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Abstract

Agriculture is one of the fundamental components of human civilization, contributing not
only to food production but also to economic growth. Early identification of diseases in
plants presents a significant challenge, as timely detection is crucial to increasing agricul-
tural production. Incorporating the latest technology, such as artificial intelligence (AI)
techniques, in fields can reduce major losses for farmers and also improve productivity.
In this paper, we have proposed a Deep Vision transformer and an Explainable AI-based
technique to overcome the various diseases in plants. Here, we have used the dataset
”Plant Village,” as a case study that focuses on two majorly grown crops like: potatoes
and tomatoes. Further, we have analyzed nine diseases that affect these crops around
the globe, with tomatoes showing six different conditions and potatoes affected by three
bacterial diseases. The proposed DVTXAI framework incorporates the Deep vision trans-
forms to detect plant diseases at an early stage. In the experiments, the proposed model
achieves an accuracy of 93. 56% for tomatoes and 99.95% for potatoes. Additionally, the
model is Explainable AI (XAI), which reveals the transparency mechanism that helps the
farmer to make the right decision at an early stage of the crop.

Keywords: AI in agriculture, Explainable AI, Plant disease detection, transformer
learning, SHAP

1. Introduction1

In light of ongoing population expansion and limited resources, it is urgently necessary2

to consistently supervise agricultural operations using AI/ML. This is vital to optimize3

food production efficiency while protecting natural ecosystems. Agriculture is one of the4

cornerstones of human civilization, providing food, livelihoods, and economic stability to5
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societies worldwide. From vast fields of staple crops to specialized plantations and agro-6

industries, agriculture encompasses a diverse array of practices, cultures, and ecosystems.7

sustainability. In many countries, agriculture forms the backbone of their economies,8

providing food to the people and raw materials to various industries. The challenges faced9

by the agricultural sector are multifaceted, ranging from climate change-induced changes10

in the growing seasons to the evolving demands of a growing global population. The11

ability to consistently produce high-quality crops is closely intertwined with a nation’s12

capacity to ensure the health and vitality of its plants.13

In India, 58% of the total population is mainly dependent on agriculture for their14

livelihoods, as stated by the Ministry of Agriculture and Farmers Welfare. The loss of15

crop production is often attributed to factors such as weeds, pests, and diseases, which16

are responsible for 15-25% of the total loss of crop production in India. The demand for17

efficient farming processes in agriculture and the food industries is rapidly increasing, but18

various plant diseases affect this process. Detecting and addressing plant diseases in large19

crop fields is a complex task that requires the use of optical observation of leaves and20

the expertise of skilled manpower [1, 2, 3]. This task is particularly challenging for both21

farmers and individuals without experience in the field, as visual judgment of disease22

classification can contain bias, optical misinterpretations, and errors. The use of image23

processing tools has become necessary to facilitate the detection of plant diseases [4].24

Making use of image processing and computer vision techniques, we can identify plant25

diseases in their early stages.26

Several researchers and scientists have identified the salient issues and challenges27

associated with the analysis of plant diseases [5, 6].28

1.1. Plant disease and its symptoms29

Plant diseases emerge as consequences of disturbances in the structure, physiology, or30

behavior of plants, which lead to troublesome conditions. The root causes of these dis-31

eases are multifaceted, arising from infectious agents such as fungi, bacteria, and viruses,32

as well as non-infectious factors such as sunburn and mineral deficiencies. Diseases origi-33

nating from infectious agents are classified as biotic diseases, while those originating from34

noninfectious factors are termed abiotic diseases. The distinction between them lies in35

the degree of risk they pose, with biotic diseases, propelled by infectious agents, present-36

ing a more formidable threat, whereas abiotic diseases are relatively less concerning due37

to their limited potential for transmission.38

In contrast, the research attention bestowed on viral infections has been relatively39

modest. The spectrum of commonly encountered diseases, including blight, mildew, rust,40

spots (attributed to fungi or bacteria), and canker, has received significant attention41

within studies on the classification and identification of diseases [7, 8]. Expanding the42

horizon, investigations have ventured into realms that explore plant diseases rooted in43

nutrient deficiency, along with the intricate relationship between nutrient scarcity and its44

implications for disease resistance and tolerance.45

As the pursuit of automated plant disease detection gains momentum, often leveraging46

sophisticated computer vision techniques, the foundation of success rests upon meticulous47

feature selection and extraction, coupled with the discerning choice of classifiers for precise48

disease classification. These efforts are based on the customization of the selection of49

features to align with the unique symptoms exhibited by different diseases in diverse50

plant categories.51
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1.2. Significance of Deep Learning in Plant Disease Detection52

Traditional disease detection methods have proven to be labor intensive, time con-53

suming, and often prone to inaccuracies. In this context, the emergence of deep learning54

techniques has revolutionized the field of plant disease detection, offering promising so-55

lutions to more efficient and accurate disease diagnosis.56

Deep learning, a subset of machine learning, has garnered immense attention in diverse57

applications due to its ability to automatically learn intricate patterns and features from58

large-scale data [9, 10]. It has proven its mettle in image recognition, natural language59

processing, and speech recognition and has now found its way into agriculture to tackle60

challenges in plant disease detection. Unlike traditional machine learning techniques,61

deep learning models, especially Convolutional Neural Networks (CNNs), have the in-62

herent ability to automatically extract hierarchical representations from raw data, which63

makes them well suited for image analysis tasks [11]. This property makes CNNs partic-64

ularly effective in identifying complex patterns and subtle visual cues present in images65

of diseased plants, allowing accurate disease identification and detection [12]. The use of66

deep learning techniques for the detection of plant disease offers numerous advantages.67

Firstly, it significantly reduces the time and effort required for diagnosis, allowing for68

early detection and rapid response to disease outbreaks. Secondly, deep learning models69

have demonstrated remarkable accuracy rates, often exceeding those of human experts in70

disease identification. This enhanced precision minimizes misdiagnoses, which is crucial71

for minimizing unnecessary pesticide use and its associated environmental impacts.72

Recent studies in image processing have shown that Vision Transformers (ViTs) and73

other hybrid architectures combining ViTs with CNNs outperform traditional CNNs in74

several key areas. Vision Transformers[13], leveraging self-attention mechanisms, excel in75

handling images with noise and augmentation by maintaining robust performance under76

varied conditions. They offer a comprehensive analysis of image data from all layers,77

unlike CNNs, which may lose spatial information through clustering operations. Further-78

more, ViTs are more efficient, requiring fewer computational resources and less training79

time, particularly when fine-tuning. Although CNNs still demonstrate superior general-80

ization with smaller datasets, ViTs gain an edge by effectively learning from fewer images81

due to their patch-based approach, which allows for a richer interplay of image features.82

This nuanced understanding of the strengths and weaknesses of each architecture paves83

the way for a more targeted and efficient use of these models in practical applications.84

In the present work, we have proposed a vision image transformer learning model to85

explain the detection of plant disease together with SHAP, which will allow the iden-86

tification of those who have leaf disease due to bacterial infection from environmental87

change. The proposed model eliminates the shortcomings of traditional neural network88

modes such as CNNs, capsule networks, etc. The main contributions of this paper can89

be summarised as follows:90

1. We have applied the deep vision transformer model to detect diseases on potato91

and tomato plants.92

2. We have obtained higher accuracy on multi classes, i.e., for potato three class values,93

and tomato, six class values.94

3. We have compared and categorized the results into healthy and early blight diseases,95

early blight, and late blight.96

4. To make the proposed model Explainable AI we have applied the SHAP library.97

5. This research will assist new agriculture startups to better produce vegetables.98

3



The remainder of the paper is organized into the following sections. Section 2 reviews99

with critical analysis different approaches to deep learning and machine learning to detect100

plant diseases. Section 3 explain the methodology comprising dataset description, aug-101

mentation, performance evaluation, etc. Section 4 presents the proposed framework of102

DeepViT for plant disease detection model and the explanation of each step of the frame-103

work. Section 5 presents the Algorithm and its steps. Section 6 provides the Explainable104

AI feature on DeepViT using SHAP algorithm to identify the dominant features. Sec-105

tion 7 presents the experimental results obtained and the related discussion. Finally,106

Section 8 concludes this paper.107

2. Deep Learning in Plant Disease Detection: A brief review108

Digital image processing techniques have been quite prominent in different AI appli-109

cations, as they are capable of performing actions such as identifying the required focal110

point (set of pixels) of the image and its classification. Similarly, its applications are111

widely known in agriculture for the detection of plant diseases [14, 15, 16, 17, 18].112

In recent times, image processing, machine learning, and deep learning for automati-113

cally detecting crop diseases have gained increasing attention and importance.114

2.1. Disease detection via Machine Learning Classifiers115

Researchers have explored various image processing and machine learning techniques116

to detect plant diseases.117

In [19], The SVM-based image processing approach was used to analyze and classify118

prevalent diseases in rice crops, and achieved an accuracy of 94.16%. In the oil palm in-119

dustry, notable economic losses caused by leaf diseases led to a study combining k-means120

clustering and a multiclass SVM classifier, achieving accuracies of 97%, and 95% respec-121

tively [20]. In [21], a method for the classification and detection of bean diseases was122

introduced, achieving an accuracy of 98. 6% combining image segmentation, feature ex-123

traction, and machine learning. For soybean culture, [22] proposed a semi-automatic leaf124

disease detection and classification system using image processing techniques, providing125

a practical solution for early detection and management of plant health issues. In [23],126

a neural network-based method was developed for the identification of plant diseases,127

achieving impressive prediction accuracy, reaching 100% for wheat and grape diseases.128

In [24], used the color, texture and shape features with the SVM classifier to achieve129

an accuracy of 96.3% for the detection of plant diseases. In[25], introduced a method130

to recognize cucumber diseases using superpixels, the expectation maximization (EM)131

algorithm, and the features of PHOG, achieving a precision of 94.29% in a leaf image132

database with cucumber diseases. Sannakki et al. [26] used neural networks to diagnose133

and classify grape leaf diseases with an accuracy of 92.11%. In [27], a fuzzy logic-based134

method was proposed to detect and classify leaf diseases with an accuracy of 91.25%.135

In [28] used image processing techniques and the SVM classifier, achieving an accuracy136

of 90.63% to detect and classify plant leaf diseases. In [29], applied K-means clustering,137

contour tracing and machine learning approaches (SVM, K-NN, and CNN) to classify138

tomato leaf diseases, demonstrating effective performance in real-time processing scenar-139

ios. CNNs were also used as feature descriptors in combination with SVMs in another140

study [30]. In[31], presented a survey of the techniques used to classify diseases in plant141

leaves, achieving an average accuracy of 97.6% with an image segmentation algorithm.142
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Another survey [18] provided an overview of key phases in the detection and classifica-143

tion of plant diseases, achieving an overall precision of around 93% using the k-means144

segmentation technique.145

Similarly, non-black-box classifiers - Random Forest and Histogram of Oriented Gra-146

dients (HOG) - were used to detect papaya leaf diseases [32]. Despite the challenges147

posed by variations in leaf images, the approach achieved a precision of 70%.148

However, all of the above approaches suffer from a common and inherent drawback149

of Non-Deep Learning approaches, i.e. manual feature extraction. Manual feature ex-150

traction is a very tedious task, increases the complexity of data preparation, and more151

importantly makes it difficult to extend the current study to cover more disease classes,152

as that might require us to do a completely new feature extraction process from scratch.153

2.2. Disease detection via Deep Learning154

In recent studies, several researchers have explored the potential of deep learning155

techniques for the identification and detection of plant diseases. Barbedo et al. [33]156

investigated using individual lesions and spots instead of whole leaves, resulting in 12%157

higher accuracies compared to the original images. This approach not only increased158

data variability, but also allowed the identification of multiple diseases on the same leaf.159

Similarly, Coulibaly et al. [34] proposed a deep learning approach with transfer learning160

for the identification of mildew diseases in pearl millet crops, achieving a promising preci-161

sion of 95 00% and providing practical and efficient data analysis capabilities. Fuentes et162

al. [35] introduced a robust deep learning-based detector for the real-time recognition of163

tomato plant diseases and pests, utilizing various deep meta-architectures and achieving164

effective recognition even in complex scenarios. Furthermore, Kaya et al. [36] explored165

the impact of transfer learning on deep neural network-based plant classification mod-166

els, demonstrating its significant potential in improving automated plant identification167

systems. Furthermore, Ferentinos et al. [37] developed convolutional neural network168

models for plant disease detection, achieving an impressive 99.53% success rate in iden-169

tifying combinations [plant, disease]. This high success rate suggests the model’s utility170

as an effective advisory tool and its potential for integration into real cultivation disease171

identification systems.172

Roy et al. [38] introduced a meticulously crafted PCA DeepNet along with a custom173

CNN classifier, achieving an impressive classification accuracy of 99.60% and a mean174

precision of 98.55%. Similarly, deep learning techniques have been applied to diverse crop175

species, such as sunflower crops in Italy [39], where deep CNN and vegetation indices were176

used to improve segmentation performance, evaluated using the Mean Intersection Over177

Union (MIoU) metric. For crop disease identification, specific crops have been the focus178

of research, such as maize leaf diseases, where improved deep learning models based on179

GoogLeNet and Cifar10 achieved high average accuracies of 98.9% and 98.8%, respectively180

[40]. Other studies targeted individual crops, such as cardamom plant leaf diseases,181

using U2-Net for background removal and EfficientNetV2 for classification, resulting in182

a remarkable maximum detection accuracy of 98.26% [41]. In a similar vein, an effective183

deep CNN model achieved 98% classification accuracy to identify apple leaf diseases [42].184

In the context of crop species discrimination, Eddy et al. [43] compared the neural185

networks (NN) and maximum likelihood (MLC) classifiers. NN classification showed186

slight improvements over MLC in all cases, indicating the potential of neural networks in187

this domain. Using publicly available data sets, Liu et al. [44] achieved an accuracy of188

99.34% on a held-out test set using a deep convolutional neural network, demonstrating189
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the feasibility of using deep learning for the classification of diseased and healthy plant190

leaves. Furthermore, the integration of neural networks (CNNs) has proven effective in191

identifying diseases in citrus fruits and leaves [45]. The proposed CNN model achieved192

a high test accuracy of 94.55%, making it a valuable decision support tool for farmers193

looking to classify citrus fruit and leaf diseases.194

In addition, novel deep learning models have been developed to address plant disease195

identification. Hassan et al. [46] introduced a novel model based on the initial layer196

and the residual connection. Separable depth-wise convolution was utilized to reduce the197

number of parameters, and the model achieved high precision on three different plant198

disease datasets. Zhou et al. [47] proposed a restructured residual dense network (RDN)199

for the identification of tomato leaf disease, combining the strengths of deep residual200

networks (ResNets) and dense networks. The RDN achieved an impressive top-1 average201

identification accuracy of 95% in the Tomato test data set in the AI Challenger 2018 data202

sets.203

3. Methodology204

Figure 1: Distribution of Images among classes in Potato Dataset

In this section, we have presented the proposed model for detecting plant diseases.205

This framework utilizes image data sets for both potato and tomato, as depicted in206

Figure 1. The process consists of four steps that include the capture of images, data207

enrichment, implementation of the proposed DeepViT framework, and an AI explainable208

model using SHAP.209

6



3.1. Dataset Description210

The PlantVillage dataset [48] consists of images of many different crops. However, for211

experimentation purposes, we have selected images of tomato and potato crops. These212

selections are based on their agricultural importance and the prevalence of various diseases213

within these species, making them ideal crops to assess the efficacy of advanced machine214

learning approaches in disease detection and classification. This dataset is also known for215

its extensive collection of images of plant leaves documenting various states of disease.216

Initially, it had 54,305 images; after data augmentation processes such as image flipping,217

gamma correction, noise injection, PCA color augmentation, rotation, and scaling, it has a218

total of 61,486 images [49]. From the data set taken, the tomato data set includes images219

of 5 different diseases, together with images of healthy leaves, as shown in Figure 3.220

Similarly, for the potato dataset, there are three classes, two distinct diseases, and a221

healthy class, as demonstrated in Figure 4. The class distribution for tomatoes and222

potatoes diseases within the data set is shown in Table 1. Table 2 defines the class values223

distribution in potato dataset, and Table 3 defines the class value distribution in potato224

dataset.225

Table 1: Dataset description: Total number of images in each class

Classes Number of Images
Tomato Healthy 2407

Tomato Early Blight 2400
Tomato Late Blight 2314

Tomato Bacterial Spot 2130
Tomato Septoria Leaf Spot 2181

Tomato Yellow Leaf Curl Virus 2451
Potato Healthy 2283

Potato Early Blight 2424
Potato Late Blight 2421

Table 2: Distribution of Images in Potato Dataset

Classes Train Valid Test
Potato Early Blight 1939 436 49
Potato Late Blight 1939 436 46

Potato Healthy 1824 410 49

Table 3: Distribution of Images in Tomato Dataset

Classes Train Valid Test
Tomato Healthy 1939 436 49

Tomato Early Blight 1939 436 48
Tomato Late Blight 1824 410 47

Tomato Bacterial Spot 1824 410 43
Tomato Yellow Leaf Curl Virus 1824 410 49

Tomato Septoria Leaf Spot 1824 410 44
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(a) (b)

Figure 2: Distribution of Images among classes in (a) potato, (b) tomato

(a) (b) (c)

(d) (e) (f)

Figure 3: Samples of Tomato Leaf Diseases (a) Healthy, (b) Early Blight, (c) Late Blight, (d) Bacterial
Spot, (e) Septoria Leaf Spot, (f) Yellow leaf Curl Virus

3.2. Data pre-processing226

Upon completion of the data collection, a comprehensive preprocessing routine has227

been implemented to ensure the uniformity and quality of the data set. This helps reduce228

potential sources of bias and variance, thus improving the reliability of sub-analyses. For229

this, we have created a Python script using ‘pytorch’ library package to image samples.230

This script enables the scaling of all the collected images to a specific dimension of 256231

x 256 pixels. This resizing was critical to normalizing the dimensions of the input data,232
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(a) (b) (c)

Figure 4: Samples of Potato Leaf Diseases (a) Healthy, (b) Early Blight, (c) Late Blight

facilitating consistent processing and analysis throughout the entire data set.233

3.3. Data Augmentation234

The input dataset size is crucial for evaluating the performance of deep learning mod-235

els. Insufficient input data can lead to overfitting, resulting in poor validation results.236

Therefore, we need to increase the dataset synthetically by applying different data aug-237

mentation methods, such as flipping, rotating, etc. This diversification of the data set238

enhances the robustness, generalization, and applicability of the models and algorithms239

trained on it.240

3.4. Transformer Architectures: ViT and DeepViT241

Transformers process input sequences—typically token embeddings—through multiple242

layers, each consisting of a multi-head self-attention mechanism that uses dot-product243

attention to integrate information across tokens, and a token-wise feed-forward layer244

(MLP). Both components are enhanced by layer normalization and residual connections245

to improve learning dynamics and stability.246

The Vision Transformer (ViT) [51] employs the same Transformer architecture previ-247

ously mentioned, but introduces a distinct approach in its image preprocessing layer. In248

order to capture global dependencies in the image, ViT substitutes self-attention tech-249

niques for the conventional convolutional layers. This method outperforms traditional250

CNN-based models in certain tasks, as evidenced by its encouraging performance in251

some benchmark datasets [52, 50]. The VIT architecture is made up of various signifi-252

cant layers, and an image is divided into a series of non-overlapping patches, which are253

then linearly projected based on a learned transformation. This makes it possible for254

the model to process the image more effectively. Furthermore, ViT incorporates a trans-255

former encoder that makes use of self-attention methods in order to effectively represent256

features by capturing long-range dependencies between patches. ViT has a special CLS257

token at the beginning of the input sequence, which is used to derive the representation258

needed for the final classification task.259

In the rapidly evolving field of deep learning, the introduction of the Deep Vision260

Transformer (DeepViT) marks a significant development in the field of image classifi-261

cation. Building upon the foundational Vision Transformer (ViT), DeepViT integrates262

a cutting-edge mechanism known as Re-attention, as shown in Figure 5. It effectively263

replaces the conventional layers of self-attention. This modification plays a significant264
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Figure 5: Basic Architecture of DeepViT [50]

role in addressing the attention-collapse problem that commonly occurs when scaling265

ViT architectures to increased depths [50]. The Re-attention mechanism regenerates266

the attention maps in the multi-head self-attention (MHSA) framework, promoting dy-267

namic and learnable interactions among the various attention heads. This enhances the268

architecture’s ability to discern complex relationships within images.269

3.5. Performance Evaluation270

Confusion matrix has been widely used to evaluate classification problems as it pro-271

vides measures such as accuracy, precision, recall, f-measure, etc. They play a significant272

role in the evaluation of the model based on the data set and the problem specification.273

It is a 2 × 2 matrix Each cell of the matrix represents the model detection rate which is274

represented by – True Positive (TP), True Negative (TN), False Positive(FP), and False275

Negative(FN) [53, 54].276

Using these four performance evaluation parameters, Equations 1, 2, 3 and 4 are277

calculated, each representing the accuracy, sensitivity, and specificity of the model, re-278

spectively.279

1. True Positive (TP): If a plant is infected with the disease, the Deep-ViT classifier280

also detects it as infected.281

2. True Negative (TN): if a plant is not infected with a disease and the Deep-ViT282

classifier is also detectable as not infected.283

3. False Positive (FP): If a plant is not infected with the disease, the Deep-ViT284

classifier is also detected as infected.285

4. False Negative (FN): If a plant is infected with disease, the Deep-ViT classifier286

also detects it as not infected.287
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Accuracy: It quantifies the proportion of correctly classified pixels relative to the288

total pixel count in an image. Although this metric provides a global measure of model289

accuracy, it does not account for class imbalances, which could skew the interpretation290

of model performance.291

Accuracy =
TP + TN

TP + FP + FN + TN
× 100% (1)

Precision: ratio of true positive observations to total predicted positives. This metric292

is crucial in determining the accuracy of the model in identifying only relevant instances.293

Precision =
TP

TP + FP
× 100% (2)

where TP denotes True Positives and FP denotes False Positives.294

Recall: Recall, also known as Sensitivity, measures the proportion of actual positives295

that are correctly identified by the model. This metric is essential for assessing the296

completeness of positive predictions.297

Recall/Senstivity =
TP

TP + FN
× 100% (3)

where FN represents False Negatives.298

F-measure: The F1-Score combines precision and recall into a single metric, offering299

a balanced assessment of segmentation performance.300

F −measure =
2 · Precision ·Recall

Precision + Recall
× 100% (4)

3.5.1. Receiver Operating Characteristic (ROC)301

In this study, the performance of plant village dataset has been evaluated by cal-302

culating the area under the ROC curve, which is known as the area under the curve303

(AUC).304

The effectiveness of the suggested model was assessed using various metrics, including305

a confusion matrix, sensitivity, specificity, and precision. Basically, it is the trade-off306

between sensitivity and specificity [55]. The calculated AUC value of the curve is between307

0 and 1. An AUC value close to 1.0 indicates that the model has high sensitivity and308

specificity [56]. Due to its robust assessment capabilities, the ROC is widely used in309

various fields [57, 58, 59]. The AUC of the ROC is estimated using the trapezoidal310

formula as given in Equation 5.311

T (p, q, n) =

(

q − p

n

)

×
(

f(p) − f(q)

2

)

×
(

f(p) − f(q − p)

n

)

(5)

The trapezoidal rule is a method used to approximate the integral of a function,312
∫ q

p
f(x)dx, by dividing the interval from p to q into equal segments n. Each segment313

is used to form a trapezoid, the area of which is calculated and summed to provide314

an estimation of the area under the curve (AUC). This method defines each segment315

endpoint as x0, x1, . . . , xn with x0 = p, xn = q, and each intermediate point xr = x0 +316

r(q − p)/n. The function T (p, q, n), described in equation 5 and cited in [60], utilizes317

these calculations. The AUC, thus calculated, serves as a robust measure for evaluating318

the accuracy of Receiver Operating Characteristics (ROC) derived from a model.319
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Figure 6: Proposed Framework for Potato and tomato Disease classification

4. Proposed Framework: DVTXAI320

In the proposed Deep-ViT model, we have performed a parametric analysis evalu-321

ating the changes in patch sizes, the number of attention heads, and the depth of the322

transformer blocks affecting the model. Following is the flow of proposed model:323

(i) Input image patches: The proposed model initially segments the input dataset324

images—specifically, potatoes and tomatoes—into smaller sections. Each image,325

with dimensions of 256 × 256 pixels, is divided into non-overlapping patches of 32326

× 32 pixels. This segmentation strategy serves to simplify the processing of large327

image inputs while preserving the capacity to model intricate spatial interactions.328

Patch size can be adjusted according to the hyperparameter settings that consider329

the dimensions of the input image.: rewrite this for research paper.330

(ii) Patch embedding: After patches, they are converted through the linear embed-331

ding process into a sequence of vectors suitable for processing by the transformer.332

This setup involves a patch embedding layer that acts as a translator, converting333

the image patches into a numerical sequence so that the transformer can interpret334

them. This layer includes a linear transformation, a ReLU function is used to en-335

hance the practical utility of the numbers, and a dropout layer to prevent overfitting336

by omitting random information during training, this helps the model to manage337

unpredictability and improve its predictive accuracy.338

(iii) Positional encoding: It is a technique that enhances each input vector within a339

sequence by integrating a fixed vector defined by its position. The integration of340

positional encoding within the Vision Transformer (ViT) model serves the purpose341

of retaining the spatial information present in the input image and improves the342

contextual meaning of the patch embeddings.343

(iv) Deep vision Transformer: The Deep ViT block plays a crucial role in the pro-344

posed architecture by managing the sequence of patch embeddings and effectively345

capturing their interconnections. The encoder block consists of three components: a346

re-attention layer, a feed-forward neural network (FFNN), and additional multi-head347

re-attention layers. The multi-head attention layers are integral to the transformer348

architecture, helping the model understand the relationships between different parts349

of the input sequence of patches.350
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In Equation 6 defines the basic operation of the scaled dot-product attention. where351

the attention function calculates the dot products of the query Q with keys K,352

normalizes these by the square root of the key dimensionality dk, and applies softmax353

to get the weights for the values V. This normalization stabilizes training gradients354

and allows the model to focus dynamically on different parts of the input, which is355

essential for understanding the input image. Equation 7 defines multi-head attention356

allows each ”head” to process the input with distinct sets of learned projections WQ
i ,357

WK
i , and W V

i . This configuration enables the model to capture diverse features from358

different subspaces, enhancing its ability to represent and focus on various aspects359

of the input sequence comprehensively. Fianlly different multiple attention heads360

are then combined by concatenating their outputs, which is then multiplied by361

an additional learned projection WO as shown in Equation 8. The multi-head self-362

attention mechanism is a key component of transformer architectures, enabling them363

to effectively handle a wide range of complex tasks, such as machine translation,364

text summarization, and context-sensitive information retrieval.365

In this finding, a multi-head attention mechanism with four heads works better on366

our dataset.This allows the model to process various aspects of the patches simulta-367

neously, enhancing the representation of features. The re-attention layer measures368

the similarity between elements in the sequence, creating a weighted combination369

of this information. This process is repeated multiple times, starting from different370

points to explore similarities. The results are then concatenated and linearly trans-371

formed to produce the final outcome. This is then passed on to the next step in372

the feedforward layer, where each neuron in one layer is connected to every neuron373

in the same layer. This consists of two linear layers connected by a Rectified Lin-374

ear Unit (ReLU) activation function. This design helps the network to effectively375

combine and represent the non-linear relationships between the input patches.376

Attention(Q,K, V ) = softmax

(

QKT

√
dk

)

V (6)

headi = Attention(QWQ
i , KWK

i , V W V
i ) (7)

MSA(Q,K, V ) = Concat(head1, . . . , headh)WO (8)

4.1. Classification layer377

The Vision Transformer (ViT) model generates its results by taking the output from378

the second multihead reattention layer, passing it through a linear layer, and then ap-379

plying a softmax activation function. The softmax function converts the input into a380

probability distribution between multiple classes, allowing the model to provide a likeli-381

hood distribution that encompasses potential outcomes.382

In the present work, we have performed the classification with multi-headed self-383

attention mechanism on the dataset that comprises four heads. Using multiple attention384

heads in transformers enhances their expressive power and modeling capabilities. This385

allows the model to process various aspects of the patches simultaneously, enhancing the386

representation of features. Additionally, a configuration with four sequentially arranged387

transformer blocks emerged as the most effective, striking a balance between model com-388

plexity and performance. This customized setup of the DeepViT model, which consists of389
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four attention heads and four transformer blocks, showed superior performance, confirm-390

ing its effectiveness for the characteristics of our data set and the designated classification391

tasks.392

Similar to how a typical transformer breaks down a string of text into words, a vision393

transformer breaks down the input image into patches. Patches are equal-sized squares394

of pixels; thus, during patching the image is broken down into multiple patches. This395

is done to reduce the computational complexity while retaining the quality of the image396

with any given input size. In order to input these patches into the encoder, the patches397

are flattened into a single low-dimensional vector. While this flattening allows the Vision398

Transformer to treat patches as a Transformer would treat words (as a low-dimensional399

vector), it also results in a loss of positional information, i.e., the spatial order within400

the patches. This issue is addressed by applying positional encoding to the patches; this401

is done via sinusoidal encoding, wherein sine and cosine functions are used to create a402

position-specific vector for each patch; this vector stores the relative location of the patch403

within the image.404

Further analysis was performed to compare the classification results between specific405

pairs of subclasses within each crop category. Notably, the results for the pairs of ’healthy’406

versus ’early blight’ and ’early blight’ versus ’late blight’ were analyzed to assess the407

discriminative ability of the model between closely related disease states and healthy408

specimens. This comparative approach provided deeper insight into the efficacy of the409

model and potential areas for improvement in distinguishing between subtle variations in410

plant health and disease manifestations.411
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5. Algorithm: Deep Vision Transformer412

Algorithm 1: Deep Vision Transformer

1: Input:
2: input image: RGB image to be processed
3: patch size: Size of the square patches (e.g., 16x16 or 32x32)
4: embedding dim: Dimension of the linear projection
5: num heads: Number of heads in Multi-Head Self-Attention
6: num layers: Number of transformer layers
7: ff hidden dim: Dimension of hidden layers in Feedforward Network
8: num classes: Number of output classes (for classification)
9: position encoding: Positional encoding to add to patch embeddings

10: Output:
11: class scores: Prediction scores for each class
12: Steps:
13: 1. Patch Embedding:
14: Divide input image into non-overlapping patches of size patch size.
15: Flatten each patch and project it to embedding dim using a linear layer.
16: Store the projected patches in patch embeddings.
17: 2. Positional Encoding:
18: Create positional encodings based on the number of patches.
19: Add positional encodings to patch embeddings.
20: 3. Class Token:
21: Initialize a special class token with embedding dim.
22: Insert class token at the beginning of patch embeddings.
23: 4. Transformer Encoder: for each transformer layer from 1 to num layers do
24:

end
Perform Multi-Head Self-Attention:

25: Apply multi-head self-attention on patch embeddings.
26: Apply Layer Normalization and Residual Connections.
27: Perform Feedforward Neural Network:
28: Apply linear transformations and activations.
29: Apply Layer Normalization and Residual Connections.
30: 5. Output Processing:
31: Extract class token from patch embeddings.
32: Pass class token through a linear layer to get the final class scores.

413

The Deep Vision Transformer (ViT) algorithm is an advanced model designed for414

image classification tasks using a transformer-based architecture. It begins by taking an415

input The RGB image is divided into non-overlapping square patches of a specified size,416

such as 16× 16 or 32×32 pixels. Each patch is then flattened to a vector and projected417

into a lower-dimensional space, defined by the embedding dimension, using a linear layer.418

These projected vectors, known as patch embeddings, are stored sequentially.419

To retain spatial information about the position of each patch within the original420

image, positional encodings are generated and added to the patch embeddings. A unique421

learnable class token, which has the same dimensionality as the embeddings, is initialized422

and prepended to the sequence of patch embeddings. This class token plays a crucial role423

in the classification process, as it eventually holds the aggregate information needed for424
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prediction.425

The heart of the ViT algorithm lies in the transformer encoder, which consists of426

multiple layers specified by the user. Each layer within the transformer encoder performs427

several key operations. First, multihead self-attention is applied to the patch embeddings,428

allowing the model to simultaneously focus on different parts of the image and capture429

complex relationships between patches. Following self-attention, layer normalization and430

residual connections are employed to stabilize and enhance the learning process. Next,431

a feedforward neural network, which includes linear transformations and activation func-432

tions, is applied to the output of the self-attention mechanism. This is followed again433

by layer normalization and residual connections, ensuring that the transformations are434

effectively integrated.435

After passing through all transformer layers, the class token is extracted from the436

sequence of patch embeddings. This token, now enriched with information from the entire437

image, is fed through a final linear layer to produce the class scores. These scores represent438

the model predictions, indicating the likelihood that the input image belongs to each439

possible class.440

6. Explainable DeepViT using SHAP441

6.1. General Introduction to SHAP442

SHAP (SHapley Additive exPlanations) uses principles from cooperative game theory443

to explain the predictions of machine learning models. By drawing from the concept of444

Shapley values, which allocate ”payouts” to players based on their contribution to the445

collective success in game theory, SHAP assigns an importance value to each feature based446

on its contribution to a prediction. This methodology, first introduced by Lundberg et447

al. in 2017 [61], offers a consistent and locally accurate explanation framework, providing448

insight into the general importance of characteristics across the model as well as detailed449

explanations for individual predictions.450

The methodology operates by calculating the average marginal contribution of each451

characteristic to the predicted outcome. This is particularly illustrative in tasks like image452

classification, where the impact of each pixel is visualized through scores: red pixels453

typically indicate an increase in the probability of correct classification, whereas blue454

pixels indicate a decrease. Such detailed pixel-based analysis is crucial in applications such455

as diagnosing diseases in mulberry leaves, where understanding of feature contributions456

guides better model interpretations.457

The formal computation of SHAP values is rooted in the Shapley value formula from458

cooperative game theory:459

φk =
∑

M⊆N\k

|M |!(|N | − |M | − 1)!

|N |! [fx(M ∪ k) − fx(M)] (9)

Here, fx denotes the change in model output attributable to the inclusion of feature460

subsets. The subset M consists of all features except the feature k, and the factorial461

terms weigh the permutations of the features within M .462

The expected prediction fx(M), pivotal in deriving φk, is defined as follows:463

fx(M) = P [f(x) | xM ] (10)
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To simplify the implementation of SHAP, each feature xk in the model is replaced464

with a binary indicator b0k, which marks the presence or absence of xk. This leads to a465

simplified model representation:466

l(b0) = φ0 +
A
∑

k=1

φkb
0
k (11)

In this equation, φ0 represents the bias term, φkb
0
k quantifies the individual feature con-467

tributions, and A denotes the total number of features simplified in the model. This468

substitute model, l(b0), functions as a proxy for the original model f(x), facilitating a469

deeper understanding of how each feature influences the model predictions.470

6.2. Application of SHAP on Plant Disease Detection471

Our research strives to advance the interpretability of AI within the sphere of plant472

disease identification, using Transformer learning models. The intricacies of Transformer473

architectures necessitate a comprehensive understanding of their decision-making pro-474

cesses, especially for applications aimed at discerning specific indications of disease within475

plant imagery.476

We have developed a Vision Transformer (ViT) model, trained on a data set composed477

of plant images, to categorize these images into distinct classes indicative of various478

plant diseases. The model employs an efficient transformer mechanism that is adept at479

processing the sequential nature of image patches, thereby capturing the nuanced local480

and global dependencies present within the image data.481

To enhance the explainability of our ViT model, we have employed SHAP (SHapley482

Additive exPlanations), aiming to elucidate the elements within input images that signif-483

icantly influence the model’s diagnostic predictions. This approach involves calculating484

SHAP values, which measure the impact of each image patch (or pixel, for more detailed485

explanations) on the model’s categorization output.486

Adapting SHAP for our model involved tailoring the explanation generation process487

to accommodate the Vision Transformer’s architecture. This necessitated modifications488

to target the output of intermediate or final layers for a comprehensive explanation.489

Using GradientExplainer, a SHAP variant optimized for models with inputs directly490

influencing their differentiable output, we generated SHAP values for a select portion of491

our test dataset, which included representations of various plant diseases.492

The visualization of these SHAP values provided profound insight into the model’s493

decision-making criteria. Preliminary analysis suggested that specific image features,494

such as textures, colors, and patterns, play pivotal roles in the model’s ability to detect495

certain plant diseases. These findings not only corroborate the model’s validity with496

agronomic principles, but also unveil novel patterns the model has discerned.497

The elucidations provided by SHAP have significant practical implications for de-498

ploying our AI model in real-world scenarios. They facilitate expert verification of the499

model’s judgments, substantiate the model’s dependability, and offer guidance for model500

optimization by identifying potential biases or improvement avenues.501

6.3. Explainability through SHAP502

When we applied SHAP to our DeepViT model using their Gradient Explainer, we503

observed two notable properties of the SHAP value map we obtained. First, aside from504

the areas of the leaves that have disease spots on their surface the SHAP values also505
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created clusters near the boundary of the leaves and at the corner of the images. Second,506

the shape values when plotted on a graph appeared as squares with visible and distinctive507

boundaries in some cases. Upon further observation, we discovered that the dimensions508

of the squares correspond to the patch size of our vision transformer model. The above509

observations prompted us to adjust the way we had implemented SHAP for our DeepViT510

model, wherein we got some remarkable results when we took the mean of the SHAP511

values over the patches of the image. As per the colour map that we have taken, blue512

represents negative SHAP values and red represents positive, additionally the intensity513

of the red or blue colour dictates the magnitude of the SHAP value. Thus a deep-red514

colour represents a highly positive SHAP value and a deep-blue colour represents a highly515

negative SHAP value. As we have taken the mean of the SHAP values over each patch of516

the image, our results show whether a given patch has a positive or negative contribution517

towards the classification of the image instance into a certain class, and depth of blue518

or red colour shows the magnitude of that contribution. Through this, we are able to519

outline which features of the image contribute towards classification into certain classes520

of diseases.521

6.3.1. SHAP implementation on Potato Data522

Figure 7: Example of SHAP output on Potato Data

In the given example, a random image is taken from the Potato Data of Plant Village523

Dataset, and its SHAP results as plotted and presented in Fig. 7. In the above, we can see524

that the region of the leaf with disease marks has negative SHAP values in the case of the525

Healthy class and positive SHAP values in the case of the two disease classes. Meanwhile,526

a patch of the leaf that looks completely fine and has no symptoms of a disease contributes527

with negative SHAP values in the case of the two disease classes. As for the diseased528

area, since it matches closer to the late-blight class as compared to the early blight class,529

the intensity of the red is deeper i.e. the magnitude of the positive SHAP values is higher530

for the correct class. In addition to this, the instability as mentioned before can also be531

seen as the patches in the background, on the corners, and along the borders also have532

some SHAP values associated with them. The colour bar just below the plots signifies533

the colour associated with positive and negative SHAP values, as we have normalised534

the SHAP values to a range between 0 and 1, the negative values now start from zeroes,535

the SHAP values with very low magnitude are normalised to 0.5 and 1 signifies positive536

SHAP values with high magnitude. Fig. 8 shows that the SHAP results in Potato Data537

are well explainable across all the classes.538
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Figure 8: SHAP results across various classes of Potato Data

Figure 9: Example of SHAP output on Tomato Data

19



6.3.2. SHAP implementation on Tomato Data539

Here we have plotted the SHAP graphs randomly for the images in the Tomato Data540

within the Plant Village Dataset. In this case, we have an example of the Tomato541

Yellow Curl Virus, when afflicted by this disease some notable changes occur to the plant542

leaves: they curl upwards towards the inside of the leaf, they become thicker, and have a543

leathery texture, finally, the leaves become yellow near the veins this change is a result544

of interveinal chlorosis. In the results plotted in Fig. 9, all disease classes except Yellow545

Curl Virus have negative SHAP values, signified by their blue colour, over the green546

part of the leaf, this is because unlike other diseases Yellow Curl Virus doesn’t lead to547

the leaf developing any kinds of spots or dead area on its surface, thus the absence of548

these features result in negative SHAP values over their respective pixel areas. This is549

also the reason why these green patches contribute positively towards the ’Healthy’ class550

classification, as these areas of the leaf’s surface are blemish-free. What distinguishes551

between the ’Healthy’ class and the ’Yellow Curl Virus’ class is the upward curls at552

the peripheries of the leaf and a pattern of yellowing towards its centre - attributed to553

interveinal chlorosis. This is reflected in the respective SHAP plots where the red blocks554

- signifying positive values are limited to the greener patches on the leaf for the ’Healthy’555

class whereas the patches of the images that visually capture the yellow patterns about556

the leaf veins are marked by positive SHAP values in case of ’Yellow Curl Virus’, which557

also has the patches capturing the upward-curled borders of the leaves distinguished by558

the red blocks. The results for the Tomato Data also suffer from the instability that we559

talked about earlier for the Potato Data, nevertheless, the SHAP results are interpretable,560

as seen above, and provide insight into how the different areas (patches to be precise)561

capture various features of the leaf’s surface and contribute to its classification into the562

respective classes.563

7. Experimental Results and Discussion564

Table 4: Overall comparison between Tomato and Potato diseases

Plants Accuracy Precision Recall F1-Score
Tomato 93.56 93.58 93.54 93.55
Potato 97.55 97.53 97.54 97.53

Table 5: Performance comparison between Healthy and Early Blight

Plants Accuracy Precision Recall F1-Score
Tomato 93.56 93.58 93.54 93.55
Potato 99.15 99.15 99.15 99.15

Table 6: Performance comparison between Early Blight and Late Blight

Plants Accuracy Precision Recall F1-Score
Tomato 99.41 99.40 99.40 99.40
Potato 99.95 99.95 99.95 99.95
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Table 7: Comparison of DeepVIT with other leading models for Tomato Data.

Model Accuracy Precision Recall F1-Score
Parameters
(in Millions)

Data
Augmentation

MaxViT [62] 97% 97% 97% 97% 300 Yes
LeNet [63] 94.0% 94.81% 94.78% 94.8% - Yes
ViT-1 [64] 98.51% 99.2% 99.3% 98.2% - Yes

ViT-SmartAgri [65] 90.99% 90% 89% 89% 13 Yes
DeepViT 93.56% 93.58 % 93.54% 93.55% - Yes

Table 8: Comparison of DeepVIT with other leading models for Potato Data.

Model Accuracy Precision Recall F1-Score
Parameters
(in Millions)

Data
Augmentation

EfficientRMT-Net [66] 97.6% 94.12% 94% 96.2% 8 Yes
SBCNN [67] 96.98% 94% 96% 95% 16 Yes

MobOca Net [68] 97.73% - 94.33% 94.33% 3.5 Yes
DeepVIT 99.95% 99.95% 99.95% 99.95% 3.5 Yes

The objective of the experiment is to detect different plant diseases using a deep565

learning model. For this, we proposed a deep vision transformer model and applied it566

to the publicly available Plant Village dataset [48]. The classification of diseases was567

performed on two different plants, namely, potato and tomoto. For the tomato dataset,568

classifications were performed in six subclasses: Bacterial spot, Early blight, Healthy,569

Late blight, Septoria leaf spot, and yellow leaf curl virus. However, the potato data set570

included three subclasses: Early blight, Healthy, and Late blight. These results were571

meticulously compared between different classes within the tomato and potato data sets,572

each comprising different subclasses and diseases.573

For our experimental setup, we adopt a structured approach to data management, seg-574

menting the ‘Tomato’ and ‘Potato’ images into training, validation, and testing processes.575

This segmentation follows a strategic split designed to optimize the learning process and576

evaluate the model’s performance comprehensively. Through this focused application of577

the DeepVit model on Tomato and Potato diseases within the PlantVillage dataset, our578

research endeavors to advance the field of plant disease detection, offering insights into579

the transformative potential of transformer learning technologies in agricultural contexts.580

The proposed model was developed using Deep Vision Transformer (Deep ViT) al-581

gorithms scripted in PyTorch. The supporting libraries used include Pandas, NumPy,582

Torchvision, Matplotlib, shap, etc. The model architecture begins by dividing each input583

image into fixed, nonoverlapping patches of size 32x32. These patches are then passed584

through a linear projection to create embeddings. Positional embeddings are added to585

preserve the spatial context of the patches, ensuring that the model retains critical infor-586

mation about the relative position of each patch in the image. These positional embedded587

patches are fed into the Deep ViT architecture, where Re-Attention replaces the tradi-588

tional Multi-Head Attention from the original Vision Transformer. Re-Attention regen-589

erates attention maps, enhancing their diversity across different transformer layers while590

adding minimal computational and memory overhead. In our implementation, we used591

8 attention heads for Re-Attention. The output from the transformer layers is passed592

through a feedforward neural network with a depth of four layers. Finally, the output of593

Deep ViT is directed to a multilayer perceptron (MLP) with a total of 2,048 perceptrons594

for the final prediction. The model was trained using a learning rate of 3e-5 and a batch595

size of 64 for 20 epochs, providing a robust framework to process data sets and achieve596
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effective results.597

The overall performance of both the crops were presented in Table 4 and 7. Other598

two tables 5 and 6 show the performance of healthy and early blight, and early blight599

and late blight. The accuracy of the classification models was evaluated for each subclass600

within the respective datasets. The model achieved an accuracy of approximately 92601

in classifying the six different tomato subclasses. In contrast, the classification of the602

three potato subclasses yielded a higher accuracy, approximately 98, underscoring a more603

robust model performance in this context.604

The training and validation of both dataset were drafted in Figures 10 and 12 The605

AUC of ROC of the proposed model is 0.95, depicted in Fig. 11, which is much higher606

than the threshold level (i.e., 0.5). This is a clear indication of the least trade-off be-607

tween sensitivity and specificity of the model and can be considered as a good grade of608

classification [69].609

Figure 10: Potato Training and Validation accuracy

Figure 11: Potato ROC and AUC for the proposed Transformer Learning model
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Figure 12: Tomato Training and Validation accuracy

(a) Confusion matrix for Potato (b) Confusion matrix for Tomato

Figure 13: Confusion matrices for (a) potato and (b) tomato

8. Conclusion610

This research work introduces deep vision transformer and explainable AI in the field611

of agriculture. The proposed architecture improves the early detection of plant diseases612

for individuals without expertise in plant pathology, by using the proposed DeepViT613

model to detect diseases in tomato and potato leaves. In the experiments, we have614

achieved accuracy rates of 93.56% for tomatoes and 99.95% for potatoes as shown in615

Tables 8 and 3. Additionally, we have incorporated the SHAP algorithm that makes616

the proposed model explainable and enhances the transparency of the model decision-617

making process. Future research will focus on implementing the model in a manner that618

reduces the need for manual involvement in identifying plant diseases. We will prioritize619

the development of a user-friendly system to streamline operations, particularly for the620

agricultural community. The model will be further refined and integrated with big data621

analytic tools in cloud computing services to monitor and analyze disease patterns in other622

crops, ensuring a comprehensive and efficient approach to plant disease management.623
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