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Abstract 
Rice leaf diseases are a major issue for the whole world's food security because 
they lower crop harvest and grain yield. Detecting these diseases at the initial 
stage is significant for dealing with crops effectively. Traditional detection 
methods depend on physical observation. This process takes time and there can 
be mistakes. A convolutional neural network (CNN), a deep learning model, 
is used in this research paper on a publicly available Rice diseases images 
dataset at Kaggle to classify the rice leaf diseases. The dataset consists of 5932 
images and 04 folders named as healthy leaves, brown leaf spot (BLS), 
bacterial leaf blight (BLB), and Rice leaf smut (RLS). Before training, every 
image was normalized and resized to (128 x 128) pixels. The model is a 
grouping of six convolutional layers with max pooling, Rectified linear unit 
activation, and dropout regularization. These are followed by fully connected 
layers using softmax classification. Training used the Adam optimizer with a 
learning rate of 0.001 for 50 epochs. Accuracy, recall, precision, and F1 score 
were used to measure performance. The proposed model attained a validation 
accuracy of 92.60%. This was higher than K Nearest Neighbors at 56.84% 
and Support Vector Machine at 61.47%. These results show that the model 
can properly detect different rice disease types under numerous field situations. 
This study proposes that deep learning can make a substantial contribution to 
precision farming by providing a consistent and efficient method for disease 
diagnosis. Anticipated steps will enhance the dataset, implement the model in 
its intended environment, and design lightweight versions appropriate for 
mobile and Internet of Things (IoT) applications. 
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1. INTRODUCTION 
Rice stands as an essential food source in the 
world that offers nutrition to a large part of the 
global population [0]. Its production is often 
condensed by some leaf diseases that affect both 
yield and quality. Identifying these diseases in 
time is important for controlling and promoting 
healthier crop management. Traditional 
methods depend on physical inspection which 
takes time, needs skilled knowledge and may 

cause miscalculations [0]. New developments in 
deep learning, especially in convolutional neural 
networks, have made it possible to identify plant 
diseases from images with high accuracy. 
These networks can learn difficult features from 
leaf images without physical processing and are 
suitable for large-scale farming [0]. This article 
presents a CNN model for automatic detection 
of rice leaf diseases using the Rice Diseases 
Image Dataset from Kaggle. It aims to generate 
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an accurate and real-world system that can help 
farmers manage rice crops more efficiently and 
help with smart farming practices [0]. Figure1 

below illustrate the rice plants diseases ratio in 
graphical form. While Figure2 shows random 
images selected from the dataset. 

 

 
 

Figure 1: Column Chart Showing the Different Diseases ratio of Rice plants 
 

 
 

Figure 2: Random images from the dataset 
 
1.1 Dataset Description 
This Dataset is publicly available on Kaggle and 
consists of 5932 images grouped into four 
further classes. The Bacterial Leaf Blight class 
has 1613 images and is produced by the bacteria 
Xanthomonas oryzae pv oryzae. Brown Spot 
class consists of 1578 images and is a fungal 
disease produced by Bipolaris oryzae. Leaf Smut 
class contains 1627 images and is a fungal 
infection initiated by Entyloma oryzae. Healthy 
has 1114 images and represents rice leaves 
without infection. The images show variances in 
lighting, color, texture, leaf position and 
background which show real field conditions. 
Each image in these classes was resized to 128 by 

128 pixels and normalized formerly training. 
The dataset was range into 70.00% for training, 
20.00% for validation and 10.00% for testing. 
 
2. Related Work 
Deep learning methods display solid 
performance in identifying and grouping 
agricultural diseases [0]. Previous research 
suggests that models based on convolutional 
neural networks (CNN) perform better than 
traditional machine learning techniques when 
working with complex image data [0]. CNNs 
have been used to classify 44 plant species with 
high accuracy by learning feature patterns 
without supervision [0]. 
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Networks such as Google Net and VGGNet 
have also been efficiently used for categorizing 
plant leaf images [0]. Deeper networks, like a 26-
layer residual model, have classified 100 
ornamental plant species with accuracy above 91 
.00% [0]. In field analysis, encoder-decoder 
CNN models have been applied for separating 
crops, weeds and background from RGB images 
[0]. 
For rice disease detection, some new studies 
trained CNN models using datasets such as the 
Rice Leaf Disease Dataset from the UCI 
repository and achieved an accuracy above 90 
.00% [0]. However, these studies often relied on 
small or private datasets which reduced 
reproducibility. This study uses the publicly 
available Rice Diseases Image Dataset from 
Kaggle to provide a transparent and available 
foundation for future research. 
The study presented in [0]"Applying 
Augmentation Techniques for better Accuracy" 
(2026) determines the working of data 
augmentation on deep learning for vegetal 
ailment discovery. By means of convolutional 
neural networks trained on augmented datasets, 
the model achieved enhanced organizational 
accuracy, highlighting the importance of data 
variety in increasing generality across hidden 
trials. 
The proposed of CNN founded framework for 
rice leaf disease sorting by means of image 
datasets of diseased crops. Their model attained 
modest accuracy by [0]leveraging feature 
extraction competencies of deep networks, 
showing strength in finding numerous disease 
classes under changing ecological situations. 
This paper focused on optimizing dataset [0] 
variety to advance rice flash illness detection. By 
exercising a deep learning model on varied 
databases, the study stated improved accuracy 
and model stability, highlighting that various 
training data meaningfully recover real-world 
situations to present. 
This article showed an inclusive review of deep 
learning techniques [0] for rice disease detection, 
with datasets, architectures, and evaluation 
metrics. The study acknowledged CNN-founded 
models as leading, with accuracy and F1 score 
being the most frequently used metrics, while 
also highlighting difficulties such as dataset 
inequity and imperfect field inconsistency. 

This study established a CNN-based model for 
rice leaf disease detection using ground-
composed datasets. Their method attained [0] 
high classification accuracy, representing the 
success of deep learning in taking disease-based 
graphic designs under real farming 
circumstances. 
This paper presented a hybrid [0]feature-
improved CNN model that mixes feature 
collection with convolutional learning. The 
model enhanced forecast accuracy and 
minimized computational complications, 
demonstrating the worth of hybrid optimization 
approaches in farming disease sorting. 
This study shared CNN with [0]generative 
adversarial networks (GAN) to improve rice leaf 
disease finding. The GAN factor made artificial 
training samples, which better model strength 
and classification accuracy, mainly in situations 
with partial labeled data. 
 This research planned a hybrid CNN model 
joining imitation thermal imagery for [0]paddy 
disease diagnosis. Their approach improved 
feature illustration and attained improved 
accuracy, illustrating the possibility of 
multimodal data integration in precision 
farming. 
This paper offered a complete rice leaf image 
dataset intended for machine learning 
submissions. The dataset contains [0]varied 
disease groups and environmental differences, 
giving a good standard for evaluating deep 
learning models in farming diagnosis. 
This article defines a hybrid CNN ResNet50 
BiLSTM architecture for paddy leaf disease 
detection. The model leveraged [0] 3-D and 
chronological feature extraction, attaining high 
accuracy and better organization performance 
related to standalone CNN models. 
This work conducted a relative study between 
already trained and custom CNN architectures 
for rice disease recognition. Their results showed 
that pretrained models usually outperform 
custom networks in terms of accuracy and 
training efficiency when practically used in 
limited datasets. 
This research established a hybrid deep learning 
[0]framework for rice leaf disease sorting. The 
model shared multiple learning tactics to better 
discover accuracy, indicating success in handling 
complex disease designs and differences in leaf 
images. 
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3. Methodology  
This section will describe the  

data processing and baseline models detail as 
below with images segmentation process. 

 
3.1 Data Preprocessing 

 
 

Figure 3: Rice leaf data preprocessing 
 
Each image in the dataset was managed with a 
Gaussian Blur filter to decrease noise and 
highlight vital parts of the leaf. The images were 
then converted into the HSV color space to 
improve feature extraction under different 
lighting situations. A binary mask was made 
using the HSV range of rice leaves and small 
background noise was removed through 
morphological erosion with an 11 by 11 kernel. 
The pixel values were then scaled between 0 and  

1 uniformly as illustrated in Figure3 
 
3.2 Baseline Models 
Two traditional machine learning models were 
used. 
K Nearest Neighbors was improved through grid 
search to find the best number of neighbors. The 
finest result was obtained with k =5 using 
uniform weights which achieved 56.84% 
accuracy on validation data. 
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Figure 4: Images of the segmentation process 
 
Support Vector Machine (SVM) used a linear 
kernel with a penalty value of C=5 and reached 
61.47% accuracy. 
These results show that traditional models 
cannot fully learn the complex visual features 
existing in rice leaf images which supports the 
use of convolutional neural networks for good  

performance. 
 
4. Convolutional Neural Network (CNN): 
Results and Comparisons 
This part of the study will discuss about the 
architecture model, Evaluation Metrics and 
Experimental Results. 
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4.1 Model Architecture 

 
 

Figure 5: Proposed model architecture 
 
The proposed convolutional neural network has 
six convolutional layers followed by ReLU 
activation and zero padding. The initial two 
layers hold 64 filters, while the next two have 
128 filters and the rest two enclose 256 filters. 
Max pooling is applied after every two 
convolutional layers to decrease the feature 
diagram size. A dropout of 10 percent follows 
each pooling layer to prevent overfitting. The 
output is redesigned into a one-dimensional 
vector and nursed into three dense layers. The 
last layer utilizes a softmax activation function to 
classify images into four classes which are BLB, 

BS, RLS and Healthy. Training was sustained 
with a set of 32 by means of the Adam optimizer 
at a learning rate of 0.001 and definite 
logarithmic loss as the loss function for 50 
epochs. This is explained in Figure 5 below: 
 
4.2 Evaluation Metrics 
The growth stage was measured through 
confusion matrix, accuracy, precision, recall and 
F1 score. These measures deliver a complete 
view of working and help to assess the model 
even when the data classes are not balanced. 
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4.3 Evaluation Matrices 

The accuracy 𝑆𝐴𝑐𝑐
(𝑟)  is defined as: 

𝑆𝐴𝑐𝑐
(𝑟)

=
𝑡𝑝

(𝑟)
+𝑡𝑛

(𝑟)

𝑡𝑝
(𝑟)

+𝑓𝑝
(𝑟)

+𝑓𝑛
(𝑟)

+𝑡𝑛
(𝑟)      (1) 

 

where 𝑡𝑝
(𝑟), 𝑓𝑝

(𝑟), 𝑓𝑛
(𝑟), and 𝑡𝑛

(𝑟) represent true positives, false positives, false negatives, and true negatives, 
respectively. 
 

The recall (sensitivity) 𝑆𝑅𝑒𝑐
(𝑟)

 is computed as: 

𝑆𝑅𝑒𝑐
(𝑟)

=
𝑡𝑝

(𝑟)

𝑡𝑝
(𝑟)

+𝑓𝑛
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The specificity 𝑆𝑆𝑝𝑒𝑐
(𝑟) , which measures correct identification of normal cases, is expressed as: 

𝑆𝑆𝑝𝑒𝑐
(𝑟)

=
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(𝑟)
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The precision 𝑆𝑃𝑟𝑒𝑐
(𝑟)

 , indicating the reliability of positive predictions, is defined as: 

𝑆𝑃𝑟𝑒𝑐
(𝑟)
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𝑡𝑝

(𝑟)
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The F1-score 𝑆𝐹1
(𝑟), representing the harmonic mean of precision and recall, is computed as: 

 

𝑆𝐹1
(𝑟)
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The Matthews Correlation Coefficient (MCC) 𝑆𝑀𝐶𝐶
(𝑟)

 is formulated as: 
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4.4 Experimental Results 
The model was practiced under two setups. The first used raw RGB images without any preprocessing. 
The second used preprocessed images that were segmented using OpenCV before training. 
 
Table1: Table showing the performance of the algorithms 

Algorithm Description Accuracy (%age) 
KNN Traditional baseline      56.84 

SVM Traditional baseline 61.47 
CNN Raw images Deep CNN without preprocessing 80.21 

CNN Preprocessed images Deep CNN with OpenCV segmentation 92.60 
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Figure 6. Graphical representation of algorithm performance 
 
The best CNN model achieved 98.30% accuracy 
in training and 92.60% accuracy in validation. It 
performed much better than the baseline 
models. The confusion matrix showed the best 
results for Brown Spot and Bacterial Leaf Blight, 
with some overlap between Leaf Smut and 
Healthy classes. The average precision was 
91.80%, the recall was 92.30%, and the F1 score 
was 91.50% across all classes, which checks the 
stability and consistency of the model for rice 
disease detection. To understand easily and 
make comparison among the algorithms 
performance that is graphically shown in Figure 
6.  
 
5. Conclusion 
This paper presented a CNN model for 
automatic finding of rice leaf diseases using a 
publicly available dataset. The model yielded a 
validation accuracy of 92.60% which was greater 
than traditional models such as K-Nearest 
Neighbors algorithm (KNN) AND Support 
Vector Machine (SVM). The outcomes show 
that convolutional neural networks can learn 
complex visual features from rice leaves and 
provide accurate classification under different 
field conditions. By using the publicly available 
Rice Diseases Image Dataset, this article 
promotes replicability and gives a solid start for 

future agricultural research. The results show 
that deep learning can keep precision farming by 
improving disease detection and helping to 
increase crop production. 
 
6. Future Work 
Future work regarding this study is proposed as: 

I. Expanding the dataset by adding more 
disease types and environmental conditions to 
improve model accuracy and flexibility. 
II. Testing the model with field images 

captured by drones or mobile devices to check 
its performance in real situations. 
III. Integrating the trained model into 
smart farming systems such as IoT devices and 
mobile applications for real-time monitoring. 
IV. A lightweight version of the models, like 
EfficientNet and MobileNet, for use in limited 
online service areas. 
These suggestions will help to make a reliable 
and automatic system for disease detection that 
can help the farmer to make quick decisions to 
enhance productivity and minimize losses. 
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