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Abstract—Plant diseases are a significant menace to 

world agriculture, which causes significant harvest loss 

and economic difficulties. Conventional techniques for 

the identification of diseases are time-consuming and 

prone to erroneous influence. In this project, a solution 

is presented using a folding seller of Neuron Networks 

(CNN) for automatic plant disease detection and 

classification from leaf photos. Due to its capability of 

learning and deriving important features from visual 

information, CNN is very efficient in image-based 

operations like disease classification. The system 

proposed utilizes CNN to scan plant leaf images to detect 

symptoms of disease like color variations, stains, and 

texture changes. The process starts with image 

processing and then unique extraction through the CNN 

layer, completing the disease classification. The system’s 

functionality in image classification using trained models 

guarantees high accuracy when it comes to identifying a 

range of plant diseases. The project also presents a 

friendly interface where users upload images of leaves, 

are diagnosed with disease, and seek progression of 

disease procedures via a personalized account. The 

system under consideration combines extensions like 

user authentication and data storage to enable users to 

track the health of the system in the long term. The aim 

is to enormously enhance plant disease management, 

minimize human error, and push towards more 

sustainable farming practices. 

 

Index Terms—plants disease, image classification, 

machine learning model, convolutional nueral network, 

disease prediction 

 

I. INTRODUCTION 

 

The agricultural industry has encountered serious 

challenges brought about by the rising incidence of 

plant pathogens, which can cause huge losses of crops 

and decreased food security. Traditional methods of 

disease identification often rely on manual inspection, 

which can be time consuming and prone to human 

error. To address these challenges, the integra- tion of 

technology in agriculture has gained momentum, with 

machine learning and computer vision emerging as 

powerful tools for improving plant health 

management. A Convolutional Neural Network 

(CNN) is a type of artificial intelligence (AI) model 

that helps computers ”see” and understand images, 

just like humans do. It is especially good at 

recognizing patterns, shapes, and colors in pictures. 

CNNs are widely used in fields like medical imaging, 

self-driving cars, and, in this case, plant disease 

detection. 
 

How CNN Works in Plant Disease Detection: 

• Collecting Images – First, a large number of images 

of plant leaves are collected. These images include 

both healthy leaves and leaves affected by various 

diseases. 

• Preprocessing the Images – The images are cleaned, 

resized, and sometimes enhanced to improve clarity. 

This helps the CNN model learn better. 

• Feature Extraction – The CNN automatically 

identifies important patterns in the images, such as 

color changes, spots, or texture differences that 

indicate disease. It does this through multiple 

layers: 

• Convolution Layer: Detects small patterns like 

edges and spots. Pooling Layer: Reduces the image 

size while keeping the important information. 

• Fully Connected Layer: Combines all detected 

patterns to make a final decision. 

Training the Model: The CNN is trained using a 

dataset of labeled images (e.g., ”Healthy,” ”Blight,” 

”Mildew”). It learns by repeatedly analyzing these 

images and adjusting itself to recognize different 

diseases correctly. 

Testing and Prediction: Once trained, the CNN can 

analyze new images and predict whether a plant is 

healthy or diseased. 

 

II. RELATED WORK 

 

The domain of plant disease detection has seen a 

growing emphasis on hybrid models, transfer 
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learning, explainable AI, and feature optimization to 

improve model robustness, interpretability, and 

generalizability. 

- Raghuram and Borah (2025) [7] developed a 

Hybrid Learning Model (HLM) by integrating Deep 

Reinforcement Learning with Transfer Learning using 

MobileNetV2 as the base feature extractor. This 

approach enhanced adaptability to diverse 

environmental conditions and improved classification 

accuracy in tomato leaf disease detection. 

- Kumari et al. (2025) [9] introduced a feature-

enhanced, explainable framework that combines 

Hough Transform (HT) and Discrete Wavelet 

Transform (DWT) across multiple color spaces. 

Achieving 99% classification accuracy, the model pri- 

oritized feature visibility and transparency, aiding 

agronomists in understanding model decisions. 

- Aishwarya and Reddy (2023) [10] proposed an 

ensemble CNN architecture combining DenseNet169, 

InceptionV3, and Xception. Their non-linear fusion 

strategy of decision scores led to an accuracy of 

98.46% in groundnut leaf disease classi- fication, 

demonstrating the effectiveness of model ensembling 

in handling intra-class variability.  

 

EXISTING SYSTEMS 

Recent advancements in deep learning have led to the 

development of efficient, real-time systems for plant 

disease detection. These systems integrate various 

CNN architectures with mobile and edge platforms to 

enhance accessibility and usability for end-users, 

particularly farmers. 

- Vinay et al. (2025) [6] designed a hybrid deep 

learning model by combining ResNet-50 and 

InceptionV3. The model, enhanced with data 

augmentation techniques, achieved a clas- sification 

accuracy of 97% and demonstrated high recall in 

detecting diseases across various crops, especially in 

early stages. 

- Attri et al. (2025) [8] introduced an Edge AI-

based solution optimized for low-resource 

environments using Mo- bileNetV2. Deployed on 

embedded hardware, the model tar- geted mango and 

apple leaf disease detection and achieved 93.1% 

accuracy, facilitating real-time, offline diagnosis for 

farmers in rural regions. 

- Shewale and Daruwala (2023) [11] presented 

a CNN- driven approach specifically focused on early 

detection of tomato plant diseases. Their system 

incorporated customized preprocessing techniques 

and demonstrated significant poten- tial for low-

latency classification in agricultural monitoring 

applications. 

 

III. PROPOSED SYSTEM 

 

A. System Design 

 

Fig. 1. System design 

 

The proposed system automates plant disease 

identification using a modular image classification 

pipeline powered by deep learning. It integrates a 

Convolutional Neural Network (CNN) and an 

interactive web interface built with Streamlit. The 

architecture comprises the following components: 

• User Interface: Developed using Streamlit, allowing 

users to: 

– Upload plant leaf images, 

– Display prediction results and uploaded images, 

– Access a user-friendly interface suitable for non- 

technical users. 

• Image Preprocessing: Utilizes OpenCV and Tensor- 

Flow/Keras preprocessing utilities to: 

– Resize images to 128×128 pixels, 

– Normalize pixel values, 

– Convert image color format from BGR to RGB. 

• CNN Model: Implemented in TensorFlow/Keras 

and trained on the Kaggle “New Plant Diseases 

Dataset” containing over 87,000 images across 38 

classes. The model performs multi-class 

classification using: 

– Multiple convolutional and pooling layers, 

– ReLU activations and Softmax output, 

– Data augmentation techniques such as rotation, flip- 

ping, and zooming. 

• Backend Logic: Written in Python to: 

– Load the trained model and run inference, 

– Map prediction indices to class names, 
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– Return results to the interface. 

• Data Flow: The workflow follows these steps: 

1) User uploads a plant leaf image via Streamlit, 

2) Image is preprocessed, 

3) CNN model performs inference, 

4) Predicted class and confidence score are 

displayed, 

5) (Optional) Results are logged. 

 

B. System Development 

Technologies Used: 

• Programming Languages and Libraries: Python, 

Ten- sorFlow, Keras, NumPy, Pandas, OpenCV, 

PIL, Scikit- learn, Matplotlib, Seaborn. 

• Development Tools: Streamlit for frontend 

development, Jupyter Notebook for prototyping, 

Git/GitHub for version control. 

 

Implementation Details: 

• Image Preprocessing: All images are resized to 

128×128 pixels, normalized, and color-corrected. 

Class labels are encoded. 

• Model Architecture: The CNN model consists of 

con- volutional, max-pooling, and dropout layers 

with batch normalization. It uses ReLU for 

intermediate layers and Softmax for output. 

• Training and Evaluation: The dataset is split into 

training, validation, and testing sets. Evaluation 

metrics include accuracy, precision, recall, and 

confusion matri- ces. 

• Web Application: Streamlit interface supports real-

time predictions and displays disease names and 

probabilities. 

• Deployment: The application is packaged with a 

virtual environment and prepared for deployment 

on Streamlit. 

 

IV. METHODOLOGY 

 

Overview: 

This study uses a Convolutional Neural Network 

(CNN) to classify plant leaf images as healthy or 

diseased. The goal is to develop an accurate, scalable 

model that assists in early detection of plant diseases, 

improving agricultural outcomes through automation 

and real-time support.  

Research Design: 

A supervised deep learning pipeline was followed: 

• Data Collection: Used a publicly available dataset 

with 87,848 images spanning 38 disease classes. 

• Preprocessing: Images were resized, normalized, 

and augmented to improve model generalization. 

• Model Building: Developed a CNN using 

TensorFlow and Keras with convolutional, pooling, 

dropout, and dense layers. 

• Training and Validation: The model was trained 

using categorical cross-entropy loss and the Adam 

optimizer. Validation data helped monitor 

performance. 

• Evaluation: Accuracy, precision, recall, F1-score, 

and confusion matrix were used to assess 

performance. 

 

Sampling Strategy: 

A stratified sampling approach ensured balanced class 

repre- sentation: 

• Training Set: 70% ( 70,295 images) 

• Validation Set: 15% ( 17,572 images) 

• Testing Set: 15% ( 13,177 images) 

 

Tools and Libraries: 

The model was implemented in Python using the 

following tools: 

• TensorFlow and Keras – Model design and training 

• OpenCV – Image processing 

• Matplotlib, Seaborn – Data visualization 

• NumPy, Pandas, Scikit-learn – Data manipulation 

and performance metrics 

 

Ethical Considerations: 

The dataset is open-access and contains no personal or 

sensi- tive information. All images were used in 

accordance with the dataset’s license, ensuring 

compliance with AI research ethics. 

 

Limitations and Assumptions: 

• Limitations: Potential dataset bias, variable image 

qual- ity, and limited generalizability to real-field 

environments. 

• Assumptions: Images are correctly labeled and 

aug- mented data accurately represents real-world 

variance. 

 

System Requirements: 

Hardware: 

• Recommended: Intel i5 or higher, 4 GB+ 

RAM, SSD (128 GB+), Full HD monitor 

• Minimum: Intel i3, 2 GB RAM, HDD (80 GB), 
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SVGA monitor 

 

Software: 

• Operating System: Windows 10 (64-bit), 

macOS, or Linux 

• Development Tools: Python 3.x, Jupyter 

Notebook, Py- Charm or VS Code 

• Libraries: TensorFlow, Keras, OpenCV, Scikit-

learn, Mat- plotlib, Pandas 

 

V. RESULTS AND DISCUSSION 

 

In the proposed system, a Convolutional Neural 

Network (CNN) model was developed to classify plant 

diseases from leaf images, achieving impressive 

performance. During the training phase, the CNN 

model was trained over 10 epochs. The training began 

with a modest accuracy of around 39.7%, which 

quickly improved as the model learned relevant 

features from the image data. By the end of training, 

the model achieved a training accuracy of 98.03% and 

a validation accuracy of 94.55%, along with a 

significant reduction in loss values—indicating that 

the model had effectively learned the distinguishing 

features of each class. The relatively small gap 

between training and validation accuracy also suggests 

that the model did not overfit the training data and is 

capable of generalizing well to unseen images. 

 
Fig. 2. Model Training for 10 epochs 

 

The steadily decreasing loss values across epochs 

further confirmed that the model was learning 

effectively. 

 
Fig. 3. Model accuracy graph 

 

Post-training, the model was evaluated by making 

predic- tions on test samples. The output class index 

from the model was mapped back to human-readable 

class names using a predefined list derived from the 

dataset’s folder structure. In one such prediction, 

using the class labels derived from the directory 

structure, it correctly identified a test image as 

”Tomato → Tomato Yellow Leaf Curl Virus”, 

demonstrating its ability to accurately map learned 

features to real-world plant disease categories.  

 
Fig. 4. Model testing 

 

Overall, the project demonstrates the effectiveness of 

CNNs in plant disease detection, offering a scalable 

and efficient tool for modern agriculture. With high 

accuracy and reliable performance, this model could 

contribute significantly to early disease diagnosis, 

reduced pesticide usage, and improved crop health 

management. 

CONCLUSION 

 

In this research, a deep learning-based system was 

developed for automated plant disease detection using 

Convolutional Neural Networks (CNNs). By training 

on a large, diverse dataset of leaf images, the model 

demonstrated high accuracy in identifying various 

plant diseases, enabling early diagnosis and effective 
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crop management. The approach reduces reliance on 

manual inspection, offering a scalable and real-time 

solution that can be integrated into mobile or edge 

devices for use directly in agricultural fields. This 

work contributes to sustainable farming by promoting 

timely intervention, reducing yield loss, and 

supporting farmers with accessible, technology- driven 

plant health monitoring tools. 
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