IJRASET

International Journal For Research in
Applied Science and Engineering Technology

" INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGQGY

Volume: 14 Issue: Vi Month of publication: June 2026

DOIl: https://doi.org/10.22214/ijraset.2026.83263

www.ijraset.com
Call: (£)08813907089 | E-mail ID: ijraset@gmail.com




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue V May 2026- Available at www.ijraset.com

Crop Disease Detection Using Machine Learning

Rahul Pawar, Vinodkumar?, Vishal®, Shashank Reddy*, Prof. Trupti® (Guide)
123 4Department of Computer Science and Engineering, Sharnbasava University, Kalaburagi

Abstract: Agriculture remains one of the most essential sectors for sustaining human life and economic stability. However, crop
diseases continue to pose a serious threat to agricultural productivity, often leading to significant financial losses for farmers.
Traditional disease identification methods rely heavily on manual inspection, which is time-consuming, requires expert
knowledge, and is not always accurate.

In this paper, a smart crop disease detection system is proposed using machine learning techniques. The system focuses on
analyzing leaf images to identify visible symptoms of diseases at an early stage. Image preprocessing techniques are applied to
enhance the quality of the input data, followed by feature extraction and classification using an efficient learning model. The
proposed approach aims to reduce human effort while improving detection accuracy.

The model is trained and tested on a dataset of crop leaf images and demonstrates promising performance in identifying multiple
types of plant diseases. The results indicate that the system can serve as a supportive tool for farmers by providing quick and
reliable predictions. This approach not only improves productivity but also contributes to sustainable agricultural practices.
Future enhancements can further improve real-time detection and expand the system for a wider range of crops.

Keywords: Crop Disease Detection, Machine Learning, Image Processing, Convolutional Neural Network (CNN), Leaf
Analysis.

L. INTRODUCTION
Agriculture plays a vital role in sustaining human life and supporting the global economy. One of the major challenges faced by
farmers is the early detection and management of crop diseases, which can significantly reduce both the quality and quantity of
agricultural produce. Traditionally, disease identification has relied on manual inspection by experts, which is time-consuming,
labor-intensive, and often prone to human error, especially in large-scale farming environments.
With the advancement of technology, particularly in the fields of Machine Learning and Image Processing, automated systems have
emerged as a reliable solution for detecting crop diseases at an early stage. These systems analyze images of plant leaves to identify
patterns, discolorations, and other symptoms associated with various diseases. Among different machine learning techniques,
Convolutional Neural Networks (CNNs) have shown exceptional performance in image classification tasks due to their ability to
automatically extract relevant features from input images.
This project focuses on developing an intelligent crop disease detection system using image-based analysis. The system aims to
assist farmers by providing accurate and timely identification of diseases, thereby enabling appropriate preventive measures. By
leveraging deep learning models, the proposed approach reduces dependency on manual inspection and improves efficiency in
agricultural practices.
Furthermore, this work contributes to the growing field of smart agriculture, where modern technologies are integrated to enhance
productivity and sustainability. The implementation of such automated systems can help minimize crop losses, optimize resource
utilization, and ultimately support farmers in achieving better yields.
In summary, the proposed system demonstrates how the integration of machine learning and agriculture can address real-world
problems effectively, making farming practices more efficient, reliable, and scalable.

1. LITERATURE SURVEY
The application of technology in agriculture has attracted increasing attention, particularly in the area of automated crop disease
identification. Earlier research primarily focused on visual inspection techniques, where experts manually examined plant leaves to
detect infections. Although effective, this approach was time-consuming and not suitable for large-scale farming.
To overcome these limitations, researchers introduced digital image processing techniques. These methods involved segmenting leaf
images and analyzing features such as shape, color variation, and infected regions. While these approaches reduced human effort,
their performance was often affected by noise, lighting variations, and complex backgrounds.
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Later, machine learning-based methods were developed to improve classification accuracy. Algorithms such as Random Forest and
Naive Bayes were applied to classify diseases based on extracted features. Although these techniques provided better results, their
dependency on handcrafted features limited their efficiency.

In recent developments, deep learning models have been widely adopted for crop disease detection. Convolutional Neural Networks
(CNNs) have proven to be highly effective due to their ability to learn hierarchical features directly from images. These models have
demonstrated strong performance across various datasets and crop types.

Despite these advancements, challenges remain in terms of computational requirements and real-time implementation. This has
encouraged further research into developing lightweight and efficient models. The proposed work focuses on improving detection
accuracy while maintaining simplicity and usability for practical agricultural applications.

Recent studies have also explored the integration of mobile and cloud-based solutions for crop disease detection, enabling farmers to
capture leaf images using smartphones and receive instant predictions. These systems improve accessibility and usability, especially
in rural areas where expert assistance is limited. Furthermore, research has focused on optimizing models to reduce computational
complexity, making them suitable for real-time applications. The combination of deep learning with user-friendly interfaces has
shown promising results in bridging the gap between advanced technology and practical agricultural usage.

1. PROPOSED METHODOLOGY / SYSTEM DESIGN
The proposed crop disease detection system is designed to automatically identify plant leaf diseases using image processing and
machine learning techniques. The main objective of the system is to assist farmers in detecting diseases at an early stage with higher
accuracy and minimal manual effort.
The system begins by collecting images of crop leaves from a dataset. These images may include both healthy and diseased samples
of different plant species. After data collection, the images are passed through a preprocessing stage where they are resized to a
uniform dimension and converted into a standard format suitable for model training. This step helps in improving the quality of
input data and reduces noise and irrelevant variations.
Once preprocessing is completed, the dataset is divided into training and testing sets. The training set is used to teach the model
patterns of different diseases, while the testing set is used to evaluate the model’s performance.
A Convolutional Neural Network (CNN) is used as the core classification model. The CNN automatically extracts important
features such as edges, textures, and color patterns from leaf images without manual feature selection. Multiple convolutional and
pooling layers are used to learn deep features, followed by fully connected layers that classify the image into different disease
categories.
During the training phase, the model learns to associate visual patterns with specific diseases such as leaf blight, rust, or healthy
leaves. The optimization process adjusts the model parameters to minimize prediction error and improve accuracy.
After training, the model is tested using unseen images. The system predicts whether the input leaf is healthy or affected by a
disease and displays the corresponding result. The final output can be used to assist in early diagnosis and proper treatment of crops.
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Fig.1. Workflow Diagram
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V. IMPLEMENTATION OF THE PROPOSED SYSTEM
The Crop Disease Detection Application is implemented using web technologies and machine learning techniques to provide
accurate and efficient crop disease identification. The frontend of the system is developed using HTML, CSS, JavaScript, and
React.js to create a responsive and user-friendly interface. The application allows users to register, log in, upload crop leaf images,
and view disease prediction results along with preventive measures and remedies. REST APIs are used for communication between
the frontend and backend components.
The backend implementation is carried out using Node.js and Express.js. The backend manages user authentication, image handling,
prediction requests, and database operations. JWT authentication is implemented to provide secure user access and data protection.
The backend receives uploaded crop images through API endpoints and forwards them to the machine learning prediction module
for analysis. The system also maintains user prediction history and disease-related information.
The machine learning model is implemented using Convolutional Neural Network (CNN) architecture with TensorFlow and Keras
libraries. The dataset used for model training consists of healthy and diseased crop leaf images collected from publicly available
datasets such as Plant Village and Kaggle. Image preprocessing techniques including resizing, normalization, noise reduction, and
data augmentation are applied before training to improve model accuracy and performance. The dataset is divided into training,
validation, and testing datasets for proper evaluation.
During the training phase, the CNN model extracts important features from crop leaf images and learns disease patterns. After
training, the model is integrated into the backend prediction service. When a user uploads an image, the system preprocesses the
image and sends it to the trained CNN model for prediction. The model identifies the disease and returns the prediction result to the
application interface along with disease information and remedy suggestions.
The database implementation is performed using MySQL or MongoDB to store user details, disease information, uploaded image
records, and prediction history. Cloud storage services such as Firebase Storage or Cloudinary are used for secure image storage and
retrieval. The application also implements HTTPS communication and password encryption to enhance system security and protect
user data.

IMPLEMENTATION DIAGRAM — CROP DISEASE DETECTION APPLICATION

Fig.2. .Implementation Diagram

V.  CNN MODEL TRAINING AND VALIDATION PERFORMANCE ANALYSIS

The proposed Convolutional Neural Network (CNN) model is trained on a labelled dataset to perform feature extraction and
classification of input images. The model architecture consists of multiple convolutional and pooling layers followed by fully
connected layers, enabling hierarchical learning of spatial features. The training process is carried out using a supervised learning
approach, where the loss function (categorical cross-entropy) is minimized using an optimization algorithm such as Adam.

Model performance is evaluated using both training and validation datasets to assess learning effectiveness and generalization
capability. Key performance metrics, including accuracy and loss, are computed at each epoch. The comparison between training
and validation performance is used to identify issues such as overfitting or underfitting. A consistent decrease in loss and
improvement in accuracy across epochs indicates stable convergence of the model. Furthermore, performance trends are analyzed
using accuracy and loss curves to visually represent the learning behaviour of the model. The final trained model is selected based
on optimal validation performance, ensuring its suitability for real-world image classification tasks.
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Fig.3.CNN Model Training and Validation Performance Analysis

VI. RESULTS

The proposed crop disease detection system was evaluated using a set of test images from the dataset. The trained Convolutional
Neural Network (CNN) model successfully classified different crop diseases with good accuracy. The performance of the model was
measured using standard evaluation metrics such as accuracy, precision, and recall. The model achieved an overall accuracy of
(accuracy, 93 %), which indicates that the system is capable of correctly identifying most of the crop disease images. The precision
and recall values also show that the model performs well in distinguishing between different disease classes without significant
misclassification. To visualize the training performance, accuracy and loss graphs were plotted over multiple epochs. The accuracy
graph shows a steady increase during training, while the loss graph gradually decreases, indicating that the model is learning
effectively without overfitting. During testing, the model was given unseen leaf images, and it correctly predicted the disease
category along with high confidence. The system was able to identify both healthy and infected leaves accurately, which
demonstrates its practical applicability in real-world agricultural environments.

== Scan Your Crop

Fig.4. Output interface
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The above figure illustrates the output interface of the proposed Crop Disease Detection system. The model analyzes the input leaf
image and predicts the disease class along with a confidence score. In the displayed result, the system identifies “Smut” with a
confidence of 87%, indicating a high probability of fungal infection. The severity level is classified as “High,” and relevant
information such as disease description, symptoms, and recommended treatment measures are provided. Additionally, a second
prediction shows a “Healthy” leaf classification with a confidence of 86%, indicating normal plant conditions. The system also
suggests appropriate organic, chemical, and preventive measures based on the predicted condition. This demonstrates the
effectiveness of the CNN-based model in delivering accurate predictions along with actionable agricultural recommendations
through a user-friendly interface.

VII.  CONCLUSION

The proposed crop disease detection system successfully demonstrates an automated and efficient approach for identifying plant
diseases using image processing and deep learning techniques. The system is developed using a Convolutional Neural Network
(CNN), which is capable of learning complex patterns from leaf images and classifying them into healthy or diseased categories.
The model was trained and tested using a labelled dataset of crop leaf images, and it achieved a satisfactory accuracy of
approximately (insert your accuracy, e.g., 92%). The results show that the system can effectively detect diseases with good
reliability and consistency. The use of deep learning significantly reduces the need for manual feature extraction and improves the
overall classification performance.
From the results obtained, it is clear that the proposed system provides a faster, more accurate, and automated alternative to
traditional manual crop disease identification methods. This can help farmers and agricultural experts in early detection of plant
diseases, thereby reducing crop loss and improving productivity.

In conclusion, the developed system proves to be an effective solution for crop disease detection using CNN-based image
classification. It achieves the primary objective of the project and provides a strong foundation for further enhancements in the field
of smart agriculture.

VIIL. FUTURE SCOPE
The proposed crop disease detection system can be further enhanced in several ways to improve its efficiency, accuracy, and real-
world applicability. Although the current model performs well on a fixed dataset, future improvements can make it more robust and
scalable for practical agricultural environments. One of the major improvements can be the development of a real-time mobile
application that allows farmers to capture leaf images directly from the field and get instant disease predictions. This would make
the system more user-friendly and accessible.
The model can also be improved by training it on a larger and more diverse dataset that includes multiple crops, different
environmental conditions, and a wider range of diseases. This will help increase the accuracy and generalization ability of the
system.
Future work may also include integration with cloud computing platforms, enabling large-scale data processing and centralized
model updates. This would allow continuous improvement of the system based on new data.
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