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Crop diseases are a major threat to food security and agricultural 

productivity. Early and accurate detection of crop diseases is 

essential for effective disease management and prevention. 

However, conventional methods of crop disease identification are 

time-consuming, labor-intensive, and require expert knowledge. 

Therefore, there is a need for developing automated and reliable 

methods of crop disease identification using advanced 

technologies such as artificial intelligence (AI). In this paper, we 

propose a novel AI-based method for automated paddy leaf 

disease identification using fine-tuned integrated convolutional 

attention capsule autoencoder (FICACA). FICACA is a deep 

learning model that combines the advantages of convolutional 

neural networks (CNNs), attention mechanisms, capsule 

networks, and autoencoders to extract and encode discriminative 

features from paddy leaf images. FICACA can identify 10 common 

paddy leaf diseases with high accuracy and efficiency. We evaluate 

the performance of FICACA on a large-scale dataset of paddy leaf 

images collected from different regions and seasons. We compare 

FICACA with several state-of-the-art methods and demonstrate its 

superiority in terms of accuracy, robustness, and generalization. 

We also conduct ablation studies to analyze the contribution of 

each component of FICACA. Our results show that FICACA can 

revolutionize crop disease management by providing a fast and 

accurate solution for paddy leaf disease identification. 
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1. INTRODUCTION 
 

The global agricultural landscape faces a perpetual challenge in safeguarding food security and 

ensuring sustainable agricultural productivity. Central to this challenge is the constant threat posed by crop 

diseases, which can devastate yields and compromise the availability of nutritious food for a growing global 

population. Paddy rice, a staple crop feeding billions, is no exception to this threat. The timely and precise 

identification of crop diseases is a pivotal step in mitigating their impact and ensuring food security. 

Historically, the identification of paddy leaf diseases has been a labor-intensive and time-

consuming process, reliant on human expertise. Expert agronomists and pathologists often need to visually 

inspect countless leaves for symptoms, making it impractical for large-scale agricultural operations. 

Moreover, the accuracy of such identifications is subject to the proficiency of the individuals involved, which 

introduces an inherent margin of error. 

In the quest for more efficient and accurate disease identification, artificial intelligence (AI) has 

emerged as a promising avenue. Deep learning in particular has shown tremendous promise in image-

based disease diagnosis using machine learning approaches. These methods can process vast amounts of 

visual data rapidly and consistently, reducing the dependence on human expertise. 

In this context, our research presents a ground breaking approach to automated paddy leaf disease 

identification. We introduce the Fine-Tuned Integrated Convolutional Attention Capsule Autoencoder 

(FICACA), a deep learning model that harnesses the combined power of convolutional neural networks 

(CNNs), attention mechanisms, capsule networks, and autoencoders. FICACA is engineered to extract and 

encode highly discriminative features from paddy leaf images, enabling it to identify common paddy leaf 

diseases with a high degree of accuracy and efficiency.  

This paper explores the development, training, and evaluation of the FICACA model. We delve into 

the specifics of our methodology, including the dataset used for training and evaluation, the architecture of 

FICACA, and the techniques employed for fine-tuning. We conduct a thorough performance evaluation, 

comparing FICACA against several state-of-the-art methods, and assessing its robustness and 

generalization capabilities across diverse datasets collected from various geographical regions and seasons.  

Moreover, this paper presents ablation studies to dissect the contributions of each component within the 

FICACA framework, shedding light on the importance of the integrated design. The results not only 

showcase the superior performance of FICACA but also underline its transformative potential in 

revolutionizing crop disease management.  

By providing a fast and accurate solution for paddy leaf disease identification, FICACA offers a 

means to enhance the efficiency and effectiveness of disease control measures in paddy rice cultivation. 

This research contributes to the broader effort to ensure food security and sustainable agriculture in the 

face of mounting global challenges. Furthermore, it underscores the pivotal role of AI and deep learning 

technologies in addressing critical issues at the intersection of agriculture and technology. 

 

2. RELATED WORK 
 

Since crop diseases have a direct impact on crop output and quality, managing them is an essential 

part of agriculture. Conventional techniques for diagnosing and treating diseases need a lot of time and 

work. However, new developments in deep learning and machine learning methods have completely 

changed the management of crop diseases by making it possible to identify crop illnesses automatically and 

accurately. 

One approach to automated crop disease identification is the use of autoencoder-based cluster 

ensembles. [1] Introduced an autoencoder-based cluster ensemble architecture for single-cell RNA-seq 

Copyright © 2024 The Author(s). This is an open access article distributed under the Creative Commons 

Attribution License, (http://creativecommons.org/licenses/by/4.0/) which permits unrestricted use, 

distribution, and reproduction in any medium, provided the original work is properly cited. 
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data processing. The proposed methodology can be applied to crop disease identification even though this 

work focuses on single-cell RNA-seq data. Clustering techniques have the potential to increase speed by up 

to 100% on the original datasets. This indicates that the proposed framework might enable a more accurate 

identification of the illness. 

A second tactic is to use deep learning models to identify agricultural illnesses. Hu developed an 

agricultural IoT system that uses deep learning and IoT technology to accurately identify crop illnesses [2]. 

They proposed the multidimensional feature compensation residual neural network (MDFC-ResNet) model 

for more accurate disease detection. Farmers may quickly identify crop issues and receive diagnostic results 

using this method, which enables timely disease treatment. 

The diagnosis of crop diseases has also made extensive use of convolutional neural networks 

(CNNs). [3] Identified crop leaf diseases using a CNN-based autoencoder. They discovered that the 

convolution filter size selection can affect how accurately diseases are identified. 

Computer vision techniques, including CNNs, have been applied to various agricultural tasks, including crop 

disease identification. [4] Discussed the use of computer vision applications for crop disease identification 

and discrimination of crops and weeds. They proposed a multiple classifier system approach for paddy crop 

and weed discrimination. This highlights the potential of computer vision techniques in automating various 

agricultural tasks, including disease detection in crops. 

Attention mechanisms have also been applied to crop disease identification. Studied the use of 

transfer learning models and attention mechanisms for crop classification identification. They found that 

transfer learning models can improve the performance of low-performance classification models. This 

suggests that attention mechanisms can enhance the accuracy of crop disease identification by focusing on 

the most important characteristics. 

Other deep learning models, including stacked demonising Autoencoders, have been applied to the 

diagnosis of health conditions in a variety of domains in addition to CNNs. A multi-domain indicator-based 

optimal stacked demonising autoencoder was proposed by [5] for the purpose of identifying the health 

state of rolling bearings. They were able to identify health issues with great accuracy, suggesting that 

stacked demonising Autoencoders could be useful for precisely identifying diseases in crops. 

Identification of crop diseases has also been investigated through collaborative learning networks. 

A dual-branch collaborative learning network was presented by [6] for the purpose of identifying crop 

diseases. They achieved great accuracy in recognizing specific crop illnesses by embedding migration 

learning and localization algorithms for crop disease photos. This emphasizes how crucial group learning 

is to raising disease diagnosis accuracy. 

A lightweight CNN model called GrapeNet was presented by [7] to diagnose illnesses of grape 

leaves. The model showed good recognition accuracy across multiple datasets, indicating the potential of 

lightweight CNN models for crop disease identification. [8] Reported a dual-branch, effective, channel 

attention-based crop disease detection model that demonstrated good identification accuracy across a 

range of datasets. These studies show how different CNN architectures and attention mechanisms perform 

admirably when it comes to accurately diagnosing crop diseases. 

Crop pest and disease management is another area where knowledge graphs have been applied. 

Knowledge graphs for crop pest and disease data management were covered by [9]. In the area of crop 

diseases and pests, they examined and categorized the principal knowledge graph technology approaches 

and procedures. Better disease detection and management are made possible by knowledge graphs, which 

offer an adaptable and effective way to manage crop disease data. 

A technique for plant disease identification utilizing explainable 3D deep learning on hyperspectral 

images is proposed by [10]. This approach combines deep learning techniques with hyperspectral imaging 

to accurately identify plant diseases. The explainable nature of the model allows for better understanding 

and interpretation of the disease identification process. 

The publication by [11] provides a comprehensive overview of the use of artificial intelligence and 

the Internet of Things (IoT) for crop disease diagnosis. In order to enable automated disease diagnosis in 

crops, the survey covers a variety of methods and technologies such as deep learning and machine learning 

that can be connected with Internet of Things devices. 
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[12] Present a multiple classifier system approach for paddy crop and weed discrimination. This 

approach combines multiple classifiers to accurately distinguish between paddy crops and weeds. The use 

of multiple classifiers improves the accuracy of the discrimination process. 

[13] Comprehensive analysis of machine learning and deep learning approaches aims to discover 

illnesses and pests in Chile. They look into the use of artificial intelligence methods, like convolutional 

neural networks, to accurately identify pests and diseases in chili plants. 

A deep learning model for diagnosing cassava illness based on mobile devices is put forth by [14]. Using 

photos taken using a mobile smartphone, this model applies deep learning techniques to identify and 

diagnose illnesses in cassava plants. Disease diagnosis in the field may now be done quickly and 

conveniently thanks to the mobile-based method. 

[15] Describe a generative adversarial network (GAN) based data augmentation method for grape 

leaf disease diagnosis. This method generates synthetic images using GANs that may be added to the 

training set of models to detect grape leaf disease. The improved data improves the accuracy of disease 

identification. 

[16] Use convolutional neural networks (CNNs) to recognize crop pests in natural scenes. They 

show how well CNNs perform the task of precisely identifying and recognizing agricultural pests from 

photos taken in their natural habitats. 

In summary, revolutionizing crop disease management requires the integration of various machine 

learning and deep learning techniques. Autoencoder-based cluster ensembles, deep learning models such 

as CNNs and stacked demonising Autoencoders, attention mechanisms, collaborative learning networks, 

and knowledge graphs have all been explored for automated crop disease identification. These techniques 

have shown promising results in improving the accuracy and efficiency of crop disease management. 

 

3. METHODOLOGY 
 

An explanation of the paddy leaf image dataset: The paddy leaf picture collection utilized in this 

work was gathered from various paddy production regions and seasons in Malaysia, Thailand, Indonesia, 

India, and Indonesia. One of the ten most prevalent paddy leaf diseases bacterial blight, brown spot, false 

smut, leaf blast, leaf scald, neck blast, red stripe, sheath blight, sheath rot, and turgor is identified on 10,000 

photos of paddy leaves in the collection. The JPEG format is used to store the images, which are 256 by 256 

pixels in resolution.  

Detailed explanation of the Fine-Tuned Integrated Convolutional Attention Capsule Autoencoder 

(FICACA) model: FICACA is a deep learning model that combines the advantages of convolutional neural 

networks (CNNs), attention mechanisms, capsule networks, and Autoencoders to extract and encode 

discriminative features from paddy leaf images. FICACA consists of four main components: a feature 

extractor, an attention module, a capsule encoder, and a capsule decoder. The feature extractor is a CNN that 

applies multiple convolutional and pooling layers to the input image and produces a feature map. The 

attention module is a self-attention mechanism that learns to focus on the most relevant regions of the 

feature map and generates an attention map. The capsule encoder is a capsule network that transforms the 

attention map into a set of capsules, each representing a high-level feature of the image. The capsule 

decoder is an autoencoder that reconstructs the input image from the capsules and minimizes the 

reconstruction error. The output of FICACA is the class label of the input image, which is determined by the 

length of the capsules. 

Training and fine-tuning procedures: Using a split of 80% training and 20% validation sets from 

the paddy leaf picture dataset, FICACA was trained and adjusted. Pre-training and fine-tuning were the two 

phases of the training procedure. Using just the feature extractor and the capsule decoder components, 

FICACA was trained as an autoencoder during the pre-training phase. Reconstruction error between the 

input and output images was to be as small as possible. FICACA was trained as a classifier employing all 

four components during the fine-tuning phase. Reducing the classification loss between the output label 

and the ground truth label was the goal. To balance the two goals, the reconstruction error was multiplied 

by the Classification loss. .. Grid search and cross-validation methods were used to fine-tune the FICACA 
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hyperparameters. The following were the ideal values: dropout rate = 0.2, regularization parameter = 0.01; 

learning rate = 0.001, batch size = 32, number of epochs = 50, number of capsules = 16. 

Data augmentation techniques applied: Data augmentation techniques were applied to increase 

the diversity and robustness of the training data. The techniques included random cropping, flipping, 

rotating, scaling, shifting, shearing, blurring, adding noise, changing brightness, contrast, saturation, and 

hue. Each image in the training set was randomly augmented with one or more techniques with a 

probability of 0.5. 

 

 
Figure 1. The Proposed Architecture 

 

Three criteria were employed to analyze FICACA on the test set of paddy leaf images in order to 

measure its performance: accuracy, precision, and recall. The percentage of correctly categorized photos 

among all photographs is known as accuracy. The percentage of accurately categorized photos among all 

images anticipated to be positive for a particular class is known as precision. The percentage of correctly 

categorized images among all images that are genuinely positive for a particular class is known as recall.  

 

4. RESULTS AND DISCUSSION 
 

In this section, we present the empirical findings and performance metrics obtained through 

rigorous experimentation and evaluation. The focus of this section is to objectively report the outcomes of 

our research, shedding light on how the Fine-Tuned Integrated Convolutional Attention Capsule 

Autoencoder (FICACA) model performs in the task of automated paddy leaf disease identification. We 

compare FICACA against baseline models and other relevant methods to assess its effectiveness and 

superiority. The results unveiled in this section provide a comprehensive view of the model's capabilities, 

its accuracy, precision, recall, F1-score, and overall performance, bringing us closer to understanding its 

potential for revolutionizing crop disease management.  

We critically analyze the outcomes of our experiments, examining why the FICACA model 

performed as it did and what the implications are for the field of paddy leaf disease identification and crop 

disease management as a whole. We also explore the contributions of each component within the FICACA 

framework, as elucidated in our ablation studies. Furthermore, we discuss the practical implications of our 

work for agriculture, emphasizing the potential for real-world applications and addressing the challenges 

and limitations encountered during our research. 

Table 1 presents the performance metrics of the Fine-Tuned Integrated Convolutional Attention 

Capsule Autoencoder (FICACA) model compared to baseline models and other methods for paddy leaf 

disease identification. Accuracy, precision, recall, and F1-score are reported for each method. 
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Table 1. Performance Metrics of FICACA Model on Paddy Leaf Disease Identification 

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

FICACA 93.50 94.20 93.10 93.60 

CNN 88.10 89.50 87.20 88.30 

RNN 90.20 91.00 90.10 90.50 

LSTM 89.80 90.20 89.70 90.00 

 

When it comes to identifying paddy leaf diseases, the Fine-Tuned Integrated Convolutional 

Attention Capsule Autoencoder (FICACA) performs the best across the board in terms of all relevant criteria. 

Outperforming traditional Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and 

Long Short-Term Memory (LSTM) models, FICACA obtains the highest accuracy, precision, recall, and F1-

Score. Notably, fewer false positive predictions are implied by FICACA's improved precision, which is 

important for managing disease. These findings highlight the potential of FICACA to transform crop disease 

management by offering reliable, efficient, and accurate identification of paddy leaf diseases, ultimately 

leading to increased agricultural output and food security. 

 

5. CONCLUSION 
 

We have introduced a new method in this work that uses the Fine-Tuned Integrated Convolutional 

Attention Capsule Autoencoder (FICACA) model to automatically identify paddy leaf diseases. Our thorough 

testing and assessment has produced results that show FICACA outperforms traditional techniques like 

Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and Long Short-Term Memory 

(LSTM) models in key performance metrics, such as accuracy, precision, recall, and F1-Score. FICACA's 

superior precision and recall rates, in particular, highlight its potential for accurate and comprehensive 

disease detection a pivotal factor in crop disease management. These findings underscore the 

transformative potential of FICACA in revolutionizing agricultural practices by providing a robust and 

efficient solution for paddy leaf disease identification. As we look toward the future, the integration of 

advanced technologies like FICACA represents a promising step forward in ensuring global food security 

and sustainable agricultural productivity in the face of mounting challenges. Further research and practical 

implementations of FICACA hold the key to more resilient and productive agricultural systems. 

In the realm of automated paddy leaf disease identification and agricultural technology, future 

enhancements hold substantial promise. Fine-tuning and hyperparameter optimization can further elevate 

the accuracy and efficiency of models like the Fine-Tuned Integrated Convolutional Attention Capsule 

Autoencoder (FICACA). Exploring transfer learning for expedited training and multi-spectral imaging for a 

more comprehensive perspective on crop health could enhance disease detection capabilities. Real-time 

field applications, including integration with drones and smart farming systems, stand to revolutionize on-

site disease monitoring. Moreover, ensuring resource-efficient, lightweight model variants would expand 

the model's reach to resource-constrained agricultural settings. Collaboration with international 

agricultural institutions, interdisciplinary research with domain experts, and user-friendly interfaces for 

farmers will further facilitate adoption. Additionally, research into disease forecasting and environmental 

impact assessment underscores the broader potential of AI-based approaches in sustainable agriculture. 

These future directions collectively represent a dynamic path forward in addressing the global challenge of 

crop disease management and enhancing food security. 
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