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Abstract

Accurate plant disease diagnosis is essential for improving agricultural productivity and supporting global food security.

Conventional convolutional neural networks may struggle to capture long-range spatial dependencies and subtle visual

differences among plant diseases. This study investigates the use of a Data-Efficient Image Transformer  for automated

recognition of plant leaf diseases across multiple crops. The proposed framework employs transfer learning with

pretrained weights, mixed-precision training, and classifier-head fine-tuning to enhance learning efficiency and

predictive accuracy. Experiments were conducted on a publicly available dataset containing 30,945 images from eight

crop species and 35 disease categories. Performance was evaluated using overall accuracy, macro-averaged precision,

recall, and F1-score, together with confidence estimation and disease severity assessment. The model achieved an overall

accuracy of 98.50%, with macro-precision, macro-recall, and macro-F1 scores of 0.9843, 0.9826, and 0.9833, respectively.

Under identical training settings, DenseNet-121 achieved an accuracy of 97.29%.  These findings demonstrate the

effectiveness of the proposed framework for multi-crop plant disease classification on the evaluated benchmark dataset.
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Introduction

Agriculture plays an important role in food security, economic development, and employment generation.

Nevertheless, plant diseases pose an increasing threat to crop health and are responsible for up to 16% loss in agricultural

productivity globally [1]. As the population is likely to grow to 9.10 billion by 2050, food production has to be raised by

70% and it is imperative to focus on effective crop protection [1]. 

Previous studies have explored deep learning approaches for plant disease analysis using Convolutional Neural Network

(CNN)-based architectures, transfer learning methods, transformer models, localization frameworks, and severity

estimation techniques [1-15]. CNN-based approaches have demonstrated strong performance but primarily focus on

local feature extraction, which may create challenges when distinguishing visually similar disease patterns across

multiple crops. More recently, transformer architectures such as Vision Transformers and Data-Efficient Image Transformer

(DeiT) have shown improved ability to capture long-range contextual relationships through self-attention mechanisms

[7-13]. Despite these advances, many existing studies remain focused on individual crops, limited disease categories, or

controlled datasets, motivating further investigation into broader multi-crop disease classification frameworks.

Key contributions include: 
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1.  To implement a Data-Efficient Image Transformer (DeiT-Base)-based model for multi-crop and multi-disease leaf

classification.

2. Integration of prediction confidence estimation using Softmax probabilities.

3. Addition of an image-based disease severity estimation module using color-space segmentation.

Materials And Methods

Dataset description

The dataset on which this research is conducted is Plant Leaves Disease Detection on Kaggle that is annotated with the

help of VGG Image Annotator (VIA). It has 30,945 RGB images on 35 different disease classes in eight crops: potato (3),

tomato (10), bell pepper (2), apple (4), corn (4), grape (4), peach (2), and rice (6), which allows performing multi-crop,

multi-disease analysis. The dataset contains variations in lighting conditions, backgrounds, leaf orientation, occlusion,

and disease severity. Table 1 presents the class-wise distribution of images for each crop and disease category, providing

a detailed overview of the dataset composition and class balance. For experimentation, 80% of the dataset was used for

training and 20% for validation using a fixed random seed to ensure reproducibility and maintain class balance  and

minimize potential data leakage between subsets.

Crop species Class distribution (number of images)

Bell Pepper Bacterial Spot (997), Healthy (1,478)

Apple Black Rot (496), Cedar Rust (220), Healthy (1,316), Scab (504)

Corn Cercospora Leaf Spot (410), Common Rust (953), Healthy (929),

Northern Leaf Blight (788)

Grape Black Rot (944), Esca (Black Measles) (1,107), Healthy (339), Leaf

Blight (861)

Peach Bacterial Spot (1,838), Healthy (288)

Potato Early Blight (999), Healthy (152), Late Blight (1,000)

Rice Bacterial Leaf Blight (350), Brown Spot (350), Healthy (350), Leaf

Blast (350), Leaf Scald (350), Narrow Brown Spot (350)

Tomato Bacterial Spot (2,127), Early Blight (1,000), Healthy (1,591), Late

Blight (1,909), Leaf Mold (952), Mosaic Virus (373), Septoria Leaf

Spot (1,771), Spider Mites (1,676), Target Spot (1,404), Yellow Leaf

Curl Virus (422)

TABLE 1: Class-wise distribution of images across crop species.
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Data preprocessing and augmentation

Images were resized to 224 × 224 pixels and normalized using ImageNet mean and standard deviation values to match

pretrained weights. Training augmentation included random horizontal flipping and random rotation (±15°), while

validation images were only resized and normalized. The normalization operation is defined in Equation (1) where 

 represents the input image,   denotes the normalized image,  is the channel-wise mean, and  is the channel-wise

standard deviation.

Hierarchical dataset loading strategy

A custom dataset loader was implemented to traverse the hierarchical crop-disease directory structure for multi-crop and

multi-disease classification. Each sample is assigned a unique class index corresponding to its disease label, while

preserving crop-disease mapping for visualization and severity analysis. Assume that the dataset  consists of 

samples as represented in Equation (2), where  denotes the input RGB leaf image and  represents

the corresponding disease class label, with  disease categories.

 

DeiT-Base vision transformer architecture

The proposed model is based on DeiT-Base, which leverages self-attention to capture long-range contextual

relationships. The image patches are flattened and projected into a -dimensional embedding space. Each input image

is divided into  patches, forming the patch embedding matrix represented in Equation (3) where  denotes the

patch embedding matrix,  represents the total number of image patches,  denotes the embedding dimension of

each patch token, and   represents the set of real numbers.

Positional embeddings are also used in the patch embeddings to help remember spatial information. The input to the

transformer encoder is determined by Equation (4) where  represents the input sequence to the transformer encoder,

 denotes the patch embedding matrix, and  represents the learnable positional embedding matrix used to preserve

spatial information.

Each transformer encoder block contains a multi-head self-attention (MHSA) module and a feed-forward network (FFN).

Multi-head self-attention operation can be defined as in Equation (5) where , , and  represent the query, key, and

value matrices, respectively,  denotes the transpose of the key matrix,  represents the dimensionality of the key

vectors, and  computes the attention weights.

Use of residual connections and normalization of the layers is applied to improve training stability. Output of the

attention is calculated as in Equation (6) where  denotes the output of the multi-head self-attention block at layer ,

 represents the output from the previous transformer layer,  denotes layer normalization, and 

represents the multi-head self-attention operation.
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The feed forward network then updates the feature representation as in Equation  (7) where  denotes the output

representation of the transformer encoder at layer ,  represents the output of the attention block,  denotes layer

normalization, and  represents the feed-forward network.

Lastly, the resulting output of the class token is fed through a classification head to get the probable predicted classes as

represented in Equation (8) where  denotes the predicted probability distribution over disease classes,  represents the

class token embedding,  denotes the learnable weight matrix,  represents the bias vector, and  converts

the output logits into class probabilities.

Transfer learning strategy

The DeiT-Base model is initialized with ImageNet-1K pretrained weights. The transformer backbone is frozen, and the

classification head is refined on the disease data.  This reduces computational cost while enabling task-specific

adaptation.

Training configuration

Both the models are trained under identical conditions using AdamW optimizer, learning rate of 5 × 10-4, batch size 32,

and 20 epochs.  Mixed-precision training was used to improve computational efficiency, and experiments were

performed using Kaggle GPU resources (T4 ×2). Cross-entropy loss was used for optimization as defined in  Equation

(9), where  denotes the cross-entropy loss,  represents the total number of disease classes,  denotes the ground-

truth label for class , and  represents the predicted probability for class .

Prediction confidence estimation

For each validation sample, the softmax output is utilized to compute a prediction confidence score, Equation (10)

defined as the maximum posterior probability, where  denotes the prediction confidence score for input

sample ,  represents the predicted probability of class , and  selects the maximum posterior probability

among all disease classes. This confidence score provides an approximate indication of prediction reliability.

 

Disease severity estimation

Predicted leaf images were converted from RGB to HSV color space, where green regions were identified using

thresholding  (H ∈ (25, 90), S ∈ (40, 255), V ∈ (40, 255)). Disease severity was calculated using Equation (11), where 

 denotes diseased area percentage,  represents total image pixels, and  denotes pixels classified as

healthy regions. Severity was categorized as low (≤20%), medium (21-50%), or high (>50%). The HSV-based approach

provides a lightweight approximation but may be affected by lighting and background variations.
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Evaluation metrics

Model performance was evaluated using overall accuracy, macro-averaged precision, macro-averaged recall, and macro

F1-score to account for class imbalance. Accuracy measures correctly classified samples, while macro-averaged metrics

equally weight each disease class. In these equations,  denotes the number of classes, while , , and 

represent true positives, false positives, and false negatives for class iii, respectively.

DeiT framework flowchart

Figure 1 illustrates the overall workflow of the proposed DeiT-based plant disease detection framework, including dataset

preprocessing, transformer-based classification, prediction confidence estimation, disease severity estimation, and

performance evaluation.

�
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FIGURE 1: Proposed DeiT-based plant disease detection workflow adapted from standard DeiT and Vision Transformer

architectures.

DeiT, Data-Efficient Image Transformer 

Baseline CNN model for comparative evaluation

DenseNet-121 was selected as the CNN baseline for comparative evaluation against the proposed DeiT-Base model. To

ensure fair comparison, both models used identical preprocessing, training, and evaluation settings. The DenseNet layer

formulation is specified in Equation (16), where  denotes the concatenation of feature maps from all

preceding layers, and  represents a composite operation consisting of batch normalization, activation function

(ReLU), and convolution.

Results And Discussion

Experimental setup

Experiments were conducted using PyTorch on Kaggle GPU resources with NVIDIA Tesla T4 acceleration. The proposed

DeiT-Base model was trained using the configuration described in the "Materials and Methods" section, while detailed

hyperparameters are summarized in Table 2. Model performance was evaluated using accuracy, macro-precision, macro-

recall, macro F1-score, confusion matrix analysis, and prediction visualization.
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Parameter Value

Framework PyTorch

Model DeiT-Base Patch16 224

Image size 224 × 224

Batch size 32

Epochs 20

Learning rate 5 × 10−4

Optimizer AdamW

Loss function Cross-Entropy loss

Train–Validation split 80:20

Hardware NVIDIA Tesla T4 GPU

Mixed precision training Enabled

Data augmentation Rotation, Horizontal flip

TABLE 2: Experimental setup and hyperparameter configuration of the proposed DeiT-Base model.

DeiT, Data-Efficient Image Transformer

Performance comparison

Table 3 compares the performance of DeiT-Base and DenseNet-121 under identical training conditions. DeiT-Base

achieved higher overall accuracy (98.50%), macro-precision (0.9843), macro-recall (0.9826), and macro F1-score (0.9833),

indicating improved classification performance on the evaluated dataset.
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Metric DeiT-Base DenseNet-121

Overall accuracy (%) 98.50 97.29

Macro precision 0.9843 0.9728

Macro recall 0.9826 0.9702

Macro F1-Score 0.9833 0.9713

TABLE 3: Comparative performance analysis of the DeiT-Base model and the DenseNet-121 CNN baseline under identical

training and evaluation conditions.

CNN, Convolutional Neural Network; DeiT, Data-Efficient Image Transformer

Confusion matrix analysis

Figure 2 presents the normalized confusion matrix across 35 disease classes. Most predictions are concentrated along the

diagonal, indicating strong classification performance. Misclassifications primarily occur among visually similar disease

categories, while healthy classes are generally distinguished effectively.
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FIGURE 2: Normalized confusion matrix of DeiT-Base model across 35 disease classes.

DeiT, Data-Efficient Image Transformer

Accuracy and loss curve

Figure 3 illustrates training and validation accuracy and loss across 20 epochs. Training accuracy increased from 86.73%

to 99.89%, while validation accuracy stabilized at 98.50%. Both training and validation losses decreased progressively,

suggesting stable convergence with limited signs of overfitting.
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FIGURE 3: Training and validation accuracy and loss curves of the DeiT-Base model over 20 epochs.

DeiT, Data-Efficient Image Transformer

Visual prediction analysis

Figure 4 presents prediction examples across eight crop species and multiple disease categories using the proposed

DeiT-Base model. The model produced high-confidence predictions while estimating disease severity from infected leaf

regions. Green borders indicate correct predictions, while severity levels are visualized using orange and red indicators.

The predictions suggest that the model captures visual characteristics such as discoloration and texture variations across

disease categories. These results indicate that the model can effectively distinguish disease symptoms across multiple

crop categories while maintaining high classification accuracy.
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FIGURE 4: Experimental results of the proposed DeiT-Base model for plant disease classification, prediction confidence,

and disease severity estimation across eight crop species and 35 disease classes.

DeiT, Data-Efficient Image Transformer

Conclusions

This study presented a DeiT-Base-based framework for automated plant disease recognition across multiple crop species.

By leveraging self-attention mechanisms, the model effectively captured global contextual information and achieved

superior classification performance compared with DenseNet-121 under the same experimental conditions. Transfer

learning enabled efficient adaptation of pretrained representations while requiring only classifier-head fine-tuning.

Analysis of prediction results showed that most errors occurred among visually similar disease categories and early-stage

infections. In addition to disease classification, the framework incorporated confidence estimation through softmax

probabilities and an HSV-based approach for approximate severity assessment. Evaluation on a dataset of 30,945 images

spanning 35 disease classes yielded an overall accuracy of 98.50%, demonstrating the potential of transformer-based

architectures for large-scale plant disease recognition tasks.

Limitations and future work

Although the proposed DeiT-Base framework achieved high classification accuracy on the selected dataset, several

limitations remain. The experiments were conducted using a single 80:20 train-validation split without external field

validation or cross-validation. Therefore, additional evaluation under real agricultural conditions is necessary to further

assess generalization capability. Furthermore, the HSV-based disease severity estimation method may be sensitive to

illumination, background variation, and camera conditions. The confidence scores were derived from softmax

probabilities and may not fully represent calibrated uncertainty. Future work will include additional transformer and CNN

baselines, statistical significance analysis, ablation studies, and real-time deployment validation under field

environments.
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