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Abstract—Rice leaf diseases plays a critical role in 
agricultural productivity and food security, particularly in 
countries with high rice consumption, such as Indonesia. This 
study proposes a lightweight classification model that integrates 
Convolutional Autoencoder (CAE) and Convolutional Neural 
Network (CNN) to classify five types of rice leaf diseases. Unlike 
previous studies that rely on large pre-trained models, this study 
focuses on building a custom architecture from scratch, 
emphasizing model efficiency and simplicity. CAE is used to 
extract 128-dimensional latent features from input images, 
which are then classified using a shallow CNN architecture. 
Global Max Pooling is introduced at the bottleneck stage to 
reduce the number of parameters without sacrificing 
performance. The model is trained and evaluated on a dataset 
containing 7,430 labeled samples and achieves 99.33% accuracy 
with only 0.41 million parameters. Comparing the suggested 
model to existing model reveals that the proposed model 
provides an optimal balance between model compactness and 
predictive performance, making it ideal for future low-resource 
deployments. 

Keywords—Lightweight Deep Learning Model, CAE, CNN, 
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I. INTRODUCTION 

Rice is an essential product for nearly 50% of the global 
population, particularly in Indonesia [1]. With a population of 
over 285 million [2] more than 90% of its population uses rice 
as their staple food [3]. In 2021, the national rice harvest area 
reached 10.4 million hectares, with a production of around 
54.4 million tons [4], while rice consumption reached 128.6 
kg per capita per year, making Indonesia the 15th largest rice 
consumer in the world [5]. In addition, the population is 
expected to continue to increase, so the need for food 
production, including rice, will also increase [6]. Despite its 
large production, Indonesia's rice productivity is still low, 
averaging 5.14 tons/ha, far below the potential of 9.2–9.5 
tons/ha [3], so efforts to increase productivity are very crucial. 

One of the major threats in rice production is the presence 
of leaf diseases [7] such as bacterial leaf blight, tungro, blast, 
and brown spot [8]. These diseases can reduce the quantity 
and quality of the harvest and threaten national food security. 
If not detected early, disease attacks can increase the yield gap 
and narrow the availability of rice [8]. Therefore, early 
detection and classification technology for plant diseases is a 

strategic solution [7], [8] to maintain productivity and support 
sustainable food security. 

In recent years, AI-based approaches, especially 
Computer Vision, have become promising solutions in the 
field of agriculture [9]. One of the commonly used methods is 
CNN, which has been shown to be successful at identifying 
complex visual patterns in plant leaf images [10], [11]. Several 
studies have applied pretrained CNNs to plant disease 
classification. For example, a study by Muhammad Nizam 
Azmi et al in 2024 employed a transfer learning-based 
DenseNet201 model to classify rice leaf diseases, achieving 
more than 99% accuracy with strong evaluation metrics, and 
deployed via API for efficient Android inference [12]. 
Meanwhile, research by R. Sowmyalakshmi et al. in 2020 
developed the CNNIR-OWELM model, combining 
Inception-ResNet v2 and WELM optimized with FPA, 
achieving 94.2% accuracy [13]. The system in Ref. [13] 
integrates IoT for image transmission and cloud-based 
inference. 

From that previsious research [12], [13], and other 
research like [14], [15], [16] we can see that they use API or 
cloud-based inference services, where large models are stored 
on the server and users only send data to be processed. This 
approach offers flexibility and supports distributed and real-
time data processing [17], but has several disadvantages, 
especially in the context of agricultural areas. Reliance on 
unstable internet connections and potential interference from 
third parties can hinder operational effectiveness in the field 
[18]. As a more adaptive solution, several studies have begun 
to develop lightweight models that can be run directly on the 
device. This approach allows detection to be done offline, 
without dependence on an internet connection, with a fast 
response time and minimal resource consumption [19],  [20].  

One potential approach to making a lightweight model is 
the combination of a CAE and CNN, where CAE is 
responsible for generating latent features [21], while CNN 
processes these features for final classification [22]. CAE 
functions to extract important feature representations in a 
compact and informative form [23] while maintaining local 
spatial information and reducing input dimensions and noise 
[21]. CNN then analyzes these characteristics to perform 
accurate classification through convolution filters, which 
mimic how the human visual cortex works [22]. 



Several studies have explored CAE-CNN hybrids for plant 
disease detection. Boukhlifa and Chibani in 2024 showed that 
combining CAE and CNN in tomato classification reduced the 
number of convolutional layers without compromising 
accuracy [23]. Similarly, a study by Punam Bedi and Pushkar 
Gole in 2021 achieved 98.38% accuracy with low parameters, 
making their model suitable for low-resource devices [24]. 
However, this approach is still rarely applied to rice leaf 
diseases, especially with Global Max Pooling, which can 
further reduce dimensionality, model size, and overfitting 
while improving generalization [25]. 

Based on that, this study proposes developing a 
lightweight CAE-CNN-based model with Global Max 
Pooling specifically designed for the classification of rice leaf 
disease. With this approach, the developed model is expected 
to have small parameters and provide high accuracy, which is 
equivalent to pretrained models. This study’s main 
contribution lies in developing a resource-efficient model, 
practical, and ready-to-use rice leaf disease classification 
model architecture in the field by farmers, so that it can 
strengthen early detection, maintain rice productivity, and 
support sustainable food security. 

II. THEORETICAL BACKGROUND & RELATED WORK  

A. Theoretical Background 

1) CAE as a feature extractor: CAE is an unsupervised 
model that combines convolution and pooling layers in an 
encoder-decoder architecture to extract and reconstruct 
features from images [26]. Unlike standard autoencoders, 
CAE is able to preserve local spatial information, making it 
effective in handling high-dimensional and noisy images by 
filtering out noise and generating stable features [21]. Its 
ability to produce informative feature representations makes 
CAE widely used in various fields, such as plant disease [23] 
and medical imaging [27]. 

2) CNN for image classification: CNNs are commonly 
used in supervised image classification [28] because of their 
ability to automatically extract local information and 
construct richer abstract representations to increase accuracy 
[29]. In addition, CNN removes the need for manual feature 
creation, making it ideal for complex image processing [30]. 

3) Global Max Pooling: GMP is a merging technique that 
selects the maximum value from all feature maps [31]. It 
significantly reduces the model parameters while retaining 
the key features, making the model more efficient and 
suitable for memory-constrained devices such as mobile 
platforms [25]. 

B. Related Work 

TABLE I.  RELATED WORK FOR THE RICE LEAF DISEASE 
CLASSIFICATION WITH CNN 

Source Dataset (Image) Algorithm Accuracy Params 
(M) 

[12] Kaggle 
(13.213 images) 

Densenet20
1 

99.42% 18.8 

[32] Kaggle (3.355 
images) 

Efficientnet
-B0 

99.52% 5.4 

Mobilenetv
2 
 

84.21% 3.5 

Shufflenet 66.03% 1.4 

Source Dataset (Image) Algorithm Accuracy Params 
(M) 

[33] Paddy Doctor 
(19.131images) 

Efficientnet 
B4 

 

96.91% 66 

[34] Self-Collected 
(1.677 images) 

Customized 
CNN 

97.1% 2.4 

[35] 
 

Online Source 
(5.285 images) 

dCNN 99.65% 0.17 

[36] Kaggle (3.960 
images) 

Customized 
VGG + 

Inception 
v1  

97.10% 26.1 

[37] Self-Collected 
(1.677 images) 

Customized 
CNN 

95.2% 3.4 

[38] Online (5.932 
images) & Self 

Collected (1.400 
images) 

Customized 
CNN 

99.66% 1.3 

[39] BRRI Dataset 
(1.426 images) 

Customized 
Simple 
CNN 

94.33% 0.8 

[40] Previous Research 
(3.355 images) 

and Kaggle 
(18.445 images) 

MobileViT
v2_050-B 

99.6% 1.1 

 
Based on TABLE I. various models such as CNN, 

EfficientNet, and MobileViTV2 have achieved 84%–99.66% 
accuracy, and even lightweight models such as dCNN 0.17M 
can perform well. With the same goal as previous studies, this 
study introduces a compact CAE-CNN with Global Max 
Pooling to reduce parameters while maintaining accuracy, 
making it ideal for mobile-based rice disease detection and 
supporting sustainable food systems. 

III. METHODOLOGY 

The flowchat in Fig. 1 describes a step-by-step 
methodology for rice leaf disease classification using the 
CAE-CNN pipeline, which includes data handling, training, 
and performance comparison with previous studies. 

 

Fig. 1. Flowchart of the Proposed Research Framework 

The following sections describe each stage in detail. 

A. Data Collection 

This study utilized a combined dataset from several 
sources on the Kaggle platform, as used in Ref. [12]. The 
dataset comes from four different repositories, each with 
varying image numbers and resolutions, namely: 227 images 
(3024×4032), 5,945 images (1024×1024), 3,960 images 



(1024×1024), and 3,081 images (256×256). An example of 
the rice leaf classes is illustrated in Fig. 2. 

 

Fig. 2. Rice Leafs Dataset 

To ensure class consistency and classification focus, only 
five classes of rice leaf diseases were selected, namely, 
Bacterial Blight, Blast, Brown Spot, Tungro, and Healthy, so 
that the total images used in this study were 7,430 images. 
This dataset aims to build and evaluate a classification model 
that is able to accurately identify rice leaf conditions. 

B. Data Preprocessing 

Preprocessing processes are performed to prepare the 
dataset for best usage in the training phase of the rice leaf 
disease classification model, which employs the CAE and 
CNN techniques.  The preprocessing processes used in this 
investigation are as follows. 

1) Data Transformation: This study prepared the dataset 
using several data transformations. For example, grayscale 
and RGBA images were converted to RGB, resized to 64×64 
pixels while preserving quality, and normalized to [0, 1]. 
Class labels were mapped to integers and one-hot encoded 
using `to_categorical()` for classification readiness. 

2) Splitting Dataset: The dataset was partitioned into 
training and testing subsets using Scikit-learn's 
`train_test_split` with stratification to maintain a balanced 
class distribution. This ensures the test sets remain 
independent and provides an objective evaluation of model 
accuracy, as shown in TABLE II.  

TABLE II.  PROPORTION OF DATASET DISTRIBUTION 

Class Number of 
Images 

80% 
Training 

20% 
Testing 

Bacterial Blight 1584 1267 317 
Blast 1440 1152 288 

Brown Spot 1600 1280 320 
Healthy 1488 1190 298 
Tungro 1318 1055 263 
Total 7430 5944 1486 

 
3) Data Augmentation: In this study, the 

ImageDataGenerator class from the Keras library was used to 
enhance the dataset. The primary goal of this augmentation is 
to increase data variety, improve model generalization 
capacity, and reduce the danger of overfitting [41]. The 
augmentation parameter is shown in TABLE III.  

TABLE III.  AUGMENTATIONS PARAMETER 

Augmentation Type Parameter 
Rotation Up to 20 

Width Shift Up to 20% 
Height Shift Up to 20% 

Zoom Up to 20% 
Horizontal Flip True 

C. Architectural Design and Modelling 

Fig. 3. Proposed Customized CAE and CNN Model 

Based on Fig. 3 The CAE structure consisting of an 
encoder and a decoder is used to extract compact image 
features, where the decoder only helps during training to guide 
the encoder [42]. After training, only the encoder module is 
retained to provide input features to the CNN classifier. The 
CNN in this study is tasked with classifying 128-dimensional 
feature vectors into five classes of rice leaf diseases, with a 
simple architecture in the form of several dense layers and 
dropout to prevent overfitting. 

D. Model Training 

The CAE model is trained for 100 epochs with a batch size 
of 64 samples using Adam and MSE to reconstruct images. 
After training, the 128-dimensional features from the encoder 
are used to train a CNN classifier, which uses ReLU, Softmax, 
and Categorical Crossentropy. The effectiveness of the model 
is then assessed using the held-out test set. The 
hyperparameter is shown in TABLE IV.  

TABLE IV.  HYPERPARAMETER CONFIGURATION SUMMARY 

Parameter Value / Status 
Optimizer Adam 

Loss Function CAE Mean Squared Error (MSE) 
Loss Function CNN Categorical Crossentropy 
Activation Function ReLU (Hidden Layers), Sigmoid 

(Output Decoder), Softmax (CNN 
Output) 

Epochs 100 
Batch Size 64 

E. Model Evaluation and Visualization of Results 

The evaluation relies on test data to measure how well the 
model generalizes to unseen images. Evaluation metrics 
include accuracy [43], confusion matrix for error distribution 
analysis [44] and precision, recall, and F1-score to assess per-
class performance [45]. The training and testing results are 
also visualized through accuracy graphs and prediction 
examples to provide a comprehensive picture and detect 
overfitting or underfitting [46]. 

 



IV. RESULTS AND DISCUSSION 

A. Model Parameters 

TABLE V.  CUSTOMIZED CAE AND CNN MODEL PARAMETERS 

Parameter CAE CNN 
Trainable Parameter 350.467  66.565 

Non-Trainable Parameter 0 0 
Total Parameter 350.467 66.565 

Customized CAE and CNN 
Parameter 

417.032 

 
TABLE V.  shows that the combined CAE and CNN 

system trained a total of 417,032 parameters.  This 
demonstrates that the architecture utilized is lightweight and 
efficient, making it appropriate for implementation on devices 
with limited resources, without compromising the complexity 
of the features required for good rice leaf picture 
classification. 

B. Accuracy and Loss Graph 

 

Fig. 4. Customized CAE and CNN Model Accuracy Graph 

The accuracy graph in Fig. 4 shows rapid improvement 
during the first 20 epochs and stabilizes by epoch 100, 
reaching 99.21% training accuracy and 99.33% validation 
accuracy, indicating excellent generalization and absence of 
overfitting. 

 

Fig. 5. Customized CAE and CNN Model Loss Graph 

The loss graph in Fig. 5 reflects a sharp initial decline, then 
gradually approaches zero. At epoch 100, the training and 
validation losses were 0.0207 and 0.0134 respectively, 
confirming consistent learning and model stability. 

C. Confusion Matrix 

Based on the confusion matrix in Fig. 6, the classification 
model performed admirably and accurately in discriminating 
the five categories of rice leaf diseases. Almost all classes, 
including Bacterial Blight, Blast, Healthy, and Tungro, were 

successfully predicted perfectly or almost perfectly, with 
minimal errors. The only error occurred in the Brownspot 
class, where nine images were misclassified as Bacterial 
blight. This error can be explained by the similarity of visual 
symptoms between the two, such as brown spots in 
Brownspot and yellow-brown spots with wavy edges in 
Bacterial Blight [47], which are difficult to distinguish, 
especially in images with limited lighting or resolution, 
causing the model to extract similar visual features 

 

Fig. 6. Customized CAE and CNN Model Confusion Matrix 

D. Classification Report 

TABLE VI.  CUSTOMIZED CAE AND CNN MODEL CLASSIFICATION 
REPORT 

Class Precision Recall F1-
Score 

Support 

Bacterial Blight 0.97 1.00 0.99 317 
Blast 1.00 1.00 1.00 288 

Brown Spot 1.00 0.97 0.99 320 
Healthy 1.00 1.00 1.00 298 
Tungro 1.00 1.00 1.00 263 

TABLE VII.  CLASSIFICATION REPORT SUMMARY 

Accuracy   0.99 1486 
Macro Avg 0.99 0.99 0.99 1486 

Weighted Avg 0.99 0.99 0.99 1486 

 
The classification report in TABLE VI. and TABLE VII. 

reveals strong predictive performance across all categories 
with an overall accuracy of 99%. Three classes, Blast, 
Healthy, and Tungro, were successfully classified perfectly, 
while the Brown Spot class experienced a slight decrease in 
recall due to several samples that were not classified correctly. 
The high macro and weighted average values of 0.99 further 
imply that the model can consistently and evenly detect 
patterns across all classes. 

E. Prediction Visualization 

 

Fig. 7. Customized CAE and CNN Model Prediction Visualization  



The prediction visualization in Fig. 7 demonstrates that the 
model can categorize the majority of images with high 
accuracy and confidence, almost 100%. Each image shows the 
actual label and the predicted result, with green color 
indicating correct classification. No misclassifications are 
visible in this visual example, which supports the previous 
evaluation results that the model accurately distinguishes all 
five rice leaf disease classes, including Brownspot, Bacterial 
blight, Blast, Healthy, and Tungro. This visualization 
strengthens the reliability of the model in real-world 
situations. 

F. Time Consuming 

TABLE VIII.  CUSTOMIZED CAE AND CNN MODEL TIME CONSUMING 

 Time (S) Accuracy 
Total Prediction Time 0.1535 

93.33% 
Per Sample 0.000103 

 
The time consuming in TABLE VIII. evaluation results 

show that the customized CAE and CNN models have high 
efficiency in the prediction process. With a total prediction 
time of only 0.1535 seconds for all test data and an average 
time per sample of 0.000103 seconds, this model is able to 
provide classification results quickly. This efficiency is very 
important in real-time applications or deployments on limited 
devices, without sacrificing accuracy, which remains high at 
93.33%. 

G. Comparative Analysis with Existing Work 

TABLE IX.  COMPARATIVE ANALYSIS WITH EXISTING WORK 

Source Algorithm Accuracy Params 
(M) 

[12] Densenet201 99.42% 18.8 

[32] Efficientnet-B0 99.52% 5.4 

Mobilenetv2 
 

84.21% 3.5 

Shufflenet 66.03% 1.4 

[33] Efficientnet B4 
 

96.91% 66 

[34] Customized CNN 97.1% 2.4 
[35] 

 
dCNN 99.65% 0.17 

[36] Customized VGG + 
Inception v1  

97.10% 26.1 

[37] Customized CNN 95.2% 3.4 
[38] Customized CNN 99.66% 1.3 
[39] Customized Simple CNN 94.33% 0.8 
[40] MobileViTv2_050-B 99.6% 1.1 
This 

Research 
Customized CAE+CNN 

with Global Max 
Pooling 

99.33% 0.41 

 
Based on comparative analysis in TABLE IX. the 

proposed model in this study shows competitive performance 
with an accuracy of 99.33% and a parameter count of only 
0.41 M. Although some other models, such as dCNN [35] and 
Customized CNN [38] managed to achieve slightly higher 
accuracies of 99.65% and 99.66%, respectively, the dCNN 
model uses a smaller parameter count (0.17 M). However, it 
should be noted that the dCNN model was trained using a 
smaller dataset of only 5,285 images, while the model in this 
study was tested on 7,430 images, which significantly 
increases the complexity and diversity of the data. 
Nevertheless, the proposed model is still able to maintain 

high accuracy with low complexity, and is more efficient than 
large models such as DenseNet201 (18.8 M) [12] and 
EfficientNet-B4 (66 M) [33]. This shows that the Customized 
CAE+CNN model with Global Max Pooling is able to 
achieve an optimal balance between accuracy and 
computational efficiency, making it very suitable for 
application on devices with limited resources such as mobile 
and IoT platforms. 

V. CONCLUTION 

This study offers a lightweight deep learning model that 
combines CAE and CNN for rice leaf disease classification. 
Trained on 7,430 labeled images across five classes, the 
model achieves 99.33% accuracy with only 0.41 million 
parameters, demonstrating competitive performance 
compared to larger pre-trained models. CAE enables efficient 
feature extraction, while Global Max Pooling reduces the 
dimensionality and size of the model without sacrificing 
accuracy. These findings validate the model's viability for 
usage with low-resource devices. Future research might 
investigate real-time integration, dataset extension, and 
hybrid learning to increase resilience in diverse agricultural 
systems. 
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