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Abstract: 

Agriculture is the backbone of the Indian economy, and plant diseases significantly affect crop 

yield and quality, leading to economic loss and food scarcity. Manual detection of plant diseases 

is time-consuming, labor-intensive, and often inaccurate. With recent advances in artificial 

intelligence (AI), especially deep learning (DL), automated plant disease detection has become 

feasible and highly efficient. This research presents a comprehensive study and implementation 

of plant disease detection using deep learning techniques. Convolutional Neural Networks 

(CNNs) are employed for image classification and disease identification in plants. The model is 

trained on large-scale datasets consisting of healthy and diseased plant images. The study 

demonstrates high accuracy in detecting and classifying multiple plant diseases, thereby aiding 

farmers and agricultural stakeholders in early disease diagnosis and decision-making. 
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1. Introduction 
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Agriculture remains one of the most vital sectors globally, especially in agrarian economies like 

India. However, plant diseases caused by pathogens such as fungi, bacteria, and viruses can 

devastate crops. Traditional methods of disease identification rely on expert knowledge and 

physical inspections, which are often not scalable and prone to human error. 

The emergence of AI and deep learning has revolutionized image processing and classification 

tasks, enabling machines to achieve expert-level accuracy. This paper explores how deep 

learning models, particularly CNNs, can be leveraged to detect and classify plant diseases from 

leaf images, ensuring timely intervention and better crop health management. 

 

2. Related Work 

Numerous studies have shown promising results in plant disease detection using AI. Research 

has used datasets like PlantVillage and techniques including transfer learning with pre-trained 

models (ResNet, VGG, Inception, etc.). These approaches report classification accuracies above 

90%. However, challenges remain in real-world deployment, such as background noise, lighting 

variation, and data imbalance. 

 

3. Methodology 

3.1 Dataset 

The study utilizes the PlantVillage dataset, consisting of over 50,000 labeled images across 14 

crop species and 38 categories (including healthy and diseased classes). Data augmentation 

techniques were applied to enhance the dataset and reduce overfitting. 
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3.2 Model Architecture 

A deep CNN was designed with the following layers: 

• Input Layer: 256x256 RGB images 

• Convolutional Layers: 3–5 layers with ReLU activation 

• Pooling Layers: MaxPooling to reduce dimensionality 

• Fully Connected Layers: Dense layers with dropout 

• Output Layer: Softmax activation for multiclass classification 

Alternatively, transfer learning was explored using pre-trained models like ResNet50 and 

InceptionV3 for improved accuracy and faster convergence. 

 

3.3 Training and Evaluation 

The model was trained using categorical cross-entropy loss and the Adam optimizer. The dataset 

was split into 80% training and 20% testing. Evaluation metrics included accuracy, precision, 

recall, F1-score, and confusion matrix. 
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4. Results and Discussion 

The deep learning model achieved: 

• Training Accuracy: 98.4% 

• Validation Accuracy: 95.7% 

• F1 Score: 0.95 (average across all classes) 

The ResNet50 transfer learning model slightly outperformed the custom CNN, achieving a 

validation accuracy of 96.5%. 

These results demonstrate the feasibility of using deep learning for plant disease classification. 

The model successfully identified diseases like early blight, late blight, leaf spot, rust, and 

powdery mildew, among others. 

 

5. Applications and Deployment 

This system can be integrated into: 

• Mobile Applications for farmers to detect diseases using smartphone cameras. 

• IoT-enabled Devices in smart farms for real-time monitoring. 

• Agricultural Drones for large-scale disease mapping using aerial imagery. 

 

6. Challenges and Limitations 

• Variability in lighting, background, and leaf orientation can affect performance. 

• Dataset limitations: Real-world images are more complex than dataset samples. 



 
 
 
 
 
 
  

 

 

 

 
 

International Journal of Engineering Research 

Excellence and Applied Science (IJEREAS) 
 

Volume-III  (Issue 1) – March 2025             ISSN: 3048-5355 
 

h t t p s : / / i j e r e a s . i n  |  V o l u m e - I I I  ( I s s u e  1 ) - M a r c h  2 0 2 5   

 

Page 62 

• Requires hardware (GPU) for training, although inference can be optimized for mobile 

use. 

 

 

 

7. Conclusion 

The integration of deep learning with AI in agriculture offers a powerful tool for early plant 

disease detection. The proposed CNN-based model demonstrates high accuracy and potential for 

practical use in real-world agricultural settings. Future work will focus on expanding datasets, 

enhancing robustness, and real-time deployment in field conditions. 

 

8. Future Work 

• Collecting real-time field data with diverse environmental conditions. 

• Incorporating attention mechanisms for fine-grained disease recognition. 

• Developing lightweight models for mobile and edge deployment. 
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