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ABSTRACT

In modern agriculture, the ability to accurately identify and classify crop diseases is crucial for
improving crop yield and ensuring food security. Traditional methods of disease diagnosis rely heavily
on manual inspection, which is time-consuming and prone to human error. With the advancement of
artificial intelligence (Al), particularly deep learning models, there is a significant opportunity to
automate and improve the disease classification process. This paper proposes an Al-driven system based
on the Django framework for multi-crop disease classification, which leverages deep learning
techniques to identify and diagnose diseases across a variety of crops in real-time. The proposed system
utilizes a Convolutional Neural Network (CNN) for image-based disease detection. The CNN model is
trained on a large dataset of crop images, which includes various diseases and their corresponding
pesticide suggestions for different crops like tomato, pepper, and potato. The dataset is preprocessed to
standardize image sizes, and enhance key features of the images to improve classification accuracy. A
Django-based web application serves as the interface for the system, enabling users, such as farmers or
agricultural experts, to upload images of their crops and receive immediate diagnosis. The Django
platform provides a scalable and user-friendly interface for users to interact with the Al model. It
includes features for user registration, image upload, disease classification, and providing feedback to
users. The deep learning model’s performance is evaluated using metrics such as accuracy, precision,
recall, and F1-score, ensuring reliable diagnosis. The system is designed to handle multiple crops and
diseases simultaneously, offering precise and context-specific results. This Al-driven system empowers
farmers with real-time, accurate tools to identify crop diseases and take timely preventive or corrective
actions, reducing the dependency on manual labor and improving agricultural productivity. By
automating disease detection, it not only enhances the decision-making process but also contributes to
sustainable agricultural practices.

Keywords: Crop disease detection, Deep learning, Convolutional Neural Network (CNN), Django
framework, Real-time diagnosis, Precision agriculture.

1. INTRODUCTION

This Research integrates a deep learning-based image classification system with a Django web
application for secure user authentication and real-time predictions. The system processes image
datasets, applies data augmentation, and trains a Convolutional Neural Network (CNN) model to
classify images into predefined categories. It includes a user-friendly interface where users can upload
images for prediction, and the model determines the class label with high accuracy. The platform utilizes
authentication mechanisms to ensure security and prevent unauthorized access. Advanced
preprocessing techniques, including dataset augmentation and normalization, enhance model
performance. The integration of Django with machine learning creates a scalable solution that can be
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deployed for various real-world classification tasks. Traditional image classification systems require
extensive manual intervention, suffer from limited accuracy due to insufficient training data, and often
lack integration with secure web-based platforms. Many existing solutions are standalone models that
are challenging to deploy for real-time applications. Additionally, traditional approaches lack robust
authentication mechanisms, leading to potential security risks in sensitive applications. Handling large
datasets efficiently, avoiding overfitting, and ensuring seamless user experience through a web-based
interface present significant challenges. This Research addresses these issues by developing an end-to-
end solution that combines deep learning with a Django-based web interface for real-time, user-friendly
classification. The motivation for developing this Research arises from the increasing demand for
automated and accurate image classification systems in various domains, such as healthcare, agriculture,
and security. Traditional classification methods rely on manual feature extraction, which is inefficient
and prone to errors. The advancements in deep learning, particularly Convolutional Neural Networks
(CNNs), provide an opportunity to improve classification accuracy and automate feature extraction. By
integrating this capability into a web application, we aim to create a user-friendly, accessible, and secure
system that can be widely used without requiring expertise in deep learning. Additionally, the lack of
seamless deployment solutions for deep learning models inspired the need for a robust and scalable
approach. There is a growing demand for automated, accurate, and scalable image classification
solutions across various industries. Manual classification is time-consuming and often prone to errors,
while traditional machine learning methods require extensive feature engineering. This research is
necessary to bridge the gap between deep learning advancements and practical usability through a web
application. The need for real-time classification with a secure authentication system is critical in
domains healthcare, agriculture, security, and finance. A web-based deep learning solution enables easy
deployment and accessibility, eliminating the need for high-end local computational resources.
Furthermore, integrating security measures ensures the protection of sensitive data and prevents
unauthorized access, making this research essential for developing a reliable and efficient classification
system.

2. LITERATURE SURVEY

[1] Jafar et al. (2024) discuss how artificial intelligence is revolutionizing agriculture by enhancing
plant disease detection through various methods, applications, and techniques. They analyze the
effectiveness of deep learning, machine learning, and image processing in diagnosing diseases affecting
crops. The study highlights the advantages of automated detection over traditional methods and
emphasizes the role of Al in precision farming. Limitations such as dataset quality and model
generalization issues are also addressed. [2] Demilie (2024) compares different plant disease detection
and classification techniques using machine learning and deep learning models. The study evaluates the
accuracy, efficiency, and computational complexity of various approaches. The results indicate that
deep convolutional neural networks outperform traditional machine learning models. The author also
discusses the challenges in dataset acquisition, real-time implementation, and environmental factors
affecting model performance. [3] Morchid et al. (2024) present a review on loT-based embedded
systems, cloud platforms, and Al techniques for plant disease detection. They explore the integration of
deep learning and machine learning in real-time monitoring and early disease identification. The
research highlights the potential of 10T sensors in capturing high-resolution agricultural data and
transmitting it to cloud platforms for analysis. The study identifies issues related to scalability, energy
consumption, and data security in loT-based solutions. [4] Singh et al. (2020) review imaging
techniques used for plant disease detection, including hyperspectral, multispectral, and thermal imaging.
The study explains how these techniques provide detailed insights into disease patterns that are not

406 Dr. V. Murali Krishna et al 405-414



Journal of Computational Analysis and Applications VOL. 34, NO. 4, 2025

visible to the naked eye. The authors discuss the effectiveness of image processing algorithms in feature
extraction and classification. The research identifies the need for improving image resolution and
standardizing imaging protocols for consistent results.

[5] Trippa et al. (2024) explore next-generation methods for early disease detection in crops using
machine learning, deep learning, and sensor-based technologies. Their study evaluates the efficiency of
Al-driven models in identifying disease symptoms before they become visible. They highlight the
significance of integrating Al with UAVs (drones) for large-scale crop surveillance. The study
acknowledges challenges such as high implementation costs and the need for extensive labeled datasets.
[6] Sapre et al. (2021) discuss molecular techniques used in plant disease diagnosis and their
applications in modern agriculture. The research covers PCR-based methods, DNA sequencing, and
biosensors for pathogen detection. The study emphasizes the role of molecular diagnostics in achieving
early disease detection with high accuracy. However, the authors highlight challenges such as cost,
technical expertise requirements, and the need for rapid field-deployable techniques. [7] Chowdhury et
al. (2021) propose an automatic and reliable leaf disease detection system using deep learning models.
Their research demonstrates how convolutional neural networks (CNNs) can efficiently classify plant
diseases based on leaf images. They highlight the importance of data augmentation techniques to
improve model robustness. The study discusses the potential of mobile applications for real-time disease
diagnosis, along with challenges such as environmental variations affecting image quality. [8] Vishnoi
et al. (2021) analyze the role of computational intelligence and image processing in plant disease
detection. Their study presents various Al models, including SVM, decision trees, and deep learning
architectures, to classify plant diseases. The research discusses the significance of feature extraction
techniques such as color, texture, and shape analysis. The study highlights computational challenges
and the need for lightweight Al models for mobile-based applications. [9] Li et al. (2021) present a
comprehensive review on plant disease detection and classification using deep learning. They discuss
different neural network architectures, including CNNs, RNNs, and hybrid models. The research
evaluates the impact of dataset size, image resolution, and preprocessing techniques on model accuracy.
They emphasize the role of transfer learning in improving classification performance for small datasets.
[10] Pandian et al. (2022) introduce a deep convolutional neural network for plant disease detection.
Their study demonstrates how pre-trained deep learning models can enhance disease classification
accuracy. They discuss hyperparameter tuning techniques, including learning rate optimization and
dropout layers, to prevent overfitting. The research suggests integrating cloud-based Al models for real-
time disease monitoring in large agricultural fields. [11] Jackulin and Murugavalli (2022) review
machine learning and deep learning approaches for plant disease detection. They analyze traditional
machine learning algorithms such as SVM, k-NN, and decision trees, comparing their performance with
deep learning-based models. The study highlights the advantages of CNNs in extracting complex
disease features from leaf images. Challenges such as the need for diverse datasets and model
generalization issues are also discussed. [12] Albattah et al. (2022) propose an Al-based drone system
for multiclass plant disease detection using an improved convolutional neural network. Their study
demonstrates how UAVs equipped with high-resolution cameras can capture real-time crop images for
disease classification. They analyze the impact of environmental factors such as lighting conditions on
detection accuracy. The research highlights the advantages of using edge computing for processing
large datasets collected from drone-based surveillance systems.

3. PROPOSED SYSTEM
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To overcome the limitations of traditional crop disease detection methods, the proposed system
integrates deep learning with a Django-based web framework to automate multi-crop disease
classification. The system utilizes a Convolutional Neural Network (CNN) trained on a diverse dataset
of diseased and healthy crop images. It provides real-time disease identification, suggesting potential
treatments, and enhancing precision agriculture. The following steps detail the research and
implementation process:

Step 1: Crop Disease Dataset Collection

The system relies on a comprehensive dataset consisting of high-resolution images of crops affected by
various diseases. This dataset includes images of multiple crops such as tomatoes, potatoes, and peppers,
categorized into different disease classes along with healthy samples. The images are collected from
agricultural research institutions, open-source databases, and real-world farm inspections. To ensure
accuracy and reliability, each image is labeled by agronomy experts based on visible symptoms like
leaf spots, discoloration, and mold presence.

Step 2: Dataset Preprocessing (Null Value Removal, Label Encoding)

Before training the model, the dataset undergoes rigorous preprocessing to eliminate inconsistencies
and enhance learning efficiency. Missing values, duplicate images, and noisy data are removed to ensure
data integrity. Image resizing is performed to standardize all images to a uniform resolution (32x32
pixels) for efficient CNN processing. Label encoding converts categorical disease names into numerical
values, making them interpretable for the machine learning model. Additionally, data augmentation
techniques such as rotation, flipping, and contrast adjustments are applied to increase dataset diversity,
improving the model’s generalization ability.

Step 3: Proposed Algorithm - Deep Learning Model with CNN

A deep CNN architecture is implemented to extract complex features from images and classify diseases
with high accuracy. The model consists of multiple convolutional layers that detect patterns like edges,
color variations, and texture differences in plant leaves. Max-pooling layers help reduce dimensionality
while retaining essential features. Batch normalization ensures stable training, and dropout layers
prevent overfitting. The final dense layers output a probability distribution over different disease classes,
identifying the most probable condition of the crop. The model is trained using the Adam optimizer,
which accelerates convergence and improves learning efficiency.

3.2 Data Splitting & Preprocessing

Once the dataset is cleaned and augmented, it is split into training, validation, and testing sets. Typically,
80% of the data is allocated for training, 10% for validation, and 10% for testing. This ensures the model
learns effectively while preventing overfitting. The training set is used to teach the CNN model disease
characteristics, the validation set fine-tunes hyperparameters, and the test set evaluates final
performance. Image pixel values are normalized between 0 and 1 to enhance computational efficiency
and ensure uniformity. Additionally, class imbalance is handled using Synthetic Minority Over-
sampling Technigue (SMOTE) to prevent bias in predictions.

3.3 ML Model Building

The CNN model is built using Keras and TensorFlow, following a sequential architecture. The input
layer processes images of shape (32,32,3). The model begins with multiple convolutional layers that
extract essential features textures and edges. Max-pooling layers reduce dimensionality, preventing
redundant information. Batch normalization improves training stability, while dropout layers prevent
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overfitting. The final fully connected layers classify diseases based on extracted features, and a softmax
activation function determines the predicted disease class. The Adam optimizer fine-tunes the model
weights, and categorical cross-entropy loss is used for multi-class classification. The model undergoes
iterative training, where validation data helps refine parameters.

3.3.1 Proposed Algorithm

The proposed system leverages an advanced Convolutional Neural Network (CNN) architecture
integrated with the Adam optimizer and valid padding to enhance the accuracy and efficiency of crop
disease classification. By utilizing the Adam optimizer, the system dynamically adjusts learning rates
during training, enabling faster convergence and improved performance through adaptive moment
estimation. Unlike traditional 'same’ padding that introduces zero-padding to preserve input dimensions,
the use of valid padding ensures that only actual pixel values are processed, thereby preserving crucial
edge information in crop images. This is particularly important in detecting disease symptoms that often
appear near leaf boundaries. The CNN architecture is designed to learn complex hierarchical features
from leaf images, allowing the model to capture intricate patterns and textures associated with various
crop diseases. Combined with preprocessing techniques and optional data augmentation, the system
becomes robust against variations in lighting, orientation, and scale. Overall, this approach significantly
refines feature extraction and classification precision, making it a powerful tool for early and accurate
disease detection in precision agriculture.

Input Images
(Plant Leaves)

:

Image Preprocessing
(Resize, Normalize, Augment)

:

Training & Validation Dataset
(Split + Augmented)

:

CNN Model
(Keras/TensorFlow)

AN

Model Training Prediction
(Epochs, Loss, Accuracy) (New Image — Disease Class)

:

Model Evaluation
(Confusion Matrix, Accuracy, Recall, F1)

Fig 1: Block Diagram
1. Input Layer: The model processes images of (32x32) pixels with three color channels (RGB).

2. Convolutional Layers: Multiple 2D convolutional layers extract hierarchical features from
crop disease images. Filters detect textures, leaf discoloration, and damage patterns.

3. Valid Padding: Unlike zero-padding, this ensures convolution only occurs on the original
pixels, retaining finer image details.
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4.

Batch Normalization & Max-Pooling: Batch normalization stabilizes training, while max-
pooling reduces feature dimensions without losing critical information.

Dropout Layers: These layers prevent overfitting by randomly disabling some neurons during
training, ensuring generalization.

Fully Connected Layers: The flattened feature maps are processed through dense layers to
classify disease categories.

Output Layer: A softmax activation function assigns probabilities to each disease category,
identifying the most probable condition.

Adam Optimizer: This optimizer fine-tunes network parameters by adjusting learning rates,
accelerating convergence without oscillations.

4. RESULTS AND DISCUSSION

4.1 Dataset Description

The dataset used for multi-crop disease classification consists of high-resolution images of crop leaves
categorized into five distinct disease types: Healthy, Mosaic, RedRot, Rust, and Yellow. These images
are stored in separate folders, each representing a specific disease category. The dataset is designed to
train a deep learning model for automatic disease classification, enabling precise and real-time detection
of crop diseases.

1.

Healthy:
o Images of disease-free plant leaves.
Mosaic:

o Leaves affected by Mosaic virus, characterized by light and dark green patches or
distorted growth..

RedRot:

o Affects sugarcane crops, leading to reddish streaks on the inner stalk and reduced
sugar content.

o The fungus Colletotrichum falcatum is the primary cause.
Rust:
o ldentified by orange-brown pustules on the leaf surface.

o Common in wheat, barley, and maize crops, leading to reduced photosynthesis and
lower yields.

Yellow:

o Symptoms include yellowing of leaves, which can be caused by nutrient deficiencies,
bacterial infections, or fungal pathogens.

o Often seen in cotton, mustard, and rice crops.

4.2 Result and Description
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The Figure 2 shows a webpage with the title "Al-driven Django Framework for Multi-Crop Disease
Classification for Precision Agriculture." The navigation bar includes links such as "Home," "Admin
Login Here," "User Login Here," and "New User SignUp Here."

Al-driven Django Framework for Multi Crop Disease Classification for Precise Agriculture

Home Admin Login Here  User Login Here  New User Signup Here
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Fig 2: Home Page

Figure 3 shows login form, with fields for username ("admin" shown) and a masked password, features
a prominent "login" button. Upon submission via a Django backend, the entered credentials trigger an
authentication process. Django verifies these details against its user database. Successful authentication
leads to a user session, granting access, while failure typically redisplays the form with an error.

Al-driven Django Framework for Multi Crop Disease Classification for Precise Agriculture

Home AdminLoginHere UserLogin Here New User Signup Here

STEEE AR FE

Fig 3: Admin Login Page

This Figure 4 displays the administrative interface of an "Al-driven Django Framework for Multi-Crop
Disease Classification for Precision Agriculture." The navigation bar now shows options like "Home,"
"Load Data Here,"” "Train Model Here," and "Logout," indicating administrative functionalities. The
"Load Data Here" option suggests the admin can upload datasets, while "Train Model Here" implies
the ability to initiate or manage the Al model training process. These features highlight the admin's role
in managing the data and the core machine learning model of this agricultural application.

411 Dr. V. Murali Krishna et al 405-414



Journal of Computational Analysis and Applications VOL. 34, NO. 4, 2025

Al-driven Django Framework for Multi Crop Disease Classification for Precise Agriculture

Home Load DataHere Train Model Here Logout
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Fig 5 : Model Training and Performance Comparison

Aldriven Django Framework for Multi Crop Disease Classification for Precise Agriculture

Home Predictons Logout

Fig 6: Predicted Outcomes

This Figure displays the output of the Al-driven disease classification system. The text "Prediction
Result as: Healthy" clearly indicates that the system has analyzed an input, likely an image of a plant
leaf, and determined it to be healthy. Below this, a small image shows a close-up of a green leaf with
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some lighter streaks, which the Al has classified as "Healthy." This demonstrates the application's
ability to provide a diagnostic prediction on the health status of plant foliage.

5. CONCLUSION

The implementation of an Al-driven Django framework for multi-crop disease classification represents
a significant advancement in precision agriculture. Traditional methods of disease identification rely on
manual inspection, which is time-consuming, inconsistent, and prone to human error. This Research
leverages deep learning techniques, specifically Convolutional Neural Networks (CNNs), to automate
the process of disease detection, enabling farmers and agricultural experts to quickly diagnose crop
diseases and take necessary corrective actions. The developed system is capable of classifying multiple
crop diseases, including Mosaic, RedRot, Rust, and Yellow disease, as well as distinguishing healthy
crops. By utilizing a large dataset of labeled crop images, the system achieves high accuracy in detecting
disease symptoms at an early stage. The dataset is preprocessed through normalization, augmentation,
and label encoding to enhance model performance and generalization. The Django framework provides
an intuitive, web-based interface that allows users to upload images of affected plants and receive real-
time disease classification results. The CNN-based model is trained and optimized using Adam
optimizer with valid padding, ensuring efficient feature extraction and improved classification accuracy.
The model is evaluated using performance metrics such as accuracy, precision, recall, and F1-score,
confirming its robustness. Additionally, a comparison with existing methods highlights the superiority
of the proposed system in terms of speed, accuracy, and scalability. This Research not only automates
disease classification but also empowers farmers with actionable insights, reducing dependency on
agronomists and preventing crop losses. The ability to detect diseases early enables targeted pesticide
application, minimizing the overuse of chemicals and promoting sustainable farming practices.
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