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ABSTRACT

Accurate and prompt detection of rice leaf diseases is vital for ensuring healthy crop yields and
preventing major agricultural losses. This study proposes an advanced method for diagnosing rice
leaf diseases using the DenseNet architecture, a leading deep learning model acclaimed for its
efficiency and superior performance. Our approach employs the DenseNet-201 model to classify
Ten rice leaf diseases using an extensive dataset of 15,050 images. The proposed model exhibits
exceptional accuracy and robustness, achieving a validation accuracy of 98.5% and a macro
average F1-score, precision, and recall of nearly 0.99. The DenseNet-201 model’s architecture,
characterized by densely connected convolutional networks, facilitates efficient feature reuse and
alleviates the vanishing gradient problem, enhancing its performance. We trained the model over
multiple epochs, monitoring accuracy and loss metrics to ensure optimal learning and
generalization. Our results indicate that the DenseNet-based approach greatly surpasses traditional
machine learning methods, providing a dependable tool for farmers and agronomists to identify
and diagnose rice leaf diseases early. The model's high precision and recall scores across all
disease categories highlight its capability to accurately distinguish between different disease types
with minimal misclassification. To revolutionize agricultural practices by introducing automated,
high-precision disease detection systems. Future work will focus on deploying this model on
mobile and edge devices to enable real-time disease monitoring and management in the field,

ultimately contributing to sustainable agricultural productivity and food security.
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CHAPTER 1
INTRODUCTION

Introduction

Agriculture is a vital sector in Bangladesh, essential for ensuring food security, reducing
poverty, and promoting economic development. As the global population is projected to
reach 9.7 billion by 2050 and 11.2 billion by the end of the century, increasing crop
productivity is imperative despite numerous challenges such as pests, weeds, pathogens,
nutrient deficiencies, water scarcity, soil degradation, and limited arable land. Advances in
technology, particularly computer vision (CV) and machine learning (ML), offer promising
solutions to enhance crop productivity by automating crop inspection through in-situ and
ex-situ imaging techniques. Rice, a staple food for over half of the world's population, is a
significant source of protein and energy. With the rising global population, the demand for
rice continues to grow, necessitating an increase in rice productivity by over 40% by 2030.
However, rice plant diseases significantly impact productivity, causing considerable
financial losses and increasing the reliance on pesticides. The excessive use of pesticides
raises production costs and poses serious environmental and health risks.Recent
developments in computer-aided diagnosis (CAD) models provide innovative ways to
monitor crop diseases and pests using plant images. Automated rice disease diagnosis
models can help prevent and control diseases, reduce financial losses, decrease pesticide
residue, and improve crop quality and yield. Developing such models requires advanced
image processing techniques, including preprocessing, segmentation, feature extraction,
and classification.Traditional methods for detecting rice leaf diseases rely on expert visual
inspections, which are time-consuming, costly, and prone to errors. In contrast, machine
learning and deep learning (DL) approaches offer efficient, accurate, and scalable solutions
for identifying plant diseases and recommending appropriate treatments. Despite the
potential of these approaches, limited research has focused on applying ML and DL models
specifically to rice plant disease detection.This study proposes an effective deep learning-
based model for detecting and classifying rice plant diseases using the DenseNet-201
architecture. DenseNet-201 is selected for its ability to alleviate the vanishing gradient

problem. The proposed model involves several vital processes, including data

©Daffodil International University 1



preprocessing, fuzzy c-means-based segmentation, DenseNet-201-based feature
extraction, and multilayer perceptron (MLP) model classification. The deep features

extracted from DenseNet-201 are integrated with the MLP classifier.

Motivation

The motivation for this research stems from the critical need to improve rice crop health
and productivity. Rice is a cornerstone of food security for more than half of the global
population, making it essential to address any factors that threaten its yield and quality.
One of the primary challenges in rice cultivation is the prevalence of leaf diseases caused
by various pathogens. These diseases can lead to significant crop losses if not identified
and managed promptly. Traditional disease detection methods, which rely on expert
manual visual inspections, are labour-intensive, time-consuming and prone to human error
and subjectivity. This approach is particularly impractical for large-scale farming and in
regions needing more access to agricultural specialists.

Consequently, there is an urgent need for innovative solutions that can provide accurate,
efficient, and scalable disease detection. Advancements in machine learning and intense
learning offer promising opportunities to revolutionize agricultural practices.
Convolutional Neural Networks (CNNs) have already demonstrated high accuracy in
image classification tasks across various domains [1]. Among these, the DenseNet
architecture stands out for its ability to reuse features efficiently, mitigate the vanishing
gradient problem, and maintain a high level of performance with fewer parameters. This
research uses the DenseNet-201 model to develop a robust system for identifying rice leaf
diseases. By improving the accuracy and speed of disease detection, this study seeks to
provide a valuable tool for farmers and agronomists. The ultimate goal is to enhance crop
management, reduce losses, and support sustainable agricultural practices, contributing to

food security and economic stability in rice-dependent regions. [2]
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Research Objectives

Detecting rice leaf diseases is critically important for several specific reasons. Firstly, rice
is a fundamental staple for over half of the world's population, making it essential to
maintain high yields and quality to ensure food security. Diseases such bacterial leaf blight,
leaf blast, brown spot, narrow brown spot, leaf scaled, neck blast , tungro and sheath blight
can drastically reduce both the quantity and quality of rice production, leading to
significant economic losses for farmers. Early and accurate detection of these diseases
enables timely intervention, allowing farmers to apply precise treatments to affected areas.
This targeted approach helps to contain the spread of the disease, minimizing crop loss and
ensuring healthier plants. By catching diseases early, farmers can avoid the extensive use
of broad-spectrum pesticides, which not only reduces costs but also mitigates negative
environmental impacts and health risks associated with chemical overuse.Effective disease
detection also supports sustainable agriculture practices [3]. By reducing the reliance on
pesticides, it promotes environmental health and preserves beneficial organisms in the
ecosystem. Furthermore, accurate disease identification provides essential data for
developing disease-resistant rice varieties, enhancing the resilience of crops to future
disease outbreaks.In addition, reliable detection methods can improve crop management
strategies. Farmers can better plan their planting and harvesting schedules, optimize
resource allocation, and improve overall farm productivity. For agricultural policymakers
and researchers, accurate disease detection data is invaluable for monitoring crop health at

a regional level, predicting outbreaks, and implementing preventative measures.

Research Questions

Almost every mechanism contains a complex component that makes one ponder how
everything functions. Issues arise that might have been preventable. If persistent problems
exist, they need to be thoroughly explained and detailed. The questions we have been
considering from the very beginning are:

e Which part of the plant, roots or leaves, is more suitable for health monitoring?

e What are the most suitable algorithms for detecting diseases?

e What are the practical data preprocessing methods?

e Can we achieve the highest level of precision?
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Report Layout

Chapter 1: Introduction
e Overview of the importance of agriculture in Bangladesh and the challenges faced in

rice cultivation.

o Motivation and research objectives for improving rice crop health and productivity

through early disease detection using machine learning.

Chapter 2: Background
o Discuss the current state of rice leaf disease detection, related works, and the scope of

the problem.

Chapter 3: Research Methodology
o Detailed explanation of the research objectives, data collection, and the

methodologies employed.
o Description of the dataset, preprocessing techniques, and the DenseNet-201 model.

Chapter 4: Experimental Results and Discussion
e Analysis of the experimental results, including the model accuracy, precision, recall,

F1 score
« Discussion on the implications of the findings for agriculture and the environment.

Chapter 5: Impact on Society, Environment, and Sustainability
o Exploration of the proposed model's societal, environmental, and sustainability

impacts.

Chapter 6: Conclusion and Future Work

e Summary of the study, conclusions, and suggestions for future research directions.
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CHAPTER 2
BACKGROUND

Introduction

Many of our population depends on agriculture, benefiting from favourable climate
conditions to cultivate various crops. Despite these ideal conditions, many farmers need
more knowledge to identify crop diseases, leading to delayed or incorrect diagnoses and
substantial crop losses.

To address this issue, we employ Convolutional Neural Networks (CNNSs), particularly the
DenseNet-201 model, to improve the identification and diagnosis of rice leaf diseases.
CNNs are highly effective for image processing, making them ideal for analyzing rice leaf
photographs. [4] Our approach involves training the DenseNet-201 model on a large
dataset of labelled rice leaf images. This architecture is renowned for its efficient feature
reuse and ability to mitigate the vanishing gradient problem, enhancing its performance in

complex image classification tasks.

The model's accurate classification of multiple rice leaf diseases aims to provide farmers
with a reliable tool for early disease detection. This simplifies the disease identification
process, enabling quick and accurate diagnoses and prompt action to manage and control
crop diseases. Sample images used in training, illustrated in Fig 1 and 2, demonstrate the

model's practical application.

Fig 1: Healthy Rice Leaf Fig 2: Unhealthy Rice Leaf
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Related Works

Recent advancements in detecting and classifying rice leaf diseases have leveraged the
power of ML and DI. However, the techniques resulted in notable improvements in
accuracy and efficiency.

Sladojevic et al. employed the caffeine deep learning framework to detect plant diseases,
achieving an impressive accuracy of 96.77% using a dataset of 25,889 images. [5] Ahmed
et al. focused on three major paddy leaf diseases, utilizing four different machine learning
models with a 10-fold cross-validation technique, although specific accuracy metrics
needed to be more detailed. [6] Chen et al. developed a bacterial blast leaf disease
detection model that integrates IoT and Al technologies for real-time analysis, though their
accuracy metrics were not specified. [7]

Sethy et al. created a prototype to measure the severity of paddy diseases using fuzzy logic
and segmentation techniques, achieving notable accuracy in the classification process. [8]
Ramesh et al. explored the recognition and classification of paddy leaf diseases using a
combination of deep neural networks (DNNs) and K-means clustering for image
segmentation, achieving high accuracy with KNN and ANN algorithms, although exact
figures were not provided. [9] Ghosal et al.leveraged transfer learning techniques with a
customized VGG-16-based architecture, demonstrating improved rice leaf disease
classification performance with a reported accuracy of 95%. [10]

Mique et al. proposed a novel model using the Inception-v3 architecture, retraining the
final layer specifically for rice disease datasets, significantly improving classification
accuracy to 97%. [11] Lu et al. introduced a custom CNN model inspired by LeNet and
AlexNet, achieving an accuracy of 95.48% and comparing the performance of various
classifiers such as BP, SVM, and PSO for rice disease classification. These studies
underscore the effectiveness of deep learning, particularly convolutional neural networks
(CNNs), in enhancing the accuracy of rice leaf disease detection. [12] However,
challenges such as the need for high-quality, balanced datasets and variability in image

quality persist, highlighting areas for future research and development.
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Scope of the problem

Rice cultivation faces significant challenges due to various leaf diseases caused by bacteria,
fungi, and viruses, leading to substantial yield losses and economic hardships for farmers.
Traditional manual inspection methods for disease detection are time-consuming, labour-
intensive, and prone to errors, making timely and accurate diagnosis difficult. This issue is
exacerbated in large-scale farming and regions needing more agricultural experts. Reduced
rice yields threaten food security, particularly in areas where rice is a staple, and
misdiagnosis often leads to the overuse of chemical pesticides, causing environmental and
health problems. Many farmers in rural and developing regions need more access to
advanced agricultural technologies due to high costs and limited technical knowledge.
Furthermore, developing effective machine learning models for disease detection requires
high-quality, diverse datasets, which are challenging to obtain. Addressing these issues
involves creating automated, scalable disease detection systems using advanced machine
learning techniques to support sustainable agriculture and enhance crop productivity.

Challenges

Using the DenseNet-201 model we have developed, our goal is to achieve the highest
possible level of precision in detecting rice leaf diseases. We require a large, high-quality
dataset comprising comprehensive images of rice leaves to accomplish this. A significant
challenge during this study was the diversity of data sources, as our dataset includes images
from various regions, each with different environmental conditions and disease
manifestations. The variability in the dataset presented difficulties in ensuring consistent
and accurate comparisons between different disease stages. [13] Our model aims to detect
diseases at both early and late stages, which adds complexity to the classification process.
By focusing on young leaves, our approach allows management. This early detection is
crucial for maintaining crop health and preventing the spread of diseases.Additionally, the
model's ability to generalize across different conditions and disease variations is essential
for its practical application in real-world scenarios. Ensuring the model performs well with

diverse data helps enhance its reliability and utility for farmers in various regions. By
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continuing to refine our model and expanding our dataset, we aim to improve the accuracy
and robustness of our disease detection system, ultimately supporting better crop

management and higher agricultural productivity.
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CHAPTER 3
RESEARCH METHODOLOGY

Introduction

This section of the paper outlines our research objectives and the methodologies
employed. It provides a detailed overview of the data collection processes and the
actionable strategies we implemented. Specifically, it emphasizes the targeted application
and practical realization of our methods. This section also aims to establish the credibility
of our data collection efforts, demonstrating how we intend to utilize these methods to
classify rice leaf diseases. Here, we will discuss the research methodologies, tools, and
techniques used to develop our model and achieve accurate disease detection. The focus
will be on the comprehensive approach we adopted, including data preprocessing, model

training, and evaluation metrics, to ensure the robustness and reliability of our results.

Research Subject and Instrumentation

This research focuses on developing a reliable approach for classifying and detecting rice
leaf diseases using the advanced DenseNet-201 model. Rice, a critical staple crop globally,
is highly susceptible to diseases that significantly impact yield and quality. Essential for
effectively managing and mitigating crop losses. Our study aims to develop a robust model
that identifies multiple types of rice leaf diseases from image data, facilitating early
detection and appropriate intervention. High-resolution images of diseased rice leaves
were collected from diverse sources under varying environmental conditions to achieve
this. These images underwent preprocessing techniques like resizing, normalization, and
augmentation to enhance quality and diversity. The DenseNet-201 model, known for its
superior feature extraction capabilities, was trained on this annotated dataset with
hyperparameter optimization to ensure high accuracy. [14] To rigorously evaluate the
models. Implementation was carried out using Python and deep learning libraries like
TensorFlow and Keras, with high-performance computing resources to manage the

intensive computational requirements. This approach aims to create a reliable and
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effective system for early detection and classification of rice leaf diseases, supporting

better agricultural practices and contributing to sustainable farming and food security.

Data Description

Collecting relevant data is essential in any study, particularly for accurately detecting and
classifying rice leaf diseases. This research has compiled a comprehensive dataset of
15,050 images categorized into ten distinct classes. These classes include Bacterial Leaf
Blight, Brown Spot, Narrow Brown Spot, Healthy, Leaf Blast, Leaf Scald, Neck Blast,
Rice Hispa, Sheath Blight, and Tungro. The images were sourced from various regions,
capturing diverse environmental conditions to enhance the model's generalization
capability.

All collected images are stored in a space-saving JPG format, and their colour spaces are
calibrated to the RGB standard. To streamline the training process and reduce
computational load, the images were downscaled to a resolution of 150 by 150 pixels. This
method speeds up training by reducing the complexity of the image data while preserving
essential features for accurate disease classification.

The percentage distribution of the dataset across the ten classes is illustrated in Fig 3.

Dataset Distribution
Bacterial Leaf Blight Tungro

Brown Spot
. Sheath Blight

Healthy

Rice Hispa

Leaf Blast Neck Blast

Narrow Brown Spot

Leaf Scald

Fig 3: Dataset Ratio
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To enhance the quality of the dataset, several preprocessing steps were applied.
Techniques such as histogram equalization and noise reduction were used to improve
image clarity. Additionally, data augmentation methods, including rotation, flipping, and
zooming, were implemented to increase the variability and robustness of the training data.

Normalization was performed using the Z-score method to ensure that all pixel values are
standardized, optimizing the model's performance. In the following Fig
4,5.6.7.8.9.10.11.12.13 shows the sample picture of collected dataset.

Fig 5: Brown Spot
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Fig 6: Healthy

|

Fig 7: Leaf Blast

Fig 8: Leaf Scaled

Fig 9: Narrow Brown Spot
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Fig 10: Neck Blast
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Fig 12: Sheath Blight
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Statistical Analysis

The dataset used for this study initially contained high-resolution images. However, to
enhance training efficiency and manage computational resources effectively, the images
were downscaled to 150x150 pixels. This resizing significantly reduced the training time
while maintaining the necessary detail for accurate disease classification. No further
preprocessing was applied to the images to retain their original characteristics.
Normalization was performed using the Z-score method, transforming the pixel values to
have a mean of 0 and a standard deviation of 1. This standardization improves the training
efficiency and model performance. [15] We employed techniques such as Data
Augmentation, rotation, flipping, zooming and shifting to increase the dataset's variability
and robustness. These methods create a diverse training set, enhancing the model's

generalization ability to new, unseen data.

Proposed Methodology

The dataset for this study consists of 15,050 images, categorized into ten classes: Bacterial
Leaf Blight, Brown Spot, Narrow Brown Spot, Healthy, Leaf Blast, Leaf Scald, Neck
Blast, Rice Hispa, Sheath Blight, and Tungro. These images were sourced from various
agricultural regions and open-source databases to ensure diversity and
comprehensiveness, capturing different environmental conditions and disease
manifestations. To prepare the images for training, they were resized to 150x150 pixels
for standardization. Pixel values were normalized using the Z-score method to improve
training efficiency and performance. Data augmentation techniques such as rotation,
flipping, zooming, and shifting were applied to enhance dataset variability and robustness,
helping the model generalize better. The DenseNet-201 model was selected for its superior
feature extraction capabilities and efficiency in handling deep learning tasks. Utilizing
densely connected convolutional networks, DenseNet-201 enhances feature propagation
and reuse, addressing the vanishing gradient problem effectively. The dataset was split
into training (70%), validation (20%), and test sets (10%) to ensure thorough evaluation.
The model was initialized with pre-trained weights from the ImageNet dataset, leveraging
existing knowledge for accelerated training. They were fine-tuning, which involved

freezing initial layers and retraining later layers specific to the classification task. They
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used hyperparameters like batch size and learning rate, with the Adam optimizer chosen

for its efficiency and adaptability.

Model performance was evaluated using metrics including accuracy, precision, recall, F1-
score, and confusion matrix, providing a comprehensive assessment. The implementation
used Python and deep learning libraries like TensorFlow and Keras, with high-
performance GPUs handling the intensive computational demands. This approach aims to
develop a reliable and efficient system for early detection and classification of rice leaf
diseases, supporting better agricultural practices, enhancing crop management, and

contributing to food security and sustainable farming.

Proposed Model Workflow

— e Data Pre-
Dataset Images Processing

Data Faaturs Extraction
. —
Augmentation

=3
A l

DenselNet201

Fig 14: Proposed Model Workflow
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CNN (Convolutional Neural Network)

The Convolutional Neural Network (CNN) architecture for rice leaf disease detection
involves several critical components. It starts with the input image, a 150x150 RGB image
of a rice leaf. The first component is the convolutional layer, which filters the image to
detect local features and produce feature maps. Next, the pooling layer performs
downsampling operations like max pooling, reducing the spatial dimensions of the feature
maps while retaining essential information. These feature maps are then flattened into a

single vector, transitioning from a 2D structure to a 1D vector suitable for dense layers.

The flattened vector is passed through dense (fully connected) layers, where each node
connects to every node in the previous and subsequent layers, combining the extracted
features to make predictions. Generate probabilities for each class, such as Bacterial Leaf
Blight or Brown Spot, ensuring the sum of probabilities equals one and provides a precise
prediction.

This CNN architecture effectively combines dense layers for classification, making it

highly suitable for detecting and classifying rice leaf diseases.
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Fig 15: CNN Architecture
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DenseNet201

The provided diagram illustrates a custom neural network architecture based on
DenseNet201, designed for image classification tasks. It starts with an input layer that
accepts images of size 150x150 pixels with three color channels (RGB). The model
employs a DenseNet201 feature extractor, consisting of four dense blocks and three
transition layers. Each dense block includes multiple convolutional layers with dense
connectivity, meaning every layer within a block is connected to every other layer in a
feed-forward manner, enhancing feature propagation and mitigating the vanishing gradient
problem.Transition layers between dense blocks consist of batch normalization,
convolutional, and pooling layers that reduce the spatial dimensions and the number of
feature maps. After the final dense block, a global average pooling layer is applied, which
averages each feature map to produce a single vector. This step helps in reducing
overfitting and the number of parameters.The pooled vector is then passed through custom
classification layers. First, a flatten layer converts the vector into a single-dimensional
array, followed by a fully connected layer with 512 units and ReL.U activation, coupled
with a dropout layer to prevent overfitting. This is followed by another fully connected
layer with 256 units and ReLU activation, also followed by a dropout layer. The final layer
is a softmax output layer that produces probabilities for each class, allowing for multi-class
classification. This combination of DenseNet201 for feature extraction and custom layers

for classification creates a robust model suitable for complex image classification tasks.

Dense Block 1

~
©

%
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n
—
%
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—
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Transition Layer 1
Dense Block 2
Transition Layer 2
Dense Block 3
Transition Layer 3
Dense Block 4
Global Average Pooling
Dense (512 units, ReLU)
Dropout (0.2)
Dense (256 units, RelLU)
Dropout (0.2)
Output (Softmax)

Fig 16: DenseNet201 Architecture
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Model Compiling

The model compilation process for the DenseNet-201 architecture used in rice leaf disease
detection begins with loading the DenseNet-201 model without its top layer and using pre-
trained ImageNet weights. A global average pooling layer is added to reduce the feature
maps' dimensions, followed by a final layer, with ten units and softmax activation, which
outputs probabilities for the ten disease classes—Iloss- and accuracy as the performance
metric.

Data augmentation is applied to the training data using the “ImageDataGenerator’, which
includes rescaling, shear range, zoom range, and horizontal flipping. Callbacks such as
"ModelCheckpoint™, "EarlyStopping’, and "ReduceLROnPlateau” enhance training. The
model is trained using these generators and callbacks, ensuring robust training and

improved generalization for accurate rice leaf disease detection.

Implementation Requirement

Hardware Requirements

1. High-Performance Computing (HPC) Environment:

e GPU: At least one NVIDIA GPU (e.g., GTX 1080 Ti or better) to
handle the intensive computational demands of training the DenseNet-
201 model.

e CPU: A multi-core processor (e.g., Intel Core i7 or AMD Ryzen 7) to
manage data preprocessing and other operations.

e RAM: A minimum of 16 GB of RAM ensures smooth data handling
and model training processes.

e Storage: SSD storage with at least 500 GB capacity to store the dataset,
model checkpoints, and other related files.

©Daffodil International University 18



Software Requirements

1. Operating System:

e A 64-bit operating system such as Ubuntu 18.04+ or Windows 10.

2. Programming Environment:

e Python: Python 3.7 or later for scripting and running the model.
e Jupyter Notebook: For an interactive environment to write and debug
code.

3. Deep Learning Libraries:

e TensorFlow: TensorFlow 2. x for model building and training.
e Keras: Keras is the high-level API for TensorFlow.
4. Additional Libraries:

e numpy: For numerical computations.

e Pandas: For data manipulation and analysis.

e matplotlib: For visualizing data and results.

e scikit-learn: This is for additional machine learning tools and metrics.
e h5py: For saving and loading model weights.

e opencv-python: For image preprocessing and augmentation.
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CHAPTER 4

EXPERIMENTAL RESULTS AND DISCUSSION

Introduction

This chapter centres on the detailed analysis of the data used in our research and the
experimental outcomes of our project on rice leaf disease detection using the DenseNet-
201 model. Testing and evaluating every potential method and theory is essential to ensure
comprehensive results. Applying sound judgment through rigorous testing yields
dependable outcomes. We have successfully validated our vision by utilizing the proposed
strategy as a flexible framework. This section discusses the internal and external
significance of the framework employed, providing an in-depth analysis of the model's
performance. Furthermore, it outlines the initial and final parameters of the model's
construction, showcasing its capability and robustness in practical applications. This
thorough analysis helps understand the effectiveness of the DenseNet-201 model in
accurately classifying rice leaf diseases and underscores the importance of each component

in achieving the desired outcomes.

Experimental Results

In this research, multiple metrics were utilized to assess the effectiveness of the DenseNet-
201 model for detecting rice leaf diseases. While various studies use a combination of
indicators to gauge success, some rely on a single metric. Here, we evaluate the model
using accuracy, graphical performance, and the confusion matrix. We developed an
extensive CNN model using DenseNet-201, incorporating a transfer learning approach.
The model's performance was monitored using the Adam optimizer and fine-tuned with
categorical cross-entropy loss. Transfer learning involved using the Keras library and
associated tools to apply pre-trained weights. [16] We modified the pre-trained model by
removing the final layers and adding customized layers, making the pre-existing weights

suitable for our specific output dimensions for classifying ten rice leaf disease categories.
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The figures below illustrate the training results: Fig-17 depicts the improvement in

accuracy over epochs, while Fig-18 shows the reduction in loss during the training process.
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Fig 17: Accuracy Vs Epoch Graph
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Fig 18: Accuracy Vs Data Loss Graph

After being evaluated, our DenseNet-201 model demonstrated outstanding performance,

achieving a 98.5% accuracy rate.
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DenseNet-201 Model Performance

Algorithm Accuracy Precision Recall F1-Score
DenseNet-201 98.5% 98.6% 98.5% 98.5%
Discussion

Confusion matrices have gained popularity as a robust tool for evaluating the efficacy of
classification methods. When dealing with datasets with significant class imbalances or
multiple classes, relying solely on classification accuracy can be misleading. Calculating a
confusion matrix can give deeper insights into a classification model's strengths and
weaknesses.

A confusion matrix provides an optical representation of an algorithm's output, displaying
the number of correct and incorrect predictions. It effectively compares. This comparison
helps us understand how well the model performs across different classes and identifies
areas where it may struggle.positives (FP), and false negatives (FN). This comparison helps
in understanding how well the model performs across different classes and identifies areas
where it may struggle.

TP+TN

Accuracy = TN N

Here, TP= True Positive, TN= True Negative, FN= False Negative, FP= False Positive.

[[275 @ 1 © 1 © © © o @]
[ 287 3 2 © 4 © © o @]
[ © 1298 © © @ © © o 0]
[ @ 2 135 @ 3 o @ o o]
[ e © @ 2322 2 o @ 1 @]
[ ¢ © © 18 ©273 © © o 0]
[ ¢ @ @ 1 © ©199 © 0o 0]
[ ¢ © @ 2 o @ 0290 o 0]
[ e © @ 2 2 5 o @310 @]
[ ¢ © @ © © © © o 0 348]]

Fig 19: Confusion Metrix
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The Google Colab notebook acts as a repository throughout the entire process. Initially,
multiple images of infected potato leaves are processed to classify them. The images are
selected from the folder containing the dataset. Once the images are uploaded, the
prediction results are displayed in Fig 20.

Model Prediction

Bacterial leaf blaight

& \
i |

Healthy Leaf Blast

Leaf Scaled Narrow Brown Spot Neck Blast Rice Hispa

Sheath Blight Tungro

Fig 20: Predicted Leaf
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CHAPTER 5
IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY

Impact on Society

The successful implementation of the DenseNet-201 model for rice leaf disease detection
has far-reaching implications for society, particularly in the agricultural sector. Early and
accurate detection of rice leaf diseases can significantly enhance crop management, leading
to increased yields and reduced crop losses. Farmers can benefit from timely interventions,
as early detection allows for prompt and appropriate measures to combat diseases,
minimizing the spread and severity of infections. Effective disease management reduces
the need for excessive pesticide use, promoting environmental health. Moreover, improved
crop yields contribute to food security; the model's ability to integrate into mobile
applications or remote sensing technologies means that even farmers in remote or under-
resourced areas can access advanced disease detection tools, bridging the gap between
technological advancements and practical agricultural needs. This achievement supports
the agricultural community, promotes sustainable practices, and enhances food security,

positively impacting society.

Impact on Environment

This technology enables early and precise identification of rice leaf diseases, allowing
farmers to apply targeted treatments instead of broad-spectrum pesticides. This focused
approach reduces the overuse of chemicals, leading to less environmental pollution and
preserving soil and water quality. Minimizing chemical usage helps protect beneficial
insects, like pollinators, which are vital for maintaining biodiversity. Effective disease
management also reduces crop losses, promoting more efficient use of agricultural land
and water resources. This efficiency helps prevent the need for deforestation and habitat
conversion for additional farming land. Moreover, sustainable farming practices
encouraged by accurate disease detection contribute to maintaining soil health and fertility

over the long term. Overall, deploying this advanced detection model fosters
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environmentally friendly farming, reduces chemical pollution, conserves biodiversity, and
supports sustainable agricultural practices, ultimately contributing to a healthier

environment.

Ethical Aspects

This technology enables early and precise identification of rice leaf diseases, allowing
farmers to apply targeted treatments instead of broad-spectrum pesticides. This focused
approach reduces the overuse of chemicals, leading to less environmental pollution and
preserving soil and water quality. Minimizing chemical usage helps protect beneficial
insects, like pollinators, which are vital for maintaining biodiversity. Effective disease
management also reduces crop losses, promoting more efficient use of agricultural land
and water resources. [17] This efficiency helps prevent the need for deforestation and
habitat conversion for additional farming land. Moreover, sustainable farming practices
encouraged by accurate disease detection contribute to maintaining soil health and fertility
over the long term. Overall, deploying this advanced detection model fosters
environmentally friendly farming, reduces

chemical pollution, conserves biodiversity, and supports sustainable agricultural practices,

ultimately contributing to a healthier environment.

Sustainability

Implementing the DenseNet-201 model for rice leaf disease detection necessitates a
comprehensive sustainability plan encompassing environmental, economic, and social
aspects. Environmentally, the plan aims to reduce chemical use by promoting targeted
treatments based on precise disease detection, thereby minimizing pollution and protecting
ecosystems. It encourages resource efficiency and the development of eco-friendly
technology. Economically, the plan focuses on affordability for farmers, particularly
smallholders, through subsidies, financing options, and leasing models, combined with
comprehensive training and support. Building collaborative networks with agricultural
organizations and government bodies will enhance adoption and scalability, allowing for
expansion to other crops and regions.Socially, the plan ensures equitable access for all
farmers, emphasizing marginalized communities. Community engagement and educational

programs will raise advanced disease detection technologies. Continuous monitoring and
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evaluation will track performance and gather feedback for iterative improvements. Regular
sustainability audits and transparent reporting will ensure accountability and ongoing
enhancement of sustainability outcomes. By integrating these strategies, the DenseNet-201

model aims to foster a sustainable agricultural ecosystem, providing long-term.
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CHAPTER 6
CONCLUSION AND FUTURE WORK

Summary of the study

This study focused on developing and implementing the DenseNet-201 model for detecting
and classifying rice leaf diseases. Using a comprehensive dataset of 15,050 images across
ten disease categories, the model was trained using transfer learning with pre-trained
weights from the ImageNet dataset. The DenseNet-201 architecture, enhanced with global
average pooling and fully connected layers, demonstrated exceptional performance with
an accuracy of 98.5%. Key metrics, including precision, recall, and F1-score, consistently
averaged around 98.5%, indicating robust and reliable classification across all disease
classes. Data augmentation techniques were employed to increase dataset variability and
improve model generalization. [18] The confusion matrix analysis confirmed the model's
effectiveness, revealing minimal misclassifications and high precision and recall values.
The study also highlighted the significant positive impacts of this technology on
agriculture, including early and accurate disease detection, reduced reliance on chemical
treatments, and enhanced crop management. Environmental benefits, such as reduced
pollution and biodiversity conservation, and economic advantages, including cost-effective
solutions and resource efficiency, were emphasized. Socially, the study underscored the

importance of equitable access, community engagement, and educational initiatives.

Conclusions

Implementing the DenseNet-201 model for rice leaf disease detection has proven to be
highly effective. It demonstrates an impressive accuracy of 98.5% and robust performance
across multiple evaluation metrics, including precision, recall, and F1-score. Transfer
learning, leveraging pre-trained weights from the ImageNet dataset, significantly enhanced
the model's ability to classify ten distinct rice leaf disease categories accurately. [19] Data
augmentation techniques further contributed to the model's generalization and
reliability. The positive impact of this technology extends beyond accurate disease
detection. Enabling early intervention reduces the need for broad-spectrum pesticides,
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leading to lower environmental pollution and healthier ecosystems. The model supports
sustainable agricultural practices, promotes efficient resource use, and enhances crop
yields, contributing to food security and economic stability for farmers. Socially, the study
emphasizes the importance of equitable access to this advanced technology, ensuring that
smallholder and resource-limited farmers can also benefit. Community engagement,
training, and educational initiatives are crucial for widespread adoption and effective use
of the technology.the DenseNet-201 model offers a robust and sustainable solution for rice
leaf disease detection, with significant benefits for the environment, economy, and society.
Its successful implementation can improve agricultural productivity, sustainable farming

practices, and enhanced farmer livelihoods.

Implication for further study

The successful implementation of the DenseNet-201 model for rice leaf disease detection
suggests several avenues for future research. Expanding the model's application to other
crops, such as wheat, corn, and soybeans, could enhance agricultural productivity across
various sectors. Integrating the model with IoT devices and remote sensing technologies
could enable real-time disease monitoring and early intervention. Further improving the
model's robustness by incorporating diverse datasets from different regions and conditions
would ensure broader applicability. Optimizing hyperparameters and comparing
DenseNet-201 with other architectures like EfficientNet or Vision Transformers could
yield better performance insights. [20] Research should also focus on large-scale
deployment's economic and social impacts, assessing cost-benefit analyses, farmer
adoption rates, and changes in agricultural practices. Environmental impact studies are
crucial for understanding the long-term benefits of reduced pesticide use and improved soil
health. Developing user-friendly mobile or web applications to integrate the model would
enhance accessibility for farmers, while practical training and capacity-building programs
would maximize technology adoption and benefits. Future studies can further advance Al-
driven disease detection and promote sustainable agricultural practices by addressing these

areas.

©Daffodil International University 28



REFERENCES

[1]

(2]

3]

[4]

(5]

(6]

[7]

(8]

[9]

N. K. B. A. K. R. Prabira Kumar Sethya*, "Image Processing Techniques for Diagonosing Rice Plant
Disease: A survey," in [EEE Conference on Information and Communication Technology (CICT),
Allahabad, India, 2019.

D. L. P. Narendra Pal Singh Rathore, "AUTOMATIC RICE PLANT DISEASE RECOGNITION AND
IDENTIFICATION USING CONVOLUTIONAL NEURAL NETWORK," Journal of Critical Reviews, vol. 7,
no. 15, pp. 6076-6085, 2020.

A.A.N.A R.H.Y.S. M. M. M. M.N. Abu Bakar, "Rice Leaf Blast Disease Detection Using Multi-
Level Colour Image Thresholding," Journal of Telecommunication, Electronic and Computer
Engineering, vol. 10, no. 1-15, pp. 1-15, 2018.

V. Y. M. Reinald Adrian DL. Pugoy, "Automated rice leaf disease detection using color image
analysis," in Third International Conference on Digital Image Processing, Chengdu, China, 2011.

S.A. M. A. A.C.D. &.S. D. Sladojevic, "Deep Neural Networks Based Recognition of Plant Diseases
by Leaf Image Classification," in Computational Intelligence and Neuroscience, 2016.

A.S. B. Ahmed, "A Comprehensive Survey on Paddy Leaf Disease Detection Using Machine
Learning," Journal of Agricultural Research, vol. 15, no. 2, pp. 123-135, 2020.

Y.-B. L. F.-L. N. C.-Y. L. Y.-W. L. W.-L. Chen, "RiceTalk: Rice Blast Detection Using Internet of Things
and Artificial Intelligence Technologies," IEEE Internet of Things Journal, vol. 7, no. 2, pp. 1001-
1010, 20109.

H. B. S. K. R. Prabira Kumar Sethy, "A Review of Image Processing Techniques for Diagnosing Rice
Plant Disease," Journal of Critical Reviews, vol. 7, no. 7, pp. 1-15, 2020.

D. V. S. Ramesh, "Recognition and Classification of Paddy Leaf Diseases Using Optimized Deep
Neural Network with Jaya Algorithm," Information Processing in Agriculture, vol. 7, no. 2, pp. 249-
260, 2020.

[10] S.Z.B.C.S.C. P. A.B.J. D. R. W. X. Ghosal, "Exploiting Transfer Learning for the Classification of

Rice Leaf Diseases," Plant Phenomics, vol. 2019, p. Article ID 3520975, 2019.

[11] E. L. P. T. D. Mique Jr, "Rice Pest and Disease Detection Using Convolutional Neural Network," in

International Conference on Information Science and System, Jeju Island, South Korea, 2018.

[12] Y. Z. G. L. W. Lu, "Implementation of Convolutional Neural Network for Rice Disease Detection,"

Computers and Electronics in Agriculture, vol. 136, pp. 376-382, 2017.

©Daffodil International University 29



[13] D. B. K. D. S. R. K. Dr. Sandhya Venu Vasantha, "Techniques for Rice Leaf Disease Detection using
Machine Learning Algorithms," International Journal of Engineering Research & Technology (IJERT),
vol. 9, no. 8 (Special Issue - 2021), pp. 162-166., 2021.

[14] T.R.S.S. M. I. A. S. M. Kawcher Ahmed, "Rice Leaf Disease Detection Using Machine Learning
Techniques," in International Conference on Sustainable Technologies for Industry 4.0 (STI), Dhaka,
Bangladesh, 2019.

[15] D. S. S. Priyanka Kulkarni, "Rice Leaf Diseases Detection Using Machine Learning," Journal of
Scientific Research and Technology (JSRT), vol. 1, no. 10, pp. 17-22, 2024.

[16] S. M. M. S. A. M. A. N. Md. Jahid Hasan, "Integrating Support Vector Machine With Deep
Convolutional Neural Network," in 1st International Conference on Advances in Science,
Engineering and Robotics Technology (ICASERT), Dhaka, Bangladesh, 2019.

[17] M. T. H. X. X. Y. C. L. K. L. L. Q. Ruoling Deng, "Automatic Diagnosis of Rice Diseases Using Deep
Learning," Frontiers in Plant Science, vol. 12, p. Article 701038, 2021.

[18] N. K. T. J. K. V. A. S. F. B. K. S. C. B. Shankarnarayanan Nalini, "Paddy Leaf Disease Detection Using
an Optimized Deep Neural Network," Computers, Materials & Continua, vol. 68, no. 1, pp. 1117-
1128, 2021.

[19] H. K. K. Chinna Gopi Simhadri, "Automatic Recognition of Rice Leaf Diseases Using Transfer
Learning," Agronomy, vol. 13, no. 4, p. Article 961, 2023.

[20] T.J. V. A. P.K.S. K. S. D. A. P. K. S. R. Sowmyalakshmi, "An Optimal Classification Model for Rice
Plant Disease Detection," Computers, Materials & Continua, vol. 68, no. 2, pp. 1752-1768, 2021.

©Daffodil International University 30



PLAGIARISM REPORT

RLD.docx

ORIGIMALITY REPORT

15, 10,  10x 5«

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

techscience.com

Internet Source

2%

Choyon Chandra Bonik, Flora Akter, Md.
Harunur Rashid, Abdus Sattar. "A
Convolutional Neural Network Based Potato
Leaf Diseases Detection Using Sequential
Model", 2023 International Conference for
Advancement in Technology (ICONAT), 2023

Publication

1w

L

dspace.daffodilvarsity.edu.bd:8080

Internet Source

(K

Chinna Gopi Simhadri, Hari Kishan
Kondaveeti. "Automatic Recognition of Rice
Leaf Diseases Using Transfer Learning",
Agronomy, 2023

Publication

(K

A.K.M. Salman Hosain, Md Humaion Kabir
Mehedi, Tamanna Jahan Jerin, Md. Manik
Hossain et al. "Rice Leaf Disease Detection
with Transfer Learning Approach”, 2022 IEEE
International Conference on Artificial

©Daffodil International University

1w

31



