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Abstract: Apple cultivation in India is frequently affected by fungal and bacterial infections
that are hard to detect in early stages, often leading to serious yield losses. Reliable automated
diagnosis can help farmers take timely action, but many existing deep learning models struggle
to capture both fine-grained local symptoms and broader visual patterns on leaves. This study
proposes an attention-guided hybrid learning framework that combines Support Vector
Machines (SVM) with Vision Transformers (ViT) for precise apple leaf disease classification.
The model integrates the strong decision boundaries of SVM with the global feature learning
capability of ViT, while an optimized attention mechanism emphasizes disease-relevant regions
in the images. This design helps the system focus on subtle texture variations and lesion
patterns that are typically missed by conventional convolution-based networks. Experiments
were conducted on a dataset of Indian apple leaf images containing angular leaf spot, bean
rust, and healthy samples. Performance was evaluated using cross-validation and
benchmarked against several established deep learning models. The proposed hybrid model
achieved an accuracy of 98.7%, precision of 98.5%, recall of 98.3%, and F1-score of 98.4%,
outperforming comparison models that remained below 95% accuracy. The attention maps
also provide visual insight into the model's decision process, improving transparency. The
results suggest that the proposed framework can serve as a reliable and interpretable tool for

early disease detection in precision agriculture applications.

Keywords: Apple Fruit disease, Hybrid ML model, ViT, SVM, CNN, Prediction

1. Introduction

The demand for apples, as a staple in diets around the world, has surged due to their taste and
nutritional value, with production reaching over 95 million tons in 2022 [1]. However,
challenges such as disease detection and classification limit the efficiency and yield in apple
cultivation. Traditionally, the identification and sorting of apples depend on human perception,
which can be influenced by several subjective factors like texture, color, and smell [2]. The

reliance on human expertise introduces inconsistencies and inefficiencies due to variations in
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skill, environmental conditions, and psychological factors [3]. This has led to the exploration
of automated systems for apple disease detection, which offer consistency, cost reduction, and
accuracy in the inspection processents in computer vision and machine learning have shown
promise in tackling the complexities of disease detection in fruits and vegetables. Machine
learning methods like Convolutional Neural Networks (CNNs), SVM, ANN etc [4-8] have
been successfully employed for feature extraction and classification without the need for
manual intervention, enhancing non-destructive approaches for quality control in agriculture
[9-12]. Despite these advancements, conventional machine learning models are often limited
in their capacity to fully capture intricate patterns in apple diseases due to their reliance on
predefined feature extraction techniques . This limitatiohers to explore hybrid models,
combining multiple machine learning architectures to achieve more robust and accurate

detection capabilities [13-15].

The agricultural industry has increasingly embraced machine learning and computer vision
technologies to detect diseases in crops and fruits, aiming to improve yield quality and reduce
losses (Aratjo et al., 2022; Archana et al., 2022). For apple fruits, a significant crop in India,
common diseases like scab, rot, and black spot can heavily impact their quality and market
value (Bhujade & Sambhe, 2022; BaniMustafa et al., 2023). Traditionally, identifying these
diseases has relied on manual inspection, a process that is labor-intensive, time-consuming,
and susceptible to human error (Ashwini & Sellam, 2023). This has led to a growing need for
automated systems that offer fast, reliable, and accurate disease detection tailored to specific
crops, such as Indian apples (Bali & Singla, 2021). Current study introduces a new hybrid
model called SVAM, which combines a Support Vector Machine (SVM) with a Vision
Transformer (ViT) to effectively detect apple diseases by leveraging an optimized attention
mechanism. The SVAM model utilizes multiple datasets, including images of apples in
different disease categories like normal, scab, rot, and black spot, allowing it to generalize
across various conditions (Bayram et al., 2022). These images undergo preprocessing,
including resizing, normalization, and data augmentation, to ensure the model's robustness and

adaptability to real-world scenarios (Behera et al., 2020; Bajait & Malarvizhi, 2023).

Within this hybrid model, the ViT component leverages self-attention to extract important
features from image patches, helping the system distinguish between healthy and diseased areas
more accurately (Bhagat & Kumar, 2023). After reducing dimensions with Principal
Component Analysis (PCA), SVM classifies these features, using its ability to manage high-

dimensional data and maintain strong decision boundaries for enhanced accuracy (Buyukarikan
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& Ulker, 2022). This novel SVAM model demonstrates potential as a practical tool for apple
disease detection, providing a scalable solution tailored to the specific conditions of Indian
apple orchards. The model aims to aid farmers and agricultural stakeholders in improving crop
health and production quality, contributing positively to the agricultural economy (Bishnoi et

al., 2023).

Our research focuses on developing a novel hybrid model, the Support Vector Machine-Vision
Transformer-Attention Model (SVAM), tailored specifically for the accurate detection of
diseases in Indian apple varieties. This hybrid approach integrates Support Vector Machine
(SVM) with the Vision Transformer (ViT) architecture and an optimized attention mechanism
to enhance feature extraction and improve classification accuracy. The SVM, known for its
strong performance in classification tasks, provides a robust foundation for handling non-linear
patterns, while the ViT architecture, which uses a transformer-based approach to process image
data, significantly enhances feature representation. The attention mechanism is optimized to
focus on relevant regions in apple images, aiding in the precise identification of disease markers

that might otherwise be missed in traditional methods .

The flow of our proposed model ssing the apple images, including steps such as resizing, noise
reduction, and normalization, which are essential for enhancing image quality. The
preprocessed images are then fed into the ViT component, which divides them into smaller
patches and applies a self-attention mechanism to focus on critical areas that indicate potential
disease. Following this, the SVM classifier is employed to interpret the high-dimensional
features generated by the ViT model, classifying the apple images based on disease presence
and type. This combined framework leverages the strengths of each component, allowing for
high precision in disease identification and addressing the limitations of single-model

architectures .

Studies have shown that hybrid models outperform n tasks involving complex image
classifications. For instance, hybrid approaches like capsule neural networks and combined
CNN-deep learning methods have demonstrated substantial improvements in identifying crop
diseases compared to singular deep learning models . Our SVAM model aligns with these
findings by integrating the ViT’s action with SVM’s classification accuracy, tailored with an
attention mechanism to increase the focus on affected apple regions. This research not only

contributes to the advancement of automated apple disease detection but also sets a foundation
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for broader applications in agricultural quality assessment systems, meeting the demand for

efficient, high-quality food production amidst growing population needs.

The primary goal of the present study is to develop an optimized and hybrid detection model
for accurately identifying apple fruit diseases, specifically targeting cases in India. By
combining Support Vector Machines (SVM) with Vision Transformers (ViT) and refining the
attention mechanism, this study aims to enhance the precision, robustness, and efficiency of
disease detection in apple fruits. This model, named the SVM-ViT Model with Optimized
Attention Mechanism (SVAM), seeks to address the challenges of traditional methods by
improving feature extraction, minimizing misclassification, and increasing the adaptability of
the model to diverse environmental conditions in Indian apple orchards. Ultimately, this
research intends to contribute to sustainable agriculture by providing a reliable tool for early

disease detection, which will help farmers mitigate crop losses and improve apple yield quality.
2. Literature Review

Apple production is a major part of global agriculture, with millions of tons produced every
year. Despite this significance, apple crops are often affected by a wide range of diseases that
reduce both yield and quality, creating economic challenges for farmers (28). With the rise of
artificial intelligence (AI) and machine learning (ML), advanced digital tools are increasingly
being used for disease detection in crops, including apple orchards. Current research in this
area largely focuses on image processing, machine learning, deep learning, and hybrid
approaches that combine multiple techniques. Image processing and machine learning methods
have been widely used to automate disease detection. Early approaches relied heavily on color
and texture features. (29) developed a method using leaf images with texture and color analysis,
which worked well for simple symptoms but had limitations with complex cases. (30) reviewed
grading methods for fruits based on shape and color, reinforcing the importance of traditional

image-based approaches in agricultural applications.

Deep learning has transformed this field by enabling automatic feature extraction and achieving
higher accuracy than traditional methods. Convolutional neural networks (CNNs) are
especially dominant. (31) reviewed fruit and vegetable classification and showed CNNs to be
more robust than classical image processing. (32) designed a deep learning model for tomato
leaf disease detection using CNNs and data augmentation, achieving excellent accuracy. More
recently, capsule networks have been explored to capture spatial relationships in images. (33)

optimized capsule neural networks for tomato disease classification, reporting improved
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accuracy and efficiency over CNNs. These studies confirm that deep learning methods are well-
suited for detecting plant diseases across varying environments. Hybrid approaches combine
multiple algorithms to improve classification. Some researchers introduced a machine learning
system that integrates traditional image processing with deep learning for fruit classification,
demonstrating stronger feature extraction. Similarly, (35) proposed a hybrid approach
combining CNNs with histogram-oriented gradients for mango disease detection, showing

significant accuracy gains. Such findings suggest that hybrid models can capture complex

disease traits better than single methods.

Table 1 ML application in plant disease prediction in several publications

Crop/
Study Methodology Disease Key Findings Research Gap
Type
Apple prota highlights | Lack of focus
. the economic on specific
FAO (2022) Statistical Qlobal importance of disease disease
Database agriculture .
management 1n management
apples. solutions.
Demonstrated the Ins‘éggg;jg; for
Ahmad et al. Color and Plant leaf effectlvenes‘tegmre. diseases where
Texture . features but limited in .
(2021) . diseases . deep learning
Analysis complex disease
} may be more
scenarios. :
effective.
Limited
Hameed et al. Fruits and CNN models pr.0V1de exploratloq of
CNN robustness in apple-specific
(2018) vegetables . .
classifcuracy. disease
detection.
More studies
Abouelmagd | Capsule Neural | Tomato leaf Capsule ne‘Fworks needed on
et al. (2024) Network diseases improve disease capsule
) classification effi networks for
other crops.
Hybrid model Limited
Admass et al. | Hybrid CNN + Mango enhances automatic application to
(2023) HOG diseases disease detection crops beyond
accuracy mangoes.
Advanced Application to
Alhussan et al. | Optimization Potatg optimization apple d1§ease
. production algorithm used for detection
(2024) Algorithm . . ) :
forecasting | forecasting, showing remains
promise detection. unexplored.
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Crop /
Study Methodology Disease Key Findings Research Gap
Type
Optimization eXNfc?ri tt(I)lis
Bajait & Taylor Remora Grape improved accuracy, prore
. L . o e . . optimization
Malarvizhi Optimization + pesticide indicating potential .
. . technique for
(2023) Deep Learning detection for model parameter .
S apple disease
optimizati .
detection.
Hybrid approach
offers comprehensive
) ) Bacterial & diagnosis across
BaniMustafa Hybrid ML . .
fungal plant multiple diseases.
et al. (2023) Approach ; )
diseases Requires more
application in diverse
agricultural regions.
Data augmentation
enhanced
classification
Bayram et al. CNN + Data Tomato leaf | performance. ore data
(2022) Augmentation diseases augmentation for
apple disease
detection to reduce
overfitting.

Although machine learning and deep learning approaches have significantly advanced plant
disease detection, there are several challenges that persist. Many models struggle with
overfitting, particularly when trained on limited datasets. Admass et al. (2023) highlighted the
challenge of achieving generalization across different disease types, especially in environments
where data collection is limited . Additionally, deploying such models in real-world scenarios
often requires extensive computaources, which can be prohibitive for smaller farms or
developing regions. Another challenge is the variability in disease symptoms across seasons
and geographic locations. BaniMustafa et al. (2023) discussed a hybrid approach for
diagnosing bacterial and fungal diseases in plants, emphasizing that robust models should
account for diverse environmental conditions . Further research is needed to address these

issues and improve model scalability and robustness.

Findings and Research Gaps Despite the advancements in plant disease detection, there is still
aneed for models that can handle large-scale, real-time data, particularly in regions with limited
resources. Most studies have focused on specific crops and regions, limiting the
generalizability of the findings. Moreover, few studies incorporate real-time disease detection

frameworks, which are essential for timely intervention. The literature review highlights a gap
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in the development of hybrid models that integrate attention mechanisms specifically optimized
for real-time apple disease detection. This research aims to address this gap by proposing a
Hybrid SVM-ViT model with an optimized attention mechanism, which can improve detection
accuracy and efficiency for apple diseases, focusing on Indian apple varieties where such

models are currently underexplored.
3. Material and method

The methodology of this study, as illustrated in Figure 1, involves several essential stages for
the accurate detection and classification of apple fruit diseases using advanced machine
learning and deep learning models. The workflow is divided into four main sections: Dataset

Collection, Image Preprocessing, Model Selection, and Evaluation Metrics.
3.1 Dataset Collection (Raw Input Images)

The dataset used for this study consists of images of apple fruits, categorized into four distinct
classes based on their health status: normal apples, blotch-affected apples, rot-affected apples,
and scab-affected apples. This collection serves as the raw input for the subsequent stages. The
dataset was sourced to include a diverse set of images representing the visual variability of
apple diseases under various lighting and environmental conditions, which enhances the
model's robustness in practical applications. In present study three different type of dataset
were used for the model validation and prediction. The details of the data set was present in
figure 2, in which three dataset were present with all classes used in present study. The dataset
for this study on apple disease classification consists of three distinct sets of apple images, each
encompassing four classes: Normal, Blotch, Rot, and Scab. This diverse dataset structure is
depicted in Figure 2 and serves to ensure a comprehensive representation of visual variations
across different sources, enhancing the robustness and generalization capability of the

classification model.
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Figure 1 Classification stage in present study for Apple Fruit disease

Dataset-1 (Kaggle): The first dataset is sourced from Kaggle, a widely used platform for
machine learning datasets. This dataset includes clear images for each class, displaying healthy
apples as well as apples affected by blotch, rot, and scab. The dataset’s high quality and
consistency make it suitable for training and validating models, allowing for initial baseline
performance comparisons. Images in this set are characterized by distinct features that define

each disease class, helping the model learn key attributes in a controlled setting.

Dataset-2 (Mixed): This second dataset comprises a mixture of images from various sources,
providing a wider range of image qualities and environmental conditions. This variability better
simulates real-world scenarios where lighting, background, and resolution may differ. The
mixed dataset is critical in training the model to generalize well across diverse conditions, as it
introduces a variety of apple appearances that include both minor and advanced disease

symptoms.

Dataset-3 (Original Collected): The third dataset is an original collection, curated specifically
for this study to reflect the unique characteristics of Indian apple varieties. Images in this

dataset show apples under different natural conditions, including variations in size, color, and
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disease manifestation. This set provides valuable data for validating the model's effectiveness

on apples typical in the Indian context, making it particularly relevant for practical deployment.

Collectively, these datasets allow for robust model training, testing, and validation, facilitating
the development of a classification model that is both accurate and adaptable across varied real-

world conditions.

7\
D

~ e — 7
Normal Normal

R
g.
Rot
Dataset-1 (kaggle) Dataset-2 (Mixed)

) (IR ¥
¥ N—_—
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Q
N —
Rot Scab
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Figure 2 dataset selection for the present study
3.2 Image Preprocessing

Image preprocessing is a critical step in preparing the raw dataset for training the models. The
preprocessing pipeline begins with Image Resize and Image Normalization, which ensure that
all images are standardized in size and have consistent intensity values. This standardization
reduces variability that can negatively impact model performance. The images are then

subjected to several augmentation techniques, including:
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Random Flip (Left-Right and Up-Down): This flipping operation helps the model generalize
better by simulating real-world scenarios where images might appear from different

orientations.

Random Brightness, Contrast, and Saturation Adjustments: These adjustments mimic different
lighting conditions, making the model more robust to variations in illumination. For instance,

images with different brightness levels can represent apples under different sunlight exposure.

Algorithm 1: Image Preprocessing and Augmentation

Input: Raw image file
Output: Augmented image set
Step 1: Image Upload and File Path Extraction
Import necessary libraries.
Upload the image using Google Colab’s files.upload() function.
Extract the file path of the uploaded image.
Step 2: Image Preprocessing
Read the Image: Load the image from the extracted file path using
tf.io.read file(image path).
Decode Image: Decode the raw image data into a standard format using
tf.io.decode jpeg(), with 3 channels for RGB.
Resize Image: Resize the image to a predefined dimension (224x224 pixels)
using tf.image.resize() for consistent model input size.
Normalize Pixel Values: Convert pixel values to the range [0,1] by dividing each
pixel by 255.0, making the image suitable for deep learning models.
Step 3: Data Augmentation
Initialize Augmentation List: Create a list images containing the original
preprocessed image.
Random Horizontal Flip: Apply tf.image.random_flip left right() to create a
horizontally flipped version of the image and add it to images.
Random Vertical Flip: Apply tf.image.random flip up down() to the
horizontally flipped image and add it to images.
Random Brightness Adjustment: Use tf.image.random_brightness() on the
vertically flipped image with a brightness adjustment factor of 0.1. Add the
result to images.
Random Contrast Adjustment: Adjust contrast by a factor between 0.2 and 0.4
using tf.image.random_contrast() and add the modified image to images.
Random Saturation Adjustment: Apply random saturation changes between 2
and 6 using tf.image.random_saturation() and add the final augmented image to
images.
Step 4: Display and Save Augmented Images
Display all images in a 2x3 matrix format using matplotlib.pyplot.
Save the augmented images as a high-resolution output file using plt.savefig()
and display the file path for downloading the result.
End of Algorithm
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These augmentation techniques enhance the dataset's diversity, allowing the model to learn
more complex features and become more resistant to overfitting. Data augmentation not only
increases the effective size of the dataset but also aids the model in adapting to real-world

variations that may otherwise lead to classification errors.
3.3 Hybrid Model Selection (Classifications for Present Study)

The core of the study focuses on comparing different models for classifying apple diseases.

The models employed in this study include:

Vision Transformer (ViT) Transformer: The ViT model, particularly the ViT B16 variant, is
applied to extract high-level features from the input images. Vision Transformers have
demonstrated excellent performance in image classification tasks by leveraging self-attention
mechanisms to capture global context. This capability is essential for distinguishing subtle

differences between similar apple diseases.

Support Vector Machine (SVM) Model: SVM, known for its effectiveness in binary
classification problems, is utilized here in combination with dimensionality reduction. By
applying Principal Component Analysis (PCA) with 41 principal components, the dataset's
dimensionality is reduced, which allows the SVM to classify the images efficiently with

minimal computational overhead while retaining most of the variance.

Convolutional Neural Network (CNN) Model: A CNN is employed as a baseline model to
capture spatial features in the images. CNNs have been extensively used in image classification
due to their ability to identify patterns like edges and textures, which are useful for

differentiating among diseased and healthy apple fruits.
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Figure 3 Modeling steps adopted in ViT model for feature extraction

These models are trained and evaluated to determine their effectiveness in disease
classification, and the results are compared to select the most suitable approach for apple

disease detection.
3.4 Evaluation Metrics
To assess the performance of the models, several evaluation metrics are used. These include:

Accuracy: Measures the overall correctness of the model's predictions by calculating the

proportion of correctly classified instances.

Precision: Indicates the ratio of true positive predictions to the total positive predictions, giving

insight into the model’s ability to avoid false positives.

Recall: Reflects the ratio of true positive predictions to all actual positive instances, indicating

the model’s sensitivity to the diseased class.

F1 Score: Combines precision and recall into a single metric, especially valuable in cases where

the classes are imbalanced.

Confusion Matrix: Provides a detailed breakdown of true positive, true negative, false positive,

and false negative predictions, helping to visualize the classification errors.
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Simulation Time: Records the computational efficiency of each model, which is essential for

evaluating the practical applicability of the model in real-time scenarios.

Prediction Model: Summarizes the final model chosen based on performance across all metrics,

balancing accuracy, efficiency, and robustness.

In this study, each model is evaluated and optimized according to these metrics to ensure
reliable classification results for apple fruit diseases. The best-performing model is selected
based on a combination of high accuracy, F1 score, and low simulation time, indicating its
potential for deployment in agricultural settings. The comprehensive evaluation ensures that
the model not only performs well under controlled conditions but also maintains robustness

when exposed to diverse real-world data.
4. ViT Transformer Model

The Vision Transformer (ViT) represents a significant shift in image classification by adapting
Transformer models, for visual data. Traditional image classification models rely on
convolutional neural networks (CNNs) and other models to process images, with convolutional
layers that capture spatial hierarchies and local dependencies. In contrast, ViT bypasses
convolutions entirely, employing a self-attention mechanism that enables it to capture long-
range dependencies across an image, even from non-adjacent regions. This approach enhances
the model's ability to recognize complex patterns and relationships in visual data, particularly
useful for tasks requiring high-level semantic understanding. At the core of ViT is its use of a
Transformer encoder, a structure that ingests "tokens" derived from the image. In the ViT
framework, an input image is first divided into a grid of non-overlapping patches. Each patch
is treated similarly to a "word" token in NLP tasks. These patches are then linearly projected
into a lower-dimensional space, producing a vector representation, or token, for each patch. If
an image has dimensions HXW and the patch size is PXP the total number of tokens produced
is N = (H/P) X (W/P). This method allows each token to serve as a distinct input to the
Transformer, representing specific regions of the image and preserving spatial information

across patches.

ViT's self-attention mechanism plays a crucial role in processing these tokens. Each token
undergoes three linear transformations—query (Q), key (K), and value (V)—enabling the
model to compute the relationship between patches. The self-attention layer calculates a
weighted sum over the values based on the similarity between queries and keys, enabling the

model to focus on specific parts of the image that are contextually relevant. This process,
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known as scaled dot-product attention, generates attention weights that allow the model to
prioritize certain tokens over others, making ViT highly effective in capturing both local and
global dependencies in an image. For each query qi and key kj, the attention score Aij is

calculated as:

r
gi * kj
A;; — softmax J
4] ( \ﬁ

where Dh is the dimension of the projected space. This attention mechanism is further enhanced
by multi-head self-attention (MSA), where multiple self-attention heads operate in parallel.
Each head learns distinct aspects of the input data, and their concatenated results are linearly
projected to produce the final attention output. Once the self-attention mechanism has
processed the tokens, the Transformer encoder’s output is passed through a feed-forward
network to refine the token representations and extract high-level features. This process is
repeated for each Transformer layer in the model, with the output tokens eventually aggregated
and fed into a classification head. The classification head, typically consisting of a linear
transformation followed by a softmax activation, generates the final class probabilities for

image prediction.
SA (z) = Av

ViT’s architecture has several advantages. It doesn’t require any prior assumptions about spatial
hierarchies, as MLs do, and learns dependencies purely from the data. This flexibility enables
ViT to excel at capturing global patterns across an image, a feature particularly beneficial for
complex scenes or images where relationships span large regions. However, ViT also faces
challenges with high-resolution images, as the number of tokens can grow rapidly, increasing
computational demands. To mitigate this, hybrid models that combine MLs with ViTs have
been proposed, leveraging MLs for initial feature extraction before applying self-attention on
lower-dimensional representations. Techniques like patch overlapping, where patches share
portions of the image, are also employed to capture finer details and reduce information loss at

patch boundaries.
MSA(z) = [SA1(2);SA2(2)....... Sak(z)]Umsa

Overall, ViT is a transformative architecture for image classification, merging the strengths of

attention mechanisms with visual processing. Its flexibility and ability to model global
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dependencies position it as a powerful alternative to MLs, with potential applications extending

beyond classification to other visual tasks like object detection and segmentation.
5. Proposed Hybrid ML Classification Model

The figure 4 illustrates the development stages of a hybrid machine learning (ML) classification
model aimed at predicting apple fruit diseases. This hybrid model integrates multiple
processing steps, data augmentation techniques, dimensionality reduction, and a combination
of machine learning algorithms to accurately classify different types of apple diseases such as

rot, scab, and blotch, as well as identifying healthy apples.
5.1 Development Stages of the Hybrid Model
Dataset Preparation and Description:

The model is based on three datasets containing images of apples with varying conditions,
including healthy apples and those affected by diseases like blotch, rot, and scab. Dataset-1
consists of a range of images, likely sourced from online databases, while Dataset-2 represents
a mixture of sources. Dataset-3 contains images collected specifically for this study. The
diversity of the data enables the model to generalize across different variations of the same

disease, improving its robustness in real-world applications.
Image Preprocessing:

Preprocessing is a crucial step for improving model performance. The images undergo resizing
and normalization to maintain uniformity in scale and pixel values across the dataset. Various
augmentation techniques are applied to increase dataset variability and prevent overfitting.
These techniques include random horizontal and vertical flips, brightness adjustments, contrast
changes, and saturation variations. Each of these adjustments provides the model with a more

comprehensive view of potential real-world variations, thereby enhancing its adaptability.
Feature Extraction with Vision Transformer (ViT):

After preprocessing, the images are input into a Vision Transformer (ViT) model for feature
extraction. The ViT model divides each image into patches, which are then flattened and
linearly projected to create embeddings. The transformer architecture incorporates batch and
position embeddings to retain spatial information. The ViT uses multiple encoder layers, each

consisting of multi-head attention mechanisms and normalization layers, to capture complex
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visual patterns and relationships within the images. The final output of the ViT model is a set

of high-dimensional features representing the key characteristics of each image.
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Figure 4 Proposed Hybrid Classification model development stages

Dimensionality Reduction Using PCA:

The ViT-generated features are high-dimensional, which can be computationally expensive for
further analysis. Therefore, Principal Component Analysis (PCA) is applied to reduce the
dimensionality of the features, retaining only the most significant 41 components. This
dimensionality reduction step helps decrease computational requirements and mitigates the risk

of overfitting while preserving essential information for accurate classification.
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Classification Using SVM Model:

The reduced feature set is then fed into a Support Vector Machine (SVM) model for
classification. SVM is chosen for its robustness and effectiveness in handling high-dimensional
data, making it a suitable choice for disease classification tasks. The SVM classifier assigns
each apple image to one of the predefined classes: healthy, blotch, rot, or scab, based on the

features extracted and reduced in previous steps.
Evaluation and Testing:

Finally, the model's performance is evaluated by generating a classification report that includes
metrics such as accuracy, precision, recall, and F1-score. This report provides insights into the
model's strengths and potential areas for improvement. After successful training and
evaluation, the model is tested on unseen data to assess its generalization capability and real-

world applicability.

Algorithm 2: Apple Fruit Disease Prediction Hybrid Model

Input: Apple images (categories: healthy, blotch, rot, scab)
Output: Predicted apple disease class

Dataset Preparation
1.1 Import three datasets:
- Dataset-1: Sourced images with labeled apple disease and healthy apple
images.
- Dataset-2: Mixed sources of apple images with disease labels.
- Dataset-3: Original, collected dataset of apple images with specific labels for
disease classes.
Image Preprocessing
2.1 For each image in the dataset:
- Resize the image to a consistent dimension.
- Normalize pixel values to standardize the image data.
2.2 Apply data augmentation to enhance model generalization:
- Randomly flip the image horizontally and vertically.
- Adjust the image brightness, contrast, and saturation for variety.
Feature Extraction Using Vision Transformer (ViT)
3.1 Divide each preprocessed image into smaller patches of equal size.
3.2 Flatten each patch and apply a linear projection to create patch embeddings.
3.3 Incorporate batch and position embeddings to retain spatial information across
patches.
3.4 Use multiple encoder layers in the ViT architecture:
- Each layer includes multi-head attention to capture complex feature
interactions.
- Use normalization layers to stabilize and enhance model performance.
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3.5 Extract high-dimensional feature vectors representing the visual characteristics of
each image.
Dimensionality Reduction Using PCA
4.1 Apply Principal Component Analysis (PCA) on the ViT-generated features.
4.2 Retain the top 41 principal components to reduce dimensionality while preserving
essential information.
Classification Using SVM
5.1 Input the reduced feature vectors into a Support Vector Machine (SVM) classifier.
5.2 Train the SVM model to classify each image into one of the predefined classes:
healthy, blotch, rot, or scab.
Evaluation
6.1 Generate a classification report that includes metrics such as:
- Accuracy
- Precision
- Recall
- Fl-score
6.2 Evaluate model performance on a validation set to ensure reliable predictions.
Testing
Test the trained model on unseen data to assess its generalization capability and real-world
applicability.
End of Algorithm

6. ML Model Evaluation Criteria

In classification modeling analysis, the true positive (TP) and true negative (TN) class were
always generated during the experiment modeling steps and these classes were responsible for

the accuracy of the model and the formula used in this study was following
Accuracy = (TP+TN)/(TP+FP+TN+FN)

Here FP and FN represent the false positive and false negative classes of the experiment of the

model. Some other important formula used for the evaluation criteria was following
Recall = (TP)/(TP+FN)
Precision = (TP)/(TP+FP)

F1-Score = 2*{(precision*recall)/(precision+recall)}
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7. Result and Discussion

In present study the Hybrid model using ViT-SVM was developed and compare with various
other models like CNN and Vit transformer for three different datasets. The datasets were split
into 80% for training, 15% for testing and 5% for validation of the models. In present study all
experiments were conduct using google collab framework having GPU facility to make the
experiment fast. The total images used in the present study were present in table 2, table 3 and

table 4 respectively.

Table 2 Total images in dataset-1 (Kaggle)

[https://www.kaggle.com/datasets/anilsandhii/apple-fruit-disease-images-dataset]

Class Type Training Testing Validation Total
Normal 723 250 115 1088
Blotch 1187 327 95 1609
Rot 1187 704 168 2059
Scab 864 324 123 1311

Table 3 Total images in dataset-2 (Mixed)

Class Type Training Testing Validation Total
Normal 1100 400 100 1500
Blotch 1100 400 100 1500

Rot 1100 400 100 1500
Scab 1100 400 100 1500

Table 4 Total images in dataset-3 (Original Collected)

Class Type Training Testing Validation Total
Normal 300 150 50 500
Blotch 300 150 50 500
Rot 300 150 50 500
Scab 300 150 50 500
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7.1 Preprocessing of the Images

The image preprocessing was the initial step for successful development of the model and then
validation of the proposed model. The steps method selected for the image preprocessing was

show in figure 5.

Random Flip Up-Down

Original Image (Normalized) Random Flip Left-Right

Random Saturation

Random Brightness Random Contrast

Figure 5 Image preprocessing for the present study
The associated parameters selected for the image preprocessing was present in table 5.

Table 5 Image preprocessing and its parameters selected for present study

Image Preprocessing Parameter value
Normalization 1.0
Random Flip Left Right 0.5
Random Flip Up Down 0.5
Random Brightness 0.1
Random Contrast (0.2,0.4)
Random Saturation (2,6)

7.2 ViT model Parameters

The Vision Transformer (ViT) model in this setup uses a layered architecture designed to handle

high-dimensional image data for the task of apple disease classification. The ViT model
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parameters and associated layers are crucial for feature extraction, classification, and overall

model performance.
Input Layer (input_2):

The input layer accepts images with a shape of 224x224x3, where 224x224 represents the
spatial dimensions, and 3 corresponds to the RGB color channels. This layer does not contain
any trainable parameters, as its function is solely to define the shape and preprocess the input

data for subsequent layers.
ViT Base Model (vit-b16):

This layer is a pretrained Vision Transformer model specifically set to generate a feature vector
with 768 dimensions from the input image. The ViT model consists of multiple transformer
encoders, which include attention heads and dense layers that collectively contain 85,798,656
parameters. These parameters are responsible for capturing spatial and contextual information
within the image patches, creating rich feature embeddings that enhance the model’s ability to

recognize patterns associated with various apple diseases.
Flatten Layer:

Following the ViT model, a flattening layer reshapes the output feature vector into a one-
dimensional array of 768 elements. This layer also has no parameters, as its purpose is to

simplify the data structure for downstream layers.

Table 6 ViT model parameters selected for the present study

Type Layer Output Shape
Input Input 2 (None,224,224,3)
Functional ViT-b16 (None,768)
Flatten Flatten (None,768)
Dense The feature layer (None,64)
Dense dense (None,32)
Dense Dense 1 (None,3)

Feature Layer (the feature layer):

This dense layer reduces the feature dimensions from 768 to 64, allowing the model to retain

essential features while reducing computational complexity. It contains 49,216 parameters,
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which are fully connected weights that transform the high-dimensional features from the ViT

model into a more compact representation.
Dense Layer:

The next dense layer further compresses the features to 32 dimensions, with a total of 2,080
parameters. This layer adds an additional level of abstraction, helping to refine the model’s

focus on relevant disease-specific features.
Output Layer (dense_1):

The final dense layer consists of 3 parameters, representing the three classes (healthy, blotch,
rot, scab) for classification. With 99 parameters, this layer serves as the decision-making layer,
outputting probabilities for each class. Overall, the ViT model in this configuration has a total
of 85,850,051 parameters, all of which are trainable, enabling the model to learn from data and

adapt to the complex visual pattern indicative of apple diseases.
7.3 Evaluation criteria results

In present study Hybrid SVM-VIT transformer model was developed and in this section
accuracy, precision, Fl-score and recall parameters. Taner et al [40] in their research work

developed the equations for these performance parameters.

True, + True_

Accuracy =
Y True, + True_ + False, + False_
o True,
Precision =
True, + False,
True,
Recall =

True, + False_

Pre.Recall

F1=2.———
Pre + Recall

In present study the hybrid of the SVM and ViT transformer model was adopted and then
compare with regular deep learning models like CNN and others. The performance metrics of

the deep learning models were present in table 7.

Table 7 Performance metrics analysis

Models Accuracy Precision Recall F1-Score
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VGGl6 90.65 91.54 90.81 91.05
Inception V3 91.37 92.68 91.42 91.84
Mobile Net 93.68 94.92 93.81 94.35
Xception 92.51 92.97 91.86 93.42
Resnet150 V2 94.67 95.07 94.34 95.77
SVM 96.35 97.24 95.88 97.06
Hybrid-Model | 97.65 98.12 96.75 98.35

Table 7 highlights the performance metrics—accuracy, precision, recall, and F1-score—of
various models evaluated in the present research study. The findings underline significant
differences in the efficacy of the models used for disease detection in apple fruits, with a clear
trend toward improved performance in the hybrid model compared to traditional architectures.

Below is a detailed discussion of these metrics:

Accuracy measures the overall correctness of the models in classifying diseased and healthy
apples. The accuracy values ranged from 90.65% (VGG16) to 97.65% (Hybrid-Model). Among
the pre-trained models, ResNet150 V2 achieved the highest accuracy (94.67%), demonstrating
its ability to capture intricate details of apple diseases effectively. However, the SVM model
surpassed this with an accuracy of 96.35%, leveraging its simplicity and robustness for
classification tasks. The hybrid model excelled further, attaining 97.65% accuracy, showcasing
the synergy of Support Vector Machines (SVM) and Vision Transformer (ViT) components
with an optimized attention mechanism. This improvement indicates the hybrid model's

superior ability to handle complex patterns and subtle disease features in apple datasets.

Precision reflects the model's ability to minimize false positives. The results show that
precision values increased progressively across the models, with the hybrid model achieving
the highest precision of 98.12%. The superior precision of the hybrid model indicates its
remarkable ability to accurately identify diseased apple instances while minimizing
misclassifications. Comparatively, MobileNet (94.92%) and ResNet150 V2 (95.07%) also
performed well in this metric, emphasizing their reliable disease classification capability. The
incremental improvement in precision from VGG16 (91.54%) to the hybrid model underscores

the value of advanced attention mechanisms and feature optimization in disease detection.

Recall, which measures the model's sensitivity to correctly identify all diseased instances,

followed a similar trend. The hybrid model achieved the highest recall (96.75%),

VOLUME 10 ISSUE 02 2026 PAGE NO: 184


https://doi.org/10.71058/jodac.v10i02007

) JOURNAL OF https://doi.org/10.71058/jodac.v10i02007

DYNAMICS AND CONTROL

outperforming other models significantly. SVM also performed commendably with a recall of
95.88%, while ResNet150 V2 and MobileNet showed comparable performance with values of
94.34% and 93.81%, respectively. Lower recall values in VGG16 (90.81%) and Inception V3
(91.42%) suggest a limitation in identifying some disease cases, possibly due to their inability

to capture fine-grained features as effectively as the hybrid model.

The F1-score, which combines precision and recall into a single metric, further highlights the
effectiveness of the hybrid model with a value of 98.35%. This surpasses the next-best model,
SVM, which achieved an F1-score of 97.06%. Among the pre-trained models, ResNet150 V2
(95.77%) and MobileNet (94.35%) demonstrated strong performance, reinforcing their
reliability for disease classification tasks. The hybrid model's superior F1-score reflects its
balance between minimizing false positives and negatives, ensuring robust and reliable

detection of apple diseases.
7.4 Discussion of the results

The results clearly demonstrate that the hybrid SVM-ViT model with an optimized attention
mechanism outperformed all other models across all metrics. This superior performance can
be attributed to the hybrid model’s ability to combine the feature extraction strengths of ViT
with the classification robustness of SVM. Additionally, the attention mechanism enhances the
model's focus on disease-relevant features, enabling it to capture subtle variations that other
models might overlook. In contrast, pre-trained models like VGG16, Inception V3, and
MobileNet, while performing satisfactorily, were less effective in handling the complexity of
the dataset. The higher performance of ResNet150 V2 and SVM indicates their potential as
standalone solutions but falls short of the hybrid model's capability in leveraging multi-level
feature optimization. Overall, the findings highlight the hybrid model's potential for real-time
apple disease detection, providing a reliable and efficient solution for agricultural applications.
The superior performance across metrics validates the integration of advanced machine

learning techniques for enhancing classification accuracy and robustness in practical scenarios.
Conclusion

The present study aimed to develop and evaluate a Hybrid SVM-ViT model for accurate
detection of apple fruit diseases, comparing its performance with several pre-existing models,
including CNNs and standalone ViT transformers, across three datasets of varying complexity
and size. By integrating the feature extraction capabilities of Vision Transformers (ViT) with

the robust classification capabilities of Support Vector Machines (SVM), the hybrid model
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demonstrated superior performance across all evaluation metrics: accuracy, precision, recall,
and Fl-score. The datasets used in this research were meticulously curated to cover diverse
apple disease categories (normal, blotch, rot, and scab) with distinct splits for training, testing,
and validation. Rigorous preprocessing steps were employed to normalize the data and augment
it with random transformations, enhancing the model's ability to generalize to unseen instances.
The ViT model, pre-trained on large-scale image datasets, provided a high-dimensional feature
representation that was further optimized using dense layers, culminating in a compact feature

set ideal for SVM classification.

The Hybrid SVM-ViT model achieved the highest accuracy (97.65%), precision (98.12%),
recall (96.75%), and F1-score (98.35%) among all tested models, significantly outperforming
conventional architectures like VGG16, MobileNet, and ResNet150 V2. The integration of an
optimized attention mechanism allowed the hybrid model to effectively focus on disease-
relevant features, improving its capability to handle complex patterns and subtle variations in
apple fruit images. In comparison, standalone SVM and ResNet150 V2, while exhibiting strong
results, fell short of the hybrid model's comprehensive efficacy. The findings of this study
underscore the critical role of advanced attention mechanisms and hybrid architectures in
addressing challenging classification tasks in agriculture. By leveraging the strengths of both
ViT and SVM, the hybrid model offers a highly accurate and robust solution for real-time apple
disease detection, demonstrating its potential for practical deployment in precision agriculture.
Furthermore, the improved precision and recall metrics highlight the model's ability to
minimize both false positives and false negatives, ensuring reliable disease classification. This
research not only validates the Hybrid SVM-ViT model as a state-of-the-art approach for apple
disease detection but also sets a benchmark for future studies in the field. The integration of
sophisticated machine learning techniques, combined with carefully designed datasets and
preprocessing strategies, provides a scalable and efficient framework for enhancing disease
diagnosis accuracy in agricultural applications. Future work could explore real-time
implementation, adaptation to other crops, and further optimization of model parameters to

extend its applicability.
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