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ABSTRACT 

- Plant diseases represent a significant issue to agriculture field globally, causing substantial 

reductions in crop yield and considerable economic losses. Automated plant disease detection 

from leaf images has gained momentum with advances in deep learning, yet its effectiveness 

is often hindered by limited and imbalanced datasets. This work presents a hybrid deep 

learning framework as the integration of the Visual Geometry Group (VGG16) convolutional 

network with a Vision Transformer (ViT) to capture both local texture information and global 

contextual dependencies. To overcome data scarcity, Progressive Growing of GANs 

(PGGAN) is employed to synthesize realistic plant leaf images for augmentation. 

Experimental results on tomato and potato disease datasets demonstrate that the proposed 

VGG16–ViT model achieves superior performance compared to conventional CNN and 

transformer-based baselines. Without augmentation, the hybrid model attains 92.67% 

accuracy on the tomato dataset and potato dataset. With PGGAN augmentation, classification 

accuracy improves substantially to 98.49%. These findings highlight the potential of 

combining hybrid deep learning architectures with GAN-based data augmentation to enhance 

accuracy, robustness, and generalization in automated plant disease diagnosis. 
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INTRODUCTION 

Agriculture remains the backbone of food security worldwide, and plant health monitoring is 

critical for sustainable crop production. Traditional methods for detecting plant diseases rely 

on an expert visual inspection, which is laborious, subjective, and inadequate for extensive 

applications. The quick implementation of precision agriculture, automated leaf disease 

classification has gained attention as an efficient alternative. 

Deep learning models, particularly Convolutional Neural Networks (CNNs) have 

demonstrated remarkable effectiveness in computer vision applications, particularly in image 

classification and object detection. CNNs like VGG16 are well suited for extracting local 

spatial features from images. While CNNs are effective at extracting local features, they are 

inherently limited in modeling long-range dependencies and contextual relationships. On the 

contrary, Vision Transformers (ViTs) utilize self-attention mechanisms to capture global 

interactions among image patches, hence enhancing the localized feature extraction of CNNs. 

Another major challenge in plant disease classification is the lack of large-scale annotated 

datasets. Collecting balanced samples for all disease categories is difficult in real-world 

conditions. Data augmentation techniques can help mitigate this issue, but traditional methods 

(rotation, scaling, flipping) may not be sufficient. Generative Adversarial Networks (GANs), 

especially PGGANs, can generate highly realistic synthetic samples, enrich the dataset and 

reduce overfitting. 

This study presents hybrid VGG16–ViT architecture with PGGAN-based augmentation to 

achieve robust and accurate leaf disease classification. To address the needs of a rapidly 

growing global population, it is essential to enhance both the quality and quantity of food 

supply. By preventing losses in crop quality and yield, as well as increasing economic growth, 

rapid and precise plant disease identification is essential. Because plant diseases have a direct 

bearing on agricultural productivity, their early detection is of paramount importance [1]. 

Rice, potato, and tomato are vital crops in many nations, including India [2]. Because of the 

small features, farmers cannot always effectively diagnose plant illness signs. Also, many 

farmers are not experts in disease diagnosis. Farmers require specialist agronomist advice for 

appropriate disease detection, which is a considerably more expensive and time-consuming 

process; consequently, automated recognition methods may assist them in delivering a better 

identification. 

In the past, identifying plant diseases using classical machine learning (ML) algorithms was 

very successful. After widespread usage of AI technology, ML [3, 4] and deep learning (DL) 

[5] are getting popular in the field of agricultural image analysis. In recent times, farmers have 

been able to employ CNN to successfully categorize plant illnesses [6, 7]. Pathological image 

segmentation [8, 9], feature extraction [10, 11], stress level estimation [12, 13], and nitrogen 

insufficiency are only some of the areas where its data-driven learning of exceedingly 

complicated representations has found utility. CNN has a lot of potential for analyzing leaf 
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images from fields of crops, but it also has some issues. Long-range pixel relationships are 

hard to catch because of local receptive fields like convolution operations. 

The "Vision Transformer (ViT)" was introduced by Dosovitskiy et al. [14], who were inspired 

by the efficacy of transformers in natural language processing (NLP) to capture long-range 

dependencies in images by framing image classification as a sequence prediction problem 

involving sequences of image patches. Recent studies indicate that ViT aligns more closely 

with human prediction error than CNN does [15]. This ViT architecture is the first image 

processing approach based on a Transformer. While processing images in only two 

dimensions, the image is transformed into a collection of discrete, non-overlapping 16x16-

pixel patches. Moreover, the D-dimensional space is linearly projected onto the flattened 1-

dimensional tokens that were originally 2-dimensional patches. Lastly, the position embedding 

is added to the linear projection of the flattened patches and sent into a typical Transformer 

encoder. The computational and memory demands of the ViT/16 model are enormous because 

of its large parameter set (about 49M). Although ViT has been shown to be effective for vision 

tasks on large-scale datasets, its recognition performance on a medium-size dataset is slightly 

behind that of similarly sized CNN counterparts (e.g., GoogleNet, EfficientNet etc.) while the 

training process is conducted from scratch. 

Pre-designed architectures such as ResNet, ViT, and others are commonly used for computer 

vision tasks. Because of the often-huge number of trainable parameters in such models, a 

sizable dataset is required to arrive at the best possible parameter settings. These models often 

undergo training from the sizable dataset, and large datasets such as ImageNet and the 

resulting weights are employed for transfer learning. With the development of IoT authors 

have tried to implement one of the variances of DL model in the field of agriculture. 

The research contributions from the current research work can be summarized here in this 

section. A median filter is employed during preprocessing to enhance data by successfully 

removing noise created during augmentation. To augment the dataset with a sufficient quantity 

of high-quality images for training, the PGGAN model is used to produce realistic synthetic 

images. The present work proposes a hybrid model as VGG16-ViT for these augmented data 

in the classification task, which integrates the robust features obtained using CNN model such 

as  VGG16 with the global attention mechanism of the Vision Transformer (ViT), with the 

objective of enhancing the accuracy and resilience of plant-disease classification.  

The rest of this research article is outlined as below. The article comprises five sections. 

Section 2 provides an extensive analysis of the existing research contributions in the relevant 

topic. Section 3 outlines the materials and methods utilized. Section 4 assesses the 

experimental results via a lens similar to contrastive analysis. Ultimately, Section 5 articulates 

the conclusion. 

I. RELATED WORK 

Studies on diagnosing the illnesses that can affect a specific plant have been published in the 

relevant academic journals. Since the majority of these datasets are used for agricultural 

purposes, the images that are recorded are typically done so in favorable conditions. As a 
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result, the majority of these datasets contain images that were taken under satisfactory 

conditions. The researchers in [16] discussed about the important problem of employing edge 

computing to find tomato leaf diseases in real time. Conventional approaches for detecting 

plant diseases generally rely on centralized cloud-based systems, which are likely unsuitable 

for real-time applications in remote or bandwidth-constrained regions due to latency issues 

and high bandwidth requirements. Further research is being done right now to apply deep 

transfer learning, particularly convolutional neural networks because of their excellent feature 

learning capabilities, to identify plant diseases [17–19]. 

The CNNs models are considered comprehensive classification or problem detection models 

in supervised learning. The CNNs architecture was utilized to detect tomato leaf disease by 

Brahimi et al. in [20]. Using tomato datasets, the pre-trained models from AlexNet and 

GoogleNet are improved. Models were employed as feature extractors to gather information 

for the Plant Village dataset. The authors used support vector machines (SVM) in order for 

classification of diseases. 

A deep learning model that is pre-trained was used by the authors in [21] in addition to taking 

into account tomato leaf images. They utilized the AlexNet and VGG16 architectures rather 

than building a CNN from scratch. The segmented images were implemented by changing the 

background pixels' value to zero rather than using raw RGB images. It is true that segmented 

images make it easier for neural networks to classify data, but in practical applications, there 

are rarely any segmented images available. The image segment can be done by humans or a 

neural network, but it is time-consuming. Additionally, a classifier using a convolutional 

neural network can handle images with non-zero backgrounds on its own. The attempt made 

to create a model for real-time applications by Halil et al. by taking into account the same 

class from the Plant Village. Huang et al. in [22] and Padol et al. in [23] have both enhanced 

grape leaf disease diagnosis through unique yet complimentary methodologies. Huang et al. 

introduced a deep neural network model comprising a dual-headed plant disease classifier 

and a leaf segmentation module, utilizing pre-trained features to precisely identify grape 

species and related diseases, attaining an accuracy of 87.45%. Conversely, authors utilized a 

support vector machine (SVM) classifier, initiated by KNN-based segmentation to delineate 

damaged areas, succeeded by the extraction of texture and color features for illness 

classification, achieving a marginally superior accuracy. Collectively, this research highlights 

the beneficial effects of both DL and traditional ML techniques in enhancing the accuracy of 

grape leaf disease identification. Authors in [24] utilized the Self-Attention CNN model to 

accurately and robustly identify crop diseases by integrating the Self-Attention network into a 

CNN.  The network comprises two networks: Base Net and Self Attention; these were 

utilized to extract global & local properties of spot location of crop leaf disease. For real-

time, application author in [25] have been suggested a lightweight DL method using Vision 

Transformers. The classification tasks applied to three datasets of varying sizes—the Rice 

Leaf Disease Dataset, can be efficiently handled by these networks. The model was utilized 

with RGB version of images since the classification findings were more precise when 

compared to gray scale images. In addition, utilizing the RGB version of images aids in 
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identifying distinct types of sickness.  The authors Alshammari et al. in [26] developed a 

hybrid DL model. This model incorporates the architectures of the vision transformer using 

CNN. The author classifies information using both binary and multiclass systems. As 

evidenced by the experimental findings in this paper, the model outperformed with 

approximately 96% and 97% of accuracy for multiclass classification and binary 

classification, respectively.  

Recently, the ViT architecture has been employed to detect plant diseases [27-29]. Thakur et 

al. in [27] proposed PlantXViT, a CNN model enhanced by Vision Transformer, for the 

diagnosis of plant diseases. This model integrates Vision Transformers with features of 

traditional CNN to efficiently identify a wide array of plant disease pertinent to various crops. 

The proposed model's streamlined architecture and limited trainable parameters render it 

optimal for IoT-driven smart agriculture applications. Lu et al. developed GhostNet, which 

incorporates Vision-transformer blocks for the diagnosis of plant diseases. These components 

are designated as the Ghost Enlightened Transformer (GeT) [30]. The author in [31] used DL 

with the Vision Transformer-Large network to create a hybrid model called ViT-L/32 for 

mushroom classification. The author created a visual representation of the t-SNE technique's 

high-dimensional outputs to make the model easier to understand and use. 

The authors Liu et al. in [32] have proposed a generative adversarial network-oriented 

approach for identifying leaf diseases. In this model, four distinct grape leaf disease images 

were trained. Subsequently, features were extracted from erroneous diseased images using 

DenseNet and instance normalization. In order to make sure the training process stays steady, 

a "deep regret gradient penalty" is used. As a result, the GAN-based data augmentation 

strategy increased identification accuracy and effectively solved the overfitting problem in 

disease diagnosis. LeafGAN, introduced by Cap et al., as image-to-image translation system 

that utilized a cucumber dataset trained with a pre-trained ResNet-101 model [33]. Horizontal 

as well as vertical flip augmentation was employed on the dataset in the process of training. 

Enhanced CNN models (ECNN) utilize a distinct-block-processing feature in order to address 

unbalanced pictures. To deal with the issue of color segregation, the suggested ECNN model 

employs a Gamma correction function. 

PlantXViT [27], GeT [30], and t-SNE [31] are the deep learning techniques most closely 

linked to ICVT. Here are the methods that were stated earlier. The architecture of ViT, along 

with two convolutional blocks from VGG16 and one inception block, are combined to form 

PlantXViT in [27]. The core of the GeT network is built using regular ViT blocks that 

employ "Ghost-convolution" to identify grape leaf illnesses in real-time.  

A review of available literature reveals that several works have been done through CNN 

architectures (AlexNet, VGG16, ResNet) for plant disease detection, achieving high 

classification accuracy on benchmark datasets like PlantVillage. Still, the scope to improve 

for specific plants is necessary to analyze. Similarly, it has been explored ViTs for 

agricultural image analysis, highlighting their ability to capture contextual and global 

patterns. Also, GANs and its variants including DCGAN and Cycle-GAN, have been used to 
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synthesize plant disease images. PGGAN improves upon these by progressively growing 

networks to generate high-resolution, stable, and diverse synthetic images and it is proposed 

in this work with an integrated framework. There is limited research on combining CNNs, 

ViTs and GAN augmentation in a unified framework for leaf disease classification. Recent 

advancements include hybrid frameworks combining multiple CNNs (e.g., VGG16, 

Inception-v3, DenseNet201) with ViT for feature concatenation and attention-based 

processing. Another hybrid uses VGG16 blocks with Inception and ViT encoders, reaching 

98.86% on PlantVillage. Optimized ViT models with hybrid algorithms have shown 97.03% 

accuracy on turmeric leaves. These inspire our VGG16-ViT hybrid, extended with PGGAN 

for augmentation. 

II. METHODOLOGY 

The work is to design a method for determining the type of illness that is depicted in an 

image by utilizing a transfer learning strategy and a recommended vision transformer model. 

The goal of the research work requires this to be completed. There are four separate steps to 

the detection process, as shown in Figure 1. In an effort to extend datasets, PGGAN data 

augmentation is employed. Following this, data augmentation as well as data pre-processing 

were carried out for enhancing the quality of the image. Two models, Vision Transformer and 

VGG16, with significantly different correlations, are chosen for multi-class classification 

after experimental investigation. 

 

FIGURE 1. Proposed Approach for Multi-Class Classification of Leaf Disease using 

Vision Transformer. 

1. Data augmentation for standard image transformation 

Data augmentation techniques include inverting the image, cropping, and resizing. Further, it 

can be used for translating (typically filling in blank pixels with black pixels), rotating, 

erasing parts of it at random, transforming it into a different color space, and any combination 
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[34]. Data warping is a term that is sometimes used to describe the process of making new 

samples by changing the geometrical position of the old sample images while keeping their 

labels. Before these methods can be used, they must be seen as safe. If the classifier has to 

take into account how the samples are arranged, then all rotations are not acceptable because 

they would also mean changing the labels (specifically in digit classification task). 

To complement PGGAN, we also incorporate basic augmentations like rotation (up to 30 

degrees), flipping (horizontal/vertical), and scaling (0.8-1.2 factor) to enhance diversity 

without introducing artifacts. 

2.  Fusing Data augmentation techniques 

The aforementioned methods are well-known for their efficacy, but they have one major 

flaw: they can only be used on a single sample. One can even take this a step further by 

combining multiple images to create a brand-new sample.  This idea served as the foundation 

for a number approaches, including Mix-up [35], Sample Pairing [36], and VH-BC+ [37]. 

(a)  Mix-up [35] 

It is the process of taking two images, either from the same class or not, and constructing a 

weighted average of them. This new image is then defines a label that is generate by taking 

the average labels of the two original images may be same or different class. To put it another 

way, we acquire a new image and label pair for two images, Pra and Prb, which match to their 

respective labels Qa and Qb, respectively, and a random parameter µ is taken into 

consideration, which generates a new pair of image and label shown in the equation 1 and 2. 

               𝑝=µ𝑝𝑟𝑎+(1-µ)𝑝𝑟𝑏                                 (1) 

              𝑄=µ𝑄𝑏+(1-µ)𝑄𝑏                                         (2) 

This is a technique for teaching the network to perform more linear categorization with 

artificial in-between samples. 

(b)Sample Pairing [36] 

Another method is Sample Pairing. In this method author advice that instead of adding a 

random weight with two images, both images can be weighted equally. As a result, it 

generates main difference is that the new label is not an addition of two old labels. Instead, it 

is picked at random to be exactly one of the old labels. So, new label of the image is 

computed through the equation 3 and 4. 

          𝑝=
1

2
𝑝𝑟𝑎+

1

2
𝑝𝑟𝑏                                   (3) 

           𝑄€ {𝑄𝑎,𝑄𝑏}                                  (4) 

But there is a negative impact on this augmentation method that it is not providing better 

accuracy on training and validation data. There is a restriction that it operates on a very 

specific training pattern given to the network at certain times. Once the sample pairing 

become stable then these samples not further fine-tuned. 
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(c)VH-BC+ [37] 

Summers et al. did an in-depth comparison of many different ways to combine two images 

using data augmentation. They came to the conclusion that VH-BC+ is the best method. They 

concluded that VH-BC+ is the optimal approach. This approach integrates vertical-horizontal 

concatenation with an enhanced between-class technique [38]. 

The “VH concatenation” method involves dividing both the source and target images into 2 X 

2 grids. Finally, we merge the two images by placing the top left quadrant of the first image 

in the corresponding quadrant of the new image, the bottom right corner of the second image 

in the new image, and using a combination of pixels from the two images for the remaining 

two quadrants. To do this, pick two positive integers α and β for the given image of N X N 

image size. So, it can represent α, β € {1, ......., N}. This is how the new image is 

characterized in terms of its pixel coordinates (m, n) determine as in equation 5. 

𝑝[𝑚, 𝑛]={

𝑝𝑎[𝑚, 𝑛]                           𝑖𝑓  𝑚 ≤  ∝, 𝑛 ≤ 𝛽

𝑝𝑏[𝑚, 𝑛]                          𝑖𝑓 𝑚 >𝛼, 𝑛>𝛽

𝑓(𝑝𝑎, 𝑝𝑏[𝑚, 𝑛]                       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                                              

………….(5) 

          Where 𝑓  is a function combining the two images. 

BC+ serves as one alternative for this combinatorial function, while Mix-up is another choice 

that yields results nearly as remarkable as BC+. Tokozume et al. in [39] asserted that CNNs 

analyst images as waveforms. So, BC+ calls for first of all subtracting the mean 'm' to make 

the image as a zero-mean signal and then, averaging the two images together. In contrast, the 

combining function provides a perceived average of both images, comparable to sound 

averaging [40]. This combination functions mathematically represented in equation 6.  

 

𝐹(𝑃𝑎,𝑃𝑏) 

   =
𝑅(𝑃𝑎-𝑚𝑎)+(1-𝑅)(𝑃𝑏-𝑚𝑏)

√𝑅2+(1-𝑅)2
                         (6) 

                        Where 𝑅=
1

1+
(1-µ)𝜎𝑎
µ 𝜎𝑏

 

3. Progressive Growing Generative Adversarial Network (PGGAN) augmentation 

This study evaluated the feasibility of employing the GAN methodology as an alternative 

means of augmenting agricultural datasets in order to fix their imbalance. From the research, 

it is observed that the GAN model is a technique which can be applied to correct the 

imbalance dataset. The PGGAN [41] is a baseline model of GAN technology that builds 

incrementally from a number of generator and discriminator layers. GAN technology has a 

drawback that it is less stable, so high resolution is required. Therefore, by using PGGAN, it 
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can add new layers; with the training progress, the images with low-resolution are thereby 

improved to high resolution. As it is a deep learning-based model, it can be capable of 

synthesizing the images. Allah et al. in [42] used PGGAN to compensate the shortage of 

images in the dataset. The author implemented this deep model with three types of MRI 

image datasets by putting together within the same structure. Based on his experiments, the 

author says that this augmentation model correctly classifies gliomas, meningioma, and 

pituitary tumors. 

This research work is on conventional data improvement approaches reveals that certain 

fundamental procedures, such as trained progressively high resolution(256x256) images, 

produce realistic leaf images across multiple disease classes and original dataset augmented 

with both synthetic and conventional transformations cropping, rotating, and scaling). Using 

complex methods like GANs to make images in multiple styles or neural network 

augmentation methods to find out the modifications that make classifiers work best. Based on 

this concept we progress our experimentation with PGGAN. These experiments were carried 

out with the purpose of determining which augmentations are most effective at improving a 

classifier. Standard operations include flipping, rotating, and cropping an image, among other 

possible manipulations. The act of spinning an image is yet another example of a 

fundamental method. Thus, in this study we include PGGAN augmentation approach for 

efficient categorization. Basically, PGGAN augmentation architecture is made up of 

generator and discriminator as depicted in Figure-2. It is used to augments insufficient images 

of used dataset. This model has been here used to train the data input images of 224X224 to 

generate required dimensional class of images. 

 PGGAN hyperparameters are starting resolution 4x4, progressively growing to 256x256 

over 20 epochs per stage, using WGAN-GP loss for stability, batch size 16, learning rate 

0.001 for both G and D. Generated images were evaluated with FID score < 15, indicating 

high realism. Examples of generated images for tomato Late Blight show realistic vein 

patterns and spots. 

 

FIGURE 2. Block Diagram of PGGAN Architecture for Disease Classification 
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A. Data Pre-processing 

Data taken from an agricultural field under controlled conditions has some environmental 

effects that need to be fixed before it can be used. The computer can't handle it directly for an 

effective classification task. Simultaneously, the acquisition of agricultural image data in 

substantial volumes poses challenges, complicating the assurance of enough training data. 

Consequently, data augmentation precedes the pre-processing of the original dataset in the 

experimental procedure. Training data are expanded, as well as overfitting is mitigated, and 

the model's capacity for generalization can be improved by employing data augmentation 

techniques. In this research for model training, processed images are uniformly standardized 

to 224 x 224. Following the scaling of the image dataset, a median filter (kernel 3x3) is 

employed to increase image quality by removing salt-and-pepper noise from field images or 

augmentation artifacts. This choice over Gaussian filter preserves edges crucial for disease 

spots. 

To address real-world variability, we tested robustness with added noise (Gaussian σ=0.1), 

occlusion (random 10% patches), and lighting variations (±20% brightness). 

C.Hybrid Approach for feature extraction  

The convolutional layers have a strong inductive bias towards encoding spatial equivariance. 

This has been demonstrated to be crucial for acquiring versatile visual representations that are 

easily transferable and exhibit high performance. Recent studies have shown that neural 

transformer networks can identify images with equal or superior efficacy when applied to 

extensive datasets. For which CNN model is utilized where the ViT is integrated for the 

training purpose. The operational mechanism of ViT closely resembles that of to produce 

standardized features with utilization of transformers [43-44]. 

Image classification networks that are built on CNNs often send low-resolution versions of 

images. In the case of ResNet, the finished feature map is 1/32 x 1/32 in each dimension 

because the resolution is cut in half at each stage. Yet, with ViT, the resolution is sacrificed in 

the first place since patches are originally set to a size of 16X16, but this resolution is 

maintained in the last layer. Among all Deep-CNN models ResNet performs well in 

comparison to all other deep models. Thus, ViT is preferable to ResNet when it comes to 

retaining location data. Moreover, recent research on vision transformers has extensively 

exploited the ResNet-like approach of gradually lowering resolution [29]. Transformer 

systems employ self-awareness, and when an image's size approaches the fourth power, more 

memory is needed to store it.  It is difficult to manage information with high resolution image 

data in the first layer while simultaneously conserving store space.  

 

D. VGG 16 

The Visual Geometry Group (VGG) uses a multi-layered deep CNNs design. “Deep" is refers 

to the number of convolutional layers; the VGG-19 model utilizes 19 convolutional layers, 

whereas the VGG-16 model employs 16 layers. Several novel object identification models 
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have been developed using the VGG architecture as a basis. Not only does ImageNet do 

better than many other tasks and datasets, but VGGNet, another deep neural network, does 

the same. Figure 3 shows its architectural block design; it is one of the most popular image 

recognition systems in use currently. Conceptually equivalent to the VGG16 model, the 

VGG19 model, also known as VGGNet19, differs only in that it supports 19 layers. The 

weighted layers (also known as convolutional layers) that constitute the whole model are 

shown by the numbers "16" and "19." This demonstrates that in terms of the quantity of 

convolutional layers, VGG19 is more sophisticated than VGG16. 

The convolutional filters in the VGG network are quite small. The VGG-16 architecture 

consists of thirteen convolutional layers and three fully connected layers. First, examine the 

layout of the convolutional filters of the VGG network are extremely small. Three fully 

connected layers and thirteen convolutional layers make up VGG-16.In VGGNet images that 

are applied as input having 224 × 224 × 3 pixels in size. For the ImageNet competition, the 

people who made the model took the middle 224-by-224-pixel area of each image. The size 

of the first image input stays the same. Layers of convolution: The convolutional layers of 

VGG have a minimum receptive field of 3 x 3, which is the least size that can take in both 

horizontal and vertical input. Also, 1 X 1 convolution filters change the input in a linear way. 

In each CL despite the input image the other layers of the model have the least size 3x3 for 

both horizontal and vertical input is considered. 

 

FIGURE 3. Block Diagram of Transfer Learning of VGG 16 Architecture 
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E. Vision Transformer (ViT) Model 

In 2017, Google released Transformer [45] for publication on Computation and Language. At 

the beginning, the idea was put forth for use in NLP. For a long time, the Recurrent Neural 

Network model's memory length was a limiting factor and it was not possible to parallelize; 

nevertheless, with the help of Transformer, this feature was implemented, leading to 

significant advancements in the field of NLP. 

Dosovitskiy et al. in [46] introduced the ViT, which directly applies the Transformer design 

to image recognition in computer vision applications. Analogous to NLP, the input comprises 

a set of image patches that have been subjected to a sequence of linear embedding processes. 

The method's generalization performance declines with restricted training sets because to the 

lack of CNN's inductive biases, such as translation invariance and locality. In contrast, the 

researchers discovered that the Vision Transformer's effectiveness improves after initial pre-

training on a large dataset and subsequent task application.  

As stated by Wang et al. in [31], the Transformer Encoder, the Linear Projection of Flattened 

Patches (Embedding layer), and the multilayer perceptron (MLP) Head are the three 

components that make up the ViT architecture. In the first stage of processing, the ViT 

architecture vectorise each patch to create a flattened representation and divides the input 

image into non-overlapping, predetermined-size and shape patches. With C standing for the 

number of channels and H and W for the original image's height and breadth, the dimensions 

of the input image are given as H x W x C. Using a P x P patch to segment the source image, 

the Vision Transformer (ViT) generates N image patches. In order to create a series of N X 

W values (P2 X C), the ViT takes an image with dimensions H X W X C and transforms it. N 

image patches, with dimensions P2 x C apiece, make up this set. A grand total of N 

individual image patches make up this sequence. The image patches are further compressed 

and transformed into three dimensions by means of a linear projection employing position-

encoded vectors, a method analogous to Word Vectors employed in NLP. So, Figure 4 shows 

the vision transformer's basic block diagram. 

 

FIGURE 4. Block Diagram of Vision Transformer (ViT) Architectural Framework 

(Image Applied in this figure taken from [29]) 
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The Figure 5 and Figure 6 represent the functionality block of encoder and MLP header. 

FIGURE 5. Transformer Encoder Architectural Framework 

 

 

 

FIGURE 6. MLP Header Architectural Framework 

To address the limitations of standalone models, our hybrid architecture fuses VGG16 and 

ViT as follows: VGG16 serves as the backbone for local feature extraction. We remove the 

fully connected layers and extract features from the last convolutional block (output shape: 

7x7x512 for 224x224 input). These features are then flattened and projected into patch 

embedding (patch size 16, embedding dim 768) with positional encodings added. The ViT 

encoder stack (4 layers, 8 heads, MLP dim 3072) processes these embedding using multi-

head self-attention: 

Attention(Q, K, V) = Softmax(QK^T / √d-k) V 

Where d-k = 768 / 8 = 96. A final MLP head with dropout (0.1) and Softmax classifies the 

[CLS] token output. This fusion, inspired by similar hybrids, captures local textures via 

VGG16 and global contexts via ViT, with total parameters ~25M.  

Pseudocode: 

features = VGG16_conv(input_image) 

patches = patch_embedding(features) + pos_embed 

output = ViT_encoder(patches) 
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class = MLP_head(output[CLS]) 

 

III. EXPERIMENTS AND RESULT DISCUSSION 

A. Dataset  

The dataset comprises healthy and diseased plant leaf images from publicly available 

repositories such as “Plant Village” database [47], supplemented by custom field-collected 

samples. Due to imbalance, PGGAN was trained to generate synthetic images, thereby 

enhancing minority classes. In the database, three different versions of datasets are provided 

but we consider only tomato shown in Figure 7. 

 

B. Environment Setup 

The simulations are conducted on a PC that uses following specification shown in the Table-

1. 

<<Insert Table 1>> 

TABLE1 SIMULATION ENVIRONMENT SPECIFICATIONS 

Component Specification 

Graphics Card NVIDIA RTX 3060 Twin Edge, 12 GB GDDR6, 

192-bit 

Operating System Ubuntu 20.04 LTS 

Processor (CPU) AMD Ryzen 5 5600X, 6 Cores, 3.70 GHz 

Memory (RAM) 16 GB 

 

C. Results 

To demonstrate the efficacy of the VGG16-ViT model for plant disease classification, a 

series of tests were conducted using PGGAN for augmentation and VGG16 + Transformer 

for classification task. The dataset is split into train/validation/test using 70:10:20 ratios, with 

5-fold cross-validation for robustness. For potato, the shape of the data file is (2152, 256, 

256, 3); after split and augmentation, ~1700 train, 200 val, 400 test. For tomato (18000, 256, 

256, 3), ~12600 train, 1800 val, 3600 test. The training detail parameters used in this 

approach are optimizer: Adam with learning rate 1e-4, epochs 50 with early stopping 

(patience 10), batch size 32. To evaluate the performance of the model, accuracy, precision, 

recall, F1 score metrics are considered. All results are averaged over folds (std dev <2%). 
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FIGURE  8. Plot of overall accuracy and loss of the proposed model 

This Figure-8 illustrates Training Accuracy, Validation Accuracy, Training Loss, and 

Validation Loss in relation to Epochs. In this plotted graph Training Accuracy shown in 

green curve starts at a lower value (~0.6) then rapidly ascends. Achieves stabilization around 

1.0 (~100%) after around 30 epochs which indicates that the model fits exceptionally well 

with the training data.Validation accuracy shown in the graph in blue curve saturated and 

close to training accuracy. 

PGGAN augmentation improves class balance, reducing bias toward majority classes. Also, 

enhances generalization especially under real field conditions with noisy or partially damaged 

leaves. 

In addition to the model evaluation, we incorporate all relevant metrics such as accuracy, 

precision, F1 score, as well as the confusion matrix and ROC-AUC curve, as illustrated in the 

figure below. 

 

FIGURE 9. Confusion Matrix of the proposed model 



International Journal of Applied Mathematics  

Volume 38 No. 4s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  

 

Received: August 06, 2025  698 

 

The confusion matrix shown in Figure 9 indicates that the model has strong performance 

across the majority of plant disease categories, evidenced by elevated correct prediction 

counts along the diagonal. For instance, categories such as Late blight, Leaf Mold, and Target 

Spot were classified with precision or near precision. Misclassifications are infrequent; 

however, certain samples, such as Healthy, were erroneously labeled as early blight, and vice 

versa. The Mosaic virus and Spider mites classifications exhibit slight confusion with 

analogous illness categories. The model has robust performance; nevertheless, it would 

benefit from refinement regarding the Healthy and Early blight classes. 

From this confusion matrix, we can calculate the evaluation parameters like accuracy, 

precision, recall, and F1 score shown in Table 2. 

 

TABLE 2   EVALUATION PARAMETERS OF THE PROPOSED MODEL 

Metric     Value 

Accura

cy 
 

 

 98.49% 
 

Precisio

n 
 

 

 98.8% 
 

Recal

l 
 

 

 
98.4

% 
 

F1-

Score 
 

 

 
98.6

% 
 

 

 

FIGURE 10.ROC-AUC Curve of the proposed model 

The ROC-AUC curve illustrates in Figure 10 the model's capacity to differentiate among 

various plant disease classes with a one-vs-rest methodology. The majority of classes exhibit 

an AUC (Area Under Curve) near 1.0, signifying exceptional classification efficacy—
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particularly for Healthy (0.99), Spider_mites (0.98), and Leaf_Mold (0.98). The lowest AUC 

for Yellow_Leaf_Curl_Virus (0.92) nevertheless indicates robust discrimination. The nearer 

the curve is to the top-left corner, the more effectively the model minimizes false positives 

and maximizes true positives. Based on the existing work a comparative analysis is given in 

table-3 in comparison to proposed model. A comparison analysis is presented in Table 3 in 

relation to the proposed model based on the previous work. 

TABLE 3: COMPARATIVE ANALYSIS 

Model Accuracy 

(%) 

Precis

ion 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

ViT [48] 90.99 - - - 

VGG16[49] 80.05 - - - 

VGG16 91.2 90.4 89.7 90.0 

ViT 92.5 91.8 91.2 91.5 

VGG16+ViT Hybrid (Proposed without 

aug) 
92.67 92.0 91.5 91.7 

Hybrid + PGGAN (Proposed Model) 98.49 98.8 98.4 98.6 

 

V.Conclusion 

Authors provided a comprehensive framework using deep learning models as feature 

extractors with Vision Transformer designed to classify Potato and Tomato plant diseases 

using PGGAN augmentation. In the experiment for the classification of plant diseases, 

VGG16-VIT achieved an overall accuracy of 92.67% without implementation of 

augmentation. Considering PGGAN augmentation technique, the accuracy improves to 

98.49%. 

In future endeavours, including image segmentation before classification could augment 

model accuracy, as precisely delineated disease areas may enable the model to concentrate on 

more pertinent aspects. Consequently, an integrated framework that amalgamates 

segmentation and classification represents a possible avenue for enhancing plant disease 

detection systems. 
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