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Abstract: The importance of detecting plant diseases is paramount in improving crop production.
Conventional methods for detecting plant diseases are, however, cumbersome and demand specialized
knowledge to implement successfully. This research project is intended to create a new method for
deep learning known as the Attention-Driven Vision Transformer Framework for Leaf Fungal Disease
Detection. This approach incorporates a ViT (Vision Transformer) model augmented with attention
mechanisms that facilitate effective extraction of global and local features of the images. During the
training phase of the model, publicly available databases related to different plant diseases are used so
that the system can detect diverse forms of fungal infections. Image processing operations include
normalization, augmentation, and resizing, which enable the model to improve.its generalization
ability. Also, the use of the attention mechanism will allow the system to identify critical features of
the leaf image. Results from tests performed on the proposed method suggest that it offers excellent
performance in terms of accuracy and precision in identifying various fungal infections. Moreover, the
system is robust to varying background illumination conditions. Therefore, it may be applied to
automate fungal infection identification using both mobile and web applications. In general, this
research shows how powerful transformers can be when applied in agriculture, providing an efficient
and intelligent way of detecting diseases on plants at the early stages of their appearance.

Index Terms - Vision Transformer, Attention Mechanism, Deep Learning, Computer Vision, Precision
Agriculture

I. INTRODUCTION

Agriculture forms the backbone of the economy of most nations. It is a vital industry since food security
and economic sustainability depend heavily on agriculture. India and similar countries have a higher
dependence rate because agriculture is a major source of income and livelihood for the majority of the
population. The productivity of crops is greatly hindered by diseases caused by fungi, which affect
leaves of plants. The identification of leaf fungal disease is conducted using traditional methods where
farmers visually inspect the infected leaves. Experts use symptoms such as lesions, discoloration, or
deformations of the leaves to identify the disease. These methods are prone to errors because the
analysis relies heavily on the expertise of the analyst. Additionally, in rural settings, the unavailability
of agriculturalists hinders the process since it takes a lot of time. There is therefore a need to develop
an automated and effective means of disease detection. The technological advancements in agriculture
include the use of image processing and artificial intelligence systems in agriculture. Deep learning
models have been found to be efficient in image recognition processes. Specifically, the convolutional
neural network model has proven to be effective in the classification and automatic extraction of image
features. Unfortunately, CNN models tend to rely on local patterns and do not consider global
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connections that exist in an image. Therefore, for the purpose of addressing the aforementioned issues,
the current project focuses on applying a contemporary technique for the development of a deep
learning solution that will enable efficient and automatic identification of diseases affecting the leaves
of plants. To this end, the presented system is built based on the idea of applying image analysis to
achieve accurate classification of the diseases in question. The process of training the model that is
implemented in the created system will require using an image database of healthy and infected leaves.
Several preprocessing techniques will be applied to ensure the high quality of results obtained from the
training. Moreover, the proposed system will enable automated disease pattern recognition and
classification, which can significantly reduce time spent on the process. Such an application can be
integrated into various platforms (mobile devices and the web), which allows farmers to send photos
of their crops to receive results in real time, which would minimize the need to refer to experts.

Il. RESEARCH METHODOLOGY
LITERATURE REVIEW

A number of researchers have developed automated systems based on image processing and deep
learning approaches to detect diseases in plants' leaves for increasing agricultural productivity and
minimizing human labor. For instance, Hughes and Salathé [1] contributed to creating one of the most
popular PlantVillage databases containing a huge number of labeled images of plants' leaves. In
particular, it allowed the creation of data-based models for disease detection in plants. Further research
on the same topic was carried out by Mohanty et al. [2]. The authors showed the potential of the deep
convolutional neural networks (CNN) in detecting plant diseases from images. Moreover, Ferentinos
[3] increased the accuracy of the plant disease classification by creating deep CNN architectures along
with data augmentation and hyperparameters tuning. As a result, it was possible to achieve 96.46%
accuracy in disease classification. In addition, Saleem et al. [4] made a detailed analysis of deep
learning-based plant disease classification methods and highlighted the advantages of CNN models
compared to classical machine learning approaches. Aside from CNN approaches, there has also been
an emergence of more profound architectures such as ResNet [5] and DenseNet [6]. This advancement
has allowed for more robust feature extraction and better overall performance in image classification
applications. Such architectures solve the problems associated with vanishing gradients and feature
reusability that are relevant when dealing with intricate agricultural datasets. Besides, massive image
datasets such as ImageNet [7] have been instrumental in the pretraining of deep learning models for the
task of transfer learning in plant disease recognition. Moreover, transformers such as ViT [8] have been
introduced to address some weaknesses of CNNs regarding global information processing in images.
The specific success that can be mentioned is the attention-based ViT model developed by Dosovitskiy
et al. [9] based on the paper "Attention is All You Need." Also, advanced versions of transformer
models like the Swin Transformer [10] are used to increase efficiency in vision tasks. Still, issues like
diverse environments, complex backgrounds, as well as the limited number of actual training samples,
have not lost their relevance yet. This is why research is currently concentrated on making models
robust to all those factors, as well as employing hybrid architectures for practical purposes.

EXISTING WORK

There have been a few research projects conducted in the domain of detecting leaf diseases of plants
through image processing, machine learning, and deep learning techniques. Initially, traditional
approaches that use image processing were adopted, including leaf segmentation, color detection, and
feature extraction from leaf textures. This method involved a series of procedures such as
preprocessing, feature extraction, and then classification through machine learning approaches such as
support vector machine (SVM) and random forest. However, such conventional methods required
feature engineering by humans, and their performance was poor in complex environments. As the
domain of artificial intelligence progressed, machine learning was used to automate the process of
classifying the plant leaves. This method performed relatively better than conventional techniques but
still relied on human-designed features and had problems when the environmental conditions varied
drastically. In recent times, a new machine learning approach named deep learning has come into
prominence, and in particular CNN architecture. The process of feature extraction was automated via
deep learning, hence making manual feature extraction redundant. Several CNN architectures like
AlexNet, VGGNet, ResNet, and DenseNet have been used extensively for this task. It has been

[JCRT26A4283 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ] 161


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 4 April 2026 | ISSN: 2320-2882

demonstrated that deep learning models like deep CNNs trained using big data sets yield efficient
results in early disease identification. Another important application of CNN models is the
identification of various plant diseases in different types of plants. In particular, CNN models have
achieved successful results in the identification of different diseases in tomato, cucumber, apple, and
various other types of plants. Also, some state-of-the-art approaches have been developed, such as
object detection models (YOLO and Faster R-CNN), along with hybrid models based on CNN and
LSTM networks, to enhance detection accuracy. Current studies are also investigating attention models
and hybrid models, which aid in concentrating the model on important parts of the leaf image.
Furthermore, mobile application integration with deep learning models has been proposed to diagnose
diseases in real time for farmers.

Limitations in Existing Studies

e Although considerable improvements have been made, current systems still have some limitations:
e High dependency on large labeled data sets

e Lower accuracy in practical settings due to changes in light conditions and other background factors
e Ability to detect diseases only during their later stages

e Computationally expensive deep learning models

e Less use in practical situations in the field

Necessity for Proposed System

In order to resolve the above issues, there is a necessity for:
e More effective and efficient models

e Advanced feature extraction methods

e Practical and user-friendly systems

DATASET

The success of any deep learning model depends greatly on the characteristics of the dataset used to
train and validate the proposed model. In the current study, a freely available dataset provided by
Kaggle named Cucumber Disease Recognition Dataset is used to train and validate the proposed model.
This dataset is a collection of RGB images of cucumber leaf in various classes that include the presence
of different diseases. The main objective of this research is to identify cucumber fungal infection
through deep learning. The images are collected in different scenarios with various illumination levels,
background complexities, and leaf orientations.

Features of the Data Set

e Source: Kaggle (Cucumber Disease Recognition Dataset)

Type of Data: Cucumber Leaves Image Files in RGB format

Image Classification: Healthy Leaf Images and Diseased Leaf Classes

Format: JPEG/PNG

Variations in Data: Variation in illumination, background, and placement of the leaf within the
image

e Annotation: Classification according to the disease found in the leaf

Pre-processing Methods Used on the Data Set

e Some processing must be done on the data set before utilizing it in our model. The following pre-
processing will take place:

e Resizing the pictures to fit the DL model

e Normalization of the pictures to facilitate fast learning by the model

e Transformation of the pictures including flipping, rotation and cropping

¢ Noise reduction — Initial filtration to enable clarity in the images

e Splitting of the Data Set
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Our data set can be split into three subsets:

e Training Set (Approximately 70%) — Will be used in Training

e Validation Set (Approximately 15%) — Parameters Tuning Purposes

e Test Set (Approximately 15%) — For Testing of the Model

Why Use the Data Set?

Use of the Real World Data Set like the Cucumber Disease Data Set, ensures the following:
Model accuracy when diagnosing crop diseases

Model generalization to actual agricultural practices

Practicality of the model in farming

PROPOSED WORK

The proposed system will be designed for the development of a robust and efficient deep learning
algorithm for the identification of plant diseases based on an attention-driven Vision Transformer
(ViT). The objective is to achieve high classification efficiency through an enhanced attention
mechanism for better feature representation of images.

1. Proposed System

The proposed work involves a series of processes including image acquisition, preprocessing, feature
extraction based on the vision transformer, addition of an attention mechanism, and disease
classification. This system is intended to enable farmers and agriculture professionals identify plant
diseases at early stages.

2. Data Collection & Preprocessing

The data collection process entails the acquisition of a dataset of images representing the leaf parts that
are affected by different fungi diseases. Images will be collected from publicly available databases, like
the Plant Village Database, as well as live sources.

2.1 Preprocessing Methods
For ensuring peak efficiency and improved generalization, the following preprocessing techniques shall
be used:
e Adjusting all images to a consistent size of 224 x 224.
Normalizing the data to make sure the pixel value lies between [0,1].
Noise removal from the images.
Image enhancement (contrast and brightness).
Augmentation:
> rotation
» flipping (horizontally and vertically)
» scaling & cropping

3. Feature Extraction through Vision Transformer

Unlike other models utilizing CNNs, the proposed model uses a vision transformer structure. The
structure divides the images into smaller segments and applies transformations through encoder layers
which facilitate for:

e Long-term dependency detection

e Global context understanding

e Enhanced classification ability

4. Attention Mechanism

Attention mechanisms are embedded in the model design to focus on key regions of the images such
as the locations where infections happen. As a result, this improves the:

e Importance weight distribution

e Disease-specific pattern recognition

e Background pixel effect
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5. Optimization
The following optimization techniques will be applied during the training process.

e Adam optimizers
e Loss Function: Cross-Entropy Loss
e Parameter tuning

6. Classification of Fungal Disease

The last step of the process is classification performed by the output layer. It allows the system to
recognize types of fungal diseases with:

e Output of class predictions

e Scores for classes

7. Performance Evaluation
The performance of the proposed system will be measured based on parameters like:

e Accuracy
e Precision
e Recall

e F1-Score

Furthermore, comparisons with other existing CNN-based systems will be conducted to illustrate the
efficiency of the system.

8. Deployment

The proposed model can be implemented as:
e A Web Application

e An Application for Farmers

PROPOSED WORK DIAGRAM & FLOWCHART: ATTENTION-DRIVEN VISION TRANSFORMER (ViT)

FOR PLANT DISEASE IDENTIFICATION

ARCHITECTURAL DIAGRAM: PROPOSED ViT-BASED SYSTEM
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Diagram 1. Proposed Work
RESULTS AND DISCUSSION

To assess the effectiveness of the proposed Attention-Driven Vision Transformer (ViT) model, which
is inspired by the principles of Vision Transformer architecture, the experiments conducted included
evaluation of the model performance in terms of accuracy, precision, recall, and F1-score using a
sample consisting of multiple plant leaf images affected by different kinds of fungal disease. As a result,
the achieved overall accuracy equals to 94.2%, while precision, recall, and F1-score equal to 93.8%,
93.5%, and 93.6%, respectively. Such a high value of all the aforementioned indicators suggests that
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the model demonstrates great ability to classify fungal diseases while misclassifying very few
examples. In comparison with the CNN-based models, it is obvious that the results obtained are
significantly better because of the improved ability of capturing dependencies and focus on the relevant
parts of leaves by applying attention mechanisms. According to the confusion matrix, most of the
disease classes were predicted correctly; however, there were certain mistakes when recognizing
visually similar classes. In addition, from the attention map visualization, it is clear that the attention is
directed at the right side of the leaves, but not excessively on unnecessary areas. In conclusion, it is
evident that the system successfully aids in the diagnosis of fungi diseases early, with numerous
benefits, including reduced crop loss, better decision-making ability for farmers, and even the
possibility of real-time monitoring in agriculture.

Proposed
Perform_ance Attention-Driven Standard CINN-Based Key Difference / Advantage
Metric ViT Models (Avg.)
VIiT captures long-range
0, ~ 05 — 0
Accuracy 94.2% 88.0% - 93.0% dependencies better than CNNSs.
Precision 93.80 ~90.5% — 92.0% Improved feature representation
- 70 o0 reduces false positives.
Recall 93.5% ~89.0% — 91.5% Attention focus ensures disease-
specific patterns aren't missed.
Better balance between precision
- 0, ~ 05 — [0)
F1-Score 93.6% 90.0% — 91.8% At recall
Mechanism Self-Attention Convolution (Local) VIT looks at the whole leaf; CNNs
(Global) look at small windows.
Background . - Attention maps filter out irrelevant
Noise Highly Robust Moderately Sensitive background pixels.
Table 1. Comparison Table between Vit and CNN
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