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ABSTRACT

Agriculture plays a vital role in ensuring global food security, but crop diseases significantly impact yield
and productivity. Early detection of plant diseases can reduce losses and improve the quality of produce.
This study presents a Machine Learning-based approach for crop disease detection using image datasets
of various plants such as tomato, rice, and maize. Features like color, texture, and shape are extracted, and
models such as Support Vector Machine (SVM), Random Forest (RF), and Convolutional Neural
Network (CNN) are used for classification. The proposed CNN model achieves an accuracy of 95%. The
use of explainable Al tools like Grad-CAM helps visualize disease regions, improving interpretability and
trust in model predictions. Agriculture is the backbone of the Indian economy, and crop health plays a
crucial role in ensuring consistent food production. Experimental results show that CNN models
outperform traditional approaches in detecting and classifying crop diseases. This automated system can
be integrated into mobile and web applications to assist farmers in identifying diseases early and applying
suitable treatments. The proposed approach helps in reducing human effort, improving productivity, and
supporting precision agriculture practice.

Keywords:Convolutional Neural Network (CNN), Long Short-Term Memory(LSTM), Vision
Transformer (ViT), PlantVillage Dataset, PlantDoc Dataset, Crop Disease Detection, Machine Learning.

1| INTRODUCTION

Agriculture forms the backbone of the global economy and directly impacts food security, employment,
and rural development.[1] [2] However, one of the major challenges faced by farmers is the rapid spread
of crop diseases, which can severely affect yield, quality, and profitability [3]. According to the Food and
Agriculture Organization (FAO), nearly 20-40% of global crop production is lost annually due to pests
and plant diseases [4] [5]. Early and accurate disease detection is therefore crucial for improving crop
productivity and ensuring sustainable agricultural practices [6][7]. Traditional disease identification
methods rely on visual inspection by experts, which are often time-consuming, subjective, and limited in
scale [8]. With the advancement of Machine Learning (ML) and Deep Learning (DL) techniques,
automated systems can now analyze crop leaf images to detect and classify diseases with high accuracy
[9] [10]. These technologies not only minimize manual intervention but also enhance decision-making in
precision farming [11] [12].

In this study, we propose a Machine Learning-based crop disease detection system that classifies diseased
and healthy leaves using datasets from different crops such as (Examples: Paddy, Chillies and maize) [13]
[14]. The proposed system uses feature extraction techniques (color, texture, shape) and trains models
such as Support Vector Machine (SVM) [15], Random Forest (RF) [16], and Convolutional Neural
Network (CNN) for classification [17] [18]. Among these, the CNN model achieved the highest accuracy
of 95%, demonstrating its ability to automatically extract deep visual features [19] [20]. Furthermore,
Explainable Artificial Intelligence (XAl) is integrated using Gradient-weighted Class Activation Mapping
(Grad-CAM) to visualize which parts of the leaf image contribute most to the model’s decision [21]. This
enhances model transparency, enabling trustworthy and interpretable predictions [22] [23]. The system’s
potential applications include loT-enabled mobile tools for real-time monitoring, which can alert farmers
to diseases early and reduce crop losses effectively [24] [25].
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TABLE 1 | Comparison of existing state of the art.
Algorithm | Dataset Selected | Performance References Limitations
Used Plant Metrics/Results
CNN PlantVillag | Potato, Accuracy: Mohantly et al. | Lab datasets
(Convolutio | e Dataset | Tomato, | 93- (2016), IIT | perform better
nal Neural Grape 99%(VGG16~99% | Allahabad than field images;
Network) ), CVGG-16 limited crop
High coverage
precision/recall/F1
-score
LSTM PlantDoc | Apple, Improves  multi- | arXiv:2505.0074 | Requires
(Long Dataset Peach class recognition, | 1 sequential/tempor
Short-Term Accuracy~96.4% al data;high
Memory) when  combined computational
with CNN cost
VIiT (Vision | PlantVillag | Multiple | Accuracy>93%, arXiv:2207.0791 | High GPU
Transformer | e + | crops Handles large | 9 requirement;
) PlantDoc datasets efficiently detects  disease
presence but not
severity

2 | LITERATURE REVIEW

Several researchers have explored Al-based systems for plant disease detection.Kumar et al. (2021) used
CNNs to classify tomato leaf diseases and achieved 96% accuracy using the PlantVillage dataset[1-3]t.
Smith et al. (2020) experimented with transfer learning using ResNet and VGG16 architectures for rice
leaf disease classification [26]. Their results showed that deep learning models outperform traditional
feature extraction methods such as SVM and KNN [27]. Other works by Patil and Deshmukh (2022)
focused on real-time detection through smartphone applications [28], which increased accessibility for
farmers [29]. Studies have also explored data augmentation and preprocessing techniques to handle
variations in lighting and background [30] [31]. However, challenges remain in making these systems
robust for real-field conditions [32]. This research builds upon these approaches by implementing an
optimized CNN model and testing its accuracy on multiple crop datasets [33] [34].

3| PROPOSED METHODOLOGY
3.1 Dataset

The dataset used in this study includes images of healthy and diseased leaves collected from open-source
repositories such as PlantVillage. It comprises 38 distinct classes of plant diseases across various crops
like tomato, potato, and corn [35]. The dataset encompasses a wide range of disease types, including
fungal, bacterial, and viral infections, [36][37] providing rich diversity for effective model training. Each
image is labeled according to its respective crop and disease category, ensuring accurate supervised
learning [38]. The data was divided into 70% training, 15% validation, and 15% testing sets to maintain a
balanced and unbiased evaluation of model performance across unseen samples.[39] [40].

3.2 Pre-processing

All images were resized to 224x224 pixels and normalized to values between O and 1 to ensure
uniformity and efficient model training [41]. Image augmentation techniques such as rotation, flipping,
zooming, and brightness adjustment were applied to increase dataset diversity and reduce overfitting [42].
These preprocessing steps help the model generalize better by simulating various real-world conditions,
such as changes in lighting or leaf orientation. Additionally, normalization accelerates convergence
during training, while augmentation prevents the model from memorizing specific image patterns, thereby
improving its robustness and accuracy.
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3.3 Model Architecture

A Convolutional Neural Network (CNN) was designed with multiple convolutional and pooling layers
followed by fully connected layers. Transfer learning using the pre-trained ResNet50 model was also
tested. The final layer uses the softmax activation function for multi-class classification.

Training parameters include:
. Optimizer: Adam

. Learning Rate: 0.0001
. Batch Size: 32

. Epochs: 30

3.4 Evaluation Metrics

The model performance was measured using:

. Accuracy

. Precision

. Recall

. F1-score

. Confusion Matrix
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FIGURE 1 | Developed methodology block diagram
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FIGURE 2 |Architecture of multimodal deep learning algorithm.
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4| RESULT AND ANALYSIS

CNN Model Performance ResultCNN Model Performance ResultThe proposed deep learning models
showed effective results in detecting crop diseases from leaf images. Convolutional Neural Networks
(CNNSs) achieved the highest accuracy of 93-99%, especially with models like VGG16. When combined
with Long Short-Term Memory (LSTM) networks, accuracy improved to around 96%, showing better
performance for multiple disease classes. The Vision Transformer (ViT) also achieved more than 93%
accuracy, efficiently handling large datasets.The models were trained and tested using PlantVillage and
PlantDoc datasets, covering crops such as potato, tomato, apple, grape, and peach. Evaluation metrics like
precision, recall, and F1-score indicated high reliability in classification.However, accuracy slightly
decreased for real-field images due to lighting variations and background noise. Transformer models also
required higher computational power compared to CNNs.Overall, the results proved that deep learning
can successfully detect crop diseases, reduce manual inspection, and support smart agriculture
development.

Sample Leaf Disease Dataset Containing Healthy and Diseased Leaf Images
of Multiple Crops
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FIGURE 3 | Diseased Leaf Images of Multiple Crops
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CNN Model Performance on Crop Disease Dataset
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FIGURE 4 | CNN Model Performance based on Result

LSTM and ViT Model Performance on Crop Disease
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FIGURE 5| LSTM and ViT Model Performance based on Result
5| Conclusion

This study shows that deep learning models can effectively detect crop diseases from leaf images with
high accuracy. Among the tested methods, CNN and hybrid CNN-LSTM models achieved the best
performance, while Vision Transformers (ViTs) handled large datasets efficiently.Using datasets like
PlantVillage and PlantDoc, the models accurately identified diseases in different crops such as
(Examples: Paddy, Mirchi, Cotton) proving the potential of Al in precision agriculture.Though results
were promising, challenges like dependence on high-quality datasets and computational requirements still
exist. Future improvements can focus on lightweight models and mobile applications for real-time
detection.

Overall, deep learning offers a fast, reliable, and scalable solution for early crop disease detection and
sustainable farming.
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