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Abstract: Rice production plays a critical role in global food security, particularly in Asia and Africa, where it serves as a 

staple food for billions of people. However, rice cultivation is highly susceptible to foliar diseases such as bacterial leaf blight, 

leaf blast, brown spot, and tungro, which significantly reduce crop yield and grain quality. Traditional disease diagnosis 

relies on manual visual inspection, which is time-consuming, subjective, and often inaccurate, particularly in resource-

constrained farming environments. To address these limitations, this study proposes RiceNet-D169, a deep learning-based 

rice leaf disease detection system built on a modified DenseNet-169 convolutional neural network architecture. An 

experimental research design was adopted to develop and evaluate the proposed model. A publicly available Kaggle dataset 

consisting of 5,932 rice leaf images across four disease classes was utilized. The images were preprocessed through resizing 

and normalization, followed by systematic data augmentation techniques, including rotation, flipping, zooming, and 

brightness adjustment, to enhance dataset diversity and improve model generalization. Transfer learning was employed by 

fine-tuning a pre-trained DenseNet-169 model, while regularization techniques dropout, L2 weight decay, and batch 

normalization were incorporated to reduce overfitting. The dataset was split into training, testing and validation, and the 

model was trained. Experimental results demonstrate that the DenseNet-169 achieved an overall test accuracy of 99.83. The 

model was compared with state-of-the-art approaches, a fine-tuned CNN and ResNet50 transfer learning model 

implemented under the same experimental conditions. The results show that DenseNet-169 outperformed the comparison 

models in terms of accuracy, and stability. 
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I. INTRODUCTION 

 

Rice (Oryza sativa) is among the most important staple 

crops, serving as a major source of calories and livelihood for 

billions of people, particularly across Asia and parts of 

Africa(Seelwal et al., 2024). Stable rice production is 

therefore central to world food security and rural economies. 

However, rice cultivation is highly vulnerable to a range of 

biotic stresses especially foliar diseases like bacterial leaf 

blight, blast, brown spot, and leaf smut which can cause 
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substantial yield loss, reduce grain quality, and increase the 
cost of production (Andargie et al., 2024). In many 

smallholder farming systems, limited access to extension 

services and plant pathology expertise means disease 

outbreaks are often detected late, after irreversible damage 

has occurred (Omuse et al., 2025). 

 

Conventional disease diagnosis commonly depends on 

visual inspection by farmers or agronomists, using observable 

symptoms on leaves and stems. This manual process requires 

a significant amount of time, subjective, and error-prone: 

symptom appearance can vary with disease stage, cultivar, 
environmental conditions, and co-occurring abiotic stresses 

(K. Li et al., 2023). Moreover, expert diagnosis is scarce in 

remote areas, making timely and accurate detection of early 

infections difficult. These limitations motivate development 

of automated, scalable tools that can support fast, accurate 

disease identification in the field. 

 

Recent advances in AI and computer vision most 

notably deep learning offer promising solutions for plant 

disease classification. Deep learning architectures have 

demonstrated leading performance in image classification 

tasks by learning multi-level feature representations directly 
from raw images (Rukuna et al., 2025). In the context of crop 

pathology, deep models can be trained to recognize disease-

specific patterns on leaves, enabling rapid, objective 

screening from photographs taken by smartphones or drones. 

Such systems can potentially enable early intervention, 

targeted treatment, and more efficient use of inputs, thereby 

improving yields and reducing environmental impact 

(S.Venkatramulu et al., 2025). 

 

Despite their potential, deep learning models face 

practical challenges when applied to agricultural imagery. A 
major challenge is overfitting, where models achieve 

excellent performance on the training dataset but struggle to 
generalize to unseen images from different farms, lighting 

conditions, leaf orientations, or varieties (Jiang et al., 2025). 

Overfitting is especially likely when datasets are small, 

imbalanced, or lack variability common situations for 

specialized disease datasets. Another challenge is that real-

world field images often include complex backgrounds, 

partial occlusions, and mixed infections, which increase 

classification difficulty compared to clean, lab-collected 

images (Ying, 2019). 

 

 Contributions 
This study provides significant contributions to the 

advancement of automated plant disease detection. The key 

contributions of this research are outlined below: 

 

 A framework leveraging transfer learning with DenseNet-

169 was developed for rice disease detection. 

 Dropout, L2 weight decay, and batch normalization were 

systematically integrated to reduce overfitting and 

improve generalization performance. 

 A comparative performance evaluation was conducted 

against selected advanced rice disease detection models 
 

II. SUMMARY OF REVIEWED LITERATURE 

 

The use of deep learning techniques for rice disease 

detection has significantly advanced automated disease 

diagnosis, due to its strong performance in handling large, 

complex image datasets. Numerous studies have explored 

various architectures, datasets, and training strategies to 

enhance the accuracy and robustness of disease classification 

systems. These studies collectively highlight the growing role 

of AI in modern agriculture, especially in automating disease 

diagnosis and supporting precision farming. 

 

Table 1 Summary of Reviewed Literature on Rice Leaf Disease Detection 

Author Method Accuracy (%) 

(Pai et al., 2025) Ensemble CNN fuse with GoogLeNet, ResNet-34, 

DenseNet-121, , and VGG-16 

96.81 

(Y. Li et al., 2024) Modified CNN with hyperparameter optimization 96.80 

(Haridasan et al., 2023) CNN with data augmentation 91.45 

(Noorishta Hashmi, 2025) CNN + SVM hybrid model 98.50 

(Ayyappan et al., 2025) CNN-based classifier 97.50 for DenseNet121, 96.32 for 

Xception, 96.25 for EfficientNet-B4, 

96.25 for MobileNetV3 Large 

(Venkatesh et al., 2023) CNN with attention mechanism (CNN-AM) 99.80 

(Latif et al., 2022) Improved CNN with feature enhancement 96.08 

(Daniya & Vigneshwari, 2023) Optimized CNN using Adam optimizer 93.04 

(Deng et al., 2021) Transfer learning with CNN architectures 91.00 

(K. K. Kumar et al., 2025) CNN trained on Indian rice datasets 96.50 

(Kaur et al., 2024) Ensemble model (SqueezeNet + NN classifier) 93.30 

(Gogoi et al., 2023) 3-stage CNN with transfer learning 94.00 

(Mandwariya & Jotwani, 

2024) 

Fine-tuned CNN 93.30 

(Chen et al., 2020) Transfer learning (ResNet50, VGG16) 94.07 

(Rai & Pahuja, 2023) Deep CNN with segmentation 94.11 

(Jain et al., 2022) CNN + Chatbot integration 97.36 

(Dewi et al., 2024) YOLOv8 object detection model 97.00 
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(Kokila et al., 2025) CNN trained with diverse rice leaf dataset ResNet101 82.35, 

DenseNet201 85.23, 
YOLOv5 89.95 

(Rahman et al., 2024) CNN and ResNet50 with image preprocessing CNN 88.00, 

ResNet50 97 

(Jayaraju et al., 2025) Transfer learning (ResNet-50, VGG16) ResNet50 97.57 VGG16 91.63 

 

 Rice Leaf Diseases 

Rice cultivation is highly vulnerable to a range of 

diseases that affect different parts of the plant, including the 

roots, stems, leaves, and grains. Among these, leaf diseases 

are particularly critical because they directly interfere with 

photosynthesis, leading to reduced plant vigor, lower grain 

yield, and poor quality (Lu et al., 2025). These diseases are 

affected by factors including temperature, humidity, and 

rainfall, along with farming practices, the susceptibility of 
rice varieties, and the amount of pathogen inoculum present 

in the field. In regions with warm and humid climates, disease 

outbreaks can occur rapidly, causing severe epidemics that 

threaten food security and farmer livelihoods (Khadka et al., 

2025). 

 

Leaf diseases not only reduce yields but also increase 

production costs through the need for frequent pesticide 

applications and other control measures. In smallholder 

systems, limited access to timely disease diagnosis and 

control technologies often exacerbates their impact, resulting 

in significant economic losses. Effective management 

therefore depends on the early detection and precise 

identification of the causative pathogens, which is essential 

for guiding appropriate interventions (Das et al., 

2025).Several foliar diseases affect rice globally, but this 

study focuses on four of the most economically important: 

Bacterial Leaf Blight, Leaf Blast, Brown Spot, and Tungro. 

 

 Bacterial Leaf Blight 
Bacterial leaf blight is a highly damaging rice disease 

caused by the bacterium Xanthomonas oryzae pv. oryzae. 

This pathogen attacks the leaf tissues and, when conditions 

are favorable, can greatly reduce rice production. Under 

severe outbreaks, losses in grain yield often fall within the 

range of about 20–50 %, and in extreme situations they may 

exceed this level. The disease is common in both tropical and 

subtropical rice-growing regions, particularly where warm 

temperatures and high humidity prevail (Teja et al., 2025). 

 

 
Fig 1 Bacterial Leaf Blight Disease Caused by Xanthomonas oryzae pv 

Source: (Faizal Azizi & Lau, 2022) 

 

 Leaf Blast 

Leaf Blast is a highly destructive fungal infection 

affecting rice, caused by Magnaporthe oryzae. It is 

recognized as one of the most serious threats to global rice 

production, with the potential to cause yield reductions 

ranging from 30% up to complete crop failure under 

favorable conditions. The disease thrives in warm, humid 

environments, particularly in areas with frequent rainfall and 

dense crop canopies, which create conditions ideal for spore 

germination and spread (Devanna et al., 2022). 
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Fig 2 Bacterial Leaf Blight Disease Caused by Magnaporthe oryzae 

Source:(Neupane & Bhusal, 2021) 

 

 Brown Spot 

Brown Spot is a common and economically important 

fungal disease of rice, caused by Bipolaris oryzae (previously 
Helminthosporium oryzae). It is present in nearly all rice-

growing regions and can lead to yield losses from 10% to 

more than 50% during severe outbreaks. The disease is more 

prevalent in rain-fed and upland ecosystems, where nutrient 
deficiencies and water stress make plants more susceptible to 

infection (Bhutia et al., 2025). 

 

 
Figure 3: Brown Spot Disease Caused by Bipolaris oryzae 

Source: (Bhutia et al., 2025) 

 

 Tungro 

Tungro is a significant viral disease of rice caused by 

the simultaneous infection of Rice Tungro Bacilliform Virus 

(RTBV) and Rice Tungro Spherical Virus (RTSV). It is 

mainly transmitted in a persistent manner by green 

leafhoppers of the Nephotettix genus. The disease is 

widespread in South and Southeast Asia and can cause yield 

losses ranging from 5% to 100%, depending on the infection 

stage and environmental conditions. Outbreaks are often 

associated with high vector populations, continuous rice 

cultivation, and overlapping cropping seasons, which allow 

the virus to persist and spread rapidly (Dey et al., 2024). 
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Fig 4 Tungro Disease Caused by the Combined Infection of Bacilliform and Spherical Virus. 

Source: (G. Kumar et al., 2021) 

 

III. MATERIALS AND METHODS 

 

This section describes the dataset used in this study, the 

preprocessing and augmentation techniques applied, the deep 

learning architecture adopted, and the experimental setup 

employed for model training and evaluation. The overall 

framework integrates transfer learning using DenseNet-169 

with systematic regularization strategies to enhance 

classification performance and generalization capability. 

 Dataset Description 

The dataset for this research was sourced from a 

publicly accessible repository on Kaggle: 

https://www.kaggle.com/datasets/nirmalsankalana/rice-leaf-

disease-image, consisting comprising rice leaf images 

classified into four disease categories: Bacterial Leaf Blight, 

Leaf Blast, Brown Spot, and Tungro. The dataset contains 

5,932 rice leaf images. 

 

Table 2 Distribution of Classes in the Rice Disease Dataset 

Classes Number of Images 

Bacteria Blight 1584 

Leaf Blast 1440 

Brown Spot 1600 

Tungro 1308 

Total 5932 

 

 RiceNet-D169 System Architecture 

The overall framework of the RiceNet-D169 system is 

illustrated in figure 5. The process begins with image 

acquisition from rice plants, followed by image 

preprocessing, which includes resizing and normalization. To 

increase dataset diversity and strengthen model robustness, 

data augmentation techniques were employed. 

 

The augmented dataset was then split into training and 

testing. The training data were fed into the DenseNet-169 

model for feature extraction and classification. 

Regularization techniques, including dropout and L2 weight 

decay, were integrated into the training process to reduce 

overfitting and enhance generalization capability. The 

model’s performance was assessed using standard 

classification metrics prior to generating the final disease 

classification results. 
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Fig 5 Architecture of the RiceNet-D169 System 

 

 Model Architecture and Training 

The RiceNet-D169 system introduces a modified deep 

learning workflow for rice leaf disease detection and 

classification using the DenseNet-169 architecture. The 

system incorporates systematic data augmentation and 

regularization techniques to enhance model robustness and 

reduce overfitting. DenseNet-169 was chosen as the 
backbone architecture because its dense connectivity 

facilitates better feature propagation and helps alleviate the 

vanishing gradient issue. Transfer learning was applied by 

initializing the network with pre-trained weights, and the final 

classification layer was adapted to predict four output classes. 

To improve generalization, dropout, L2 regularization, and 

batch normalization were incorporated during training. The 

model was trained over 30 epochs using a suitable optimizer 

and learning rate setup, with hyperparameters chosen 

according to validation performance. 

 

 Performance Evaluation Metrics 
The performance of the model was evaluated using four 

widely used classification metrics: accuracy, precision, recall, 

and F1-score. In addition, a confusion matrix was employed 

to examine class-level predictions and identify possible 

misclassification patterns. 

 

 Accuracy 

Accuracy represents the proportion of correctly 

predicted samples among all predictions made by the model. 

It reflects the overall effectiveness of the classifier in 

identifying both positive and negative instances correctly. 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠  

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 
 

 

 Precision 

Precision indicates the reliability of positive 

predictions. It measures the fraction of correctly predicted 

positive samples relative to all samples predicted as positive. 

A higher precision value means that the model produces 

fewer false positive predictions. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

 

 Recall 

Recall, also referred to as sensitivity or true positive 

rate, measures the proportion of actual positive instances that 

are correctly identified by the model. It evaluates the model’s 

ability to capture all relevant positive samples. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 

 

 F1-score 

The F1-score combines precision and recall into a single 

metric by computing their harmonic mean. It provides a 

balanced evaluation of the model, particularly when dealing 

with imbalanced datasets. 
 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

IV. RESULTS AND DISCUSSION 

 

This section presents the experimental results obtained 

using the DenseNet-169 model and provides a detailed 

discussion of its classification performance. The model was 

evaluated using standard performance metrics and compared 

with baseline architectures to determine its effectiveness. 
 

 Training Performance Analysis 

Figure 6 illustrates the training and validation accuracy 

and loss curves across 30 epochs. The model demonstrated 

rapid convergence during the early training phase, with 

training accuracy increasing from approximately 78% to 

nearly 99.9% within the first ten epochs. Validation accuracy 
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followed a similar trend, stabilizing around 99% with 
minimal fluctuations. 

 

The loss curves show a rapid decline during the early 

epochs, with training loss decreasing from about 0.70 to 

nearly zero and validation loss dropping from approximately 
0.22 to 0.01. The close alignment of both curves indicates 

stable learning. 

 

 
Fig 6 Training and validation accuracy and loss curve 

 

 Classification Performance Evaluation 

The classification performance of the DenseNet-169 model on the test set is presented in table 3. DenseNet-169 achieved an 

overall accuracy of 99.83%, indicating excellent discriminative capability across the four rice leaf disease classes. 

 

Table 3: Classification Report of DenseNet-169 on test dataset 

 Precision Recall F1-score Support 

Bacterial blight 1.000000 1.000000 1.000000 159.000000 

Blast 0.992754 1.000000 0.996364 137.000000 

Brown spot 1.000000 0.994125 0.997067 171.000000 

Tungro 1.000000 1.000000 1.000000 126.000000 

Accuracy 0.998314 0.998314 0.998314 0.998314 

Macro avg 0.998188 0.998538 0.998358 593.000000 

Weighted avg 0.998326 0.998314 0.998314 593.000000 

 

The classification report shows near-perfect precision, 

recall, and F1-score for all classes. Bacterial Blight and 

Tungro achieved perfect detection performance with 

precision, recall, and F1-score values of 1.000. Brown Spot 

recorded a precision of 1.000 and recall of 0.994, while Blast 
achieved a precision of 0.993 and recall of 1.000. The macro-

average and weighted-average F1-scores of 0.9984 and 

0.9983 further confirm the balanced and consistent 

performance of the model across all classes. 

 

To further analyze prediction behavior, the confusion 
matrix is illustrated in figure 7. 

 

 
Fig 7 Confusion Matrix on Test Data 
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The confusion matrix demonstrates that all 159 
Bacterial Blight samples, 170 Brown Spot samples, and 126 

Tungro samples were correctly classified. For the Blast class, 

137 out of 138 samples were correctly predicted, with only 

one instance misclassified as Brown Spot. This single 

misclassification represents the only error in the entire test 

set, highlighting the model’s strong ability to distinguish 

between visually similar disease patterns. 

 

The pronounced diagonal in the confusion matrix 

indicates the robustness and generalization ability of the 

proposed framework. The minimal misclassification further 
validates the effectiveness of transfer learning combined with 

systematic regularization and data augmentation strategies. 

 

 Performance Comparison with State-of-the-Art Models 

To ensure a fair evaluation, two state-of-the-art models 

a fine-tuned CNN and a ResNet50 transfer-learning model 

were re-implemented and trained using the same rice leaf 

disease dataset and experimental settings as the proposed 

DenseNet-169 model. 

The CNN achieved 99.34% accuracy, showing strong 
performance but minor instability and occasional 

misclassification. ResNet50 obtained 93.09% accuracy, 

demonstrating moderate stability but more classification 

errors. In contrast, DenseNet-169 achieved the highest 

accuracy of 99.83%, exhibiting superior generalization and 

overall classification performance. 

 

Figure 8 illustrate training and validation accuracy 

curves of CNN, ResNet50, and DenseNet-169 over 30 

epochs. 

 
The CNN model demonstrates rapid initial learning but 

exhibits slight fluctuations, indicating mild instability and 

limited robustness. ResNet50 presents smoother learning 

behaviour but achieves lower overall accuracy compared to 

DenseNet-169. The proposed DenseNet-169 converges faster 

and maintains minimal gap between training and validation 

accuracy, reflecting strong generalization and stable learning 

throughout the training process. 

 

 
Fig 8 Training Accuracy Comparison of CNN, ResNet50 and DenseNet-169 

 

Figure 9 illustrates the training and validation loss 

curves for the three architectures. 

 

The CNN loss curve shows noticeable mid-training 

fluctuations, suggesting optimization instability and mild 

overfitting. ResNet50 demonstrates smoother and more 

stable loss reduction but converges more slowly and at higher 

loss values. DenseNet-169 exhibits the most efficient 

convergence, with both training and validation loss rapidly 

decreasing and stabilizing near zero, indicating robust feature 

learning and excellent generalization capability. 

 

 
Fig 9 Training Accuracy Comparison of CNN, ResNet50 and DenseNet-169 
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Figure 10 compares the confusion matrices of CNN, 
ResNet50, and DenseNet-169 on the test dataset. 

 

The CNN model achieved high classification 

performance but showed a few misclassifications, 

particularly between Bacterial Blight and Blast. ResNet50 

produced more distributed errors across multiple classes, 

indicating difficulty in distinguishing visually similar disease 
patterns. 

 

In contrast, DenseNet-169 demonstrated near-perfect 

performance, with only one misclassification in the Blast 

category. This result confirms its superior generalization 

ability and stronger class discrimination compared to the 

other models. 

 

 
Fig 10 Confusion Matrix Comparison of CNN, ResNet50 and DenseNet-169 

 

Table 4 Summary of Model Performance Based on Test Accuracy 

Class Model Accuracy 

Proposed DenseNet-169 99.83% 

(Mandwariya & Jotwani, 2024) Fine-tuned CNN 99.34% 

(Jayaraju et al., 2025) Resnet50 93.09% 

 
The results show that DenseNet-169 outperforms other 

models, achieving the highest accuracy and demonstrating 

better feature learning and generalization, making it a more 

reliable and robust choice for rice leaf disease detection than 

traditional CNNs and ResNet50. 

 

 Discussion 

The study demonstrates that DenseNet-169 successfully 

achieved all research objectives, including accurate detection 

of four major rice leaf diseases, improved generalization 

through regularization, enhanced dataset diversity via 
augmentation, and strong benchmarking against state-of-the-

art models. The model showed rapid, stable learning without 

overfitting, aided by dropout, weight decay, and batch 

normalization. Data augmentation improved robustness to 

real-world variations, contributing to a high test accuracy of 

99.83%. Evaluation metrics confirmed near-perfect 

precision, recall, and F1-scores, with only one 

misclassification, highlighting DenseNet-169’s ability to 

distinguish subtle disease features. Compared to a fine-tuned 

CNN (99.34% accuracy) and ResNet50 (93.09% accuracy), 

DenseNet-169 exhibited smoother convergence, superior 

feature reuse, and stronger gradient propagation, making it a 
more reliable and effective architecture for rice leaf disease 

classification. 

 

 

V. CONCLUSION 
 

The study successfully developed a DenseNet-169-

based deep learning model for classifying four major rice leaf 

diseases, demonstrating exceptional accuracy (99.83%) and 

robust performance. The model leveraged extensive data 

augmentation and regularization techniques, ensuring strong 

generalization, stable convergence, and effective learning of 

fine-grained visual features. Compared to state-of-the-art 

alternatives, including a fine-tuned CNN and ResNet50, 

DenseNet-169 outperformed in accuracy, stability, and its 
ability to differentiate diseases with overlapping symptoms. 

The results confirm its reliability as an automated diagnostic 

tool, capable of supporting early disease detection, enhancing 

decision-making in rice farming, and contributing to 

precision agriculture practices. Furthermore, the model’s 

adaptability suggests potential deployment in mobile apps, 

real-time field monitoring, and integration into broader crop 

management systems, offering practical value for farmers and 

agricultural stakeholders. 
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