
A Smart Rice Leaf Disease Prediction Using Swin 

Transformer 

S.Arthy, P.S.Abarna, S. Padma priya and G. Sakthi priya

Department of  CSE(Cyber Security),  PSNA CET, Dindigul, TN, India 

arthyscys@psnacet.edu.in 

Abstract. Rice is one of the most widely farmed grain crops and a key food source 

in India. According to FAO, 50% more food will be required by 2050 to support 

the increasing global population. For the country, rice exports contribute to India’s 

foreign exchange earnings. Disease damage to rice can significantly diminish 

production. Every year, Plant diseases and pests cause 20% to 40% of crops to 

be lost . Plant diseases, which impact the vast majority of food crops in 

agriculture, are one of the most serious threats to food security. Rice leaf diseases 

can cause economic losses due to lower yields and higher production expenses. 

Detection of rice leaf diseases earlier can prevent the spread of diseases, enhance 

crop yields, and prevent economic losses. Image classification has been 

transformed by deep learning. In order to classify rice leaf diseases, we use a Swin 

Transformer, a cutting-edge Vision Transformer (ViT) model. Swin Transformer, 

a deep learning technique that rapidly and hierarchically processes pictures, is the 

foundation of this model for identifying and detecting rice plant diseases. This 

model uses self-attention mechanisms to aquire the leaf images’ local and global 

features in contrast to conventional CNN-based techniques. . The model 

effectively classifies images of rice leaves into four groups following feature 

extraction and classification: Healthy, Brown Spot, Hispa, and Leaf Blast. This 

model effectively classifies the rice leaf diseases with an accuracy of  98.21%. 
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1  Introduction 

Rice is an important staple food for more than half of the world’s population, 

highlighting its importance in global nutrition and food security. It is cultivated in 

over 100 countries, Asia contributing to 90% of the total global production[1].Along 

with a large quantity of calories, rice is a good source of many important 

minerals,vitamins and nutrients. It is also known to be an excellent source of iron, 

calcium, folate, thiamine, carbs, and vitamins E and B5. Apart from these, rice also 

contains sterols, flavonoids, terpenoids, anthocyanins, tocopherols, tocotrienols, and 

oryzanol,phenolic compounds, including phenols and phytotic acid. These substances 

have been demonstrated to help prevent diabetes and cardiovascular disease and have 

been positively associated with antioxidant qualities[2]. For about 50% of Indians, 

agriculture is their primary source of income. Crop production, must be improved in 

order to provide about 400 million tons of food grains by 2050 to fulfill the needs of
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a increaing population of 1.7 billion[3]. According to FAO, there will be an economic 

loss of 220 billion dollars annually due to plant diseases and 20 to 40% of loss in 

global food production due to diseases and pests[4]. For the country Rice exports 

contribute to India’s foreign exchange earnings. Ensuring rice's sustainability and 

optimal utilization is crucial since it also has a significant impact on socioeconomic 

growth[5] Crop productivity and nutritional values are affected by environmental 

pressures such as cold, drought, salt, warmer temperatures, altered precipitation 

patterns, meteorological event swings, and an increase in infections of insect and 

diseas[6]. Plant diseases and pests cause up to 40% of crops to be lost every year[7]. 

Rice leaf diseases can have a significant impact on human health by reducing the 

availability and nutritional quality of rice, potentially leading to malnutrition, 

especially in regions that rely heavily on rice as a dietary staple; The primary 

challenge associated with rice cultivation pertains to the management of pests and 

diseases, which exerts a significantly detrimental effect alongside substantial 

economic repercussions for agricultural producers[8]. Throughout the growing season 

Pathogns and pests pose a severe threat to rice production causing an estimated 10%–

30% yield loss every year[9]. severe rice crop losses due to disease can exacerbate 

food insecurity and increase the risk of undernutrition, particularly in vulnerable 

communities. A rice crop's yield and quality can be significantly impacted by leaf 

diseases . Rice leaf disease detection is the most crucial element. since it directly 

affects the economy and food security[10] .In this research we use the most prevalent 

rice leaf diseases include Leaf Blast, Bacterial Blight and Hispa. Rice blast is a 

severe and recurrent disease that can destroy rice plants in 15 to 20 days. It can cause 

yield losses of 10 - 30 % annually, the equivalent of feeding 60 million people[11] but 

can yield losses 100% in years of pandemics. Bacterial blight can cause 20–30% 

losses in many rice-growing areas. The most series challenge in agricultural 

production is disease infection, which can lead to financial losses [12]. Nutritional 

deficit Rice leaf diseases can reduce the quality of rice products, which can lead to 

nutritional deficits. Deep learning (DL) is a data-analysis technique that employs 

artificial intelligence (AI) to boost agricultural productivity. In This research we 

proposed a model built on Swin Transformer, an advanced deep learning technique 

that rapidly and hierarchically processes pictures, and detecting rice plant diseases. to 

reduce crop yield due to the rice leaf diseases. Swin transformer is a is a type of Vision 

Transformer (ViT) designed specifically for computer vision tasks. In contrast to 

traditional Convolutional Neural Networks (CNNs), which depends on convolutional 

filters, Swin Transformer uses a hierarchical transformer-based architecture that 

processes images in patches while maintaining spatial hierarchies . It is More scalable 

and efficient than standard Vision Transformers This Achieves best performance in 

image classification and object detection and this model is trained using more 

advanced techniques. The training process employs CrossEntropyLoss with label 

smoothing, an OneCycleLR learning rate scheduler and an AdamW optimizer with 

weight decay for better convergence. The CNN based classifiers such as ResNet18 

InceptionV3, Efficinet Net is also examined for comparision. 
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2  Literature Review 

A.Yu, Haiye, et al.[13] introduced a sophisticated multimodal predictive model, 

termed MMCG-MHA, that aims to identify rice sheath blight (ShB) by integrating 

the spectral features and co-physiological parameters. By, Employing a Gated 

Recurrent Unit (GRU) architecture for the analysis of one-dimensional data and a CNN 
for twodimensional Gramian Angular Summation Field imagery, along with a multi-

head attention mechanism, the model achived an accuracy rate of 94.17%, denoting 

notable improvements of 18.96% compared to GRU and 11.65% against CNN. The 

utilization of specific spectral bands (500 - 585 nm, 737 - 855 nm) alongside eight 

physiological factors facilitated exact presymptomatic identification, thereby 

illustrating the efficacy of integrating diverse data sources in the monitoring of crop 

diseases.  

Ji, Xuehan, et al. [14] proposed a method to identify strains of Xanthomonas oryzae 

within rice foliage, This methodology uses a Laser Tweezers Raman Spectroscopy 

(LTRS) with Convolution Neural Networks (CNNs) achieving an accuracy rate of 

97.5 %. A mobile Raman spectrometer successfully detected infections with an 

accuracy of 87.02% during the initial, asymptomatic phases. The spectral variances 
among strains provide valuable understanding regarding the mechanisms of infection. 

This approach is characterized by its rapidity., sensitivity, and non-destructive nature, 

facilitating early detection of disease. 

Krishnaveni, R., et al.[15] presented a Convolution Neural Network (CNN) based 

technique specifically designed for identifying leaf diseases in rice plants. The 

method analyzes the lesions’ dimensions, form and color in leaf images to diagnose 

diseases. Otsu's global thresholding algorithm is used to eliminate background noise 

from images. They developed a deep learning toolkit in MATLAB to implement the 

CNN-based detection algorithm. They get a training accuracy of 81.17%.  

Kulkarni P, Shastri S[16] incorporates transfer learning with CNN architecture VGG-

16. 30% of data is used for testing, and 70% of the data is used for training and And 
further 20% of the 70% data was splitted and for validation. This method achieves 

95% accuracy in identifying rice leaf diseases. 

Dogra, Roopali, et al. [17] implemented of a CNN integrated with the Visual 

Geometry Group 19 (VGG19), henceforth designated as the CNN-VGG19 model, 

aimed at the accurate detection and classification of diseases rice leaves 

phytopathological through the utilization of a transfer learning methodology and this 

model achieves an accuracy of 93%. And the accuracy for F1-score,precision, 

sensitivity and specificity are 90.5%, 92.4%, 89.9%, 94.7% respectively. While CNN 

models showed strong performance, they had limitations in efficiently managing high-

resolution images and identifying long-range dependencies  

Mahadevan, K., A. Punitha, and J. Suresh. [18] introduces a Deep Spectral 

Generative Adversarial Neural Network (DSGAN2) enhanced by a technique of 

Optimization of Artificial Plants aimed at the precise identification of rice leaf 

diseases. The methodology elevates image quality through the implementation of 

an Improved Threshold Neural Network (ITNN) and subsequently segments 

images utilizing the Segment Multiscale Neural Slicing (SMNS) algorithm. The 
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selection of optimal features is conducted through Spectral Scaled Absolute 

Feature Selection (S2AFS) and evaluated with the aid of Social Spider Optimization 

(S2O-FCW). The ultimate detection process incorporates an Activation Function 

for Soft-Max Logistic in conjunction with DSGAN2, thereby achieving a reduction 

in the false detection rate when compared to ACPSOSVM-Dual Channels 

Convolutional Neural Network (APS-DCCNN) (55.2%), AlexNet (50.4%), and 

CNN (49.5%).and this method shows an accuracy of 97%. 

Nalini, Shankaranarayanan, et al.[19] proposed a model DNN-CSA and they also 
compared the model's classification accuracy against a SVM using numerous cross- 

fold validations. For pretraining and fine-tuning this model optimizes the weights and 
biases using a deep neural network alongwith Crow Search Algorithm. They 
pereformed Feature Extraction involved color analysis using MATLAB functions 

mean2 and std2 on RGB images after preprocessing paddy leaf images, utilizing k-
means clustering and thresholding techniques were applied to identify the diseased 
regions from the images. A training-testing split of 80:20 was applied, resulting in 96 
training and 24 testing images . The images were captured in India during the rainy 

season, with a white backdrop in direct sunlight. This model achieves an accuracy of 
96.96% and it was 9% higher than the SVM classifier which has been validated ten 
times. While the DSGAN2 and DNN-CSA models demonstrate high accuracy in rice 

leaf disease classification these models lack the hierarchical feature extraction and 
efficient global-local attention mechanisms of the Swin Transformer, making them 
less effective in capturing complex spatial dependencies and fine- grained patterns in 
the images of rice leaf diseases. 

 3 Proposed methodology 

The proposed System involves the following steps which are as follows 

3.1 DATA COLLECTION AND PREPROCESSING 

The rice leaves dataset was gathered from the Kaggle platform. The dataset contains 

four classes: Brown Spot, Healthy Hispa, and Leaf Blast. The dataset was divided 

into three categories training, testing and validation using NumPy- based random 

permutation. 70 % of data is used to train the model, 15 % of the dataset images are 

used for validation purpose and 15% of the data is used for testing. Images resized to 

224×224 pixels for uniformity which is necessary for the Swin Transformer model. 

This method maintains the aspect ratio of the images while standardizing their 

dimensions. In order to improve model generalization and decrease overfitting, data 

augmentation adds changes to training images. the transformation enhancements 

like random horizontal flip, random rotation, color jitter, and affine transformations 

to enhance model generalization are applied. To get rid of extraneous background 

noise, extract a fixed-size center area from the image the centre cropping technique 

which extracts the center region of the image is used.  

The next technique used in the preprocessing is Image Normalization. Pixel values 

are scaled to match the distribution (ImageNet mean and standard deviation) that was 
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used to pretrain the Swin Transformer model as part of the image normalization 

technique. Normalization divides the mean by the standard deviation to standardize 

the pixel values in all images. Training becomes more stable when images have a 

zero mean and unit variance. Improves performance by meeting the expectations of 

the pretrained Swin Transformer. Image pixel values were standardized using the 

mean along with standard deviation of ImageNet values. It ensures compatibility 

with pretrained models like Swin Transformer, which expects ImageNet-normalized 

inputs. Class imbalance arises when one class has disproportionately more samples 

than another. This can result in biased model predictions, with the model favoring the 

dominant class while outperforming the minority classes. To alleviate this issue, 

weighted random sampling is used. In this methodology, The Swin Transformer 

model is selected due to its hierarchical feature learning and efficient self-attention 

mechanism, making it suitable for image classification. 

To accurately distinguish different rice diseases with high visual similarity, a Swin 

Transformer network was introduced as the feature extraction backbone. A transfer 

learning approach was employed to enhance feature representation and optimize 

classification accuracy. The overall structure is illustrated in Fig 1 . 

The method consists of two main stages: 

1. Feature Extraction: pre-trained Swin Transformer (trained on ImageNet) 

is fine-tuned on the rice disease dataset to capture diseasespecific features. 

2.  Classification: The retrived features are processed through a fully 

connected classification layer to predict the final disease category. 

 

 

Fig .1. System Architecture for Rice leaf Disease Prediction 

3.2 Hierarchical Feature Learning with Swin Transformer 

The feature learning network, based on the Swin Transformer, consists of 

multiple hierarchical stages as illustrated in Fig 2. The input to the model is an 



 

 
 

 

 

 

           1209A Smart Rice Leaf Disease Prediction Using Swin Transformer  

RGB image of size 224 × 224 × 3. Initially, the image is partitioned into non-

overlapping 4 × 4 patches, a patch embedding layer embeds the patches into high-

dimensional feature vectors. The subsequent stages involve hierarchical feature 

extraction using window-based self-attention (W-MSA) and shifted window-based 

self-attention (SW-MSA) mechanisms, which enhance both local and global feature 

learning. 

Each Swin Transformer block made up of: 

• Multi-head self-attention (W-MSA and SW-MSA) 

• Feed-forward networks(FFN) with GELU activation 

• Residual connections for stable gradient flow 

• Layer normalization for training stability 

This is represented in the fig 2.(b).To ensure effective down sampling and 

feature abstraction, patch merging layers are introduced at multiple stages. The 

final output is a 768dimensional feature representation, which is then forwarded to 

the classification head. 

 

 

Fig .2. (a) Hierarchical Stages Of Swin Transformer B)Two Succesive Swin 

Transformer Blocks 

3.3  Transfer Learning Strategy 
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Transfer learning plays a crucial role in improving rice disease classification while 

reducing computational requirements and the need for large-scale training data. The 

transfer learning is shown in the fig 3. Given the complexity of fine-grained rice 

disease identification, a transfer learning strategy is applied using a pre-trained 

Swin Transformer model. The process is as follows: Weights pre-trained on the 

ImageNet dataset are used to initialize the Swin Transformer model. The initial 

layers (layer 1 and 2) responsible for extracting fundamental features like textures 

and edges are frozen, and the deeper layers (layer 3 and 4) are fine-tuned to learn 

rice diseasespecific patterns. The model is trained using a dataset containing rice 

leaf diseases, where the classification head is substituted with a new fully connected 

layer tailored for multi-class rice disease recognition. The softmax activation 

function is used in the final classification layer to provide a probability distribution 

across disease categories. 

 

Fig . 3. Transfer Learning 

4 Result and discussion 

The performance metrics of the proposed system such as accuracy, recall, precision 

and F1-score are evaluated. Further, other baseline models are compared with the 

proposed model to demonstrate the approach's success. 

4.1    Performance Evaluation 

The proposed method attained an overall classification accuracy of 98.42%, 

indicating its capacity to successfully distinguish between several rice disease types. 

The accuracy for the performance of individual classes are represented in the fig 

4.and performance of the proposed sytem can be evaluated in the different metrics as 

shown in Fig 5. 



 

 
 

 

 

 

Fig .4. Performance of individual classes of leaves 
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Fig .5.Performance metrics of the system 

4.2 Comparision with baseline model:The Swin Transformer's effectiveness was 

evaluated by comparing its performance to that of various deep learning 

architectures including Inception v3, ConvNext-Tiny and ResNet-18,As 

demonstrated in Fig 6, Performing better than the other models, the Swin 
Transformer achived the highest classification accuracy 

Fig .6 .Comparision of Propsed with Different Techniques 
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5 Conclusion 

The Proposed model identifies several rice leaf diseases accurately using 

Swin Transformer. This transformer-based approach addresses the issues of 

finegrained rice disease classification, ensuring high precision when separating 

visually identical disease pattern. The results indicated that the proposed system 

demonstrated remarkable performance metrics including a precision rate of 98% 

,recall rate of 97.42% and an F1-score of 97.42%.The testing accuracy was 

98.21%, thereby demonstrating the model's capacity in diagnosing diseases 

affecting rice leaves. 
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