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Abstract
Plant leaf diseases significantly affect agricultural productivity and crop yield. Manual
identification methods are time-consuming and prone to human error. This study proposes an
automated plant leaf disease detection system using the Vision Transformer architecture. The model
classifies 33 categories of healthy and diseased leaves using self-attention mechanisms.
Experimental results show 87% training accuracy and 84% validation accuracy. The proposed
system provides an efficient and scalable solution for precision agriculture.
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1. INTRODUCTION
Agriculture plays a critical role in ensuring global food security and economic sustainability. Plant
leaf diseases significantly reduce crop yield, degrade quality, and lead to substantial financial losses
for farmers. Early and accurate detection of plant diseases is essential to prevent large-scale
agricultural damage and to optimize the use of pesticides. However, traditional disease
identification methods rely heavily on manual visual inspection by experts, which is time-
consuming, subjective, and not scalable for large agricultural fields.
With the rapid advancement of artificial intelligence, deep learning techniques have been widely
adopted for automated image-based classification tasks. Convolutional Neural Networks (CNNs)
have traditionally been used for plant disease detection due to their strong local feature extraction
capabilities. However, CNN-based models primarily focus on localized receptive fields and may not
effectively capture long-range dependencies across the entire image.
Recently, transformer-based architectures have demonstrated remarkable performance in computer
vision tasks. The Vision Transformer (ViT) model utilizes a self-attention mechanism to model
global contextual relationships between image patches. By dividing an image into fixed-size
patches and processing them as sequences, the model captures both local and global features
efficiently. This capability makes Vision Transformers highly suitable for distinguishing subtle
variations in plant leaf disease patterns.
In this research, a Vision Transformer-based framework is proposed for multi-class plant leaf
disease detection. The system is designed to classify 33 categories of healthy and diseased leaves.
The objective is to develop an automated, scalable, and efficient solution that supports precision
agriculture and enhances early disease diagnosis.
1.1 METHOD
The proposed plant leaf disease detection system is developed using a Vision Transformer (ViT)
architecture for multi-class image classification. The overall workflow of the system consists of
image acquisition, preprocessing, patch generation, transformer encoding, and classification.
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Figure 1: Workflow of Vision Transformer-based Plant Leaf Disease Detection
The overall workflow of the proposed system is illustrated in Figure 1.

Image Acquisition
The dataset used in this research is derived from the PlantVillage dataset and consists of labeled
images representing 33 categories of plant leaves. The dataset was divided into training and
validation sets to ensure proper evaluation of model performance. The data split helps in assessing
generalization capability and avoiding overfitting.
Data Preprocessing

Figure 2: Sample Plant Leaf Disease Images from the Dataset.
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Preprocessing plays a vital role in improving model performance. The following steps were applied:
 Image resizing to a fixed input dimension suitable for the Vision Transformer
 Pixel normalization to standardize input values
 Data augmentation techniques such as rotation, horizontal flipping, zooming, and brightness
adjustment
These preprocessing steps enhance data diversity and improve model robustness.
Patch Generation and Embedding
In the Vision Transformer architecture, each input image is divided into fixed-size patches. These
patches are flattened and converted into vector representations. A linear embedding layer maps each
patch into a feature vector of equal dimension. Positional encoding is then added to retain spatial
information, since transformer models do not inherently encode positional relationships.
Vision Transformer Architecture
The Vision Transformer model consists of the following core components:
 Patch Embedding Layer
 Positional Encoding
 Multi-Head Self-Attention Mechanism
 Feed-Forward Neural Network
 Residual Connections
 Layer Normalization
 Final Classification Head

Figure 3: Architecture of the Vision Transformer Model

The architecture of the Vision Transformer used in this study is illustrated in Figure 3.
The self-attention mechanism enables the model to learn relationships between different image
regions, allowing it to focus on infected portions of the leaf. This global attention capability
improves classification accuracy for visually similar disease patterns.
Model Training
The model was trained using a multi-class classification approach. Cross-entropy loss was used as
the objective function, and the Adam optimizer was employed for parameter updates. The training
process was monitored using validation accuracy and loss metrics to ensure stable convergence and
to prevent overfitting.

2. RESULTS AND DISCUSSION
2.1. Results
The proposed Vision Transformer-based model was trained and evaluated on 33 categories of plant
leaf images. The dataset was divided into training and validation subsets to assess generalization
performance.
The model achieved the following performance metrics:
 Training Accuracy: 87%
 Validation Accuracy: 84%
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During training, the loss curve showed steady convergence without significant fluctuations,
indicating stable optimization. The validation accuracy remained close to the training accuracy,
demonstrating that the model did not suffer from severe overfitting.
The self-attention mechanism enabled the model to focus on disease-affected regions of the leaf
images. Compared to traditional convolution-based approaches, the transformer architecture
demonstrated improved contextual understanding across the entire image.
Results were evaluated using standard multi-class classification metrics, including accuracy and
loss. The experimental findings confirm that the Vision Transformer effectively distinguishes
between healthy and diseased leaf categories.
2.2. Discussion
The experimental results highlight the effectiveness of transformer-based architectures in
agricultural image classification tasks. The ability of the Vision Transformer to capture long-range
dependencies allows it to analyze subtle texture variations and color changes associated with
different plant diseases.
Although the achieved validation accuracy of 84% indicates strong performance, further
improvements can be achieved through hyperparameter tuning, larger datasets, and extended
training epochs. Additionally, incorporating transfer learning from large-scale pretrained
transformer models may further enhance classification capability.
The proposed framework demonstrates practical applicability for real-world precision agriculture
systems. With proper deployment, the model can assist farmers in early disease diagnosis, reduce
crop losses, and support sustainable farming practices.

CONCLUSION
This research presents a Vision Transformer-based framework for automated plant leaf disease
detection. The proposed system leverages self-attention mechanisms to capture global contextual
relationships across image patches, enabling effective multi-class classification of 33 plant leaf
categories.
Experimental evaluation achieved 87% training accuracy and 84% validation accuracy,
demonstrating strong generalization capability. The results confirm that transformer-based
architectures can successfully identify subtle disease patterns and distinguish between visually
similar leaf conditions.
The developed model provides a scalable and efficient solution for precision agriculture. By
enabling early detection of plant diseases, the system can assist farmers in reducing crop losses,
minimizing excessive pesticide usage, and improving overall agricultural productivity.
Future enhancements may include expanding the dataset, optimizing hyperparameters, and
deploying the model in mobile or cloud-based agricultural monitoring systems.
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