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Abstract: Bean leaf diseases like rust and 
angular leaf spot lead to significant yield 
losses in agriculture. Early identification 
and proper severity estimation are crucial 
for controlling the spread of infection. The 
proposed system uses a deep learning 
model to automatically detect the type of 
disease and assess its severity from leaf 
images. The model processes the input 
image, extracts important features using 
convolutional and transformer techniques, 
and classifies the disease severity into 
categories like mild, moderate, and severe. 
This approach allows for precise 
monitoring of crop health and helps farmers 
make informed decisions about disease 
management. Grad-CAM visualization is 
included to highlight the affected areas, 
ensuring the model's predictions are 
understandable and trustworthy. The 
proposed method aims to provide high 
accuracy and practical usability for real-
time agricultural applications. 
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1. INTRODUCTION 

Bean plants are commonly grown by many 
farmers, and they are an important source of 
food and income. But these plants often get 
infected by diseases like rust and angular 
leaf spot. These diseases usually start with 
small spots, and most farmers don’t notice 

them until they spread across many leaves. 
Because of busy schedules and lack of 
expert knowledge, early detection becomes 
difficult, and by the time the problem is 
identified, the crop may already be affected 
badly. 

Right now, farmers mainly depend on their 
own eyes to check for diseases. This 
method is not always reliable because leaf 
symptoms can look similar, lighting may 
not be clear, and sometimes the infection is 
too mild to notice. Even if a farmer 
identifies the disease, estimating how 
serious it is becomes another challenge. 
This leads to delayed treatment, wrong 
usage of pesticides, and unnecessary loss of 
both money and crop quality. 
 
To help farmers with this, our project 
introduces a simple system that can detect 
diseases directly from a leaf photo. By 
using modern deep-learning techniques, the 
system identifies the disease and also tells 
how severe the infection is. It even 
highlights the exact affected areas so that 
farmers can clearly see what part of the leaf 
is damaged. This makes it easier for farmers 
to take quick decisions, control the spread, 
and protect their crop more effectively. 
 

1.1 Motivation  

Farmers depend heavily on bean crops for 
their livelihood, but these plants are easily 
attacked by diseases like rust and angular 
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leaf spot, which quietly spread and cause 
serious damage before anyone notices. 
Most farmers try to check the leaves on 
their own to figure out what’s wrong, but 
this often leads to confusion because many 
disease symptoms look alike, and small 
infections are not easy to notice during 
regular field work. Early signs usually go 
unnoticed, especially when the leaf is 
viewed under poor lighting or dusty 
conditions. When diseases are detected late, 
farmers end up losing a large part of their 
crop and also spend extra money on 
treatments that may not even work 
effectively. Because of this, there is a real 
need for a simple and quick method that can 
help farmers spot diseases early and clearly 
understand the condition of the plant. This 
situation shows a strong need for a simple, 
dependable, and fast method that can help 
farmers catch diseases early and understand 
how serious the infection is. Building such 
an automated system can make it easier for 
farmers to take action on time and protect 
their crops without depending too much on 
guesswork. This motivation drives the 
development of an automated disease 
detection solution that supports farmers in 
maintaining healthier crops and achieving 
better yields. 

1.2 Proposed System   

The proposed system is designed to offer 
farmers an efficient way to detect diseases 
in bean leaves, right from an image of the 
leaf. Without necessarily having to check 
physically, this system analyzes the photo 
and detects the disorders that might be 
affecting a leaf, whether rust, angular leaf 
spot, or any other disease covered under the 
model. This process is faster and easier, and 
highly more accurate compared to 
traditional methods of visual inspection. 

 The system begins with the preprocessing 
of the leaf image to remove irrelevant 
background, resize, and enhance the clarity. 
This helps in making the model focus only  
on the leaf and its disease patterns rather 
than getting misled by the soil, shadows, or 
uneven lighting of the leaf. This stage 
cleans the image for further proper analysis. 

Then, the cleaned image is passed through 
a deep-learning model with Pyramid Vision 
Transformer, as it captures not only the big 
patterns but also the small fine details on the 
leaf. Finally, a GCADSN attention 
mechanism enhances the ability of the 
model to pay more attention to the disease-
affected regions, therefore improving 
accuracy. These joint techniques empower 
the system to detect even early-stage 
infections that usually go unnoticed by the 
human eye. 

Once the model identifies the disease, the 
system also measures the severity level-
mild, moderate, or severe. This is an 
important part of the project because 
knowing the disease itself is not enough, 
but the farmers have to know how serious it 
is to decide the right treatment. The 
estimation of the severity provides farmers 
with a clearer understanding of their crop's 
condition and helps them in taking timely 
actions.  

Finally, the system provides the visual 
explanation using Grad-CAM. This feature 
highlights the exact areas on the leaf that the 
model considered in predicting the disease. 
This makes the system transparent and easy 
to trust, as farmers will clearly see which 
parts of the leaf are infected. With all these 
features combined, the proposed system 
becomes practical and user-friendly to 
support real-time disease monitoring that 
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helps farmers protect their crops more 
effectively. 

2. SEQUENCE DIAGRAM 

A sequence diagram is a dynamic UML 
diagram that shows how objects interact 
over time. It illustrates the sequence of 
messages or method calls exchanged 
between objects to accomplish a specific 
functionality, highlighting the order of 
operations 

 

Fig: 1  Sequence  diagram of bean plant 
disease diagnosis 

2.1 USECASE DIAGRAM  

A Use Case Diagram is a UML diagram that 
shows how users (actors) interact with a 
system. It represents the system’s 
functional requirements through use cases, 
which are the actions or services the system 
provides. Actors can be people, devices, or 
other systems that interact with the system. 
Relationships connect actors to use cases, 
showing how they use the system. It helps 
visualize system functionality and ensures 
clear understanding of requirements. 

 

Fig: 2 Use case diagram of bean plant 
disease diagnosis 

3. ALGORITHMS 

A. Convolutional Neural Network (CNN) 

A Convolutional Neural Network (CNN) is 
a deep learning algorithm widely used for 
image processing and analysis. In the 
proposed bean leaf disease detection 
system, CNN is responsible for extracting 
important visual features from the input leaf 
images. It consists of multiple layers such 
as convolutional layers, activation 
functions, and pooling layers. The 
convolutional layers apply filters to the 
image to detect patterns like edges, 
textures, and color variations. As the data 
passes through deeper layers, the network 
learns more complex features such as 
disease spots, lesions, and discoloration 
present on the leaf surface. 

The activation function, usually ReLU, 
introduces non-linearity, allowing the 
model to learn complex relationships in the 
data. Pooling layers reduce the size of the 
feature maps while retaining essential 
information, which helps in reducing 
computational cost and preventing 
overfitting. In this system, CNN focuses on 
identifying local features that are crucial for 
distinguishing between healthy and 
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diseased leaves. It automatically learns 
relevant features without manual 
intervention, making it highly efficient. 
Overall, CNN acts as the backbone of the 
model, providing detailed feature 
representations that are later used for 
classification and severity prediction. 

 

 Fig:1. CNN 

B. Transformer Model 

     The Transformer model is an advanced 
deep learning architecture that uses an 
attention mechanism to process data and 
capture relationships within it. In the 
proposed system, the transformer is used to 
analyze the overall structure of the leaf 
image and understand global patterns. 
Unlike CNN, which focuses on local 
features, the transformer considers the 
entire image at once. It divides the image 
into smaller patches and processes them as 
a sequence, allowing the model to learn 
how different regions of the image are 
related. 

The key component of the transformer is 
the self-attention mechanism, which helps 
the model focus on the most important parts 
of the image. This is particularly useful in 
detecting plant diseases, as it allows the 
model to identify how infections are 
distributed across the leaf. The transformer 
also uses positional encoding to maintain 
spatial information about the patches. In 
this system, it complements CNN by 

providing a global understanding of disease 
spread and severity. This combination 
improves the overall accuracy and 
robustness of the model, especially in 
complex cases where disease patterns are 
not localized. 

C. Hybrid Model (CNN + Transformer) 

   The hybrid model combines the strengths 
of both CNN and transformer architectures 
to improve the performance of the disease 
detection system. CNN is effective at 
capturing local features such as textures, 
edges, and small disease spots, while the 
transformer excels at understanding global 
relationships across the entire image. By 
integrating both approaches, the system can 
analyze leaf images more comprehensively. 

In this model, the input image is first 
processed by the CNN to extract detailed 
feature maps. These features are then 
passed to the transformer, which analyzes 
the relationships between different regions 
of the image. This combination allows the 
model to detect both small-scale and large-
scale disease patterns. The hybrid approach 
helps in accurately identifying the type of 
disease as well as estimating its severity. 

This method is particularly useful in 
agricultural applications where diseases 
may vary in size, shape, and distribution. 
By combining local and global feature 
extraction, the hybrid model provides more 
reliable and precise predictions. It enhances 
the model’s ability to generalize across 
different conditions, making it suitable for 
real-time crop monitoring and disease 
management. 
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D. Softmax Classification Layer 

    The Softmax function is used in the final 
layer of the model to perform classification. 
It converts the output values of the neural 
network into probabilities, which represent 
the likelihood of each class. In the proposed 
system, the classes correspond to different 
levels of disease severity, such as mild, 
moderate, and severe. 

The Softmax function ensures that the sum 
of all output probabilities is equal to one, 
making it easier to interpret the results. For 
example, if the model outputs probabilities 
of 0.2, 0.5, and 0.3 for the three classes, the 
system will classify the leaf as having 
moderate severity since it has the highest 
probability. This probabilistic approach 
allows for more informed decision-making. 

In addition, Softmax helps in handling 
multi-class classification problems 
effectively. It provides a clear and 
interpretable output, which is essential in 
practical applications like agriculture. 
Farmers and experts can use these 
predictions to assess the condition of crops 
and take appropriate actions. Overall, the 
Softmax layer plays a crucial role in 
converting  learned features into 
meaningful predictions. 

F. Grad-CAM (Gradient-weighted Class 

Activation Mapping) 

   Grad-CAM is a visualization technique 
used to make deep learning models more 
interpretable. In the proposed system, it 
helps in understanding how the model 
makes its predictions by highlighting the 
important regions in the leaf image. Grad-
CAM works by using the gradients of the 

target class flowing into the final 
convolutional layer to produce a heatmap. 

This heatmap indicates which parts of the 
image contributed most to the model’s 
decision. For example, in a diseased leaf, 
the highlighted regions may correspond to 
infected areas such as spots or lesions. This 
provides visual confirmation that the model 
is focusing on relevant features rather than 
irrelevant background details. 

In agricultural applications, interpretability 
is very important because users need to trust 
the model’s predictions. Grad-CAM 
enhances transparency by showing the 
reasoning behind the classification. It also 
helps in debugging and improving the 
model by identifying potential errors. 
Overall, Grad-CAM adds an extra layer of 
reliability and usability to the system, 
making it more suitable for real-world 
deployment. 

3.1 SAMPLE DATA 

      Sample data is a small subset of the 
original dataset used to demonstrate the 
structure and format of data in the bean leaf 
disease detection system. It contains a few 
example leaf image records along with their 
corresponding features and labels. Each 
record represents a bean leaf and includes 
attributes such as image ID, leaf condition, 
disease type (e.g., rust, angular leaf spot, or 
healthy), and severity level. 

The dataset primarily consists of leaf 
images, from which features are 
automatically extracted using deep learning 
techniques such as Convolutional Neural 
Networks (CNN) and Transformer models. 
These features include visual patterns like 
color variations, texture, lesion size, and 
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distribution of infected areas on the leaf 
surface. Such features help the model 
analyze the condition of the leaf and 
identify the presence and severity of 
disease. 

The final label in the sample data indicates 
the classification result, such as healthy, 
rust disease, or angular leaf spot, along with 
severity categories like mild, moderate, or 
severe. This structured data helps in 
training and evaluating the model 
effectively. 

This sample data is useful for 
understanding how the dataset is organized, 
how image data is processed, and how the 
model generates predictions based on 
extracted features. It is mainly used for 
demonstration, testing, and documentation 
purposes. 

 

 

Fig Sample Data  

4. Explanation Of Key Functionalities 

FEATURE EXTRACTION 

   Feature extraction is the first step in the 
implementation process. In this function, 
the system extracts important visual 
information from the bean leaf images. 
These features include color variations, 
texture patterns, shape of lesions, size of 
infected regions, and distribution of disease 
spots on the leaf surface. Deep learning 
models such as Convolutional Neural 
Networks (CNN) automatically extract 
these features without manual intervention. 
The purpose of feature extraction is to 
identify patterns that distinguish healthy 
leaves from diseased ones and to recognize 
specific diseases such as rust and angular 
leaf spot. 

DATA PREPROCESSING 

Data preprocessing is performed to convert 
raw image data into a clean and structured 
format suitable for deep learning models. In 
this step, unnecessary noise is removed, 
images are resized to a fixed dimension, 
and pixel values are normalized. Data 
augmentation techniques such as rotation, 
flipping, and zooming may also be applied 
to increase dataset diversity. Proper 
preprocessing improves model 
performance, reduces overfitting, and 
ensures consistency in input data. 

DATASET SPLITTING 

   After preprocessing, the dataset is divided 
into training and testing sets. Typically, 
80% of the images are used for training the 
model, while the remaining 20% are used 
for testing. The training dataset helps the 
model learn patterns related to different 
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diseases, while the testing dataset is used to 
evaluate how well the model performs on 
unseen images. 

FEATURE SELECTION 

    Feature selection in deep learning is 
handled automatically by the model. The 
CNN identifies and prioritizes the most 
important features from the images while 
ignoring irrelevant information. This 
reduces model complexity and improves 
accuracy. By focusing on meaningful 
features such as infected areas and lesion 
patterns, the system becomes more efficient 
in detecting diseases. 

MODEL TRAINING 

   In this stage, the deep learning model 
(CNN combined with Transformer) is 
trained using the training dataset. The 
model learns to identify patterns associated 
with different diseases and severity levels. 
Optimization algorithms such as Adam 
optimizer are used to minimize loss and 
improve accuracy. The training process 
involves multiple epochs, where the model 
continuously updates its weights to achieve 
better performance. 

DISEASE CLASSIFICATION 

     Disease classification is the final 
function of the system. When a user 
uploads a bean leaf image, the system 
processes the image and extracts features. 
These features are then passed to the trained 
model, which predicts the disease type 
(such as rust or angular leaf spot) and its 
severity level (mild, moderate, or severe). 
The result is displayed to the user, helping 
in early detection and proper disease 
management. 

4.2 METHOD OF IMPLEMENTATION 

1. Technology Selection: 

  The system is developed using Python as 
the primary programming language. 
FastAPI is used to build the backend API, 
while the frontend can be developed using 
HTML, CSS, and JavaScript. Firebase or 
other databases may be used to store 
prediction results and user data. 

2. Data Collection: 

  A dataset of bean leaf images is collected, 
including both healthy and diseased leaves. 
These images are obtained from 
agricultural datasets or captured manually. 
The dataset forms the foundation for 
training the deep learning model. 

3. Feature Extraction: 

   Important visual features such as color, 
texture, and disease patterns are extracted 
automatically using CNN layers. These 
features help the model identify disease 
characteristics effectively. 

4. Data Preprocessing: 

     The collected images are cleaned and 
prepared by resizing, normalization, and 
augmentation. This ensures that the data is 
consistent and suitable for training the 
model. 

5. Dataset Splitting: 

   The dataset is divided into training and 
testing sets, usually in an 80:20 ratio. This 
helps in training the model and evaluating 
its performance. 
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6. Model Training: 

  The hybrid CNN-Transformer model is 
trained on the dataset. The model learns to 
classify diseases and predict severity levels 
using optimization techniques. 

7. Prediction and Result Display: 

 When a user uploads a leaf image, the 
system processes it and sends it to the 
trained model. The model predicts the 
disease type and severity, and the result is 
displayed to the user through the interface. 

4.2.1 FORMS 

Forms provide an interface for users to 
interact with the system. These forms are 
used to upload images and manage system 
operations. 

• Image Upload Form: 
This form allows users to upload 
bean leaf images. Once submitted, 
the image is sent to the backend for 
prediction. 

• User Login Form: 
Registered users can log in using 
their credentials to access the 
system features. 

• Admin Login Form: 
The administrator logs in to manage 
the system and monitor predictions. 

• Admin Management Form: 
This form allows the admin to view 
and manage uploaded images and 
prediction results. 

5.2.2 OUTPUT SCREENS 

When a user uploads a bean leaf image, the 
output screen displays the prediction results 
generated by the system. The deep learning 
model processes the image and analyzes 

important features such as color, texture, 
and infected regions. Based on this 
analysis, the system predicts whether the 
leaf is healthy or affected by a disease. 

If the leaf is healthy, the system displays a 
message indicating that no disease is 
detected. If a disease is present, the system 
shows the disease name (such as rust or 
angular leaf spot) along with its severity 
level (mild, moderate, or severe). 
Additionally, visualization techniques like 
Grad-CAM may highlight the affected 
areas on the leaf image. 

The output screen provides clear and easy-
to-understand results, helping users take 
timely action for disease control and crop 
management. 
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5.2.3 RESULTS ANALYSIS 

The result analysis is performed to evaluate 
the performance of the bean leaf disease 
detection system. The deep learning model, 
which combines Convolutional Neural 
Network (CNN) and Transformer 
techniques, is trained using the training 

dataset and tested using the testing dataset 
to measure its prediction accuracy. The 
system analyzes the features extracted from 
the leaf images, such as color variations, 
texture patterns, and infected regions, to 
classify the leaf as healthy or diseased. 

Performance metrics such as accuracy, 
precision, recall, and F1-score are used to 
evaluate the effectiveness of the model. 
Accuracy measures the overall correctness 
of predictions, while precision indicates 
how many predicted disease cases are 
actually correct. Recall measures the 
model’s ability to detect all diseased leaves, 
and the F1-score provides a balance 
between precision and recall. A confusion 
matrix is also used to visualize the 
classification performance. 

The results show that the system can 
successfully detect diseases such as rust and 
angular leaf spot with high accuracy and 
reliability. Additionally, the model is able 
to estimate the severity level of the disease, 
which helps in better crop management. 
The inclusion of Grad-CAM visualization 
further improves trust by showing the 
affected areas on the leaf. Overall, the 
system proves to be effective for real-time 
agricultural applications and supports 
farmers in early disease detection and 
decision-making. 
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Fig 5.2.1 CONFUSION MATRIX 

 

Fig 5.2.2  a)Accuracy b) Loss 

6. CONCLUSION 

The bean leaf disease detection system 
developed in this project provides an 
effective and intelligent solution for 
identifying plant diseases using deep 
learning techniques. Plant diseases are a 
major challenge in agriculture, leading to 
reduced crop yield and financial losses for 
farmers. Early detection and proper 
diagnosis of diseases are essential to 
prevent their spread and ensure healthy 
crop production. This project addresses this 
problem by using image-based disease 
detection with the help of a Convolutional 
Neural Network (CNN) model. 

In this system, a dataset of bean leaf images 
is collected and preprocessed to improve 

image quality and consistency. The dataset 
is then divided into training and testing sets, 
where the training data is used to train the 
CNN model, and the testing data is used to 
evaluate its performance. The model learns 
to extract important features from the 
images, such as color, texture, and patterns, 
which are useful for identifying different 
types of diseases. After training, the system 
is capable of taking a new leaf image as 
input and predicting the type of disease 
present in the leaf. 

One of the important features of this project 
is the use of Grad-CAM (Gradient-
weighted Class Activation Mapping) for 
visualization. This technique highlights the 
infected regions of the leaf, allowing users 
to understand how the model makes its 
predictions. This improves the transparency 
and interpretability of the system, making it 
more useful for practical applications. 

The performance of the system is evaluated 
using standard metrics such as accuracy, 
precision, recall, and F1-score. The results 
indicate that the model performs well and 
can accurately classify different bean leaf 
diseases. The system is also efficient, user-
friendly, and capable of providing quick 
results, which makes it suitable for real-
time usage. 

Overall, this project demonstrates the 
effectiveness of deep learning in solving 
real-world agricultural problems. The bean 
leaf disease detection system can assist 
farmers, researchers, and agricultural 
experts in identifying diseases at an early 
stage, thereby reducing crop damage and 
improving productivity. In the future, the 
system can be enhanced by increasing the 
dataset size, adding more disease 
categories, and developing a mobile or 

International Journal of Engineering Science and Advanced Technology(IJESAT) Vol 26 Issue 04, April, 2026

ISSN:2250-3676 www.ijesat.com Page 3195 of 3197



web-based application for easier access. 
Integration with real-time monitoring 
systems and IoT devices can further 
improve its usability. Thus, this project 
provides a strong foundation for developing 
advanced smart agriculture solutions using 
artificial intelligence. 
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