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Abstract:- Using advanced machine learning techniques,
specifically Convolutional Neural Networks (CNNs), this
study focuses on detecting leaf diseases in three vital
crops: Bell Pepper, Potato, and Tomato, crucial for
global food production. A curated dataset contains
various healthy and diseased plant images, covering
diseases like Bacterial Spot, Early Blight, Late Blight,
and more. The methodology involves data preprocessing,
including augmentation techniques to improve the
model’s robustness. CNN is superior to SVM, pretrained
models, Random Forest, MLP, and ensemble methods
because CNN provides high scalability, which is crucial
for our dataset consisting of 20,000 images. Additionally,
CNN outperforms other methods with an impressive
prediction accuracy of 98-99% on the training data. This
work offers a scalable and adaptable solution for early
disease detection, aiding farmers in implementing
targeted disease management strategies and reducing
crop losses. It represents a practical contribution to
agriculture, leveraging CNNs to combat plant diseases
effectively.

Keywords:- Convolutional Neural Networks (CNNs), Data
Preprocessing, Data Augmentation, CNN Architecture,
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I INTRODUCTION

Agriculture is the cornerstone of global food
production, and the well-being of our growing population
relies heavily on the sustained health and productivity of
crops. However, the agricultural sector faces a continuous
threat from plant diseases, which can significantly reduce
crop yields, compromise crop quality, and, in some cases,
lead to devastating economic losses [1]. The timely and
accurate detection of these diseases is not only essential for
protecting food security but also for ensuring the economic
stability of the agricultural industry [2].

Among the wide array of cultivated crops, Bell Pepper,
Potato, and Tomato stand out as critical components of the
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global food supply [3]. These versatile vegetables are not
only economically valuable but also nutritionally essential.
Yet, they are wulnerable to a range of leaf diseases,
including Bacterial Spot, Early Blight, Late Blight, Leaf
Mold, Mosaic Virus, Spider Mites, Target Spot, and Yellow
Leaf Curl Virus, among others [4, 5].

Traditional methods of disease detection in these crops
have relied heavily on visual inspection by trained
agronomists or farmers, often leading to delayed diagnoses
and inconsistent results [6]. The need for more efficient,
accurate, and scalable solutions has driven research into the
integration of cutting-edge technology into agriculture.

This research project represents a significant step
forward in addressing the challenge of plant disease
detection in Bell Pepper, Potato, and Tomato crops.
Leveraging the power of Convolutional Neural Networks
(CNNs), a class of deep learning models known for their
prowess in image classification [7], we embark on a journey
to create a system capable of automated disease
identification. Our approach is rooted in a meticulously
curated dataset, spanning a wide spectrum of diseases and
healthy specimens, to train and evaluate the CNN model's
performance.

In the following sections, we delve into the
methodology, presenting the data preprocessing steps, CNN
architecture design, model training processes, and
evaluation metrics. We highlight the model's ability to
accurately classify diseases across these vital crops and its
potential for practical deployment in agriculture. Ultimately,
this research contributes to advancing crop health, reducing
economic losses, and fortifying global food security through
the application of state-of-the-art technology.

1. RELATED WORKS

Plant diseases pose a significant threat to global
agriculture, affecting crop yield, quality, and food security.
Traditional methods of disease detection, relying on visual
inspection and symptomatology, are labor-intensive and
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subject to human error. Recent advances in machine
learning, particularly Convolutional Neural Networks
(CNNs), have offered promising avenues for automating
disease identification in crops, including Bell Pepper,
Potato.

» Application of CNNs in Agriculture:

e CNNs have demonstrated remarkable success in various
image classification tasks, making them ideal candidates
for plant disease detection. (Krizhevsky et al., 2012) [8].

e Researchers have harnessed the power of CNNs to
develop automated systems capable of detecting diseases
in crops through image analysis (Mohanty et al., 2016)

[9].
» Plant Disease Datasets:

e Datasets such as the PlantVillage dataset provide a
diverse collection of images containing various plant
diseases, facilitating CNN model training (Hughes and
Salathé, 2016) [10].

e Crop-specific datasets, including those for Bell Pepper,
Potato, and Tomato, enable targeted research into
disease detection in these crops.

» CNN Model Architecture:

e CNN models designed for plant disease detection often
consist of multiple convolutional layers followed by
pooling layers and fully connected layers (LeCun et al.,
1998) [11].

e Transfer learning, where pre-trained models are fine-
tuned for disease detection, has been successfully
applied to address data limitations (Razavian et al.,
2014) [12].

» Challenges and Solutions:
e Variations in lighting, image quality, and disease stages

present challenges in disease detection (Mwebaze et al.,
2016) [13].
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o Data augmentation techniques, including random flips
and rotations, help mitigate these challenges by
diversifying the dataset (Shorten and Khoshgoftaar,
2019) [14].

» Practical Implementation:

o CNN-based disease detection systems hold the potential
to revolutionize agriculture by providing scalable and
adaptable solutions (Rana et al., 2019) [15].

e The deployment of such systems can empower farmers
to detect diseases in real-time, enabling timely
intervention and reducing crop losses.

In this research project, we build upon the foundations
laid by these studies to develop and evaluate CNN model
tailored to the specific challenges of disease detection in
Bell Pepper, Potato, and Tomato crops. By leveraging the
capabilities of deep learning and image analysis, we aim to
contribute to the ongoing evolution of automated plant
disease detection in these vital crops.

. METHODOLOGY
A. Data Collection and Preprocessing:

» Data Acquisition:

Collected a comprehensive dataset comprising images
of Bell Pepper, Potato, and Tomato plants affected by
various diseases, as well as images of healthy plants.

» Data Labeling:
Annotate the dataset to label each image with the
corresponding disease class or "healthy" status.

Data labeling would likely involve annotating plant
images in the dataset to indicate whether the plants are
healthy or diseased and, if diseased, specifying the type of
disease (e.g., Bacterial Spot, Early Blight, Late Blight, etc.).
These annotations are essential for training the
Convolutional Neural Networks (CNNs) to recognize and
classify different types of plant diseases accurately.

Dataset is taken from Kaggle.

Table 1 Disease Categories and Corresponding Image Counts.

SL.NO Plant Disease Number of images

1 Bell Pepper Bacterial Spot 997
Bell Pepper Healthy 1478

2 Potato Early Blight 1000
Potato Healthy 152

Potato Late Blight 1000

3 Tomato Target_Spot 1401
Tomato Mosaic_Virus 373

Tomato YellowLeaf Curl Virus 3209

Tomato Bacterial_Spot 2127

Tomato Early Blight 1000

Tomato Healthy 1591

Tomato Late Blight 1909

Tomato Leaf Mold 952
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Tomato

Septoria_Leaf Spot

1771

Tomato

Spider_Mites_Two_Spotted_Spider_Mite

1676

» Data Splitting:
Divide the dataset into training, validation, and test
sets, ensuring data diversity and representativeness.

B. Data Augmentation:
Implemented data augmentation techniques to increase
the dataset's diversity and improve model generalization.

Augmentation methods may include random flips,
rotations, zooming, and brightness adjustments.

C. Model Architecture Design:
The model is created using TensorFlow and Keras, a
popular deep learning framework.

It's a convolutional neural network (CNN) designed for
image classification, specifically for classifying plant
diseases.

» Input Layer:
The input layer of the model is responsible for
receiving the input images.

Images are resized and rescaled using the resize and
rescale sequential layer.

This layer resizes images to the specified image size
(256x256 pixels) and scales pixel values to the range [0, 1].

» Convolutional Layers:
The model contains a series of convolutional layers.

Each convolutional layer performs feature extraction
by applying a set of learnable filters to the input image.

After each convolutional layer, there's a max-pooling
layer that reduces spatial dimensions to capture important
features.

There are 6 Convolutional Layers and 6 MaxPooling
layers.

» Fully Connected Layers:
Following the convolutional layers, there are fully
connected layers.

These layers flatten the output from the convolutional
layers and pass it through dense (fully connected) layers.

The first dense layer has 64 units and uses the ReLU
activation function.

The final dense layer has as many units as there are
classes (15 in this case) and uses the SoftMax activation
function for multi-class classification.

» Total Parameters:
The model's total trainable parameters are displayed in
the summary.

In this case, the model has a total of 184,527 trainable
parameters.

This CNN architecture is suitable for image
classification tasks and has been designed to effectively
learn and recognize patterns in plant images to classify them
into different disease categories. The provided code
showcases the layers and parameters involved in this
architecture.

D. Model Training:

Trained the CNN model on the training dataset using
optimizer (e.g., Adam) and loss function (e.g., categorical
cross-entropy).

Monitored training progress by tracking metrics such
as accuracy, loss.

Implemented early stopping to prevent overfitting and
save the best model checkpoints.

Training and Validation Accuracy
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Training and Validation Loss

Training Loss
Vvalidation Loss
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1 ’\/\ /\'\/\/\\/\

o 10 20 30 <0 S0

Fig 1 Training and Validation Accuracy and Loss.
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Fig 2 Architecture of CNN.

E. Implementation

The implementation of the potato plant disease
diagnosis system involves creating a web application with
both frontend and backend components, integrating machine
learning models for image classification. Here's an overview
of the implementation:

> Frontend:
e \Web Interface:

The frontend is implemented using technologies such
as HTML, CSS, and JavaScript (React in your case).
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e User Input:

Users interact with the frontend through a web
interface where they can upload images or provide input
related to the potato plant.

e Drag and Drop:
Implemented drag-and-drop functionality for users to
easily upload images.

e Display Predictions:

Displaying predictions and results from the backend on
the frontend Ul. This may include displaying the predicted
disease class and confidence scores.

> Backend:

e FastAPI:

Implemented the backend using FastAPI, a modern
Python web framework. FastAPI is used to define API
endpoints and handle incoming requests.

e TensorFlow Serving:

Integrate TensorFlow Serving into the backend to load
and serve the trained CNN model. This allows for efficient
and scalable model inference.

e Model Loading:
Load the trained model (saved in the .h5 format) using
TensorFlow Serving.

e API Endpoints:
API endpoints for tasks like uploading images, sending
images for prediction, and receiving predictions.

» User Interaction:

e Upload Images:
Users can upload images of potato plants through the
web interface.

e Data Validation:

Implemented data validation on the frontend to ensure
that users provide valid input (e.g., image format) before
sending requests to the backend.

e Display Predictions:

Once the predictions are received from the backend,
displaying them on the frontend Ul along with the input
image.

> Data Flow:

e User Input:
Users upload images or provide input on the frontend.

e Frontend Request:
The frontend sends a request to the backend API with
the user's input (uploaded image).
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e Backend Processing:

The backend receives the request, preprocesses the
image (resizing, rescaling), and sends it to the TensorFlow
Serving server for inference.

e Model Inference:

TensorFlow Serving loads the CNN model and
performs inference on the input image, predicting the
disease class and confidence scores.

International Journal of Innovative Science and Research Technology

ISSN No:-2456-2165

e Response to Frontend:
The backend receives the predictions from TensorFlow
Serving and sends them back to the frontend.

o Display Results:
The frontend displays the predicted disease class and
confidence scores to the user.

» System Architecture:

Data Cleaning &
Preprocessing

i |

tf serving

O FastAPIl

Fig 3 Overall System Architecture.

» Data Cleaning & Preprocessing:

o Images are loaded from disk.

e Images are resized to a consistent size, ensuring
uniformity for the model.

e Images are converted to a grayscale color format,
simplifying the input data.

e Augmentation techniques are applied to create additional
training data, enhancing the model's ability to generalize
and prevent overfitting.

» Model Building:

e A Convolutional Neural Network (CNN) model is
employed for disease classification.

e CNNs are ideal for image classification tasks as they can
automatically learn and extract relevant features from
images through convolutional layers.

e The CNN model is trained on a large dataset of labeled
images, allowing it to recognize distinct disease-related
features and patterns.

» Model Deployment:

e After training, the CNN model is deployed to a
production environment.

e TensorFlow Serving, a tool for deploying and serving
TensorFlow models, is utilized for model deployment.

e TensorFlow Serving ensures that the model is efficiently
served and ready to make predictions for incoming
requests.

NISRT230CT949

> Inference:

o Clients, such as users or applications, can send images to
the deployed model for predictions.

e The model processes the images and generates a
probability distribution for each disease category.

e The probability distribution indicates the likelihood of
the input image belonging to each disease category,
helping users identify potential diseases.

» User Interface (React JS):

e A React JS-based user interface is developed to facilitate
user interaction with the system.

e Users can upload images through the user interface and
view the model's predictions.

e React JS provides an efficient and responsive front-end
framework for building a modern and user-friendly
interface.

In summary, the system architecture integrates data
preprocessing, model building, model deployment, and user
interaction components to create an end-to-end solution for
the detection of diseases in bell pepper, potato, and tomato
plants. The use of TensorFlow Serving, CNNs, and React JS
contributes to the effectiveness and usability of the system,
making it capable of providing accurate disease
classification results to users.
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F. Testing and Deployment:
Applying the final model to the test dataset to evaluate
its real-world performance.

G. User Interface and Interpretability:
Implemented a user interface that displays the disease
prediction along with confidence scores.

VEGETABLES LEAF DISEASE DETECTION OF [BELL PEPPERY | POTATO] | [TOMATO]

Fig 4 User Interface of website

H. Performance Optimization:

Optimize the model for inference speed and memory
efficiency to ensure real-time processing of user-uploaded
images.

Implemented server-side batching to handle multiple
image requests efficiently.

I. Continuous Improvement:
Consider the integration of automated data collection
systems for real-time disease monitoring on farms.

Plan for model retraining and updates as new data
becomes available or new diseases emerge.

J. Documentation and Reporting:

Maintaining thorough documentation of the project,
including dataset details, model architecture, and training
history.

Preparing a comprehensive report summarizing the
methodology, results, and future directions.

V. RESULTS

In order to evaluate the performance of our leaf disease
classification model, we need to analyze its accuracy in
making predictions on images from the dataset. This
analysis will help us understand how well the model has
learned to recognize and classify different diseases affecting
potato leaves.

Now considering the results of the model's predictions
on various leaf images. The accuracy of these predictions
will provide valuable insights into the model's ability to
distinguish between healthy potato leaves and those affected
by diseases such as early blight, late blight, or other
common issues.
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By assessing the accuracy of our model's predictions,
we can gauge its effectiveness in practical scenarios, which
is crucial for its real-world application in identifying and
addressing potato leaf diseases.

> Example:

e Results of Images: -

VECETABLES | AR OSEASE DETECTION CF [BELL_PEPFER]|(POTATO]| [FOMATO]

s camcunn
Healthy 100.00%

Late Blight 100.00%

Fig 7 Predicted as Late Blight with 100% Accuracy.
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V. CONCLUSION

Our project has successfully demonstrated the efficacy
of using advanced deep learning and computer vision
techniques for early disease detection in bell peppers,
tomatoes, and potatoes. Key takeaways include:

The superiority of CNN over SVM, pretrained models,
Random Forest, MLP, and ensemble methods becomes
evident in its remarkable scalability, a pivotal feature for our
extensive dataset comprising 20,000 images. Furthermore,
CNN excels in comparison to these alternatives, boasting an
impressive training data prediction accuracy of 98-99%.

In conclusion, CNN emerges as the top choice due to
its scalability and exceptional prediction accuracy, making it
the ideal method for handling our sizable dataset.
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