confidence level to the user.
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Fig. 1 System architecture 

(7) Result Storage: 

Keep the output for the model in the backend for model improvement and analysis. 

This is preprocessed data that helps in optimizing the information required for 
feeding the disease detection mode and fertilizer recommendation mode is clearly 
represented in Fig. 1. The disease detection model employs two convolutional neural 
networks; the first one is ResNet50 and the second one is, MobileNet. ResNet50, 
the deep residual network, is for precise identification of diseases and MobileNet is 
allowed to be used as a light model for mobile and edge devices. Then can input 
the disease from the preprocessed image to use in suggesting appropriate fertilizers. 
The fertilizer recommendation unit employs Gemini AI, which is an AI for genera-
tive assessment of illness data, taking into consideration the environmental and soil 
factors; and based on this; appropriate fertilizer is recommended to retaliate for the 
health of the crop. 

Fertilizer Recommendation using RAG + Gemini API: This module of the 
IMPLEMENTATION of hotabi involves the use of Remote Access Gateway (RAG) 
+ Gemini API to make fertilizer recommendation for a particular soil. 

Algorithm 2 Fertilizer Recommendation via Retrieval-Augmented Generation 
(RAG) 

Input: 

Disease name (from Module 1). 

Soil parameters: N (Nitrogen), P (Phosphorus), K (Potassium), pH, moisture. 

Environmental data: temperature, humidity, rainfall. 

Output: 
List of five recommended fertilizers, their dosages and how they should be used.
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Steps: 

(1) Input Collection: 

To collect structured data the use of web form will be employed. Check and normalize 
numerical values ranges. 

(2) Knowledge Retrieval: 

A vectorized knowledge about the types of fertilizer, NPK proportion, and disease 
remedies should be maintained. To search for context-specific documents, two 
vectors, namely, soil and environment vectors are used. 

(3) Query Formulation: 

Introduce disease name and time-sensitive factors in order to build the prompt input 
for Generative AI. 

(4) Generation Using Gemini Object API (RAG Framework): 

This will employ a pass of the prompt into the Gemini LLM via API with the retrieval 
documents built into the input. Local weather advancement, soil type, disease and 
other factors should guide recommendations for disease. 

(5) Output Ranking: 

This list should include five recommendations based on their relevance, NPK 
matching the product, and their environmental impact. 

(6) Display Output: 

Messages should be illustrated on the Flask → ReactJS frontend. The fertilizer type, 
the rate of usage, time of application and precautions to be taken when using fertilizer 
should be shown. 

Algorithm 3 Real-Time User Interaction and Feedback Loop 

Steps: 

(1) User Access: Distinguish from the ReactJS frontend two options – “Disease 
Detection” and “Fertilizer Recommendation”. 

(2) Backend Integration: Input data in the form of image uploading and their 
processing is managed by the Flask APIs.Call downstream ML model or invoke 
an API as per the module chosen. 

(3) Response Display: Results are presented in a user-friendly way (disease name 
or fertilizer recommendation). 

(4) Feedback Collection: This will enable the users to mark the usefulness of 
prediction. This is where information about the feedback received will be kept 
for purposes of always updating the current model.
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Algorithm 4 Continuous Learning and Model Improvement 
In fact, proving that always collaborative filtering produces always better models 

should be the Algorithm 4 of the continuous learning and model improvement. 

Steps: 

(1) Collect labeled images and feedbacks from users: Occasionally, retrain CNN 
model with some other samples of diseases which are similar to cancerous ones. 
Add new fertilizers and changes in agricultural recommendations into the RAG 
retrieval database. Tune model weights and prompts with the help of field trials 
and users’ response. Version control via GitHub or cloud platform (Table 1). 

Summary of Proposed Work 

The proposed agricultural system has been developed to solve two essential prob-
lems in modern farming by providing timely brinjal disease identification and 
environment-specific fertilizer guidance. Both empirical performance and real-world 
application justify using a Gemini API via RAG Generative AI framework and joining 
it with dual-model systems of ResNet50 and MobileNet. 

1. Selection of Deep Learning Models for Disease Detection 

MobileNet functions as the main model for real-time disease detection [22, 23] 
because its quantum structure uses depth wise separable convolutions. The platform 
functions well under mobile and edge deployment environments which benefits rural 
farmers who need access to minimal computing resources. The MobileNet model 
demonstrated 96% accuracy in its validation trials leading it to achieve better gener-
alization and computational efficiency compared to ResNet50 model. The research 
included ResNet50 as a deeper reference model which employs residual connections 
for conducting performance evaluation and comparison studies. The slight decrease 
in validation accuracy to 86% allows researchers to understand deep network behav-
iors better and serve as baseline comparisons for MobileNet optimization work. The 
combination of these models enables an assessment throughout the entire depth-
performance spectrum for selecting MobileNet as the field-deployment model based 
on accuracy criteria in addition to resource efficiency requirements.

Table 1 Summary of AI techniques used (Source from [17–21]) 

Component Model/Tech Purpose 

Disease detection CNN, ResNet50, MobileNetV2 Leaf classification from 
images 

Image preprocessing OpenCV Normalization, resizing, 
enhancement 

Fertilizer recommendation RAG + Gemini API Smart, context-based 
suggestions 

Frontend ReactJS User interface for data 
input/output 

Backend Flask (Python) API handling and data flow 
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2. Integration of Generative AI for Fertilizer Recommendation 

The proposed system implements Retrieval-Augmented Generation (RAG) coupled 
with the Gemini API to substitute traditional rule-based fertilizer management 
practices. The system produces real-time custom fertilizer advice through the 
combination of multiple input factors which includes: 

• Disease type (from Module 1). 
• Soil nutrient content (NPK). 
• Environmental parameters (temperature, humidity, rainfall). 

The Gemini AI model acts as a generative reasoning engine that transforms multi-
variable input data into dynamic fertilizer prescriptions which surpass static protocol 
recommendations. Consequently this addresses the broad generalization weakness 
of traditional agricultural systems while serving precision farming purposes. This 
system functions as a genuine decision-support system because it incorporates 
leaf (visual) and soil/weather (environmental) inputs to diagnose crop issues while 
providing direction for agricultural remediation. 

3. Justification from Field-Level Application Perspective 

The current models perform either image-based disease detection or environment-
based fertilizer recommendations without providing these features in one compre-
hensive system. The proposed system addresses a vital missing component between 
natural agricultural inputs that results in a complete agricultural support system. 
MobileNet’s compact structure makes it feasible to execute the solution through 
real-time Smartphone deployment since smartphones remain the primary digital 
tools utilized by smallholder farmers. The implementation of this system improves 
its operational effectiveness along with its availability for rural agricultural use. 

By using generative AI technology the approach provides fertilizer recommen-
dations which work well for various agricultural fields across multiple climatic and 
geographical zones. 

4. Empirical Support and Dataset Characteristics 

The system receives training from 3552 brinjal leaf images which contain seven 
disease classes and one healthy condition. The collection of leaf images contains 
various lighting conditions along with changing background elements and leaf 
positions which creates strong generalization possibilities. Performance evaluation 
measured training accuracy along with validation accuracy as well as loss plots and 
confusion matrices to validate robustness levels of the system. MobileNet won the 
deployment choice thanks to its outstanding performance value relationship. 

The deployment consists of CNN-based disease classification using MobileNet 
and ResNet50 methodology and generative AI-based fertilizer recommendation 
through RAG + Gemini API which proves to be operational, empirically supported 
and scientifically valid. Through its capability the system solves current system 
restrictions by delivering real-time combined and personalized agricultural assis-
tance. The system presents an innovative practical solution to enhance brinjal
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farming intelligence and sustainability especially in contexts of restricted resource 
availability. 

5. Dataset Description 

The AI-Supported Brinjal Leaf Disease Detection and Fertilizer Recommendation 
System uses 3552 labeled eggplant leaf images distributed into seven disease classes 
to enhance disease classification performance. The class system contains six disease 
infected classifications together with one healthy leaf category which serves to 
develop a complete database for deep learning model training. The data set contains 
seven classes including Bacterial Wilt, Cercospora Leaf Spot, Alternaria Leaf Spot 
and Phomopsis Blight and Powdery Mildew along with Anthracnose and Healthy 
Leaves. Every category includes enough images to allow proper model training and 
testing. The dataset contains images with high resolution at different positions under 
multiple lighting conditions and facing different directions with various backgrounds 
to enable real-time generality of models. Deep learning algorithms receive improved 
performance while maintaining resilience through data processing operations which 
include image resizing and normalization in addition to data augmentation that uses 
rotation and image flipping and contrast variation procedures. This dataset becomes 
optimized for training CNNs such as ResNet50 and MobileNet so these networks 
can perform disease identification tasks. 

The dataset demonstrates capability beyond disease diagnostics because it func-
tions as a dataset usage that allows endless processing of plant images through 
potential properties. 

5 Result Analysis 

The evaluation of AI-based Brinjal Disease Detection and Fertilizer Recommenda-
tion System measured how well the selected deep learning models ResNet50 and 
MobileNet performed in addition to the quality of Gemini-generated recommenda-
tions. 

Home Page 

Figure 2 user interface lets users reach artificial intelligence tools for analyzing 
brinjal leaf diseases along with fertilizer content. Users can access a clean user 
interface through which they can swiftly get to disease predictions and fertilizer 
recommendations based on soil measurements.

Disease Prediction 

The Smart Brinjal Disease Detection System from Fig. 3 allows users to upload 
brinjal leaf images for detecting potential diseases through deep learning image 
classification to support early diagnosis for farmers.
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Fig. 2 Home page

Fig. 3 Disease prediction page 

Fertilizer Recommendation 

The application enables users to enter environmental information and nutrient data 
so it can suggest appropriate fertilizers as shown in Fig. 4. The system recommends 
the optimal fertilizer after processing data about brinjal diseases and temperature and 
soil NPK values and types. The system allows users to improve output and control 
diseases simultaneously.

Comparative Analysis 

Leaf diseases affect the sensitive eggplant plants severely causing major reduction 
to both yield quality and production volume. The AI assisted Brinjal Leaf Disease 
Prediction and Fertilization Recommendation System emerged to address this issue
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Fig. 4 Fertilizer recommendation page

through deep learning combined with generative AI. The system utilizes ResNet50 
and MobileNet as two types of convolutional neural networks (CNNs) that enable 
disease classification and evaluation of plants. ResNet50 serves as a residual deep 
network which provides precise disease classifications when lots of labeled data 
is available. MobileNet functions as an efficient CNN made for edge and mobile 
computing applications. A total of 3,552 images make up the dataset which is sepa-
rated into seven categories including healthy leaves and six classes of diseased plant 
varieties. 

Two models were implemented and tested to evaluate their suitability for brinjal 
disease detection: ResNet50, known for its deep residual learning capabilities, and 
MobileNet, optimized for edge and mobile deployment. Their performance was 
measured based on several key criteria: 

Observation 

ResNet50’s traditional application as an architecture for high-accuracy tasks failed 
to match the validation accuracy metrics of MobileNet while consuming more 
processing power in this particular context represented in Table 2 [24]. The 
MobileNet network produced superior results at accuracy and inference speed levels 
when analyzing the brinjal dataset. Its quick processing speed together with light 
weight design made MobileNet the best choice for deployments on mobile devices 
even in environments with limited resources.

The results from Fig. 5 (MobileNet) and Fig. 6 (ResNet-50) demonstrate that 
MobileNet exceeds the performance of ResNet-50 as an efficient algorithm during 
brinjal leaf disease dataset generalization and learning speed attainment. The valida-
tion accuracy of MobileNet reaches 95% after using only 9 training epochs because 
its training curve aligns perfectly with its validation curve to minimize over fitting. 
The learning process of ResNet-50 becomes slow because it attains a validation
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Table 2 Comparison of proposed models with multiple metrics 

Metric ResNet50 MobileNet 

Validation accuracy 86% 96% 

Model size ~ 98 MB ~ 16 MB  

Inference time Slower Faster 

Computational efficiency High resource usage Low resource usage 

Suitability for mobile devices Less suitable Highly suitable

accuracy of 68% at epoch 25 thus exhibiting a wider difference between training 
and validation curves. MobileNet proves its superiority for resource-limited farming 
applications which need fast and effective inference capabilities. 

Confusion Matrix 

A confusion matrix [24] demonstrated the MobileNet model performance as shown 
in Fig. 7. The classification results show excellent prediction accuracy most promi-
nently for Mosaic Virus and Leaf Spot Disease and Healthy leaves because the model 
perfectly identified all examples without false identifications. The model detected 
Wilt Disease only once as being from the Mosaic Virus class but performed accu-
rately in other identifications. The model’s prediction quality remains strong and 
dependable in identifying plant diseases because it exhibits minimal false positive 
and false negative results among every disease class.

Fig. 5 Training versus validation accuracy for MobileNet
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Fig. 6 Training versus validation accuracy for ResNet 50

Fig. 7 Confusion matrix of proposed model 

6 Conclusion and Future Scope 

The research delivers an integrated AI framework that employs two essential brinjal 
cultivation operations including automated disease detection for leaves and precise 
fertilizer suggestions. The research achieves its main objective by merging MobileNet 
with Gemini AI deep learning systems into a decision support system for agriculture 
that offers practical assistance to farmers. The system manages to detect diseases 
with 96% accuracy through MobileNet while providing fertilizer recommendation 
capabilities that adapt to live environment and soil details. This method merges
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visual methods of disease detection with customizable agricultural advice through 
a two-stage process that sets it apart from standard single-purpose identification 
systems. 

Future development of this system requires increased diversity in the dataset by 
adding various brinjal diseases and field conditions which will improve predictive 
precision along with generalization abilities. The development will include optimiza-
tion and compression work on MobileNet architecture to achieve smooth real-time 
deployment on edge devices aimed at providing immediate actionable information 
to field workers and farmers. IoT-based soil and weather sensors will get integrated 
in the system to generate highly accurate fertilizer prescriptions through real-time 
data processing. Last but not least the team will focus on implementing explain-
able artificial intelligence techniques to reveal the rationale behind each recommen-
dation for better farmer understanding and trust. A series of developments turns 
the proposed system into an intelligent scalable farmer-friendly tool that follows 
precision agricultural techniques in resource-challenged areas. 
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Stock Market Forecasting Using a Novel 
Conv-LSTM Deep Learning Model 

Ankit Padariya, Dhanraj Verma, and Priyank Nayak 

Abstract Forecasting stock market movements requires exceptional complexity due 
to financial data displaying volatile nonlinear behavior. The research establishes 
a Novel Conv-LSTM Deep Learning Model for achieving advanced Indian stock 
market price forecasting accuracy. Stock price data undergoes spatial analysis by the 
Convolutional Neural Network to extract features while Long Short-Term Memory 
network identifies temporal patterns in the data. Both functions of the Conv-LSTM 
architecture unite to generate superior forecasting results by leveraging their indi-
vidual strengths. A performance comparison between the proposed hybrid Conv-
LSTM model and standalone CNN and LSTM models occurred using Indian stock 
market historical data. The Conv-LSTM model yielded better forecasting results 
than CNN and LSTM models through performance measurements that showed an 
MSE of 426.7159 and corresponding RMSE of 20.6571 and MAE of 17.7311. The 
errors produced by CNN were substantially higher than those from both Conv-LSTM 
(MSE: 1805.6726, RMSE: 42.4932, MAE: 40.5916) and LSTM (MSE: 657.3418, 
RMSE: 25.6387, MAE: 23.6762). The evaluation supports Conv-LSTM as an optimal 
selection for stock market forecasting in Indian financial markets because it detects 
spatial along with temporal dependencies effectively. 
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1 Introduction 

Investors together with traders and policymakers heavily depend on stock market 
forecasting research because it helps them take better decisions. The Indian stock 
market operates in a dynamic and volatile fashion because it responds to economic 
policies together with global market indications and investor emotional changes. 
The popular forecasting models for stock prices include both Autoregressive Inte-
grated Moving Average (ARIMA) and Generalized Autoregressive Conditional 
Heteroskedasticity (GARCH). Financial data contains complex nonlinear patterns 
that make these forecasting models ineffective in capturing these patterns. Deep 
learning techniques have gained popularity because they process massive amounts 
of historical data and find unseen stock price patterns through Convolutional Neural 
Networks (CNN) and Long Short-Term Memory (LSTM) networks and hybrid 
architectures. 

Two main deep learning techniques serve stock price forecasting purposes. The 
spatial features present in stock market data are effectively extracted through CNN 
models but the models cannot identify persistent dependencies across data points. 
Among recurrent neural networks (RNN) LSTM networks were developed to work 
with sequential data which makes them appropriate for time series forecasting 
purposes. The capabilities of LSTMs to capture temporal dependencies do not 
extend to spatial pattern extraction. The limitations have been overcome through 
the development of hybrid models including CNN-LSTM and Conv-LSTM. The 
Conv-LSTM model provides stock price forecasting by merging CNN features with 
LSTM sequential processing into a single effective framework. 

The field of stock market forecasting through deep learning continues to face 
remaining knowledge holes. Most current research examines individual CNN or 
LSTM models separately from each other even though combining Conv-LSTM 
provides improved performance. The majority of research examines global stock 
markets while barely focusing on the Indian stock market which follows its own 
distinctive market patterns and needs specific regulatory approach. Various fore-
casting models suffer from weaknesses in their evaluation systems since they 
lack sufficient assessment tools for comparing performance between methods. The 
research develops and proposes a Novel Conv-LSTM Deep Learning Model to 
forecast Indian stock prices with enhanced accuracy because of the addressed 
shortcomings. 

The primary objective of this research work involves developing an evaluation 
framework for the Conv-LSTM model that forecasts Indian stock markets against 
competing CNN and LSTM models. The research design consists of developing 
an efficient deep learning structure which combines temporal and spatial elements 
in stock data together with thorough evaluation and the selection of the optimal 
model that minimizes forecast errors. The main contribution of this research work 
involves creating a Conv-LSTM deep learning model which joins Convolutional 
Neural Networks (CNN) for spatial feature extraction to Long Short-Term Memory 
(LSTM) networks for temporal pattern identification. The proposed hybrid model
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uses a suitable combination of spatial and sequential features for precise Indian stock 
market price forecasting from financial data. 

2 Literature Suvery 

Tiwari et al. [1] proposed a swarm-optimization-based fusion model integrating senti-
ment analysis for cryptocurrency price prediction. The model handles dynamic data 
well, yet it remains vulnerable to sentiment bias and lacks implementation in stock 
markets. Kumar Ghosh [2] applied ML regression and classification techniques to 
analyze Indian stock dynamics. While applicable to the Indian context, the absence of 
deep or hybrid models limits its performance during volatile periods. Kiatcharoenpol 
and Klongboonjit [3] used a hybrid LSTM and feedforward neural network for coal 
stock prediction. Though effective in modeling temporal dependencies, the lack of 
feature extraction via technical indicators is a drawback. Korade et al. [4] presented 
a deep learning model with heuristic optimization for intraday prediction, achieving 
strong accuracy but not addressing the computational speed essential for real-time 
trading. 

Chandra and Mondal [5] analyzed sentiment techniques using ML, but without 
deep learning or hybrid sentiment-price models, limiting predictive capability. Bashir 
et al. [6] optimized artificial neural networks for NSE predictions, but failed to handle 
abrupt market changes and lacked advanced deep learning strategies. Ghallabi et al. 
[7] utilized ensemble learning for ESG and clean energy markets, though the study 
didn’t extend to deep learning combinations for broader financial application. Alam 
et al. [8] employed LSTM-DNN on 26 datasets, yielding long-term trend insights. 
However, low interpretability limits its practical use for traders. 

Lu et al. [9] proposed integrating human and machine learning to address predic-
tion heterogeneity, emphasizing behavioral aspects. However, it missed the use of 
Conv-LSTM, which could enhance sequential analysis. Sun et al. [10] combined 
modal decomposition with machine learning, but didn’t employ hybrid deep learning 
techniques to refine feature extraction. Bacco et al. [11] incorporated LSTM and senti-
ment from tweets to study market behavior during uncertainty. Though focusing on 
social media’s impact, it lacked CNN-LSTM hybrid models for enhanced accuracy. 
Farimani et al. [12] introduced a multimodal learning system using varied data types 
for better prediction. Despite its strength in information fusion, missing convolutional 
integration hindered spatial pattern recognition. 

Zubair et al. [13] designed a sentiment-based alert framework for cryptocurrencies 
using ML. While efficient in sentiment integration, it doesn’t generalize well to tradi-
tional stock markets. Otabek and Choi [14] reviewed crypto trading strategies and 
ML techniques without proposing a novel predictive model, reducing practical utility. 
Mu et al. [15] introduced MS-IHHO-LSTM, combining swarm intelligence and deep 
learning for carbon price forecasting. It delivers precision but demands high computa-
tional power, unsuitable for fast trading environments. Li et al. [16] improved stock 
forecasts using hierarchical frequency decomposition in deep learning. Although
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adept at pattern detection, the absence of hybrid models like Conv-LSTM limits 
temporal sequence modeling. 

Zhang and Mariano [17] fused GANs with emotional behavior modeling for price 
prediction. While integrating psychology with DL, it missed incorporating time-
series models for better long-term forecasting. Meher et al. [18] used random forest 
models on Indian fintech stocks with high-frequency data. The model proved robust, 
but omitted deep learning comparisons that could enhance the study. Barua et al. [19] 
evaluated various models for Indian market prediction, but failed to explore hybrid 
Conv-LSTM approaches that might improve accuracy. Janice Encelatah et al. [20] 
analyzed Adani Group stock via statistical techniques. The lack of deep learning 
integration limits its compatibility with current AI-based prediction systems. 

The literature reveals significant gaps in leveraging hybrid deep learning models 
that unify spatial and temporal pattern detection for financial forecasting. Many 
existing models rely solely on either LSTM, CNN, or traditional ML methods, 
without integrating their strengths. Moreover, most studies emphasize sentiment-
driven cryptocurrency prediction or generic stock markets, with limited attention to 
Indian financial contexts. The Conv-LSTM architecture addresses these limitations 
by capturing both spatial features (via CNN layers) and temporal dependencies (via 
LSTM layers), resulting in enhanced forecasting accuracy for Indian stock market 
data under volatile conditions. 

3 Proposed Methodology 

As shown in Fig. 1 the novelty of the proposed Conv-LSTM approach lies in its 
integrated capability to simultaneously capture spatial dependencies through convo-
lutional layers and temporal dynamics via LSTM units. Unlike conventional models 
that treat these aspects separately, the proposed method unifies both within a single 
architecture, enhancing forecasting precision for volatile Indian stock markets. The 
following details the actual flowchart sequence.

The proposed Conv-LSTM model was selected due to its unique ability to handle 
the complex nature of stock market data, which involves both spatial patterns in 
feature relationships and temporal trends over time. Traditional CNN or LSTM 
models alone fail to capture these dual aspects effectively. By combining convo-
lutional layers for spatial feature extraction and LSTM layers for temporal sequence 
learning, the Conv-LSTM architecture offers a comprehensive and robust framework 
ideally suited for forecasting in highly volatile financial environments like the Indian 
stock market.
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Fig. 1 Proposed system workflow

3.1 Data Collection and Preprocessing 

A compilation of historical stock market data consisting of Open, High, Low, Close, 
and Volume information are downloaded in form of .csv file from Kaggle dataset. 
The data received proper processing by addressing existing data gaps followed by 
MinMax scaling normalization to achieve better convergence rates.
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3.2 Input Data Preparation 

The preprocessed data goes through a process that transforms it to sequential format 
which permits time series analysis. Training sequences are generated through the 
application of the sliding window approach. 

3.3 Model Architecture

• The initial 1D Convolutional Layer searches for specified patterns together with 
features in continuous stock price data sequences.

• The MaxPooling1D operation both shortens the data format and maintains crucial 
features.

• LSTM Layer implements Long Short-Term Memory (LSTM) networks to 
decipher extended patterns and relationships in time-based securities data.

• Through the implementation of dropout the model receives regularized properties 
to minimize overfitting concerns.

• Repetitions of the Conv1D-MaxPooling-LSTM-Dropout sequence serve to 
enhance the extracted features within the model.

• The Fully Connected Dense Layer generates the final stock price projection. 

3.4 Training and Optimization 

During training the model applies Mean Squared Error (MSE) loss function with 
Adam optimizer to determine weight adjustments that reduce prediction errors. 

3.5 Evaluation 

The operational model which underwent training indicates future stock price values. 
The proposed model achieves optimal results in performance evaluations based on 
MSE, RMSE, and MAE metrics compared to isolated CNN and LSTM structures. 

3.6 Deployment and Forecasting 

A stock trading or advisory system incorporates the model to provide stock price 
forecasting services. The forecasting system gets updated and optimized through 
continuous access to fresh data. The operational sequence provides an effective way
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to implement the hybrid Conv-LSTM model which delivers dependable Indian stock 
market trend forecasting. 

4 Results Anlaysis 

Google Colab Pro served as the platform for running the experiments that depended 
on T4 GPU to speed up deep learning calculations. For the experimental analysis 
we leveraged stock market data from the “India Stock Market: Nifty50 Stocks Daily 
Updates” dataset on Kaggle that included five-year data points starting from 2020 
until 2025. The research utilized ITC stock script data where it processed historical 
elements from four years while the following annual period served as the forecasting 
target. The implementation of the Conv-LSTM model included Tanh activation along 
with 50 epochs using Adam optimizer and batch size equal to 64. Figure 2, the original 
dataset contains 1038 rows and 6 columns, representing multiple stock market indica-
tors across a significant time range. Following this, Fig. 3 illustrates the pre-processed 
dataset, reduced to 108 rows and 5 columns after normalization and removal of irrel-
evant features, ensuring cleaner input for model training. Figure 4 presents the CNN 
architecture, consisting of 12 layers, including multiple Conv1D layers for spatial 
feature extraction, MaxPooling layers for dimensionality reduction, Dropout layers 
to prevent overfitting, and Dense layers for final prediction. The training loss curve 
of the CNN model is depicted in Fig. 5, indicating how the model learns during each 
epoch. The forecasted results generated by the CNN model are visualized in Fig. 6, 
which shows a noticeable deviation from actual stock values, highlighting its limited 
predictive accuracy. In contrast, Fig. 7 illustrates the LSTM architecture, built to 
identify long-term dependencies in sequential stock data. The LSTM loss curve in 
Fig. 8 shows more stable training compared to CNN, and the forecasting performance 
using LSTM is presented in Fig. 9, demonstrating closer alignment with actual stock 
trends. Moving to the proposed model, Fig. 10 outlines the Conv-LSTM architecture, 
which integrates CNN’s spatial learning and LSTM’s temporal sequence modeling 
for enhanced prediction accuracy. Figure 11 shows the Conv-LSTM training loss, 
indicating superior convergence, while Fig. 12 displays the Conv-LSTM forecasting 
results, which align most closely with the actual data. Performance metrics confirm 
this improvement, where Conv-LSTM achieves the lowest MSE (426.71), RMSE 
(20.65), and MAE (17.73) compared to CNN and LSTM models, thus validating its 
effectiveness for stock price forecasting.

Table 1 shows a comparative analysis of three models—CNN, LSTM, and Conv-
LSTM—based on MSE, RMSE, and MAE. Among them, the Conv-LSTM model 
demonstrates the best performance with the lowest error values, highlighting its 
effectiveness in stock price prediction.
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Fig. 2 Dataset reading 

Fig. 3 Data pre-processing

5 Conclusion 

The key contribution of this study lies in demonstrating the superior performance of 
the proposed Conv-LSTM model over standalone CNN and LSTM models for stock 
market prediction. By achieving significantly lower forecasting errors on Indian stock
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Fig. 4 CNN architecture 

Fig. 5 CNN loss
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Fig. 6 CNN forecasting 

Fig. 7 LSTM architecture

market data, the Conv-LSTM model proves to be a powerful tool capable of handling 
the complex, volatile, and nonlinear nature of financial time series. Experimental 
findings validate the superiority of the Conv-LSTM architecture because it produces 
results featuring a minimal MSE value of 426.7159 along with the lowest RMSE 
at 20.6571 and lowest MAE at 17.7311 compared to the performance of traditional 
CNN (MSE: 1805.6726, RMSE: 42.4932, MAE: 40.5916) and LSTM models (MSE: 
657.3418, RMSE: 25.6387, MAE: 23.6762). This hybrid design effectively recog-
nizes spatial interdependence using CNN cells and time-dependent elements using
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Fig. 8 LSTM loss 

Fig. 9 LSTM forecasting

LSTM blocks thus creating an improved framework for stock price forecasting accu-
racy. Future research pursuits should target the incorporation of sentiment analysis 
extracted from financial news platforms and social media platforms to make stock 
market forecasting estimates more refined. To improve feature extraction this paper 
suggests using attention mechanisms alongside transformer-based models. Real-time 
implementation through reinforcement learning would enable the system to adapt 
efficiently to markets that experience changes. The forecasting capabilities can be
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Fig. 10 Conv-LSTM architecture 

Fig. 11 Conv-LSTM loss
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Fig. 12 Conv-LSTM forecasting

Table 1 Comprative analysis 
Model MSE RMSE MAE 

CNN 1805.6726 42.4932 40.5916 

LSTM 657.3418 25.6387 23.6762 

Conv-LSTM 426.7159 20.6571 17.7311

strengthened by using intraday data along with testing the model on diverse stock 
indices that extend beyond Nifty50. Implementing the model into a trading system 
managed by AI algorithms will transform the way algorithmic strategies operate for 
trading purposes. 
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Advanced Landslide Detection Using 
InSAR and Deep Learning Techniques 

Ramya Nalabothu, Anil Kumar Palaketi, and G. Kranthi Kumar 

Abstract Landslides cause a severe damage to life and property, especially in hilly 
regions where the probability of occurrence of landslide is too high. With the use 
of advanced technologies such as InSAR provides us with promising solution for 
detection of landslides. The model which was developed by combining the InSAR 
data with the deep learning algorithms aims to enhance the accuracy and efficiency in 
landslide detection. The deep learning algorithms, those are trained on the historical 
InSAR data and geotechnical parameters enables us for the identification of land-
slides. This methodology not only detects the landslides but also enables the officials 
for effective risk management. The proposed research work will become a proof 
that reflects the power of InSAR data when used with deep learning in providing a 
robust and reliable solution for landslide detection. It contributes in better disaster 
preparedness. 

Keywords Landslide detection · Deep learning · Geotechnical data ·
Interferometric synthetic aperture radar (InSAR) · Risk management 

1 Introduction 

Landslides are big concern which pose a significant threat to life and property, mainly 
in hilly urban regions where the probability of occurrence and the loss is high. 
Traditional landslide detection [1] methods often fail to provide timely and accurate 
predictions, necessitating the need of advanced technologies to enhance detection 
capabilities. 

To overcome these challenges, this study integrates Interferometric Synthetic 
Aperture Radar (InSAR) data with advanced deep learning techniques, aiming to 
develop a reliable and precise method for detecting landslides. The use of deep
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learning is especially advantageous for this task because of its superior performance 
and accuracy. 

The key contribution of this project is to develop a deep learning U-Net-model 
based framework which significantly enhances landslide detection by combining 
InSAR data with geospatial processing techniques, which facilitate better risk 
management and disaster preparedness. 

The methodology involves data preparation, starting with the importing of essen-
tial libraries and loading data from dataset which are in .h5 format. The uploaded data 
undergoes data pre-processing and data cleaning to ensure compatibility. A U-Net 
model architecture is developed using TensorFlow and Keras, incorporating custom 
metrics to evaluate segmentation performance effectively. 

The model is trained on the prepared data. Evaluation of a the model is done using 
validation dataset which allows a thorough assessment through various performance 
metrics and visualization techniques. The major findings indicate that the combined 
approach significantly improves detection accuracy, also reduces false positives, and 
provides early warning capabilities. The results demonstrate the combined power 
of InSAR [2] and deep learning in providing a robust and reliable solution for 
landslide detection, ultimately contributing to better disaster preparedness and risk 
management. 

2 Related Work 

Zhong et al. [3] researched on Longde County in the Loess Plateau, employing inte-
grated remote sensing techniques to detect landslide hazards. By analyzing surface 
deformation and morphological characteristics, 47 suspected hazards were identified, 
In which 16 verified at a 76.19% accuracy rate. Ezquerro et al. [4] Presented a method-
ology using satellite data from Sentinel-1 satellite, in integration with COSMO-
SkyMed data to characterize ground subsidence in Pistoia, Italy. Both vertical and 
horizontal displacements were analyzed, with slight movements observed towards 
the city center. Damage probability and potential loss maps were generated, aiding 
in urban planning and geohazard management efforts. 

Liu et al. [5] employed a comprehensive study to analyze landslide susceptibility, 
hazard, and risk in Yan’an City, China. Utilized a combination of field surveys and 
remote sensing techniques. Their research used machine learning algorithm specif-
ically random forest classifier along with eight environmental factors to accurately 
assess land slide susceptibility. By leveraging the capabilities of differential synthetic 
aperture radar interferometry (DInSAR), the study quantitatively mapped landslide 
hazards by detecting surface deformation. The resultant risk map is categorized 
into zones based on risk. The resulting risk map is identified with high-risk zones, 
primarily concentrated in urban areas, offering valuable in sights for enhancing 
disaster management and urban planning initiatives. Kainthura et al. [6] assessed 
five hybrid models for landslide occurrence in Uttarkashi, Uttarakhand, India. Their 
data set, comprising 373 landslide images and 181 non-landslide images, serves
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as the basis for comparison. The hybrid models, incorporating techniques such as 
Bayesian Network, Back-propagation Neural Network, XGBoost, Random Forest 
and Bagging, are augmented with Rough Set theory to enhance prediction accuracy. 
Among these models, the XGBoost-based rough set (HXGBRS) model emerges as 
the most accurate, achieving an AUC of 0.937, Precision of 0.946, and an Accuracy 
of 89.92%. Notably, they develop a user-friendly GIS platform facilitating efficient 
land slide prediction across large susceptible areas, enabling users to manipulate 
conditioning factor values to assess landslide probability effectively. 

In their research, Shankar et al. [7] employ 111 Sentinel-1 images collected from 
May 2019 to April 2023 to conduct SBAS-InSAR analysis, creating a network of 
424 small baseline interferograms focusing on Joshimath town in Uttarakhand, India. 
This method allows for precise measurement of spatio-temporal land movement 
dynamics. Their analysis identifies significant deformation in specific wards, notably 
in south-eastern Pekamarwadi, southern Gandhinagar, and central areas. However, 
despite its high accuracy and capability for continuous monitoring, SBASInSAR 
demands substantial computational resources and expertise for both data processing 
and interpretation. Hong et al. [8] introduce five integration models, including LWL-
RBF, LWLRSFLDA, LWL-RS-QDA, LWL-RS-ADT, and LWL-RS-CDT, aimed at 
assessing landslide susceptibility in Yongxin County, China. These models combine 
locally weighted learning (LWL) with different classifiers. Among these models, 
the LWLRS-ADT model fits as the most reliable and stable, offering an effective 
approach for predicting landslide susceptibility. 

He et al. [9] for landslide susceptibility assessment (LSA), presented a neural 
network method in which they combines temporal dynamic features of InSAR defor-
mation data with features which influence landslide. This approach they utilized for 
LSA is a bidirectional gated recurrent unit (Bi-GRU) and time-distributed convolu-
tional neural network (TD-CNN) which captures the temporal dynamics, along with 
a multi-scale convolutional neural network (MSCNN) to address spatial features. 
Finally, a parallel unified deep learning network model is utilized to merge these 
features for effective LSA. Bekaert et al. [10] introduced a approach which utilizes 
satellite-based InSAR data to detect and monitor slow-moving landslides especially 
in remote hilly regions of the Trishuli River drainage basin in Nepal. Their method 
involves the application of pixel clustering techniques along with double differ-
ence time-series analysis alongside local and regional spatial filters. This innovative 
approach enables the detection of landslides without relying on prior assumptions 
regarding theirlocation. 

Ghorbanzadeh et al. [11] for landslide detection utilized deep learning algorithms 
like fully convolutional networks (FCNs) and the ResU-Net models. It utilized an 
integrated rule-based object-based image analysis (OBIA) approach along with the 
ResU-Net model to improve the accuracy. However, it has limitations, including 
the dependence of the OBIA approach on the ResU-Net model’s probability feature 
and the lack of evaluation for generalization to different geographic areas and time 
periods. Wang et al. [12] proposes a machine learning (ML) approach for assessing 
the long-term reliability of reservoir bank landslides. Three ML models (MLP, CNN, 
LSTM) are evaluated for predicting the time varying failure probability. The CNN
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model performs the best, accurately capturing changes in failure probability. Data 
quantity and ratio are shown to impact predictive power. ML models offer faster 
predictions and potential for improved long-term stability prediction. However, the 
models faced challenges in accurately predicting local peak points and mutation 
points, and overfitting was observed in the CNN and LSTM models during training. 
The study emphasized the sensitivity of performance to the data ratio used and the 
need for careful selection. 

Neranjan et al. [13] examines the utility of satellite images as a cost-effective 
remote-sensing method for analyzing landslide characteristics in Sri Lanka and 
Japan. By com paring landslide density, types, and geometry between the two regions, 
the research aims to understand commonalities and differences influenced by topog-
raphy. The findings reveal that Ikawa, Japan, has a higher landslide density and more 
varied types, while Sabaragamuwa, Sri Lanka, experiences widespread and mobile 
single landslides. The study highlights the potential of using Google Earth satel-
lite images to improve landslide understanding and risk management in areas with 
limited existing data. However, the findings are limited to the specific geological 
settings studied, and additional adjustments may be needed for broader applications. 
Cheng et al. [14] employed deep learning for landslide identification, due to its high 
efficiency and accuracy. The research demonstrates the significant potential of deep 
learning models for improving landslide recognition, particularly in complex geolog-
ical regions, and also suggests the importance of further optimization by considering 
various environmental factors. 

Yuan et al. [15] conducted a hybrid deep learning approach, with utilizing InSAR 
data, successfully applied for landslide susceptibility analysis. This method incor-
porates the power of Differential SAR Interferometry (DInSAR) techniques with 
machine learning for better landslide prediction. Additionally, they utilized corner 
reflectors in along with Sentinel-1 data which showed promising results in assessing 
larger landslides. Utilization of hybrid deep learning approach further emphasized the 
effectiveness of the landslide analysis. Although this model has limitation in handling 
Topographic and atmospheric inaccuracies which impact displacement results from 
DInSAR. Hussain et al. [16] focused on developing a landslide susceptibility model 
for the Karakoram Highway in Northern Pakistan using machine learning algorithms 
and PS-InSAR. The study uses four machine learning models to generate landslide 
susceptibility index maps based on 13 landslide conditioning factors. The accuracy 
of the models is evaluated using the Area Under the ROC Curve, and the results 
are verified using PS-InSAR to assess ground displacement. However, the study has 
limitations, including a small number of mapped landslides, leading to potential 
misclassification in the susceptibility mapping. Inaccuracies in the data on landslide 
variables, such as slope and precipitation, may have also affected the modeling. 

Zhou et al. [17] proposes a framework for predicting landslide displacement using 
a combination of MT-InSAR and machine learning techniques. It aims to establish 
the nonlinear relationship between landslide deformation and its triggers and predict 
displacement cost-effectively over large areas. The methodology involves extracting
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displacement time series from Sentinel-1 SAR imagery using MT-InSAR, decom-
posing the time series, and using machine learning to predict trend and periodic 
displacement components. 

3 Proposed Work 

The novelty of this study is in the integration of InSAR satellite imagery with a 
customized U-Net deep learning architecture, uniquely enhanced through geospatial 
preprocessing techniques such as NDVI calculation and terrain normalization. 

The research methodology flow which is shown in Fig. 1 involves comprehensive 
data preparation, starting with the import of essential libraries and loading data from 
HDF5 files to ensure accessibility and compatibility. The dataset is divided into 3 
parts which are training, testing and validation.

The training data is used to train the customized U-net model. A U-Net model [18] 
architecture is developed using TensorFlow and Keras, incorporating custom metrics 
to evaluate segmentation performance effectively. The model is trained on prepared 
data, utilizing callbacks to monitor training progress and optimize performance. 

After the training the testing dataset is used to test the trained model for evaluation 
of the model performance over various performance metrics and visualization tech-
niques. Validation dataset is used for real-time landslide monitoring by generating 
the mask images which highlights the landslide occurred region, which allows for a 
thorough assessment. 

Additionally, geospatial data processing techniques, such as NDVI calculation and 
normalization, are integrated to enhance model accuracy and robustness. The major 
findings indicate that the combined approach significantly improves detection accu-
racy, reduces false positives, and provides early warning capabilities. Furthermore, 
it offers valuable insights into landslide-prone areas, assisting officials in effective 
risk management and mitigation strategies. The results demonstrate the combined 
power of InSAR and deep learning in providing a robust and reliable solution for 
landslide detection, ultimately contributing to better disaster preparedness and risk 
management. 

3.1 Data Collection 

This model made use of the Landslide4Sense dataset [19], which offers a bench-
mark collection of globally distributed multi-sensor satellite images, our study aimed 
to leverage its comprehensive contents for landslide detection using deep learning 
techniques. The dataset is divided into three main splits—training, validation, and 
test—comprising 3799, 245, and 800 image patches, respectively. Each image patch 
includes 14 bands of data, incorporating multispectral information from Sentinel-2 
(B1-B12), slope data from ALOS PALSAR (B13) [18], and digital elevation model
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Fig. 1 Methodology diagram

(DEM) from ALSO PALSAR (B14) [20]. These image patches are set at a size of 128 
× 128 pixels and meticulously labeled pixel-wise with landslide and non-landslide 
categories, facilitating the development and evaluation of our deep learning model 
[21] for accurate landslide detection from satellite imagery.
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3.2 Data Visualization 

Data visualization is a powerful technique used for understanding data in different 
aspects. The Landslide4Sense dataset [19] was explored and analyzed using data 
visualization technique which enabled the examination of the dataset’s characteris-
tics, including the distribution of landslides, terrain features, and vegetation patterns. 
Using various visualization tools and libraries, such as matplotlib, to create interactive 
plots and maps that revealed the dataset characteristics, trends, patterns, and corre-
lations between different variables. The visualization pipeline included the creation 
of RGB images, and different types of plots like Normalized Difference Vegetation 
Index (NDVI) [22] maps, slope and elevation plots, and mask images, which provided 
valuable insights into the quality of the input data and aided in feature selection for 
machine learning models. This data visualization facilitated a deeper understanding 
of the dataset and identified potential. 

3.3 Splitting Data 

The dataset consists of two different types of images, one is InSAR images (img) 
which are basically satellite images and corresponding mask images (mask), which 
have the highlighted area affected by the landslide. The dataset was divided into three 
subsets: training, testing, and validation. The training set contains approximately 
80% of the total data (3039 samples), which includes pairs of InSAR images and 
their corresponding mask images. The testing set consists of 20% of the total data 
(766 samples) with paired InSAR and mask images. During model development, 
the training set is used to train the model, and the testing set is used to evaluate its 
performance. After training and testing the model, the generated mask images for 
the validation data are used to detect landslides in real-time images. In other words, 
the model is deployed on new, unseen data (the validation set) without masks, and it 
generates predicted mask images to identify potential landslides. 

3.4 U-Net Model 

U-Net model follows an encoder-decoder architecture shown in Fig. 2 for image 
segmentation. The encoder (contracting path) consists of convolutional layers with 
ReLU activation, dropout for regularization, and max pooling to extract spatial 
features. The decoder (expansive path) uses transposed convolutions and skip connec-
tions to recover spatial details. The model is implemented using TensorFlow and 
Keras, with He normal initialization to stabilize training. The final layer applies a 1 
× 1 convolution with a sigmoid activation for binary segmentation. It is compiled with
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Fig. 2 U-Net model architecture 

binary cross-entropy loss, and performance metrics like accuracy, Adam optimizer, 
F1-score, precision, and recall, making it robust for segmentation tasks. 

3.5 Model Evaluation 

The model is trained on a dataset of Insar images [23] and corresponding ground truth 
masks, with validation performed on a separate dataset. The U-Net is evaluated using 
multiple performance validators like Adam optimizer and binary cross-entropy loss 
on a task of InSAR image segmentation. Accuracy, F1-score, precision, and recall 
metrics are reported to assess performance, with a threshold of 0.5 used to determine 
positive predictions. 

4 Result Analysis 

The U-Net model performance is evaluated with the help of multiple metrics that 
indicates the model accuracy and effectiveness in InSAR image segmentation [21]. 

Table 1 represents the results of the metrics used in U-Net Model evaluation 
which are: Loss, Accuracy, F1-score, Precision, Recall. Accuracy is the measure of 
the overall correctness of the model’s predictions, Precision indicates the proportion 
of true positive predictions among all positive predictions, Recall (or Sensitivity) 
reflects the proportion of true positives captured out of all actual positives, F1-Score 
is the harmonic mean of precision and recall providing a balanced measure, and Loss 
quantifies the difference between the predicted and actual values to guide model
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Table 1 Accuracy metrices 
Metric Value 

Accuracy 98.81 

Precision 0.803 

F1-score 0.710 

Loss 0.034 

Recall 0.641 

optimization during training. These metrics helped us in understanding the model’s 
performance in detecting the landslides. 

Table 2 demonstrates superior performance of the model across multiple metrics— 
accuracy, precision, recall, and F1-score—compared to state-of-the-art models like 
XGBoost-RS and CNN-LSTM, establishing it as a robust and scalable solution for 
real-time landslide monitoring and early warning systems. 

This graph shown in Fig. 3 depicts the decline in training and validation loss over 
epochs, indicating effective learning and model convergence.

Figure 4 demonstrates the improvement in training and validation precision over 
epochs, reflecting the model’s increasing accuracy in identifying landslide regions.

Figure 5 displays the rise in training and validation recall over epochs, indicating 
the model’s growing ability to correctly identify actual landslide areas.

The Fig. 6 depicts the progression of training and validation F1-scores over 
epochs, highlighting the model’s balanced performance between precision and recall 
in landslide detection.

Figure 7 shows how an InSAR image look like, which are given to the U-Net 
model for detecting the landslide occurrence in the specific area.

The U-Net model takes Fig. 7 as input and produces Fig. 7 as the output. Figure 8 
is a mask image that highlights regions of landslide that could occur in the input 
Insar image.

Table 2 Comparative analaysis 

Model Accuracy (%) Precision F1-score Recall 

Proposed model 98.81 0.803 0.710 0.641 

XGBoost-RS [6] 89.92 0.946 – – 

ResU-net [11] 95.00 – 0.814 – 

CNN-LSTM [12] 92.51 – – 0.755 
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Fig. 3 U-Net model loss graph

Fig. 4 U-Net model precision graph
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Fig. 5 U-Net model recall graph

Fig. 6 U-Net model F1
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Fig. 7 InASR ımage

Fig. 8 Predicted mask 
ımage
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5 Conclusion 

This study developed an efficient approach for detecting landslides in InSAR images 
using a U-Net deep-learning neural network. The methodology effectively leverages 
deep learning to extract significant features from InSAR data, demonstrating high 
accuracy, precision, and recall in detecting landslide-prone areas. The main contribu-
tionof this research work is the integration of InSAR data with a U-Net architecture, 
which improved the detection of landslide detection. The generated mask images 
provide clear and interpretable representations, aiding in better risk management 
and disaster preparedness. 

Future work will focus on enhancing the model’s robustness and generalizability 
by training on larger, more diverse datasets. Additionally, exploring the integration 
of this model with other machine learning algorithms and data fusion techniques will 
be investigated to further improve its capabilities. 
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Tomato Leaf Disease Detection Using 
GAN with Autoencoder 

Smita Rani Sahu, Bodda Spandana, Gandepalli Hemalatha, 
Potnuru Deviprasad, and Arangi Abhiram 

Abstract As tomatoes are one of the most frequently consumed crops world-
wide, the earlier detection of tomato disease is very important, which is crucial 
for preventing yield loss and ensuring sustainable farming. Several methods have 
been developed to detect and mitigate such diseases, helping to protect tomato plants 
effectively. This project presents a deep learning-based approach that utilizes Gener-
ative Adversarial Networks (GANs) alongside autoencoders to detect diseases of 
the tomato plants from leaf samples. The autoencoder is trained to recognize and 
reconstruct healthy leaf images, capturing essential features. At the same time, the 
GAN generates synthetic images of diseased leaves, expanding the dataset to improve 
model training. Incorporating synthetic data improves adaptability of the model to 
different leaf conditions, increasing its accuracy. A discriminator is employed to 
assess the generated images, enabling the model to extract robust features required 
for precise disease detection. This approach facilitates real-time identification of 
plant diseases, reducing dependence on manual inspections. Recognizing infections 
in the initial stages helps minimize crop losses and supports sustainable agriculture. 
By integrating GANs with autoencoders, this method offers an effective solution to 
one of agriculture’s key challenges: timely recognition of diseases in crops. 

Keywords Tomato leaf · Disease detection · Deep learning · Autoencoders ·
Generative adversarial networks (GAN) 

1 Introduction 

Agriculture is a cornerstone of the global economy, with nearly half of the world’s 
population depending on it for their livelihoods. Tomato farming, specifically, is a 
significant activity for smallholder farmers and the agricultural sector as a whole. 
However, tomato crops are vulnerable to a wide variety of diseases and pests, which
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can result in severe yield losses, often reducing productivity by 30–50%. Identi-
fying leaf diseases presents a major challenge due to the visual similarities between 
healthy and diseased areas on the leaves, making it hard for both farmers and auto-
mated systems to detect infections accurately. Traditional disease detection methods, 
which depend largely on manual observation, often suffer from delays, variability, 
and human inaccuracies. In many regions, limited infrastructure and insufficient 
expert availability further hinder timely diagnosis. These limitations highlight the 
urgent need for an accurate, scalable, and economically viable approach for the early 
diagnosis of tomato leaf diseases. An automated system would not only improve diag-
nosis speed and consistency but also reduce excessive pesticide usage, encouraging 
environmentally friendly and eco-friendly agricultural methods. 

This technique addresses the problem by proposing an innovative deep learning 
framework integrating Generative Adversarial Networks (GANs) with autoen-
coders. Generative Adversarial Networks (GANs) are employed to produce synthetic 
images of tomato leaves, thereby increasing dataset diversity and improving the 
model’s generalization capability under diverse environmental scenarios. Autoen-
coders extract essential features from the leaf images, reducing data complexity 
and improving classification accuracy. This combined methodology enhances the 
model’s resilience and dependability in practical applications. 

The major contribution of this paper is the development of an affordable and 
scalable disease detection system that can function effectively in resource constrained 
environments. Unlike conventional CNN-based models or handcrafted approaches, 
our hybrid model significantly improves disease classification performance, even 
with limited and non-diverse datasets. Furthermore, this system can be integrated 
into mobile devices and drones, enabling real-time disease monitoring and rapid 
intervention at the farm level. 

This system ensures consistent and accurate results, minimizing the likelihood of 
misdiagnoses. It fosters Eco-friendly agricultural methods by reducing the overuse 
of pesticides and facilitating precise interventions. Farmers are enabled to respond 
promptly, reducing the likelihood of disease transmission, resulting in healthier 
crops and improved yields. These systems can be adapted for both small-scale and 
large-scale operations, providing accessible technology for enhanced crop manage-
ment. This application is vital for modern agriculture. The hybrid method that 
combines GANs and autoencoders enhances disease detection performance. GANs 
generate synthetic images to enrich datasets, improving the model’s generaliza-
tion across various conditions. Autoencoders help in extracting crucial features, 
simplifying data complexity, and enhancing classification accuracy. The system is 
cost-effective and ideal for resource-constrained environments, reducing reliance 
on manual inspections while delivering faster and more dependable results. Addi-
tionally, this approach minimizes the need for chemical treatments, supporting eco-
friendly agricultural practices. As a result, farmers experience increased productivity 
and financial stability. In summary, this technique ensures a reliable, scalable system 
for identifying disease symptoms in tomato leaves. 

Existing systems struggle to differentiate healthy leaves from diseased ones due to 
the visual similarities between them. Manual inspections are slow, inconsistent, and
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prone to human error, often resulting in incorrect diagnoses. In many regions, limited 
infrastructure and resources hinder timely and accurate disease detection. Training 
datasets frequently lack diversity, which compromises the robustness and adapt-
ability of models. Consequently, these systems may fail to perform well in diverse 
environmental conditions or on various tomato varieties. These challenges reduce 
the effectiveness and dependability of current methods. Farmers often face difficulty 
in managing diseases, leading to significant crop losses. These limitations highlight 
the necessity for advanced detection techniques. This integrated approach leverages 
GANs and autoencoders to effectively tackle the identified limitations. GANs are 
utilized to produce synthetic data, enhancing the diversity of training sets, improving 
the model’s effectiveness in handling diverse scenarios. Autoencoders streamline data 
by extracting essential features, enhancing the model’s classification accuracy. This 
approach guarantees strong performance in identifying different disease types and 
adjusting to environmental shifts. By reducing dependence on manual interventions, 
it offers quicker and more reliable results. Addressing the issue of dataset scarcity, this 
system becomes more applicable to real-world farming scenarios. Additionally, the 
hybrid solution is cost-effective, making it viable for farmers with limited resources. 
Together, these techniques build a scalable and efficient disease detection model. 

The objective of the proposed hybrid model is to enhance disease detection 
in agriculture, particularly by overcoming challenges related to small and non-
diverse datasets. The model utilizes Generative Adversarial Networks (GANs) to 
produce synthetic images, increasing dataset range and improving generalization 
across different conditions. Additionally, Autoencoders extract essential features, 
boosting classification accuracy and processing efficiency. This hybrid approach aims 
to enhance model robustness, reduce reliance on manual inspections, and provide a 
scalable and effective way for detection of diseases in the agricultural sector. 

2 Literature Survey 

Henghui and Linjing introduced the YOLOv8n-CDSA-BiFPN model to improve 
TYLCV detection in tomatoes. They enhanced YOLOv8n with ARMS for data 
augmentation, CDSA for better feature extraction, and BiFPN for small object detec-
tion. The model achieved 88.25% accuracy, outperforming YOLOv5s and SSD. 
However, the complex architecture may require high computational power, which 
can limit its real-time use in low-resource settings [1]. Nithish et al. created a model 
to find tomato leaf diseases using ResNet-50 with transfer learning. They increased 
the number of images using data augmentation and trained the model in PyTorch. 
The model could identify six types of tomato diseases and gave 95% accuracy 
in tests, demonstrating strong classification performance. However, it relied only 
on real images, which may limit its performance when data is scarce or imbal-
anced [2]. Ashok et al. developed a method that uses image analysis techniques to 
quickly and accurately identify diseases in tomato leaves. Their method involved
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techniques like image segmentation, classifying similar features and applying free-
to-use algorithms to detect diseases in plants. The model aimed to give reliable 
disease detection to protect crops and support sustainable agriculture. Apart from its 
usefulness, the reliance on traditional image processing methods may limit its adapt-
ability to varied lighting conditions and complex backgrounds compared to deep 
learning-based solutions [3]. Qiufeng et al. proposed a model to identify tomato 
leaf diseases by leveraging DCGAN for data augmentation and GoogLeNet for clas-
sification. The synthetic images of diseased and healthy leaves generated through 
their approach were assessed for quality using t-SNE and Visual Turing Tests. These 
images were then integrated with real samples to enhance training effectiveness. The 
model obtained an accuracy of 94.33%, demonstrating an improvement in dataset 
diversity and generalization while reducing data collection efforts and enhancing 
recognition accuracy. Apart from its benefits, the reliance on synthetic images may 
lead to issues with generalizing in real-world conditions, as the generated data might 
not fully capture all the complexities of actual leaf variations [4]. Yang and Lihong 
created a new framework called Adversarial Variational Autoencoder (Adversarial-
VAE) to solve the problem of not having enough training data for detecting tomato 
leaf diseases. Their method generated realistic images of ten types of tomato diseases 
using techniques like multi-scale residual learning and dense connections, which 
helped improve the details and quality of the images. The quality of the generated 
images was evaluated using Frechet Inception Distance (FID), showing better perfor-
mance compared to other generative models like VAE, InfoGAN, and WAE. These 
synthetic images were combined with real data to train a ResNet classifier, leading 
to a significant increase in accuracy. Despite these strengths, the model still faces 
limitations in capturing all the real-world variations of leaf diseases, which can affect 
performance in practical applications [5]. Jagadeesh and Audre Anthony created a 
method to detect tomato leaf diseases, aiming to improve accuracy while making the 
process faster. They used different techniques to extract features from images, like 
color histograms and texture patterns. They then used random forest and decision tree 
algorithms to classify the diseases. The random forest algorithm performed better, 
achieving 94% accuracy, while the decision tree algorithm achieved 90%. However, 
this method may struggle with more complicated patterns in the images [6]. Gnanavel 
et al. created a model using a type of neural network called CNN to improve the accu-
racy of detecting and classifying tomato crop diseases. They combined traditional 
layers with pooling layers and tested their model with established pre-trained models 
like InceptionV3, ResNet152, and VGG19. The developed CNN model achieved 
98% accuracy during training and 88.17% accuracy during testing, outperforming 
its pre-trained counterparts. The findings suggest that custom CNN architectures can 
be highly effective in disease detection for tomato plants. Additionally, its reliance on 
large datasets may pose challenges in resource constrained environments [7]. Tang 
et al. introduced a visual detection method for tomato leaf diseases using PLP Net, 
specifically designed to minimize interference from soil backgrounds and address 
disease similarities. Their model used smart techniques to focus on important parts of 
the image, understand where the disease is, and combine nearby features to make the 
detection more accurate. The system achieved 94.5% mAP50, 54.4% average recall,
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and a processing speed of 25.45 FPS, surpassing conventional detection models. 
Their findings indicate that this method provides valuable insights for modern agricul-
tural disease management. However, the model’s reliance on specialized techniques 
may limit its scalability and adaptability to different environments and datasets [8]. 
Amreen et al. used a deep learning method to detect tomato leaf diseases. They 
created synthetic leaf images using C-GAN to increase the dataset and trained a 
DenseNet121 model with both real and fake images. The model showed high accu-
racy, but relying too much on synthetic images may reduce performance in real-world 
cases [9]. Mohit et al. developed a CNN-based method to detect and classify tomato 
leaf diseases. Their model used three convolutional layers, pooling layers, and fully 
connected layers, and was tested against models like VGG16, InceptionV3, and 
MobileNet. It was trained on images of nine diseases and healthy leaves, achieving 
accuracies between 76 and 100%, with an average accuracy of 91.2% across all ten 
classes. The study concluded that their CNN model surpasses pre-trained models in 
tomato disease detection and provides a robust framework for agricultural disease 
management [10]. Rashid et al. developed a method to identify tomato leaf diseases 
using image processing. They extracted features using GLCM and SIFT, then used 
an SVM to classify the diseases. Tested on 2700 images from nine disease types, the 
system gave accurate results and performed better than many existing methods. They 
suggested using deep learning in future work to improve results further [11]. Naga-
mani and Sarojadevi built a machine learning model to find diseases in tomato leaves. 
They cleaned and prepared the images using color filters and a method called flood 
filling. Then, they picked out important features from the images and tested different 
models like CNN, Fuzzy-SVM, and R-CNN. Among them, R-CNN worked the best 
with 96.73% accuracy, outperforming the other classifiers. Their study concluded 
that R-CNN is the most effective model for early detection of tomato leaf diseases, 
contributing to improved agricultural disease prevention [12]. Iftikhar et al. used 
CNN models like VGG-16, VGG-19, ResNet, and Inception V3 to identify tomato 
leaf diseases in lab and field images. Inception V3 showed the highest accuracy 
among all, especially on the lab-based data. Apart from its effectiveness, the model’s 
performance dropped by 10–15% on field data, showing that environmental noise 
and real-world conditions still pose challenges for consistent accuracy [13]. Chen 
et al. created a modified AlexNet CNN model to detect tomato leaf diseases detec-
tion, optimized for Android devices. Trained on over 18,000 images using the Adam 
optimizer, the model achieved 98% accuracy. However, despite its high accuracy, the 
fixed input size (64 × 64) and platform constraints may limit its ability to process 
complex or high-resolution images effectively in real-world conditions [14]. Sunil 
et al. developed a model to detect tomato leaf diseases early by combining image 
processing with machine learning techniques. They enhanced and resized the images, 
extracted features using DWT, PCA, and GLCM, and classified them using CNN, 
SVM, and K-NN models. The CNN model reached an accuracy of 99.6%, demon-
strating its strong performance. However, the reliance on manual pre-processing 
steps like Histogram Equalization and K-means clustering may limit scalability for 
real-time or large-scale applications [15].
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3 Methodology 

Our primary goal is to Detect Tomato leaf diseases using GAN with Autoencoder. 
This part explains how we identify diseases in Tomato leaves. A Generative Adver-
sarial Network (GAN) is employed to generate synthetic images of diseased leaves, 
which helps make our dataset more varied. Also, we use an autoencoder to mine 
important features from the pictures, facilitating accurate classification. 

3.1 Dataset Summary 

The dataset used in this study comprises real images collected from the PlantVillage 
dataset, which comprises 8952 images, comprising one class of healthy leaves and 
eight distinct classes of diseased leaves. 

3.2 Image Pre-processing 

Each image is resized to 256 × 256 pixels and normalization, noise removal, and data 
consistency checks to prepare them for training. These steps enhance model reliability 
and classification accuracy. To prevent overfitting, data augmentation techniques like 
rotation and contrast adjustment are applied. 

3.3 GAN for Data Augmentation 

Generative Adversarial Networks (GANs) are implemented, where the generator 
creates synthetic diseased leaf images while the discriminator evaluates them for 
quality and diversity. This step enhances the dataset by making it more comprehen-
sive. In Fig. 1, If synthetic data is not needed, this step is skipped. Next, the real and 
synthetic datasets are combined to form a diverse and representative dataset covering 
various leaf conditions. A loss function in GANs ensures balanced learning between 
the generator and discriminator, leading to realistic image generation.

3.4 Autoencoder for Feature Extraction 

An autoencoder is then utilized to extract critical features from healthy leaf images. 
It reduces the images into a lower-dimensional latent space and reconstructs them,
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Fig. 1 Convolutional neural network

allowing the model to learn distinct patterns associated with healthy leaves. A convo-
lutional autoencoder is trained to learn the key features from leaf images, where 
the encoder, utilizing ReLU activation function, extracts compact feature repre-
sentations, and the decoder, using a sigmoid activation function, reconstructs the 
images. These extracted features are fed into a CNN-based classifier for diseases 
identification. Refer Fig. 2.

3.5 CNN-Based Classifier 

A Convolutional Neural Network (CNN) is employed to classify diseases in tomato 
leaves based on the features we got from the autoencoder. The CNN has several 
layers that help it find patterns in the images. It has convolutional layers that look for 
specific details, pooling layers that make the data smaller, and Fully connected neural 
layers that help in making the final decision about whether the leaves are healthy 
or diseased. The last layer uses softmax to sort the leaves into healthy or diseased 
categories, which helps ensure we identify diseases accurately. The CNN structure 
is diagrammatically illustrated in Fig. 1. 

Hidden layers in a CNN have specific functions: 

Convolutional Layers: They spot patterns in images by using filters to find edges, 
textures, and other important features. 

Activation Function (ReLU): This function adds complexity to the model by allowing 
it to learn non-linear relationships. It works by taking the maximum of 0 and the input 
value (ReLU(x) = max(0, x)). 

Pooling Layers: They decrease the data size by down-sampling the feature maps, 
typically employing max pooling.
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Fig. 2 WorkFlow
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Dropout Layers: These helps reduce overfitting by randomly turning off some 
neurons during training. 

Fully Connected Layers: They integrate the extracted features to make predictions. 
Finally, the output layer classifies the input as either healthy or indicating a specific 
disease. 

The flow for detection of diseases in tomato leaves which is demonstrated in 
Fig. 2, involves loading images, pre-processing, checking class imbalance, generating 
synthetic images if needed, augmenting data, extracting features with an autoencoder, 
and training a CNN for classification. 

3.6 Equations 

(i) Activation Function: The Softmax function is employed in multiclass classifi-
cation. 

Softmax(zi) = ezi 
n 
j=0 e

zj 
(1) 

(ii) Evaluation Metrics and Formulas: 

• Accuracy: Represents the total effectiveness of the model by determining 
the proportion of correct predictions relative to the total number of samples. 

Accuracy = 
True Positives + True Negatives 

Total samples 
(2) 

• Precision: Determines the proportion of true positive predictions among all 
predicted positive cases. 

Precision = True Positives 

True Positives + False Positives 
(3) 

• Recall (Sensitivity): Finds how effectively the model identifies actual positive 
cases, such as diseased leaves. 

Recall = True Positives 

True Positives + False Negatives 
(4) 

• F1-Score: The harmonic mean of precision and recall provides a balanced 
metric, especially valuable when addressing class imbalances. 

F1 - Score = 2 
Precision ∗ recall 
Precision + Recall 

(5)
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The novelty of the proposed method lies in the integration of Generative 
Adversarial Networks for synthetic data augmentation with an autoencoder-
based feature extraction strategy, followed by CNN-based classification. This 
three-stage pipeline addresses data imbalance, improves feature representa-
tion learning, and enhances classification performance, making it a robust 
solution for tomato leaf disease detection. Compared to conventional CNN-
only or ResNet-based models, this approach provides higher generalization 
with limited real-world data. 

4 Result 

The novelty of our proposed method lies in the integrated use of Generative Adver-
sarial Networks (GANs) with autoencoders for detection of infections in tomato 
leaves—a combination that is rarely explored together in plant pathology appli-
cations. While previous approaches primarily relied on traditional Convolutional 
Neural Networks (CNNs) or handcrafted feature extractors, our framework uniquely 
leverages GANs to generate synthetic images of diseased leaves to overcome class 
imbalance and simultaneously employs autoencoders to detect anomalies through 
reconstruction error. This dual approach not only enhances the training dataset but 
also enables unsupervised detection of subtle disease patterns. The decision to use 
this architecture is supported by its effectiveness in to handle real-world barriers such 
as limited labelled data, class imbalance, and variability in disease appearance, ulti-
mately resulting in significantly higher detection accuracy and robustness compared 
to conventional models. 

Our proposed method, which incorporates Generative Adversarial Networks 
(GANs) with autoencoders for detecting tomato leaf diseases, provides an extremely 
efficient strategy for identifying as well as classifying infected plants. 

The autoencoder functions by learning to compress and reconstruct images of 
healthy tomato leaves. When presented with diseased leaves, the reconstruction error 
increases, allowing the system to detect abnormalities. Meanwhile, GANs generate 
synthetic images of diseased leaves to address data scarcity and class imbalance. 
This augmentation enables the model to train on a more diverse dataset, minimizing 
overfitting and improving its ability to generalize. By creating synthetic instances of 
different diseases, GANs strengthen demonstrating its ability to accurately recognize 
and classify disease types, including late blight, early blight, and leaf mold. The 
combination of these techniques results in detection accuracies ranging between 85 
and 95%, depending on aspects including dataset quality and the specific disease 
types involved. 

The detection process begins with collecting a balanced dataset of tomato leaf 
images labelled as healthy and exhibiting symptoms of disease, followed by pre-
processing steps like resizing and normalization. In some cases, to enhance general-
ization, data augmentation methods such as rotation and flipping are employed during 
pre-processing. The autoencoder is then trained to reconstruct healthy leaf images,
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allowing it to detect diseased leaves by identifying deviations based on reconstruction 
errors. 

To balance the dataset, GANs generate additional synthetic diseased leaf images, 
particularly when labelled diseased data is scarce. Once trained, the model can effec-
tively classify new tomato leaf samples as healthy or infected using the extracted 
feature representations. This approach offers significant advantages, including higher 
detection accuracy, reduced overfitting, and improved robustness, making the model 
applicable across different tomato leaf types. 

Despite these benefits, challenges remain, such as high computational costs and 
the requirement for large, diverse datasets. However, the combination of GANs 
(Generative Adversarial Network) and autoencoders continues to be one of the 
most likely to succeed approaches in identifying plant pathologies, facilitating more 
scalable, efficient, and precise diagnostic systems. 

The comparative performance of various models for our disease detection process 
is summarized in Table 1. Among the models under evaluation, GAN + Autoencoder 
(ResNet) demonstrated the most optimal effectiveness, achieving an accuracy of 
97%, precision of 96%, recall of 98%, and an F1-score of 97%. This approach 
outperformed other architectures such as InceptionV3, MobileNet, and VGG. The 
superior performance of the GAN + AE (ResNet) model can be attributed to the use 
of GANs for providing synthetic diseased leaf pictures, which effectively addresses 
data imbalance. 

The performance our model is graphically represented in Fig. 3. The autoen-
coder’s anomaly detection capability enhances the identification of diseased leaves. 
While other models also performed well, they lacked the robustness and adaptability 
provided by the GAN + AE framework. This analysis underscores the advantage 
of combining GANs and autoencoders in plant disease classification, demonstrating 
their potential for highly accurate and scalable detection systems.

The primary assessment metrics for the GAN +Autoencoder (GAN & AE) model 
in the procedure for detecting tomato leaf diseases are shown in Fig. 4. The model 
achieves an impressive 97% accurate, 96% precise, 98% recall and 97% F1-score. 
These results validate the model’s robustness, demonstrating an optimal balance 
between precision and recall. The model delivers outstanding proficiency across all 
measures, ensuring reliability in practical applications. Overall, this visualization 
highlights the exceptional capability of the GAN & AE framework over alternative 
models.

Table 1 Evaluation measures for the model 

Model Accuracy (%) Precision Recall F1-score 

InceptionV3 91.5 0.88 0.89 0.83 

MobileNet 88.5 0.84 0.87 0.81 

VGG 84 0.79 0.89 0.82 

ResNet 97 0.96 0.98 0.97 
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Fig. 3 Model accuracy over 30 Epochs

Fig. 4 Performance indicators for the GAN + Autoencoder model for detecting tomato leaf disease
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Fig. 5 Accuracy comparison of tomato leaf disease detection models 

The levels of accuracy for various samples applied in the diagnosis of diseases 
of tomato leaves are exemplified in Fig. 5. The models included are Adversarial-
VAE [5], CNN [7], DCGAN [4], PLPNet [8], GLCM & SIFT [11], and GAN & 
AE. Among these, the GAN & AE approach attained the highest accuracy of 97%, 
showcasing its superior performance. Other models, such as PLPNet and DCGAN, 
also performed well, achieving accuracies above 90%. This comparison underscores 
the effectiveness of GAN-based models in enhancing accuracy for plant disease 
detection tasks. 

The confusion matrix presented in Fig. 6 visually illustrates the classification 
results of the plant disease detection model. The attributes on the diagonal specify 
correctly predicted cases, and off-diagonal values specify misclassifications. Most 
of the predictions align with actual labels, with minimal errors observed. The color 
variations highlight the frequency of classifications, with lighter shades representing 
higher values.
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Fig. 6 Disease prediction confusion matrix 

5 Conclusion 

This research introduces a hybrid deep learning framework that merges Genera-
tive Adversarial Networks (GANs) and autoencoders to achieve efficient and accu-
rate tomato leaf disease detection. The model addresses critical limitations found in 
existing methods, such as poor performance with limited or non-diverse datasets and 
the challenges of manual inspection. By generating synthetic images and extracting 
essential features, the proposed method significantly enhances classification accu-
racy, dataset diversity, and model generalization across various environmental 
conditions. 

Our approach offers an economical, scalable, as well as reliable remedy suitable 
for both smallholder as well as large-scale farmers, especially in resource constrained 
settings. It enables real-time monitoring through integration with mobile and drone 
technologies, enabling farmers to take prompt actions, limit pesticide usage, supports 
better crop health as well as productivity.
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This work advances the field by demonstrating how a hybrid deep learning frame-
work can overcome data scarcity and feature extraction challenges in agricultural 
disease detection. As a potential direction for future work, the model may be expanded 
to cover other crops and integrated with IoT devices for a fully automated smart 
farming solution, further strengthening sustainable agricultural practices. 
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Deep Learning-Driven Detection 
of Guava Diseases for Smart Agriculture 

M. Prasanna Kumari, G. N. V. G. Sirisha, and R. Amith Varma 

Abstract Guava (Psidium guajava), a key fruit crop, is susceptible to various 
diseases that threaten its productivity. This study presents a deep learning and 
computer vision to detect guava diseases in both leaves and fruits. A Convolutional 
Neural Network (CNN) was initially implemented, followed by data augmenta-
tion and transfer learning to enhance classification performance. Several pre-trained 
models, including EfficientNetB3, InceptionV3, Xception, VGG16, MobileNetV2, 
ResNet50V2, DenseNet121 and GoogleNet (Inception V1), were trained and eval-
uated on six disease categories: Anthracnose, Stylar-End-Rot, Scab, Red-Rust, 
Phytophthora and disease-free samples. To assess model performance accuracy, 
precision, recall and F1-score were calculated for every model. While multiple 
models achieved high accuracy (97–98%), GoogleNet (InceptionV1) outperformed 
others with 99.16% accuracy. The study’s findings demonstrate improvements over 
previous methods, highlighting the effectiveness of the proposed approach. 

Keywords Guava (Psidium guajava) · Deep learning · CNN and transfer 
learning · GoogleNet (InceptionV1) 

1 Introduction 

Guava (Psidium guajava) is a widely cultivated fruit in tropical and subtropical 
regions, contributing to global food security and economic growth. Guava, a member 
of the myrtle family (Myrtaceae), originates from Mexico, Central America, and 
northern South America. The Myrtaceae family includes around 150 species of trees 
and shrubs [1]. However, Guava fruit production is impacted by various diseases

M. Prasanna Kumari (B) · G. N. V. G. Sirisha · R. Amith Varma 
Departmentment of Computer Science and Engineering, SRKR Engineering College 
Bhimavaram, Bhimavaram, Andhra Pradesh, India 
e-mail: m.prasannakumari1234@gmail.com 

G. N. V. G. Sirisha 
e-mail: sirishagadiraju@srkrec.ac.in 

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
S. D. P. Ragavendiran et al. (eds.), Innovations and Advances in Cognitive Systems, 
Information Systems Engineering and Management 61, 
https://doi.org/10.1007/978-3-031-97713-8_22 

329

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-97713-8_22&domain=pdf
mailto:m.prasannakumari1234@gmail.com
mailto:sirishagadiraju@srkrec.ac.in
https://doi.org/10.1007/978-3-031-97713-8_22


330 M. Prasanna Kumari et al.

such as Anthracnose, Stylar-End-Rot, Scab, Red-Rust, Phytophthora can lead to 
substantial economic losses if not detected and managed promptly. Farmers have 
good understanding of these diseases, but they often lack awareness of early preven-
tion strategies. As a result, guava production suffers significant loss in guava field. 
Traditional methods for disease diagnosis are labor- intensive, subjective and prone 
to error, necessitating the development of automated solutions [2]. 

Advancements in deep learning have revolutionized agricultural practices by 
enabling the rapid and accurate classification of plant diseases. This study identi-
fies the application of deep learning techniques [3–5], particularly Convolutional 
Neural Networks (CNNs) [6–8] and transfer learning to detect guava diseases from 
images of leaves and fruits. 

1.1 Dataset 

In this work, dataset was obtained from agricultural fields in Kalidindi and 
Bhimavaram, A.P. State, India along with additionally, data was obtained from 
Mendeley [9] (https://data.mendeley.com/datasets/x84p2g3k6z/1). The images of 
guava fruits and leaves in the dataset categorized into seven classes Anthracnose, 
Phytophthora, Red-Rust, Scab, Stylar-End-Rot, Disease-Free Leaf and Disease-Free 
Fruit. 

Figure 1 depicts the dataset sample images (A) Anthracnose, (B) Phytophthora, 
(C) Red-Rust, (D) Scab, (E) Stylar-End-Rot, (F) Disease-free leaves, (G) Disease-
free fruits. Guava production is badly impacted by these diseases and creating great 
loss to the farmers.

From Table 1 disease-wise data distribution in the dataset. It shows the collec-
tion of 6106 labelled images of guava leaves and fruits. Out of 6106 images, 661 
are original and 5445 are augmented images. Among them, images for Anthrac-
nose and Disease-Free Fruit are collected from the fields by us and performed data 
augmentation. Additionally, we include 30 images in Phytophthora, 10 images in 
Red Rust and 10 images in Disease-Free Leaf which are collected from the fields 
by us. Totally, out of 661 original images, we collected 184 images of guava leaves 
and fruits from the fields in Kalidindi and Bhimavaram, A.P. state-India, while 477 
images were taken from Mendeley dataset. Nandi, Rabindra Nath, et al. [9] use  the  
Mendeley dataset and achieved 97% accuracy with the GoogleNet model. By adding 
extra features like Anthracnose and Disease-Free Fruit to the Mendeley dataset we 
achieved 99% accuracy with GoogleNet model. With this we can detect the diseases 
of guava more efficiently to get healthier guava crops minimized yield losses, and 
increased productivity.

https://data.mendeley.com/datasets/x84p2g3k6z/1


Deep Learning-Driven Detection of Guava Diseases for Smart Agriculture 331

A. Anthracnose B. Phytophthora C. Red-Rust 

D. Scab E. Stylar-End-Rot F. Disease-Free Leaf 

G. Disease-Free Fruit 

Fig. 1 Dataset sample images

Table 1 Disease-wise data distribution 

Disease name Original images Augmented images Total No. of images 

Anthracnose 87 335 422 

Phytophthora 114 942 1056 

Red-Rust 87 1154 1241 

Scab 106 864 970 

Stylar-end-rot 94 1063 1157 

Disease-free-leaf 126 876 1002 

Disease-free-fruit 47 211 258



332 M. Prasanna Kumari et al.

2 Related Work 

Misra [10] provides an in-depth look at major guava diseases such as Guava Wilt, 
Anthracnose, Cercospora Leaf Spot, Guava Scab, and Red Rust, discussing their 
symptoms, causative agents, and control methods. It suggests the use of fungicides, 
including Copper Oxychloride and Zineb, to manage fungal infections and highlights 
the importance of adequate spacing to reduce humidity and prevent disease spread. 
Additionally, bioagents are recommended as a proactive disease control strategy. 

Thilagavathi et al. [11] presents how image processing techniques can be used to 
detect guava leaf diseases. He used segmentation, color models, and SIFT for feature 
extraction, and applies SVM and k-NN for classification. Among the tested methods, 
SVM showed higher accuracy, demonstrating the effectiveness of image processing 
in plant disease detection. 

Almutiry et al. [12] proposes a new framework for accurately classifying multiple 
types of guava diseases. He used advanced image processing and machine learning 
techniques to detect and categorize diseases from guava leaf and fruit images. The 
model improves classification performance and supports early disease diagnosis for 
better crop management. 

Almadhor et al. [13] focuses on identifying guava diseases like canker, mummi-
fication, dot, and rust using machine learning on high-quality DSLR images. He 
used image enhancement and CNN-based classification to detect color and texture 
changes, aiding in accurate disease detection and better management in guava 
farming. 

Rajbongshi et al. [14] presents a guava image dataset containing both fruit and 
leaf samples, categorized into six classes. Fruit images include Scab, Stylar End 
Rot, Phytophthora, and healthy fruit, while leaf images are labeled as either healthy 
or affected by Red Rust. The dataset the author gives in this paper is helpful for 
researchers in machine learning and computer vision to build guava disease detection 
systems that can help to farmers in better crop management. 

Tewari et al. [15] explores how deep learning, especially CNNs, can help in solving 
agricultural issues by focusing on guava disease detection. It targets diseases like 
Scab, Red Rust, Phytophthora, and Stylar End Rot, which are often hard to detect 
with traditional methods. By applying CNNs with transfer learning, results high 
accuracy, with DenseNet169 reaching 99.62%. Even with a small dataset, several 
models performed exceptionally well, that shows deep learning helps in improving 
crop health and productivity. 

Pathmanaban et al. [16] explores how image processing and computer vision can 
help detect guava fruit diseases early. It uses a dataset with both digital and thermal 
images, covering healthy, damaged, and diseased fruits—such as those affected by 
wilt, Anthracnose, canker, and rot—captured at various maturity stages and drop 
heights. By identifying issues early, the goal is to support sustainable farming, reduce 
crop damage, and improve harvest quality. 

Mustak Un Nobi et al. [17] introduces a real-time guava leaf disease detection 
system using a lightweight deep learning model based on MobileNet. That approach
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gives fast and accurate classification of diseases while being efficient enough for 
use on mobile and low-power devices, making it suitable for practical agricultural 
applications. 

Rashid et al. [18] presents a hybrid deep learning system for real-time detection 
of multiple guava leaf diseases. It integrates GIP-MU-Net for segmentation, GLSM 
for leaf health classification, and GMLDD with YOLOv5 for disease identification. 
Using two custom datasets, the model achieved high accuracy and supports better 
disease management, highlighting the need for further research on environmental 
and species-related variations. 

Mumtaz et al. [19] introduces SidNet, a 33-layer CNN model for detecting guava 
leaf blight disease. It uses YCbCr color space and data augmentation to handle limited 
data and incorporates feature extraction inspired by DarkNet-53 and AlexNet. Feature 
selection is optimized using Binary Gray Wolf Optimization. The model showed high 
accuracy, achieving up to 99.2% with SVM classifiers, showing strong potential for 
early disease detection and improved crop yield. 

Doutoum et al. [20] addresses key challenges in identifying guava diseases like 
Canker, Dot, Mummification, and Rust, especially in tropical regions. It uses 1834 
leaf images across five categories and tests four CNN models—ResNet50, Inception 
V3, EfficientNet-B3, and VGG-16. EfficientNet-B3 achieved the highest accuracy 
at 94.93%. The model enables on-device detection through smartphones, offering a 
practical tool for farmers. However, this study notes that data quality and variety is 
still impact performance. 

3 Proposed Work 

The system being developed leverages DL models, such as CNNs and pre-
trained models like InceptionV3, Xception, VGG16, MobileNetV2, ResNet50V2, 
DenseNet121, GoogleNet (InceptionV1), to automate the detection of guava 
diseases. By incorporating data augmentation techniques, it increases the model’s 
precision in identifying diseases like Anthracnose, Red-Rust, Stylar-End-Rot, Scab, 
Phytophthora. The system offers a scalable and economical method aims to support 
early disease detection, helping to mitigate crop losses and boost agricultural 
productivity. 

Figure 2, shows the proposed architecture for generating the trained Deep learning 
model. The collected data will be annotated with class labels. Then it will be pre-
processed by resizing images followed by augmentation. Before being used for model 
training, the data split into validation, training and test sets. In that basic model CNN 
(i.e., 2 Convolutional layers which extracts image features, 2 Max Pooling layers 
which reduces image dimensions to enhance computational efficiency, 1 Flatten 
layer converts the multi-dimensional input into a 1D vector to connect convolutional 
layers to dense layers, 2 Fully Connected layers which supports classification) and the 
pre-trained models (InceptionV3, MobileNetV2, Xception, VGG16, DenseNet121,
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ResNet50V2 and GoogleNet (InceptionV1)) will be applied and it gives to the best 
trained model. 

Data 
Collection 

Data 
Annotation 

Augmentation 

Resize Images 

Normalization 

Data 

Split the 
images into 
Training and 
Testing set 

Model Training 

Custom CNN 
2 Convolutional 

layers 
2 Max Pooling 

layers 
1 Flatten layer 

2 Fully Connected 
layers 

Pretrained Models 
InceptionV3 

Xception 
VGG16 

MobileNetV2 
ResNet50V2 
DenseNet121 
GoogleNet- 

(InceptionV1) 

Best Trained Model 

Fig. 2 Proposed system architecture
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3.1 Data Preprocessing 

In the guava disease detection, data preprocessing involves several crucial methods 
to make sure that input data meets requirements for model training, clean and well-
structured. 

3.1.1 Collecting and Labelling the Data 

Images of guava leaves and fruits affected by diseases like Anthracnose, Red-Rust, 
Scab, Stylar-End-Rot, Phytophthora, including healthy samples are gathered for 
analysis. 

3.1.2 Data Cleaning 

Any noise or irrelevant data, such as images with poor quality or unrelated content, 
is removed to improve the dataset’s quality [21]. 

3.1.3 Resizing and Scaling the Images 

To meet the input criteria, the images are scaled to a uniform 150*150-pixel size of 
the CNN models. Pixel values are normalized, typically scaled between 0 and 1, for 
more efficient processing by the neural network. 

3.1.4 Data Augmentation 

To prevent overfitting and enhance model robustness, augmentation techniques such 
as random rotation, flipping, zooming, shifting and brightness adjustments are used 
to make the dataset more diverse and larger than it actually is [22]. 

3.1.5 Splitting the Dataset 

The dataset is separated into validation, training and test sets so that the model may 
be tested and trained on different data segments to determine its effectiveness.
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Fig. 3 Model inferencing 
Image Preprocessing 

Best Trained Model 
GoogleNet (InceptionV1) 

Input Image 

Predicted Class Label 
(Styler-End-Rot) 

3.1.6 Label Encoding 

The target classes Red-Rust, Anthracnose, Scab, Phytophthora, Stylar-End-Rot, 
Healthy are transformed into numerical format, typically one-hot encoding is used 
for multi-class classification. 

This Process ensures that the data is prepared effectively for optimal performance 
during the training phase. 

3.2 Model Inferencing 

Figure 3 shows an image of a guava fruit is first loaded and prepared to meet the 
model’s input specifications, which involves resizing and normalizing the image. 
Once the preprocessing is complete, the image is input into the model, which gener-
ates a prediction regarding the most probable disease category associated with the 
image, enabling a precise classification i.e. stylar-end-rot. Such an approach is essen-
tial in agriculture for the timely identification and management of guava diseases, 
ultimately contributing to reduced crop losses and enhanced yields. 

4 Result Analysis 

4.1 Comparison Table 

The baseline model used in this study was CNN. This model achieved a test accuracy 
84% with a loss of 0.5198. In order to improve the performance transfer learning is 
used.
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Table 2 Comparison of training accuracies and validation accuracies using different pretrained 
networks 

Model Train_Acc Val_Acc Train Loss Val_Loss 

CNN 0.95 0.84 0.15 0.51 

InceptionV3 0.87 0.91 0.31 0.21 

Xception 0.92 0.93 0.22 0.15 

VGG16 0.92 0.94 0.24 0.15 

MobileNetV2 0.95 0.97 0.10 0.07 

ResNet50V2 0.95 0.97 0.13 0.10 

DenseNet121 0.96 0.98 0.08 0.05 

GoogleNet (InceptionV1) 0.99 0.99 0.03 0.02 

From Table 2 it can be observed that training accuracy, validation accuracy, 
training loss, validation loss of CNN model and pre-trained models such as Xcep-
tion, DenseNet121, VGG16, MobileNetV2, InceptionV3, ResNet50V2, GoogleNet 
(InceptionV1) are compared. 

Among that GoogleNet (InceptionV1) get highest accuracy. GoogleNet is a 
deep learning model introduced by Google in 2014, known for its efficient Incep-
tion modules that process multiple filter sizes simultaneously. It features factor-
ized convolutions to reduce computational complexity while maintaining high accu-
racy. The model includes auxiliary classifiers to improve gradient flow, aiding faster 
convergence during training. With 22 layers, it outperforms earlier architectures like 
AlexNet and VGG16 while using fewer parameters. GoogleNet won the ILSVRC 
2014 competition and remains widely used for image classification tasks. In guava 
disease detection, it achieved 99% accuracy. 

Figure 4 shows the validation accuracies according to the Table 2 of different 
models of guava disease detection in a graph form. Compare to the other models 
GoogleNet model stands out with the highest bar in the histogram represents that it 
is the best model in guava disease detection.

4.2 Evaluation Metrics 

From Table 3 indicates the performance comparison of various deep learning models 
for guava disease detection using accuracy, precision, recall and F1-score. It shows 
that:

1. Baseline CNN Performance—The CNN model achieves 84% accuracy, indi-
cating moderate performance without transfer learning. 

2. Impact of Transfer Learning—Pretrained models significantly improve classifi-
cation accuracy, with InceptionV3 reaching 91%, Xception and VGG16 at 94%, 
MobileNetV2 and ResNet50V2 at 97%.
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Fig. 4 Validation accuracies of different models for guava disease detection

Table 3 Performance metrics of different pretrained CNN models 

Model Accuracy Precision Recall F1-score 

CNN 0.84 0.84 0.84 0.84 

InceptionV3 0.91 0.90 0.90 0.90 

Xception 0.94 0.93 0.93 0.93 

VGG16 0.94 0.94 0.94 0.94 

MobileNetV2 0.97 0.97 0.97 0.97 

ResNet50V2 0.97 0.97 0.97 0.97 

DenseNet121 0.98 0.98 0.98 0.98 

GoogleNet (InceptionV1) 0.99 0.99 0.99 0.99 

3. Top Performing Models—DenseNet121 98% and GoogleNet 99% provide the 
best results, with GoogleNet achieving the highest accuracy and reliability. 

4. Overall Trend—As model complexity and depth increase, performance improves, 
highlighting the effectiveness of advanced architectures in guava disease detec-
tion. 

This analysis suggests that GoogleNet (InceptionV1) is the best choice for accurate 
classification.
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5 Conclusion 

In conclusion, to detect diseases of guava leaves and fruits by using traditional 
methods it takes a lot of human labour and it is very difficult to differentiate between 
disease types due to their similar shape, texture and colour. But this work success-
fully developed a DL-based system to detect and classify the guava diseases, specif-
ically targeting Anthracnose, Red-Rust, Stylar-End-Rot Scab, Phytophthora. The 
System applied basic CNN and pre-trained models like MobileNetV2, Xception, 
DenseNet121, VGG16, InceptionV3, ResNet50V2, and GoogleNet (InceptionV1). 
DenseNet121 and GoogleNet (InceptionV1) are able to accurately predict the guava 
diseases. The performances of these models are 98% and 99% respectively. Tech-
niques for data augmentation were applied to reduce overfitting and enhance the 
model’s capacity for generalization. This work highlights the effectiveness of transfer 
learning in agricultural applications and provides a practical tool for farmers and 
experts to diagnose guava diseases efficiently. Evaluation measures like validation 
accuracy, F1-score, recall, and precision were used to assess the model’s efficiency, 
with the top-performing model delivering strong results in detecting guava diseases. 
This automated system offers a valuable solution for farmers by facilitating early 
disease detection and enhancing crop management practices, leading to healthier 
guava crops, minimized yield losses, and increased productivity. 

Future work—Developing a mobile or web-based application for real-time disease 
detection to assist farmers. 
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Machine Learning Approach for Fraud 
Detection in Banking Data 

M. Sai Lakshmi Sarvani, D. Rajani, and K. Rohan Reddy 

Abstract Credit card fraud has become a critical issue with the rise of digital transac-
tions, necessitating advanced detection mechanisms. This project presents a Django-
based fraud detection system leveraging machine learning and deep learning models, 
including Support Vector Machines, Naive Bayes, Logistic Regression, Decision 
Trees, and XGBoost, optimized for high accuracy. The system processes transac-
tion data in real time, utilizing SMOTE for class imbalance handling and struc-
tured databases for efficient data management. With an interactive web interface, 
it provides fraud detection visualizations through pie charts, bar charts, and splines 
while allowing service providers to download prediction datasets and monitor perfor-
mance. XGBoost emerged as the most effective model, achieving 99.9% accuracy, 
demonstrating the system’s scalability and reliability in real-world fraud prevention. 

Keywords Credit card fraud detection ·Machine learning · Django web 
application · Data preprocessing · Fraud prediction 

1 Introduction 

Credit card fraud has always been a major problem during the web going era, where 
the internet’s usage of mobile phones and comparable items occurred on a daily 
basis. Paying by credit card has gone over the top leading to the increase of the 
same in fraudulent activities as a result, people have faced big financial losses both 
as individuals and as financial institutions. Normally, fraud detection methods, that 
is to say, sieves of traditional nature, are hardly competent enough to handle the 
growing complexity and massive number of transactions; so they are not entirely 
helpful in stopping the fraudsters’ clever tactics.
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The advent of machine learning (ML) and deep learning (DL) is the beginning of a 
new era and their significant contribution to fraud detection with their high accuracy 
and efficiency has been realized with the passing of the project. This project’s main 
aim is to develop a solid credit card fraud detection system by using the most advanced 
ML and DL algorithms. The system, by data mining, wants to find the misleading 
patterns in the owner’s past financial activities, enabling the real-time unearthing and 
ceasing of the fraudulent activities. 

The system is built as a web application based on Django that practices a group 
of machine learning models consisting of a diverse set of algorithms such as Naive 
Bayes, Logistic Regression, Decision Trees, and XGBoost all of which are polished 
through hyperparameter tuning. The backend has a structured database that takes 
care of transaction and user data management, and the front end provides an intuitive 
interface for service providers to visualize results, view detection rates, and download 
datasets. 

In addition to this, the algorithm also uses the most advanced pre-processing 
method called the feature scaling, Synthetic Minority Oversampling Technique 
(SMOTE) (for class imbalance), and feature engineering which are intended to 
prepare good training data. In comparison of various models, with the XGBoost 
algorithm, the results show that the best performance comes out of this one which 
scores over 99.9% accuracy. Such projects prove the efficacy of fraud detection by 
modern algorithms as well as the importance of their practical implementation by 
offering a scalable and effective solution to credit card fraud mitigation in real-world 
scenarios. 

2 Related Work 

2.1 Literature Review 

A large amount of studies in the material are concerned with the evaluation of 
financial fraud through statistical methods. Namely, it was identified that the most 
important studies were the ones that resorted to the use of ordinary least squares 
(OLS) regression and autoregressive (AR) models for the assessment of financial 
fraud. According to J. Khaksar, the research develops several regression models and 
explores the association between fraud and auditor characteristics in going concern 
situations in emerging economies. To be more specific, the authors deliver informa-
tion on how the finding reliability can be raised [1]. The A. Cordis, the study presents 
the exploration of the effect of political alignment on corporate fraud convictions, 
which provides unique insights into the connection between politics and fraud. The 
authors leverage public data from 2003 through 2018 of parties’ US affiliation and 
related corporate fraud convictions at the state level [2]. The study is solved by the 
use of OLS technique to analyse financial factors of financial fraud, which is the base 
of fraud triangle [3].
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Abakarim et al. [4] study was designed to provide a credit card fraud detection 
model that works in real-time and uses deep learning approaches most efficiently. The 
suggested method focused on increasing the detection rate with minimizing the false 
alarm. According to the results, deep learning could be used as an imposing tool for 
credit card companies to deal with rapid changes in various fraud methods. This paper 
compared dominating rough set approaches with providing an automated machine 
learning algorithm auto loan fraud. These results indicated that rough set processes 
are more efficient in extracting useful aims thereby improving accuracy, thereby, 
highlighting the significance of the cutting-edge selection criteria [4]. Arora et al. [5] 
application of artificial intelligence to solve the limited credit card transaction case 
was the first step by Arora and co-researchers. It proposed a way to test the reduction 
of false positives, and the results showed an increase in detection rates, which is why 
it can be easily applied in practice [6]. 

Blaszczyński et al. [7] paper compared rough set techniques based on dominance 
and classic machine learning methods for fraud detection in the automobile loan 
sector. Their report revealed that a rough set algorithm was the most efficient as it 
was successful in extracting the most pertinent features and thus improving prediction 
accuracies, hence indicating the need for advanced feature selection strategies [5]. 
Branco et al. [8] scholars proposed one-level recurrent neural networks (RNNs) that 
are interleaved with respect to fraud detection. A model’s ability in processing the 
time series data through simultaneous interweaving has been point out in the research. 
This was done by making necessary changes in the sequence data; hence, the systems 
could differentiate fraudulent activities among various of them [7]. 

Fang et al. [9] researched credit card fraud detection based on machine learning 
techniques, highlighting the problems of datasets with an imbalanced class. It was 
observed that the potential of ensemble learning techniques for fraud detection is 
very high in this particular area. Furthermore, it was also found that there is an 
enhancement of detection performance with a decrease in the rate of misclassification 
[10]. Forough and Momtazi [11] work introduced an ensemble of LSTM models for 
fraud detection, where the best features of the various deep learning models are 
combining through ensemble methods. However, they sounded the alarm for the 
uptick in the number of fake transactions on the internet, particularly in identify 
fraud instances within imbalanced data [12]. 

Makki et al. [13] article by Makki and co-authors was an experimental study on 
imbalanced classification methods for the detection of credit card fraud. The research 
stressed out that the applicability of resampling techniques and hybrid models was 
in the effective addressing of the class imbalance problem, thus the retrieval of high 
precision and recall scores [8]. Matloob et al. [14] survey represents a healthcare 
fraud detection method based on predicting and mining the sequences of the data. 
Though focusing on another area, the method suggested in this research could be 
applied to identify fraud in transactional datasets [15]. 

Benchaji et al. [16] study proposed a credit card fraud detection model that makes 
use of long short-term memory (LSTM) recurrent neural networks. The authors of 
the project have emphasized the ability of the LSTM model to process sequential data 
to achieve higher detection rates than those traditional machine learning approaches
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[17]. Hu et al. [18] LightGBM with asymmetric error control for credit card fraud 
detection, that which Hu and colleagues investigated is the one that was demonstrated 
to be successful by the use of one conceptual model. The model was able to predict 
the number of frauds while minimizing the false alarms, and thus costs were kept at 
a low level, which developers [19]. 

Kim et al. [20] presented a hierarchical cluster-based deep neural network 
approach to fraud detection of job placement data. The research was not at all limited 
to the domain of credit card transactions being, still, it was seen that deep clustering 
systems could be effectively applied when dealing with several intricate forms of 
fraudulent typing [16]. Kim and Kim [21] scientists here designed a neural clas-
sifier model based on a fraud density map which could locate the potential areas 
where fraud might exist in the transaction dataset and thus the system was better at 
discerning which were cases of fraud and eliminating the cases of false negatives 
[9]. Kousika et al. [22] found that the practicing of their method caused a significant 
reduction in incidence of e-payment fraud. They preferred to employ their knowl-
edge in problems like feature selection and data balancing methods rather than simply 
replacing the feature which habitually has led to overtraining issues [11]. 

2.2 Existing System 

Inferior credit card fraud detection mechanisms mainly utilize rule-based ways that 
detect fraud through predefined rules or conditions. Indeed, transactions that are 
greater than a specific amount or are located in very rare places could be labeled as 
suspected if they are suspicious. This type of system is often supported by simple 
statistical models or historic data analysis to recognize irregularities. Also, manual 
investigations are recurrently performed to confirm reported transactions, which 
makes the whole process lengthy and resource-consuming. 

Although these measures have been successful in preventing clear fraud, they 
hardly handle the increased sophistication of illegal practices. While transaction 
volumes are increasing, regular procedures are getting less and less effective in both 
storing and pursuing data related to tendencies in fraud. Furthermore, many basic 
articles in this area talk about the total percentage of frauds being detected and do not 
refer to particular fraudulent transactions. This weak point prevents the widespread 
application of such systems [23–27]. 

2.3 Disadvantages of Existing System

• The system has not implemented Classification on Imbalanced Data. The system 
does not explicitly address class imbalance, where fraudulent transactions are
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much fewer than legitimate ones. Without techniques like SMOTE or cost-
sensitive learning, the model may favor the majority class, leading to undetected 
fraud cases (false negatives) and reduced detection accuracy.

• There are many systems, including mentioned in base papers, that just give a 
percentage of frauds detected, without specifying which actual transactions are 
found fraudulent. This feature limits the usability of these kinds of systems for 
real-time fraud prevention. 

3 Proposed Work 

3.1 Proposed System 

The proposed system introduces a robust credit card fraud detection mechanism that 
leverages advanced machine learning (ML) and deep learning (DL) algorithms to 
overcome the limitations of traditional approaches. This system is implemented as 
a Django-based web application, integrating powerful models such as Naive Bayes, 
Logistic Regression, Decision Trees, and XGBoost. The models are trained and 
fine-tuned to ensure high accuracy and scalability, enabling real-time prediction of 
fraudulent transactions. The backend is designed to store and manage transaction 
data securely, while the frontend provides an intuitive interface for fraud analysis 
and visualization. 

Unlike existing systems that focus only on the percentage of fraud detec-
tion, the proposed system identifies specific fraudulent transactions. By processing 
detailed transaction data, the system pinpoints anomalies and classifies them as 
fraud or genuine, giving stakeholders actionable insights. Advanced data pre-
processing techniques, including feature scaling and handling class imbalances 
with Synthetic Minority Oversampling Technique (SMOTE), ensure the models are 
trained on balanced, high-quality datasets. This approach minimizes false positives 
and negatives, enhancing the reliability of the predictions. 

The system also emphasizes user interaction and interpretability through various 
visualization tools. Service providers can access fraud detection ratios, download 
prediction datasets, and view model performance metrics in the form of interactive 
charts, such as pie, bar, and line graphs. Additionally, the integration of state-of-the-
art algorithms, such as XGBoost and deep learning architectures, enables the system 
to dynamically adapt to evolving fraud patterns. The result is a scalable, efficient, 
and proactive fraud detection solution designed to meet real-world challenges.
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3.2 Advantages 

The proposed system delivers significant improvements in accuracy, scalability, and 
usability compared to traditional methods. Its use of advanced algorithms ensures 
accurate detection, reducing both false positives and false negatives. By pinpointing 
fraudulent transactions, the system provides practical, transaction-level insights that 
traditional approaches and base papers often lack. The ability to retrain and adapt 
the models with new data further enhances its effectiveness against emerging fraud 
techniques. 

The web application interface, built with Django, offers a user-friendly experi-
ence for service providers. Features such as interactive visualizations, downloadable 
datasets, and real-time detection enable stakeholders to monitor, analyze, and act on 
fraud cases seamlessly. 

3.3 Activity Diagram 

An activity diagram which represents the energetic flow of the fraud detection system, 
illustrating how the process goes step by step from data collection to the final result. 
It starts off with the accrual of transaction data which is further processed through 
cleaning, normalization, and, first preparation of the dataset. Having implemented 
processing, the system moves on to the data analysis step and further selects features 
the most relevant to training the model. 

Following feature selection, the model training stage is initiated, where machine 
learning models are created and optimized. These models are then executed and 
their performance is gauged using markers that are suitable. After the model has 
gone through the evaluation process, the system enters the fraud detection step, 
where transactions are sorted according to the known patterns. 

If a transaction is tagged, then it is classified as either a Normal Account or 
a Fraud Account. In conclusion, the system produces an output that gives a clear 
result, which is then further processed, shown, or saved, in the users through the 
application interface (Fig. 1).

3.4 System Architecture 

Proposed architecture of the system reduces the complexity of credit card fraud 
detection by the implementation of functions such as data processing and user inter-
action. The service provider permits users to log in, train, and test datasets, and view 
the accuracy of test datasets in bar charts, predict fraud detection rates, and finally, 
download the predicted datasets (Fig. 2).
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Fig. 1 Activity diagram

A web server responds to the inquiries of users and enables the communication 
with the web database that stores and retrieves datasets, results, and user data. That 
is to say, these are the things happening for the quickly mean of rushing data to the 
time of the end of the process. 

For Remote Users, the system will not only provide the functions of registering, 
log in, fraud type prediction, and personalized profile access, but it will also include 
the following tweet server which would possibly give a chance of a real-time or 
social media communication besides the main unit of interaction about the system 
and its design.
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Fig. 2 System architecture

3.5 Flow Chart 

3.5.1 Remote User 

The process begins when the remote user attempts to log in to the system. The system 
first prompts the user to input their username and password (Fig. 3).

Step 1: Login

• The user enters their username and password to gain access. 

Step 2: Status Check

• The system verifies the credentials entered. This is represented by the status 
decision point in the flowchart.

• If the credentials are correct, the user proceeds to the next steps of the process.
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Fig. 3 Overview of remote user

• If the credentials are incorrect, the system will display an error message: “User-
name & Password Wrong”, and the user is prompted to re-enter their login 
information. 

Step 3: Registration (If Needed)

• If the user has not yet registered, they are prompted to register and log in. Once 
registered, they can proceed with the system’s features. 

Step 4: View Credit Card Fraud Detection Ratio

• After a successful login, the user is directed to a screen where they can view the 
credit card fraud detection ratio. This feature likely provides statistics or data on 
the detection of fraudulent activities related to credit cards, enhancing the user’s 
ability to monitor fraud levels. 

Step 5: View Profile

• Next, the user can view their profile. This section might display the user’s personal 
data, settings, and preferences. This is an essential feature for users to manage 
and update their details in the system.
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Step 6: Logout

• After interacting with the system, the user has the option to log out of the applica-
tion. This step ensures that the session is securely ended, preventing unauthorized 
access. 

3.5.2 Service Provider 

The process begins with the service provider logging into the system. The system 
checks the provided credentials, and the process follows the steps based on the login 
status. 

Step 1: Login

• The service provider is prompted to enter their username and password for 
authentication. 

Step 2: Status Check

• The system verifies the entered credentials at the status decision point.
• If the credentials are correct, the provider is allowed to proceed with the following 

tasks.
• If the credentials are incorrect, the system displays an error message: “Username & 

Password Wrong”, and the provider is prompted to re-enter the correct credentials. 

Step 3: Browse and Train/Test Credit Card Data Sets

• Upon successful login, the service provider can browse and test credit card data 
sets. This includes the ability to view and manipulate the data sets to train and 
test their models for fraud detection. 

Step 4: View Trained and Tested Datasets Accuracy

• After training the data, the provider can view the accuracy of the datasets.
• Accuracy in a Bar Chart: The provider can visualize the results in a bar chart 

format for better clarity.
• Accuracy Results: Detailed results of the trained and tested datasets are also 

available, allowing for deeper insights into the model’s performance (Fig. 4).

Step 5: View Predictions of Credit Card Fraud Detection

• The service provider can then view predictions regarding credit card fraud detec-
tion. This feature likely shows the probability of fraud based on the trained 
models. 

Step 6: View Prediction of Credit Card Fraud Detection Ratio

• A more specific analysis, the fraud detection ratio, is available to show the 
proportion of accurate fraud predictions in relation to total predictions made.
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Fig. 4 Overview of service provider

Step 7: Download Predicted Data Sets

• Once satisfied with the predictions and results, the service provider has the option 
to download the predicted data sets for further analysis or integration into other 
systems. 

Step 8: View Credit Card Fraud Detection Ratio Results

• Finally, the provider can view the credit card fraud detection ratio results, which 
offers a summary of how well the model has performed overall.
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Step 9: Log Out

• After completing the tasks, the service provider can log out of the system, ending 
their session securely. 

3.6 Django Framework 

Django is a web framework powered by Python for high-level web development that 
allows fast, reliable, and scalable web applications. It also employs the use of reusable 
components, adheres to the model-view-controller (MVC) architectural pattern, and 
comes with many built-in features—such as authentication, database management, 
and URL routing—that are super useful because it enables the creation of complex 
applications. As for credit card fraudulent detection, Django can be utilized to develop 
the backend of a system that integrates machine learning models to predict fraudulent 
transactions. Through the use of Django’s ORM to manage transaction data and 
the combination of a machine learning model (for instance, decision trees, neural 
networks) provided in Python libraries like Scikit-learn or TensorFlow, developers 
can finally set up a fraud detection system that operates in real time by scrutinizing 
transaction patters. The analysis of web interface results may help users visualize 
detection findings, enabling them to oversee, modify, and also obtain good system 
response. 

3.7 Logistic Regression (LR) Algorithm 

Logistic regression analysis studies the relationship between a categorical dependent 
variable and a set of independent (explanatory) variables. The term logistic regression 
is used when the dependent variable has only two values, for example, 0 and 1 or Yes 
and No. The term multinomial logistic regression is typically used for the situation 
when the dependent variable has three or more distinct values, such as Married, 
Single, Divorced, or Widowed. The practical use of the procedure is similar, even 
though the type of data used for the dependent variable is different from that of a 
multiple regression. 

Logistic regression is a technique that is at odds with discriminant analysis for 
the classification of categorical-response variables. There are many statisticians who 
consider logistic regression to be more flexible and therefore better for most modeling 
situations than discriminant analysis. This is because logistic regression assumes 
independent variables are normally distributed, as discriminant analysis does not. 

This software will solve binary logistic regression and multinomial logistic regres-
sion on the numeric and categorical independent variables. It shows the regression 
equation along with the goodness of fit, odds ratios, confidence limits, likelihood, and 
deviance. It does the whole process of residual analysis, where it includes diagnostic 
residual reporting and plotting. It has the independent variable subset selection search
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capabilities that will look for the best regression model with the fewest independent 
variables. It delivers the prediction intervals and ROC curves for better classification. 
It also lets you validate your results by automatically classifying those rows that are 
not used during the analysis. 

4 Results 

The highest accuracy at 99.94% was reached by Logistic Regression, which proves 
its outstanding performance for the detection of fraudulent transactions. With an 
accuracy of 99.93%, Support Vector Machine (SVM) almost reached the perfor-
mance level of the LR model and is not far below. Both Decision Tree Classifier and 
Gradient Boosting Classifier achieved 99.92% accuracy, which is good example of 
their efficiency and reliability in detection. 

Figure 5, This figure displays the input interface where users can manually enter 
transaction attributes for fraud prediction. Features such as Time, V1 to V28, and 
Transaction Amount must be entered based on the anonymized credit card dataset. 

The Fig. 6, presents the system’s final prediction output after the user inputs 
transaction values. Once the “Predict” button is clicked, the system evaluates the 
data using the trained machine learning model and returns the prediction result. The 
above example shows a “Non-Fraud Transaction”, meaning the input values are 
legitimate.

The Fig. 7, displays the Admin Portal of the fraud detection system. Through this 
interface, administrators can manage and monitor datasets, view fraud detection ratio 
results, and access visual analytics like pie charts and line graphs. The portal offers 
options to upload and train datasets, evaluate model accuracies, download predicted

Fig. 5 User interface for manual transaction entry 
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Fig. 6 Prediction result output

results, and manage remote users. It serves as the backend control center, ensuring 
smooth operation, dataset handling, and system performance monitoring. 

Although the Logistic Regression and Gradient Boosting Classifier models were 
the best performers, they succeeded in solving the obvious problem of dataset imbal-
ance as these models are able to learn very complex data structures and thus, they 
are capable to spot even the rarest cases of fraud. The algorithm works in such a 
way that it eliminates false positives and false negatives, making it possible for it 
to be practically applied in the real world. The comparative analysis of the models 
confirms the power of the system and its capacity to be utilized in the finance field, 
particularly in the banks’ prudential assessments. By this means, the system then

Fig. 7 Snapshot of admin portal 
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becomes an essential weapon in fighting financial fraud and increasing transaction 
security (Figs. 8, 9 and 10). 

The Credit Card Fraud Detection Ratio shows that 75% of the transactions are 
non-fraudulent, while 25% are fraudulent. This imbalance is typical in fraud detec-
tion systems, where the majority of transactions are legitimate. Despite the smaller 
proportion of fraud, detecting the 25% of fraudulent transactions is crucial to prevent 
financial losses. The challenge lies in ensuring that the system accurately identifies 
these fraudulent cases without being biased toward the larger, non-fraudulent class. 
High detection accuracy for fraud is essential for the system’s effectiveness and 
reliability.

Fig. 8 Trained and tested datasets accuracy (bar graph) 

Fig. 9 Trained and tested datasets accuracy (pie chart)
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Fig. 10 Credit card fraud detection ratio

4.1 Scalability and Performance 

Scalability is a must for a credit card fraud detection system, as the amount of 
transactions it can handle should go up without a decrease in BOSMAX. The system 
becomes bloated with the growing amount of transaction data, and it has to utilize 
a method of processing larger datasets efficiently, dealing with a larger number of 
users, or using new features like advanced fraud detection algorithms or real-time 
transaction monitoring. Methods such as distributed computing, cloud infrastructure, 
and parallel processing have the capacity for scaling, thus enabling the system to meet 
demand and be effective without the need for additional delays. 

Performance denotes the capability of the system to discover the fake transactions 
correctly in addition to reducing the two wrong types of results. The main factor is 
the fraudulent detection system operating with efficiency, and real-time output is 
available even when the environment is crowded. In order to guarantee the high 
performance, the algorithms should be sure to use models that are light for prompt 
fraud detection and/or employ methods for the reduction of data dimensionality in 
massive datasets. Constant tuning and retraining of the models based on the most 
recent transaction statistics are also required to let the models adapt to new fraud 
tactics, thus, assuring accuracy and reliability in fraud detection. 

4.2 Ethical Concerns 

Data Privacy is a major main ethical concern in the field of fraud detection, because 
they are obliged to deal with extremely sensitive personal and financial information. 
The most important thing in user data is that it is stored securely, encrypted, and 
anonymized where applicable in accordance with legal requirements such as GDPR. 
This is to make sure the personal and financial details remain only with the users and 
are not shared with unauthorized parties thus it maintains user privacy and increases 
the trust in the system. Moreover, companies ought to ask for strict control and thus 
be sure that only those they assign are able to deal with sensitive data.
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Algorithmic Transparency is, in this case, a different ethical question; since most 
of the fraud detection programs employ machine learning models operating as “black 
boxes.” This makes the problem a matter of explanation and understanding rather 
than a simple decision to approve/disapprove. Moreover, clear communication to 
customers, explaining that wrong decisions can sometimes happen, is also very 
important. Transparency in the decision-making process establishes trust between 
the system and the user which later on helps the user to present the case of the 
disputed transaction further. 

Fairness and Bias are vital ethical components of the process, primarily when the 
non-uniform distribution of fraud detection models by the demographic struck is one 
of the central areas to be concerned about. If the available training data to train these 
models is biased, the result will be unfair, typically, the transactions from different 
groups will be verified in different ways so there is a strong chance of discrimination 
to one of them. It is necessary to employ different, diverse data sets and regularly 
check models for bias to prevent this situation. The action of creating fairness in fraud 
detection can be well described as the method of taking care of both the vulnerable 
side and fairness of the system, which will increase public confidence in its reliability 
and integrity. 

5 Conclusion 

The computer determines a method of fraud recognition by using high-end machine 
learning and deep learning. The system has achieved an accuracy of more than 99.9% 
with the models Logistic Regression, SVM, and Gradient Boosting, thus showing 
that it is able to detect fraudulent transactions with a very high precision. The system 
becomes more practical by finding specific fraudulent transactions and not just giving 
fraud detection percentages; in this way, it is flexible and can be utilized to prevent 
fraud in real-time. In addition, the incorporation of data pre-processing techniques, 
e.g. SMOTE for handling class imbalances, leads to such consistent and unbiased 
training, that it tampers both false positives and negatives to the minimum. 

Besides technical aspects, the system is developed in such a way that its Django-
based interface and interactive visualization tools make it available for both the 
service providers and stakeholders. The features that offer real-time fraud predictions, 
detailed fraud detection data, and downloadable datasets are basically the ones that 
account for comprehensive fraud management. Its modular design and capability to 
be scalable make it very easy to connect with existing financial platforms, which in 
turn offers a proactive, efficient, and reliable credit card fraud solution. The project is 
a great example of the use of machine learning, deep learning as well as modern web 
technologies and their combination, which results in scalable and effective real-life 
problem solutions.
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A Communication-Efficient Federated 
Learning Framework: Reducing Rounds 
via Adaptive Model Aggregation 
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Abstract This research proposes a communication-efficient federated learning (FL) 
framework, leveraging adaptive model aggregation to optimize the balance between 
communication cost and performance of the model. The methodology employs 
dynamic client selection and aggregation strategies to reduce unnecessary commu-
nication while maintaining model accuracy. Clients train local models on decentral-
ized data; only significant updates are transmitted to the central server for aggre-
gation. By adjusting communication intervals and evaluating the quality of client 
updates, the framework minimizes overhead without compromising model conver-
gence. Experimental results demonstrate a significant reduction in communication 
rounds, achieving high model accuracy (over 90%) with fewer updates. The frame-
work is scalable and suitable for real-world applications with constrained band-
width and computational resources. Overall, this approach enhances the efficiency 
of federated learning by dynamically adjusting communication strategies, ensuring 
high performance and cost-effectiveness. 
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1 Introduction 

Federated Learning (FL) is a distributed machine learning paradigm that enables 
collaborative model training across multiple decentralized devices or servers without 
sharing raw data. By keeping the data confined on devices, a crucial feature in sensi-
tive applications like healthcare, banking, and smart devices, this strategy improves 
privacy. Only model updates, like weights or gradients, are sent to a central server, 
which compiles them to update a global model, rather than the actual data [1]. The 
decentralized training approach in FL reduces the risk of data breaches and complies 
with data protection regulations, such as GDPR. Moreover, FL can leverage the 
computational power of edge devices, reducing the need for centralized processing. 
But FL has a lot of difficulties, mostly because of communication overhead [2]. 
Because clients and the server need to communicate model updates often, commu-
nication costs might create a bottleneck, particularly in large-scale networks. When 
clients are operating in locations with unreliable network circumstances or have 
limited resources, this difficulty is magnified. 

The communication cost that arises from frequent exchanges between the central 
server and distributed clients is one of the biggest obstacles in federated learning [3]. 
Each communication round involves all clients delivering their local model modi-
fications to the server, which combines these updates to develop the global model. 
To get the desired level of model performance, this process is performed numerous 
times [4]. Since FL usually functions in situations (such as mobile devices or IoT 
networks) where bandwidth and communication costs are constrained, the quantity 
of communication rounds plays a major role in determining the overall performance 
of the system [5]. The communication cost increases with the number of rounds 
needed, which harms scalability and real-time deployment in real-world applica-
tions [6]. Making FL more efficient requires minimizing the number of rounds while 
preserving model performance. Furthermore, the problem is made more complex 
by the heterogeneity of data and processing power among clients, as some may 
need to contribute more frequently than others. This increases the requirement for 
communication-efficient solutions. 

Current approaches to minimize communication overhead in federated learning 
mostly concentrate on methods like quantization, model pruning, and gradient 
compression, which try to minimize the amount of data that is transferred between 
clients and the server [7, 8]. Although these techniques can lower the cost of commu-
nication for each cycle, they sometimes come with trade-offs regarding convergence 
speed or model fidelity. Asynchronous updates and client selection techniques are 
further tactics to lessen the requirement for constant connection [9]. These methods 
could, however, result in discrepancies between the client and global models, which 
could impede convergence or possibly cause model divergence [10]. Despite these 
efforts, there is still a lack of information in the literature about methods that adap-
tively modify the communication frequency in response to the model’s learning curve. 
The majority of techniques rely on set communication intervals, which can be inef-
fective, particularly in locations with different topographies [11]. A more dynamic
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and adaptive model aggregation approach is therefore required, one that minimizes 
communication rounds without compromising model correctness or convergence 
time. 

To solve these issues, the research proposes a communication-efficient feder-
ated Learning Framework that reduces the communication rounds through adaptive 
client selection and model aggregation. The work is implemented using the FLOWER 
Framework, a novel, open-source FL framework. The Server and client modules are 
implemented for Human Activity Recognition using the UCI MHEALTH dataset. 
The clients train the model locally, and the server uses an adaptive model aggregation 
technique. It dynamically adjusts the frequency and strategy of communication based 
on model convergence, client performance, and data distribution. By maximizing the 
trade-off between communication cost and model performance in federated learning, 
the suggested architecture improves flexibility. To make sure that communication 
occurs only when necessary, it adjusts the frequency of communication rounds based 
on each client’s input and the overall global model convergence. Furthermore, the 
system minimizes unnecessary communication by dynamically adjusting aggrega-
tion algorithms to send only significant changes from the most impacting clients. 
Scalability and effective learning in dispersed environments are guaranteed by the 
framework, which strikes a balance between lower communication costs and the 
requirement to retain high model accuracy. 

2 Related Work 

Communication-Efficient Federated Learning: Federated Learning (FL) presents 
a major communication efficiency problem because of the large volume of data 
that needs to be transferred between clients and the central server during training. 
Numerous approaches have been put out to deal with this problem. Through the use 
of quantization techniques to limit update precision or sparsification of the gradi-
ents, gradient compression approaches seek to minimize the amount of the gradient 
updates exchanged in each round [12]. By selecting and sending just the most crucial 
weights or model parameters, model pruning aims to lower communication costs by 
reducing the amount of model updates. When the precision of model updates is 
reduced by quantization (e.g., by using fewer bits to indicate weights), the commu-
nication bandwidth is dramatically reduced without sacrificing good model perfor-
mance [13]. Asynchronous communication is an additional technique that minimizes 
idle times and bandwidth consumption by allowing clients to exchange updates at 
different times instead of waiting for synchronization at every cycle. Even with these 
developments, dynamic techniques that strike a compromise between communica-
tion frequency and convergence and accuracy of the models are still need to be 
investigated. 

Model Aggregation Techniques: Federated learning is centered around model 
aggregation. Federated Averaging (FedAvg) is a popular aggregation technique in



364 Y. S. Narule and K. S. Thakre

which the server averages local model updates from clients to generate a global 
model [14, 15]. FedAvg is useful in many situations, however, it assumes that client 
data is identically distributed and independent (IID), which may not hold true in real-
world applications where client data can vary greatly. To get around this restriction, 
FedProx was created [16]. It is an extension of FedAvg that adds a proximal term to 
handle data heterogeneity and makes sure local models do not drastically differ from 
the global model. Though both approaches are efficient at gathering information, 
their communication efficiency in heterogeneous contexts is limited since they do 
not dynamically adjust to changing conditions among clients and instead assume 
fixed communication intervals [17]. Other aggregation approaches, such as SCAF-
FOLD and FedNova, have made tweaks to address drift between client models, but 
they still rely on frequent communication cycles, which limit scalability. 

Adaptive Strategies in Federated Learning: Adaptive techniques have been investi-
gated in federated learning to further enhance model convergence and communication 
efficiency. Faster convergence with fewer communication rounds is made possible by 
adaptive learning rates, which dynamically modify each client’s learning rate based 
on variables like data distribution, local model performance, or network conditions 
[18, 19]. Additionally, dynamic communication intervals have been proposed, in 
which the quality of client updates or the model’s learning progress is used to modify 
the frequency of communication between clients and the server [20]. As training 
advances and the model converges, for example, clients may communicate less often 
in the later phases of training when model updates have less of an influence. In 
doing so, it lessens pointless communication without sacrificing model performance 
[21, 22]. To maximize communication efficiency, an adaptive strategy that incorpo-
rates client selection and model aggregation procedures has not yet been fully inte-
grated into most adaptive systems, which instead concentrate on specific elements 
like learning rates or communication intervals [23]. To close that gap, this study 
introduces an adaptive architecture that dynamically modifies the communication 
approach as well as the client selection to enhance overall performance. 

The study [24] proposes FedDyn, a novel federated learning (FL) method that 
introduces a dynamic regularization approach for distributed training. The funda-
mental idea behind FedDyn is to, over communication rounds, dynamically adjust 
the loss function at each participating client to guarantee that the model converges 
to a stationary point of the global empirical loss. This dynamic adjustment resolves 
the discrepancy between the local and global optima caused by data heterogeneity 
by bringing local device models into line with the global model. FedDyn is shown to 
outperform traditional FL methods like FedAvg, FedProx, and SCAFFOLD, partic-
ularly in reducing communication costs. Across a wide range of datasets, including 
Shakespeare, CIFAR-10, and MNIST, the technique achieves faster convergence 
and large communication savings while maintaining strong performance even in 
non-identically distributed (non-IID) data settings. The approach is well-suited for 
large-scale and real-world FL applications where communication efficiency is a top 
requirement because it has been shown to converge at a rate of O(1/T) for both convex 
and non-convex loss functions. FedDyn assures that local updates are consistent with
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the global objective by enabling exact minimization of the local loss at each client. 
This results in significant reductions in the number of communication rounds needed 
to reach a target accuracy. This approach is scalable for real-world FL settings and 
is particularly useful in situations including wide dispersal, heterogeneous data, and 
unstable communication lines. 

The study [25] presents Federated Learning (FL) as an innovative approach to 
training machine learning models on decentralized data, such as data generated on 
mobile devices, without sharing the raw data with a central server. The Federated 
Averaging (FedAvg) technique is presented in this work, and it combines iterative 
model averaging at a central server with local stochastic gradient descent (SGD) 
on each client. This approach tackles the main issues with decentralized learning, 
such as heterogeneous (non-IID) data distribution, restricted connection capacity, 
and data privacy. The authors show that FedAvg achieves up to a 100 × decrease in 
communication rounds and greatly lowers communication expenses when compared 
to typical distributed SGD. Multiple datasets, such as MNIST, CIFAR-10, and a 
large language modelling job, were used in the experiments, and the results demon-
strate that FedAvg performs well even with non-IID and unbalanced data distribu-
tions, which are common in real-world federated learning scenarios. The method 
is scalable, resilient to data heterogeneity, and communication-efficient, making it 
appropriate for large-scale applications like IoT and mobile systems. 

The study [26] addresses the challenge of reducing communication costs in Feder-
ated Learning (FL). FL allows training models on decentralized data located on client 
devices (e.g., mobile phones), while keeping the data local for privacy reasons. The 
authors suggest using both sketching updates and structured updates to cut down 
on uplink traffic. By limiting model updates to a low-rank or sparse format, struc-
tured updates lower the transmission volume of data. Conversely, before being sent 
to the server, sketched updates use methods like subsampling, quantization, and 
random rotations to compress the model updates. Studies using Reddit datasets 
(using LSTM for next-word prediction) and CIFAR-10 datasets (using convolu-
tional networks) demonstrate that these methods can cut communication by up to 
two orders of magnitude with negligible effect on model performance. Because 
of this, the suggested techniques maintain a high level of model correctness even 
in situations when communication capacity is limited, like in mobile and Internet of 
Things networks. These methods are particularly helpful for reducing the amount of 
communication required during the training of intricate models such as deep neural 
networks. 

In order to enhance the convergence of DFL, the study [27] proposes a novel 
non-uniform quantization of model parameters. It reduces quantization distortion by 
adaptively modifying the quantization levels using the Lloyd-Max approach applied 
to DFL (LM-DFL). The LM-DFL’s convergence guarantee is proven independent 
of the convex loss hypothesis. Based on LM-DFL, a novel doubly adaptive DFL is 
proposed that takes into account both the increasing number of quantization levels 
to minimize the quantity of information shared during training and the adjusted 
quantization levels for non-uniform gradient distributions.
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The study [28] addresses key challenges in wearable healthcare, such as data 
privacy and the need for personalization. The authors propose FedHealth, a feder-
ated transfer learning framework that uses homomorphic encryption and federated 
learning to aggregate health data from multiple organizations while maintaining 
privacy. FedHealth creates a personalized healthcare model by using transfer learning 
to refine a global model on the cloud and locally on user devices; the frame-
work shows a 5.3% improvement in activity recognition accuracy over traditional 
methods. FedHealth is extensible, versatile, and can be applied to various health-
care applications like activity monitoring, cognitive disease detection, and more. 
FedHealth represents a scalable solution for maintaining data privacy while providing 
personalized healthcare. 

The study [29] explores the performance of federated learning in dynamic envi-
ronments where data and solutions evolve. To address the main issues with federated 
learning, the authors present a modified version of the FedAvg algorithm that permits 
asynchronous operation, partial agent participation, and adapts to non-IID input. 
They put forth a concept in which local updates are carried out by each agent and 
then aggregated by the central server. Three major elements that impact performance 
are identified by the study: a tracking term associated with the learning rate, model 
variability among agents, and data variability at each agent. The approach operates 
well in both stationary and non-stationary settings, according to experimental results, 
with the step size, agent heterogeneity, and model drift influencing performance. The 
theoretical solutions are validated by the authors through numerous experiments, and 
they offer assurances of convergence. 

The study [30] presents FLOWER, a novel federated learning (FL) framework 
designed to address the challenges of scalability, system heterogeneity, and seamless 
integration between simulation and real-world FL settings. With its Virtual Client 
Engine (VCE), Flower’s flexible, language-agnostic, and framework-agnostic imple-
mentations allow researchers to run large-scale FL experiments with millions of 
clients while accounting for heterogeneous edge devices with varying computational 
resources and network conditions. Flower’s key features include its ability to handle 
both simulated and real-world edge devices, its open-source, extendable nature, 
and its efficient resource management. Additionally, the framework incorporates 
secure aggregation protocols for privacy-preserving FL. Flower outperforms other 
FL frameworks in scalability and system-level heterogeneity, making it a valuable 
tool for both academic research and industrial-scale FL deployments. 

The study [31] addresses the issue of high communication costs in federated 
learning (FL), which arise due to the need for frequent model updates between 
clients and the central server. By overlapping the model training phase with the 
model communication phase, the authors’ innovative framework, Overlap-FedAvg, 
increases communication efficiency. This technique minimizes idle time and boosts 
overall communication efficiency by enabling model uploads and downloads to 
happen concurrently with training. To provide steady convergence and address 
the possibility of gradient staleness resulting from parallelization, Overlap-FedAvg 
includes a gradient compensation algorithm to further improve performance. To 
expedite the convergence of the model, Nesterov Accelerated Gradients (NAG) are
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also utilized. Further reductions in communication overhead are possible because the 
framework is interoperable with additional data compression techniques. Comparing 
Overlap-FedAvg to classic FedAvg, experimental results on image classification and 
natural language processing tasks show a considerable reduction in communication 
costs without sacrificing model accuracy. 

The approach described in [32] uses deep learning to identify human actions 
based on sensor data from wearable devices. The technique combines Convolu-
tional Neural Networks (CNNs) and Long Short-Term Memory networks (LSTMs) 
to capture the data’s temporal and spatial characteristics. The CNN-LSTM model 
performs well, achieving 99% accuracy on the iSPL dataset and 92% accuracy on 
the UCI HAR dataset. This method outperforms traditional machine learning models 
that require extensive feature engineering. The authors emphasize the model’s effec-
tiveness, low resource usage, and lower complexity relative to older techniques. The 
paper compares the hybrid model to other models and finds that the CNN-LSTM 
architecture greatly surpasses other deep learning architectures in human activity 
recognition tasks. 

FedRH, a federated learning framework for remote healthcare, is introduced in 
the study [33]. FedRH addresses the problem of data isolation with a cloud-edge 
computing architecture and FL, offering personalized healthcare while maintaining 
privacy and security. Experiments reveal that FedRH outperforms traditional methods 
by 5.6% in terms of accuracy. FedRH is a flexible and adaptable tool that can be used 
in a variety of healthcare contexts, making it a great fit for many scenarios. 

The suggested framework incorporates dynamic client selection and adaptive 
model aggregation, in contrast to current communication-efficient federated learning 
methods that mainly depend on strategies like model compression (such as quanti-
zation and pruning) or fixed communication schedules. For example, approaches 
like FedAvg and FedProx assume that clients will participate equally and use set 
communication intervals, which might result in inefficiencies in heterogeneous, real-
world situations. While still ensuring regular communication cycles, methods like 
FedDyn tackle data heterogeneity. Conversely, our approach achieves similar or better 
accuracy with fewer communication rounds by selectively incorporating only the 
most significant client updates and modifying communication frequency according 
to model convergence. Additionally, our framework jointly optimizes client selec-
tion and aggregation, providing a more comprehensive and scalable approach for 
federated learning in resource-limited environments. This is in contrast to many 
earlier studies, which only optimize one facet (e.g., aggregation or communication 
intervals). 

3 Proposed Methodology 

The suggested framework presents a new adaptive approach in federated learning 
that simultaneously improves client selection and model aggregation to mini-
mize communication costs without sacrificing precision. This method, dynamically
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Fig. 1 A communication-efficient federated learning (FL) framework using adaptive model 
aggregation 

chooses clients based on the importance of their model updates. It modifies the 
frequency of communication based on progress of convergence It then merges client 
selection and aggregation into a single, flexible procedure. 

This dual adaptation leads to a 30% decrease in communication rounds while 
preserving high model accuracy by ensuring that only pertinent updates are shared 
and combined. The framework’s practicality for real-world deployment is enhanced 
by its suitability for varied and resource-limited settings. 

A communication-efficient federated learning (FL) framework using adaptive 
model aggregation to cut down on the number of communication rounds between 
clients and the central server is shown in Fig. 1. 

It has the following listed modules: 

Client Module: The clients in this framework represent decentralized devices (such 
as mobile phones, IoT devices, or edge servers) that hold private datasets. Each 
client has two core components: a local model and training data. Clients perform 
local training on their datasets, meaning that raw data is never shared outside the 
device, preserving privacy. Each client computes model updates (such as gradients 
or weights) after training on its local data for a specified number of epochs. Once this 
training is complete, clients send their model updates to the central server. This step 
is crucial in federated learning, as it allows model training to occur in a decentralized 
manner, but without incurring communication overhead in every round. 

Central Server Module: The central server is the key coordinator in the federated 
learning system. It has two primary responsibilities: maintaining the global model 
and managing the adaptive aggregation of client updates. The central server collects 
local model updates from selected clients and aggregates them to update the global
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model. This global model is then sent back to the clients for further local training. The 
server is responsible for ensuring that the aggregated updates reflect the collective 
learning from all clients, which is critical to achieving high model performance 
across the federated system. Since data is never exchanged, the server relies solely 
on aggregated updates to optimize the global model. 

Adaptive Aggregation Module: The Adaptive Aggregation Module is the most 
critical part of the framework for improving communication efficiency. It consists of 
two subcomponents that work in tandem: the Dynamic Client Selection component 
and the Model Aggregation Strategy. 

• Dynamic Client Selection—This component plays a central role in reducing 
communication overhead by intelligently deciding which clients should contribute 
their local updates to the global model at each round. The module evaluates the 
incoming model updates from all clients and selectively chooses clients based on 
criteria such as their performance, contribution to the global model’s accuracy, 
and resource constraints (e.g., bandwidth, computational power). Clients with 
low-quality updates or those who do not significantly contribute to the global 
model’s improvement may be excluded from certain communication rounds. This 
reduces unnecessary communication, allowing only relevant model updates to be 
transmitted and aggregated. 

• Model Aggregation Strategy—Once the Dynamic Client Selection has deter-
mined which clients should participate in the current communication round, the 
Model Aggregation Strategy aggregates their local model updates into a single 
global model update. The aggregation strategy could be based on traditional 
methods like weighted averaging (as in FedAvg) or more advanced methods that 
account for non-IID (non-identically distributed) data, different learning rates, or 
even client model heterogeneity. The goal of this module is to ensure that the 
aggregation process is efficient and results in a global model that improves with 
every round. By selecting high-quality updates and aggregating them properly, 
the global model can converge faster with fewer communication rounds. 

Global Model Distribution: Once the Adaptive Aggregation Module updates the 
global model, it is distributed back to the clients for the next round of local training. 
Clients download the new global model, integrate it with their local data, and begin 
the next cycle of training. This iterative process of communication and model updates 
continues until the model achieves the desired performance. 

The Client Module handles local training on private data, sending model updates 
to the central server. The Central Server Module coordinates the overall process 
by managing the global model and overseeing communication with the clients. To 
enhance communication efficiency, the Adaptive Aggregation Module uses Dynamic 
Client Selection to reduce unnecessary communication by selecting only the most 
relevant clients for each round, while the Model Aggregation Strategy ensures that 
the updates are effectively combined to produce an optimized global model. Finally, 
through the Global Model Distribution, the updated global model is sent back to the
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clients, allowing them to continue local training, thereby improving model perfor-
mance iteratively with fewer communication rounds. This design optimizes both 
model accuracy and communication overhead in federated learning. Together, these 
modules form an efficient federated learning framework that reduces communica-
tion rounds, saves bandwidth, and improves scalability while maintaining model 
performance across distributed devices. 

4 Algorithm Design 

4.1 Pseudocode for Adaptive Model Aggregation 

It describes the algorithm’s primary phases, such as global model aggregation, client 
update techniques, communication phases, and startup. 

Input: Global model θ, communication rounds R, client set C, communication 
interval I, selection threshold τ 

1. Initialize global model θ0 
2. For each communication round r = 1 to R do:  
3. If r mod I = =  0: # Communication every I rounds 
4. Server broadcasts global model θr − 1 to clients  
5. Clients perform local training to get update Δθi 
6. Clients send model updates Δθi to server 
7. Server selects top-k clients based on update significance (threshold τ) 
8. Aggregate selected updates into global model: θr = θr − 1 + (η / k) *  Σi ∈ 

selected_clients Δθi 
9. Update global model θr 
10. Else: 
11. Clients perform local training without communication End For 

Output: Final global model θR 
By dynamically choosing only the most pertinent client updates for aggregation 

and deliberately reducing the number of communication rounds, the streamlined 
Adaptive Model Aggregation (AMA) algorithm lowers communication overhead in 
federated learning. All clients receive the global model from the server at first, after 
which they each undergo local training. The number of communication rounds is 
decreased when clients communicate their updates to the server only after a certain 
communication interval (I), as opposed to communicating after each round. Based on 
a predetermined threshold (τ), the server assesses the updates received from clients 
throughout communication rounds and only chooses the top-k clients whose updates 
are deemed most significant. By doing this, it is ensured that the global model is 
adjusted only with the most valuable changes, reducing needless communication 
and preserving high model accuracy. Clients continue local training to improve their
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models during rounds without communication; this will help in subsequent commu-
nication rounds. The AMA method successfully balances model convergence with 
communication efficiency, making it appropriate for large-scale federated learning 
scenarios. It does this by concentrating on both lowering communication frequency 
and choosing the most influential updates. 

4.2 Parameter Tuning 

The adaptive model aggregation approach depends on several factors, and deter-
mining how best to tune them is essential to striking the right balance between 
model accuracy and communication efficiency. 

• Communication Interval (I): This parameter sets the frequency at which clients 
notify the server of updates. If updates are not conveyed often enough, a larger 
value of I can result in slower convergence by reducing the number of commu-
nication cycles. A smaller I, on the other hand, results in more communication 
rounds but could hasten convergence. 

• Update Threshold (τ): Which client updates are considered important enough to 
be aggregated is determined by the threshold τ. By excluding from aggregation 
clients whose model updates are below this cutoff, communication costs can be 
decreased without compromising model performance. 

• Learning Rate (η): Every client’s adaptive learning rate is modified according 
to how much they add to the global model. More useful updates from clients can 
result in a higher learning rate in subsequent rounds, giving their contributions 
priority. 

• Top-k Client Selection: By prioritizing quality over quantity in the communica-
tion rounds, only the most pertinent updates are pooled when the top-k clients are 
chosen based on their performance and contribution criteria. 

The model aggregation method can be dynamically modified to optimize the 
model performance and communication efficiency across various client contexts 
by adjusting these parameters. 

4.3 Time Complexity and Communication Analysis 

Evaluate the computational and communication complexity of the proposed 
approach. 

• Time Complexity: The time complexity for each client’s local update is O(n × 
m), where n is the number of clients and m is the model size. The server assesses 
each client, resulting in an O(n) complexity for the Dynamic Client Selection 
procedure. Since local updates and aggregation contribute to the total difficulty
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per communication round being O(n × m), model aggregation from the top-k 
selected clients has a complexity of O(k × m). 

• Communication Complexity: The communication complexity is O(k × m) per 
round, where k is the number of selected clients and m is the model size. Compared 
to traditional systems where all clients talk in every round, the algorithm drasti-
cally decreases communication by dynamically selecting clients and regulating 
communication intervals. 

• Impact of Adaptive Aggregation: The approach maintains model accuracy 
while cutting down on total communication overhead by concentrating on the 
most important client updates and modifying communication intervals. This 
equilibrium improves the efficiency and scalability of large-scale federated 
learning. 

5 Results and Discussion 

The MHEALTH dataset [34] comprises body motion and vital signs recordings 
for volunteers of diverse profiles while performing several physical activities. The 
dataset contains motion data from different human beings, e.g., “subject1”, captured 
using accelerometer and gyroscope sensors across the x, y, and z axes. The “Activ-
ity” column indicates a specific activity (12 activities) performed by the subject as 
mentioned in Table 1. This dataset is used for identifying movement patterns or for 
training models in activity recognition.

The client is a federated learning setup using FLOWER (flwr) and TensorFlow. 
The dataset is first pre-processed by removing outliers using the 98% confidence 
interval for each feature. After splitting the data into training (80%) and testing 
sets, the features are standardized using the StandardScaler. The data consists of 
various activities (e.g., walking, running, cycling), and the model is trained to classify 
them. The create_dataset function is used to create a time series dataset for sequence 
modelling, transforming the features and labels into sequences for the LSTM model. 
A deep learning model is built using a combination of Conv1D layers, batch normal-
ization, max pooling, and LSTM layers, followed by dense layers for classification. 
The model is compiled using the SGD optimizer and sparse categorical cross-entropy 
loss. A Flower client is defined using NumPyClient, where the get_parameters, fit, 
and evaluate functions are implemented. During the training (fit) phase, the model 
is trained for 5 epochs using the training dataset, and during evaluation, the model’s 
accuracy and loss are computed on the test dataset. Finally, the Flower client is started 
and connected to a federated server running on localhost (127.0.0.1:8080), enabling 
the client to participate in federated learning with a centralized server. The training 
history and evaluation results are printed after each round of federated learning, as 
shown in Fig. 2.

Figure 3 depicts the server-side output. The server enables distributed model 
training without sharing raw data, as only model updates are exchanged between the 
client and the server.
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Fig. 2 Sample output for client

Fig. 3 Sample output at the server
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Fig. 4 Final output at the server 

It shows the aggregated accuracy and aggregated loss after each round. 
Figure 4 shows server output, which gives the final aggregate accuracy and loss, 

and also shows the communication messages with clients. It shows how the server 
gets the updated model weights after local training. 

Figure 5 shows the metrics of models in federated learning, plotted after comple-
tion. It illustrates the progress of a federated learning model over 20 training rounds. 
The first plot shows a steady improvement in aggregated accuracy, starting at around 
0.74 in the first round and reaching approximately 0.87 by the 20th round, indicating 
that the model’s performance is improving with more training. The second plot, 
which tracks aggregated loss, shows a decrease throughout all the rounds. The third 
plot gives the time, starting from about 70 s in the first round and reaching roughly 
750 s by the 20th round, showing that the training process takes progressively longer 
with each round.

The server output provides a detailed log of the federated learning process using 
Flower, showcasing the training and evaluation of a machine learning model over 
the rounds. The server initiates with a configuration for 20 rounds of training, 
sampling clients for both fitting and evaluation phases. In the first round, two clients 
are selected, yielding an aggregated accuracy of approximately 0.74 and a loss of 
1.2. This pattern continues through subsequent rounds, where aggregated accuracy 
improves to around 0.87% by the 20th round, indicating that the model’s performance
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enhances with each iteration. Each round also shows increasing durations, reflecting 
the growing complexity and computational requirements as the training progresses. 

The work demonstrates effective model training across diverse data distributions. 
The training history of each client reflects steady improvements in both training 
and validation metrics, emphasizing the model’s ability to generalize well across 
clients. The server’s aggregation of client results contributes to a robust global model, 
ensuring that the federated learning framework efficiently leverages distributed data 
while preserving privacy. Overall, the output indicates successful training and evalua-
tion across multiple clients, with improved accuracy and minimized loss, culminating 
in a well-performing federated learning model. 

6 Conclusions 

The proposed methodology introduces communication communication-efficient 
federated learning framework that adaptively selects the clients and minimizes 
communication rounds. It aggregates the client updates while preserving model 
performance. The results show that the framework successfully reduced commu-
nication overhead by 30%, while maintaining high model accuracy of after specific 
number of rounds. This highlights the system’s ability to optimize communication 
without sacrificing performance. Future research could further explore integrating 
advanced AI/ML models and applying the framework to broader domains, such as 
security. 
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Rover for Data Collection and Analysis 
with Easy Customization Based 
on Applications 

B. A. Satish, Deekshitha Arsa, Y. N. Sharath Kumar, Sai Swaroop, 
and H. Vinit 

Abstract Rovers can play a vital role in any scenario that requires movement in diffi-
cult terrains and difficult-to-reach locations like sites of disaster management, mining 
locations, etc. Rovers have undergone a lot of advancement and can be equipped with 
a wide range of capabilities and can reach and act in situations where humans may 
struggle to reach or can be endangered if they are not prepared. If a detailed analysis 
of the scenario can be carried out before humans venture into the field, it would help 
humans be better prepared and act more efficiently. Rovers are a common solution 
to this problem because they can move easily in difficult terrains and can collect 
relevant data. Even though using such rovers is becoming common, the rovers built 
for such applications tend to be specific to an application and are not adaptable to 
different scenarios. The proposed project aims to create a rover that can be adapted 
to various applications with minimal modifications based on the requirement. The 
customization helps in reusing the same hardware for multiple applications leading 
to a reduction in the cost of the overall rover. This will also allow easy maintenance 
as the components required for the rover will remain common. Thus we explore the 
details of building a customizable rover and present its advantage over an application 
specific rover. 
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1 Introduction 

The use rovers as well as autonomous rovers has been on rise with the advances in 
the robotics and sensor technologies. The applications of rovers and their benefits 
are vast making them a useful tool for almost all fields and domains like disaster 
management, agriculture, factories, mining etc. In [1] Authors discuss the develop-
ment of a Dual Mobility Drone-Rover System designed for disaster management, 
integrating a UAV and a caterpillar-based UGV. It focuses on seamless aerial-ground 
transition, PID control optimization, and real-time surveillance using Raspberry Pi 
and TensorFlow Lite for object detection. The system offers robust adaptability in 
varied terrains, aiding autonomous detection during disasters. The authors in [2] 
present an IoT-integrated smart rover aimed at enhancing disaster relief through live 
video transmission and real-time environmental data monitoring. By using Blynk for 
user interface and deploying sensors for detecting temperature, humidity, and gases, 
the system facilitates rapid, informed decision-making in dynamic and hazardous 
environments. In [3] Authors introduce a rover-based system for reconnaissance 
to support rescue operations. This cost-effective and secure method enables data 
collection in disaster-hit areas, facilitating strategy formation for relief missions 
while ensuring safety for rescue workers. Authors in [4] provide a brief review of 
Ground Penetrating Radar (GPR) applications in soil structure analysis. They high-
light the use of deep learning for data interpretation and propose a conceptual design 
of an autonomous GPR rover aimed at surveying agricultural fields in Finland. In [5] 
Authors propose an autonomous hybrid drone-rover system for precision agricul-
ture, overcoming the limitations of traditional farming by enabling weeding, pesti-
cide spraying, and obstacle avoidance. The prototype is tailored for complex terrains 
including those in vertical farming. In [6] Authors reiterate the importance of IoT 
in disaster management, describing a rover system with extensive environmental 
sensing capabilities. The rover integrates Blynk for easy interface access and real-
time monitoring to enhance situational awareness and decision-making during envi-
ronmental emergencies. In [7] Authors present a six-wheeled stair-climbing rover 
that offers object-picking functionality and rough surface navigation. Designed for 
rescue missions, it includes video streaming features to reduce human intervention 
in emergency conditions. Authors in [8] Authors detail the design of a rover for 
solar panel cleaning, utilizing a roller brush, water nozzles, and a camera. Controlled 
via Bluetooth and featuring a rugged track belt system, the rover operates effec-
tively at inclined angles and is capable of monitoring and cleaning extensive solar 
fields at low costs. In [9] Authors develop a Smart Medicine Dispensing Rover inte-
grating robotics, RFID, and IoT to enhance medication management in healthcare. 
The system ensures secure and accurate dispensing through patient identification 
and alert mechanisms, significantly improving hospital operations. In [10] Authors 
introduce a holonomic motion rover chassis optimized for rugged terrains using a 
three-screw design. The rover offers an alternative to conventional wheeled models 
with benefits in robustness and versatility, discussed through prototype evaluation. 
In [11] Authors implement the rocker bogie mechanism from NASA’s Mars rovers
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in their design for tough terrain rescue operations. The rover, equipped with a robotic 
arm, offers multifunctional capabilities suited for military and civilian applications. 
Authors in [12] Authors outline an autonomous landmine detection rover using 
ESP32 and CAN communication. The system enhances operator safety and accuracy 
by integrating WiFi-controlled remote operation and real-time feedback, offering 
improvements over traditional methods. In [13] Authors develop the Sentinel Rover 
(SR) for landmine clearance, equipped with sensors like GPR, thermal imaging, and 
metal detectors. Emphasizing data fusion and safety, the system supports remote 
alerts and operates reliably in explosive-prone areas. A system to assist farmers by 
analysing soil nutrients, crop compatibility, and disease detection is discussed in 
[14]. The system uses image processing and machine learning to advise on fertil-
izers and irrigation, leveraging rover-based surveillance to promote precision agri-
culture. In [15] authors present a landmine detection rover combining ESP32 and 
Arduino Uno, GPS-based mapping, and Bluetooth-based camera feeds. Its robust 
six-wheel design allows high-accuracy navigation in hazardous environments with 
improved detection rates. An autonomous rover for wheat disease detection using 
CNN-based image analysis via an ESP32 camera is proposed in [16]. The system 
includes obstacle avoidance and environmental sensors, supporting sustainable agri-
culture through enhanced field monitoring. In [17] Authors revisit the hybrid drone-
rover vehicle idea for agricultural use, emphasizing terrain versatility and effective-
ness in vertical farming and canal-laden fields. The system automates key tasks like 
weed removal and pesticide spraying. In [5] Authors describe the comprehensive 
development of a competition-grade agricultural rover equipped for seed planting, 
environmental monitoring, and distance measurement, laying out engineering deci-
sions and construction stages. In [16] Authors suggest a rover-based approach to 
instant soil parameter analysis, replacing traditional lab testing with on-site sensors 
and real-time display. Parameters such as moisture, pH, and NPK values are relayed 
to users via Arduino, enabling responsive farm management. Authors in [17] detail 
the integration of ESP32 and environmental sensors into a mobile rover for soil 
surveillance. The system is designed for agricultural monitoring, featuring onboard 
camera and Arduino-based processing for real-time data interpretation and display. 

The studies and research presented clearly bring about the wide area of applica-
tions that a rover has but we also note that each of the rover is designed independently 
for a specific domain. This limits the usage of rover designed only to a specific domain 
or application, even though rovers across applications share a number of common 
components and design principles. The paper suggests the development of a modular 
rover which will allow the user to configure a rover for a application just by the change 
of plug and play component. The system will be smart and adaptive making it ready 
to be used for multiple applications with minimum effort from the user.
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2 Proposed Methodology 

The operation of a rover can be split into three major operations (i) movement of the 
rover (ii) Data collection (iii) Data transfer from the location to storage. 

The rover’s movement is a common requirement for all applications that deploy 
a rover. The data collection done by the rover may vary widely based on the need 
of the application for which it has been deployed. The transfer of the collected data 
can be done to a cloud, or stored locally and retrieved manually or stored in a local 
network. Thus the data collection and data transfer, both operations can vary based 
on the application and deployment of the rover. The conventional way of handling 
this variation in the operation of the rover with respect to data collection and transfer 
is to have rovers built and designed for a specific application, capable of performing 
only a set amount of data collection and analysis. This leads to the requirement of 
multiple rovers for different applications leading to higher investment in procurement 
as well as higher maintenance. 

Data Movement: The rover is equipped with four motors for its mobility and the 
movement of the motors is controlled by the use of a microcontroller connected 
through a motor driver. The controller receives signals from the user or the sensors 
based on the configuration and sends signals to the motor through the driver accord-
ingly. The movement can also be configured to follow the GPS system allowing 
the user to set a destination which the rover will move automatically with no user 
interference needed. The obstacles in the path of the rover movement, detection, and 
avoidance, are achieved through Lidar or Ultrasonic sensors based on the accuracy 
requirements of the application for which the rover has been deployed. 

Data Collection: A rover is deployed to be able to gather data about the environ-
ment or the surroundings. The data required for each application will be different 
and this is achieved through the use of appropriate sensors. The rover is provided 
with the option of attaching a removable module with each module having a specific 
set of sensors aimed at use for a given application. The removable module will allow 
the rover to be customizable and flexible. 

Data Transfer: The data collected by the rover is not useful unless it becomes 
accessible for analysis. The rover data can be connected to a wifi network using 
which the data can be synced to a remote cloud storage. However the availability of 
wifi at all locations where the rover will be deployed is not a practical solution. Thus 
the data transfer module will have an option of connecting to a local server placed 
at a nearby location, which also at times might not be feasible. The third option 
the rover will have is to store the data locally on storage in the rover, which can be 
retrieved later for data transfer and analysis. Each rover will have all three options 
of data transfer built into it allowing the user to configure and choose which method 
of transfer is suitable while deploying the rover. 

The customizable modular top fitted on the rover’s mobile body will be designed 
to fit onto an existing controller. To ensure that the controller on the rover uses the 
right programs to access the sensors, a configuration application has been developed. 
Each of the customizable tops is provided with a unique identification number. Once
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the top is fitted over the mobile part of the rover, the application is used to select 
the identification of the top and communicate this with the controller. Once the 
controller receives the input from the application regarding the rover module details, 
the controller is able to recognize and program the pins as per the top configuration. 
The application allows the choice of the data to be acquired and the method to be 
used for the transfer of the same. 

Figures 1 and 2 provides the design of the rover, with the clip on top shown with 
the camera and the sample array of sensors. The top can be removed and replaced 
with a different top with a completely different array of sensors and operations. 

Figures 3 and 4 depict the design of the user interface for the rover. The user 
interface will allow the user to choose and configure the rover based on the choice 
of application, provide a means to control the movement of the rover and also show 
the live feed if a camera has been mounted on the rover.

Fig. 1 Robot model 

Fig. 2 Robot model 3D 
design 
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Fig. 3 Implementation of motor control 

Fig. 4 Implementation of streaming and mobile configuration app
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3 Implementation 

The implementation of the proposed rover was done for a sample case of environ-
mental gas detection system which could be a useful feature in the case of mining or 
disasters involving harmful gasses. The Fig. 5 provides the flow of activities of the 
rover operation for the sample case. 

The rover is powered on and the first task that the system does on power is to 
identify the sensor array that is mounted on the rover. This is an essential part of 
initialization as this will ensure that all the performance and interfaces get initial-
ized according to the module attached. Once the power-on process along with the 
peripheral initialization is over the rover connects with its remote application and 
communicates the information regarding the attached peripherals and their status. 

This communication allows the user interface to configure itself and prepare the 
display to be shown to the user. This initial communication allows the user to perform 
any final configurations required or identify any nonresponsive peripherals on the 
attached module. 

The rover at times may not have the connectivity to the internet for communication 
wit the remote application, in such cases the rover will store the data collected in its

Fig. 5 Flow of activities 
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local storage and keep trying to connect to the remote application. Once the connec-
tion is established, it will transfer all the remaining data to the remote application 
for further analysis. 

The user interface once configured can then be used to guide the rover to its 
destination through the control panel provided or set the rover to move autonomously. 
As the rover moves through the environment continuously the configured data is 
collected and stored at the destination as per the configuration of the rover. Once the 
user application gets access to the data it can be used to analyse and plot the values 
to get a better understanding of the environment in which the rover is and decide on 
the future course of action. If the rover has a connection to the internet and cloud 
the whole analysis and action can be done in real-time, allowing the user to act and 
respond based on the real-time inputs from the rover. 

The response of the rover to the sensed data can also be configured to be 
autonomous or if the user wants to have control over what action needs to be 
performed in the presence of what input, the rover can be configured only to sense 
allowing the user to send commands on how to respond on the other hand the rover 
itself can be configured to respond to the sensed input with appropriate action by 
training the rover system using machine learning algorithms for various types of 
inputs and its appropriate responses. 

Providing autonomy to the rover allows for quick action response to the input 
but is also risk-prone based on the-amount of training the rover has for a given 
environment. User-provided commands are a lot more controlled but they might be 
comparatively slower, thus the decisions on when to choose autonomous movement 
and when to choose manual responses have to be made cautiously. 

4 Results and Discussion 

Please The rover was designed for a sample application of monitoring the environ-
ment for gas leakage and temperature detection. The rover was implemented using 
an ESP32 controller and an ESP32 camera for image and video streaming. The cloud 
storage was achieved using the Firebase storage and a mobile app was designed for 
Android-based mobile phones. The rover was also provided with a GPS module and 
interfaced with Google Maps for real-time location mapping. Figures 6 and 7 provide 
the block diagram of the motor control and the live streaming implementation.

Figure 8 provides a sample graph of the real-time carbon dioxide detected where 
the rover was in movement, showing the rise and fall of the gas as the rover moved.

Table 1 summarizes the advantages that were noted for the proposed model of the 
rover as compared to the existing rovers built for specific applications.

The sensor array mounted on the top of the rover was used to sense the environment 
and send the data to the database for storage, which was used for analysis later. To 
showcase the flexibility of the rover and ease of use for two different applications, 
one sensor array had sensors for the detection of gasses and the second had sensors 
for temperature detection. The switch between using the rover for the detection of
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Fig. 6 Actual 
implementation of rover 

Fig. 7 Detachable modular 
top

CO2 
Distance 

Fig. 8 Sample plot of data acquired
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Table 1 Comparison of proposed model with general rovers 

Comparison parameter Rovers for specific applications Proposed modular rover 

Hardware Requires different set of hardware 
for different applications 

Only sensors need to be changed 

User interface Can be different for different 
devices 

Same interface, hence easy to learn 
and use 

Cost Need to spend on both hardware 
separately 

Only the sensor array needs to be 
bought, the base remains the same, 
hence economical

gasses to detection of temperature was done just by replacing the sensor array and 
configuring the device from the given interface. This avoided the need to have two 
different rovers for the two applications and also the common user interface made the 
usage a lot more easier for the user. The saving in cost, time, and effort of deploying 
the same rover for different applications was evident in the use case make sure that the 
paper you submit is final and complete, that any copyright issues have been resolved, 
that the authors listed at the top of the chapter really are the final authors, and that 
you have not omitted any references. Following publication, it is not possible to alter 
your paper on SpringerLink. Kindly note that we prefer the use of American English. 

5 Conclusion 

The rover was implemented with a sample set of sensors to validate the operation and 
identify the advantages provided by the implementation. The rover was successful 
in identifying the sensor array from the top attached and collected the data from the 
sensors providing a real-time visualization of the data collected. 

The operation of the rover was compared with rovers that were designed for a 
specific application. 

A rover built for only collecting data in an irrigation land regarding soil quality 
worked well for the user, but once the user had used the rover for its operation, the 
user had to keep it unutilized for a long duration till he/she decided to test the soil 
quality again. When provided with an option of using the modular rover which could 
be rented with the sensor array as required by the user and returned when not used 
was an economical option for the user and was chosen as a preferred option. 

When compared to the rovers designed for disaster management, again it was 
found that the availability of an option to configure the sensors and operation of the 
array was of a great benefit making the same system adaptable to multiple situations, 
reducing the cost of rovers as well as maintenance dramatically. 

We can conclude that a modular rover is a cost-effective alternative to the rovers 
available currently. It ensures that users need not spend more on hardware than what 
is needed and also allows them to use the same hardware for different applications 
without much effort. The use of a single base also reduces the cost of maintenance
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as only one rover needs to be maintained instead of multiple hardware. Such deploy-
ments will not only lead to cost savings but also help in reducing the creation of 
e-waste with the use of electronic equipment in an efficient manner. 
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CODESHARE: Building a Coder 
Community Through Collaboration 

Tanishq Nuwal, Harsh Wadhwa, and K. Priyadharshini 

Abstract Codeshare is a proposed social platform aimed at integrating the function-
alities of LinkedIn, GitHub, and Instagram to create a comprehensive and engaging 
environment for coders. The platform addresses the shortcomings of existing tools 
by offering a range of features such as project showcasing, networking, code sharing, 
collaboration, and Q&A support. By merging these capabilities, Codeshare fosters a 
vibrant community for coders, encouraging knowledge sharing, collaborative coding, 
and career growth. The platform is designed to meet the needs of both professional 
developers and novice coders, creating an inclusive space for technical and creative 
engagement. 

Keywords Social media · Coding · Collaboration · Online community · Digital 
convergence · Open source · Git · Anonymization 

1 Introduction 

The digital revolution has radically changed the terrain of communication, collabo-
ration, and community building. With the accelerated development of internet tech-
nologies, old distinctions between media producers and consumers have become 
fuzzy, leading to participatory cultures and networked societies. This change is not 
merely technological but also cultural and social, as people and institutions learn to 
cope with new forms of interaction enabled by digital platforms.
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Rooted in this transformation is the convergence of media, in which traditional 
systems meet emerging digital technologies to generate hybrid forms of communica-
tion and participation. This convergence has been found across sectors, ranging from 
education and journalism to social networking and open-source software develop-
ment. Social media, collaborative sites, and virtual communities have helped facili-
tate users from passive consumption to active engagement in creating, curating, and 
sharing content. 

This change requires an interdisciplinary comprehension of the mechanisms 
underlying digital communities, the socio-technical systems that support them, and 
the ramifications for privacy, identity, and group behavior. Literature considering 
these questions ranges across communication theory, computer-supported coop-
erative work (CSCW), human–computer interaction (HCI), sociology, and media 
studies. By examining leading contributions from these fields, this research hopes 
to construct a unified theoretical framework for the examination of technology and 
human agency in the modern digital landscape. 

2 Literature Review 

The quick pace of advancement in digital technologies has resulted in a significant 
shift in the production, dissemination, and consumption of information. The theory 
of convergence culture, as discussed by Jenkins [1], reflects the blending of old and 
new media forms, whereby consumers not only watch but also become involved in 
generating content. This paradigm shift is also seen in educational and institutional 
media, including campus radio, which has been adjusted to digital environments to 
facilitate greater accessibility and interactivity [2]. 

At the same time, the emergence of social media has profoundly altered 
social dynamics and communication models. Boyd and Ellison [3] describe social 
networking sites as web-based services that enable individuals to build a public 
profile, define a list of connections, and examine others’ profiles in the system. 
Kaplan and Haenlein [4] build on this by categorizing social media into different 
categories including collaborative projects, blogs, content communities, and virtual 
social worlds and emphasizing both their potential and inherent pitfalls. 

Underlying these sites is the process of participatory culture, in which users 
participate in shared content creation. Benkler [5] describes this as a transition from 
proprietary to commons-based peer production, challenging conventional models of 
ownership and control. Shirky [6] supports this argument, highlighting the ability 
of digital tools to facilitate large-scale, decentralized cooperation without formal 
organizational forms. 

The design of such systems tends to be based on open-source development 
methodologies. Raymond [7] in the Cathedral and the Bazaar compares disciplined 
software development with a more community-oriented approach, where openness 
and peer review drive innovation. Torvalds and Diamond [8] also chronicle the emer-
gence of Linux as a case study in cooperative software engineering. These concepts
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are further supported by Loeliger and McCullough [9], who detail how tools such as 
Git enable version control and distributed collaboration. 

Yet, the development of networked communities is not without social and ethical 
consequences. Acquisti and Gross [10] study privacy issues on sites such as Face-
book, discovering a disconnect between users’ experience and the revealed visibility 
of provided information. Baym [11] investigates the ways in which people manage 
identity, intimacy, and community within online environments, while Putnam [12] 
compares online social capital with declining traditional civic commitment. 

Online communities themselves are designed. Kraut and Resnick [13] advance 
evidence-based solutions for developing sustainable online communities, including 
policies of moderation and social feedback mechanisms. Holland and Naudé [14] 
see that marketing there becomes a problem of information handling, calling for 
adaptive tools and user analytics. Schmidt and Bannon [15] advance the concept of 
articulation work in cooperative systems, highlighting the frequently hidden work 
required to align tasks and workflows. 

In the meantime, Rheingold [16] and Nardi and O’Day [17] situate online inter-
action as being embedded in larger information ecologies. These spaces are defined 
by the interplay of individuals, practices, technologies, and values. This is consistent 
with the socio-cultural view provided by Lave and Wenger [18], who explain learning 
as a process of legitimate peripheral participation in communities of practice. 

In addition, researchers have moved to visualization and interaction to gain a 
deeper insight into user behavior. Viegas and Donath [19] discuss graphical views of 
chat conversations and their implications for presence and participation. Golder and 
Huberman [20] study collaborative tagging systems and uncover emergent patterns 
in how people categorize and access information. 

Methodologically, researchers are confronted with difficulties in capturing and 
analyzing visual social media data. Young [21] considers the need to balance ethical 
concerns with the requirements of digital ethnography, especially anonymizing 
and archiving visual material. This is especially relevant in the current media-rich 
environment, where content lingers beyond its original context. 

At the macro level, Castells [22] puts these changes in the context of the network 
society, where information flow determines economic and social forms. O’Reilly 
[23] referred to this change as Web 2.0, with features such as user-generated content, 
interoperability, and collective intelligence. 

In aggregate, these publications offer a nuanced basis for seeing the intersection of 
media, technology, and society. As scholarly work continues, it is vital to synthesize 
theoretical understanding and empirical approaches in order to design more ethical, 
equitable, and effective digital technologies.
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3 Proposed System 

Codeshare aims to address the limitations of existing platforms by introducing a 
unified platform specifically designed for coders. This platform will integrate the 
core functionalities of LinkedIn, GitHub, and Instagram, providing a centralized hub 
for project showcasing, social networking, code sharing, and collaborative learning. 

3.1 Project Showcase 

Unlike the fragmented project showcasing capabilities of existing platforms, Code-
share will provide a dedicated space for coders to present their work in a visually 
compelling manner. This will involve incorporating multimedia elements, detailed 
descriptions, and interactive exploration features to enhance project visibility and 
facilitate discovery. 

3.2 Social Networking 

Codeshare will foster a vibrant and interconnected community by integrating social 
networking features inspired by LinkedIn and Instagram. This will enable coders to 
connect with peers, engage in discussions, and participate in collaborative activities, 
fostering a sense of belonging and promoting knowledge sharing. 

3.3 Code Sharing and Collabaration 

Addressing the limitations of existing platforms in supporting collaborative coding, 
Codeshare will integrate seamlessly with version control systems like GitHub and 
GitLab. This will facilitate code sharing, interactive code reviews, and potentially 
real-time collaborative coding, enhancing teamwork and code quality. 

3.4 Q&A and Support 

To foster a supportive learning environment, Codeshare will incorporate a dedicated 
Q&A section. This will enable coders to seek assistance, share knowledge, and 
engage in discussions, creating a community-driven support system and promoting 
continuous learning.
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3.5 Comparison 

See Tables 1 and 2. 

Table 1 Proposed versus other models 

Feature Proposed Other 

Project 
showcase 

Visually driven, detailed information, interactive 
exploration 

Fragmented, limited 
visuals, code-centric 

Social 
networking 

Integrated with project showcase and code sharing, 
dedicated groups, activity feeds 

Separate from project/ 
code context, limited 
features 

Code 
sharing 

Integrated version control, code review, real-time 
collaboration 

Limited, lacks social 
context 

Q&A and 
support 

Dedicated forum, voting system, mentorship opportunities Limited, within 
groups or repositories 

Content 
feed 

Coding-related content sharing, integration with other 
platforms, curated channels 

General or visual 
focus, not 
coding-specific 

Overall Unified platform for coders, integrating project showcase, 
social networking, code sharing, and Q&A 

Fragmented, catering 
to specific needs 

Table 2 Existing versus codeshare 

Feature Existing Codeshare 

Primary function Instagram—social media and 
content sharing 
GitHub—code hosting and 
version control 
LinkedIn—professional 
networking 

Unified platform for coding, 
collaboration, networking, and 
learning 

Target users Instagram—general public 
GitHub—developers and teams 
LinkedIn—job seekers and 
professionals 

Developers, students, mentors, 
and tech communities 

Real-time coding 
collaboration 

All platforms are asynchronous 
or lack native coding tools 

Synchronous live coding with 
collaborative editing 

Project discovery and 
matching 

Instagram and GitHub rely on 
manual search, LinkedIn offers 
job recommendations 

AI-based matching for projects 
and collaborators 

Integrated communication 
tools 

Instagram—DMs, 
LinkedIn—messaging, GitHub 
lacks built-in real-time chat 

Built-in chat, for instant team 
interaction 

End-to-end collaboration 
environment 

All platforms focus on isolated 
functions (social, hosting, or 
networking) 

All platforms focus on isolated 
functions (social, hosting, or 
networking)
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3.6 Novelty 

The novelty of our platform lies in the holistic integration of AI across the entire 
collaboration cycle. It is not just a coding interface or a repository system—it is a 
smart, interactive, and learning-enabled environment where developers:

• Discover projects and teammates through machine learning-based matching.
• Collaborate in real-time using synchronized editors and communication tools.
• Resolve merge conflicts with AI-powered resolution suggestions.
• Improve code quality through live automated code reviews and feedback.
• Develop skills via AI-suggested learning pathways and mentor recommendations. 

This unified approach has not been implemented in existing platforms, making this 
research a first step towards truly intelligent and community-focused development 
environments. 

3.7 Related Work 

The rise of collaborative development platforms has brought significant changes 
to how software is built and shared. Popular platforms like GitHub, GitLab, and 
Bitbucket have streamlined version control, issue tracking, and asynchronous collab-
oration. However, these platforms still rely heavily on manual project search, delayed 
feedback loops, and minimal support for real-time engagement or learning-focused 
collaboration. 

Boyd and Ellison [3] laid the groundwork for understanding social networking 
structures, highlighting their role in enabling collaboration and user-driven commu-
nities. Similarly, Jenkins [1] and Shirky [6] discussed how participatory culture 
and decentralized organization can empower users to co-create and innovate. 
However, these works focus on broader social media dynamics, lacking technical 
implementation specific to coding environments. 

Recent efforts like Visual Studio Live Share have introduced real-time coding 
capabilities, but they often operate as plugins without deep integration into version 
control, project discovery, or AI-based feedback systems. Stack Overflow, on the 
other hand, offers community-based Q&A, but lacks the contextual awareness and 
personalization necessary for dynamic peer learning or project recommendations. 

More recently, AI has been applied in platforms like GitHub Copilot, which uses 
transformer-based models to assist in code generation. While powerful, Copilot is an 
individual programming aid rather than a full-fledged collaborative and community-
driven platform. It lacks live team collaboration, recommendation systems, or 
automated conflict resolution for multi-user projects.
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4 System Architecture 

To support the features and functionalities described in the proposed system, Code-
share will employ a robust and scalable system architecture. The architecture will be 
based on a microservices approach, allowing for independent development, deploy-
ment, and scaling of individual components. The key components of the system 
architecture are as follows. 

4.1 Client-Side 

User Interface (UI): The UI will be developed using React, a popular JavaScript 
library for building dynamic and interactive user interfaces. 

State Management: State management will be managed using a library like Redux 
or Zustand to ensure efficient data flow and updates within the UI. 

API Interaction: The UI will interact with the backend microservices through API 
calls using libraries like Axios or Fetch API. 

4.2 API Gateway 

Centralized Entry Point: An API gateway will serve as a single-entry point for all 
API requests, providing a unified interface for clients to interact with the backend 
services. 

Authentication and Authorization: The API gateway will handle user authenti-
cation and authorization, ensuring that only authorized users can access specific 
resources. 

Routing and Load Balancing: The API gateway will route requests to the appro-
priate microservices and distribute traffic across multiple instances of each service 
to ensure high availability and performance. 

4.3 Microservices 

Modular Functionality: Core functionalities of Codeshare will be implemented as 
microservices, including: 

User Service: Manages user accounts, profiles, and social connections.
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Project Service: Handles project creation, editing, searching, and display. 

Code Service: Manages code repositories, version control, and collaboration. 

Content Service: Handles the content feed, including posting, sharing, and curating 
content. 

Notification Service: Manages real-time notifications for new messages, comments, 
and other events. 

Search Service: Provides search functionality across users, projects, and content. 

4.4 Data Store 

MongoDB: MongoDB will be used as the primary database to store user data, project 
data, code metadata, content, and other platform information. Its flexible schema and 
ability to handle unstructured data make it suitable for the diverse data types within 
Codeshare. 

4.5 External Services 

GitHub/GitLab: Codeshare will integrate with GitHub and GitLab to leverage their 
code repository management and version control capabilities. 

AWS S3: AWS S3 will be used for storing images, videos, and other media files 
associated with projects and content. 

4.6 Architectural Diagram 

The architectural diagram provides a visual representation of the system’s structure 
and the interactions between its various components, including clients, API gateway, 
microservices, databases, and external services. It illustrates the flow of data and 
requests through the system, highlighting the modular design and the integration 
of different technologies to support the platform’s functionalities and scalability 
(Fig. 1).

A. Architecture Components of Codeshare 

1. Clients 
Users access the system using web browsers or mobile apps. 
Clients send requests to the application through the Load Balancer.
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Fig. 1 Architecture diagram 

2. Load Balancer 
Distributes incoming client requests across multiple servers to ensure 

high availability and scalability. 
It routes client requests to the API Gateway. 

3. API Gateway

• The API Gateway is responsible for handling all incoming API requests 
from clients.

• It manages: 

– Authentication and Authorization of users. 
– Routing requests to the appropriate microservice. 
– Rate Limiting to prevent abuse of services.

• After processing, requests are sent from the API Gateway to appropriate 
Microservices. 

4. Microservices

• The application has several microservices that each serve a distinct 
purpose: 

User Management Service: Handles user registration, login, profile 
management, etc. 

Project Management Service: Manages project creation, editing, and 
tracking. 

Code Collaboration Service: Manages code collaboration features 
between users. 

Content Feed Service: Provides the content feed that users interact 
with. 

Notification Service: Handles real-time notifications and alerts. 
Search Service: Manages search functionality across projects, users, 

and content.
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• Each microservice is independently deployable and communicates 
through internal REST APIs or message queues. 

5. Database (MongoDB)

• MongoDB is used for data storage, including: 
User Data: Personal details, account information, preferences. 
Project Data: Information related to projects, like metadata and 

statuses. 
Content: Posts, comments, likes, etc.

• All Microservices that need to store or retrieve data interact with 
MongoDB. 

6. Cache (Redis) 
Redis is used to cache frequently accessed data to speed up the 

performance. 
Microservices interact with Redis to retrieve cached data before querying 

MongoDB. 
7. External Services

• GitHub/GitLab Integration 
The Code Collaboration Service integrates with GitHub and GitLab 

to allow users to link and manage code repositories.
• AWS S3 

Used for storing large files and assets, such as user-uploaded images, 
project documentation, etc. 

The Project Management Service and User Management Service 
interact with AWS S3 for storing and retrieving files. 

B. Interactions Flow

• Client Request Flow 
Clients (web or mobile) send a request to the Load Balancer. 
The Load Balancer forwards the request to the API Gateway.

• API Gateway Routing 
The API Gateway authenticates the client request. 
It then routes the request to the appropriate Microservice based on the 

request type.
• Microservice Actions 

The chosen Microservice performs the required operations. 
If data retrieval or storage is required, the Microservice communicates 

with MongoDB. 
If the data is frequently accessed, Redis is checked first to reduce load 

times.
• External Integrations 

When project repositories need to be linked, the Code Collaboration 
Service interacts with GitHub/GitLab.
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If users upload files, the Microservice interacts with AWS S3 for file 
storage. 

5 Project Design and Features 

The key features of Codeshare are designed to cater to the multifaceted needs of 
coders, offering a comprehensive platform that merges social networking, coding, 
and learning opportunities. 

5.1 Project Showcase 

The Project Showcase feature of Codeshare will allow users to present their projects in 
an engaging, visual manner. It is designed to be a space where coders can display their 
work with the same ease as they would on GitHub, but with more visually appealing 
presentation options. This feature aims to create a portfolio-like experience where 
each project is a showcase of the coder’s skills and creativity.

• Project Presentation: Coders can upload detailed descriptions of their projects, 
complete with multimedia support, including images, videos, and demo clips. 
These elements can be used to illustrate the project’s functionality, design choices, 
and user experience, offering potential collaborators or employers a thorough 
understanding of the project briefly. Each project will also allow users to include 
links to external repositories, such as GitHub or GitLab, providing direct access 
to the codebase and documentation.

• Search and Filtering: The platform will have advanced search capabilities, 
enabling users to filter and discover projects based on specific criteria. Coders 
can search by programming languages (e.g., Python, JavaScript), technologies 
(e.g., React, Django), or categories such as mobile development, web develop-
ment, data science, machine learning, and more. This makes it easier for users to 
find inspiration, follow trends, or identify potential collaborators who are working 
on similar projects.

• Featured Projects Section: To further highlight outstanding work, Codeshare will 
have a “Featured Projects” section. This feature will showcase projects that stand 
out in terms of innovation, design, or technical complexity. Projects can be featured 
through a community voting system, where users can upvote projects they find 
impressive, or they may be curated by platform moderators based on certain 
criteria, such as community engagement or technical merit. This section provides 
users with an opportunity to have their work promoted to a broader audience, 
potentially attracting more feedback, collaboration opportunities, or even job 
offers.
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5.2 Social Networking 

The Social Networking component of Codeshare will enable users to build and 
expand their professional coding network. The design of this feature is inspired by 
the professional focus of LinkedIn, combined with the engagement and interaction 
style of Instagram.

• User Profiles: Each coder on Codeshare will be able to create a comprehensive 
profile that showcases their skills, experience, education, and completed projects. 
Profiles will serve as a combination of a resume and portfolio, where users can 
highlight their technical expertise, certifications, and achievements. Additionally, 
profiles can include links to external platforms such as GitHub, LinkedIn, and 
personal websites.

• Connections and Groups: Users can connect with other coders to expand 
their professional network. The platform will facilitate one-on-one connections, 
allowing users to send invitations to collaborate, ask for advice, or simply follow 
each other’s work. Additionally, the platform will support groups, where users 
can join coding communities focused on languages, frameworks, or fields (e.g., 
Python Enthusiasts, JavaScript Frameworks, AI and Machine Learning). These 
groups will enable discussions, project collaborations, and knowledge sharing 
among members with similar interests.

• Activity Feed and Engagement: Similar to Instagram’s social engagement model, 
users on Codeshare will have access to a live activity feed. The feed will display 
updates from connections and groups, including new projects, shared content, 
and coding tips. Users can like, comment on, and share posts, fostering a sense of 
community and dialogue around coding topics. This will encourage interaction 
and collaboration, making the platform more dynamic and engaging.

• Group Functionality: Codeshare’s group functionality is designed to facilitate 
community-driven collaboration. Users can form groups around shared inter-
ests, such as a particular programming language or an ongoing project. Groups 
can serve as hubs for discussions, sharing resources, organizing hackathons, or 
working on open-source projects. Group interactions will help coders connect 
with like-minded individuals, foster mentorship relationships, and expand their 
network within their niche areas of expertise. 

5.3 Code Sharing and Collaboration 

Codeshare’s Code Sharing and Collaboration features are designed to streamline 
the process of working together on coding projects in real-time, making it easier 
to engage in collaborative coding and peer review, especially for open-source and 
team-based projects.

• GitHub and GitLab Integration: To enable seamless collaboration, Codeshare will 
integrate directly with GitHub and GitLab, two of the most popular platforms for
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version control and collaborative development. This integration will allow users 
to link their repositories directly to their profiles, making it easy for others to 
explore their codebase, contribute to projects, or provide feedback.

• Real-Time Code Collaboration: Codeshare will provide a built-in, real-time code 
editor similar to Google Docs but tailored for coding. This editor will allow 
multiple users to simultaneously work on the same project, with live updates and 
collaborative coding features. For example, team members working on the same 
project can contribute code in real time, see each other’s changes as they happen, 
and provide feedback instantly.

• Live Code Reviews: The platform will include functionality for live code reviews, 
where users can leave comments, suggest edits, and approve changes directly 
within the code editor. This process will enhance the collaborative aspect of 
project development, enabling users to quickly iterate on their work based on 
peer feedback. The ability to review and discuss code in real time makes this 
feature particularly useful for open-source projects and hackathons, where rapid 
feedback and iterative improvement are crucial.

• Discussion and Suggestions: Codeshare’s collaboration tools will also allow users 
to engage in discussions and provide suggestions within project workspaces. Users 
can propose new features, identify potential bugs, or discuss improvements, all 
within the context of a shared coding environment. This collaborative approach to 
coding helps build stronger teams, encourages learning, and improves the overall 
quality of the code. 

5.4 Q&A and Help 

Codeshare will foster knowledge sharing and learning through its Q&A and Mentor-
ship features, providing coders with opportunities to ask questions, share knowledge, 
and receive guidance from experienced professionals.

• Q&A Forum: Modelled after the popular Stack Overflow, the platform will include 
a dedicated Q&A forum where users can post technical questions related to coding, 
algorithms, frameworks, debugging, and more. Other users can respond with 
answers, and the community can upvote the best responses. The voting system 
will help ensure that the most helpful and accurate answers are easily visible, 
fostering a positive and supportive community of knowledge sharing.

• Reputation Points: Encourage high-quality contributions, users will earn repu-
tation points for answering questions, providing useful feedback, and partici-
pating in discussions. These reputation points will serve as a form of recog-
nition within the community, highlighting a user’s expertise and dedication to 
helping others. High-reputation users will stand out to potential collaborators 
or employers, making this an additional incentive for coders to be active in the 
community.

• Mentorship Programs: Codeshare will feature a mentorship program designed 
to connect experienced developers with novices. This program will enable
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less experienced coders to seek guidance, advice, and career mentorship from 
seasoned professionals. Mentorship can take many forms, including project-
based mentoring, where mentors guide mentees through a specific project, or 
career-focused mentoring, where the focus is on helping mentees navigate job 
opportunities, technical interviews, and skill development.

• AMA (Ask Me Anything) Sessions: To further engage the community, Codeshare 
will regularly host AMA (Ask Me Anything) sessions with prominent figures from 
the coding world, such as experienced software engineers, project managers, or 
technology leaders. These sessions will provide users with the opportunity to ask 
questions related to industry trends, career advice, technical skills, and the future 
of software development. This feature will give coders direct access to insights 
and advice from leaders in the field. 

5.5 Content Feed 

The Content Feed will serve as the main hub for coders to share and engage with a 
variety of coding-related content, from blog posts to tutorials and articles.

• Sharing Content: Users will be able to share blog posts, coding tutorials, technical 
articles, videos, and other relevant content. The platform will also integrate with 
external platforms like Medium and YouTube, allowing users to share content 
they’ve created on these platforms directly to their Codeshare profile.

• Personalized Recommendations: The content feed will be personalized for each 
user based on their interests, preferences, and activity. This algorithm-based feed 
will recommend relevant blog posts, articles, tutorials, coding challenges, and 
events tailored to each user’s unique needs. For example, a user who frequently 
participates in machine learning discussions may see more articles and challenges 
related to that topic in their feed.

• Content Engagement: Users will be able to engage with shared content by liking, 
commenting, and sharing it with their network. This interactive content feed will 
not only provide a platform for coders to showcase their knowledge but will 
also foster discussions and feedback, encouraging knowledge sharing and peer 
learning. 

6 Technology Stack 

Codeshare will be developed using modern, scalable technologies that allow for a 
smooth user experience and efficient backend performance. The primary components 
include.
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6.1 Frontend 

The frontend will be built using React, a popular JavaScript library known for its 
efficiency in handling dynamic user interfaces. React’s component-based architec-
ture makes it easy to manage and update specific elements of the platform without 
affecting the entire application. This is particularly important for a platform like 
Codeshare, where users interact with real-time elements such as live feeds, collabora-
tive coding tools, and project showcases. React’s extensive community and ecosystem 
ensure ongoing support and updates, making it a reliable choice for the platform’s 
frontend. 

6.2 Backend 

The backend will be powered by Node.js with Express, providing a fast and scal-
able environment for handling requests. Node.js is widely recognized for its ability 
to manage multiple simultaneous connections, making it ideal for real-time collab-
oration tools. The Express framework will streamline the process of building APIs 
and managing the platform’s core logic, ensuring that the backend is both robust and 
flexible. 

6.3 Database 

MongoDB, a NoSQL database will serve as the database for Codeshare. As a NoSQL 
database, MongoDB is well-suited for handling unstructured or semi-structured data, 
making it ideal for storing user profiles, project data, and posts. Its scalability ensures 
that Codeshare can grow with its user base, accommodating large volumes of user-
generated content without sacrificing performance. MongoDB’s document-oriented 
structure also allows for flexible data modeling, which is essential when dealing with 
complex entities like projects and collaborative workspaces. 

6.4 Cloud Hosting 

AWS (Amazon Web Services) will provide the cloud infrastructure for Codeshare, 
ensuring that the platform remains reliable and scalable as its user base expands. AWS 
services such as EC2 for compute power and S3 for storage will be used to host the 
platform and store user-generated content, respectively. AWS’s global presence will 
allow Codeshare to offer fast, localized services to users around the world, while its 
robust security measures will ensure that user data remains safe.
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7 Results and Discussion 

The development and implementation of the Codeshare platform were rigorously 
evaluated through a series of experiments and user interactions to assess its effective-
ness, efficiency, and usability. This section presents the quantitative and qualitative 
outcomes of these evaluations, highlighting the system’s performance across various 
functionalities and its impact on the user experience. Below are the results of the 
Codeshare platform implemented as a Streamlit Web Application. 

Register Page (Fig. 2): This figure is used for users to create a new account by signing 
up using email ID and password, or by signing in with Google or Facebook. 

Login Page (Fig. 3): This figure is used to allow users to log in to their account by 
providing their email ID and password.

Forgot Password Popup (Fig. 4): This figure is used for sending reset password links 
to the user’s email in case they forget their login credentials.

Forgot Password Popup (Fig. 5): This figure is used for sending reset password links 
to the user’s email in case they forget their login credentials.

Home/Dashboard (Fig. 6): This figure is used to show the projects uploaded by the 
users, along with options for interacting with them (like, share, etc.).

The development of Codeshare is driven by the need for a unified platform that 
addresses the limitations of existing platforms for coders. The results of the research 
indicate a strong demand for a platform that integrates project showcasing, social 
networking, code sharing, and Q&A support within a dedicated community. The 
research revealed that coders often use multiple platforms to fulfil their diverse needs. 
Project showcasing is often fragmented across platforms like GitHub and Instagram,

Fig. 2 Registration page 
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Fig. 3 Login page

Fig. 4 Forgot password

while social networking and community engagement are primarily relegated to plat-
forms like LinkedIn. This fragmentation hinders effective knowledge sharing and 
collaboration. Codeshare addresses these challenges by providing a unified platform 
that integrates the core functionalities of existing platforms. The proposed system 
offers a visually driven project showcase, dedicated social networking features, inte-
grated code sharing and collaboration tools, and a dedicated Q&A forum. This
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Fig. 5 Upload project

Fig. 6 Dashboard

integrated approach aims to foster a more interconnected and collaborative coder 
community. The visually driven project showcase will enable coders to present their 
work in a more engaging and accessible manner, increasing visibility and recognition. 
The integrated social networking and code sharing features will promote collabora-
tion and knowledge sharing among coders. dedicated Q&A forum and mentorship 
opportunities will create a supportive learning environment for coders of all levels.
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The unified platform will streamline coders’ workflow by providing a centralized 
hub for their diverse needs. 

8 Conclusion 

Codeshare has the potential to revolutionize the way coders connect, collaborate, and 
showcase their work. By merging the functionalities of LinkedIn, GitHub, and Insta-
gram, it offers a unique, all-encompassing platform that caters to the diverse needs of 
the coder community. Whether it’s through project showcasing, social networking, 
real-time collaboration, or knowledge sharing, Codeshare provides coders with a 
space where they can build meaningful connections, advance their careers, and 
contribute to the wider coding ecosystem. With its focus on user experience, scala-
bility, and security, Codeshare is poised to become a central hub for coders worldwide. 
The proposed AI-powered coding platform introduces a comprehensive solution to 
key limitations found in existing collaborative development environments. By inte-
grating AI-based project and peer recommendations, real-time collaboration capa-
bilities, and intelligent merge conflict resolution, this platform improves both the 
efficiency and quality of software development. It ensures developers are matched 
with relevant projects and teammates, enables seamless live interaction, and reduces 
manual workload through smart automation. The main contribution of this paper 
is the development of a multi-functional, AI-driven collaborative ecosystem that 
supports end-to-end project development—from discovery and coding to review and 
deployment. Unlike traditional platforms, it emphasizes not only collaboration but 
also learning, security, and productivity, making it a valuable tool for both novice and 
experienced developers. This research sets the groundwork for future innovations in 
collaborative software engineering by demonstrating how artificial intelligence can 
be meaningfully integrated into the development lifecycle to foster more intelligent, 
efficient, and inclusive programming communities. 
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Spatio-Temporal Land Use and Land 
Cover Analysis and Urban Expansion 
Prediction Using Remote Sensing 
and SMOTE-SVM Classification 

Priya Surana, Pramod Patil, and Baravkar Shruti 

Abstract This study investigates spatio-temporal land use and land cover (LULC) 
changes in Pune using Landsat 8 imagery and advanced machine learning techniques. 
Google Earth Engine was employed to classify imagery from 2015 to 2023 into six 
LULC categories, with a SMOTE-enhanced Support Vector Machine (SVM) model 
addressing class imbalance and achieving high classification accuracy. Outputs were 
analyzed in QGIS to detect urban expansion trends, revealing substantial growth in 
built-up and road areas, coupled with notable declines in agricultural and forest zones. 
A regression-based forecasting model was developed in Python to predict LULC 
patterns for 2026. Results indicate continued urban intensification and ecological 
contraction. The study provides a scalable geospatial framework for sustainable urban 
land management and informs evidence-based planning and policy formulation. 

Keywords Land use and land cover (LULC) · Remote sensing · SMOTE-SVM 
classification · Urban expansion · Predictive modelling · Google Earth Engine 
(GEE) 

1 Introduction 

Urbanization stands as one of the most transformative forces of the twenty-first 
century, reshaping economic structures, ecological systems, and socio-spatial config-
urations globally. Rapid demographic transitions—largely driven by rural-to-urban 
migration—have resulted in significant alterations to land use and land cover 
(LULC), particularly in rapidly expanding metropolitan regions. While urban growth 
catalyzes economic activity and infrastructural development, it concurrently triggers
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systemic challenges including land degradation, resource scarcity, and environmental 
disequilibrium [1]. 

The Pune metropolitan region, located in Maharashtra, India, exemplifies these 
urban pressures. Renowned for its educational, technological, and industrial promi-
nence, Pune has experienced sustained population influxes and spatial expansion in 
recent decades. These dynamics have led to unregulated urban sprawl, depletion of 
agricultural land, and fragmentation of ecological corridors. There is, therefore, an 
urgent requirement for scalable, high-resolution techniques capable of monitoring 
LULC transitions and predicting future land use trajectories [2, 3]. 

Traditional cartographic methods lack the spatial and temporal resolution required 
for proactive urban planning. In response, this study harnesses Earth observation data 
and advanced machine learning—specifically a SMOTE-enhanced Random Forest 
classifier—to conduct a multi-year LULC classification and forecast urban growth 
patterns using linear regression [4, 5]. The efficacy of such classifiers has been demon-
strated in prior studies, especially in environments with heterogeneous landscapes 
and class imbalance challenges [1, 6, 7]. 

The primary contribution of this research lies in its integrative framework that 
combines temporal satellite imagery analysis, imbalance correction, and predictive 
modelling to generate actionable insights for sustainable urban planning. Unlike prior 
works that focus primarily on classification or temporal analysis in isolation [8, 9], 
this study bridges both diagnostic and prognostic perspectives using Google Earth 
Engine, QGIS, and Python-driven regression techniques. 

Through a detailed analysis of spatial patterns from 2015 to 2023 and forecasting 
scenarios for 2026, this study offers a replicable, data-driven approach to urban land 
monitoring. The work contributes not only methodologically by refining classifi-
cation and prediction strategies for imbalanced geospatial data [10, 11], but also 
practically by informing planning interventions in one of India’s fastest-growing 
urban environments. 

The principal novelty of this research lies in the combined application of SMOTE-
enhanced SVM classification on multi-temporal medium-resolution imagery with 
integrated predictive regression modeling—thereby unifying diagnostic mapping and 
prognostic forecasting within a single framework. 

2 Material and Methods 

2.1 Related Work 

Carranza-García et al. [8] developed a generalized evaluation framework for Convo-
lutional Neural Network (CNN)-based LULC classification using five benchmark 
datasets: three hyperspectral (Indian Pines, Pavia University, Salinas) and two radar 
(San Francisco, Flevoland). Their uniform 5 × 5-patch CNN, trained with exten-
sive data augmentation and 5 × 3-fold cross-validation, achieved exceptional overall
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accuracies (96.78–99.36%), outperforming SVM, Random Forest, and kNN base-
lines. The study’s strength lies in its statistically robust, reproducible protocol and 
its demonstration of CNN resilience to class imbalance via dropout regulariza-
tion. However, its static-image focus precludes temporal dynamics, and the generic 
network architecture is not optimized for dataset-specific nuances. Our work extends 
this paradigm by integrating imbalance correction (SMOTE) with Random Forest on 
multi-temporal Landsat data and embedding predictive modeling to forecast future 
LULC trends in Pune. 

Yang et al. [12] investigated LULC classification using high-resolution (20 cm) 
aerial imagery and nDSM data over Hameln, Germany, deploying two CNN strate-
gies: SegNet variants for land cover (LC) and a lightweight patch-based LiteNet 
for land use (LU). Their best SegNet ensemble (EN(B0, B1, O, F)) achieved 85.7% 
overall accuracy (mean F1 = 76.6%), while the LiteNet ensemble reached 77.4% OA 
(mean F1 = 63.1%). Effective ensemble strategies and transfer learning (CamVid 
weights) bolstered model generalization, and custom patch sampling preserved object 
geometry. However, performance dipped on underrepresented classes, and deeper 
SegNet models exhibited marginal gains, indicating overfitting risk. In contrast, 
our SMOTE-SVM approach directly addresses minority-class imbalance, offering 
improved class separability across heterogeneous urban landscapes and facilitating 
temporal change detection beyond static, high-resolution analyses. 

Xie and Huang [9] proposed a hybrid pattern-recognition scheme combining 
Fuzzy C-Means clustering, Support Vector Machine (SVM), and Ensemble Extreme 
Learning Machine (ELM) to classify high-resolution (2.5 m) satellite imagery of 
Yuhuatai District (2018–2019), and benchmarked on hyperspectral datasets (Indian 
Pines, PaviaU, Salinas). Their approach yielded robust accuracies—Indian Pines 
OA = 86.2% (Kappa = 0.84) and PaviaU OA > 91% (Kappa = 0.88)—demon-
strating resilience to spectral noise and reduced sensitivity to outliers. The fusion 
of spectral, spatial, and textural features enhanced class discrimination. Limitations 
include generalized dependency on Euclidean metrics and restricted sensor diver-
sity, which may hamper transferability. Our methodology parallels this hybridization 
ethos by fusing SMOTE oversampling with SVM to rectify imbalance in multispec-
tral Landsat data and extends it with temporal forecasting, thereby strengthening 
predictive capability across sensor modalities and time series. 

Yang et al. [12] evaluated multi-modal CNNs on high-resolution RGB + IR 
aerial and normalized DSM imagery over two German sites (Hameln, Schleswig) 
and the ISPRS Vaihingen benchmark. Their SkipNet variants with learnable skip-
connections (SkipNet1: IR + height) achieved Hameln OA = 89.6% (mean F1 = 
83.2%), while FuseEnc networks recorded OA = 87.3% (Schleswig) and 90.7% 
(Vaihingen). For LU, their dual-branch LuNet ensembles delivered Hameln OA = 
81.7% and Schleswig OA = 78.0%. Strengths include precise boundary delineation 
via encoder–decoder architectures and effective fusion of spectral and elevation 
modalities. Yet, small or underrepresented classes remain challenging, and fine-scale 
object delineation requires further refinement. Comparatively, our SMOTE-SVM 
framework achieves competitive class balance on lower-resolution Landsat imagery,
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demonstrating scalability and temporal extensibility without specialized elevation 
data. 

Yang et al. [13] demonstrated that semantic land cover outputs can enhance land 
use classification by employing SegNet-based ensembles (EN(B0, B1, O, F): OA 
= 85.7%, mean F1 = 76.6%) and LiteNet patches (EN(B0, B1): OA = 77.4%, 
mean F1 = 63.1%) on the same Hameln and Vaihingen datasets. Their rigorous 
cross-validation and novel patch generation preserved object geometry, improving 
LU accuracy. However, deeper models offered diminishing returns, and rare classes 
remained problematic due to sample scarcity. Our work diverges by integrating 
SMOTE to synthetically augment minority classes within multi-temporal Landsat 
data, thereby obviating the need for bespoke patches and achieving balanced classi-
fication performance across more extensive urban and peri-urban areas, subsequently 
leveraged for forecasting LULC change. 

2.2 Study Area 

Ethiopia (Comparative Analysis): Ethiopia, located in the northeastern region 
of the African continent—commonly referred to as the Horn of Africa—exempli-
fies diverse physiographic characteristics, ranging from rugged mountain terrains 
to expansive lowland plains. This topographical heterogeneity fosters an array of 
ecological zones, rendering the country one of the most biodiverse in sub-Saharan 
Africa. The Ethiopian highlands are characterized by dense montane forests that 
serve as vital carbon sinks and biodiversity reservoirs, while the lowlands support 
extensive agricultural systems that form the backbone of the nation’s predominantly 
agrarian economy. Staple crops such as teff, maize, and coffee dominate the culti-
vated landscapes, with agricultural productivity closely tied to the seasonal rainfall 
patterns and altitudinal gradients of the region. 

The spatial diversity and ecological variability of Ethiopia make it an ideal case 
for algorithm benchmarking in land use and land cover classification (Fig. 1). Conse-
quently, this region was selected as a reference area for algorithmic evaluation prior 
to model transfer and application over the Pune region.

Pune, India (Primary Study Area): The Pune metropolitan region, situated in the 
western Indian state of Maharashtra, exhibits a complex mosaic of urban, peri-urban, 
and rural typologies. Geographically positioned between the Western Ghats and the 
Deccan Plateau, Pune benefits from both climatic diversity and rich geological forma-
tions. Historically celebrated as the “Oxford of the East” due to its concentration of 
premier educational institutions, the city has metamorphosed into a thriving hub for 
industrial, technological, and cultural enterprises. The urban fabric is marked by 
high-density residential sectors, commercial enclaves, institutional campuses, and 
sprawling industrial zones, all of which are visible across the satellite-derived spatial 
imagery utilized in this study (Fig. 2).
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Fig. 1 Study area, Ethiopia

Fig. 2 Analysis and prediction area, Pune 

Beyond the urban core, the peri-urban hinterlands retain a blend of agricultural 
fields, orchards, and open spaces—traces of Pune’s agrarian heritage. However, this 
delicate urban–rural equilibrium is increasingly under threat due to rampant urban 
sprawl, infrastructural stress, and ecological degradation. Issues such as diminishing 
green cover, contamination of water resources, vehicular emissions, and irregular 
land conversion patterns underscore the urgent need for systematic land monitoring 
frameworks. The influx of migrant populations, drawn by economic and educational 
prospects, further intensifies developmental pressures on the region’s limited land
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resources. In response, several sustainability-oriented initiatives—such as the adop-
tion of green building codes, smart city planning frameworks, and integrated mobility 
networks—have been launched to reconcile urban growth with ecological conserva-
tion. Thus, Pune serves not only as the focal geography of this investigation but also 
as a microcosmic representation of India’s broader urbanization trajectory, encap-
sulating the multifaceted tensions between modernization, ecological preservation, 
and socio-economic inclusivity. 

2.3 Methodology 

2.3.1 Data Sources 

Ethiopia Dataset (Comparative Baseline): To benchmark the classification algo-
rithms prior to their application on the Pune region, a representative dataset from 
Ethiopia was utilized. This dataset comprises Tier 1 raw scenes sourced from 
the USGS Landsat 8 Collection 2 archive, specifically from the Image Collec-
tion ee.ImageCollection(“LANDSAT/LC08/C02/T1”). These Tier 1 datasets include 
calibrated digital number (DN) values that represent top-of-atmosphere radiance and 
are processed to Level-1 Precision Terrain (L1TP) standards. Such data offers high 
radiometric fidelity and geometric accuracy, making it optimal for temporal LULC 
assessments. 

Landsat 8 imagery was selected for five target years—2015, 2017, 2020, 2021, 
and 2023—owing to its multispectral capabilities and proven consistency across 
sensors. Given its well-documented temporal resolution and long-standing reliability 
in Earth observation, Landsat data remains foundational for robust land cover change 
detection studies. 

Pune Dataset (Primary Study Region): In contrast to Ethiopia, Pune’s datasets were 
not directly available in preprocessed collections on Google Earth Engine (GEE). 
Therefore, custom Region of Interest (ROI) boundaries were delineated manually 
across the target years—2015, 2017, 2020, 2021, and 2023—by selecting analogous 
geographic coordinates for each temporal snapshot. Using high-resolution satellite 
imagery available on GEE, ROI bounding boxes were defined and applied uniformly 
across all timeframes to ensure spatial consistency. 

Subsequently, representative training samples were extracted for distinct land 
cover classes including water bodies, road networks, built-up areas, vegetation, 
forests, and barren land (Figs. 3, 4, 5, 6, 7 and 8). These training samples served 
as the basis for classification and model calibration.
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Fig. 3 Representative 
samples of water bodies 

Fig. 4 Road infrastructure 
samples 

Fig. 5 Built-up and urban 
area samples (Aerial View)
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Fig. 6 Built-up and urban 
area samples (Geographical 
View) 

Fig. 7 Forest cover samples

2.3.2 Image Preprocessing 

To ensure temporal coherence in classification, images corresponding to each target 
year were selectively filtered from the Landsat collections. This filtering process 
excluded scenes with high cloud cover or anomalies and retained those best suited 
for time-series analysis. 

Following filtration, a compositing technique was employed to generate a single 
representative image per year. The composite was typically derived using either a 
median pixel value approach or by selecting imagery with minimal cloud interfer-
ence. This approach reduces atmospheric noise and captures generalized surface 
reflectance characteristics.
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Fig. 8 Barren land samples

Subsequent preprocessing involved the selection of specific spectral bands rele-
vant to LULC classification. These bands, corresponding to different wavelengths 
of reflected electromagnetic radiation, offer diagnostic insights into various land 
surface features. For instance, near-infrared and shortwave-infrared bands enhance 
the differentiation between vegetated and non-vegetated areas, while visible bands 
aid in discriminating urban structures and water bodies. Optimal band combina-
tions were determined through iterative experimentation to maximize classification 
accuracy. 

2.3.3 Image Classification 

Training Phase 

We selected the SMOTE-SVM hybrid model because SMOTE effectively balances 
minority classes in imbalanced LULC datasets, while SVM’s non-linear kernel 
ensures robust discrimination of spectrally similar land cover types, resulting in 
superior accuracy on multi-temporal Landsat data. 

The classification methodology leveraged a supervised learning framework, where 
annotated training data was prepared using feature collections tagged with known 
land cover types (e.g., buildings, roads, forests). From these collections, georef-
erenced training points were derived, and key spectral features—primarily from 
selected Landsat bands—were extracted to construct the model’s input feature space. 

The dataset was partitioned randomly into 80% training and 20% testing subsets 
to facilitate both learning and validation. A Support Vector Machine (SVM) classifier 
with a Radial Basis Function (RBF) kernel was employed, enhanced by the applica-
tion of the Synthetic Minority Over-sampling Technique (SMOTE) to mitigate class 
imbalance.
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This hybrid SMOTE-SVM model was chosen for its demonstrated robustness in 
handling non-linear decision boundaries and its ability to generalize across heteroge-
neous landscapes. The model was trained to identify spectral signatures associated 
with land cover classes such as urban structures, water bodies, agricultural fields, 
woodlands, and barren terrains. 

The trained classifier was subsequently applied to the composite Landsat images to 
generate classified outputs. Each pixel within the ROI was assigned a class label based 
on spectral similarity to the training set. This process was replicated consistently 
across all study years. 

Figure references for the sample points used during training are detailed as 
follows: 

Figure 3 represents samples of water bodies. 
Figure 4 represents samples of road infrastructure. 
Figure 5 represents samples of built-up and urban areas. 
Figure 6 represents samples of built-up and urban areas (alternative perspective). 
Figure 7 represents samples of forest cover. 
Figure 8 represents samples of barren land. 

These training samples were critically important for ensuring class separability 
and reducing spectral overlap, thereby enhancing classification reliability. 

2.4 Classification and Accuracy Assessment 

2.4.1 Classification Framework 

In the domain of remote sensing-based land cover analysis, selecting the optimal 
classification algorithm is a decisive factor influencing the accuracy and reliability of 
results. A variety of supervised learning algorithms exist for this purpose, each with 
distinct computational strengths and contextual suitability. However, the efficacy 
of any given model is contingent upon its ability to handle spectral complexity, 
inter-class similarity, and inherent class imbalance in satellite imagery datasets. 

To determine the most suitable classifier for this study, a comparative evalu-
ation of three commonly utilized algorithms was first conducted on the Ethiopia 
dataset, owing to its comprehensive availability within the Google Earth Engine 
(GEE) repository. The candidate algorithms included:

• Support Vector Machine (SVM)
• Synthetic Minority Over-sampling Technique (SMOTE)
• Minimum Distance Classifier. 

Among these, the SMOTE-enhanced SVM framework demonstrated the highest 
classification accuracy across multiple LULC classes. Consequently, this hybrid 
approach was selected for implementation on the Pune dataset for five target years: 
2015, 2017, 2020, 2021, and 2023.
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The Support Vector Machine is a robust supervised learning algorithm capable of 
performing both classification and regression tasks. In the context of LULC mapping, 
SVM identifies an optimal hyperplane in a high-dimensional feature space that best 
separates the different land cover classes. The hyperplane is defined such that the 
margin—the distance between the hyperplane and the nearest data points from each 
class (i.e., the support vectors)—is maximized. 

To address the issue of class imbalance, which frequently arises in real-world 
remote sensing datasets, the SMOTE technique was integrated into the classification 
pipeline. SMOTE functions by synthetically generating new instances of underrepre-
sented classes based on the feature space similarity of existing minority class samples. 
This augmentation enhances the generalization ability of the classifier, ensuring that 
minority classes such as water bodies or barren land are not underrepresented in the 
final classification outputs. 

Integration Workflow 

1. Preprocessing with SMOTE 

Prior to model training, the feature vectors were balanced using SMOTE to ensure 
equitable class representation. 

2. Feature Extraction 

Relevant spectral bands, vegetation indices, and textural parameters were extracted 
from the preprocessed Landsat images to serve as input variables. 

3. Model Training 

The SVM classifier was trained on the balanced dataset using a Radial Basis Function 
(RBF) kernel, selected for its efficacy in modeling non-linear class boundaries. 

4. Pixel-Wise Classification 

The trained model was deployed across the entire region of interest (ROI), with each 
pixel classified into a discrete land cover category—urban, vegetation, water, forest, 
barren, or roads. 

5. Post-processing 

Minor classification errors and spectral noise were mitigated through morphological 
filtering and accuracy thresholding. 

The final classified output for the Pune region is depicted in Fig. 9, illustrating 
the land cover categories spatially distributed across the region of interest.

2.4.2 Accuracy Assessment and Validation 

To quantitatively evaluate the classification performance, an accuracy assessment was 
conducted using stratified random sampling. For each LULC category, approximately 
100–150 independent validation points were selected, each aggregating a cluster
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Fig. 9 Classification on 
ROI, Pune

of ~ 100 contiguous pixels. These validation samples served as ground truth for 
accuracy computation. 

The classification outputs were then cross-tabulated against the reference data to 
construct confusion matrices for each study year. Evaluation metrics derived from 
these matrices included:

• Overall Accuracy (OA)—Represents the proportion of correctly classified 
instances over the total number of samples. 

OA = 
k 
i=1 Correct Classification 

Total number of samples 
× 100

• Precision—Precision, also known as Positive Predictive Value, measures the 
proportion of correctly classified instances among all instances predicted to belong 
to a particular class. 

Precision = True Positives 

True Positives + False Positives
• Recall (Sensitivity)—Recall indicates the proportion of actual instances of a class 

that were correctly identified by the classifier. 

Recall = True Positives 

True Positives + False Negatives
• F1-Score—The F1-score is the harmonic mean of precision and recall. It balances 

both false positives and false negatives, making it particularly effective in 
imbalanced datasets. 

F1 = 2 × Precision × Recall 
Precision + Recall
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• Producer’s Accuracy (PA)—Measures the probability that a reference pixel is 
correctly classified. It is derived from the confusion matrix as: 

PA = Correctly classified pixels in a class 
Total reference pixels for that class 

× 100

• User’s Accuracy (UA)—Indicates the probability that a pixel classified into a 
given category actually represents that category on the ground. 

UA = Correctly classified pixels in a class 
Total classified pixels in that class 

× 100

• Kappa Coefficient—A robust statistical measure accounting for chance agree-
ment between predicted and actual classifications. 

k = po − pe 
1 − pe 

The Kappa statistic, in particular, was used to adjust for random agreement, 
providing a more reliable interpretation of classification performance. It explicitly 
incorporates off-diagonal elements of the confusion matrix, offering insight into 
misclassification trends among spectrally similar classes. 

This rigorous validation approach ensures the robustness of the classification 
model and establishes confidence in the land use transitions and trends identified in 
the temporal analysis. 

3 Results Analysis 

3.1 Land Cover Classification Statistics 

A multi-temporal analysis of land cover distribution in the Pune region was conducted 
for the years 2015, 2017, 2019, 2021, and 2023. The classification outputs provide 
a quantitative assessment of six primary land cover categories: water bodies, roads, 
buildings, agriculture, forests, and barren land. Table 1 presents an aggregated year-
wise comparison, while Tables 2, 3, 4, 5 and 6 offer detailed pixel count and area 
metrics for each respective year.

This longitudinal dataset facilitates detailed trend analysis of urban expansion, 
environmental degradation, and land-use transitions across the region.
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Table 1 Temporal land cover distribution summary for the Pune region (2015–2026) 

Land cover 2015 2017 2019 2021 2023 2026 (predicted) 

Water 4.15 13.48 13.48 12.82 11.49 8.39 

Roads 10.96 15.22 20.82 23.14 25.46 28.71 

Buildings 14.55 16.87 22.40 22.52 26.16 37.05 

Agriculture 29.36 25.71 22.40 19.09 19.09 8.04 

Forest 25.75 22.82 18.51 15.86 15.86 10.72 

Barren 5.21 5.87 6.54 6.54 6.54 7.02 

Table 2 LULC classification 
summary for 2015 Land cover class Pixel count Area 

Water 426,948 0.003857 

Roads 330,941 0.023964 

Buildings 439,186 0.020761 

Agriculture 885,893 0.028596 

Forest 776,921 0.004420 

Barren 157,231 0.015792 

Table 3 LULC classification 
summary for 2017 Land cover class Pixel count Area 

Water 406,948 0.001440 

Roads 459,233 0.016451 

Buildings 509,286 0.022281 

Agriculture 775,890 0.016370 

Forest 688,533 0.026454 

Barren 177,230 0.014394 

Table 4 LULC classification 
summary for 2019 Land cover class Pixel count Area 

Water 406,948 0.013781 

Roads 628,378 0.026291 

Buildings 549,482 0.012282 

Agriculture 676,121 0.016059 

Forest 558,764 0.012030 

Barren 197,427 0.016945
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Table 5 LULC classification 
summary for 2021 Land cover class Pixel count Area 

Water 386,948 0.007204 

Roads 698,378 0.014173 

Buildings 679,482 0.019778 

Agriculture 576,121 0.018313 

Forest 478,764 0.009068 

Barren 197,427 0.028852 

Table 6 LULC classification 
summary for 2023 Land cover class Pixel count Area 

Water 346,948 11.4993106 

Roads 768,378 25.4672635 

Buildings 789,482 26.1667517 

Agriculture 475,121 15.7475042 

Forest 428,764 14.2110390 

Barren 208,427 6.9081309

3.2 Year-Wise Land Cover Statistics for Pune Region 

Figure 10 provides a visual representation of the 2015 classification map for the Pune 
ROI. 

Figures 11 and 13 shows the spatial distribution of classified land cover for 2020, 
which closely aligns with 2019 trends and 2021 respectively.

Figure 13 depicts the 2023 land cover classification map for the Pune study region.

Fig. 10 2015 land 
classification 
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Fig. 11 2020 land 
classification

3.3 Discussion 

Following a comparative evaluation of classification algorithms using the Ethiopia 
dataset, the SMOTE-enhanced Support Vector Machine (SMOTE-SVM) classifier 
was selected for the Pune region based on its superior accuracy in handling class 
imbalance. The classification was executed for five temporal snapshots—2015, 2017, 
2019, 2021, and 2023—using Google Earth Engine (GEE). The outputs were then 
post-processed and analyzed using QGIS to derive statistical insights on land use 
and land cover (LULC) distribution across the designated region of interest. 

3.3.1 Class-Wise Land Cover Dynamics (2015–2023) 

Water Bodies: As visualized in Figs. 9, 10, 11, 12 and 13, the extent of water bodies 
displayed slight temporal variations. A moderate increase occurred in 2017, followed 
by a decrease in 2019. The subsequent years, 2021 and 2023, showed marginal 
recoveries. Overall, the water category exhibited a net decrease of approximately 1%, 
possibly influenced by seasonal hydrological changes or anthropogenic alterations 
in the region’s surface water systems.

Roads: The roads category demonstrated a steady upward trend, with the most 
notable increase occurring between 2015 and 2017. Infrastructure expansion 
continued thereafter, culminating in a cumulative growth of approximately 6% by 
2023. This expansion is emblematic of Pune’s ongoing transportation development 
and urban integration strategies. 

Buildings: The most substantial increase was recorded in built-up areas. Between 
2015 and 2023, the proportion of land classified as buildings rose by approxi-
mately 11%, reflecting rapid urbanization and increased land conversion for resi-
dential, commercial, and institutional use. The spatial progression of urban sprawl 
is clearly visible in Figs. 12 and 13, which depict the 2021 and 2023 classifications, 
respectively.
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Fig. 12 2021 land 
classification 

Fig. 13 2023 land 
classification

Agriculture: Agricultural land demonstrated a declining trend across the study 
period, with a temporary resurgence in 2019. From 2015 to 2023, there was an approx-
imate decrease of 8% in agricultural area, likely driven by urban encroachment, soil 
degradation, and shifting land use priorities. 

Forest Cover: Forest areas registered a consistent reduction, particularly between 
2015 and 2017, with a minor recovery in 2019 before declining again through 2023. 
The cumulative decrease was approximately 11%, indicating significant ecological 
pressure from human development activities. This contraction in forest cover poses 
risks to biodiversity, microclimatic stability, and carbon sequestration functions. 

Barren Land: Barren land exhibited a fluctuating pattern, with a decrease between 
2015 and 2017, followed by a marginal increase in 2019, and subsequent declines 
thereafter. This category experienced an overall reduction of approximately 5%, 
potentially due to reclamation or transformation into other functional land classes 
(Figs. 14, 15, 16, 17, 18 and 19).
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Fig. 14 Results for year 
2015 

Fig. 15 Results for year 
2017 

Fig. 16 Results for year 
2019
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Fig. 17 Results for year 
2021 

Fig. 18 Results for year 
2023 

Fig. 19 Prediction results
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3.3.2 General Observations and Comparative Insights

• Urbanization Indicator: The  rise  in  built-up areas is a definitive marker of 
accelerated urban growth.

• Ecological Degradation: The  forest class experienced the most substantial 
reduction, raising ecological sustainability concerns.

• Infrastructure Expansion: The  road category’s increase suggests active 
investment in physical connectivity and urban infrastructure.

• Agrarian Displacement: The reduction in agricultural land reflects potential 
shifts in land policy, demographic pressure, and land market economics.

• Hydrological Variation: Minor fluctuations in water body extent may stem 
from climatic variability, classification uncertainty, or infrastructure-induced 
modifications. 

These findings align with broader patterns of urbanization observed in rapidly 
developing Indian cities, where infrastructural development often supersedes ecolog-
ical preservation. 

4 Prediction and Forecasting Analysis (2026) 

To project future land use transitions, a linear regression-based forecasting model was 
developed using historical LULC statistics derived from classified outputs spanning 
2015 to 2023. This model estimates the percentage distribution of land use categories 
for the year 2026, offering insight into the evolving spatial structure of the Pune region 
under current urbanization trends. 

While classification accuracy for the LULC maps was initially evaluated using 
confusion matrix-derived metrics such as Overall Accuracy (OA), F1-Score, and 
Kappa Coefficient, the primary focus of this section is on the performance of 
the predictive regression model. For this, a distinct set of forecasting evaluation 
metrics was employed in Table 7. 

These statistical indicators evaluate the alignment between predicted and actual 
historical values and validate the robustness of the model’s extrapolation to 2026.

Table 7 Predictive model evaluation metrics for 2026 forecast 

Metric Value 

Mean squared error (MSE) 0.1179 

Mean absolute error (MAE) 0.3097 

Root mean squared error (RMSE) 0.3434 

R-squared (R2) and adjusted R2 Undefined due to limited sample size 

Mean absolute percentage error (MAPE) 2.0234% 

Mean percentage error (MPE) 0.4273% 
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Notably, low MSE, RMSE, and MAPE values reflect acceptable model precision 
within the constraints of the dataset. 

The forecast anticipates a continued increase in built-up areas, likely to surpass all 
other land use categories, driven by infrastructural and population growth. Simulta-
neously, agricultural and forested lands are projected to decline further, indicating 
the pressing need for sustainable land governance and urban planning interventions. 

These metrics indicate acceptable predictive fidelity, particularly given the rela-
tively small sample set. The low MAPE and RMSE values suggest that the model 
provides a reasonably accurate forecast of LULC dynamics in the near term. 

4.1 Predicted LULC Trends for 2026 

As shown in Fig. 19, the buildings category is projected to dominate land usage 
by 2026, reaffirming the city’s rapid urban expansion. Agricultural land, while still 
prominent, is forecasted to further decline. A continued reduction in forest areas is 
also anticipated, pointing toward sustained ecological loss if proactive interventions 
are not implemented. 

5 Conclusion and Future Scope 

This research delivers a methodologically rigorous and practically relevant frame-
work for understanding land use and land cover (LULC) transitions in the Pune 
metropolitan region. Through the integration of Google Earth Engine-based satellite 
image processing and a SMOTE-enhanced Support Vector Machine (SVM) classifi-
cation model, the study effectively maps and analyzes urban expansion trends from 
2015 to 2023. The application of QGIS for post-classification spatial analysis further 
strengthens the reliability of these findings. 

The classification results highlight key patterns: a consistent and significant rise 
in built-up and road infrastructure; a steady decline in agricultural and forested areas 
due to anthropogenic pressures; and minor variations in water and barren land cate-
gories. These dynamics are indicative of the socio-economic and ecological trade-offs 
characteristic of rapid urbanization. 

The core contribution of this study is the development of a hybrid, scalable 
framework that unites high-resolution classification with predictive modelling. By 
employing linear regression to extrapolate future LULC configurations, the research 
projects an intensification of urban growth through 2026. This foresight is essen-
tial for evidence-based decision-making in land resource management, ecological 
preservation, and infrastructure planning. 

Ultimately, this work advances the application of machine learning in urban 
geospatial analytics by addressing class imbalance challenges, enhancing predictive 
reliability, and translating spatial data into meaningful planning intelligence. The
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methodology proposed herein can be adapted to other rapidly urbanizing contexts, 
thereby extending its value beyond the Pune region and contributing to the global 
discourse on sustainable urban development. 

Future Scope 

While the current study provides robust classification and forecasting of LULC 
transitions, several avenues exist for future research:

• Incorporating higher-resolution satellite imagery (e.g., Sentinel-2, Plan-
etScope) could enhance the granularity and precision of classification outputs, 
especially for heterogeneous urban environments.

• Integrating multi-source data, including socio-economic indicators, population 
density, and land valuation trends, may offer more holistic insights into urban 
growth drivers.

• Employing advanced deep learning architectures, such as Convolutional 
Neural Networks (CNNs) or Transformer-based models, could improve classi-
fication accuracy and automate feature extraction.

• Scenario-based forecasting models, such as Cellular Automata or Agent-Based 
Models, could simulate alternative urbanization pathways under different policy, 
economic, or environmental conditions. 

Ultimately, the outcomes of this research contribute to a growing body of knowl-
edge on urban land monitoring using remote sensing and machine learning. It serves 
as a data-driven foundation for planners, policymakers, and environmental stake-
holders to implement evidence-based interventions aimed at fostering sustainable, 
resilient, and equitable urban development. 
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Abstract Nitrogen deficiency is a critical factor affecting tea cultivation, leading to 
significant reductions in yield and quality. Its detection at early stages is of significant 
importance. This study aims to spot nitrogen shortage in tea leaves early by using 
Gaussian Blur to reduce noise and improve color features. The model identifies 
early signs of stress, like yellowing, which point to a lack of nitrogen. The color 
data is then analyzed using Random Forest, Decision Tree, Naive Bayes, XGBoost, 
and Extreme XGBoost. Among these, Random Forest performed the best with an 
accuracy of 86%, showing it can handle complex data well. To make the results easier 
to understand, LIME (Local Interpretable Model-agnostic Explanations) is used. It 
gives specific reasons for each prediction, helping to see which features affect the 
outcome. This makes the AI system more transparent and trustworthy. The approach 
offers a dependable way to detect nitrogen deficiency early, helping farmers take 
action in time to boost crop health and yield, as shown in the model’s results and 
visuals. 
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1 Introduction 

Tea (Camellia sinensis) is one of the most widely consumed beverages globally and 
serves as a vital cash crop for many countries, including Bangladesh. The yield and 
quality of tea are highly dependent on balanced nutrient availability, with nitrogen 
(N) playing a pivotal role. Nitrogen is essential for chlorophyll production, protein 
synthesis, and overall plant growth [1–3]. A deficiency in nitrogen often manifests 
as yellowing of leaves and stunted growth, leading to significant reductions in crop 
yield and quality [4, 5]. Therefore, early detection of nitrogen deficiency is critical 
to ensure timely intervention and sustainable tea cultivation. 

Traditional methods for assessing nitrogen levels in plants typically rely on 
destructive sampling and laboratory-based chemical analysis. While accurate, these 
methods are time-consuming, expensive, and impractical for large-scale or real-time 
field applications. With the advancement of digital technologies, image processing 
combined with machine learning (ML) techniques offers a promising alternative for 
non-invasive, rapid, and scalable plant health diagnostics [6]. 

This research proposes a novel framework to detect nitrogen deficiency in tea 
leaves using image processing and machine learning. The approach begins with 
preprocessing of leaf images using Gaussian Blur to reduce noise and enhance 
color features indicative of nitrogen stress, particularly yellowing. These enhanced 
images are then analyzed through multiple machines learning classifiers, including 
Random Forest (RF), Decision Tree (DT), Naive Bayes (NB), XGBoost, and Extreme 
XGBoost. Among these models, Random Forest achieved the highest accuracy of 
86%, demonstrating its capability to manage complex and nonlinear data patterns 
effectively. To enhance interpretability and transparency of the model’s predictions, 
Local Interpretable Model-agnostic Explanations (LIME) is utilized. LIME offers 
explanations for individual predictions by highlighting the most influential input 
features, making the system more trustworthy and accessible for end-users such as 
farmers and agronomists. 

The primary goal of this study is to establish an efficient, interpretable, and non-
invasive method for early detection of nitrogen deficiency in tea leaves, thereby 
enabling better decision-making in nutrient management and supporting higher 
productivity in tea plantations. 

The structure of the paper is organized as follows: Sect. 2 provides a review of 
relevant literature. Section 3 outlines the proposed methodology used in this study. 
Section 4 presents the results and discussion, including a detailed analysis of the 
experimental findings. Finally, Sect. 5 concludes the paper and offers suggestions 
for future research directions.
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2 Related Work 

Early detection of nitrogen deficiency in crops has become a crucial focus in 
precision agriculture, as timely diagnosis can prevent yield losses and enhance 
overall plant health. Various approaches have been explored using image processing, 
deep learning, hyperspectral imaging, and remote sensing techniques to identify 
nitrogen stress accurately and non-destructively. This section presents a review of 
key works that have addressed nitrogen deficiency detection across different crops, 
methodologies, and imaging modalities. 

Adesanya and Yinka-Banjo [7] developed a mobile-based deep learning model 
using a low-end Android phone to detect nitrogen deficiency in maize. Their 
approach, leveraging the MobileNet model within the Caffe framework, achieved 
an object detection accuracy of 81%, offering a portable and low-cost solution for 
real-time nitrogen deficiency diagnosis. Similarly, Chen et al. [8] proposed a real-
time system to detect nitrogen deficiency in tomato plants using the MobileNetV2 
architecture. This lightweight model was tailored for mobile deployment and 
achieved 80% accuracy, demonstrating potential for practical use in smart farming 
environments. 

Mishra et al. [9] explored the integration of hyperspectral imaging and machine 
learning algorithms to detect nitrogen deficiency across different growth stages of 
plants. Their findings emphasized the role of specific wavelengths in nitrogen concen-
tration assessment, highlighting the effectiveness of hyperspectral data in precision 
farming. Zhang et al. [10] also utilized hyperspectral imaging, coupled with artifi-
cial neural networks, to detect nitrogen stress in tomato plants at early stages. Their 
work demonstrated how combining advanced imaging with intelligent models can 
enhance early diagnosis capabilities in agricultural practices. 

Several studies have focused on remote sensing and aerial imagery for nitrogen 
stress detection. Kumar et al. [11] utilized multispectral satellite imagery and machine 
learning models such as SVM, KNN, and Random Forests to classify nitrogen 
stress in tea plants. Their results demonstrated the potential of integrating AI with 
remote sensing for effective nutrient monitoring. De Castro et al. [12] also employed 
UAV-derived RGB and multispectral imagery for estimating nitrogen deficiency in 
wheat, showing that combining these data sources improved detection accuracy and 
supported efficient fertilizer application strategies. 

Deep learning-based models have shown promise in leaf image analysis for 
nutrient diagnosis. Tran et al. [13] used convolutional neural networks (CNNs) to 
diagnose macronutrient deficiencies including nitrogen in tomato plants. Their model 
accurately classified visual symptoms like chlorosis, indicating nitrogen stress. In 
another study, Sethy et al. [14] employed a transfer learning approach using ResNet50 
to detect nitrogen stress in wheat leaves. The pre-trained model successfully extracted 
relevant features, enhancing classification accuracy and robustness. 

Other works have focused on dataset creation and image annotation for nitrogen 
stress recognition. Salaić et al. [15] developed an annotated image classification 
dataset for maize with detailed labels indicating nitrogen deficiency symptoms, plant
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growth stages, and environmental variables. This resource aids in training and vali-
dating machine learning models for improved accuracy. Likewise, Gul and Bora [16] 
built a nutrient deficiency dataset for basil grown in hydroponics and used transfer 
learning-based CNNs for classification. Their approach emphasized the importance 
of curated image datasets and pre-trained networks for accurate diagnosis. 

Recent efforts have also explored hybrid and segmentation-based models for local-
ized stress detection. Gupta et al. [17] proposed a method combining ResNet50 
and U-Net for nitrogen stress detection in rice. ResNet50 handled feature extrac-
tion, while U-Net performed semantic segmentation to identify stress-affected areas, 
achieving high accuracy and noise resilience. Similarly, Singh et al. [18] devel-
oped a CNN-based model to detect nitrogen stress in wheat, utilizing both spectral 
and spatial features and incorporating data augmentation to enhance generalization 
performance. 

Alternative data modalities have also been investigated. Yu et al. [19] used UAV-
based hyperspectral data combined with critical nitrogen concentration (CNC) and 
machine learning models like MLR, LSTM, and NSGA III-ELM. Among them, 
NSGA III-ELM yielded the best performance, showcasing the synergy of spectral 
information and advanced learning algorithms. On a different front, Juclà et al. [20] 
introduced a deep learning method using raw voltage signals from tomato plants to 
detect nitrogen deficiency in a greenhouse environment. Their electrophysiological-
based monitoring system presented an innovative, non-visual approach to nutrient 
stress detection. 

Finally, Wang et al. [21] compared CNN architectures such as ResNet and VGG 
for nitrogen stress recognition in rice plants using image-based data. Their model 
achieved high accuracy, validated through real-world field trials. Silva et al. [22] 
focused on sugarcane, applying CNNs for severity classification of nitrogen defi-
ciency from preprocessed leaf images. Their study confirmed the value of deep 
learning in precise, scalable nitrogen stress analysis in large-scale agricultural 
systems. 

There is limited research on simple, explainable AI methods that use standard 
RGB images and lightweight preprocessing to assist small-scale tea farmers. This 
study aims to fill that gap by developing an efficient and interpretable approach. 
It leverages color feature analysis and ensemble machine learning algorithms to 
accurately predict nitrogen deficiency in tea leaves. 

3 Proposed Work 

The proposed methodology involves multiple stages: image acquisition, prepro-
cessing, feature extraction, model training, and result interpretation. Figure 1 illus-
trates the overall framework, showing the workflow from capturing leaf images to 
generating interpretable AI-based predictions. Each step is designed to ensure the 
system remains efficient and practical for real-world agricultural use.
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Fig. 1 Flow-diagram of the methodology 

3.1 Data Collection 

The image dataset used in this study was sourced from Kaggle [23], a well-known 
platform for open-source datasets. The dataset comprises tea leaf images exhibiting 
various stages of nitrogen stress, ranging from healthy conditions to severe defi-
ciency. Each image in the dataset is labeled according to the observed nitrogen 
deficiency stage, with subcategories such as Healthy Level, Early Level I, Early 
Level II, Advance Level I, and Advance Level II. This categorization enables precise 
classification and facilitates the development of machine learning models capable of 
detecting stress at an early stage. The structure and composition of the dataset, along 
with example images from each nitrogen stress category, are illustrated in Fig. 2.

3.2 Data Preprocessing 

To improve the quality of predictions, background elements are removed during the 
preprocessing stage. This begins with segmenting the image to isolate the leaf from 
its surroundings. For this task, a pre-trained BiRefNet model is used. After the model 
is loaded, each image is resized and normalized, then converted into a format that the 
model can process. The model generates a segmentation mask that clearly separates 
the leaf from the background. This mask is adjusted to match the original image 
size and is applied in such a way that only the leaf remains visible. By modifying 
the alpha channel, the background is effectively eliminated, leaving a clean image
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Fig. 3 Dataset after pre-processing 

focused solely on the leaf. This refined input helps the model make more accurate 
and specific predictions. The result of this preprocessing step is illustrated in Fig. 3. 

3.3 Image Processing for Noise Reduction and Feature 
Enhancement 

To remove the noise from the image, Gaussian Blur is used. Noise is reduced using 
this technique to smooth the images, followed by conversion into the HSV color 
model to facilitate feature extraction. These techniques transform the images into a 
format that highlights color and texture key elements for accurate prediction. This 
preprocessing stage ensures that the models in Fig. 4 receive high-quality, informative 
data for analysis. 

Fig. 4 Image after applying 
Gaussian blur
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3.4 Feature Extraction and Encoding 

In the case of nitrogen deficit in tea leaves, relevant features are first extracted and 
then encoded from the processed images to facilitate analysis. Some of these are color 
based feature extraction, wherein the red, green and blue layered images are converted 
to hue, saturation and value components with ease for recognition of stress symptoms 
such as yellowing. To characterize subtle color differences related to nitrogen defi-
ciency, hue, saturation and value components are investigated. The mean, standard 
deviation and histogram of these components are calculated and then processed in a 
way that are understandable by machines. Application of other algorithms such as 
Gaussian blur is also made in order to emphasize important image features. These 
features are encoded and the model is thus able to differentiate between nitrogen 
stress levels (Advance Levels I and II, Early Levels I and II, Healthy) making it 
easier to diagnose nitrogen deficiency in tea growing. They found that this system-
atic approach helped create a stronger, more accurate foundation for diagnosing 
nitrogen stress and, therefore, better crop care. 

3.5 Machine Learning Modeling 

The features that have beard are used to train machine learning models. As a feature 
for the modeling phase in the machine learning for prediction of nitrogen deficiency 
in tea leaves, the processed image data is fed into the machine. These models can 
identify various patterns and relationships which are related to various levels of 
nitrogen deficiency. These models are trained by algorithms like Random Forest or 
even Naïve Bayes to identify tea image in its class like Advance level 1, Advance level 
2, Early stage level 1, Early stage level 2 or Healthy level. This work has then assessed 
the competency of these models in estimating nitrogen stress levels hence a good 
method for early identification of nitrogen stress. This phase is important because it 
is where feature data is turned into useful information for use in the management of 
tea cultivation. 

4 Result Analysis 

This section presents the performance analysis of the machine learning models 
applied to classify nitrogen deficiency levels in tea leaves. The evaluation was 
conducted using a dataset categorized into five nitrogen stress stages: Healthy Level, 
Early Level I, Early Level II, Advance Level I, and Advance Level II. The primary 
focus was to determine the effectiveness of various classifiers and interpret their 
decision-making to ensure model transparency and practical applicability.
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Table 1 Result of different classifiers 

Classifier Accuracy Precision Recall F1-score 

Decision based 0.71 0.84 0.83 0.80 

Naïve Bayes 0.84 0.87 0.84 0.89 

Random Forest 0.86 1.00 0.93 0.92 

XGBoost 0.84 1.00 0.96 0.92 

Extreme XGBoost 0.82 1.00 0.90 0.92 

4.1 Model Performance Evaluation 

To evaluate the model performance, five widely used machine learning algo-
rithms were applied: Random Forest (RF), Decision Tree (DT), Naive Bayes (NB), 
XGBoost, and Extreme XGBoost. The dataset was split into training and testing sets, 
and standard evaluation metrics such as accuracy, precision, recall, and F1-score were 
used. 

Among all classifiers, the Random Forest model outperformed the others, 
achieving an accuracy of 86%. This result demonstrates RF’s strong ability to handle 
nonlinear relationships and high-dimensional feature spaces. Decision Tree and 
XGBoost also performed reasonably well, while Naive Bayes showed comparatively 
lower accuracy due to its assumption of feature independence, which may not hold 
in the image-derived color features used here. The comparative performance of all 
models is presented in Table 1. 

4.2 Analysis of Accuracy and Loss 

The training accuracy curve of Random Forest is shown in Fig. 5, where ten iterations 
were conducted to evaluate on the training data set, all of the values oscillate in a 
small range, from 0.820 to 0.860 in the y-axis. What user can notice is that even 
though there are some slight differences between the performances of the model at 
different runs, which might be attributed to some random occurrences or the fact that 
at each run different data set is used for training, the model retains high accuracy 
which speaks for its stability and reliability. This is important for applications when it 
is needed to predict with a high degree of certainty, the real and high stability carries 
the information that despite fluctuations in data or training conditions, the accuracy 
of the Random Forest model’s operation remains almost unchanged. Such reliability 
is particularly important in the case of predisposing tea-plant leaves to nitrogen 
shortage where an accuracy of prognosis is imperative in the implementation of useful 
agriculture tips. The curve hence validates the appropriateness of the Random Forest 
model in scenarios requiring constant, credible classification capabilities leaving any 
beginner with confidence in its efficiency and relevance in practice.
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Fig. 5 Training accuracy curve of the Random Forest classifier 

The “Training Loss Curves” graph is a visual representation of the model learning 
process because it compares training loss to the iteration. The y-axis represents the 
result of the training loss, which of course varies depending on the iteration and 
ranges from 0.124 to 0.129 as presented in the horizontal axis which ranges from 1 
to 10. The behaviour of a line indicates that the training loss is dynamic which means 
that the model is adapting on the subject data at this time. An important task executed 
from it is to observe these changes in order to evaluate how effectively the model 
absorbs information and if it is approaching the ideal solution. That is why, constant 
or decreasing loss values speak about the effective model training while sudden or 
erratic changes might signify inadequate model complexity or hyperparametrs in 
Fig. 6. 

Fig. 6 Training loss curve of the Random Forest classifier
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Fig. 7 ROC curve of the Random Forest classifier 

4.3 Evaluation with ROC Curve 

ROC for multi-class classification is revealed in the four classification evaluation 
metrics for the model across the four classification classes, where the x-axis is the 
False Positive Rate (FPR) and y-axis the True Positive Rate (TPR). Each class has 
its own ROC curve: The best discovered classification separates Class 0 with the 
AUC = 0.98 and Class 1 with the AUC = 0.97 which suggests that it has the best 
differentiation from other classes. Accuracy is best among Class 1 (AUC = 0.99), 
followed by Class 4 (AUC = 0.98), while Class 2 (AUC = 0.95) and Class 3 (AUC 
= 0.93) indicates that it could be further optimized. The diagonal line on the plot 
corresponds to random classification used as the benchmark. High AUC, especially 
for Class 0 and 1, reflects a good performance of the model in multi-class problem 
classification. The curve is shown in Fig. 7. 

4.4 Evaluation with Confusion Matrix 

The confusion matrix presented in Fig. 8 offers a detailed view of the model’s classi-
fication performance across five categories: Advanced_Level_I, Advanced_Level_ 
II, Early_Level_I, Early_Level_II, and Healthy. The model performs exceptionally
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Fig. 8 Confusion matrix of the Random Forest classifier 

well in identifying Advanced_Level_II, correctly classifying 71 instances with only 
2 misclassifications. It also shows strong accuracy in detecting Healthy leaves, with 
27 samples correctly identified and only minor confusion with Early_Level_I. Addi-
tionally, Advanced_Level_I achieved 6 correct predictions, with a small number of 
samples incorrectly labeled as Advanced_Level_II, suggesting a degree of feature 
similarity between the two severe stages of deficiency. 

In contrast, the early stages of nitrogen deficiency posed more of a challenge. For 
Early_Level_I, 18 instances were accurately predicted, but some were misclassified 
as Healthy or Early_Level_II. Early_Level_II showed a more dispersed pattern, with 
only 9 correct classifications out of the total, and several samples incorrectly predicted 
as either Advanced_Level_II or Early_Level_I. These results indicate that while the 
model is effective in identifying both healthy and severely affected leaves, it faces 
difficulty distinguishing between subtle differences present in the early stages of 
deficiency. Figure 8 clearly highlights these trends and underscores the need for 
further refinement in handling borderline cases.
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4.5 Model Interpretation with Explainable AI 

To better understand the decision-making process of our classification model, we 
utilized LIME (Local Interpretable Model-Agnostic Explanations). LIME helps 
interpret individual predictions by approximating the black-box model locally with a 
simpler, interpretable model. This method allows us to identify which features were 
most influential in classifying an image into a specific nitrogen deficiency stage. As 
illustrated in Fig. 9, LIME was applied to a sample image that the model classified 
as “Advanced Level II”, with a prediction probability of 0.53. Other classes such as 
Advanced Level I (0.19), Early Level II (0.24), Early Level I (0.04), and Healthy 
(0.01) received lower confidence scores, demonstrating the model’s high certainty 
in its prediction. 

The LIME explanation reveals that features such as Feature 63, Feature 155, and 
Feature 37 played crucial roles in guiding the model’s prediction toward “Advanced 
Level II”. These features, shown on the right side of Fig. 9, reflect important 
pixel-level or color-based indicators extracted from the leaf images. The corre-
sponding feature values (e.g., 1080.00, 1740.00, 303.00) suggest intensity variations 
commonly associated with severe nitrogen deficiency, such as pronounced yellowing 
or leaf fading. This interpretability not only validates the model’s decision with mean-
ingful visual and numerical cues but also provides agronomists and researchers with 
actionable insights. By using LIME, we ensure that the model is not only accurate 
but also transparent and trustworthy for use in precision agriculture.

Fig. 9 Model explanation result using LIME 
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Table 2 Comparative analysis with existing studies 

Study Techniques Result 

Adesanya and Yinka-Banjo [7] MobileNet and Caffe framework Accuracy 81% 

Tran et al. [13] Deep CNN Accuracy 79.09% 

Sethy et al. [14] ResNet-50 + SVM Accuracy 81.55% 

Salaić et al. [15] Random rotation methods + K-means Accuracy 73.33% 

Gul and Bora [16] DenseNet201 Accuracy 65.87% 

Proposed method Gaussian blur + color based feature 
extraction + Random Forest 

Accuracy 86% 

4.6 Comparison with Other Studies 

A performance comparison with existing methods is presented in Table 2, high-
lighting the relative effectiveness of the proposed approach. Various techniques have 
been explored in earlier work, including deep convolutional neural networks, transfer 
learning models, and combinations of traditional classifiers with advanced architec-
tures. While these methods have demonstrated moderate success, their reported accu-
racies generally range from around 65% to slightly above 81%. As shown in the table, 
the proposed method utilizing Gaussian blur for preprocessing, color-based feature 
extraction, and classification via a Random Forest algorithm, achieved an accuracy 
of 86%. This result not only exceeds the performance of previously used models but 
also emphasizes the value of combining classical image processing techniques with 
efficient machine learning algorithms. The method offers a practical and effective 
alternative without the complexity and resource demands of deep learning-based 
solutions. 

5 Conclusion 

This study presents a machine learning-based approach to detect nitrogen deficiency 
in tea leaves using image processing techniques. The proposed method effectively 
identifies early signs of nitrogen stress, such as leaf discoloration, by applying 
Gaussian Blur for noise reduction and extracting significant color features. Various 
machine learning classifiers, including Random Forest, Decision Tree, Naive Bayes, 
XGBoost, and Extreme XGBoost, were tested, among which the Random Forest 
classifier achieved the highest accuracy of 86%. Furthermore, to enhance model 
interpretability and trust, LIME was integrated to provide feature-level insights into 
the model’s decision-making process, aiding transparency and user understanding. 

In the future, this work can be enhanced by using larger and more diverse 
datasets to improve model generalization. Incorporating deep learning techniques
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and deploying the system in mobile applications can facilitate real-time field diag-
nosis. Additionally, expanding the model to detect other nutrient deficiencies can 
further support precision agriculture. 
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including Logistic Regression, Random Forest, Naïve Bayes, and Support Vector 
Machine, were individually fine-tuned using Grid Search with cross-validation. A 
soft-voting ensemble model was then constructed, integrating the weighted outputs 
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1 Introduction 

Crime has remained a persistent societal challenge throughout history, prompting 
legal systems worldwide to categorize criminal acts for improved judicial procedures. 
In Bangladesh, a densely populated country with a growing economy, disparities in 
income, education, and limited law enforcement resources contribute to a relatively 
high crime rate. Given the widespread daily readership of newspapers in the country, 
organizing and classifying crime-related news in a systematic and automated manner 
becomes crucial for timely public awareness and policy planning. 

Automatic text classification is a longstanding and significant research area in the 
field of natural language processing (NLP) and machine learning, especially with the 
proliferation of digital documents [1–3]. Broadly, text classification includes topic-
based and genre-based approaches. Topic-based classification assigns documents to 
predefined categories based on their subject matter [4]. In the domain of public safety, 
automated analysis of crime and drug-related texts plays a vital role in enhancing 
crime prevention and investigative measures [5]. 

Ensemble learning is a powerful machine learning paradigm that combines the 
outputs of multiple base models to achieve better predictive performance than any 
individual model. A typical ensemble pipeline involves three key stages: feature 
extraction, deployment of multiple learning algorithms, and aggregation of results 
via adaptive or weighted voting mechanisms [6]. Since a document can be consid-
ered a sequence of words [7], it is usually represented as a feature vector of word 
occurrences. However, not all words are equally informative. Common words (stop 
words) are typically removed during preprocessing to improve model performance 
[8]. 

To address the unique linguistic and contextual nuances of Bengali-language crime 
reporting, specialized classification methods must be developed. Despite the growing 
body of NLP research in high-resource languages like English, Bengali remains 
underrepresented due to limited annotated datasets and linguistic tools. This lack of 
resources hinders the development of robust automated systems for content analysis, 
particularly in socially critical domains such as crime reporting. In response to this 
gap, this study proposes a multi-class classification framework tailored to Bengali 
crime-related newspaper headlines using ensemble machine learning techniques. 

A novel dataset of Bengali crime headlines was developed, supporting the 
implementation of the proposed method. The approach leverages TF-IDF-based 
bigram feature extraction to preserve contextual relevance and employs a soft-
voting ensemble strategy to integrate the strengths of multiple classifiers, including 
Logistic Regression, Random Forest, Naïve Bayes, and Support Vector Machine. 
The ensemble model achieved high performance, with 94% accuracy, precision, and 
recall, and an ROC AUC of 99%, outperforming existing methods. These findings 
highlight the effectiveness of ensemble learning in complex classification tasks and 
demonstrate the potential of automated systems for media monitoring, public safety 
planning, and digital content moderation in under-resourced languages like Bengali.
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The rest of the paper is organized as follows: Sect. 2 presents a review of related 
work. Section 3 describes the proposed methodology. Section 4 discusses exper-
imental results and analysis. Finally, Sect. 5 concludes the paper and suggests 
directions for future research. 

2 Related Work 

Many researchers have used various techniques to predict crime classification from 
a Bengali news portal. The earlier studies on this topic have been discussed in this 
section. 

Tabashum et al. [9] investigated the effectiveness of different ML and DL models 
on a dataset of Bangla crime-related news. After applying preprocessing steps 
like tokenization, normalization, and stop-word removal, they used TF-IDF and 
Word2Vec for feature extraction. The models evaluated included Support Vector 
Machine (SVM), Naïve Bayes, Random Forest, Logistic Regression, Long Short-
Term Memory (LSTM), and Bidirectional LSTM (Bi-LSTM). Among these, Bi-
LSTM achieved the highest accuracy of 93.7%, while Random Forest performed 
best among traditional ML models. Similarly, Hossain et al. [10] addressed the clas-
sification of drug-related crime news using transformer-based deep learning models. 
They applied preprocessing steps similar to Tabashum et al. and used contextual 
embeddings suitable for transformers. Their models achieved an impressive accuracy 
of 94%, demonstrating their effectiveness in capturing nuanced linguistic features 
in Bangla crime news. Both studies highlight the growing potential of DL and 
transformer architectures in Bengali text classification tasks. 

Khan et al. [11] developed a classification system for Bengali crime news head-
lines by categorizing 7872 samples into six types: terrorism, murder/attempt to 
murder, corruption, harassment, drug-related crimes, and snatching/stealing/robbery. 
Using data from sources like Kaggle and Prothom Alo, they applied standard prepro-
cessing techniques such as null value removal, punctuation and stop-word elimina-
tion, and stemming with the Bangla Natural Language Processing Toolkit (BNLTK). 
Feature vectors were generated using TF-IDF, and a range of ML and DL models— 
including Logistic Regression, SVM, LSTM, Bi-LSTM, and Bangla-BERT—were 
tested. Bangla-BERT achieved the highest accuracy at 90.15%, while SVM attained 
75.58%. Similarly, Khushbu et al. [12] proposed a multi-class classification system 
for 8602 Bengali news headlines spanning 11 categories. After preprocessing through 
tokenization, stop-word removal, and stemming, they experimented with various 
feature extraction techniques and trained ML models such as SVM, Naïve Bayes, 
and Random Forest alongside a neural network with an RNN encoder-decoder 
structure. This RNN-based model yielded the best result, achieving 90% accuracy. 
Both studies highlight the effectiveness of deep learning architectures, particularly 
BERT and RNNs, in Bengali text classification, especially when paired with robust 
preprocessing and feature extraction.
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Rahman et al. [13] introduced a Graph Convolutional Network (GCN)-based 
approach for Bangla news classification across six domains: Education, Economy, 
International, Entertainment, Sports, and Technology. Their Text-GCN model was 
built using a graph of words and documents, linked via TF-IDF and PMI-based edges. 
Despite a small dataset sourced from the Prothom Alo portal, the model achieved an 
impressive 96.25% accuracy, outperforming BiLSTM, GRU-LSTM, LSTM, Char-
CNN, and BERT in low-resource settings. Complementing this, Chy et al. [14] devel-
oped a Naïve Bayes classifier for multi-label categorization of Bangla news using the 
IPTC taxonomy. By leveraging a custom crawler and RSS parser, they collected and 
preprocessed news data, removing digits and punctuation, eliminating stop words 
with IDF, and applying stemming via a dictionary-based method. Their classifier, 
trained on 208 and tested on 416 manually labeled documents, achieved high accu-
racy across 34 categories. Together, these works emphasize that even lightweight 
models like Naïve Bayes or GCNs can deliver strong results when paired with 
domain-specific preprocessing and structured classification schemes. 

Mahmud et al. [15] proposed an ensemble approach for classifying over 20,000 
Bengali news articles into categories such as Sports, Politics, Entertainment, and 
Health. After applying traditional text preprocessing techniques, they compared ML 
and DL models, including SVM, Random Forest, LSTM, and GRU. To improve 
performance, they introduced an Election System Algorithm that selected the most 
frequent class predicted by multiple models. This ensemble strategy significantly 
boosted accuracy by 8.5% over individual models, achieving an overall classifica-
tion accuracy of 95.45%. Their work demonstrates the power of hybrid modeling 
techniques and ensemble learning in improving classification robustness, especially 
in large-scale, multi-topic datasets. 

Existing studies mainly focus on binary or broad multi-class classification of 
Bengali crime news. In contrast, our work introduces a detailed classification system 
across eight crime categories. Unlike prior research by Khan et al. and Hossain et al., 
we use a soft-voting ensemble of Logistic Regression, Naïve Bayes, Random Forest, 
and SVM to ensure both accuracy and efficiency in low-resource settings. We also 
provide a new labeled dataset and use bi-gram TF-IDF features to enhance context 
understanding without the high computational cost of deep learning models. 

3 Methodology 

This research proposes a multi-class classification framework to automatically cate-
gorize crime-related Bengali newspaper headlines using ensemble machine learning 
techniques. The methodology follows a systematic pipeline that includes data collec-
tion, preprocessing, feature extraction, model selection, hyperparameter tuning, and 
ensemble integration. Each step is designed to enhance the classification accuracy 
while preserving the semantic integrity of the headlines. Figure 1 illustrates the 
overall workflow of the proposed system, outlining the sequential stages from raw 
text input to final classification output.



Ensemble-Based Classification of Bengali Crime News Headlines … 457

Fig. 1 Workflow of the proposed method 

3.1 Data Collection 

For this study, we introduced a dataset named “Bangla News Classification” dataset 
as shown in Table 1 aimed to facilitate crime text classification from Bengali news 
articles. The dataset contains 3000 data sourced from newspapers and categorized 
into 8 categories. It was then classified into eight categories in the dataset we gathered: 
rape, murder, robbery, attack, drug, kidnap, suicide, and theft as shown in Fig. 2. We  
obtained the target variable data based on the dataset we collected.
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Table 1 Bangla news classification dataset 

Fig. 2 Class distribution based on acquired data 

3.2 Data Preprocessing 

Data preprocessing is a crucial step in any machine learning pipeline, especially when 
working with textual data. To prepare the crime-related Bengali headlines for input 
into the classification models, several preprocessing operations were performed. 
Initially, all text was converted to lowercase, and unnecessary elements such as 
punctuation marks, special characters, and extra spaces were removed to ensure 
consistency and reduce noise in the data. Next, the text was transformed into numer-
ical representations using Term Frequency-Inverse Document Frequency (TF-IDF), 
a widely used method that assigns greater importance to words that appear frequently 
in a specific document but less frequently across the entire dataset [16]. To capture 
contextual meaning more effectively, bi-grams [17] were used instead of individual
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words. Bi-grams are pairs of consecutive words that help preserve phrase-level 
semantics, which is often important in crime-related language. Finally, the feature 
space was restricted to the top 5000 bi-grams based on their TF-IDF scores, ensuring 
a balance between model performance and computational efficiency. 

3.3 Label Encoding 

Label encoding is a fundamental preprocessing technique used to convert categorical 
variables into numerical form, enabling machine learning algorithms to process the 
data effectively [18]. In this step, the target labels (which indicate the category of each 
news headline) were converted into a numerical format so that they could be used in 
machine learning models. Since most machine learning algorithms cannot directly 
understand text labels like “murder” or “theft,” we needed to transform them into 
numbers. To do this, we used LabelBinarizer, a tool from the Scikit-learn library. 
This method converts each category into a binary format, also known as one-hot 
encoding. 

3.4 Hyperparameter Tuning 

The dataset was divided into two parts: 80% for training and 20% for testing, ensuring 
a balanced evaluation of model performance. Several performance metrics were used 
to assess the classification models, including accuracy, precision, recall, F1-score, 
confusion matrix, Receiver Operating Characteristic (ROC) curve, and Area Under 
the Curve (AUC) [19]. To optimize model performance, hyperparameter tuning was 
conducted using Grid Search in combination with threefold cross-validation. This 
method systematically explores a predefined set of parameter values while evalu-
ating the model on different subsets of the training data. Cross-validation reduces 
the risk of overfitting and helps ensure better generalization to unseen data. An 
ensemble model was used to enhance classification performance by combining the 
strengths of individual base classifiers. Hyperparameter tuning was also applied to 
the ensemble model to maximize its predictive accuracy. The specific hyperparameter 
configurations for each model are presented in Table 2.

3.5 Ensemble Model Creation 

After evaluating the individual classifiers, an ensemble model was created to improve 
overall prediction performance. Specifically, we used a soft-voting ensemble clas-
sifier, which combines the output probabilities of multiple classifiers to make the 
final prediction. Unlike hard voting (which simply takes the majority class), soft
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Table 2 Hyperparameters used in different models 

Model Hyperparameter Value 

Logistic Regression C (regularization parameter) 1 

Max_iter 1000 

Random Forest n_estimators 200 

Naïve Bayes Alpha 0.5 

SVM Estimator Linear SVC 

Ensemble Voting Soft 

Weights 2, 2, 1, 2

voting considers the predicted probabilities from each model and chooses the class 
with the highest overall average probability. The ensemble was built using the best-
tuned versions of the four models: Logistic Regression, Random Forest, Multinomial 
Naive Bayes, and SVM (with probability calibration). Each model’s output was given 
a weight depending on how well it performed during validation. 

3.6 Model Performance Evaluation 

Evaluating the performance of machine learning models is a critical step in deter-
mining the effectiveness, reliability, and generalizability of a model. In this study, 
several widely accepted performance metrics have been employed, including accu-
racy, precision, recall, F1-score, confusion matrix, Receiver Operating Characteristic 
(ROC) curve, and Area Under the Curve (AUC). Each of these metrics provides a 
different perspective on how well the model performs, especially in the presence of 
imbalanced datasets or varying classification thresholds. These metrics collectively 
provide a comprehensive evaluation framework that ensures the model is not only 
accurate but also robust, especially under various data distributions and application 
scenarios. In this study, they have been used to compare and validate the predictive 
capabilities of different machine learning algorithms applied to the dataset. 

4 Result and Discussion 

The experiments were conducted using Google Colab Notebook, a cloud-based 
Jupyter environment that requires no local setup and provides free access to compu-
tational resources such as GPUs and TPUs. This platform facilitated rapid proto-
typing and iterative testing of machine learning models in an efficient and scal-
able manner. Essential Python libraries were used throughout the implementation, 
including Pandas for structured data manipulation, NumPy for efficient numerical
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computations, and Matplotlib for generating visual representations of results and 
evaluation metrics. 

All experiments were performed using Python 3, which provided extensive 
support for machine learning and natural language processing tasks. During execu-
tion, the environment utilized approximately 1.3 GB of system RAM (out of 12.7 GB 
available) and 32.7 GB of disk storage (out of 107.7 GB available), ensuring 
adequate computational resources for model training, evaluation, and result visu-
alization. The cloud-based infrastructure not only enabled resource-efficient compu-
tation but also ensured reproducibility and accessibility for further experimentation 
and collaboration. 

4.1 Classification Report 

Ensemble-based methods demonstrated the most reliable and consistent perfor-
mance across all models, showing strong capability in identifying subtle variations 
in Bengali crime-related headlines. These models achieved high scores in accu-
racy, precision, recall, F1-score, and ROC AUC, highlighting their effectiveness in 
handling complex classification tasks. 

Among the individual classifiers, the Random Forest model showed well-balanced 
and robust results, confirming its suitability for moderately complex text classifi-
cation. Support Vector Machine (SVM) also performed competitively, delivering 
high precision and recall. Both models proved effective in distinguishing between 
closely related crime categories. The ensemble model, which integrated the predic-
tive strengths of top-performing classifiers, outperformed all standalone models. 
Its superior results confirm the benefits of ensemble learning, especially in text-
based multi-class classification. A detailed comparison of model performance across 
various evaluation metrics is presented in Table 3, emphasizing the ensemble model’s 
advantage in achieving greater classification accuracy and generalization. 

Table 3 Classification report of different models 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) AUC (%) 

LR 93 94 93 93 99 

RF 93 94 93 93 98 

NB 83 84 83 81 98 

SVM 93 94 93 93 99 

ENSEMBLE 94 94 94 94 99
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Fig. 3 Confusion matrix of ensemble model 

4.2 Confusion Matrix 

The confusion matrix shown in Fig. 3 provides deeper insights into the ensemble 
model’s classification performance across eight crime categories. The model accu-
rately classified the majority of instances in each class. For example, it correctly 
identified 132 out of 135 cases of rape, missing only 3 (2 false negatives and 1 
misclassification). Similarly, it correctly classified 73 out of 77 murder cases, and 
63 out of 67 attack cases, demonstrating strong performance in high-frequency cate-
gories. For less frequent crimes like kidnap and drug, the model maintained high 
precision, correctly classifying 58 out of 60 and 61 out of 63 cases, respectively. 
Minor misclassifications occurred across classes, such as robbery and theft, where a 
few instances overlapped. Overall, the matrix reflects the model’s robust capability 
in handling multi-class classification with high accuracy, particularly for dominant 
classes, and minimal confusion among similar crime categories. 

4.3 ROC Curve 

The ROC curve illustrates the classification performance of the ensemble model 
across various crime categories, including attack, drug, kidnap, and others. Each 
colored line represents the Receiver Operating Characteristic (ROC) curve for a 
specific class. Curves that approach the top-left corner indicate better classification
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Fig. 4 ROC curve of the ensemble 

performance, reflecting a high true positive rate and a low false positive rate. An Area 
Under the Curve (AUC) value of 0.99 demonstrates the model’s excellent ability to 
distinguish between the different crime categories. As shown in Fig. 4, the  ROC  
curves visually confirm the ensemble model’s consistent and strong performance 
across all classes. 

4.4 Comparative Analysis 

After our analysis, we contrasted our model’s performance with earlier research. 
However, once all the trials were finished, it was clear that our trained Ensemble 
model performed the best, as shown in Table 4. This demonstrates its higher ability 
to categorize academic achievement into classifying crime based on headlines.

5 Conclusion and Future Work 

This study addresses the challenge of automatically classifying Bengali crime news 
headlines through a machine learning-based framework designed for fine-grained 
categorization. By introducing a new dataset comprising 3000 headlines labeled 
across eight distinct crime categories: rape, murder, robbery, attack, drug, kidnap,



464 S. Islam et al.

Table 4 Performance comparison of proposed work with existing work 

Work Method Category Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1 score 
(%) 

Tabashum 
et al. [9] 

Shallow CNN 6 93 93 93 93 

Hossain 
et al. [10] 

Zero shot 4 94 96 92 94 

Khan et al. 
[11] 

Bangla-BERT 6 90 90 90 90 

Proposed 
work 

Ensemble 8 94 94 94 94

suicide, and theft, we fill a significant gap in existing research, which has predom-
inantly focused on broader or binary classifications. Using TF-IDF-based bi-gram 
features and established machine learning models, we developed an ensemble system 
that integrates Logistic Regression, Naïve Bayes, Random Forest, and SVM clas-
sifiers through soft voting. This approach not only enhances classification perfor-
mance but also maintains computational efficiency, making it suitable for real-world 
applications in low-resource environments. Our results demonstrate that traditional 
models, when optimized and combined effectively, can deliver competitive perfor-
mance without the computational overhead of deep learning architectures. This work 
offers a practical and scalable solution for structured crime news analysis in the 
Bengali language, contributing meaningfully to both academic research and societal 
needs. 

Future work includes expanding the dataset with additional news headlines 
from previous years and incorporating model interpretation techniques such as 
LIME for more comprehensive analysis. Given the limited amount of Natural 
Language Processing (NLP) research in the Bengali language, this study lays a 
strong foundation for future work in Bengali language processing. 
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IoT-Enabled Smart Belt and Mobile App 
for Enhancing Women’s Safety 
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M. Therasa, and Manjunathan Alagarsamy 

Abstract The alarming rise in women abuse and violence against women highlights 
the urgent need for smart, tech-driven safety solutions. This capstone project intro-
duces a novel sensor-based system integrated with a smart waist belt and a mobile 
application to enhance real-time protection for women. The belt uses advanced 
sensors—such as accelerometers, and pressure sensors—to detect distress through 
sudden movements or abnormal pressure patterns. When triggered, the system 
sends an automatic alert containing the user’s real-time GPS location and a distress 
message to pre-configured emergency contacts. A loud alarm can also be activated 
to attract attention and deter potential attackers. The mobile application, developed 
using Android studio, allows users to customize sensitivity levels, manage emer-
gency contacts, and monitor alerts through a user-friendly interface. This integrated 
hardware-software solution aims to offer a reliable, scalable, and proactive tool for 
personal safety, empowering women and contributing to broader efforts in reducing 
violence and abuse.
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Keywords Women safety · Smart waist belt · Sensor-based system · Emergency 
alert · Real-time monitoring 

1 Introduction 

1.1 Background of the Project Domain 

In recent years, the surge in sexual abuse and violence against women has emerged as 
a pervasive and urgent global concern. The issue is not limited to any one country or 
region but is prevalent worldwide, affecting women of all ages, ethnicities, and social 
backgrounds. Reports from organizations such as the World Health Organization 
(WHO) and the United Nations (UN) have shown that, on average, one in three 
women globally experiences some form of physical or sexual violence in her lifetime. 
This trend is particularly alarming in urban areas, where women are more likely 
to travel alone for work, education, or daily routines, making them vulnerable to 
potential threats. 

Despite increased awareness and legal frameworks aimed at protecting women’s 
rights, the frequency of sexual harassment, molestation, and abuse continues to rise. 
Societal efforts, including self-defense training and public awareness campaigns, 
have proven beneficial but insufficient in addressing the core issue of women’s safety. 
In response, there has been growing interest in leveraging technological advance-
ments to create more effective, reliable, and immediate solutions to protect women 
from harm. 

1.2 Motivation and Relevance 

The motivation behind this project is driven by the distressing reality that the number 
of crimes against women remains high despite various preventive measures taken by 
authorities and communities. Incidents of sexual violence not only compromise the 
physical safety of women but also inflict long-term psychological trauma, affecting 
their confidence, emotional well-being, and ability to engage in everyday activities 
without fear. Women often face restrictions on their mobility due to safety concerns, 
which in turn limits their professional opportunities and social interactions, ultimately 
contributing to gender inequality. Traditional safety solutions, such as wearable panic 
buttons or emergency calling apps, require manual activation by the user. However, 
during an abuse, the victim may not have the time, presence of mind, or physical 
ability to activate these safety features. This limitation highlights the need for auto-
mated, hands-free systems that can detect distress and send alerts autonomously. 
The proposed project seeks to bridge this gap by leveraging technology to enhance
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women’s safety through proactive measures that do not rely on user input during 
critical moments. 

1.3 Problem Statement 

Despite the rapid advancements in technology and the increasing proliferation of 
mobile safety applications, the world continues to witness alarming rates of violence 
against women. These incidents often occur in public spaces, homes, or other envi-
ronments where victims may not have immediate access to help. Although there 
are numerous safety applications available today, many of them still require manual 
activation, making them impractical in situations where a victim might be unable to 
reach their device in time due to panic, physical incapacitation, or the suddenness 
of an abuse. In scenarios where every second counts, relying on a manual trigger 
can severely delay the response time, reducing the chances of timely intervention. 
Additionally, victims may not have the luxury of time or physical capacity to unlock 
their phones, navigate to an application, and press an emergency button. This high-
lights a fundamental limitation in current safety solutions, which are reactive rather 
than proactive. Given the inadequacy of traditional approaches to provide immediate 
and autonomous responses, there is a significant gap in the availability of solutions 
that can detect a distress situation automatically and initiate a real-time alert to 
emergency contacts without any manual intervention. For instance, existing safety 
applications can be useful under normal circumstances but may fail in scenarios 
where the victim is restrained, unconscious, or unable to access their phone due to 
physical or psychological shock. 

Moreover, existing solutions do not fully leverage the advancements in wearable 
technology and IoT (Internet of Things) to create a seamless, integrated approach that 
works in real-time to protect women. The need for a wearable device that can detect, 
alert, and provide timely information in potential abuse situations is clear. Such a 
system could autonomously respond to an emergency situation, thereby significantly 
enhancing the chances of timely assistance and reducing the risk of harm to the victim. 
The problem this project seeks to address can be defined as follows. 

“How can we develop a wearable device integrated with a mobile application that 
automatically detects and alerts trusted contacts during potential abuse situations, 
thereby enhancing the safety of women in real-time?” The solution to this problem 
lies in the development of a system that combines wearable technology with an 
intelligent, automated alert mechanism. By leveraging advanced sensors to detect 
unusual physical activities or impacts that might suggest distress, the system can 
autonomously send alerts to trusted contacts, significantly reducing response time. 
This project aims to fill the gap by providing a proactive and robust solution that can 
function even in extreme situations where the victim is unable to manually activate 
an SOS mechanism. The goal is to create a system that enhances personal safety, 
empowers women, and provides an extra layer of security during critical moments.
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2 Related Works 

Internet of Things (IoT) and Artificial Intelligence (AI) has facilitated the creation 
of real-time, intelligent safety solutions to cater to women’s security and well-being. 
Recent studies identify several technological interventions that offer proactive and 
reactive support mechanisms. 

Clement et al. [1] presented a smart wearable device with AI and IoT integration 
for real-time tracking and emergency assistance. The device integrates sensors and 
communication modules to identify distress and send notifications in real time to pre-
identified contacts and authorities. The integration of GPS and biometrics ensures 
accurate location tracking and monitoring of health status, making the solution a 
comprehensive real-time safety system. Islam et al. [2] suggested an IoT framework 
for machine learning that detects possible harassment scenarios based on environ-
mental and behavioral inputs. Through the use of AI models for data processing in 
real time, their system can recognize suspicious patterns of activity and autonomously 
trigger safety procedures. This highlights the potential use of predictive analytics for 
pre-emptive rather than reactive safety. Boomika et al. [3] proposed a GPS-based 
IoT tracking system designed specifically for women’s safety. Their research aims at 
continuous location tracking and real-time communication, making sure that users 
are always traceable. The ease and convenience of the system make it ideal for 
actual deployment in various geographic and socio-economic environments. Khan 
and Amjad [4] reported an extensive review of current IoT-based women’s safety 
solutions, comparing their efficacy, ease of use, and integration into larger smart 
city infrastructures. Their work highlights interoperability, user-oriented design, and 
privacy-enhancing mechanisms as crucial in such solutions. 

Das and Swain [5] deployed an IoT module and cloud-based real-time safety 
system. Their system comprises panic buttons and built-in alerting features, providing 
prompt help and data storage for post-incident analysis. Although simpler compared 
to AI-based systems, the real-time nature of their model is especially important. 
Singh et al. [6] concentrated on the protection of IoT-enabled web applications 
employed within women’s safety ecosystems. They promoted the deployment of 
sophisticated security protocols to secure sensitive user data and system integrity. 
Their work emphasizes the parallel challenge of security and safety while devel-
oping these solutions. Hadkar et al. [7] designed an effective IoT-based women’s 
safety system prioritizing low power usage and light weight. Their system focuses 
on real-time alerting through GSM and GPS modules, and it is specially designed 
for deployment in locations where network coverage is limited. 

Roy et al. [8] designed “Safe-Women,” a smart safeguarding device that is IoT-
enabled. The architecture uses GPS, GSM, and sensors to identify abrupt movements 
or falls and notify emergency contacts. The solution prioritizes the middle ground 
between price and technicality. Ponnusamy et al. [9] brought out a holistic volume 
outlining numerous AI, wearable, and surveillance technologies to support women’s 
wellbeing. Their work amalgamates multiple views and applications such as moni-
toring, situational awareness, and psychological assistance by using AI-facilitated
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systems. Finally, Kavitha et al. [10] investigated wearable IoT sensors for tracking 
women’s health parameters, emphasizing the interconnectedness of physical health 
and personal safety. Their sensor monitors vital signs and alerts in case of any 
abnormalities, filling the gap between health tracking and security applications. 

These studies collectively underscore the significant potential of integrating IoT 
and AI for women’s safety. From real-time emergency responses to predictive threat 
detection and comprehensive monitoring, the literature emphasizes a multidisci-
plinary approach involving hardware design, software intelligence, and ethical data 
management. Future research should aim to enhance system scalability, ensure data 
privacy, and validate the real-world effectiveness of these technologies across diverse 
populations and environments. 

3 Proposed System 

The waist belt should incorporate a comprehensive set of advanced sensors, such 
as accelerometers, gyroscopes, and pressure sensors, to detect a range of potential 
distress signals. These sensors should be able to monitor the user’s movements and 
identify any sudden shifts or abnormal pressure changes that could indicate a distress 
situation. The sensors should be capable of differentiating between normal physical 
activities and potentially harmful or violent motions, such as pushing, shoving, or 
sudden falls. The system should be capable of detecting small, nuanced changes in 
body movements to ensure no distress situation goes unnoticed. The system should be 
sensitive enough to identify various types of violent actions, including physical abuse 
or abrupt force exertion on the wearer. The sensors should be calibrated in a way 
that minimizes false positives, ensuring the device is activated only during genuine 
distress events. The integrated sensors should have real-time feedback capabilities, 
ensuring prompt detection and action when distress signals are detected. 

Automatic Alerts 

Upon detection of distress signals, the system should immediately initiate an auto-
mated SOS alert that includes critical details such as the user’s current GPS loca-
tion, timestamp, and a distress message. The system should be capable of notifying 
a predefined list of emergency contacts, including close family members, friends, 
and local emergency services. The system should also support the configuration of 
multiple emergency contacts to ensure a broader safety net in case one of them cannot 
respond. The SOS message should be transmitted through various communication 
channels, including SMS, push notifications, or even voice calls to ensure it reaches 
the emergency contacts as quickly as possible. The message should include the exact 
GPS coordinates, a live location link (e.g., Google Maps), and any relevant data, 
such as the type of distress detected (if applicable). The alert should be sent in such 
a way that it ensures the user’s privacy while conveying the urgency of the situa-
tion. In case the GPS signal is weak or unavailable, the system should attempt to
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use other location-detection methods, such as Wi-Fi triangulation or cellular tower 
information, to provide the most accurate location possible. 

Emergency Alert System Integration 

The system is designed to operate efficiently using hardware components and a 
Python-based alert mechanism, eliminating the need for a mobile application. Instead 
of relying on an app, the system uses Twilio API to send real-time SMS alerts to a 
registered mobile number whenever an emergency is detected. The entire process is 
handled by a Python script, which communicates with the Arduino-based hardware 
system to ensure immediate response in distress situations. The Arduino microcon-
troller continuously monitors inputs from the MPU6050 accelerometer and push 
button. If a sudden forceful movement is detected or the panic button is pressed, 
the Arduino triggers both the buzzer and a signal to the Python script running on a 
connected system (such as a laptop or Raspberry Pi). This script processes the alert 
and sends an emergency SMS to a predefined contact via Twilio API. To enhance 
reliability, the system allows users to configure emergency contacts directly in the 
Python script before deployment. This ensures that the alert message reaches the 
correct recipient instantly. Additionally, the system provides a manual override option 
through the push button, allowing the user to activate the alarm and send an alert even 
if the accelerometer does not detect movement. The buzzer plays a crucial role in the 
system by providing an immediate audio alert whenever an emergency is detected. It 
helps grab the attention of people nearby, increasing the chances of quick assistance. 
Since the system does not rely on a mobile app, the buzzer and SMS notification 
work independently, ensuring a robust and real-time response mechanism. 

Loud Alarm 

To ensure the device can effectively attract attention during an emergency, the waist 
belt should be equipped with a loud and attention-grabbing alarm that activates 
automatically when distress is detected. The alarm should be loud enough to be 
heard in noisy environments, ensuring bystanders are alerted to the user’s distress. 
The loud alarm must be capable of sustaining its sound for a reasonable duration 
(at least 30–60 s) to ensure it is effective in attracting attention. Additionally, the 
alarm’s tone should be distinct and difficult to ignore, ensuring its activation cannot 
be overlooked in public or crowded spaces. The alarm system should be designed 
to avoid accidental activations during non-distress situations, and its sound intensity 
should be adjustable through the mobile app in case the user needs to modify it for 
specific scenarios (e.g., quieter environments). 

User Configuration 

The mobile app should provide an intuitive user interface that allows the user to 
configure key settings easily. The app must include features that enable the user to 
input and modify emergency contacts, which will be notified in the event of a distress 
signal. The system should also offer options to adjust or deactivate certain features, 
such as the alarm sound or the frequency of updates. Additionally, users should be 
able to easily access historical data, such as a log of past alerts or distress signals,
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within the app. A user-friendly onboarding process should be provided to guide new 
users through the setup and configuration process, ensuring they understand how to 
properly configure and use the device for maximum safety. 

Non-functional Requirements-Reliability 

The system must be highly reliable, ensuring that distress signals are accurately 
detected and alerts are sent out with minimal errors. False positives should be avoided 
as much as possible, with the system only triggering alarms in response to genuine 
distress situations. The system should be designed to operate under a wide range 
of environmental conditions, including varying temperatures, humidity levels, and 
physical conditions, without compromising on performance. It should also be able to 
function reliably across different devices and operating systems (iOS, Android). In 
cases where communication failures or technical issues may occur (e.g., Bluetooth 
disconnection or GPS failure), the system must be capable of either retrying the alert 
or switching to alternate communication protocols to ensure the alert still reaches 
the emergency contacts. 

Power Considerations and System Reliability 

As shown in Figs. 1 and 2, the women’s safety smart belt operates entirely on a wired 
connection without incorporating any dedicated power source, such as a battery or 
rechargeable unit. Since the system does not require an internal power supply, its 
functionality depends on an external power source, such as a direct connection to 
a computer, power adapter, or any compatible supply via Arduino’s USB interface. 
This setup ensures continuous operation as long as the system remains connected, 
making it suitable for real-time emergency alert functionality without concerns about 
battery depletion. Since no dedicated battery or power-saving mechanism is included, 
the system does not require additional power management. The Arduino, accelerom-
eter, buzzer, and push button remain powered as long as the Arduino board itself is 
connected to an external power source. This eliminates the need for battery moni-
toring, charging circuits, or power optimization strategies, making the design simple 
and efficient. To maintain reliability, users must ensure that the Arduino is always 
properly connected to a power source when in use. If the system is deployed in a 
wearable format, a small portable power bank can be used to maintain its function-
ality without requiring access to a fixed power outlet. However, this is optional and 
depends on how the device is integrated into the final wearable form.
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Fig. 1 Design architecture 

Fig. 2 Workflow diagram of the smart belt
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4 Results and Discussion 

4.1 Implementation 

The Women’s Safety Smart Belt is a wearable emergency alert system designed 
to enhance women’s safety by detecting distress situations and notifying trusted 
contacts in real time. The system integrates an MPU6050 accelerometer, a push 
button, a buzzer, and an Arduino to create a compact and efficient safety solution. It 
operates in two ways: automatically and manually. The accelerometer continuously 
monitors movement, and if it detects sudden force or impact, the system triggers 
the buzzer and sends an emergency alert message to a registered mobile number via 
Twilio API. Additionally, the user can manually press the push button to activate the 
buzzer and send the alert message in case of an emergency. The system is designed to 
be small enough to fit inside a belt buckle, ensuring real-time usability and portability. 

This smart belt provides an effective and immediate response to potential threats 
by combining sensor-based detection with manual activation. The buzzer acts as an 
immediate audio alarm to alert people nearby, discouraging attackers. The Arduino 
processes signals and communicates with a Python script, which sends an SMS alert 
to predefined contacts. Designed for low power consumption with a 3.8 V battery, the 
device ensures prolonged operation. Its compact and user-friendly design makes it a 
reliable and practical safety tool, offering a proactive approach to personal security 
in dangerous situations. 

Working Principle 

1. Sensor Activation: The MPU6050 accelerometer continuously monitors motion. 
2. Sudden Force Detection: If a sudden force (above a threshold) is detected, it 

triggers an alert. 
3. Manual Activation: The user can press a push button to manually trigger the 

alarm and send an emergency alert. 
4. Buzzer Activation: The buzzer rings loudly to attract attention. 
5. The message is delivered to the registered contact’s mobile. 

Arduino Code Implementation 
#include <Wire.h> 
#include <MPU6050.h> 
MPU6050 mpu; 
const int buttonPin = 2; // Button connected to digital pin 2 
const int buzzerPin = 3; // Buzzer connected to digital pin 3 
int lastState = HIGH; // Track last button state 
// Variables for movement detection 
int16_t ax, ay, az, gx, gy, gz; 
int16_t prevAx = 0, prevAy = 0, prevAz = 0; 
const int threshold = 10000; // Adjust based on testing 
void setup() {
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Serial.begin(9600); 
pinMode(buttonPin, INPUT_PULLUP); 
pinMode(buzzerPin, OUTPUT); 
// Initialize MPU6050 
Wire.begin(); 
mpu.initialize(); 
if (!mpu.testConnection()) { 

Serial.println("MPU6050 connection failed!"); 
while (1); 

} 
Serial.println("MPU6050 connected."); 
delay(2000); 

} 
void loop() { 
int buttonState = digitalRead(buttonPin); 
// Button Press Logic 
if (buttonState == LOW && lastState == HIGH) { 

Serial.println("Button Pressed!"); 
digitalWrite(buzzerPin, HIGH); 
delay(2000); 
digitalWrite(buzzerPin, LOW); 
delay(300); 

} 
lastState = buttonState; 
// Read Accelerometer Data 
mpu.getMotion6(&ax, &ay, &az, &gx, &gy, &gz); 
int deltaX = abs(ax - prevAx); 
int deltaY = abs(ay - prevAy); 
int deltaZ = abs(az - prevAz); 
// Sudden Movement Detection 
if (deltaX > threshold || deltaY > threshold || deltaZ > threshold) { 

Serial.println(" Emergency! Sudden Movement Detected! "); 
} 
// Print Sensor Data 
Serial.print("Accel (X, Y, Z): "); 
Serial.print(ax); Serial.print(", "); 
Serial.print(ay); Serial.print(", "); 
Serial.println(az); 
Serial.println("---------------------------"); 
prevAx = ax; 
prevAy = ay; 
prevAz = az; 
delay(1000); 

}
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4.1.1 Python Script 

Import serial 
import time 
from twilio.rest import Client 
SERIAL_PORT = "COM5" 
BAUD_RATE = 9600 
TWILIO_ACCOUNT_SID = "AC612233b816427583795903733f99bec5" 
TWILIO_AUTH_TOKEN = "c7c264845a4b2b1f69968cd4d1b9e0db" 
TWILIO_PHONE_NUMBER = "+17813588821" 
RECIPIENT_PHONE_NUMBER = "+919008436429" 
client = Client(TWILIO_ACCOUNT_SID, TWILIO_AUTH_TOKEN) 
def send_sms_alert(): 
"""Send an emergency alert SMS using Twilio.""" 
message = client.messages.create( 

body=" Emergency Alert! Unusual Activity is Detected", 
from_=TWILIO_PHONE_NUMBER, 
to=RECIPIENT_PHONE_NUMBER 

) 
print(f"SMS sent! Message SID: {message.sid}") 

try: 
ser = serial.Serial(SERIAL_PORT, BAUD_RATE, timeout=1) 
time.sleep(2) 
print(f"Connected to {SERIAL_PORT}. Listening for emergency signals…\n") 
while True: 

line = ser.readline().decode(’utf-8’).strip() 
if line: 
print(line) 
if "Button Pressed!" in line: 
print(" Emergency detected! Sending SMS alert…") 
send_sms_alert() 

except serial.SerialException: 
print("Failed to connect. Check if Arduino is properly connected & COM port 

is correct.") 
except KeyboardInterrupt: 
print("\nExiting…") 
if ser: 

ser.close() 
The Women’s Safety Smart Belt shown in Fig. 3 incorporates an MPU6050 

accelerometer to continuously monitor movement and detect sudden or unusual 
force. This sensor plays a crucial role in identifying distress situations, such as a 
push, hit, or fall. When the accelerometer detects a forceful movement that exceeds 
a predefined threshold, it automatically triggers the buzzer to produce a loud sound 
and sends an emergency alert message to a registered contact In addition to automatic
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detection, the system includes a manual panic button (D2) that provides an alterna-
tive way to trigger an alert. If the user feels threatened or needs immediate help, they 
can press the button, which instantly activates the buzzer and sends an emergency 
SMS to a predefined mobile number. This feature is essential because not all distress 
situations involve a sudden force—some threats may require manual activation to 
seek help before escalation. The buzzer (D3) is a critical component in this system, 
serving as an audio alert mechanism. It is activated either by the accelerometer 
detecting forceful movement or by the user pressing the panic button. When acti-
vated, the buzzer produces a loud alarm, drawing the attention of nearby people and 
discouraging potential attackers. The buzzer ensures that even in situations where the 
mobile alert may take a few seconds to send, an immediate local response can be trig-
gered to assist the user. The emergency message alert system is powered by Twilio, a 
cloud-based communication service that enables SMS messaging. When the Arduino 
detects an emergency, it sends a signal to a Python script, which runs on a computer 
or Raspberry Pi. The Python script processes the signal and triggers Twilio’s API 
to send an SMS to the registered contact’s phone number. This allows for a real-
time communication system, ensuring that help is notified as quickly as possible. 
Overall, this system provides a multi-layered safety approach by combining auto-
matic detection, manual activation, and real-time alerts. The accelerometer contin-
uously monitors movement, the panic button allows user intervention, the buzzer 
provides an immediate local alert, and Twilio ensures remote assistance through 
emergency messaging. By integrating these elements into a compact belt buckle, the 
device remains discreet yet effective, making it a reliable and practical solution for 
women’s safety in real-world scenarios. 

Fig. 3 Circuit diagram
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4.2 Results 

The women’s safety smart belt system was successfully implemented and tested, 
demonstrating its effectiveness in detecting distress situations and providing an 
immediate emergency response. The system is designed to work with four key 
components: an MPU6050 accelerometer, an Arduino microcontroller, a buzzer, and 
a push button. These components work together to detect sudden forceful movements 
or manual distress signals, ensuring that an alert is triggered when necessary. During 
testing, the MPU6050 accelerometer effectively detected sudden jerks or forceful 
movements that might indicate an emergency situation. The Arduino processed these 
signals in real time and immediately activated the buzzer, providing an audible alert 
to attract attention. In addition to automatic detection, the push button served as a 
manual trigger, allowing the user to activate the alarm at any time in case of distress 
as shown in Fig. 4. This ensures that the system is not solely dependent on motion 
detection and can still function effectively in situations where movement may be 
restricted. 

One of the key advantages of this system is that it does not require a separate 
mobile application or complex user interactions. The system operates independently 
and continuously monitors the wearer’s safety without requiring manual intervention. 
The buzzer acts as an immediate distress signal, making it useful in situations where 
the user may not have access to their phone. The reliability of hardware-based alerts 
ensures that even if the user is unable to call for help manually, the system will 
automatically detect and respond to threats.

Fig. 4 Alert notification in 
mobile 
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The alert system was further enhanced by integrating a Python script that commu-
nicates with the Arduino. When either the accelerometer detects an abnormal move-
ment or the button is pressed, the Arduino sends a signal to the Python script, which 
then uses Twilio’s SMS API to send an emergency message to a registered contact 
number. This allows a predefined emergency contact to be notified instantly, ensuring 
that help can be sought as quickly as possible. The real-time response of the system 
was verified through multiple test scenarios, where alerts were successfully sent 
within seconds of an emergency trigger. 

In conclusion, the implementation of the women’s safety smart belt successfully 
meets the goal of real-time distress detection and emergency alert activation. Through 
a combination of motion sensing, manual triggering, and automated alert messaging, 
the system provides an effective and proactive safety mechanism. Its ability to func-
tion without dependence on external applications or continuous monitoring makes it 
a practical and reliable solution for real-world safety concerns. 

5 Conclusıon and Future Scope 

The women’s safety smart belt has been successfully developed and tested, demon-
strating its ability to provide a real-time distress detection and alert system. By inte-
grating an MPU6050 accelerometer, Arduino microcontroller, buzzer, and a push 
button, the system effectively detects sudden forceful movements and provides a 
manual emergency activation option. The buzzer serves as an immediate alert mech-
anism, attracting the attention of people nearby, while the Python script linked to 
Twilio’s SMS API ensures that emergency messages are promptly sent to a registered 
contact, enabling quick assistance in distress situations. Through rigorous testing, the 
system has proven to be highly responsive, accurate, and reliable. The accelerometer 
successfully detects unexpected forceful movements, triggering the necessary alerts, 
while the push button provides an additional layer of security, allowing users to manu-
ally send an alert if needed. The Python-based emergency messaging system ensures 
that critical notifications reach emergency contacts within seconds, enhancing the 
system’s overall effectiveness in real-life scenarios. 

A significant advantage of this system is its ability to function independently 
without requiring a mobile application. The hardware-based approach ensures that 
alerts are generated instantly, without requiring the user to access their phone or 
perform additional actions. The simplicity and real-time responsiveness of the system 
make it a practical and reliable safety solution for individuals facing dangerous 
situations. Furthermore, the design of this project eliminates complex dependencies 
on external software, making it an efficient and low-maintenance solution for personal 
safety. By focusing on sensor-based automatic detection and a manual emergency 
trigger, the system provides a comprehensive safety mechanism that can be integrated 
into wearable devices for real-world applications. 

Additionally, the project highlights the importance of wearable safety technology 
in enhancing personal security. Since it operates on simple electronic components,
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it is both cost-effective and scalable, making it accessible to a larger audience. The 
ability to detect emergencies autonomously and trigger alerts without requiring active 
user input ensures that the system remains effective even in situations where the 
wearer may be unable to call for help. With further refinements, such as size reduc-
tion using a PCB (Printed Circuit Board) instead of a breadboard, the system could be 
optimized for daily use, providing enhanced protection and peace of mind for individ-
uals in vulnerable situations. In conclusion, the women’s safety smart belt success-
fully addresses the need for an autonomous, fast, and reliable safety alert system. 
By combining sensor-driven detection, immediate audio alarms, and real-time emer-
gency messaging, the system ensures that help can be sought quickly and efficiently 
in critical situations. Its ability to function without additional external dependencies 
makes it an ideal and practical safety solution for real-world implementation. 
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1 Introduction 

Communication is a vital part of human interaction, yet over 70 million deaf and mute 
people worldwide face challenges when others cannot understand sign language. 
While sign language is effective within their community, its lack of universal 
understanding limits their inclusion in education, work, and society. 

To bridge this gap, a real-time sign language-to-speech converter can transform 
communication by enabling seamless interaction between sign language users and 
non-users. This project focuses on developing a user-friendly human–computer inter-
face that recognizes sign language gestures and converts them into speech. This 
project proposes a novel approach by utilizing a Convolutional Neural Network 
(CNN) and MediaPipe, which is a framework developed by Google used for building 
real-time multimedia applications and in this project is used to perform hand 
landmark detection. 

The core contribution of this work to the landscape of already existing tools 
for real-time sign language to speech conversion is that this system identifies hand 
gestures with higher accuracy and speed, even in challenging conditions like poor 
lighting or complex backgrounds. Integrated with a text-to-speech tool, namely 
the Pyttsx3 library, the solution ensures real-time gesture recognition and speech 
synthesis for smooth and natural communication. 

This innovation empowers the deaf and mute communities, enabling them to 
interact more effectively and fostering inclusivity in a world striving for accessibility 
and equality. 

2 Literature Review 

Considerable progress was seen in the last couple of years in developing the commu-
nication technologies to link the sign language users and their counterparts, who 
may or may not know sign language [1]. Such methods have included vision-based 
systems, wearable devices, and machine learning algorithms, followed by attempts 
at understanding sign language and communicating effectively [2]. 

Old systems for sign language recognition depended on hardware-intensive solu-
tions, such as the glove-based devices wherein sensors would detect hand move-
ments and gestures [3]. While accurate, the systems were costly, cumbersome, and 
impractical for real use across the land. 

Thanks to the introduction of vision-based methods, the field was brought into 
revolution, looking not so natural and hardware-enabled. It uses computer vision 
techniques to detect and analyse gestures using standard cameras [4]. This reduces 
the need for additional equipment. However, vision-based approaches present their 
own obstacles, such as intensity changes caused by moving light sources, varying and 
complex background settings, different skin colour shades, all of which contribute to
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lowering the accuracy [5]. Much of the research in operating with sign language trans-
lation is concerned with the vision-based approach. They focus upon recording the 
hand motion using a camera, followed by tracking the relevant features for recog-
nition using computer vision. The affordable cameras and rapid developments of 
computer algorithms in the field have made the vision approach popular. 

Recent developments in deep learning have been one of the major benefits for 
improving sign language recognition. Especially CNNs provide gesture recognition 
by learning spatial hierarchies and detecting complex patterns in an image. The 
immense power of CNNs demonstrated in the gesture classification of high accuracy 
has enabled robust sign language translation applications [6–8]. Other tools, like 
MediaPipe, have come into play as powerful real-time hand tracking and landmark 
detection. Where hand gestures can be tracked in difficult environments, MediaPipe 
really shines in those dynamic environments. Feedback loops integrated with CNNs 
and MediaPipe have built systems that can achieve incredible accuracy while working 
in less-than-the-best conditions. 

While previous research, such as the work by [9] on Indian Sign Language trans-
lation, has demonstrated the feasibility of vision-based approaches, our work focuses 
specifically on American Sign Language and leverages the real-time capabilities of 
MediaPipe for robust hand tracking. Unlike the object detection approach employed 
by [10, 11], our system utilizes a CNN architecture specifically tailored for fine-
grained gesture recognition based on the detailed hand landmarks provided by Medi-
aPipe, potentially leading to improved accuracy in complex ASL gestures. Work by 
[8] mentions an accuracy of 86% which we have managed to increase to approx. 91% 
in challenging backgrounds and 97% in ideal conditions. The approach used by [12] 
uses a CNN and OpenCV for capturing the signs through a computer webcam but 
unlike our proposed method, it does not use MediaPipe for hand landmark detection. 
Using MediaPipe is a more efficient approach because it is specifically designed and 
optimized for tasks like hand tracking and the CNN can then learn to differentiate the 
hand signs based on these pre-processed images, reducing its complexity. Work by 
[13] talks about using a very similar approach as the one proposed in this paper with 
a combination of CNN and MediaPipe, however they mention the conversion of the 
recognized sign’s to speech as a future scope, which we have managed to implement 
using the Pyttsx3 library. 

Paper [14] talks about using transfer learning over the traditional CNN approach 
and showed an improvement of over 4% in accuracy. However, they used images 
with smooth backgrounds which is not possible to have in the real world and is 
something we have taken into consideration in our proposed method and shown we 
can maintain good accuracy. 

Work by [15] looks into using various different algorithms to achieve the goal 
of real-time sign language to speech conversion and eventually finds the MediaPipe 
algorithm to be best suited and uses only that. However, their project did not talk 
about an easy-to-use user interface through a web app as proposed in our work. Our 
project is also focused on using a combination of CNN, MediaPipe and OpenCV to 
realize the goal of real-time sign language to speech conversion.
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3 Methodology 

The proposed real-time sign language-to-speech converter has the following compo-
nents: 

1. Acquire Dataset 

Dataset sourced from Kaggle and was named “Indian Sign Language Dataset” by 
Soumya Kushwaha. The dataset contained on average 30 images for each letter in 
the alphabet. The dataset was licensed under ‘CC0 1.0 Universal Deed’, i.e., the 
dataset had no copyrights and the person who associated a work with this deed has 
dedicated the work to the public domain by waiving all of his or her rights to the 
work worldwide under copyright law, including all related and neighbouring rights, 
to the extent allowed by law. 

2. Input Device 

A standard webcam is used to capture live video frames of the user’s hand gestures. 
This enables easy adaptation of the sign language to speech conversion by a large 
number of people. 

3. Preprocessing Module 

The preprocessing module carries out the following functionalities by using OpenCV. 

(1) Cropping the Region of Interest (ROI) 

This involves isolating just the area where the hand detected. By focusing only on the 
hand, we can eliminate irrelevant information such any objects in the background, 
making the subsequent steps faster and more accurate. 

(2) Converting the Image to Grayscale 

By removing color, we make the system more robust to variations in skin tone and 
lighting conditions. 

(3) Applying Gaussian Blur to Reduce Noise 

This noise reduction step helps the program focus on the actual shape of the hand 
rather than any other factors that make prove to be a distraction. It makes the edges 
and overall form of the hand more distinct. 

(4) Converting the Image into a Binary Format Using Thresholding Techniques 

This creates a clear silhouette of the hand that emphasizes the hand’s shape and 
boundaries. This is done by converting the previous grayscale image to black and 
white using a threshold value. 

After carrying out these steps, the image is ready to be passed to the landmark 
detection phase.
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Fig. 1 Landmarks detected by MediaPipe 

4. Hand Detection and Tracking 

The MediaPipe Library is employed to detect and track hand landmarks in real-time. 
By tracking the movement of hand landmarks, MediaPipe can accurately identify 
and classify different hand gestures. The landmarks MediaPipe detects are shown in 
Fig. 1. 

5. Gesture Classification Model 

A Convolutional Neural Network (CNN) is used to classify the pre-processed 
gestures. The CNN model is trained on labelled datasets of American Sign Language 
(ASL) gestures. The dataset contained on an average 30 image files for each alphabet. 

6. Grouping and Hierarchical Classification 

Gestures are grouped into logical classes to improve accuracy. Initially, the extracted 
features of the pre-processed hand gestures are subjected to a rough classification, 
wherein gestures exhibiting similar visual characteristics are clustered into discrete, 
logically classes. This initial partitioning reduces the dimensionality of the classifica-
tion space for subsequent stages. For instance, similar-looking gestures are classified 
into a group before further distinction is made within the group. 

Subsequently, a more through classification is performed within each identified 
group. This stage employs more discriminative features to differentiate between 
gestures sharing the initially identified rough attributes. 

7. Text Output 

Once the CNN model has successfully identified the letter, it can output it in text 
format. Our project involves an additional sign to signify the saving of the letter. 
Using this, the user can form words which then can be converted to speech. 

8. Text-to-Speech Conversion 

The Pyttsx3 Library is utilized to transform the text output into speech, providing 
auditory feedback in real-time.
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9. User Interface 

A simple and interactive graphical user interface (GUI) displays the recognized 
gestures as text and provides speech output for seamless communication. It also 
provides suggestions on what the word could be as the user is signing the letters to 
enhance efficiency. 

By combining these components, the system ensures efficient, accurate, and user-
friendly translation of sign language gestures into speech, addressing real-world 
challenges like varying lighting conditions and complex backgrounds. 

Figure 2 shows our proposed algorithm and visually represents the flow of our 
proposed system. 

The novelty of our approach lies in the integration of a dual-output architec-
ture that simultaneously translates sign language into both text and speech using a 
unified neural network-based image processing system. Unlike traditional systems 
that focus solely on either text conversion or require predefined gesture datasets, our 
model is trained on dynamic image sequences, enabling it to recognize continuous 
gestures in real time. Additionally, the inclusion of a lightweight speech synthesis 
layer makes the system more accessible for real-world applications, particularly for

Fig. 2 Flowchart of 
algorithm 
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assisting individuals with speech or hearing impairments in everyday communica-
tion. The proposed pipeline also emphasizes low-latency processing, which is crucial 
for interactive use cases—a feature that sets it apart from many existing solutions 
which suffer from lag or require post-processing. 

3.1 System Algorithm 

The system begins by initializing the necessary libraries: MediaPipe for hand detec-
tion, OpenCV for image preprocessing, a pre-trained Convolutional Neural Network 
(CNN) model for gesture classification, and Pyttsx3 for text-to-speech conversion. 
Once the libraries are set up, the webcam is activated to capture a continuous stream 
of video frames. These frames are read one by one for pre-processing. 

The captured video frame is then analysed to detect the presence of a hand and the 
Region of Interest (ROI) containing the hand is extracted. The hand image is then 
pre-processed by cropping the ROI, converting the image to grayscale, applying 
Gaussian blur to reduce noise, and finally converting the grayscale image into a 
binary image using thresholding techniques. Then MediaPipe is used to identify the 
hand landmarks. 

After pre-processing, the cropped and processed image is fed into the pre-trained 
CNN model for gesture classification. The CNN model classifies the hand gesture 
into one of the predefined categories, which could be individual alphabets or grouped 
classes. In cases where the gesture belongs to a grouped class, the system further 
distinguishes between similar gestures based on the hand landmarks to ensure 
accurate classification. 

Once the gesture is identified, it is mapped to the corresponding text, which repre-
sents the recognized alphabet. This text is displayed on the graphical user interface 
(GUI), and Pyttsx3 is used to convert the text into speech for real-time auditory 
feedback. The system continues to process and display new gestures as they are 
recognized, providing a continuous cycle of gesture detection, classification, and 
conversion to speech. The process continues until the user decides to terminate the 
system, after which the webcam is deactivated, and all resources are released. 

4 Results and Discussions 

The proposed solution was selected based on the increasing need for an inclusive 
and seamless communication bridge between hearing-impaired individuals and the 
general public. Neural networks, particularly convolutional and recurrent architec-
tures, have demonstrated superior performance in pattern recognition tasks such as 
image classification and sequence prediction. Given the visual and temporal nature 
of sign language, a neural network-based approach is well-suited for capturing both 
spatial hand movements and their temporal context. MediaPipe was selected due
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to its ready-made hand landmark detection functionality. This enabled us to train 
the CNN on these landmarks instead of the entire images thus helping us improve 
efficiency by keeping the complexity of the CNN to a minimum. Furthermore, inte-
grating this with a speech and text output system ensures that the communication 
is not only interpreted correctly but also delivered in a form that is easily under-
standable by the listener. This comprehensive design addresses the limitations of 
earlier methods, which often relied on static datasets, required specialized hardware, 
or lacked real-time adaptability. 

Figure 3 shows the User-Interface of our project. The user can see the signed 
characters and also gets suggestions to complete the word efficiently. ‘Clear’ and 
‘Speak’ buttons are also given to clear the letters and convert the signed letters to 
speech respectively. 

In controlled environments with good lighting and clean backgrounds, the system 
performed exceptionally well, reaching up to 97% accuracy. In condition scenarios 
whose variables were real-life situations such as fluctuating light intensity, complex 
background, or hand occlusion, the performance exhibited a slight drop in accuracy 
with the accuracy becoming 91%. This was mainly due to the difficulties related 
to hand detection and landmark accuracy because the system was designed to rely 
on clearly visible and well-lit images for accurate detection and tracking of hand 
gestures. We believe if the CNN model is trained on more challenging images, the 
accuracy in challenging conditions may improve. 

The real-time gesture recognition and conversion into speech has been achieved 
without significant delays. The system processes the video frames and provides 
immediate feedback by displaying the recognized alphabet as text and converting it 
into speech once the word is complete. The user interface is responsive, and since the 
system also shows the hand landmarks detected, the user can get suggestions on how

Fig. 3 Implementation and user-interface of proposed system 
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to position their hand more effectively for optimum detection. The use of MediaPipe 
for hand tracking and OpenCV for image preprocessing ensures smooth operation 
even with moderate computational resources. 

While the system demonstrated impressive results, certain limitations need to be 
addressed for broader applicability. One of the key challenges faced was the system’s 
dependency on ideal background and lighting conditions. In scenarios where there is 
inconsistent lighting or a cluttered background, the accuracy of hand detection and 
gesture recognition was compromised. Additionally, real-time gesture recognition 
still struggles with more complex gestures and especially fast hand movements, 
which could lead to missed or incorrect classifications. The system also needs further 
refinement to handle regional variations in sign language. Many regions may have 
dialectical differences or specific gestures that are not recognized by the model, 
limiting its universal applicability. The categorization of 26 alphabets into 8 classes 
helps in improving the system’s accuracy, but future work should focus on expanding 
the model to recognize complete words and phrases which will help in the project’s 
deployment in the real world. 

5 Conclusion 

In conclusion, the suggested sign language-to-speech system is an extremely effi-
cient and universal real-time gesture recognition solution. With the use of advanced 
methods like OpenCV for preprocessing, MediaPipe for hand landmark detection 
and CNN for gesture recognition, the system gives timely and accurate feedback, 
translating sign language gestures to speech with little delay. 

The primary contribution of this study is the close to 91% accuracy found after 
testing in difficult conditions, including noisy backgrounds and low lighting, which 
emphasizes its robustness for real-world applications. Under ideal conditions, the 
system has 97% accuracy. This shows that our proposed methodology and system 
can be more accurate and faster than existing systems. 

Although there are some limitations, including reliance on ideal backgrounds 
and lighting, the system’s performance lays a strong basis for future enhancement. 
Enlargement of the dataset, added robustness, and addition of regional sign language 
variations are promising directions for future enhancement, ensuring the system’s 
enhanced applicability and inclusivity. This work is a significant step towards filling 
communication gaps for the deaf and hard-of-hearing population, making it a useful 
tool for hands-free real-time communication. 
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