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ABSTRACT 

 

This study explores the application of deep learning models for the detection of rice leaf 

diseases, a critical issue impacting global rice production and food security. The research 

focuses on five advanced deep learning architectures: Convolutional Neural Network 

(CNN), Xception, VGG19, MobileNetV2, and InceptionResNetV2. Utilizing a dataset 

comprising 6,420 images across four disease categories—Brown Spot, Tungro, Bacterial 

Blight, and Blast—each model was trained and evaluated to determine its accuracy and 

effectiveness in disease classification. The proposed methodology encompasses data 

collection, labeling, image processing, model selection, training, evaluation, and testing. 

Results demonstrated that the CNN model achieved the highest accuracy at 98.44%, 

followed closely by MobileNetV2 at 97.82%, VGG19 at 96.57%, InceptionResNetV2 at 

95.43%, and Xception at 95.07%. These high accuracies underscore the potential of deep 

learning models in early disease detection, which is crucial for timely intervention and 

effective crop management. Comparative analysis with traditional machine learning 

approaches such as Support Vector Machines (SVM) and Decision Trees, which typically 

yielded lower accuracies between 81.8% and 97%, highlights the superior performance of 

deep learning techniques. Furthermore, the study discusses the ethical considerations, 

including data privacy, accessibility for small-scale farmers, and the need for unbiased 

models, ensuring equitable benefits across diverse agricultural contexts. 
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CHAPTER 1 

INTRODUCTION 
 

 

1.1 Overview 
 

Rice, commonly known scientifically as Oryza sativa L., is one of the world’s most 

important staple foods, and especially in Asia where a large population depends on it for 

survival and income. Nevertheless, the practice of growing rice is severely threatened by 

several diseases that affect the foliage, and these cause considerable yield hitch in different 

parts of the globe. Major diseases affect sugarcane as bacterial blight, blast, brown spot 

and tungro and all these diseases are potential threats to the crop if not controlled at the 

initial stage. The identification of diseases in plants from an agronomist’s perspective has 

always been limited by time-consuming and subjective visual assessment of plants [1]T. 

Hussain et al. Furthermore, new and efficient ways of identifying diseases in the rice plants 

are necessary hence the development of the following; CNN, a kind of deep learning, 

contributes recent developments toward this paper’s solutions by offering a mean of 

automatically distincting images. CNNs are superior in terms of features and patterns 

learning and can easily detect the signs of certain diseases in images. As result improved 

by large annotated image databases these models accurately diagnose between healthy and 

diseased rice leaves in a timely and precise manner allowing for the right action to be taken 

[2] A. Das et al. The idea presented in this paper is based on the deep learning technology, 

particularly on CNNs for rice leaf disease diagnosis. It focuses on achieving the objective 

of establishing a reliable one that is effective in determining the existing rice leaf diseases 

and categorizing them correctly. This study would be beneficial to farmers and agricultural 

experts because it sheds light on the early identification of diseases for sustainable farming 

hence growth in rice-growing areas of the world for food security [3] V. K. Shrivastava et 

al.. 

 

1.2 Background and Present State 
 

Rice is one of the most important staples in the global food basket; however, it is highly 

susceptible to diseases that impact the quality and quantity of the produce. The diseases 

like bacterial blight, blast, brown spot and tungro also cause some problems leading to 
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heavy economic losses and problems of shortage of food, more so in the areas where rice 

is the staple food. All these conventional methods of disease control involve physical 

checking by personnel and use of chemicals which are expensive, time-consuming and 

have negative impacts to the environment [4] F. Jiang et al. The progress in machinery, 

especially computer vision and machine learning in the last few years in the agricultural 

fields provide better solutions regarding the identification of diseases as well as ways for 

controlling it. Current technologies make it possible to diagnose diseases through image 

analysis and are much faster and more accurate than other conventional methods. However, 

deep learning specifically has been found to be an effective way of image-based disease 

detection in crops such as rice. Techniques like the convolutional neural networks (CNNs), 

can effectively help in learning of features or patterns from various annotated image 

datasets that would enable accurate diagnosis of various diseases manifested on plant 

leaves. The application of these technologies in agriculture is also expected to transform 

the ways different crops are monitored and managed with a focus on sustainable production 

to reduce the use of chemicals. 

 

1.3 Problem Statement 
 

The identification and control of diseases in rice plants remain a major menace to the 

world’s food chain. Previous methods that involved identification by agronomists are time 

consuming, subjective and in most cases less effective compared to early disease 

identification. Some of the consequences of this inefficiency include: delayed intervention 

measures, increased pest and diseases damage on crops and consequently low yields [4] F. 

Jiang et al. However, growing consumption of rice all across the world has made it 

necessary to establish early and efficient diagnostic tools in plant pathology for the 

detection of diseases and their control through proper use of technology and mechanized 

methods. The problem is that the conventional chemical methods also have disadvantages 

ranging from environment al impact to their costs, hence the need for sustainable 

management. Solutions to these challenges need to be highly technological, and able to 

provide the capacity to diagnose the various rice leaf diseases effectively and in record 

times. CNN, a type of deep learning models, can provide an ideal direction to the future 

development because of the utilization of image analysis for disease diagnosis. Through 

constructing and applying such models, the various actors in the agriculture value chain 
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are in a position to diagnose, manage, and possibly contain the diseases at their early stages 

consequently increasing crop yields thus food security across the world. 

 

1.4 Objective 
 

The general objective of this study is to design and deploy a deep learning system for the 

detection and classification of rice leaf diseases. The specific goals include: a) The 

development of CNN models for the classification and diagnosis of rice diseases through 

a set of available annotated images of rice leaves: bacterial blight, blast, brown spot, and 

tungro; b) The fine-tuning of CNN models on a large set of annotated images. In this work, 

based on image processing technologies and machine learning, the researchers intend to 

obtain satisfactory identification accuracy of healthy and diseased rice leaves patterns. 

Also, the study seeks to compare the effectiveness of several CNN architectures that 

include CNN, Xception, VGG19, MobileNetV2, and InceptionResNetV2 to recommend 

the best model for real-world applications. Moreover, the study intends to share findings 

about the applicability of deep learning technologies in agricultural settings to improve 

farmers’ and agricultural specialists’ capacity to diagnose diseases and protect crops at an 

early stage. 

 

1.5 Scope and Limitations 
 

The extent of this investigation focuses on design and assessment of deep learning models 

for computerized diagnosis and identification of rice leaf diseases. In the context of the 

current study, the research interest is based on diagnoses of a data set containing images of 

rice leaves affected by bacterial blight, blast, brown spot, and tungro, and labelled by 

experts. The objectives of the study are to determine the possibility and efficiency of the 

five CNN architectures; CNN, Xception, VGG19, MobileNetV2, and InceptionResNetV2 

for disease symptoms detection and differentiation from healthy foliage. However the 

literature review has a few weaknesses as explained below On the other hand the literature 

review has the following drawbacks The performance of the models can be affected by 

certain aspects such as; fluctuation in environmental conditions; image quality; size of the 

dataset used for testing the models. The quality and quantity of annotated data, although 

necessary for model training, can also influence perfect models’ performance in the real 
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agricultural environment. In the same way, computational resources and time needed for 

training might be practical obstacles because most models consume a lot of computing 

power. However, it is essential to acknowledge the following limitations of the study: The 

study’s goal is to offer insights concerning the use of deep learning technologies in 

improving farming practices and their applicability in regulating the growth of crops, which 

can help promote sustainability as well as food security across the globe. 

 

1.6 Report Organization 
 

Chapter 1: Introduction 

This section presents the background to the study, the problem definition, the study’s 

purpose and research question, as well as the context for the deep learning method to detect 

rice leaf diseases. 

Chapter 2: Literature Review 

Summarizes the publications and studies that currently exist on the identification of 

diseases in agriculture using traditional and deep learning methods. 

Chapter 3: Methodology/ Requirement Analysis & Design Specification 

Elaborates the process undertaken in the study in terms of data acquisition, data 

preparation, strategy used to select evaluation metrics for the models, and the design 

requirements of the chosen deep learning architectures. 

Chapter 4: Implementation 

Explains the method that was followed in the project implementation phase like the 

creation of CNN models and training, choice of parameters as well as the software or 

framework that was used in the actualization of the CNN models. 

Chapter 5: Result and Analysis 

Describes the outcomes of the experiment performed and demonstrates various figures of 

merit, confusion matrices, as well as the comparative analysis of the performance 

characteristics of diverse types of CNNs. 

 

Chapter 6: Impact on Society, Environment, and Sustainability 

Describes possible sociological and environmental and sustainability consequences of the 

developed deep learning based disease detecting system for rice crops. 
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Chapter 7: Conclusion and Future Work 

Consolidates the results of the research, indicates the conclusions made on the basis of the 

obtained results, and defines the directions of the further researches and the improvements 

in the sphere of automated diagnostics of the diseases of agriculture crops. 

 

1.7 Summary 

The main focus of this paper is to analyze the use of deep learning models for the diagnosis and 

differentiation of rice leaf diseases, which provide solutions to some of the most pressing problems 

in agricultural pathology. Starting with the significance and difficulties regarding rice production, 

the study announces literature on disease identification techniques and outlines the utilized 

methodology, data acquisition, relevant model choice, and implementation procedures. Outcomes 

from the employed CNN models are evaluated and presented, demonstrating their efficiency in 

alarming diseases like bacterial blight, blast, brown spot, and tungro properly. The paper also 

analyzes general effects of these activities on society, environment, and sustainable agriculture. 

Last but not least, the present investigation provides an understanding of the accomplishments, 

drawbacks, and further research prospects concerning the development of the automated 

identification of diseases for healthier crops and consumers’ food sufficiency.
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Overview 

In this report, the literature review defines current research and new developments in the 

detection of diseases in agriculture in particular, methods that are relevant to rice leaf 

diseases. The previous methods like the checks by simple naked eye or using chemical 

solutions are described comparing their efficiency and effectiveness counting on economic 

and environmental factors. Contemporary works stress on the automatic approaches which 

employ computer vision and machine learning methodologies especially deep learning 

frameworks such as convolutional neural networks (CNNs). They include compilation of 

datasets for training and testing, methods of image improvement, and the comparison of 

CNN architectures such as CNN, Xception, VGG19, MobileNetV2, InceptionResNetV2 in 

agriculture. The research papers discussed also highlight the effectiveness of deep learning 

models in the medical field for disease detection rates, help in advocating options for early-

stage interventions and promote efficiency in agricultural practices. Consequently, several 

limitations as; availability of data sets, performance of the models in different 

environmental conditions and the feasibility of integrating automatic systems in real-life 

farming environment are depicted in literature. 

 

2.2 Related Works 

 

This includes considering the evolution of rice leaf disease detection, innovations of the 

CNN models, and dermatological diagnosis in this literature review. In this section we 

discuss recent advances in CNN architecture, data augmentation for lesion classification, 

and evaluation of CNN based models. Second, it is possible to examine the ethos and social 

impact of using AI-based diagnostic tools in dermatology. . As given below, I am writing 

a similar paper review, which will help me more:As given below, I am writing a similar 

paper review, which will help me more: T. S. Sindhu et al. [5] Recently, usage of image 

processing methods for the detection of Rice leaf diseases has emerged as one of the 

effective solutions. The idea of implementing the process includes the reduction of noises 

using Median Filter and segmentation using K-means Clustering while feature extraction 

of texture is done with GLCM and the classification of disease is done using SVM 
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classifier. The described approach proved to be highly accurate as it reached 97±2%, which 

allowed for early recognition of diseased leaves. It can be stated that timely diagnosis of 

diseases is equally important for farmers in reducing crop losses and enhancing the overall 

yield. K. Ahmed et al [6] In this paper, there is a proposed method of using machine 

learning to detect rice leaf diseases and more specifically, layer smut, bacterial leaf blight, 

and brown spot, respectively. Since the affected leaves are placed on the specially prepared 

white background, the dataset is subject to certain preprocessing before it is trained with 

the help of some of the algorithms such as KNN, J48, Naive Bayes and Logistic 

Regression. Specifically, using the Decision Tree algorithm with the help of cross-

validation 10, it is possible to achieve accuracy greater than 97% when working with the 

test data set. These findings reveal that machine learning can significantly help in disease 

diagnosis of rice leaves and thereby assistance in planning the right measure to control 

devastating crop diseases. None Priyanka Kulkarni et al [7] A method that can be used to 

implement rice leaf diseases is machine learning especially through the use of image 

processing. The agriculture sector desperately needs the development of automatic systems 

for identifying problems in Rice plants, to which end a new CNN model has been 

presented. Not only does it selects episodes from different background and lighting 

conditions and accurately classifies common rice leaf diseases at an average of 95% 

accuracy. The findings thereby support the effectiveness of the proposed CNN-based 

approach and their potential to improve disease diagnosis and mitigation at the beginning 

of rice production. Varun Pramod Bhartiya et al. [8] This paper explores the extraction of 

variables from rice disease pictures and/or using several machine learning algorithms for 

the classification of the images. Hence, the Quadratic SVM classifier trained with features 

including area, roundness, and area to lesion ratio attests to an accuracy of 81. 8%. These 

results imply the idea that the features based on the shape of the regions of interest are 

competent to distinguish between various rice diseases. According to the study, the results 

are rather successful and satisfy the rates expected for disease diagnosis. M. E. Pothen et 

al. [9] The method developed in the paper provides the steps of classifying rice leaf diseases 

with the key diseases mentioned as Bacterial leaf blight, Leaf smut, and Brown spot. Image 

segmentation of diseased images is completed by using Otsu’s method for binarization In 

turn, the features are extracted through Local Binary Patterns (LBP) and Histogram of 

Oriented Gradients (HOG). These features are then classified with a Support Vector 
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Machine (SVM), with a good accuracy of 94%. 6% utilizing a polynomial Kernel SVM 

and the HOG. This approach clearly shows that through using the advanced segmentation 

and feature extraction techniques, the machine learning to classify the diseases is correct. 

Md. M. H. Matin et al [10] This paper utilizes the AlexNet technique to detect three 

prevalent rice leaf diseases: bacterial blight, brown spot, and leaf smut diseases with 

outstanding efficacy as compared to the previous practices. For classification, the AlexNet 

course is sufficient, which is a deep learning technique that supports classification 

applications. Hence, the current study applies efficient work pattern and image 

augmentation attaining more than 99% accuracy. From these findings, it can be seen that 

AlexNet yields an accurate detection of rice leaf diseases thus illustrating its capability to 

improve disease detection and control in agriculture. P. K. Sethy et al [11] This paper 

presents a comprehensive study on rice leaf disease detection using 5932 on-field images 

of four diseases: , phytoplasma diseases include; bacterial blight, blast, brown spot, and 

tungro. It also compares 11 different CNN models using transfer learning and a method 

termed as deep feature plus SVM and concludes the latter as superior. This paper also 

focuses on the performance of such compact size other CNN models which include the 

MobileNetV2 and ShuffleNet models, where the evaluation parameters include the 

accuracy, sensitivity, specificity, False Positive Rate, F1 score and the training time. 

Notably, deep features from ResNet50 integrated with SVM, provides F1-score of 0. 

Depending on the dataset, the proposed method attains 9838 accuracy while outperforming 

traditional image classification techniques and most of the other CNN architectures 

especially whereby the fc6 layer in VGG16, VGG19, and AlexNet are more important in 

classification. S. M. Shahidur Harun Rumy et al [12] This paper presents a rice leaf disease 

detection system underlining the use of deep learning algorithms and edge computing on 

Raspberry Pi. The study focuses on detecting three common rice diseases in Bangladesh: 

Here are integrated control strategies for the following diseases: Brown Spot with images 

of healthy and infected leaves with contrasting white background and vice versa for Hispa 

and lastly, the infected leaves images for Leaf Blast. After feature selection on the dataset, 

several ML schemes were applied, out of which the highest accuracy of 97% was reached 

by the random forest algorithm. 50% on the edge device through the self-organizing 

network of the robot units. The findings from the study prove that the conceived system, 

based on edge computing, can be used to diagnose rice leaf diseases with high efficiency, 
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which opens a range of opportunities for real-time disease identification. S. Ramesh et al 

[13] To find some of the symptoms of diseases in the above rice plants automatically this 

paper presents a machine learning algorithm. Digital images of healthy and blast-disease-

affected rice leaves are taken, and after which, the features that would enable one to 

differentiate between the two are derived. The method aims at classifying the leaves as 

either infected or healthy; the given dataset consist of 300 images which are further divided 

for training and testing. The values obtained for training accuracy given by the simulation 

shows the high accuracy during the phase comprised a 99% blast compete with infected 

image and 100% with healthy images and during testing phase gives the 90% accuracy to 

infected images and 86 % accuracy to healthy images. SethuMadhavi Rallapalliet al [14] 

This paper proposes a new CNN architecture s believe on AlexNet know as M-Net to help 

in achieving better identification of plant diseases and their classification. The plant disease 

datasets are obtained from Rice Disease Image Dataset and Rice Leaf Diseases from 

Kaggle and UCI Machine Learning Repository respectively. All the intended by the 

proposed M-Net model scores 71% accuracy, and it is higher than all the other benchmark 

state-of-art DL models on these data sets. This paper presents a positive message on using 

M-Net in enhancing the precision and effectiveness of plant disease detection systems. N. 

Thai-Nghe et al [15] This work describes the use of deep learning for rice leaf disease 

detection on mobile devices the proposed classifier is EfficientNet with transfer learning 

and pre-trained ImageNet model. The introduced model distinguishes five types of images, 

such as three most widespread rice diseases (updated bacteria brown spot, hispa, and leaf 

blast, healthy leaves, and other leaves) with the valid accuracy of 95% on 1790 images. 

The model was further converted for tflite to run the model on mobile or even IoT devices 

and an android application was created to give real life experience. On the real-world 

application, the entire estimation is about one second. It takes 7 seconds to diagnose 

diseases and recommend the right treatment for the diseases thus proving to be helpful to 

the farmers. K. N, L. V. Narasimha Prasad et al [16] In this study, the use of 

InceptionResNetV2 CNN model through transfer learning is used in the identification of 

diseases in rice leaf images. With an aim of developing the model for classification the 

presented method is quite successful with an accuracy of nearly 95 percent for the given 

model parameters. 67%. Shown here are the outcomes of the analysis using the 

InceptionResNetV2 model that precisely diagnose rice leaf diseases by analyzing the 
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images. M. Aggarwal et al. [17] This paper describes a reliable system to predict rice-leaf 

disease with several deep learning approaches. A collection of the rice leaf disease images 

was captured, and pre-processing was done, followed by the extraction of features with the 

32 models. Subsequently, the aforementioned features were categorized by deploying 

several machine learning and ensemble learning classifiers like ET and HGB classifiers 

based on EfficientNetV2B3, and they yielded identification accuracies of 90-94%. It can 

be reiterated that the proposed system holds significant improvement over the existing 

approaches of rice leaf disease identification through the use of parameters such as 

precision, recall rate, F1-Score, Matthew’s Coefficient, and Kappa Statistics. G. Kathiresan 

et al [18] This work presents a highly accurate transfer learning model which is intended 

for mobile use by farmers and related agricultural organizations aimed at identification of 

rice leaf diseases. In terms of resolving the imbalance in the dataset and improving the 

model’s performance, the study makes use of a generative adversarial network (GAN). The 

model with the given hypothesis has a cross validation accuracy of 98% on average. GAN-

augmented dataset achieved 79% and the proposed transfer learning architecture is higher 

than others. Also, it shows competitive results with an average accuracy of 0.98%. 38% 

three times using three different datasets without having to resorted to GAN augmentation 

Students could learn from this that the proposed method is very efficient. 

 

2.3 Comparison between existing works 

The typical approaches and measures for the recognition of rice leaf diseases are described 

in the current literature that shows the transition from traditional Machine Learning 

methods to advanced Deep Learning models. Classical Machine Learning methods include 

SVM, KNN, Decision Tree, Random Forest, and Gradient Boosting; almost all of these 

methods depend on feature extraction methods like GLCM, LBP, and HOG. These 

methods are elaborated with the goal of using currently perceived texture and shape 

features of a disease in order to quantify its characteristics; they provide fairly good levels 

of accuracy in doing so but often at the cost of having to manually preprocess the images 

and then engineer the important features by hand. Comparatively, Deep Learning 

techniques, especially CNNs, focus on extraction of features as well as other patterns on 

its own while recognizing deeper and more complex levels of images from the said 

structure. The existing architectures such as AlexNet, VGG19, InceptionResNetV2, and 
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EfficientNet have outperformed the other models, and they have fixed accuracy rates of 

above 95%. Such models apply transfer learning and image augmentation to make these 

models more reliable when dealing with various datasets and conditions. This approach is 

effective in automated disease recognition because of the CNN models’ capacity to 

generalize across various diseases and environmental characteristics. Moreover, new 

studies have focused on the application of simple ML models in end nodes devices like 

Raspberry Pi. Such initiatives must be geared towards developing disease diagnostics that 

can be utilized in the field in real-time so that even treatment can be commenced on site. 

These models are very light intellectual and are developed keeping in mind the real-world 

requirements and still they are very accurate and efficient, which proves that the AI 

technologies have the ability to provide solutions for practical agricultural application. 

Table 2.3 Comparative Analysis with Previous Work 

SL Author Name Used Algorithm Best Accuracy with 

Algorithm 

1. T. S. Sindhu et al [5] CNN 73% 

2 K. Ahmed et al [6] CNN 97.00% 

3 None Priyanka Kulkarni et al 

[7] 

CNN 74% 

4 Varun Pramod Bhartiya et al. 

[8] 

CNN, DCNN 98% 

5 M. E. Pothen et al. [9] CNN 85% 

6 Md. M. H. Matin et al [10] CNN 96.768% 

7 Saifan, Ramzi, et al. [7] CNN 81.75% 

 Bajwa, Muhammad et al. [8] Deep Learning 80% 
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2.4 Open Issues 
 

Some of the challenges and open issues related to deep learning in agricultural disease 

detection are as follows: One challenge relates to the availability of rice leaf diseases 

annotated datasets and their standard. Therefore, numerous currently available datasets are 

small-scale or naturally non-representative in terms of the kinds of diseases or conditions 

of the environment that hold, which is the issue to the stability of the models learnt. Another 

issue is interpretability of deep learning models in the agricultural context. While CNNs 

are very effective in classification big data, in some cases, it becomes a herculean task to 

explain how such decisions are made, regarding horticultural crops in particular. Such a 

scenario can be detrimental in the level of confidence and utilization by the farmers and 

other agricultural personnel. Moreover, the dual-use of deep learning solutions for large-

scale facilities management of farms and low-resource environments needs more research. 

Among these problems, several are based on computation requirements, model distribution 

to the edge devices, and real-time implementation in the field which form practical issues 

that are hard to address. 

2.5 Summary 

The following publication focuses on the use of deep learning models in the automatic diagnosis 

and differentiation of rice leaf diseases in a bid to counter traditional disease diagnostic 

impediments in crop farming. Starting with a discussion of the importance and difficulty of rice 

farming, the current literature concerning disease identification techniques is discussed, followed 

by an introduction of the techniques used and the accompanying methodology founded in data 

collection, model selection, and actions taken. Fate achieved from trained CNN models are 

presented and discussed; the ability to detect diseases like bacterial blight, blast, brown spot, and 

tungro. Also, what the roles of these technologies are on society, the environment and sustainability 

in agriculture are also discussed in the report. Lastly, the work offers the information regarding 

accomplishments and drawbacks of the work conducted, and a perspective on further studies for 

the development of the AL for effective identification of diseases allowing enhancing crop yields 

and food security globally.
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CHAPTER 3 

METHODOLOGY 

 
3.1 Overview 

The ‘methodology’ part of this report elaborates on the process, which was followed for 

building and testing deep learning models for rice leaf disease identification. Starting with 

the collection of data, where we have a set of pictures of rice leaves affected with bacterial 

blight, blast, brown spot, and tungro medical and annotated. The images were pre-

processed by resizing the images, noise reduction, contrast, and data augmentation for the 

purpose of increasing the model’s and robustness. In model selection, basically there were 

six models that were used viz CNN, Xception, VGG19, MobileNetV2, and 

InceptionResNetV2 and they are chosen for image classification tasks. The selected models 

were trained with a fraction of the data set, the models were optimized using the Adam 

optimizer and categorical cross entropy loss function was used to check for signs of 

overfitting.  

3.2 Proposed Methodology 

 

FlowChart: 

 

Figure 3.2.0: Workflow flowchart 
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Data Collection: 

Data collection comprises obtaining images of rice leaves plucked from agriculturally 

affected fields with all the intended diseases; bacterial blight, blast, brown spot, and tungro 

encompassing the data set. 

 

Figure 3.2.1: Dataset Overview  

 

Figure 3.2.2: Dataset Visualization 
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Labeling: 

Annotating experts in agronomy will carefully label each of the images with regard to their 

corresponding disease classifications, which will lead to the formation of the ground truth 

in order to correctly train and the deep models for evaluation. 

Image Processing: 

Data preprocessing processes that are applied on images include scaling of images, noise 

removal using Gaussian blur, image contrast enhancement using histogram equalization, 

and data augmentation to enhance the quantity and quality of data fed to the model. 

Model Selection: 

The selected CNNs include CNN, Xception, VGG19, MobileNetV2, and 

InceptionResNetV2, and the performances measured are the suitability of the CNNs for 

multi-class classification and the effectiveness of the CNNs to process the agricultural 

image features. 

 

Conventional Neural Network (CNNs): 

Convolutional Neural Networks (CNNs) are among the subcategories of deep learning 

algorithms that have been well-developed to address functionalities related to the analysis 

of imagery information. They are especially suitable for the image recognition problems 

because they are able to learn the spatial hierarchies of features from the input image 

automatically and in an adaptive manner. A general structure of CNN includes the 

convolutional layers which apply filters to the input image to capture local features 

including edge and texture. These layers are then succeeded by the pooling layers that 

diminish spatial resolution hence lowering computational density and averting problems of 

overtraining. Last of all, fully-connected layers use the extracted features to complete tasks 

of classification. CNNs have followed many applications in several fields such as medical 

image analysis, self-driving cars, diseases diagnosis in agriculture which makes them a 

strong weapon in the field of the vision. 
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Figure 3.2.3: Proposed  Conventional Neural Network [22] 

Xception 

Xception, this is an acronym for Extreme Inception, uses depthwise separable convolutions 

into the Inception architecture as an enhancement. This modification reduces substantially 

the number of parameters and cut in half computational costs, and it does it without loss in 

performance. Xception replaces the standard Inception modules with depthwise separable 

convolution layers, which split the convolution process into two stages: depthwise 

convolution filters the spatial features from a layer and pointwise convolution fuses 

features across channels. It is more efficient for the model to achieve these, by following 

this approach since complex patterns are encompassed. Xception has been proposed to 

have high accuracy in different works of image classification problems in comparison to 

the other conventional CNN architectures. Due to certain attributes such as its efficiency 

and performance, it is utilized in applications that demand high accuracy and efficient 

computation like image recognition as well as image analysis of medical images.  
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Figure 3.2.4: Proposed Xception [23] 

VGG19 

VGG19 is the deep learning model that gained a great repute due to its conceptional and 

pragmatic design with total of 19 layers – all of which are mainly convolutional layers that 

are defined with small 3 x 3 filters. VGG19 was developed by the Visual Geometry Group 

(VGG) at the University of Oxford; it focuses on depth and simplicity and applies the 

similar filter sizes and layer structures to the model. It maintains high accuracy in the image 

classification tasks with the help of the increase in the number of filters in the deeper layers 

and max- pooling layers for the spatial reduction of the dimensionsality of the data. As 

much as it is high performing, VGG19 is very resource demanding in terms of memory and 

processing power due to the model’s expansive parameter count. This model’s simple and 

immensely efficient architecture has earned VGG19 the reputation of being one of the most 

used reference models in computer vision, often applied in transfer learning and feature 

retrieval. 
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.  

 

Figure 3.2.5: Proposed VGG19 [24] 

MobileNetV2 

MobileNetV2 is an improved deep learning model for introduction on Mobile and 

Embedded devices. One of them is an expansion of the concept of the original MobileNet 

structure with the help of inverted residual blocks and linear bottlenecks that prevents a 

sharp increase in computational complexity while increasing the accuracy of the neural 

network. The IR blocks facilitate the layer connections in an efficient manner while LBs 

help in retaining the feature information. MobileNetV2 uses depthwise separable 

convolution which is a process of splitting the normal convolution in to depthwise and 

pointwise. The level of model complexity is also optimal that makes this architecture useful 

for operation in real-life applications, for example, in real-time object detection or image 

classification on low power consumption devices. MobileNetV2 has been considered a 

best-suited framework in order to deploy deep learning models out in the real-world 

interfaces.  
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Figure 3.2.6 :MobileNetV2 [25] 

 

InceptionResNetV2 

The InceptionResNetV2 model is a deep learning model which incorporates the Inception 

architectures along with residual connection mode to make more efficient as well as better 

training of the model. Here I incorporated the efficiency of feature extraction in Inception 

modules along with the feature of less training time in a residual connection that also 

reduces the issue of vanishing gradients. InceptionResNetV2 used the factorized 

convolution and more limited dimension space, which satisfy the concern of 

computation_budget while possess a high accuracy rate. Owing to the good architecture of 

the model, the model performs well in multiple image classification and recognition tasks 

at par with the state-of-the-art models. However, InceptionResNetV2 model has been 

developed in such a way that increase both the depth and the width which help in capturing 

complex patterns and features of images. Because of this level of complexity, it is applied 

in computationally intensive computer vision tasks such as medical signal processing, 

object recognition, and subtle image differentiation. 
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Figure 3.2.7 :InceptionResNetV2 [26] 

Model Training: 

The selected model will be trained on the given annotated dataset with the help of transfer 

learning, for tuning up the optimize parameters with the help of Adam optimizer and 

categorical cross entropy loss function to get better accuracy. 

Model Evaluation: 

Performance indicators that include accuracy, precision, recall, as well as F1-score will be 

used to assess the trained model’s performance in disease classification, which will be 

tested on a distinct test set for increased validity. 

Test Model: 

The last stage that takes place is the evaluation of the effectiveness of the trained model in 

actual environment and usability of the developed model for farmers and agricultural 

decision-makers. 

Using this methodology, the study wants to create and test convolutional neural network 

models for accurate and reliable rice leaf disease detection. 
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3.3 Hardware/ Software Requirement 
 

Hardware: 

The hardware requirements for implementing the proposed deep learning-based rice leaf 

disease detection system include:The hardware requirements needed to for the 

implementation of the proposed rice leaf disease detection system with the use of deep 

learning architecture are the following: 

CPU/GPU: Graphic processing units or central processing units of high computing power 

during the training phase as well as during the prediction of models. 

Memory (RAM): Capaz para coletar e armazenar grandes conjuntos de dados e garantir o 

modelo de aprendizado de máquina e treinado de forma eficiente. 

Storage: Proper distribution of the data and the model obtained in the process along with 

the dataset used for the process. 

Camera/Imaging Devices: Any equipment that is photographic or optical that can help the 

researcher take photo/digital images of the rice leaves with out distorting them within the 

agricultural fields. 

Software: 

The software components necessary for developing and deploying the system include:The 

required softwares necessary for the development and deployment of the system are as 

follows: 

Python: It is the language commonly applied in the development of data deep learning 

algorithm, data preprocessing and for assessing created models. 

Deep Learning Frameworks: Languages such as Tensor Flow or Py Torch for developing 

and training the multipurpose convolutional neural networks. 

Image Processing Libraries: There are libraries such as OpenCV used in operations such 

as rescaling the images, elimination of noise and increasing the contrast. 

Development Environment: Used platforms of the processed environment like of Jupyter 

Notebook and PyCharm to run the program codes and do debug check and experiments. 

Version Control: Version control by means of Git that is effective in the process of tracking 

the changes of the codes and managing the development. 
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3.4 Project Management and Financial Analysis 

 

A competent project manager is highly important so as to ensure efficiency in the project 

implementation of the deep learning-based rice leaf disease detection system. This project will 

follow a formal structure of work employing the Agile or Waterfall frameworks depending on the 

project’s requirements to design a structure that works systematically through planning of the 

work, execution of tasks, and their monitoring. This approach entails outlining and planning for 

project boundaries, time frame, cost control, and how to deal with a number of risks that might 

delay or deny a project from achieving its laid down goals and/or achievements. In terms of 

budgeting, financial analysis will determine the costs involved in the project in terms of hardware, 

software, employees, or the raw data to be used as input for the project. A managerial cost-benefit 

analysis will be used to estimate potential benefits regarding yield of crops, reduced costs of 

managing diseases and increased agricultural productivity.  

 

Table 3.4: Project Management Table 
 

Work Time 

Data Collection 1 month 

Papers and Articles Review  3 months 

Experimental Setup 1 month 

Implementation 1 month 

Report Writing 2 months 

Total 8 months 

 

 
 

Table 3.5: Estimated Cost 

SN Components Estimated 

Cost (BDT) 

01. Hardware 10000-12000 

02. Software and Tools 5000-8000 



©Daffodil International University, Bangladesh   23  

03. Data Collection and Processing 10000-15000 

04. Documentation and Report Writing 5000-8000 

05. Miscellaneous 3000-5000 

06. Contingency  3000-5000 

                    Total Estimated Cost 36000-53,000 

 

3.5 Summary 
 

The type of methodology used in this study involves building a reliable deep learning-

based approach for detection and classification of diseases affecting rice leaves. This 

involves acquiring a broad database including problems such as bacterial blight, blast, 

brown spot and tungro inclusive. All the images of the training data set are marked 

meticulously with the help of agronomists to come up with a better set of annotations. 

Preprocessing is used on the dataset to prepare the image for the AI model which includes 

resizing, further reducing prominence of noise from the images where there is any, 

modifying contrast, and data augmentation to add more generalization to the existing 

models. The model selection assesses suitable CNN architectures for the Agricultural 

image classification task; they Include CNN, Xception, VGG19, MobileNetV2, and 

InceptionResNetV2. The selected model gets fine-tuned from the best parameters and 

measures of accuracy, precision, recall, and F1-score are used for its assessment. Last but 

not the least, the efficacy of the trained model is evaluated in actual field situations as to 

its real-world usefulness in supporting farmers and agricultural scientist to diagnose 

diseases during their initial stage and in devising appropriate measures to manage the crops. 
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CHAPTER 4 

IMPLEMENTATION 
 

 

4.1 Overview 
 

The operationalisation of this study’s research plan calls for the realisation of the above 

outlined methodology in real practice, more specifically, in the creation and use of deep 

learning models in rice leaf disease diagnosis. The selection and configuration of suitable 

software tools and libraries are the first step; Python as the programming language, 

TensorFlow or PyTorch for deep learning, and OpenCV for image processing. Importance 

of data preprocessing can be observed where raw data is preprocessed and various forms 

of pre-processing include resizing of images to one form and orientation, noise removal 

such as using Gaussian blur, improving contrast through histogram equalization, and data 

augmentation to increase variability. Such steps make sure that the input data has been 

prepared in such a manner that enhances the training of the model being developed. Said 

model development involves the selection of, and further tuning of, CNN architectures, 

which includes CNN, Xception, VGG19, MobileNetV2, and InceptionResNetV2 in 

relation with the requirements of rice leaf disease classification. To perform well with 

maximum accuracy and avoiding over-fitting, during the training phase the model is 

compiled with the help of Adam optimizer and categorical cross entropy loss. 

 
4.2 Train Model/ Prototype Design 

 

The process of training the deep learning models that are used for identification of rice 

diseases on the basis of symptoms on the leaves is itself a complex procedure, which has 

to go through several vital phases for achieving maximum efficiency and reliable results. 

First of all, the given data set, with rice leaves images marked by bacterial blight, blast, 

brown spot, and tungro diseases, is split into the training and validation data sets. It also 

preserves a range of examples for the model to generalize on and also tests the validity of 

the model on unseen data. The chosen CNN structures, including the CNN, Xception, 

VGG19, MobileNetV2, and InceptionResNetV, are first fine-tuned with the weights that 

are learned on the essential ImageNet database (transfer learning). The models are 
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optimized through changing of some of their parameters through multiple training sessions 

by applying the Adam optimizer and categorical cross entropy loss. 

While training, periodic regularizations are also done such as BN (Batch normalization) 

and DP (Dropout) to reduce overtraining of the model. This is done by measuring 

quantitative such as loss and accuracy on the validation set using concepts such as early 

stopping if the performance on the validation set is declining or has flattened. 

 

4.3 System Design/ Model Evaluation 
 

The evaluation of models is important when predicting the reliability and the effectiveness 

of deep learning for the identification of rice leaf disease. After training and validation, the 

given models are tested through a completely different set of data that was not used before. 

This way, to be able to compare the results obtained with the range of standard 

classification models, the accuracy of classification of diseased and healthy rice leaves is 

evaluated with the help of such statistics as accuracy, precision, recall, and F1-score. 

Confusion matrix is used for representing the classification results and counts the number 

of true positives, true negatives, false positives, and false negatives. To get to the model’s 

advantages and disadvantages, and possible optimisation, improvement was made on this 

analysis. Also, within the assessment stage are possibilities of evaluating the performance 

reliability of the model concerning differences in the conditions and quality of the images 

captured within the agricultural environments. Through the benchmarks derived from real-

life problems, the goal of the study is to show the applicability of deep learning to improve 

disease management plans and the general practice of agriculture. 

 

4.4 Summary 

 

The implementation phase of this study aimed at creating and applying deep learning 

models for the identification of rice leaf diseases. In the next step of data preprocessing, all 

images were scaled, cleaned and normalized so as to improve the quality of the data and in 

turn increase the efficacy of the model training process that followed. Different kinds of 

CNNs such as CNN, Xception, VGG19, MobileNetV2, and InceptionResNetV2 were 

compared as well as fine-tuned to utilize weight transfer learning. 
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Training incorporated into the details included using the Adam optimizer and categorical 

cross entropy as loss to achieve maximum accuracy and model generalization. 

Subsequently, the models were thoroughly tested in different test sets not only in terms of 

accuracy measure but also in precision, recall and F1 – score. Charts such as a confusion 

matrix helped in understanding results of classifications and performance of the models. 

As a whole, in general from this study, the implemented system reached the efficacy of 

identifying bacterial blight, blast, brown spot and tungro diseases in rice leaves. Therefore, 

this study provides important findings for the application of deep learning in identifying 

agricultural diseases and improving crop management and worldwide food security 

initiatives. 
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CHAPTER 5 

Result and Analysis 
 

 

5.1 Overview 
 

In this study’s results and analysis section, the author concentrates on the performance of 

deep learning models for the identification of rice leaf diseases. The employed trained CNN 

architectures include CNN, Xception, VGG19, MobileNetV2, and InceptionResNetV2 and 

the evaluation criteria included accuracy, precision, recall, and F1-score. Some of the 

important observations include the models’ classification precision with nine real samples 

of bacterial blight, blast, brown spot and tungro affected rice leaves: the overall accuracy 

rate. Further, the confusion matrices are evaluated and analyzed which describe the 

capability of the developed models in classifying diseases accurately and the locations of 

misclassification. However, the paper also reveals the dependability of the considered 

models in terms of Less and the changes in environmental conditions and image quality, 

which are essential in agricultural applications. Findings from an analysis help in assessing 

the applicability of deep learning solutions for improving the approaches utilized in the 

disease management and promoting the sustainable agriculture practice. 

 

5.2 Experimental Result 
 

The findings of the experiments depict Deep learning models as viable tools for identifying 

rice disease on rice leaves by the outlined accuracy measurements. The CNN model 

provided the highest accuracy of around 98 percent and proved to be the best suited for the 

mental health prediction. 44% indicate it was able to differentiate between a healthy leaf 

and one infected with bacterial blight, blast, brown spot and tungro. They achieved a top-

5 error rate of 3.28 percent; MobileNetV2 was second closest to the perfect mark with the 

accuracy of 97. 82%, which has shown its ability to process agricultural image data with 

less computation as compared to other models. 

 

The use of VGG19 gave somewhat satisfactory accuracy of 96. averaged 57% proving the 

high efficiency of the method in disease classification tasks. In the meantime, Xception as 

well as InceptionResNetV2 provided accuracy of 95% of the diagnostic results. 07% and 
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95. Furthermore, Inception v3 achieved a recognition rate of 43% for rice leaf diseases, 

and MobileNetV2 achieved a recognition rate of 46% making them highly reliable in 

diagnosing diseases affect the rice leaves though with a comparatively lower accuracy 

compared to CNN. 

 

Accuracy:  

Precision refers to the measure of the closeness of the model with the real situation to give 

percentage likelihood of the samples used in model development. It is rather helpful when 

the classes are not balanced because it gives some information on the choice’s 

effectiveness, at the same time, the picture may be incomplete. 

Accuracy=(TP+TN)/(TP+TN+FP+FN)............(i) 

Precision:  

Of all the constructions that come out of positive assertions, precision estimates the number 

of desirable outcomes that was correctly predicted by the model. 

Precision=TP/(TP+FP)............(ii) 

Recall: It is therefore considered that, recall equals to the quantity of true positive delay 

predicted over the total quantity of samples that are positively skewed. 

Recall=TP/(TP+FN)............(iii) 

F1 Score: F1 score is actually the average of Recall and Precision two measures which is 

averaged using the formula of harmonic mean. It provides a somewhat neutral measure and 

it calculates recall as well as precision all at once. It is beneficial when the classes are of 

different sizes because F1 Score considers false positive as well as false negatives. A high 

F1 score therefore indicates that it was thus able to maintain a good balance between the 

level of precision and the level of recall. 

F-1 Score=2*(Precision*Recall)/ (Precision + Recall)............(iv) 

In given below we are describing the result analysis part also show the training accuracy 

and loss rate and confusion matrix also: 

 

Result of Experiment 1: CNN 
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The CNN architecture consists of three double Conv2D layers followed by MaxPooling, 

each with a larger filter size. It ends with a single Conv2D layer and MaxPooling. Dropout 

and batch normalization are used to reduce overfitting and stabilize training. The model 

has a total of 4,218,658 parameters, of which 4,217,634 are trainable. During testing, this 

CNN performed successfully, but specific evaluation metrics such as accuracy, precision, 

recall, and F1-score are required to fully assess its effectiveness in predicting Rice Leaf 

Disease. 

 

Achieving Test Accuracy of CNN is 98.44%. In below Figure 5:1 describing the confusion 

matrix of CNN: 

 

Figure 5.2.1: Confusion Matrix (CNN) 

The confusion matrix displays the performance of a CNN classifier across four classes: 

Some of the major diseases are Bacterial blight, Blast, Brown spot and Tungro. The 

diagonal elements depict the actual classes, and it is observed that all four classifiers have 

high accuracy for the classification of Bacterialblight (0. 98), Blast (0. 96), Brownspot (1. 

0), and Tungro (1. Off-diagonal elements indicate same day misclassifications; where Blast 

is misclassified as Bacterialblight (0. 021) and Bacterialblight misclassified as Blast (0. 

0099). In sum, it can be concluded that the chosen classifier works with high efficiency 

and makes very few mistakes. 
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Figure 5.2.2: Training and validation accuracy and loss over the epochs (CNN) 

The figure to the left displays the training and validation accuracy of a CNN model up to iteration 

15. Both accuracies rise from around 70% and quickly rise and level off at around 98-99% after the 

first few epochs suggesting learning has occurred. The right graph refers to the training and 

validation loss, and as seen, both start from a high point and as the epochs of training continue to 

increase, the loss reduces and eventually stabilizes around zero. This indicates that the model is not 

so much over-fitted such that it performs well on both the training and the validation data. 

Result of Experiment 2: Transfer Learning Model 

In this part describes four pre-trained convolutional neural network (CNN) architectures: VGG16, 

ResNet101, InceptionV3, and DenseNet201. Each architecture is accessible via the TensorFlow 

Keras applications module. However, their performance metrics are currently unknown. These 

models are well-known for their efficacy in a variety of computer vision tasks, and they are 

frequently used as feature extractors or fine-tuned for specific tasks because of to their impressive 

capabilities and extensive pre-training on large-scale image datasets. 

VGG19 

Achieving Test Accuracy of VGG16 is 96.57%. Below Figure 5:3 describing the confusion matrix 

of VGG19. 
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Figure 5.2.3: Confusion Matrix (VGG19) 

The confusion matrix shows the performance of a VGG19 model across four classes: Few 

of the diseases are Bacterial blight, Blast disease, Brown spot, and Tungro diseases. The 

diagonal elements represent correct classifications and have high accuracy on 

Bacterialblight (0. 97), Blast (0. 96), Brownspot (0. 99) and Tungro (0. 94). These errors 

include Bacterialblight which was sometimes confused with Blast and Brownspot which 

was sometimes confused with Tungro for the following percentage; Bacterialblight=0. 023 

and Brownspot=0. 057. All in all, the VGG19 model shows high classification accuracy 

with some confusion with some of the classes. 

 

Figure 5.2.4: Training and validation accuracy and loss over the epochs (VGG16) 
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The given picture presents two line diagrams interpreting the values of 5 performance 

characteristics of a VGG16 model in the process of its training for 14 epochs. Left plot 

shows the training and validation accuracy, where both of these parameters have been 

rising and are now plateau at a decent or good value. The right plot demonstrates the 

training and the validation loss; it decreases and indicates that the model is learning and 

making no significant mistakes. There is a little variance observed in the validation 

accuracy and area under the loss function but still, the model does not seem to be over-

trained. 

MobileNetV2 

Achieving Test Accuracy of MobileNetV2 is 97.82%. In below Figure 5:5 describing the 

confusion matrix of MobileNetV2 

 

Figure 5.2.5: Confusion Matrix (MobileNetV2) 

The image shows a normalized confusion matrix for the MobileNetV2 model, depicting its 

performance on four classes: Some of the most common diseases include Bacterial blight, 

Blast, Brownspot, and Tungro. The diagonal values which are generally nearer to 1 depicts 

the correct classification for each class Moreover, the accuracy for each class is as follows, 

Bacterialblight = 99%, Tungro = 99%. Off-diagonal values correspond to classification 

errors, where it can hardly be the case that one of the objects will have a small value, for 

example, 0. 032 and 0. This wasmanifested in Table 015 showing low level of 

misclassification between the given classes. Hence, the high diagonal values and low non-

diagonal elements is an indication that the MobileNetV2 model is highly efficient in 
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classifying the various classes. 

  

Figure 5.2.6: Training and validation accuracy and loss over the epochs (MobileNetV2) 

The image is a plot that shows two lines of the training and the validation of the 

MobileNetV2 model within 14 epochs. The left plot demonstrates the training and 

validation accuracy, and the initial values are high and end roughly at the 97% mark, 

signifying good training.  

InceptionResNetV2 

Achieving Test Accuracy of InceptionResNetV2 is 95.43%. In below Figure 5:7 describing 

the confusion matrix of InceptionResNetV2. 

 

Figure 5.2.7: Confusion Matrix (InceptionResNetV2) 

The image shows a normalized confusion matrix for the InceptionResNetV2 model, 

indicating its performance across four classes: Bacterial blight, blast, bown spot and tungro 
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diseases are found knowledgeable about Rice. The characteristics of diagonal values 

indicate that the results are fairly accurate for most classes, and that Blast and Tungro 

yielded the highest accuracy of 0. 98 and 0. 99, respectively. However, its accuracy of 

classification is considerably lower averaging on 0. 86 and likely to misclassify some 

documents as belonging to the Blast category 0. 13. The overall matrix shows a good 

classification ability for the selected plant diseases, however the separation of 

Bacterialblight and Blast is not very clear. 

  

Figure 5.2.8: Training and validation accuracy and loss over the epochs (InceptionResNetV2) 

Figure 5.2. 8 presents the result of loss and training and validation accuracy in epochs for 

a pretrained CNN architecture named InceptionV3 structured on a massive size image. The 

training accuracy rises gradually with epochs, indicating that the training set’s information 

is being well learned. But, it does so more slowly, the validation accuracy also increases 

and that was an indication of over fitting. The training and validation loss which show how 

good the model is at fitting the data should be constantly decreasing. That is, model fit and 

generalization should be managed carefully as an increase or decrease in one of these 

criterions depends closely on the convergence to the other. To understand whether 

overfitting is sustained or whether the generalization is stabilizing more evaluation is 

needed.  

 

Xception 

Achieving Test Accuracy of Xception is 95.07%. Below Figure 5:9 describing the 

confusion matrix of Xception. 



©Daffodil International University, Bangladesh   35  

 

 

Figure 5.2.9: Confusion Matrix (Xception) 

Figure 5.2.9 represents the losses and the training as well as validation accuracies plotted 

over the epochs in case of a large image data set by using a popular pretrained CNN 

architecture, the InceptionV3. Training accuracy rises gradually with the rise of epochs, 

which indicates successful learning of training data. It may also mean overfitting as 

validation accuracy also increase though at a slower rate than training accuracy. Better 

fitting to the model is better depicted by the smooth reduction in training and validation 

losses. Accuracy and generality of the sample are the key performance indicators which 

should be watched on their convergence in order to achieve the best result.  

  

Figure 5.2.10: Training and validation accuracy and loss over the epochs (Xception) 
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Figure 1 displays two plots as the train and val curves of the Xception model, in 14 iterations of 

training. The left plot is about the training and validation accuracy where both start and rise steep 

and close to each other where at the end, the accuracy is almost 0. 975 and the validation start to 

fluctuate insignificantly. The plot on the right presents the training and validation loss; both are 

generally decreasing in a more vast scale in the initial epochs, and they both take very close values 

to 0. 1, and from this point, there is smooth variation in the training and validation loss. It is very 

good generalization performance reacted by these plots showing effective model training. 

In given below I am showing Comparative Model Accuracy Bar Plot: 

 

 

Figure 5.2.11: Comparative Model Accuracy Bar Plot 

The image presents a bar plot comparing the accuracy of five different deep learning 

models: The CNN architecture models include Xception, VGG19, MobileNetV2, 

InceptionResNetV2, and others. The length of each bar is the accuracy of a model and as 

it is evident, CNN has the highest accuracy of 98. 44%. Next, MobileNetV2 comes with 

the accuracy of 97. 82% and VGG19 has 96. 57%. Xception accuracy is 95. 07 and 

InceptionResNetV2 is 95. 43%. The plot to support the conclusion shows that, although all 

the models have high accuracy, CNN and MobileNetV2 achieve the highest accuracy. The 

differences in the bars’ colors allow comparing the models’ performance visually. 
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5.3 Performance and Comparative Analysis 
 

While comparing different advanced models for the identification of rice leaf diseases, 

several aspects were reviewed, including accuracy, the precision of the outcomes the recall 

ratio, F1-score, and time consumption. At the same time, the accuracy in the test set was 

the highest for the given CNN model and was equal to 98. 44 %; however, there is evidence 

of its generalizability in over the other disease types and condition. in MobileNetV2 was 

also pretty good with accuracy of 97. The conversion rates are about 82%, hence proving 

it to be fast and effective for real time use on such devices. VGG19 and Xception reached 

the accuracy of 95. 07% and 96. The RMSE for all cases with the four models was below 

5%, while the specificity varied from 20% to 57% and sensitivity from 84% to 87%, 

proving that even though these worked slower than the simpler models of RFM and SVM, 

they are prescient and efficient in feature extraction. The ResNet model, namely 

InceptionResNetV2, achieved an accuracy of 95. 32%, proposes the cooperation between 

Inception and residual networks with a focus on the balanced depth of the used network. 

When compared to these DLMs, other classical methods of machine learning like SVM 

and decision trees give relatively lower accuracy of about 81. 8% to 97%. It is apparent 

from the outcomes that the deep learning models have provided more effective and 

generalized solutions of advising rice diseases by detecting the leaf diseases through CNN 

and MobileNetV2 models which plays an important role in increasing the agricultural 

production and making it eco-friendly. 

 

5.4 Summary 
 

Results and analysis obtained from this investigation supports that deep learning models 

are effective in automating the detection as well as classification of rice leaf diseases, which 

is vital for improving agriculture productivity and sustainability. The CNN model appears 

to be more accurate in detecting bacterial blight, blast disease and tungro diseases with an 

accuracy of 98.44% and also for brown spot disease. MobileNetV2 performed well too 

with a decent accuracy of 97.82%, its one another network which can be deployed on 

resource constrained devices without any performance loss VGG19 also performed quite 

well giving an accuracy of 96.57%, it is thus robust towards complex features present in 

the agricultural images that can enhance its feature representation capability based on new 
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crops available to identify as per region and season requirements for any future datasets we 

utilize. However, Xception and InceptionResNetV2 were directly behind DenseConv3D 

with values of 95.07% (Xception) and 95.43%, respectively justifying its performance with 

other high performing encoder architectures even for the task of classification into attested 

diseases tiers 
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CHAPTER 6 

IMPACT ON SOCIETY, ENVIRONMENT AND 

SUSTAINABILITY 

 
6.1 Impact on Life 

 

The deep learning for automated rice leaf disease detection is significant because, global 

food security and agricultural communities. These technologies help farmers in detection 

of diseases at an early stage such as bacterial blight, blast, brown spot and tungro which 

would otherwise have not been possible. By taking a proactive stance in the field, farmers 

aim to avoid significant crop devastation and less reliance on chemical treatments so that 

over time, their crops yield imports will be more substantial leading to positive economic 

results. Additionally, the implementation of automated disease detection systems helps 

with environmentally friendly agricultural practices and reduce environmental affects 

from unnecessary use of pesticides. It provides farmers with information and the means 

to support this decision-making, thereby improving their capacity to fulfil sustainable 

agriculture. In a broader perspective integrating deep learning into agriculture is also 

beneficial in supporting global food security which means as far more efficient use of 

resources and an increased resilience against environmental and economic perturbations 

on the production systems. 

 

6.2 Impact on Society & Environment 
 

The development and deployment of deep learning models for rice leaf disease detection 

can have a huge social as well environmental impact. They allow disease like bacterial 

blight, blast and brown spot on paddy displays early stage identification from other 

diseases & tungro enables the farm implement timely targeted interventions. This not only 

maintains crop health and is beneficial for improved yields but also reduces economic 

loss to the farers giving rise in food security as well livelihood. Furthermore, transitioning 

to automated disease detection reduces the necessity of using chemical pesticides that 

pollute environment and promote healthy agriculture. They help to save biodiversity, 

protect natural ecosystems and the health of both consumers and workers by reducing 
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pesticide use. What implementation of deep learning in agriculture does is advancing the 

food production system to be able to adapt and evolve. The solution provides farmers 

access to new tools that will assist their efforts in managing crop health more sustainably, 

with a focus on environmental stewardship and food safety by supporting safer practices 

across communities globally. 

 

6.3 Ethical Aspects 
 

Deep learning model deployment for rice leaf disease detection involves various ethical 

considerations that must be treated with care. One major issue concerns data privacy or 

ownership, specifically about the way in which farmers' agricultural data is collected and 

used. This will require transparent data handling protocols and stakeholder informed 

consent to ensure privacy rights are respected, that trust is built. Ethical Concerns also 

delve into the possible effect on local farming communities both socially and 

economically. Although the advance of technology can increase productivity and 

profitability, that any improvements in technology are equitably available to resource-

poor small farmers remains a requirement. Conflict-possible digital divides need 

mitigation, and benefits must deliver equity across an array of agricultural landscapes. 

Finally, if these automatic disease detection systems are going to be used responsibly we 

need also address the problems of algo bias and fairness. Training models on unbiased 

datasets and monitoring them for biases in real time when they are used can also help 

prevent the unintentional effects of AI systems, so as to inject fairness into decisions 

making processes. 

 

6.4 Sustainability Plan 
 

To make rice leaf disease detection systems based on deep learning last into the long-

term, there has to be a number of preservation strategies. Continued research and 

development will remain the top priority to improve modeling tools for robustness, 

scaling, and customizable applications suited specifically to different agricultural contexts 

and system dynamics. In addition, building partnerships with agrifood stakeholders like 

farmers, researchers and even policymakers will generate innovative ideas that are co-

created. The collaboration can be a path to negotiate practical constraints, demonstrate the 



©Daffodil International University, Bangladesh   41  

technology in real-world scenarios while ensuring that they are aligned with 

hydro/agraculture sustainability agendas. Third, investing in capacity-building programs 

and educational initiatives will provide farmers with the skills needed to best apply these 

technologies. ENERGIA has also received training in data collection, model interpretation 

and sustainable agriculture. Finally, it includes feedback mechanisms as well conducting 

regular impact assessments for enabling the continuous improvement and adaptation of 

technologies to changing socio-economic and environmental contexts. By placing these 

strategies above everything else, sustainable deployment of deep learning in agriculture 

can be achieved and contribute to resilient food systems while also improving the 

livelihoods for farming communities around the world. 

 

6.5 Summary 
 

Deep learning for rice leaf disease detection is one of the powerful applications in 

agriculture which will have impact on society, environment and sustainability. These 

technologies facilitate timely and specific intervention practices for early detection of 

disease to ensure food security, increase crop yield as well as improve economic status of 

farmers. By focusing on being proactive, the system requires minimal to no use of 

chemical pesticides which means less environmental pollution and that farming practices 

become more sustainable protecting biodiversity and natural ecosystems. Deep learning 

also ensures access to emerging technologies, enabling smallholder farmers and fueling 

inclusive growth in agriculture. The innovations strengthen food production systems 

making it resistant to contagious diseases, safer healthier foods and a global promotion of 

environmental stewardship and socioeconomic well-being 
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CHAPTER 7 

CONCLUSION AND FUTURE WORK 

7.1 Conclusions 
 

Based on this, we can conclude that automated detection of rice leaf disease using deep learning 

architecture is possible and provides the highest accuracy in CNN model other than MobileNetV2 

and VGG19. And with the ability to empower farmers for early disease detection, CRISPR tools 

may have a major impact on reshaping agriculture by focusing more precisely than ever before 

anyone crop management strategies that avoid losses of yields. Our study showcased that robust 

disease classification highly relied on the data quality, model selection and validation process. In 

future, more work on building big annotated datasets should be done instead of model 

interpretation because of why these algorithms acts so accurate or how can we have trust in those. 

Deployment: For real life problems open-source libraries is encumbering aspect of deploying it on 

a massive plateau and the deployment part should be practicable faster. Many of the challenges 

should be addressable by deep learning and other technological advances, providing a substantial 

boon to sustainable agriculture lending support for global food security initiatives as well 

imaginative solutions for developing future-ready cropland. 

7.2 Future Suggested Works 
 

For future studies of deep learning in the detection of rice leaf disease need to take some 

focus point for better impact and application. The broad range of disease classifications 

to describe emerging pathogens and rare diseases will increase the coverage, hence utility 

in diverse agricultural settings of these models. 

 

Second, the addition of data sources in multiple modes (e.gSpectral and hyperspectral 

imaging) improve disease detection accuracy by capturing more physiological or 

biochemical variations present in plants. 

 

In addition, we may consider federated learning to solve data privacy problems and help 

train the model across multiple geographically separated sites. 
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Additional efforts are required to push model interpretability techniques forward, as this 

may represent an important step towards more curated decision-making processes and 

general trust among end-users 

 

7.3 Limitations 
 

While it may seem wells on all counts, there are limitations of the study that must be 

considered. Availability of Data: Especially outside areas where the training data exists, 

in generalizability might be an issue for deep learning models due to lack or non-

representative sample and pertaining variance across different 

geography/maps/environments. Availability of Internationally annotated datasets data 

only available for general and not rice leaf disease related which can affect the 

performance, generality and scalability of the models. Moreover, advanced deep learning 

models demand high computational resources for training and deployment may bring 

limitations specifically in the case of small-scale farmers or resource-constrained 

scenarios. Making the preparation in hardware and software infrastructure accessible to 

everyone at an affordable price is key for a massive adoption. In addition, the use of deep 

learning models is well suited for pattern recognition however being able to interpret what 

decisions a model makes in complex agricultural environments continues to remain an 

open challenge. Improving model transparency and interpretability is critical to 

engendering trust among stakeholders, as well fostering informed decisions in disease 

management. 
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