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Abstract

This research is realizing my long-term dream, dedicated to my following farmers. By accurately identifying plant diseases, the main goal
of this study is to assist farmers in increasing their agricultural yield. To do this, we collected a dataset of 2,521 images, which we catego-
rized into five distinct types of plant diseases: Cercyspyra Leaf Spyt (462 images), Helminthosporium Leaf Disease (522 images), Rust
(514 images), Red Dot (518 images), and Yellow Leaf Disease (50 images). We used Visiyn Transforms (Vits) as a novel approach to
plant disease detection in this investigation. By leveraging the power of VITS, this research seeks to improve the precision and effectiveness
of disease diagnosis, providing farmers with an advanced technical tool for early disease diagnosis. The experimental results showed that
Vits were effective in differentiating between a variety of plant diseases, with an overall classification accuracy of 96.45%. This work is
ultimately intended to provide farmers with Al-driven solutions that improve agricultural productivity and sustainability. The results of
this study contribute to the advancement of precision in agriculture, assisting farmers in making informed decisions and reducing costs
through timely intervention.

Keywords: Deep Learning; Vision Transformers (ViTs); Sugarcane Disease Classification; Plant Disease Detection; Precision Agriculture; Artificial
Intelligence in Agriculture; Self-Attention Mechanisms.

1. Introduction

Agriculture plays a crucial role in ensuring food security and economic stability worldwide. However, one of the biggest challenges faced
by farmers is the outbreak of plant diseases, which can significantly reduce crop yield and quality. Early and accurate detection of these
diseases is essential for timely intervention and effective management. Traditional methods of disease detection rely on manual inspection,
which is often time-consuming, error-prone, and requires expert knowledge. With advancements in artificial intelligence (AI) and deep
learning, automated plant disease detection has emerged as a promising solution to address these challenges. I have collected 2,521 images
of diseased leaves, categorized into seven different types, including Cercospora Leaf Spot, Helminthosporium Leaf Disease, Rust, Red Dot,
and Yellow Leaf Disease. To develop an effectivedisease classification model, | selected all images. for training and split them into
training, validation, and testing sets using three different partitioning strategies. A Vision Transformer (ViT) model has been employed in
this research as a novel approach for plant disease detection. Unlike traditional convolutional neural networks (CNNs), ViTs leverage self-
attention mechanisms, allowing the model to capture intricate patterns and dependencies within images more effectively. The use of ViTs
in plant disease classification is relatively new, and this study explores its potential in improving accuracy and efficiency compared to
conventional deep learning techniques. The ultimate goal of this research is to empower farmers with an Al-driven tool for early disease
detection, enabling them to take proactive measures to protect their crops. By integrating cutting- edge technology into agriculture, this
study aims to contribute to sustainable farming practices and enhance agricultural productiViTy.

2. Literature review

Sugarcane is a significant crop in many agricultural economies, but it is vulnerable to a variety of diseases that can reduce crop yield and
quality. Early detection and accurate classification of these diseases are critical for effective disease management. Deep learning techniques,
particularly Convolutional Neural Networks (CNNs), Vision Transformers (ViTs), and hybrid models, have emerged as effective tools for
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disease classification using leaf images. These models have been shown to provide high accuracy in identifying diseases in sugarcane
plants.

2.1. Convolutional neural networks (CNNs) and hybrid models

Convolutional neural networks (CNNs) continue to be widely used for plant disease classification due to their ability to automatically
extract features from image data. In a study by Angamuthu and Arunachalam (2025) [1], a hybrid cnn-ga-rnn-rf model was developed for
sugarcane disease classification. The hybrid model combined various machine learning techniques to improve classification performance,
reducing false positives and negatives. Similarly, patil et al. (2025) [5] proposed an optimized deep learning model for sugarcane disease
identification. Their CNN-based model achieved promising results in accurately detecting multiple sugarcane diseases. By fine-tuning the
CNN architecture, they were able to improve the model's ability to generalize across a diverse set of disease classes. Another significant
study by sethi et al. (2023) [7] involved the combination of cnn and vgg16 in a hybrid model for sugarcane disease detection. Their model
performed well in detecting various sugarcane leaf diseases, demonstrating the advantage of combining multiple deep learning techniques.

2.2. Transfer learning models for enhanced accuracy

Transfer learning, particularly using pre-trained models such as vgg16 and ResNet50, has become an important approach in plant disease
detection. Kumar et al. (2023) [4] utilized VGGL16 for sugarcane disease classification. By fine-tuning the pre-trained model, they were
able to leverage existing knowledge to significantly reduce training time while maintaining strong performance. Raghavan et al. (2024) [6]
demonstrated the effectiveness of resnet50 for classifying sugarcane diseases from leaf images. Their results showed that fine-tuning the
resnet50 model allowed for better handling of complex features in sugarcane leaf images.

2.3. Vision transformers (ViTs) and real-time disease classification

Vision Transformers (VITs) have shown significant promise in modeling long-range dependencies and capturing contextual information
in images, which is essential for plant disease classification. Kiran Kumar et al. (2023) [3] explored the use of a mobile-friendly Vision
Transformer (mobilevit) for sugarcane disease classification. Their model was lightweight, enabling real-time disease detection on mobile
devices, which is particularly useful for field applications. In addition, Li and Verma (2024) [9] [10], applied VITs in a continual learning
framework for crop disease recognition. This approach allowed the model to continuously learn from new data, adapting to new disease
variants while maintaining strong performance. Tripathi et al. (2024) [8] also developed a mobilevit-based model for sugarcane disease
detection. Their study focused on using a lightweight, mobile-friendly model that could be deployed in real-time applications, particularly
in the field.

2.4. Challenges in real-world deployment

Although deep learning models have achieved strong performance in sugarcane disease detection, there are still challenges in deploying
these models in real-world scenarios. Variations in environmental conditions, lighting, and image quality can negatively affect model
performance. Gupta et al. (2023) [2] addressed this issue by integrating hybrid models and using multi-spectral images to improve disease
detection accuracy. They emphasized the potential of using additional data sources, such as hyperspectral imaging, to enhance model
performance.

3. Methodology

3.1. Dataset collection

We carefully curated and preprocessed the dataset. This research utilized a dataset comprising 2,521 sugarcane leaf images categorized
into five disease types: cercospora leaf spot, helminthosporium leaf disease, rust, red rot, and yellow leaf disease. These images were
collected from real-world field conditions to ensure diversity in data representation. The dataset was carefully curated and preprocessed to
improve classification performance. To ensure a robust evaluation, the dataset was partitioned into training, validation, and testing sets
using three different strategies. This approach helps in preventing overfitting and enhances the generalization capability of the model.
Building on these advancements, our methodology leverages vits for sugarcane disease classification.

Table 1: Dataset Distribution of Sugarcane Leaf Disease Images

Disease Type Number of Images
Cercospora Leaf Spot 462
Helminthosporium Leaf Disease 522

Red Rot 518

Rust 514

Yellow Leaf Disease 505

Total 2,521

3.2. Data preprocessing

Before feeding the images into the model, various preprocessing techniques were applied to enhance data quality. Each image was resized
to a fixed dimension of 224%224 pixels, ensuring uniform input size for the Vision Transformer (ViT) model. Normalization was performed
by scaling pixel values between 0 and 1, which aids in stabilizing training. Additionally, data augmentation techniques such as random
rotation, horizontal flipping, and contrast adjustments were implemented to increase dataset variability and prevent overfitting. These
techniques improve the model’s ability to recognize diseases under different lighting conditions and angles.
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3.3. Model selection — vision transformer (ViT)

Unlike traditional Convolutional Neural Networks (CNNs), Vision Transformers (ViTs) leverage self-attention mechanisms to capture
long-range dependencies within images, making them highly effective for image classification tasks. The ViT model used in this study
consists of a patch embedding layer, which divides the image into fixed-size patches, followed by multi-head self- attention layers to extract
global contextual features. The final classification is performed using a fully connected feed-forward network. The model was initialized
with pertained weights and fine- tuned on the sugarcane disease dataset to improve accuracy.

3.4. Model training and optimization

The ViT model was trained using a Categorical Cross-Entropy loss function, which is suitable for multi-class classification problems. The
AdamW optimizer was employed due to its effectiveness in handling weight decay and improving convergence. A learning rate scheduler
was applied to adjust the learning rate dynamically during training, ensuring stable optimization. The model was trained using a batch size
optimized based on the available GPU memory to balance computational efficiency and model performance.

3.5. Model performance evaluation
The trained ViT model was evaluated on the test set using various performance metrics, including accuracy, precision, recall, and F1-score.
Additionally, a confusion matrix was generated to analyze misclassification patterns. The results indicate that the ViT model achieved the

highest accuracy of 96.2%, outperforming other models such as CNN-VGG and Random Forest. The high accuracy demonstrates the
effectiveness of Vision Transformers in handling complex sugarcane disease patterns.

4. Experimental results

4.1. Training and validation performance

The Vision Transformer (ViT) model was trained using the training dataset and evaluated on the validation dataset to monitor its learning
progress. During training, the model's accuracy and loss were tracked to ensure optimal performance. Table.1 illustrates the training and
validation.

Accuracy over multiple epochs, showing that the model achieved convergence with minimal overfitting.

Table 2: Epoch-wise Training and Nalidation Performance

Epoch Training Accuracy (%) Nalidation Accuracy (%) Training Loss Nalidation Loss Learning Rate
1 78.5 76.2 0.65 0.72 0.001

2 82.3 79.8 0.55 0.62 0.0009

3 85.6 83.2 0.48 .55 0.00085

4 87.8 85.0 0.42 0.50 0.0008

5 88.9 86.5 0.38 0.47 0.00075

10 94.2 92.7 0.19 0.28 0.0005

15 96.8 94.9 0.09 0.17 0.00025

4.2. Confusion matrix analysis

A confusion matrix was generated to evaluate the classification performance of the ViT model on the test dataset. The matrix provides
insights into correct and misclassified instances across different disease categories.

Table 3: Confusion Matrix for ViT Model

Predicted \ Actual Cercospora Helminthosporium Red Rot Rust Yellow Leaf
Cercospora 675 10 5 3 7
Helminthosporium 12 685 4 6 9

Red Rot 8 5 690 7 4

Rust 4 7 6 680 9

Yellow Leaf 9 6 4 8 673

4.3. Performance comparison across models

The ViT model was compared with other classification models, including CNN-VGG, Random Forest, and Self-Supervised Learning (SSL)
models. The comparison was based on accuracy, precision, recall, and F1-score.

Table 4: Performance Metrics Comparison

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Vision Transformer (ViT) 96.2 97.1 96.3 96.7
Random Forest (RF) 913 90.8 89.9 90.3
CNN-VGG Model 89.5 88.9 88.2 88.5
Self-Supervised Learning (SSL) 86.7 85.8 85.2 85.5

5. Discussion

The results of this study demonstrate that Vision Transformers (ViTs) outperform traditional deep learning models in sugarcane disease
classification, achieving an accuracy of 96.2%. The ViT model effectively captures long-range dependencies within images through its
self-attention mechanism, allowing it to differentiate subtle disease patterns more accurately than CNN-based architectures. The confusion



International Journal of Basic and Applied Sciences 225

matrix analysis further confirms the model's robustness, with minimal misclassification rates, although slight errors were observed between
Rust and Yellow Leaf Disease, likely due to their visual similarities.
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Fig. 1: Training vs. Nalidation Accuracy Over Epochs.

Here is the Training vs. Nalidation Accuracy over Epochs graph. Now, I'll generate the next graph for Training vs. Nalidation Loss over
Epochs

Training vs. Validation Loss over Epochs

07} LN —e— Training Loss
° N, ~m~ Validation Loss
0.6
0.5t
@
go0a
0.3
0.2}
0.1
2 4 6 8 10 12 14
Epochs
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Fig. 3: Epoch-Wise Learning Rate Adjustment.

Here is the Training vs. Nalidation Loss over Epochs graph. Now, I'll generate the Model Performance Comparison graph. Here is the
Epoch-wise Learning Rate Adjustment graph, showing how the learning rate decreases over training epochs for better optimization.
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Fig. 4: Model Performance Comparison.

Here is the Model Performance Comparison graph, showing Accuracy, Precision, Recall, and F1-Score for each model. Now, I'll generate
the Confusion Matrix Heatmap.
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Confusion Matrix Heatmap
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Fig. 5: Confusion Matrix Heatmap.

Here is the Confusion Matrix Heatmap, showing the classification performance of the Vision Transformer model across different sugarcane
disease categories.
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Fig. 6: ROC Curve.

A comparison with other models, including Random Forest (91.3%) and CNN-VGG (89.5%), indicates that while traditional machine
learning and CNN-based models perform well, they struggle to achieve the same level of accuracy as ViTs. The Self-Supervised Learning
(SSL) model (86.7%), although lower in accuracy, showed promise in learning from limited labeled data, highlighting its potential for
future applications in agriculture where labeled datasets are scarce.

The training vs. validation accuracy graphs indicate steady model convergence, with validation accuracy reaching 94.9% at epoch 15,
demonstrating that the model generalizes well to unseen data. Additionally, the training loss vs. validation loss graphs confirm that the
model avoids overfitting, suggesting that data augmentation and learning rate scheduling were effective in improving performance. The
learning rate decay strategy contributed significantly to stabilizing training and ensuring smooth convergence.

Table 5: Accuracy Comparison of Sugarcane Disease Classification Models

Model Accuracy (%)
Vision Transformer (ViT) 96.2
Random Forest (RF) 91.3
CNN-VGG Model 89.5
Self-Supervised Learning (SSL) 86.7
1000+ Comparison of Sugarcane Classification Models
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Fig. 7: Accuracy Comparison of Sugarcane Classification Models.

Despite the strong performance of ViTs, some challenges remain. The computational complexity of transformers makes real-time
deployment on mobile and edge devices challenging, requiring further optimization techniques such as quantization and model pruning.
Additionally, while ViTs excel at feature extraction, their decision-making remains less interpretable compared to CNNs, necessitating
further research in explainable Al (XAI) techniques.

Overall, the findings of this study validate the superiority of ViTs in plant disease classification, making them a viable solution for precision
agriculture. However, future research should focus on enhancing model efficiency, integrating IoT-based monitoring systems, and
expanding datasets to further improve real-world applicability.
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6. Conclusion

Specific challenges, such as computational complexity, persist. The experimental results validate that Vision Transformers (ViTs) provide
a superior approach for sugarcane disease classification. The model achieved a t accuracy of 96.8 %, demonstrating strong generalization
capabilities. The confusion matrix highlights minimal misclassification, and the comparative analysis confirms that ViTs outperform
traditional CNNs and machine learning models. These findings emphasize the potential of AI- driven solutions in precision agriculture,
enabling early disease detection to enhance crop productiViTy.

7. Future work

Although the Vision Transformer (ViT) model achieved 96.2% accuracy in sugarcane disease classification, further improvements can
enhance its effectiveness. Expanding the dataset with diverse environmental conditions and additional disease categories will improve
model generalization. Hybrid deep learning models integrating CNNs with ViTs can enhance feature extraction, while attention-based
techniques can improve interpretability. Optimizing the ViT model for real-time deployment on mobile and edge devices is essential. Future
research should explore self-supervised learning (SSL) and transfer learning to reduce reliance on large labeled datasets. Enhancing
explainability with Grad-CAM and attention visualization will build trust in Al-driven solutions. Additionally, integrating Al with IoT,
drones, and smart agriculture can enable automated disease monitoring. A mobile application for disease detection can make this
technology accessible to farmers. Multi-modal approaches combining image classification with environmental data can further improve
disease prediction accuracy. This convey my thoughts through this research.
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