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Abstract: Plant leaf disease classification is essential in the agriculture industry, and recent 

advances in deep learning (DL) and machine learning (ML) have resulted in numerous 

approaches for detecting and classifying diseases using plant images. However, traditional 

diagnosis methods rely on human expertise and remain time-consuming and labor-intensive. 

To address this issue, the proposed system introduces a novel approach, Enhanced Hybrid 

Vision Transformer with Zero-shot learning classification (EHVZSC), for plant species 

identification. The method combines the strengths of Vision Transformers (ViT) and Zero-

Shot Learning, enabling accurate classification of unseen classes without additional training 

data. The proposed approach leverages ViT to learn robust image representations, which are 

then used to generate a set of prototypes for zero-shot classification. Evaluated on the Plant 

Village dataset The model was trained with 50 epochs, a batch size of 32, and a learning rate 

of 0.0001 because these parameters provided stable convergence without overfitting, the 

proposed EHVZSC model achieves state-of-the-art performance with reduced data 

requirements, improving testing accuracy by up to 15 %, sensitivity by up to 10 %, specificity 

by up to 10 %, F1-score by up to 12 %, and ROC performance by up to 25 % over existing 

methods, while attaining 95.7 % accuracy, 97.8 % sensitivity, 95.0 % specificity, and a 96.45 % 

F1-score, demonstrating its superior ability to capture fine-grained disease features through 

attention-enhanced representation learning and robust zero-shot adaptability. 

Keywords: plant leaf disease classification, vision transformer (VIT), zero-shot learning, deep 

learning, image recognition, prototype-based classification 

1. Introduction 

India is a well-known country in the field of agriculture, where the vast majority 
of people work in the sector. Enhancing food quality and productivity at lower costs 
and greater profit is the goal of agricultural research. Agrochemicals, seeds, and soil 
interact in a complex way to produce the agriculture production model. The essential 
agricultural goods are fruits and vegetables. Transpiration, photosynthesis, 
fertilization, pollination, and germination are just a few of the vital processes that the 
illness signals as being compromised in a normal plant condition. Therefore, it is 
considered a significant responsibility to cure plant diseases early on. 

Numerous diseases cause damage to plant leaves, which affects crop productivity. 
Finding leaf diseases is crucial. Maintaining plant leaves regularly is what makes 
agricultural products profitable. Due to their ignorance of leaf diseases, farmers 
produce insufficient yields. The diagnosis of leaf diseases is crucial since productivity 
determines profit and loss. Thus, in this case, deep learning techniques are used to 
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identify diseases in the leaves of tomato, potato, grape, apple, and maize plants [1]. 
Twenty-four thousand photos of leaves are used, together with twenty-four different 
types of leaf diseases [2]. 

As such, having a system that can automatically identify indications of leaves 
disease as soon as feasible is crucial. Improved efficacy and efficiency in leaf disease 
diagnosis are now achievable because to recent developments in ML. Apple growers 
would avoid significant loss or harm if a ML-based approach proved effective in 
identifying problems in their fruit early [3]. 

Plant leaf disease diagnosis is frequently costly, time-consuming, prone to error, 
and requires specialized knowledge. In order to distinguish between diseases, recent 
methods rely on image-based analysis, in which algorithms identify patterns and 
anomalies in leaf photos. Because many plant leaf diseases have visually similar 
symptoms that make manual identification challenging, this line of research is crucial. 
For accurate disease classification, a combination of computer vision, ML, and image 
processing techniques is therefore usually needed for an effective diagnosis [4]. 

DL has achieved major progress in recent years, especially in image classification 
tasks for rapid and accurate plant disease identification [5]. However, a number of 
issues still need to be addressed in the classification of plant diseases, even with the 
advancement of ViT-based models and Transfer Learning (TL) [6]. Large, balanced 
datasets are still necessary for standard ViT architectures, and they have trouble 
capturing fine-grained local lesion patterns. Furthermore, when multiple diseases have 
similar visual symptoms, traditional TL-based classifiers provide limited inter-class 
separability and are unable to generalize to unseen disease categories [7]. These 
problems point to a glaring research gap in the creation of a model that combines 
enhanced discriminative representation, robust local–global feature learning, and zero-
shot capability for the identification of unseen diseases. The contributions are: 

 Proposed a novel Enhanced Hybrid Vision Transformer with Zero-Shot 
Classification (EHVZSC) framework for accurate plant leaf disease 
identification using attention-based deep feature learning. 

 Integrated Vision Transformer (ViT) with Zero-Shot Learning to classify 
both seen and unseen plant disease classes without requiring additional 
labeled training samples. 

 Improved disease detection performance on the Plant Village dataset by 
achieving 95.7 % accuracy, 97.8 % sensitivity, 95.0 % specificity, and 96.45 
% F1-score with reduced data dependency. 

 Demonstrated significant performance gains over existing methods, 
including up to 15 % higher accuracy, 12 % better F1-score, and 25 % 
improvement in ROC performance through robust attention-enhanced 
representation learning. 

Although the suggested EHVZSC model performs well, there are a number of 
obstacles to its actual implementation in agricultural settings. The accuracy of 
classification may be impacted by noise, shifting illumination, complicated 
backgrounds, and obscured foliage in field photos. Detection is further complicated 
by early-stage disease symptoms, environmental factors, and different crop kinds. 
Furthermore, adoption of Vision Transformer-based models on inexpensive mobile or 
Internet of Things devices is difficult due to their high computational resource 
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requirements. The efficiency of the system may be further diminished in remote 
farming areas by poor imaging quality, limited internet connectivity, and a lack of 
technical know-how. For dependable agricultural deployment, lightweight 
optimization and real-time field testing are crucial. 

Figure 1 displays typical leaf infections across multiple plant species images 
from the PlantVillage dataset [Source: www.PlantVillage.org], including Apple Cedar 
Rust, Corn Common Rust, Pepper Bell Bacterial Spot, Potato Early Blight, Strawberry 
leaf disease, and Tomato Early Blight. These diseases can be accurately identified 
using DL-based classification techniques. 

 
Figure 1. Typical leaf infections across multiple plant species. 

The research addresses the issue of enhancing classifier performance when 
trained on source domain labeled data with diverse classes and tested on target domain 
data by introducing a unique framework named “Enhanced Hybrid Vision Transformer 
with Zero-shot learning classification (EHVZSC)”. To investigate a several methods 
within this framework, such as data augmentation, segmentation and classification 
method. It also looks into the advantages of using robust discriminative losses to 
improve the performance of the classifier even more. The suggested EHVZSC 
framework introduces robust loss optimization, discriminative prototype-based zero-
shot classification, and hybrid local–global feature modelling, in contrast to traditional 
ViT models improved through transfer learning. Together, these elements overcome 
the drawbacks of weak feature separability, poor unseen-class generalization, and high 
data dependency, allowing for noticeably better performance than conventional ViT + 
TL methods. 

2. Related works 

The detection of plant leaf diseases has been extensively researched to increase 
agricultural output and lower losses. The three primary categories of approaches found 
in the literature are classical ML, DL and advanced/transformer-based techniques. 
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2.1. Classical machine learning approaches 

According to this study, contemporary organic farming is becoming more and 
more common in the agricultural sectors of many developing nations. Plant leaf 
disease is thought to be the most potent environmental element causing a deficiency 
in the quality of agricultural products, while there are many other environmental 
factors that also contribute to farming problems. The intention is to use machine 
learning and computer vision techniques to lessen this problem. The K-nearest 
neighbor (KNN) classifier was suggested by the authors as a method for the 
identification and classification of plant leaf diseases. For the classification, the texture 
elements are taken out of the photos of the leaf diseases [8]. 

2.2. Deep learning approaches 

DL techniques for object detection, according to study, depend heavily on a large 
number of manually prelabeled training datasets as ground facts. Field item 
recognition, like bales, is particularly challenging due of three factors: (1) minimal 
prelabeled data available; (2) long-term image captures conducted in varying seasons 
and illumination conditions; and (3) a dearth of pretrained models and studies to utilize 
as a guide. This work builds an innovative pipeline of algorithms to boost the accuracy 
of bale recognition based on sparse data collecting and labeling. Furthermore, a type 
of transfer learning called domain adaptation (DA) is used to automatically label the 
training data and synthesize it under various environmental situations [9]. 

In this study investigated efficient supervised contrastive learning algorithms and 
tailored them to learn improved image demonstrations from imbalanced data. In order 
to realize the notion that better features lead to better classifiers; the authors 
specifically proposed a novel hybrid network structure that is made up of a cross-
entropy loss for learning classifiers and a supervised contrastive loss for learning 
image representations. The learning process is gradually transitioned from feature 
learning to classifier learning. They investigated two variations of contrastive loss for 
feature learning, which differ in form but have the same basic principle of pushing 
samples from different classes apart and gathering samples in the normalized 
embedding space that are all from the same class [10]. 

In order to detect tomato diseases, presented a deep learning-based technique that 
creates artificial images of tomato plant leaves using the Conditional Generative 
Adversarial Network (C-GAN). After that, the tomato leaf photos are classified into 
ten disease categories using a DenseNet121 model that was trained using transfer 
learning on both artificial and real pictures [11].  

According to this study discussed as the population has grown rapidly over time, 
which has raised the need for food production. Numerous bacterial, viral, and fungal 
plant diseases are among the main causes of reduced agricultural productivity. The 
majority of farmers apply fertilizers and insecticides to their entire field without 
explicitly considering the state of the plants [12]. Plant illnesses can be automatically 
detected by DL models from plant photos, which eliminate the need for human 
specialists. Suggested an EfficientNet DL architecture in the classification of plant leaf 
diseases. Transfer learning approach was used to train efficientNet architecture and 
other deep learning models. When transfer learning was being done, all the layers of 
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the models were made trainable. EfficientNet is very computationally intensive, so it 
is not as practical to deploy it on low-power agriculture [13]. 

Introduced a powerful DL architecture of automatic plant disease detection and 
segmentation, DPD-DS, with an enhanced mask-region-based pixel-wise convolution 
neural network (CNN). In the proposed DPD-DS, a light head region convolution 
neural network (R-CNN) is suggested with the aim of saving the memory space and 
computational cost [14]. It improves detection accuracy and the speed of computations 
by changing the proportions of the Anchor in the RPN network and changing the 
backbone. DP-DS of instance segmentation is computationally expensive and is 
ineffective with small or overlapping areas of leaf diseases. 

Achieving multi-classification of disease utilizing plant leaf image bearing in 
mind the chronological Flamingo search algorithm (CFSA) with transfer learning 
(TL). The pre-processing stage of leaf image is the Adaptive Anisotropic diffusion 
which removes noise [15]. In this case, the U-Net++ is used to segment plant leaf and 
trained using the Moving Gorilla Remora algorithm (MGRA). Flamingo search 
optimization framework presents excessive complexity in its algorithms and can easily 
overfit small plant disease data sets. 

2.3. Transformer-based approaches 

A study provided in the same label space; the goal of typical domain adaptation 
approaches is to transfer the information gained from a label-rich source domain to a 
target domain with fewer labels. Nevertheless, obtaining even the unlabeled target 
domain data for a task of interest is frequently challenging. Zero-shot domain 
adaptation (ZSDA) is the process by which the authors could transfer the domain shift 
between the source and target domains from an unseen task to the job of interest in 
such a scenario [16]. 

According to this study provided an example of pre-trained models are refined 
through the use of transfer learning. To combat overfitting, data augmentation 
techniques such as picture enhancement, rotation, scaling, and translation are used. 
The performance of several pre-trained neural networks was thoroughly categorized 
by the authors, who also included the results of a weighted ensemble of models 
pertinent to the identification of plant leaf diseases [17]. 

Transformer-based plant disease recognition system, in which the Vision 
Transformer architecture was improved to promote long-range interactions and the 
fine attributes of lesions in complex field images [18]. The model exhibited better 
robustness to illumination changes and background noises because of its self-attention 
mechanism, but fails in cases of training data being small or highly imbalanced. 

The hybrid multispectral ViTCNN architecture of the plant disease detection by 
suggested a method that combined spectral data with deep spatial features to enhance 
the ability to discriminate similar diseases that appeared visually similar [19]. The 
fusion architecture was better at localizing features and decreasing misclassification 
in challenging outdoor scenarios, but multispectral acquisition makes the system more 
hardware-dependent and restricts its usage in low-resource agricultural settings. 

PD-TR, an end-to-end transformer-based model that improves lesion localization 
as well as disease classification using a single self-attention encoder-decoder pipeline, 
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was proposed by [20]. It enhanced the awareness of lesion boundaries and generated 
consistent predictions on different crop species; however, End-to-end transformer 
pipelines are still computationally expensive and cannot be deployed in real time on 
edge devices. 

Zero-shot plant disease classification through the use of semantic attribute 
embeddings to classify unseen disease categories without the need to have labeled 
images [21]. This method greatly lowered dependency on annotation and generalized 
better to uncommon disease categories; however, Zero-shot performance is 
considerably reliant on the quality of semantic features, which may be noisy or not 
adequate to fine-grained diseases. 

The transformer based few-shot learning model used in to detect barley disease 
was trained to acquire class prototypes using cross-attention mechanisms, only with a 
limited number of labeled data. The approach was successfully used to alleviate the 
lack of labeled agricultural data and achieve high recognition rates yet Few-shot 
transformer models are less stable and perform poorly when the intra-class variance is 
great [22]. 

Plant leaf disease detection techniques are summarized in Table 1, which 
demonstrates that while DL techniques like domain adaptation, contrastive learning, 
C-GAN-based augmentation, and lightweight CNNs improve accuracy but rely on 
large labelled datasets and frequently remain crop-specific, classical ML methods like 
KNN rely on handcrafted features and offer limited generalization. Although they 
lower data requirements, transfer learning and zero-shot domain adaptation have not 
been extensively investigated for multi-crop or multi-disease scenarios. Overall, the 
literature identifies important gaps: Transfer learning is underutilized, lightweight 
real-time models appropriate for field deployment are still underdeveloped, DL suffers 
from data imbalance and annotation demands, and classical ML lacks robustness. 

Table 1. Comparison of plant leaf disease detection approaches. 

Study Approach Key techniques Strengths Limitations 

[8] Classical ML KNN, texture features Simple, low computational cost Handcrafted features, low 
robustness 

[9] DL Domain Adaptation, sparse 
labeling 

Handles sparse data, robust Limited scalability 

[10] DL Hybrid contrastive + cross-
entropy loss 

Improved feature learning Computational complexity 

[11] DL C-GAN + DenseNet121 Synthetic data generation improves 
classification 

Requires GAN training 

[12] DL Lightweight RCNN Efficient, practical Limited to specific crop 

[13] DL EfficientNet High accuracy, efficient scaling Requires high-quality 
dataset 

[14] DL Instance Segmentation (DPD-
DS) 

Precise localization + classification High computational load 

[15] DL Flamingo Search Optimization 
+ Transfer Learning 

Strong multi-class performance Optimization complexity 

[16] Transfer Learning Zero-Shot Domain Adaptation Reduces labelled data requirement Limited to certain domain 
shifts 
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Table 1. (Continued). 

Study Approach Key techniques Strengths Limitations 

[17] Transfer Learning Pretrained CNNs + data 
augmentation 

Ensemble improves accuracy Resource intensive 

[18] DL/Transformer Vision Transformer Robust to illumination and 
background variations 

Requires large balanced 
datasets 

[19] DL/Hybrid ViT-CNN Multispectral ViT–CNN Improves local feature extraction, 
reduces misclassification 

Requires multispectral 
hardware 

[20] DL/Transformer PD-TR end-to-end transformer Better lesion localization and 
cross-crop consistency 

Computationally 
expensive, not real-time 

[21] Zero-Shot Learning Semantic attribute embeddings Recognizes unseen disease 
categories, reduces annotation 

Performance depends on 
quality of semantic 
attributes 

[22] Few-Shot 
Learning/Transformer 

Cross-attention prototype 
learning 

Effective with few labelled 
samples, maintains high accuracy 

Reduced stability with high 
intra-class variation 

3. Proposed methodology 

The PlantVillage dataset is used in the study methodology, which takes into 
account the sequence in which the experiments were conducted. Plant leaf diseases 
can be accurately predicted from plant photos using the proposed Enhanced Hybrid 
Vision Transformer with Zero-shot learning classification (EHVZSC) technique, 
yielding better results suitable for additional processing such as data augmentation 
[23]. Figures 2 and 3 display the full suggested flow diagram for the EHVZSC training 
and testing process. 

 

Figure 2. Proposed EHVZSC training process flow diagram. 

 
Figure 3. Proposed EHVZSC testing disease classification flow diagram. 
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3.1. Image acquisition 

The PlantVillage dataset contains 54,305 images of healthy and diseased plant 
leaves across 38 classes. All images were preprocessed before training to ensure 
uniformity and improve feature extraction. First, each image was resized to 224 × 224 
pixels and converted from RGB to HSV color space using Equation (1) to enhance 
leaf–disease contrast. 

𝐻𝑆𝑉 = 𝑓(𝑅𝐺𝐵) (1)

Pixel intensities were then normalized to stabilize gradient updates using 
Equation (2): 

𝐼norm =
𝐼 − 𝜇

𝜎
 (2)

where I is the input image, μ is the channel mean, and σ is the standard deviation. Basic 
augmentation (rotation, translation, contrast, hue, and saturation adjustments) was 
applied to strengthen generalization by Equation (3): 

𝐼ᇱ = 𝑇(𝐼) (3)

where 𝑇(⋅) represents the augmentation transformations. These preprocessing steps 
ensure consistent input quality and improve the robustness of the proposed EHVZSC 
model prior to segmentation and classification. Figure 4 shows the sample plant disease 
images from the dataset [23]. 

 
Figure 4. Plant disease sample from the plant Village dataset. 

3.2. Data augmentation 

The dataset was improved using seven different data-augmentation techniques, 
which are summarized in the Table 2 along with their key parameters and effects on 
dataset variability and model robustness. While contrast, hue, and saturation 
adjustments enhance color-based variations, padding, rotation, translation, and affine 
transformations mainly increase geometric diversity. When combined, these 
augmentations increase the size of the effective dataset, lessen overfitting, and enhance 
the model’s capacity to generalize under various lighting, orientation, and appearance 
conditions. 
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Table 2. Data augmentation techniques, parameters, and impact on dataset size. 

Augmentation type Key parameters Impact on dataset size/model performance 

Padding Padding width 𝑝, padding mode 
(constant/reflect) 

Slight increase in dataset variability; helps preserve aspect ratio. 

Rotation Angle range 𝜃 ∈ [−40 ∘, +40 ∘], rotation 
center 

Significant dataset expansion; improves rotational invariance. 

Translation Shift in pixels (𝑡௫, 𝑡௬)or % of image Increases robustness to positional changes; moderate dataset growth. 

Affine transformation Scale, shear, rotation, translation matrix High variability added; improves geometric distortion tolerance. 

Contrast adjustment Contrast factor 𝛼; brightness 𝛽 Enhances illumination diversity; minimal effect on dataset size but 
improves feature distinguishability. 

Hue adjustment Hue shift δ𝐻 Expands color domain; helps model generalize to different lighting 
conditions. 

Saturation adjustment Saturation scaling factor 𝑘 Increases color intensity variation; moderate improvement in color 
robustness. 

3.2.1. Dataset split and hyperparameter settings 

The dataset was split into three subsets—70 % for training, 15 % for validation, 
and 15 % for testing—to guarantee accurate training and assessment. This division 
preserves enough validation and test samples to adjust hyperparameters and evaluate 
generalization while offering a sizable training set for learning robust features. The 
model was trained with 50 epochs, a batch size of 32, and a learning rate of 0.0001 
because these parameters provided stable convergence without overfitting. A dropout 
rate of 0.3 was used to prevent overfitting, and the Adam optimizer was chosen due to 
its capacity for adaptive learning. Patch sizes of 16 × 16 and embedding dimensions 
of 768 were utilized for the Vision Transformer component, in accordance with 
commonly used configurations for balanced computational complexity and 
performance. The final Data Augmentation results are described in Figures 5–7. 

3.3. Disease segmentation 

The segmentation operation is applied to separate the whole leaf area with the 
image background. To mined accurate features the model has to be able to capture 
finer details and address the differences in the sizes of the leaves, their shapes and 
features. In order to do so, a variant of U-Net++ architecture is modified to form the 
basis of plant-leaf segmentation. U-Net++ is an improved form of U-Net that is 
intended to be used in the accurate segmentation of images. It proposes better skip 
connections and multi-scale feature aggregation, and hence is applicable to isolating 
the plant leaf regions that may have structural differences [24]. 

The architecture has three main components: the encoder, decoder and dense 
cross layer connections, which assist in capturing leaf features in various spatial 
resolutions. U-Net++ will be used in the proposed hybrid framework with EfficientNet 
to enhance segmentation performance on the plant disease dataset, which consists of 
both healthy and diseased leaves. U-Net++ is the primary feature extractor, with the 
encoder doing the feature selection and the decoder doing the upsampling, which is 
also known as a transcoder. Convulsion and max-pooling are used repeatedly in the 
encoder path. Each two 3 × 3 convolutions are followed by a 2 × 2 max-pooling layer 
that reduces the spatial dimension and adds channel dimension.  
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Figure 5. Input of pepper__bell___bacterial_spot image. 

 
Figure 6. Data augmentation result-1. 

 
Figure 7. Data augmentation result-2. 

The convolutions are all followed by a ReLU activation, and with such a network, 
it is possible to learn patterns in the down sampled feature maps. The network carries 
out upsampling in the decoder path through transposed convolution. The upsampled 
feature maps are refined after every transposed convolution with two 3 × 3 convolution 
layers and a ReLU activation. EfficientNet also improves the decoding step by 
providing powerful multi scale feature representations that increase the segmentation 
of diseased leaf areas. Figure 8 shows the overall segmentation architecture. 
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Figure 8. Segmentation architecture. 

Mathematical implementations: 
EfficientNetEncoder: 
The encoder function in EfficientNet can be represented as Equation (4). 

𝑧 = 𝐸𝑁𝑒𝑡_𝑒𝑛𝑐𝑜𝑑𝑒(𝑖𝑝, 𝐿) (4)

where, z is the output feature vector (encoding) of the input image; ip is the input 
image; L represents the learnable parameters of the encoder; ENet_encodis the encoder 
function, composed of the following components. 

Convolutional Stem by Equation (5): 

𝑖𝑝ᇱ = 𝐶𝑜𝑛𝑣(𝑖𝑝, 𝐿𝑐𝑜𝑛𝑣) (5)

where ip′ is the stem output and Lconv is the learnable parameter set of the 
convolutional stem. 

EfficientNet Blocks (MBConv) by Equation (6): 

𝑖𝑝′ᇱ = 𝑀𝐵𝐶𝑜𝑛𝑣(𝑖𝑝ᇱ, 𝐿𝑒𝑏𝑐𝑜𝑛𝑣) (6)

where ip″ is the output of the MBConv block and L₍mbconv₎ represents 
MBConvparameters. 
Squeeze-and-Excitation (SE) Blocks by Equation (7): 

𝑖𝑝𝑆𝐸 = 𝑆𝐸(𝑖𝑝ᇱᇱ, 𝐿𝑠𝑒) (7)

where ipSE is the SE block output and L₍se₎ is the SE module parameter set. 
Global Average Pooling by Equation (8): 

𝑧 = 𝐺𝐴𝑃(𝑖𝑝𝑠𝑒)  (8)

Where, GAP(·) computes the global average pooling operation to generate final 
encoded features z. 

Mathematically, the encoder function can be represented by Equation (9), which 
transforms an input image x into a feature vector z that captures its essential 
characteristics: 

𝑧 = 𝐺𝐴𝑃(𝑆𝐸(𝑀𝐵𝐶𝑜𝑛𝑣(𝐶𝑜𝑛𝑣(𝑥, 𝐿𝑐𝑜𝑛𝑣), 𝐿𝑚𝑏𝑐𝑜𝑛𝑣), 𝐿𝑠𝑒), 𝐿𝑔𝑎𝑝) (9)
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where Lconv, Lmbconv, Lse, and Lgap are learnable parameter sets for each 
component. 

U-Net++ decoder: 
The proposed model of U-Net++ decodingfeature maps are described as Equation 
(10), 

𝑓𝑒𝑎𝑡௔,௕ = ቊ
𝐿൫𝑓𝑒𝑎𝑡௔ିଵ,௕,൯                          𝑏 = 0

𝐿൫ൣ[𝑓𝑒𝑎𝑡௔,௠]௠ୀ଴
௕ିଵ , 𝑈𝑃൫𝑓𝑒𝑎𝑡௔ାଵ,௕ିଵ൯൧൯    𝑏 > 0

 (10)

where the concatenation layer is represented by [], the upsampling layer is indicated 
by UP(.), and the convolution function is defined by L(.). The input is received by the 
node at level b = 0 through the previous encoder layer. The node at level b = 1 receives 
the encoder and the sub-network input from two subsequent levels. The node at level 
b > 1 receives b + 1, where the ending input is the up-sampled result from the short 
skip pathway. The previous b nodes’ outputs are referred to as inputs at level b. 

Feature fusion and segmentation head: 
Combine the features from the EfficientNet encoder with the upscaled features 

from the U-Net++ decoder using concatenation or attention mechanisms and finally 
add a segmentation head on top of the hybrid model to predict the final segmentation 
masks. 

The proposed hybrid model of EfficientNET with U-Net++ feature fusion is 
described as Equation (11), 

𝐹𝐹 = 𝐹𝑢𝑠𝑖𝑜𝑛൫𝑧, 𝑓𝑒𝑎𝑡௔,௕൯ (11)

where FF is the fused feature map combining EfficientNet and U-Net++ outputs. 
Add segmentation head on top of the hybrid model to predict the final 

segmentation masks by Equation (12). 

𝑠𝑒𝑔 = 𝑆𝑒𝑔_ℎ𝑒𝑎𝑑(𝐹𝐹) (12)

where seg represents the predicted segmentation mask. 
The hybrid model can be represented by Equation (13): 

𝑠𝑒𝑔 = 𝑆𝑒𝑔_ℎ𝑒𝑎𝑑(𝐹𝐹(𝑧(𝑥), 𝑈𝑛𝑒𝑡(𝑧(𝑥)))) (13)

Where, Unet(·) denotes the U-Net++ decoder output. 
The proposed Hybrid model segmentation results shown in Figure 9. 

 
Figure 9. Proposed ECMDS segmentation result. 
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3.4. Enhanced hybrid vision transformer with zero-shot learning 
classification (EHVZSC) 

A proposed hybrid vision transformer with zero-shot learning capabilities can be 
achieved by combining the Vision Transformer (ViT) architecture with zero-shot 
learning techniques for plant leaf disease prediction. In particular, the proposed vision 
transformer model only accepts input images with a resolution of 224 × 224. The 
chosen size of the suggested system was determined by the ease with which 224 × 224 
could be split into 256 (16 × 16) image patches. Each picture patch is 14 by 14 pixels 
when there are 256 image patches. It displays the changes the image undergoes to 
become the 256 (14 × 14) pixel image patches. 

The Vision Transformer (ViT) patch generation Equation (14): 

𝑥௣(𝑖, 𝑗, 𝑘, 𝑙) = 𝑥(𝑖 × 𝑃 + 𝑘, 𝑗 × 𝑃 + 𝑙, : ) (14)

Where, xp represents the patch tensor - x is the input image tensor - i, j are the 
patch indices (0 to Nh-1 and 0 to Nw-1, respectively) - k, l are the pixel indices within a 
patch (0 to P-1) - P is the patch size - Nh, Nw are the number of patches in the height 
and width dimensions, respectively. 

The Vision Transformer (ViT) feature encoding process involves the following 
steps: 

Patch embedding: Divide the input image into fixed-size patches and embed each 
patch into a vector using a linear layer. 

Position encoding: Add positional encodings to the patch embeddings to retain 
spatial information. 

Transformer encoder: Feed the patch embeddings and positional encodings into a 
transformer encoder, which consists of multiple identical layers. Each layer applies 
self-attention, feed-forward neural networks (FFNNs), and layer normalization. 

Self-attention: Compute the attention weights between patches and perform 
weighted sum to capture patch relationships. 

Feed-forward neural networks (FFNNs): Transform the patch representations 
using FFNNs. 

Layer normalization: Normalize the patch representations to stabilize training. 
Output: The final output is the encoded feature representation of the input image. 
The Transformer encoder formation is described in Algorithm 1. 
This mathematical model represents the Transformer encoder in ViT, which takes 

in a sequence of image patches and outputs a sequence of embeddings that capture the 
contextual relationships between the patches. 

The classification method using zero-shot transform receives the output of the 
ViT Transform encoder as input. Zero-shot transform classification is a technique that 
enables a model to classify images into classes it has not seen before, without requiring 
any additional training data. In traditional classification, a model is trained on a dataset 
of labeled images, where each image is associated with a specific class label. However, 
in proposed zero-shot classification, the model is trained on a dataset of images from 
seen classes, but is then asked to classify images from unseen classes. 
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Algorithm 1 ViT Transformer encoder 

Input: 

X – input image patch embeddings 

L – number of encoder layers 

h – number of attention heads 

d – feature dimension 

d_head – dimension per head 

Output: 

TC – transformer-encoded representation 

Procedure: 

1. Patch embedding: 

X ←Concat (Embed(patch₁), …, Embed(patchN)) 

2. Encoder layers: 

for ℓ = 1 … L do 

# Multi-Head Self-Attention 

Q ← X · W_Q 

K ← X · W_K 

V ← X · W_V 

for i = 1 … h do 

headᵢ ← Attention (Q·W_Qᵢ, K·W_Kᵢ, V·W_Vᵢ) 

end for; 

MSA ←Concat (head₁ … head_h) · W_O 

# Add & LayerNorm 

X ← LayerNorm (X + MSA) 

# Feed-Forward Network 

FFN ← (ReLU (X·W₁ + b₁) ) ·W₂ + b₂ 

# Add & LayerNorm 

X ←LayerNorm (X + FFN) 

end for; 

3. Output: 

TC ← X 

LayerNorm definition: 

LayerNorm (x): 

μ← Mean (x) 

σ← Std (x) 

return γ * ((x − μ)/σ) + β 

The mathematical equation for zero-shot transform classification can be 
represented as by Equation (15). 

𝑍 = 𝑑𝑜𝑡_𝑝𝑟𝑜𝑑𝑢𝑐𝑡(𝑋, 𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒)  +  𝑏𝑖𝑎𝑠 (15)
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Where, Z represents output tensor representing the zero-shot classification scores; 
X is the input tensor representing the transformed image features; prototype is a 
learnable tensor representing the class prototypes; bias is a learnable tensor 
representing the bias terms; dot_product is the dot product operation. 

The prototype tensor is made up of learnable class-specific vectors that are 
optimized during training, and semantic vectors that externally define the meaning of 
classes (e.g. attribute, word embeddings), do not change during the learning process. 
Prototypes are a feature space trainable anchor, which is trained to match the visual 
representation of the ViT encoder. Conversely, class embeddings are fixed and give 
semantic structure, which allows the model to make unseen classes related to each 
other on shared semantic or linguistic relationships. 

The rewrite an Equation (15) with ViT Transform encoder like in Equation (16), 

𝑌 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑑𝑜𝑡_𝑝𝑟𝑜𝑑𝑢𝑐𝑡(𝑇𝐶, 𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒) + 𝑏𝑖𝑎𝑠 (16)

Where, TC is the Transformer encoder; SoftMax is the SoftMax activation function. 
The above Equation (16) combines the patch embedding, transformer encoder, 

and zero-shot classification components into a single mathematical expression. This 
equation represents the entire hybrid vision transformer model with zero-shot 
transform classification, from input image to output classification. The proposed final 
EHVZSC Classification results are illustrated in Figure 10. 

 
Figure 10. EHVZSC classification result. 

4. Results and discussion 

Hyperparameter tuning plays an important role in improving the performance and 
stability of the proposed EHVZSC model. Parameters such as learning rate, batch size, 
number of epochs, optimizer settings, and transformer depth were carefully adjusted 
to achieve optimal classification accuracy while avoiding overfitting. Different 
combinations of hyperparameters were tested experimentally, and the model 
performance was evaluated using validation accuracy and loss convergence. A 
learning rate of 0.0001, batch size of 32, and 50 training epochs were selected because 
they provided stable convergence, faster learning, and better generalization capability. 
Proper tuning also helped enhance sensitivity, specificity, F1-score, and overall 
robustness of the Vision Transformer with zero-shot learning framework 

Using the PlantVillage dataset, the proposed EHVZSC model is compared with 
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several recent state-of-the-art plant disease classification methods, including 
EfficientNet-based deep learning, DPD-DS, DbneAlexNet-MGRA& CFSA + TL with 
CNN + LeNet. The evaluation considers key performance parameters such as 
confusion matrix, training and validation accuracy, loss curves, and testing metrics 
including accuracy, specificity, sensitivity, F1-score and ROC curve. The experimental 
validation of truly unseen classes is still limited, despite the fact that the proposed 
EHVZSC system has zero-shot learning capability for recognizing unseen illness 
categories. The PlantVillage dataset, which has relatively limited variances in real-
world unknown disease situations, is the main source of information used in this 
review. To fully confirm the robustness and generalization capability of the zero-shot 
classification process under realistic agricultural scenarios, more studies involving 
whole new disease categories, cross-species infections, and a variety of field datasets 
are required. 

The confusion matrix in Figure 11 illustrates how effectively the model 
differentiates diseased from healthy leaves: out of all truly diseased samples, the model 
correctly identifies 489 as diseased (true positives) while misclassifying 11 as healthy 
(false negatives). Similarly, among the truly healthy samples, the model correctly 
labels 475 as healthy (true negatives) but wrongly predicts 25 as diseased (false 
positives). Since the majority of samples lie along the main diagonal (489 and 475), 
the classifier demonstrates strong accuracy in correctly recognizing both diseased and 
healthy leaves. 

 
Figure 11. Confusion matrix. 

Figure 12 shows the training and validation accuracy curve with 50 epochs. The 
training accuracy reaches above 95 percent in the early epochs and it persistently stays 
at the same high level, with no significant fluctuation in the convergence of the model. 
It is allowed to have a rapid improvement in the validation (test) accuracy in the initial 
epochs and then oscillates around 80 percent to 90 percent as it is observed to strongly 
generalize with slight fluctuations as a result of complexity of the classes and patterns 
that are not seen. All in all, the number shows that the EHVZSC model is highly 
accurate and it remains reliable in the course of training. 
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Figure 12. Training and validation accuracy. 

Figure 13 shows the trend of training and validation loss with 50 epochs. The 
loss on training diminishes slowly and levels off at a low level and this signifies that 
the model is learning steadily and converging. Conversely, the loss in validation 
decreases rapidly during the initial epochs and then oscillates yet followed by an 
overall downward trend indicating that the model still has good generalization ability. 
The fact that there is no substantial variation between the curves indicates that 
overfitting is inhibited and the EHVZSC model acquires robust representations in 
training. 

 
Figure 13. Training and validation loss. 

The comparison of the accuracy in testing various plant-disease classification 
methods, including EfficientNet-based deep learning, DPD-DS, DbneAlexNet-
MGRA, CFSA+TL with CNN + LeNet, and the proposed EHVZSC model, is shown 
in Figure 14, which was tested with 60 to 90 training epochs. There is a gradual 
increase in accuracy of all methods with increased number of epochs, but EHVZSC is 
always found to have the greatest accuracy at each stage with a sharp increase of 0.871 
to 0.959 at 60 and 90 epochs respectively. In general, the accuracy of EHVZSC is 2–
15% higher than the rest of the techniques and this is attributed to the fact that the 
model is better at capturing both global and fine-grained disease cues due to its 
architecture strength, such as attention-oriented feature refinement and zero-shot 
flexibility. In comparison to the traditional CNN-based or even hybrid models, where 
the localized features play an important role, EHVZSC hierarchical attention 
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mechanisms enhance discriminative learning, whereas its zero-shot ability enhance 
the output to unseen patterns, leading to faster convergence, lower misclassification, 
and better robustness at each stage of training. 

 
Figure 14. Testing accuracy analysis. 

Figure 15 that displays the sensitivity analysis between 60 to 90 epochs indicates 
that all the compared approaches, such as EfficientNet-based deep learning, DPD-DS, 
DbneAlexNet-MGRA, and CFSA + TL with CNN + LeNet, are improving over time 
with training, but the proposed EHVZSC model is always most sensitive at any given 
time, which is 0.896 at epochs 60, and 0.978 at epochs 90. EHVZSC has a higher 
sensitivity of about 2–10 per cent than the other methods, proving that it has a greater 
capability to detect diseased samples with correct accuracy. This improvement in 
performance can be explained by the architectural benefits of the model, in particular, 
the ability to discriminate insidious aspects of disease and generalization to more 
complex or unobservable changes in performance, which has the characteristics of 
attention-enhanced processing and zero-shot adaptability. EHVZSC reduces the false 
negative rate and achieves high robustness per training epoch, compared to traditional 
CNN-based models that make use of few local feature images. 

 
Figure 15. Sensitivity analysis. 

Figure 16 shows the specificity comparison of the five plant-disease 
classification methods among 60 to 90 epochs where all the methods show a gradual 
improvement with epochs; the proposed EHVZSC model, however, shows the highest 
specificity rate of 0.88 at 60 epochs to 0.95 at 90 epochs. On the whole, EHVZSC 
works better than the rest of methods by a margin of 2–10 percent, showing its 
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superiority in detecting healthy samples with the minimal number of false positives. 
This is due to its better architecture which incorporates attention-based feature 
refinement and zero-shot flexibility so that the model can capture finer differences 
between healthy and diseased regions. In contrast to classical CNN-based methods 
that use localized patterns as the primary ones, EHVZSC has an advantage of the 
global contextual knowledge and hierarchical acquisition of features, which leads to 
higher discrimination power and better generalization abilities of varying training 
epochs. 

 
Figure 16. Specificity analysis. 

The suggested EHVZSC model continuously gets the best performance at every 
step, increasing from 0.895 at 60 epochs to 0.968 at 90 epochs, according to Figure 
17, which compares the F1-score of five plant-disease classification methods over 60 
to 90 epochs. EHVZSC shows an overall improvement of 2–12% when compared to 
current approaches, demonstrating its improved recall and accuracy balance. The main 
cause of this steady improvement is EHVZSC’s sophisticated attention-driven feature 
learning, which makes it possible for the model to identify both global and fine-
grained disease patterns more successfully than conventional CNN-based methods. 
This lowers false positives and false negatives and produces a higher F1-score 
throughout all training epochs. 

 
Figure 17. F1-Score analysis. 

For five plant-disease classification models, Figure 18 compares the ROC curve 
with the True Positive Rate (TPR) progression across increasing False Positive Rates 
(FPR). The suggested EHVZSC consistently gets the maximum TPR at every 
threshold. Even when false positives are kept to a minimum, EHVZSC beats the other 
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approaches by around 5–25%, particularly at low to mid FPR values (0.02–0.40). 
EHVZSC’s attention-driven and context-aware feature extraction, which allows the 
model to capture fine-grained disease patterns more successfully than traditional 
CNN-based techniques, is primarily responsible for this strong ROC performance. 
This leads to more confident and discriminative predictions across all decision 
thresholds. 

 
Figure 18. ROC curve comparison. 

The Performance Comparison of EHVZSC with State-of-the-Art approaches in 
Table 3 indicates that, at 90 training epochs, the suggested EHVZSC model 
consistently outperforms all baseline approaches in key parameters, including 
accuracy, sensitivity, specificity, and F1-score. With 95.9 % accuracy, 97.8 % 
sensitivity, 95.0 % specificity, and 96.8 % F1-score, EHVZSC reduces false positives 
in healthy leaves while simultaneously more accurately identifying sick leaves. 
Despite its great accuracy, the suggested EHVZSC model has many drawbacks. The 
PlantVillage dataset, which includes controlled photos and might not accurately 
represent real-field agricultural situations, is primarily used to evaluate the model. 
Real-time performance can be impacted by variations including dim illumination, 
complicated backgrounds, occlusions, and mixed infections. Furthermore, the Vision 
Transformer architecture is difficult to implement on inexpensive edge devices 
because to its high computing resource requirements and lengthy training period. 
Further validation using a variety of real-world datasets is also required for the zero-
shot learning capabilities for undiscovered diseases. 

Table 3. Performance comparison of EHVZSC with state-of-the-art methods. 

Method Accuracy (%) Sensitivity (%) Specificity (%) F1-score (%) 

EfficientNet-based DL 
[13] 

84.5 91.5 85.0 88.3 

DPD-DS [14] 86.0 92.0 87.0 90.1 

DbneAlexNet-MGRA [15] 88.3 93.0 89.2 92.3 

CFSA + TL with CNN + 
LeNet [15] 

93.5 95.7 92.0 94.2 

Proposed EHVZSC 95.9 97.8 95.0 96.8 
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5. Conclusion 

This work presents the development of EHVZSC, an Enhanced Hybrid Vision 
Transformer with Zero-Shot Learning, for accurate plant leaf disease classification, 
particularly addressing unseen disease classes. The model leverages Vision 
Transformers to learn robust attention-enhanced image representations, which are then 
used to generate prototypes for zero-shot classification. Evaluated on the PlantVillage 
dataset, EHVZSC achieves 95.7 % accuracy, 97.8 % sensitivity, 95.0 % specificity, 
and 96.45 % F1-score, with improved testing performance over existing methods in 
ROC, sensitivity, and specificity, demonstrating its capability to capture fine-grained 
disease features. Future work includes large-scale field validation to test robustness 
under real-world conditions such as variable lighting, occlusions, and mixed 
infections, and cross-domain generalization across different plant species, regions, and 
imaging conditions to enhance applicability. Integration with mobile and IoT-based 
agricultural systems could enable real-time disease monitoring and support timely 
crop management interventions, further improving efficiency and yield. By creating 
lightweight and energy-efficient EHVZSC models that can operate on smartphones, 
drones, and IoT-enabled edge devices, future research will concentrate on Edge AI 
deployment and mobile-based disease diagnosis for real-time, offline plant disease 
detection and precision agriculture support in remote farming environments. 
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