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ABSTRACT 

Rice is the dominant crop of Bangladesh. Yet, every year a large number of crops are 

affected by the disease. Conventional detection of rice plant disease in the lab is time-

consuming and involves a lot of time. It leads to a decrease in production and economic 

loss for farmers. Therefore, image-based disease classification is a rising research 

discipline. In this paper, we've taken an approach to classify the nine frequent rice 

diseases and normal rice plant leaves by image. With transfer learning and model fine-

tuning, we classified a total of ten classes. We are using Convolution Neural Network 

(CNN) and Deep Learning (DL), a subfield of Artificial Intelligence, for doing this kind 

of classification with automatism by training an over ten-thousand image list. We've 

achieved 98.47 percent validation accuracy with EfficientNetB3 of total ten class where 

nine of them are disease class and remaining one is normal. After identifying the best-

performing model, we converted it using TensorFlow Lite model maker for deployment 

in a mobile application. This app enables real-time disease detection by allowing users to 

capture or select an image, which the model then classifies instantly. This paper includes 

methodology and how we achieved validation accuracy along with previous literature on 

this. Discussion on hyperparameter tuning and utilization of different categories of pre-

trained models which were trained on 'ImageNet' are present.
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CHAPTER 1 

Introduction 

1.1 Introduction 

One of the food items with the widest consumption worldwide is rice because it is a 

major source of food for numerous countries. In predominantly Asian nations such as 

India, China, Bangladesh, Japan, Pakistan, Indonesia, and Thailand, it is primarily a 

staple food. In excess of three billion people is estimated to use it as a basic food option 

[1]. Rice is a broad term due to the varied rice varieties grown all over the world, with 

each being differentiated by distinct cultivation techniques. However, it is important to 

emphasize what is common in all rice plant development, which encompasses three 

distinct phases until harvest. About 15% of arable lands all over the world are cultivated 

for rice. [2]. Production of rice is a major contributor to the agriculture. Total 

consumption of rice is 486.62 million tons during 2018-19 and 496.30 million tons 

during 2019-20. It is among the most widely consumed cereal grains globally. In 

comparison with the tons of rice that are being consumed over a period of time, it is 

obvious that rice consumption is growing. Growth in rice consumption is expected to 

match with the rising rate of production. Nevertheless, disease-related issues often 

damage a large quantity of rice due to a deficiency of field checks. Certain diseases often 

catch rice production, which result in great economic losses. Moreover, extensive use of 

pesticides for treating crop diseases has resulted in adverse effects on agricultural 

ecosystems [3]. The prevalent rice diseases are leaf blight, leaf blight, blast disease, and 

symptom-based texture, color, and shape, usually high development and simple infection 

[4]. The process of rice disease identification currently involves item identification, rice 

disease tag inquiry, and automated detection. Over the past few years, there has been a 

remarkable increase in computer processing efficiency, and there is an immense quantity 

of data available from different kind of sources, which is utilized for learning in depth of  

the agriculture industry. The field of Artificial Intelligence like deep learning and the 

Internet of Things are being researched and unfolding newer possibilities for plant 

anomaly diagnosis. Disease surveillance is categorized by researchers into three forms. 
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employs digital and spectroscopic images, sensor measurements of soil, and processes 

climate parameters. Varying forms of AI models are created, trained, tested, and 

validated on data gathered above [5]. Hence, for the development of an integrated crop 

disease management system, ML and DL techniques are capable of enhancing farmers' 

earnings and saving land resources. In all, these methods facilitate effective treatment at 

the precise location, at a precise time, and by having a perfect speed [6]. Agricultural 

research is supplemented with diversity of available data originating from a various kind 

of sources including IoT sensors, vegetation indices, UAV imagery, and satellite imagery. 

Data fusion methods must combine several different types of retrieved data for an 

analysis of the growing status of the crop and progression of disease ailments. In 

addition, ML-based data synthesis has made great strides and when it will be apply on 

agricultural data, then it will significantly contribute toward protection against plant 

damage, particularly initial detection of disease. Merging a diversity of agro data from 

multiple tools of collection of data with leveraging the AI techniques has led to 

significant research on precise agriculture, mainly for monitoring and protecting the plant 

growth. The latter years have registered a significant decline in rice output due to a 

diversity of causes. A prominent cause is the outbreak of rice plant diseases. Of these 

unwanted diseases, sheath blight, leaf blasts, and brown spots are present, all of which 

contribute significantly towards rice yield's quality and yield quantity. Though distinct 

from others, all share a commonality of being present as spots on rice plant leaves. Early 

detection, similar to a majority of diseases, will counter or avert subsequent damage. The 

main challenge is that there's no consistent monitoring of the vegetation. In addition, 

amateur farmers do not possess the diligence and awareness necessary for picking out 

probable diseases and seasonal incidence. These ailments affect the plants at any point, 

which makes constant monitoring during the growing process crucial for preventing the 

spread of diseases [7]. Performing manual scouting of the large rice fields every day by 

farmers is an impossible task because of the large area covered by the farms. Even if it is 

possible, it would be impractical for a human being to check every plant growing within a 

field. The idea of farmers checking every rice plant on a daily basis, is possible but  

would be a costly process and can have much more error and time consuming. This 

method could potentially damage the rice plants in transit, among others, with adverse 
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consequences. The process of classifying or diagnosing any kind of disease or anything is 

a daunting task when done manually, since it involves observing a number of parameters 

such as environmental conditions and surrounding conditions. During all the 

technological advancements, a recent trend being researched by researchers is a 

combination of automation kind of like using Artificial Intelligence (AI) and Machine 

Learning (ML) for use by farmers as well as researchers in various areas of agricultural 

research for timely identification of diseases affecting rice plants [8]. The continuous 

improvement of algorithms for digital image processing and recognition has made it 

useful and more welcoming to find out about diseased crops and classifying the type of 

disease affecting a crop. Nevertheless, relying only on artificial intelligence (AI) and 

machine learning (ML) would be insufficient [1], [9]. However, a prime factor remains 

an effective machine learning algorithm, process, or procedure that is capable of 

identifying and diagnosing rice diseases. In vitro plant breeding [10], stress phenotyping 

[11], stress physiology [12], plant biology [13], plant-pathogen interaction [14], and plant 

identification [15] are some of the agricultural research areas exploring use of machine 

learning. 

The research highlights the importance of developing a system that would enable farmers 

to identify diseases early, increase production and quality, and lower costs. Enhancing 

productivity and quality are among the prime objectives of agricultural technology 

studies. Scientists hold that the distinct features of the rice crop necessitate concentrated 

efforts on disease identification and control. The research is important for rice consumers, 

numbering about three billion, and other valuable crops. 

 

Original CNN 

CNN are deep learning architectures specifically designed for using visual kind of data 

like images and videos(frame as image). They are an imitation of the human visual cortex 

and are designed to learn patterns and hierarchical features automatically, directly from 

raw data. The main components of CNN include convolutional layers, which identify 

edges, shapes, and textures; pooling layers, which lower the dimensions of data; and fully 

connected layers, which are used for tasks of classifying or making predictions. 

These networks are known for their capability for hierarchical representation, ranging 
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from basic visual features on lower-level layers up to complex ones on deeper layers. 

This flexibility makes CNNs perfectly suited for tasks including image processing, 

medical diagnosis when used for visual scenarios. They improve computational 

efficiency and avoid overfitting by having a shared weight architecture. 

 

VGG16: VGG16 is a deep CNN which is been developed by Oxford University's Visual 

Geometry Group. Developed back in 2014, it is renowned for being an effective yet 

simple architecture. The model consists of 16 learnable layers, which include 13 

convolution layers with 3×3 filters, and 3 fully connected layers. All are organized into 

five consecutive blocks, with max-pooling applied subsequent to every block for down 

sampling spatial dimensions without losing essential features. 

ReLU activations are used for every convolutional layer, with a SoftMax function being 

used by the final output layer for classification. VGG16 came into prominence with its 

remarkable performance at the ImageNet challenge, even though it is computationally 

expensive with 138 million parameters. VGG16 is now commonly utilized for transfer 

learning and extraction of features because of its stable structure, scalability, and 

consistency in solving image recognition tasks. 

 

 

Figure 1.1.1: Visual representation of VGG16 [16] 

 

VGG19: The VGG19 architecture, which Oxford's Visual Geometry Group introduced 

back in 2014, is a 19-layer CNN based on its predecessor, VGG16. VGG19 involves 16 
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convolution layers with max-pooling layers placed between them, followed by 3 fully 

connected layers, making use of 3×3 filters everywhere for a homogeneous architecture. 

ReLU activation occurs after every convolution layer, and an activation function using 

softmax in output is helpful for tasks such as classifying. VGG19 has approximately 144 

million parameters, making it computationally expensive, yet is excellent for extracting 

features for tasks such as image classification on an input such as ImageNet. Its strong 

architecture and pre-trained versions are now extremely useful for transfer learning and 

use in image recognition tasks, exhibiting adaptability and strength despite minimalism. 

 

 

 

 

Figure 1.1.2: Visual representation of VGG19 [17] 

 

 

InceptionV3: Google's InceptionV3, which was introduced in 2015, is a high-

performance deep learning architecture for large-scale image recognition, including 

ImageNet challenge. InceptionV3 leverages sophisticated techniques such as factorized 

and asymmetric convolutions and also auxiliary classifiers for efficient processing of 

image features at multiple scales. The block-based modular architecture, which is based 

on "Inception blocks," employs convolutions with multiple sizes and pooling layers for 

effective feature extraction. Label smoothing and grid size reduction are some of the 

innovations implemented for improving performance at managing computational 

complexity. With 42 layers and an estimated 23.5 million parameters, InceptionV3 is 

renowned for finding a good kind of performance and in the case of efficient for 

computational power, and hence is a kind of useful for many kinds of way, including rice 
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disease classification and autonomous machines. 

 

 

Figure 1.1.3: Visual representation of InceptionV3 [18] 

 

 

DenseNet121: DenseNet121, or Dense Convolution Network, is a highly acclaimed deep 

learning architecture known for effective feature sharing and strong layer-to-layer 

connectivity. In DenseNet121, all layers receive input from all previous layers, allowing 

for end-to-end information flow and avoiding any redundancy of features. DenseNet121 

counters the vanishing gradient, which is typically a challenge with deep neural networks, 

and facilitates feature reuse. 

DenseNet121 is dense yet lightweight, with 121 layers. It minimizes the number of 

parameters through direct layer connectivity over a strictly sequential architecture, 

making it more efficient and less prone to overfit. The network consists of dense blocks 

with interspersed transition layers, which comprise convolution and pooling layers for 

size and complexity balancing. 

DenseNet121 has shown remarkable capabilities for image classification and medical 

diagnosis. DenseNet121 is especially suited for smaller datasets, optimizing parameter 

use and handling. Its well-balanced structure, which mixes high accuracy with 

effectiveness, has made DenseNet121 a first choice for a number of deep learning tasks. 
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Figure 1.1.4: Visual Representation of DenseNet-121 [19]

ResNet50: The ResNet-50, which debuted in 2015, is a well-known deep CNN 

architecture within Residual Networks, which is known for overcoming issues in training 

deep networks. ResNet-50 has 50 layers structured within bottleneck residual blocks, 

employing shortcut paths to fight against the vanishing gradient. The shortcut paths allow 

for gradient and data flow over layers, making deeper network training more effective. 

ResNet-50 features convolution, pooling, and full connectivity layers, making it well 

suited for image, object detection, and various tasks. ResNet-50's groundbreaking 

architecture based on identity mapping and computation efficiency has resulted in 

extensive influence on building high-level computer vision models. 

 

 

Figure 1.1.5: Visual representation of ResNet-50 [20]
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EfficientNetB3: EfficientNetB3 is a high-performance CNN specifically is been 

designed for the classification of image, which presents a smooth combination of high 

performance and efficiency. Being a member of the EfficientNet series, it uses a 

compound scaling approach for proportionally scaling up its architecture's depth, 

resolution, and width. 

Relative to previous versions, it has increased performance with a minimal increase in 

complexity and computation. EfficientNetB3 is pre-trained on a kind of large set of data 

like as ImageNet, with remarkable accuracy at a low resource footprint. 

Its architecture combines mobile inverted bottleneck layers with squeeze-and-excitation 

modules, allowing for accurate and effective extraction of features for multiple visual 

recognition tasks. 

 

 

 

Figure 1.1.6: Visual representation of EfficientNetB3 [21] 

 

 

Transfer learning 

Transfer learning is an innovative ML methodology by which experience gathered from 

learning a given task is used for learning a related, yet distinct, task. Transfer learning is 

based on using pre-trained models as a starting point for learning a completely different 

domain, with a drastic decrease in time, data, and computer processing needed for 

learning. 

The process either involves adjusting a previously-trained model by fine-tuning its 

weights on a target task or using it as a feature extractor with learned parameters 
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remaining unchanged. In cases of limited labeled data, it works especially well, since 

learned features are represented by a pre-trained model from a larger source dataset. 

Transfer learning within computer vision allows pre-trained models like as for VGG, 

EfficientNet, or DenseNet to be applied for kind of task like image classification or 

object detection. In NLP too, models such as BERT or GPT are tuned specifically for an 

application, for instance, for text summarization or for sentiment analysis. By leveraging 

previously acquired knowledge, this process increases accuracy, accelerates training, and 

reduces costs for operation. 

 
1.2 Motivation 

 

Rice is a crop that supports more than half of the world's population, mainly in Asia and 

Africa. Diseases including blast, bacterial blight, and sheath blight are a severe threat, 

with yield losses reaching up to 20–40% or even more. Timely and precise detection of 

such diseases is necessary to limit economic and food security threats. Conventional 

approaches, such as manual surveys, are time consuming, labor intensive, and subjective, 

especially for large-scale or field conditions with limited expert accessibility. 

Emerging technologies, such as deep learning models including CNN, provide 

revolutionary solutions. They allow for accurate detection of diseases from visual 

patterns within plant images. In combination with drones and IoT-based sensing 

instruments, they offer real-time, contextualized intelligence, eliminating the need for 

manual interventions. The technology-driven solution not only helps protect the crops, 

but also boosts farmers' revenues, supports green practices, and delivers food security for 

a growing global population. 

 
1.3 Rationale of the Study 

 

Rice, which serves as a food source for billions of people all over the world, is a critical 

crop for global food security, especially in areas such as Asia. Nevertheless, rice is 

threatened by conditions such as bacterial blight, sheath blight, and blast, resulting in 

significant reductions in yield. Conventional detection methods for these diseases, which 

include manual scanning, are error-prone and labor intensive, yet also being impractical 

for use on large agricultural fields. 
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Transfer learning comes forth as a groundbreaking solution by using pre-trained deep 

learning models for accurate identification of plant diseases. Transfer learning saves a 

great deal of time and computation for model training without compromising on 

accuracy, even with scanty labeled datasets. Transfer learning-based automatic systems 

facilitate timely and accurate disease detection, allowing farmers to undertake on-time 

interventions and minimize losses. 

The significance of this research is based on its ability to transform agriculture. Through 

merging transfer learning with IoT devices and drones with assistance from an android 

application that must be integrated, it makes real-time monitoring, increases output, and 

encourages green farming. With world food needs growing, such innovative technologies 

are essential for protecting crops, sustaining farmers' livelihoods, and maintaining a 

secure food supply.. 

 
1.4 Expected Output 

 

• Increased Accuracy of Detection 

The methodology is formulated with an eye for precise identification of rice plant 

diseases, such as bacterial blight, blast, brown spot, totalling a total of nine diseases. 

• Timely Disease Management 

Early detection systems allow growers to respond in a timely manner, avoiding losses and 

halting disease progression. 

• Optimal Model Use 

Transfer learning significantly cuts down on training time and data needed, making it 

possible for quick deployment of disease detection schemes. 

• Scalability and Adaptability 

The adaptability of the framework guarantees a uniform performance for varied farming 

conditions and regional climates globally. 

• Affordable Agricultural Solution 

By leveraging pre-trained models, this platform reduces costs, making sophisticated 

technology affordable for smallholder farmers. 

• Integration with Contemporary Tools 

The compatibility of the system with drones and IoT devices supports real-time 
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monitoring that increases detection accuracy. 

• Sustainable Agricultural Practices 

Decreasing reliance on synthetic pesticides and encouraging healthier harvests is 

consistent with worldwide sustainability objectives. 

• Empowerment of Farming Communities 

Easy-to-use automated systems enable farmers from far-flung regions to manage their 

crops with full independence. 

• Development of Research 

This research forms a basis for future AI-based developments within agriculture, 

encouraging innovation of methods for detecting plant diseases. 

Conclusion 

These results highlight the potential for transformation offered by transfer learning in 

tackling global food insecurity issues and assisting sustainable agriculture by using 

sophisticated disease detection technologies. 

 

1.5 Project Management and Finance 
 

The effective management of a project and finances is critical for deploying a system 

such as "Enhancing Rice Plant Disease Detection: A Classification Approach with 

Transfer Learning." This project requires careful planning, resource mapping, and precise 

timelines for execution, in order for it to be successful. Financial investment is needed for 

computational hardware, for instance, high-end GPUs or cloud services, which is 

necessary for training and deploying transfer learning models. Money is also required for 

procuring varied datasets, data preprocessing, and model testing. 

Personnel costs for hiring AI specialists, agronomists, and field technicians also need to 

be factored, along with training programs that introduce end-users to the technology. 

Strategic collaborations with agricultural institutions and govt. agencies can source 

technical know-how and help manage costs. In addition, procuring grants or sponsorships 

from food security-oriented organizations will guarantee a steady source of funding. 

In a bid to provide timely support to farmers, ensure high agricultural output, and 

promote food security around the world, streamlined project management guarantees 

effective utilization of resources, timeliness, and effective deployment of a strong, 
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affordable platform for detecting rice diseases. 

 

 
1.6 Report layout 

The report follows a well-structured format with precise purpose, crafted to lead readers 

effortlessly through the process of research, main findings, and implications. Every 

chapter is carefully designed with a precise function, with a natural flow and extensive 

depth being retained throughout. 

Chapter 1: Introduction 

The chapter sets an agenda for the research by putting into perspective why rice is such a 

worldwide food staple and plant diseases are so challenging. It presents transfer learning 

and deep CNN for disease detection as potential technologies. The objectives, research 

questions, and structure of the research are given so that a foundation is established for 

the report. 

Chapter 2: Background 

The literature survey examines previous studies on rice disease identification based on 

machine learning and deep learning. The chapter assesses developments in transfer 

learning approaches using CNN, outlines knowledge gaps based on previous studies, and 

describes how the research helps solve those issues. 

Chapter 3: Research Methodology 

This chapter outlines the research methodology, data collection, and preprocessing 

techniques, and architecture of the CNN models used. In addition, it outlines why transfer 

learning is used and the metrics used to measure model performance. Ethical issues and 

potential limits of the studies are also presented. 

Chapter 4: Experimental Results 

Experiments are conducted, and the performance of transfer learning models is 

demonstrated for detection of rice plant diseases. Comparative performance evaluations 
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of detecting and segmenting kinds of methods are presented with visually as well as 

statistically for supporting the findings. 

Chapter 5: Impact on Society 

The wider implications of the research are considered within this chapter, including 

whether it has the ability to increase food security, increase agricultural production, and 

promote environmentally sustainable farming. The economic sustainability and livelihood 

of farmers are also considered. 

Chapter 6: Summary, Conclusion, Recommendation, and Implication for Future 

Research 

The last chapter correlates the findings of the research, presents conclusions, and gives 

recommendations for practice based on the outcomes of the study. Suggestions are made 

for future research directions to drive further research into rice plant disease detection 

techniques. 

This layout is designed to provide a logical sequence of thoughts, guiding readers along a 

smooth path through the research process. It unites the introduction, essential findings, 

and final observations, ensuring a comprehensive grasp of the research. The organization 

bridges theoretical knowledge with real-life applications, specifically improving rice 

plant disease detection with TL and deep CNN. 
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CHAPTER 2 

Background 

 

2.1 Preliminaries/Terminologies 

The paper, entitled "Enhancing Rice Plant Disease Detection: A Classification 

Approach with Transfer Learning" emphasizes explaining the underlying concepts 

and processes. Transfer learning, an important aspect of machine learning, allows for a 

foundation by leveraging knowledge from unrelated tasks for enhancing rice plant disease 

identification. 

Deep CNN, a prominent image analysis tool, is applied for identification of intricate 

patterns such as lesions and spots that represent plant diseases. Detection is targeted 

towards identification of the occurrence of the disease, and segmentation is targeted 

towards identification of individual affected areas. Through integration of these ideas, the 

work examines synergistic utilization of transfer learning and CNN for correct detection 

and segmentation. 

Clarifying such terms helps readers comprehend the sophisticated methods used with this 

research, emphasizing its importance for further advancing precision agriculture and for 

responding to challenging agricultural issues. 

 

2.2 Related Works 

The kind of most vital aspects of ML algorithms is image processing, enabling images to 

be accurately classified into appropriate classes using common features. Most machine 

learning algorithms have three stages: first one is preprocessing, then feature extraction, 

and then classification. There are two types of classifiers and they are supervised and 

unsupervised algorithms. 

In recent times, DL algorithms have found widespread usage in research where first 

images are provided as the input to DL algorithms to perform feature extraction and 

image classification. ML and DL algorithms generally used to solve research problems in 

different kinds of area like in healthcare [22], education [23], smart cities [24], also 
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different kinds of fields which are a concern for humans. The final aim was to automate 

operations typically done by humans while the additional advantage was to have 

machines perform these tasks. In reference [25], the authors prove a sophisticated CNN 

constructed for identify the disease of rice blast. A collection of 5812 samples evenly 

distributed into infected and non-infected rice plants and publicly available data was 

used. Their system takes advantage of CNN for extracting the feature and SVM for the 

purpose of classification and has a result of average accuracy up to 95.83% in the case of 

a binary classification. In another instance [26], scientists call for the usage of image 

processing in managing and monitoring diseases affecting rice crops and identifying rice 

sheath, rice brown spots, rice blast, and rice bacterial blight diseases. They propose the 

usage of engineered features focused on shape and color and using standard classifiers 

such as k-nearest Neighbor (k-NN) and Minimum Distance Classifier (MDC) to classify 

the images using a data collection of 115 pictures divided into a 30% testing and a 70% 

training subset. Accuracy rates of up to 87.02% and 89.23% are seen to be associated 

with k-NN and MDC algorithms. The small kind of dataset used in multiclass 

classification makes it a concern when dealing with issues of overfitting. In their research 

presented in [27], the authors propose using machine learning (ML) approaches to 

identify rice disease with focusing on bacterial leaf blight, leaf smut, and brown spot. 

Working using the data set presented in [28], which contained 120 images evenly split 

across the three diseases, a question is posed to conventional classifiers including 

Decision Tree (DT), Logistic Regression (LR), Naïve Bayes (NB), J48 DT, and K-nearest 

neighbor (K-NN). Observably, a result of 97.9% is obtained with the J48 DT, partly due 

to the small kind of the dataset [28], The authors have used a method of dividing infected 

leaf areas using k-mean clustering and feature extraction from shape, color, and texture. 

Their use of a Support Vector Machine has an average precision on training data of 

93.33% and on test data of 73.33%. In [29], authors investigate the color feature-based 

classification of rice plant diseases. Considering 14 color spaces and extracting four 

features in each color space totaling 172 features they work with a dataset of 619 images 

across four classes: bacterial leaf blight, rice blast, healthy leaves, and sheath blight. 

Experimental testing using seven classifiers (LR, RF, DT, NB, K-NN, SVM, and DC) 

revealed that SVM outperformed the others, achieving an average accuracy of 94.65%. 
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In [30] a fusion of numerical and visual features was used for rice disease diagnosis. 

They implemented data fusion techniques such as mode, median, and mean to enhance 

robustness. The approach focuses on early fusion between CNN and MLP outputs for 

disease detection, using a dataset of 3200 rice health samples enriched with 

agrometeorological sensor data. The Rice-Fusion model achieved a test accuracy of 

95.31%, outperforming unimodal systems like standalone CNN or MLP. The paper [31] 

applies various deep learning methods to rice disease detection, discussing transfer 

learning, feature analysis, and optimization. The dataset includes 500 natural images 

categorized into four classes, sourced directly from farm fields. The approach uses an 

Attention-based neural network with Bayesian optimization for hyperparameter tuning. 

Their proposed ADSNN-BO model reached a 94.65% test accuracy. In [32] a Line Bot 

system for rice disease detection was developed using YOLOv3, trained on six rice 

diseases. This system provided real-time diagnosis suggestions and could detect diseases 

within 2–3 seconds. The model itself achieved a detection performance of 95.6%, while 

the Line Bot system showed an average performance of 78.86%. In [33] a custom CNN 

model using the Adam optimizer was created, achieving 99.83% test accuracy. They also 

used SGDM optimization. The dataset comprised 5932 images across four rice disease 

classes, augmented with rotation and flipping techniques. In [34] ten pre-trained deep 

CNN models, including VGG16 and ResNet152v2, were tested for rice disease 

classification using a dataset of 1216 images. The VGG16 model, using transfer learning, 

achieved a high accuracy of 93.11%. Also in [29] the authors used 14 color spaces to 

extract features from 619 images across four classes: BLB, RB, SB, and HL. Out of the 

seven classifiers tested, SVM got the best result where the accuracy is 94.65%. In [35] 

combining the ResNet50 and SVM have got the highest performance with an F1 score of 

0.9838. Smaller CNN models like MobileNetV2 and ShuffleNet were also evaluated 

successfully. Traditional methods such as Bag-of-Features and LBP + SVM were 

explored using 5932 on-field rice leaf images. The paper [36] used general image 

processing methods including SOM, Gaussian Naive Bayes, SVM, Radial Basis Function 

Networks, DNNs, and CNNs on a Kaggle-sourced dataset of 3355 paddy leaf images. 

Their proposed CNN model achieved 93% classification accuracy. 



17 

©Daffodil International University, Bangladesh  

 

Finally, in [37], algorithms including Random Forest, Decision Tree, Gradient Boosting, 

and Naive Bayes were applied for rice leaf disease classification. The highest accuracy—

69.44%—was achieved using Random Forest. 

 
2.3 Comparative Analysis and Summary 

Comparative evaluation in the research assesses a variety of methods to identify rice crop 

diseases using TL coupled with deep CNNs. The research objectively analyzes methods 

such as disease identification using models of detection and spatial location using a 

segmentation technique. Pre-trained models like ResNet50 and DenseNet121 are fine-

tuned to detect diseases and shed light on their performance in terms of numerous metrics 

such as accuracy and efficiency of computation. 

 

The detection methods exhibited robustness to speed in classifying quickly, providing 

real-time solutions to large-scale agricultural environments. Segmentation methods, 

though computationally demanding, presented localized visualizations to increase the 

precision of targeted interventions. The research highlights the complementarity of the 

methods and recommends their integration to implement holistic disease management 

practices. 

 

In summary, this paper both demonstrates the power of deep CNNs and TL for enhancing 

agricultural systems and paves the way for further research to fine-tune the approaches 

for widespread use. The research does a lot to advance the cause of sustainable 

agriculture by underlining the importance of accurate and efficient diagnosis of diseases 

to safeguard global food security. By combining detection and segmentation, the research 

presents a holistic approach to managing plant health issues efficiently. 
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Table 2.3.1: Comparative Analysis Table 

 

Reference Method Dataset Used Accuracy 

% 

[38] Pretrained CNN 

model 

5932 images 94% 

[39] Pretrained 

VGG16 model 

30000 labeled 

images 

92.89% 

[40] SVM based 

model 

 

400 images 94.16% 

[41] MLOA-based 

feature 

transformer 

636 thermal 

images 

90% 

[42] Extreme gradient 

boosting decision 

tree 

120 RGB 

images 

86.58% 

[43] Pretrained 

DenseNet model 

515 images 94.07% 

 

 

2.4 Scope of the Problem 

This research aims for solving the vital problem of detecting and controlling rice plant 

diseases, which directly affect global food production and agricultural efficiency. Visual 

assessment by local farmers is a time-consuming and error-prone conventional means of 

detecting diseases. These issues pose a vital necessity to achieve automatic and efficient 

solutions. 

 

Using transfer learning, the study takes advantage of pre-trained models to increase the 

accuracy of rice plant disease classification. Transfer learning enables utilizing already 

existing knowledge from related domains with much less computational effort and 

greater adaptability to agricultural data. Deep CNNs, with their remarkable capability to 
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deal with visual data, are used to examine photographs of contaminated plants and extract 

subtle patterns and signs of diseases. 

 

The subject area covered by the research involves analyzing and comparing different 

methods of classification to assess their efficiency and usability in real-life agricultural 

environments. The research also looks at how such tools are capable of complementing 

conventional methods of farming, providing information on how to respond quickly and 

accurately to outbreaks of diseases. 

 

The objective of this research is to promote precision agriculture to achieve better 

management of diseases and greater yield and also towards supporting sustainable 

agricultural practices. By resolving the above challenges, the research presents a means to 

overcoming the effects of rice plant diseases on livelihood and food security. 
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CHAPTER 3 

Research Methodology 

3.1 Research Subject and Instrumentation 

Subject of the Research: 

This research examines using state-of-the-art artificial intelligence techniques, 

specifically transfer learning, for overcoming a challenging aspect of rice plant disease 

detection. As a global food pillar, rice is vulnerable to destructive diseases such as leaf 

blast and bacterial blight, which threaten incomes and harvests. Conventional disease 

detection methods, based predominantly on visual inspection, tend to be less effective, 

prone to human error, and inappropriate for large agricultural fields. 

The proposed system is designed to identify and classify ten distinct rice plant conditions: 

bacterial leaf blight, bacterial leaf streak, bacterial panicle blight, blast, brown spot, dead 

heart, downy mildew, hispa, normal, and tungro. It distinguishes itself from prior 

research, which typically focuses on only 2 to 4 categories, by handling a broader range 

of 10 distinct conditions. This approach employs a CNN-based deep transfer learning 

framework, where input images are preprocessed—resized, for instance—before features 

are extracted. 

Advanced neural network architectures such as VGG16, VGG19, DenseNet121, 

InceptionNetV3, ResNet50, and EfficientNetB3 are utilized for feature extraction. To 

counteract the risk of overfitting, a common issue in studies with small datasets, the 

system incorporates Batch Normalization, Dropout, and Dense layers using Softmax and 

ReLU activation functions. Classification is performed at the final stage based on these 

processed features. 

Performance is assessed using standard evaluation metrics like accuracy, precision, recall, 

and the F1 score, offering a thorough understanding of the model’s classification abilities. 

This framework presents one of the best solutions to the problem of rice disease 

classification, overcoming several shortcomings of earlier studies. 
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The research harnesses transfer learning—a modern AI technique—to improve both the 

effectiveness and efficiency of rice disease detection. By repurposing pre-trained models, 

it lowers computational requirements and enhances model adaptability. Deep CNNs are 

central to this strategy, thanks to their capability to interpret complex visual data and 

recognize disease patterns with high accuracy. 

Moreover, the study contrasts disease detection and classification methods, outlining their 

individual advantages and limitations. Detection determines whether a disease is present, 

whereas classification identifies its specific type. This dual analysis provides insights for 

developing practical, scalable tools suitable for current agricultural demands. 

Overall, this research combines AI and agriculture to drive forward sustainable, 

innovative strategies that support better productivity and crop health management. 

Instrumentation: 

The experiments for this study were performed using Keras within the Google Colab and 

Kaggle platform, a cloud-based environment for machine learning research. Python 

served as the programming language, with TensorFlow providing the necessary tools for 

implementing deep learning models. Leveraging the Google Collaboratory framework, 

the study utilized pre-trained models hosted in the cloud and supported by two Tesla T4 

and a A100 GPUs. This framework offered sufficient computational resources, including 

up to 16GB of RAM and GPU, to facilitate efficient processing. 

The architectures examined in this research comprised VGG16, VGG19, Inception V3, 

DenseNet121, ResNet50 and EfficientNetB3. These models were selected based on their 

distinct attributes, with ResNet notably spanning depth, width, and multi-path categories. 

Each architecture was tested and analyzed to assess its capability in classification of rice 

plant diseases by using transfer learning. 

The study highlights the significance of modern programming frameworks, such as 

TensorFlow, combined with robust computational infrastructure. The utilization of high-

performance GPUs proved essential in managing the computational demands of deep 

learning tasks, ensuring the models performed efficiently and delivered reliable results. 
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3.2 Data Collection Procedure 

A. Datasets 

The dataset used in our research includes nine disease categories and normal rice leaves, 

with more than 13,000 images combined. Most categories include more than 1,000 

images, with others having fewer than that. The imbalance among categories is dealt with 

by using data augmentation methods, which balance the size of every category. The 

dataset for use in our work is from the Paddy Doctor Image Dataset [44]. 

 

Figure 3.2.1: A few representative raw images from the dataset 

Most of the dataset's six classes have more than 1,000 images. Of the four others, though, 

two have less than 400 images. In order to balance out this disparity, image augmentation 

was used on the two underrepresented classes. In Figure 3.2.1 we can see some of the raw 

image from the dataset. Additionally, images were manually collected from rice fields 

and incorporated into these classes to achieve a more balanced dataset. 

  



23 

©Daffodil International University, Bangladesh  

Table 3.2.1: Images Utilized in the Training, Validation, and Testing Sets. 

 

B. Process of Experiments 

The suggested architecture starts with raw image data acquisition. Deep learning models 

depend on large datasets for high performance, yet finite data can limit their performance. 

Data augmentation techniques are used to artificially increase dataset size and introduce 

variations to overcome this limitation. The experimental process is described below. 

Image Acquisition: 

We used a wide set of rice plant images with multiple symptoms of various diseases 

collected from field surveys and freely available online resources. They were taken across 

a variety of environmental conditions so that there were variations in terms of 

illumination, camera angles, and backgrounds. This variation was important for 

simulating real-world cases and increasing model robustness. 

Image Augmentation: 

In order to counter the constraints posed by scarce data and increase model adaptability, a 
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series of augmentation processes were applied. Geometric transformations that involved 

rotation and flipping, along with resizing, cropping, and brightness modification, were 

among them. These processes augmented the dataset, provided realistic variability, and 

boosted overall representativeness of data. 

As there were a limited number of images available for four given classes, image 

augmentation was only applied on those classes. In addition, extra images were gathered 

manually and incorporated into those classes for a varied representation within the 

dataset.   
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Table 3.2.1 shows size of train, test and validation for each class from the dataset. Figure 

3.2.2 shows some augmented images of the dataset. 

 

Figure 3.2.2: Augmented Image 

Feature Extraction: 

The model is initialized with top layer removed, eliminating its initial classification layers 

since it’s been pre-trained on a massive dataset (ImageNet) of one thousand categories. 

This converts the model into a feature extractor, allowing it to output image features 

appropriate for disease classification. Figure 3.2.3 shows the model layout (same for all 

the pre-trained model). 

 

Figure 3.2.3: Pre-Trained Model Layout (Simplified). 

Freezing and Adaptation: 

The pre-trained layers (Functional Layer) are first frozen so that learned knowledge from 

ImageNet is retained. A custom classification head, which includes dense layers, batch 

normalization, flattening, and dropout, is applied to adapt the model to 10 rice plant 

disease classes. 

Fine-tuning Process: 
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The model is trained using the Paddy Doctor Image dataset with adjustable weights of the 

incorporated layers. Frozen pre-trained layers (Functional Layer) serve as a solid base, 

speeding up convergence with better generalization. Overfitting is prevented by using 

early stopping and model checkpointing, preserving the best model weights. 

Leveraging Pre-trained Knowledge: 

This strategy of fine-tuning transfers knowledge from a big, general dataset (ImageNet) 

into a smaller, specialized dataset (Paddy Doctor). The fine-tuning is done by updating 

model parameters selectively, which makes the pre-trained model adapt to meet the goal 

efficiently. 

Training: 

Before model training, the dataset of images experienced a stratified partition into 

training, validation and testing subsets. The partitioning was based on an 80%-10%-10% 

proportion, with 80% being used for training the model, a further 10% for the validation 

set, and holding back 10% as a separate, independent test set for testing for performance 

of the model on unseen data. That partitioning, visually shown in 

, served a purpose for making a true assessment of the ability of the model to generalize. 

Based on the transfer learning paradigm, a deep learning model for image classification 

was built, using DenseNet121 architecture and other pre-trained models on ImageNet as a 

base. For improving feature extraction and class recognition, customized layers such as 

batch normalization, dropout, and dense layers were added. The output layer of the model 

was set for multi-class classification using a SoftMax activation function. 

The dataset was preprocessed using normalization and augmentation steps toward 

optimizing model performance and reliability. The Adam optimizer, known for being 

effective with sparse datasets, was used for gradient descent. Sparse categorical cross-

entropy loss was used for driving learning. Early stopping and model checkpointing 

techniques were used to stave off overfitting and retain the best state of a model. The 

model was iteratively trained for up to 50 epochs, with performance being constantly 

compared against a specially reserved validation set for purposes of ensuring 
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generalization abilities. 

Classification: 

Neural networks like VGG16, VGG19, Inception V3, DenseNet121, ResNet50 and 

EfficientNetB3 were used for automatic classification of disease during this phase. These 

models were chosen based on their established reliability and performance across a 

number of real-world contexts, making them perfectly suited for this classification 

process. Figure 3.2.4 shows the experimental workflow. 

 

Figure 3.2.4: Experimental Workflow. 

Results: 

Both raw data and an expanded, augmented dataset were used for performance evaluation 

of models. Augmentation included synthetic data creation and addition of external data 

for promoting generalization. 

Integration: 

Having achieved the best results with regard to accuracy for rice disease identification, 

the best model was deployed using TensorFlow Lite Model Maker. This deployment was 

further scaled for practical use cases, including Android, iOS, and web interfaces, for 

increased accessibility and convenience. The system allows people to identify rice 

diseases in real time using either the device camera or analyzing images available on the 
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gallery. This provides a guarantee that the high accuracy of the model is utilized 

optimally, promoting a reliable and easy-to-use solution for accurate disease 

identification via mobile and web platforms. Such innovations affirm the applicability of 

the approach, promoting real-time diagnosis of agriculture and decision-making. 

3.3 Statistical Analysis 

The statistical analysis of research carried out in 'Enhancing Rice Plant Disease 

Detection: A Classification Approach with Transfer Learning' plays a crucial role in 

extracting useful inference from experimental findings. Stringent statistical methods are 

utilized to measure and analyze performance of different techniques of classification for 

diagnosing rice plant diseases. Descriptive statistics, which are measures such as mean 

and standard deviation, explain central tendency and variability of data. Furthermore, 

inferential statistics, such as confidence intervals and hypothesis testing, allow for the 

testing of differences and similarities among applied methods. 

These statistical analysis comprise the basis for determining the significance of the 

conclusion, presenting a solid quantitative platform for comparing the performance of 

transfer learning-based models for rice plant disease classification. Statistical methods 

validate the reliability of experimental findings, paving a path for extending the 

conclusion's applicability into a wider population of agricultural data. 

In addition, statistical analysis adds an important interpretation dimension to comparative 

analysis, allowing for patterns, trends, and potential correlations within a dataset to be 

discerned. Statistical analysis of a strict nature helps guarantee a reliable and objective 

determination of research methods being evaluated, and hence the consistency of 

conclusions made by a study. Statistic analysis is essentially an important tool for 

unlocking usable knowledge from empirical evidence, hence furthering our knowledge 

on the effectiveness of TL methods within this kind of complex rice plant disease 

detection. 

 

3.4 Proposed Methodology 

Some model performance measures are derived based on true and false positives and 

negatives. Most meaningful performance measures are based on the particular model and 
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task, on the relative costs of different errors, and whether or not the dataset is unbalanced 

or balanced. 

Accuracy: 

Accuracy is a measure of all correct classifications, including positives and negatives. 

Mathematically, it is expressed as follows:  

 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝒄𝒐𝒓𝒓𝒆𝒄𝒕 𝒄𝒍𝒂𝒔𝒔𝒊𝒇𝒊𝒄𝒂𝒕𝒊𝒐𝒏𝒔

𝒕𝒐𝒕𝒂𝒍 𝒄𝒍𝒂𝒔𝒔𝒊𝒇𝒊𝒄𝒂𝒕𝒊𝒐𝒏𝒔
=

𝑻𝑷 + 𝑻𝑵

𝑻𝑷 + 𝑻𝑵 + 𝑭𝑷 + 𝑭𝑵
 

 

Precision: 

Precision is a measure of what proportion of all the model's positive classifications are, in 

fact, positive. Mathematically, it is given by: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
correctly classified actual positives 

everything classified as positive
=

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

Recall: 

The true positive rate (TPR), or rate of all true positives correctly categorized as positive, 

is also referred to simply as recall. Recall is statistically denoted by: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑜𝑟 𝑇𝑃𝑅) =
𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑙𝑎𝑠𝑖𝑓𝑖𝑒𝑑 𝑎𝑐𝑡𝑢𝑎𝑙 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑎𝑙𝑙 𝑎𝑐𝑡𝑢𝑎𝑙 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
=

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

F1-Score: 

F1 score is the harmonic mean of precision and recall. F1 score is given by: 

 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙)
 

 

 

3.5 Implementation Requirements 

The application of the research on 'Enhancing Rice Plant Disease Detection: A 

Classification Approach with Transfer Learning' must be implemented with thoughtful 
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consideration of certain hardware, software, data, and Ethical Considerations so that the 

research is successful. These are explained clearly below so that the essential elements of 

a structured and systematic research process are made known. 

 

The required Hardware 

• Computing-intensive resource: As this is a computing intensive work like as for 

training the image we need a good GPU as mainly the images will be trained on 

GPU as well as CPU so a good kind of CPU is needed for this process. 

• Graphics Processing Unit (GPU): The use of a good kind of GPU is also required 

as mainly we have to train the deep learning model CNN on the GPU as for 

reducing the time needed for train as well as validation and test. 

 

Software Requirements 

• Frameworks for the Deep Learning: For the deep learning we generally used the 

TensorFlow library as for training the model as well as validating it and testing. 

There is also another cause for using TensorFlow library as we want to use the 

model’s output to convert it and use it into mobile application the TFLite model 

maker is one of the best for this. 

• Programming Language as Python: Python is one of the best programming 

language for this kind of work with syntax friendly and easy to implement. 

• Processing The Image: For the image processing we just used the build in function 

in TensorFlow as for preprocessing and image normalization. 

 

Collection of Data(images) 

• Diverse and representative dataset: Gathering a enormous dataset of rice plant 

images, with examples of normal and infected plants by different diseases, for 

strong model performance and generalizability. 

• Annotated dataset: Having available annotated images, with explicit labels for 

precise disease categories, to facilitate supervised learning methods for use within 

the classifying process. 
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Training the model and evaluating it 

• Transfer learning architectures: Applying transfer learning with pre-trained 

models, including those derived from ImageNet, to draw upon knowledge and 

enhance classification efficiency and accuracy. 

• Evaluation metrics: Establishment and use of performance measures, such as 

accuracy, precision, recall, and F1 score, for objectively assessing the performance 

of the classification model. 

 

Ethical Considerations 

• Data security and confidentiality: Adherence with ethical principles for ensuring 

privacy and confidentiality of image data collected through agricultural studies or 

field research. 

• Consent and permissions: Where relevant, procuring required permissions or 

approvals for collection and usage of image datasets. 

 

Documentation and Reproducibility 

• Code documentation: In-depth documentation of the code being implemented so 

that there is clarity, transparency, and replicability for future scholars. 

• Version control: Use of version control tools, including Git, for keeping a well-

organized development process and effective tracking of changes. 

 

Adopting these implementation guidelines ensures methodological accuracy and reliable 

output, hence contributing to advancing rice plant disease detection using TL and deep 

CNNs. 
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CHAPTER 4 

Experimental Result 
 

 

4.1 Experimental Setup 

The research on "Enhancing Rice Plant Disease Detection: A Classification Approach 

with Transfer Learning" is underpinned by a robust experimental setup designed to 

evaluate the proposed methodologies thoroughly. Central to the setup is utilizing high-

performance computational hardware, including advanced CPUs and GPUs, to support 

executing resource-intensive deep learning models. The software environment integrates 

the leading deep learning framework, TensorFlow within a Python-based implementation, 

enabling the application of transfer learning techniques efficiently. 

The experimental dataset, consisting from a varied set of rice plant images that capture a 

range of disease conditions, undergoes detailed preprocessing. Procedures like 

normalization and standardization are implemented to promote uniformity and improve 

data quality during model training and validation phases. Pre-trained CNN architectures 

are fine-tuned specifically for classifying diseases in rice plants, thereby leveraging the 

strengths of transfer learning to achieve optimal performance. 

Ethical considerations are embedded into the experimental process, emphasizing data 

stewardship and adherence to standards for agricultural data. Comprehensive records 

encompassing model architecture, hyperparameter settings, implementation details, and 

outcomes are maintained to ensure transparency and reproducibility, thereby supporting 

future collaborative research efforts. This well-structured experimental framework lays 

the groundwork for advancing the application of deep learning in precision agriculture. 

 

4.2 Experimental Results & Analysis 

Findings from Experiment 1: Applying Transfer Learning on Original Dataset 

This section discusses six fundamental CNN models: VGG16, VGG19, Inception V3, 

DenseNet121, ResNet50, and EfficientNetB3. The section first looks into their 

classification accuracy and then conducts a comprehensive study of important 

performance metrics. The section also discusses features like model traits, the reasons 
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why they perform as they do, and how they could possibly be optimized and improved. 

 

Table 4.2.1: Classification Accuracy of Distinct CNN Models for Rice Plant Disease Detection 

(Original Data with Transfer Learning) 

Architecture Model Accuracy 

VGG16 91.83% 

VGG19 90.57% 

Inception V3 83.75% 

DenseNet121 93.36% 

ResNet50 76.53% 

EfficientNetB3 83.86% 

 

Table 4.2.1 Concisely describes the performance of six pre-trained CNN models—

VGG16, VGG19, InceptionV3, DenseNet121, ResNet50, and EfficientNetB3—for 

detecting rice plant diseases. DenseNet121 was the best performing in this transfer 

learning with an accuracy of 93.36%, with VGG16 and VGG19 having scores of 91.83% 

and 90.57%, respectively, as evidence of their ability to identify disease patterns. 

EfficientNetB3 and InceptionV3 had scores of 83.86% and 83.75%, whereas ResNet50 

had a score of 76.53%, which was relatively low. These differences highlight the 

significance of the choice of CNN structures because it has a direct impact on the 

diagnostic accuracy. The values in Table 4.2.1 reveal important aspects of strengths and 

weaknesses of such models to enhance the development of deep learning in agricultural 

diagnostics. 
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Table 4.2.2: Precision, Recall, F1-Score, and Support (n) for Transfer Learning CNN networks (Total 

number of the pictures, n=numbers). 

VGG16 

 Precision Recall F1-Score Support 

Bacterial Leaf Blight 0.854167 0.931818 0.891304 44 

Bacterial Leaf Streak 0.921053 0.921053 0.921053 38 

Bacterial Panicle Blight 0.8 0.923077 0.857143 26 

Blast 0.927885 0.979695 0.953086 197 

Brown Spot 0.913462 0.896226 0.904762 106 

Dead Heart 0.943262 0.910959 0.926829 146 

Downy Mildew 0.924528 0.907407 0.915888 54 

Hispa 0.946309 0.88125 0.912621 160 

Normal 0.892045 0.934524 0.912791 168 

Tungro 0.935484 0.861386 0.896907 101 

accuracy 0.918269 0.918269 0.918269 0.918269 

macro avg 0.905819 0.91474 0.909238 1040 

weighted avg 0.919617 0.918269 0.91817 1040 

VGG19 

 Precision Recall F1-Score Support 
Bacterial Leaf Blight 0.661538 0.977273 0.788991 44 

Bacterial Leaf Streak 0.941176 0.842105 0.888889 38 

Bacterial Panicle Blight 0.735294 0.961538 0.833333 26 

Blast 0.948718 0.939086 0.943878 197 

Brown Spot 0.949495 0.886792 0.917073 106 

Dead Heart 0.955882 0.890411 0.921986 146 

Downy Mildew 0.978723 0.851852 0.910891 54 

Hispa 0.890244 0.9125 0.901235 160 

Normal 0.905882 0.916667 0.911243 168 

Tungro 0.90625 0.861386 0.883249 101 

accuracy 0.905769 0.905769 0.905769 0.905769 

macro avg 0.88732 0.903961 0.890077 1040 

weighted avg 0.91356 0.905769 0.907314 1040 

InceptionV3 

 Precision Recall F1-Score Support 

Bacterial Leaf Blight 0.77551 0.863636 0.817204 44 

Bacterial Leaf Streak 1 0.578947 0.733333 38 

Bacterial Panicle Blight 0.6 0.923077 0.727273 26 

Blast 0.809955 0.908629 0.856459 197 

Brown Spot 0.939024 0.726415 0.819149 106 

Dead Heart 0.923611 0.910959 0.917241 146 

Downy Mildew 0.877551 0.796296 0.834951 54 

Hispa 0.875 0.7875 0.828947 160 

Normal 0.861446 0.85119 0.856287 168 

Tungro 0.699187 0.851485 0.767857 101 

accuracy 0.8375 0.8375 0.8375 0.8375 

macro avg 0.836128 0.819814 0.81587 1040 

weighted avg 0.850381 0.8375 0.837818 1040 
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DenseNet121 

 Precision Recall F1-Score Support 

Bacterial Leaf Blight 0.87234 0.931818 0.901099 44 

Bacterial Leaf Streak 0.914286 0.842105 0.876712 38 

Bacterial Panicle Blight 0.888889 0.923077 0.90566 26 

Blast 0.959184 0.954315 0.956743 197 

Brown Spot 0.885714 0.877358 0.881517 106 

Dead Heart 0.934641 0.979452 0.956522 146 

Downy Mildew 0.862069 0.925926 0.892857 54 

Hispa 0.938272 0.95 0.944099 160 

Normal 0.952381 0.952381 0.952381 168 

Tungro 0.988764 0.871287 0.926316 101 

accuracy 0.933654 0.933654 0.933654 0.933654 

macro avg 0.919654 0.920772 0.919391 1040 

weighted avg 0.934692 0.933654 0.933567 1040 

ResNet50 

 Precision Recall F1-Score Support 
Bacterial Leaf Blight 0.65 0.590909 0.619048 44 

Bacterial Leaf Streak 0.852941 0.763158 0.805556 38 

Bacterial Panicle Blight 0.75 0.692308 0.72 26 

Blast 0.808081 0.812183 0.810127 197 

Brown Spot 0.835443 0.622642 0.713514 106 

Dead Heart 0.745562 0.863014 0.8 146 

Downy Mildew 0.625 0.740741 0.677966 54 

Hispa 0.779141 0.79375 0.786378 160 

Normal 0.748571 0.779762 0.763848 168 

Tungro 0.776596 0.722772 0.748718 101 

accuracy 0.765385 0.765385 0.765385 0.765385 

macro avg 0.757134 0.738124 0.744515 1040 

weighted avg 0.768963 0.765385 0.764398 1040 

EfficientNet

B3 

 Precision Recall F1-Score Support 

Bacterial Leaf Blight 0.794872 0.645833 0.712644 48 

Bacterial Leaf Streak 0.971429 0.894737 0.931507 38 

Bacterial Panicle Blight 0.958333 0.69697 0.807018 33 

Blast 0.83871 0.896552 0.866667 174 

Brown Spot 0.855422 0.731959 0.788889 97 

Dead Heart 0.944828 0.951389 0.948097 144 

Downy Mildew 0.934783 0.693548 0.796296 62 

Hispa 0.731183 0.85 0.786127 160 

Normal 0.806283 0.875 0.839237 176 

Tungro 0.830189 0.807339 0.818605 109 

accuracy 0.838617 0.838617 0.838617 0.838617 

macro avg 0.866603 0.804333 0.829509 1041 

weighted avg 0.844382 0.838617 0.837818 1041 
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Table 4.2.2 Offers a detailed evaluation of training percentages and performance metrics 

of six pretrained CNN models. Precision, recall, F1-score, and support values are 

considered and presented as a detailed appraisal of VGG16, VGG19, InceptionV3, 

DenseNet121, ResNet50, and EfficientNetB3 in the context of detecting rice plant 

disease. Out of all of them, VGG16, VGG19, and DenseNet121 are found to consistently 

perform high precision, recall, as well as F1-score on varied classes of diseases, showing 

their success in detecting complex patterns of diseases. 

On the other hand, ResNet50 displays relatively weaker classification outcomes, showing 

discrepancies between the models' effectiveness and identifying the necessity of wise 

architecture selection. The results serve to emphasize the necessity of fine-tuning CNN 

models to achieve optimal diagnosis in particular applications. The detailed information 

outlined in Table 4.2.2 is a useful resource to comprehend the strength and weakness of 

every model and aid advancements in the development of deep learning methods in 

agricultural research. 

 

Progression of training, validation accuracy and loss across epochs: 

The figure illustrates the training and validation accuracy of the initial model, plotting 

epochs along the x-axis and accuracy/loss percentages along the y-axis. The dataset was 

appropriately partitioned into training and validation sets, and the close alignment of their 

curves indicates minimal overfitting. 

 

Figure 4.2.1: Progression of training, validation accuracy and loss across epochs (VGG16 Transfer 

Learning with Original Data). 
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Figure 4.2.2: Progression of training, validation accuracy and loss across epochs (VGG19 Transfer 

Learning with Original Data). 

 

 

Figure 4.2.3: Progression of training, validation accuracy and loss across epochs (InceptionV3 

Transfer Learning with Original Data). 

 

 

Figure 4.2.4: Progression of training, validation accuracy and loss across epochs (DenseNet121 

Transfer Learning with Original Data). 
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Figure 4.2.5: Progression of training, validation accuracy and loss across epochs (ResNet50 Transfer 

Learning with Original Data). 

 

 

Figure 4.2.6: Progression of training, validation accuracy and loss across epochs (EfficientB3 Transfer 

Learning with Original Data). 

Confusion Matrix after Transfer Learning (TL) Based on the number of images: 

 

Figure 4.2.7: CM of VGG16 Transfer Learning. 
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Figure 4.2.8: CM of VGG19 Transfer Learning. 

 

 

 

 

Figure 4.2.9: CM of InceptionV3 Transfer Learning. 



40 

©Daffodil International University, Bangladesh  

 

 

 
Figure 4.2.10: CM of DenseNet121 Transfer Learning. 

 

 
 

Figure 4.2.11: CM of ResNet50 Transfer Learning. 
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Figure 4.2.12: CM of EfficientNetB3 Transfer Learning. 

 

Result of Experiment 2: Original CNN with modified Dataset 

This section presents a detailed comparative analysis of six original CNN architectures—

VGG16, VGG19, InceptionV3, DenseNet121, ResNet50, and EfficientNetB3—applied to 

rice plant disease detection. The analysis delivers a detailed evaluation of the 

classification performance of these models, highlighting their distinct advantages and 

potential drawbacks in the context of agricultural image analysis. The basic performance 

pointer including accuracy, precision, recall, and F1-score—are examined to offer a 

thorough understanding into respective model's effectiveness in detecting intricate 

patterns associated with rice plant diseases. 

The research goes a step further than using quantitative measurements by delving deeper 

into the models' behavior through qualitative insights. The research looks into patterns of 

misclassification, architecture influence, and issues of a dataset-specific nature affecting 
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performance. For example, in the novel CNN network, EfficientNetB3, DenseNet121, 

and ResNet50 architectural structures prove to possess high proficiency in showcasing 

greater values of accuracy and recall because of their strong feature extraction properties. 

VGG16, VGG19, and InceptionV3 show comparatively low performance because of their 

data variability sensitivity and low adaptability to complex patterns of diseases. 

In addition, the section highlights areas of improvement in every model and pinpoints 

particular bottlenecks like non-optimal feature representation or overfitting issues. These 

suggestions inform recommendations to boost performance, such as using data 

augmentation methods tailored to the problem at hand, fine-tuning hyperparameters, and 

modifying training paradigms to better accommodate agricultural-type datasets. 

Through exploration of the architectural nuances and flexibility of each CNN, the 

analysis presents a detailed understanding of the models' applications to rice plant disease 

identification. The work contributes to the further development of deep learning methods 

in agricultural diagnosis and identifies strengths and areas to refine in each architecture. 

 

Table 4.2.3: Classification Accuracy of Distinct CNN Models for Rice Plant Disease Detection 

(Original Model With Augmented Data) 

Architecture Model Accuracy 

VGG16 93.14% 

VGG19 90.35% 

Inception V3 95.34% 

DenseNet121 97.21% 

ResNet50 96.61% 

EfficientNetB3 98.47% 

 

The performance of six CNN models VGG16, VGG19, InceptionV3, DenseNet121, 

ResNet50, and EfficientNetB3 is exhaustively presented in Table 4.2.3. Accuracy on the 

test set, a key measure of efficacy in the job of classification, is used as the main 

evaluation tool to determine how good the models are at identifying rice plant diseases. 

The outcomes reveal different levels of performance among the models, capturing useful 

insights into their varying aptitudes in addressing the intricacies in the area of application. 

EfficientNetB3 is the top-performing model and has an accuracy rate of 98.47%. Its result 
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is better because it uses a sophisticated compounded scaling technique to achieve an 

optimal network depth, width, and resolution. DenseNet121 came in second with a rate of 

97.21%, showcasing flexibility and accuracy gains consistently. The densely connected 

layers of its architecture enable efficient reuse of features by providing good performance 

on novel data. 

Both VGG16 and VGG19 achieve good accuracies of 93.14% and 90.35%, respectively. 

These models utilize a simple but efficient architecture focused on deep convolutional 

stacking and achieve a good compromise between efficiency in terms of computation and 

accuracy. InceptionV3 and ResNet50 achieve accuracies of 95.34% and 96.61%, 

respectively. Multi-scale feature extraction by InceptionV3 makes it a versatile model but 

possibly vulnerable to very complex patterns. ResNet50 with residual connections 

reduces vanishing gradient problems but possibly requires extra fine-tuning to overcome 

dataset challenges. 

This assessment emphasizes design aspects affecting model performance such as 

architectural design, parameter adjustment and dataset-specific issues. EfficientNetB3's 

superior performance highlights the effect of scalability and DenseNet121's success 

highlights the benefits of feature propagation. Lower-accuracy models indicate the 

requirement for improved training methods and dataset augmentation to enhance 

generalization ability. 

By integrating quantitative data with qualitative assessment, Table 4.2.3 presents a strong 

comparison of CNN architectures in rice plant disease diagnosis. The results are a useful 

tool to aid in optimization of model selection and further research on applying deep 

learning to plant diagnostics in agriculture. 
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Table 4.2.4: Precision, Recall, F1-Score, and Support (n) result of Original CNN networks (based on 

the number of images, n= numbers) 

VGG16 

 Precision Recall F1-Score Support 

Bacterial Leaf Blight 0.942529 0.901099 0.921348 91 

Bacterial Leaf Streak 0.944444 0.894737 0.918919 38 

Bacterial Panicle Blight 0.933333 0.848485 0.888889 33 

Blast 0.959302 0.948276 0.953757 174 

Brown Spot 0.905797 0.932836 0.919118 134 

Dead Heart 0.97931 0.986111 0.982699 144 

Downy Mildew 0.830769 0.870968 0.850394 62 

Hispa 0.914439 0.955307 0.934426 179 

Normal 0.917127 0.937853 0.927374 177 

Tungro 0.950355 0.893333 0.920962 150 

accuracy 0.931472 0.931472 0.931472 0.931472 

macro avg 0.927741 0.9169 0.921789 1182 

weighted avg 0.932193 0.931472 0.931468 1182 

VGG19 

 Precision Recall F1-Score Support 
Bacterial Leaf Blight 0.953488 0.901099 0.926554 91 

Bacterial Leaf Streak 0.925 0.973684 0.948718 38 

Bacterial Panicle Blight 0.818182 0.818182 0.818182 33 

Blast 0.883333 0.913793 0.898305 174 

Brown Spot 0.865672 0.865672 0.865672 134 

Dead Heart 0.978571 0.951389 0.964789 144 

Downy Mildew 0.842105 0.774194 0.806723 62 

Hispa 0.88587 0.910615 0.898072 179 

Normal 0.921788 0.932203 0.926966 177 

Tungro 0.899329 0.893333 0.896321 150 

accuracy 0.903553 0.903553 0.903553 0.903553 

macro avg 0.897334 0.893416 0.89503 1182 

weighted avg 0.903865 0.903553 0.903465 1182 

InceptionV3 

 Precision Recall F1-Score Support 

Bacterial Leaf Blight 0.985915 0.769231 0.864198 91 

Bacterial Leaf Streak 1 1 1 38 

Bacterial Panicle Blight 0.967742 0.909091 0.9375 33 

Blast 0.949438 0.971264 0.960227 174 

Brown Spot 0.873333 0.977612 0.922535 134 

Dead Heart 0.986207 0.993056 0.989619 144 

Downy Mildew 1 0.854839 0.921739 62 

Hispa 0.95082 0.972067 0.961326 179 

Normal 0.930481 0.983051 0.956044 177 

Tungro 0.993151 0.966667 0.97973 150 

accuracy 0.953469 0.953469 0.953469 0.953469 

macro avg 0.963709 0.939688 0.949292 1182 

weighted avg 0.955805 0.953469 0.952782 1182 
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DenseNet121 

 Precision Recall F1-Score Support 

Bacterial Leaf Blight 0.957447 0.9375 0.947368 48 

Bacterial Leaf Streak 1 1 1 38 

Bacterial Panicle Blight 0.970588 1 0.985075 33 

Blast 0.977143 0.982759 0.979943 174 

Brown Spot 0.959184 0.969072 0.964103 97 

Dead Heart 1 0.993056 0.996516 144 

Downy Mildew 0.982759 0.919355 0.95 62 

Hispa 0.945122 0.96875 0.95679 160 

Normal 0.971429 0.965909 0.968661 176 

Tungro 0.972477 0.972477 0.972477 109 

accuracy 0.972142 0.972142 0.972142 0.972142 

macro avg 0.973615 0.970888 0.972093 1041 

weighted avg 0.972308 0.972142 0.972121 1041 

ResNet50 

 Precision Recall F1-Score Support 
Bacterial Leaf Blight 0.966667 0.956044 0.961326 91 

Bacterial Leaf Streak 1 0.973684 0.986667 38 

Bacterial Panicle Blight 0.933333 0.848485 0.888889 33 

Blast 0.949438 0.971264 0.960227 174 

Brown Spot 0.984962 0.977612 0.981273 134 

Dead Heart 0.979021 0.972222 0.97561 144 

Downy Mildew 0.965517 0.903226 0.933333 62 

Hispa 0.977273 0.960894 0.969014 179 

Normal 0.921053 0.988701 0.953678 177 

Tungro 1 0.98 0.989899 150 

accuracy 0.966159 0.966159 0.966159 0.966159 

macro avg 0.967726 0.953213 0.959992 1182 

weighted avg 0.966796 0.966159 0.966135 1182 

EfficientNet

B3 

 Precision Recall F1-Score Support 

Bacterial Leaf Blight 1 0.989011 0.994475 91 

Bacterial Leaf Streak 0.974359 1 0.987013 38 

Bacterial Panicle Blight 1 0.909091 0.952381 33 

Blast 0.982759 0.982759 0.982759 174 

Brown Spot 1 0.985075 0.992481 134 

Dead Heart 0.986301 1 0.993103 144 

Downy Mildew 1 0.967742 0.983607 62 

Hispa 0.983333 0.988827 0.986072 179 

Normal 0.966851 0.988701 0.977654 177 

Tungro 0.98 0.98 0.98 150 

accuracy 0.984772 0.984772 0.984772 0.984772 

macro avg 0.98736 0.97912 0.982954 1182 

weighted avg 0.984943 0.984772 0.984744 1182 
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Table 4.2.4 Delivers a complete assessment of precision, recall, F1-score, and specificity 

metrics derived from employing original CNN architectures for clasify rice plant 

diseases. The results highlight significant enhancements in precision, recall, and support 

transversely different kind of models, underscoring the efficiency of training on the 

adapted dataset in boosting model accuracy and reliability. 

Of the architectures, EfficientNetB3 registers a stunning accuracy of 98.48%, credited to 

its full training on the transformed dataset, lessening its previously underperforming 

capacity in transfer learning. ResNet50 also shows incredible improvements in the same 

conditions, as it is good at adapting to the dataset. DenseNet121 excels because it has 

consistently good performance in both its pre-trained and full training scenarios as it is 

robust and adaptable. 

In contrast to these optimistic tendencies, the outcomes in terms of accuracy reveal 

certain shortcomings in the discriminatory performance of some of the models when used 

with the transformed dataset. These remarks reinforce the necessity of rigorously 

evaluating performance on a case-by-case basis to identify possible avenues for 

adjustment. Notions presented in Table 4.2.4 compliment the accomplishments of these 

models as much as they highlight the necessity to constantly evaluate and fine-tune, 

opening the door to enhanced diagnostic accuracy on rice plant-disease identification. 

 

Progression of Training, Validation Accuracy and loss of Original CNN Networks: 

 

 

Figure 4.2.13: Progression of training, validation accuracy and loss across epochs (VGG16 Original 

Model with Augmented Data). 
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Figure 4.2.14: Progression of training, validation accuracy and loss across epochs (VGG19 Original 

Model with Augmented Data). 

 

 

Figure 4.2.15: Progression of training, validation accuracy and loss across epochs (InceptionV3 

Original Model with Augmented Data). 

 

 

Figure 4.2.16: Progression of training, validation accuracy and loss across epochs (DenseNet121 

Original Model with Augmented Data). 
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Figure 4.2.17: Progression of training, validation accuracy and loss across epochs(ResNet50 Original 

Model with Augmented Data). 

 

 

Figure 4.2.18: Progression of training, validation accuracy and loss across epochs (EfficientB3 Original 

Model with Augmented Data). 

 

The graphical depiction of training and validation losses for original CNN architectures 

over multiple epochs is a vital tool for visualizing the model's iterative learning process. 

Loss functions, which measure the difference among predicted outputs and actual values, 

are instrumental in directing the CNN's parameter optimization across epochs. 

Monitoring the progression of these losses offers key insights into the learning behavior 

of the model, underlining the importance of continual parameter refinement. Estimating 

performance on both training and validation datasets is essential to gauge how well the 

model generalizes to unseen data. Each data point on the loss graph represents the 

model’s effectiveness at a particular stage of optimization, allowing for a detailed 

examination of its development. Additionally, tracking instance-level error counts for 

both training and validation sets enhances the analysis of model performance by 

highlighting changes in prediction accuracy across training cycles. Ultimately, these loss 



49 

©Daffodil International University, Bangladesh  

metrics act as dynamic benchmarks, reflecting the model’s advancement in accuracy and 

reliability throughout the training process. 

 

Confusion Matrix after Original CNN Based on the number of images: 

 

 
Figure 4.2.19: CM of VGG16 Original CNN. 
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Figure 4.2.20: CM of VGG19 Original CNN. 

 

 

 
Figure 4.2.21: CM of InceptionV3 Original CNN. 
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Figure 4.2.22: CM of DenseNet121 Original CNN. 

 

 
Figure 4.2.23: CM of ResNet50 Original CNN. 
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Figure 4.2.24: CM of EfficientNetB3 Original CNN. 

 

On a general note, the base models outperform their transfer learning versions in terms of 

high true positives and true negatives. Despite this, a certain number of false positives 

and false negatives do exist and may produce incorrect conclusions or unwarranted 

additional observations. The employment of a confusion matrix offers a good way of 

representing how such models perform, providing information on their strengths and 

weaknesses. Increasing the performance of such models means capturing and correcting 

such errors systematically to increase their accuracy and credibility. 
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4.3 Discussion 

 
 

Figure 4.3.1: Comparative analysis of accuracy across standalone CNN models, transfer learning 

approaches, and original model architectures. 

 

 

In this overall assessment of deep learning model performance of Figure 4.3.1, we 

compared different architectures using both transfer learning (TL) and baseline CNN 

methods to classify rice diseases. The dataset was partitioned systematically by dividing 

it into 80% for training purposes, 10% as the validation set, and the last 10% was used to 

test it. 

 

While analyzing transfer learning implementations, DenseNet121 proved to perform 

incredibly, with a whopping 93.36% accuracy despite having fewer trainable parameters. 

The other architectures varied in success. ResNet50 had a paltry 76.53% success in 

transfer learning environments, while EfficientNetB3 settled at 83.86%. The relatively 

poor performance is because of the frozen functional layers and the models having been 

pretrained on ImageNet, a dataset in which there are no explicit rice disease 

representations. 
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The base CNN implementations with non-frozen layers were seen to exhibit considerable 

improvements on all the architectures. The best-performing model was EfficientNetB3 

with a remarkable rate of 98.47%, which was narrowly trailed by DenseNet121 with a 

rate of 97.21% and ResNet50 with a rate of 96.61%. The huge performance boost has 

been credited to the capacity of models to learn feature representations tailored to the task 

through full parameter adaptation. 

 

Interestingly, VGG family models (VGG16 and VGG19) showed stable performance 

under both methods, having a stable level of around 90-93% accuracy. The stability in 

performance indicates these models are less affected by the constraints of transfer 

learning in this particular domain of applicability. 

 

A striking observation is the difference in the performance of transfer learning and 

baseline implementations, as seen in ResNet50 (improvement by 76.53% to 96.61%) and 

EfficientNetB3 (improvement by 83.86% to 98.47%). This difference indicates how 

essential it is to perform domain-specific training in solving domain-specific 

classification problems like rice disease identification. 

 

These results highlight the importance of the selection of architecture and training 

scheme in building efficient deep learning models of agricultural disease classification 

systems. The outcomes indicate that transfer learning is up to the mark in certain 

scenarios but that completely trained models are better suited to crop-specific agricultural 

domains that are quite different from general object-image-classification tasks. 
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CHAPTER 5 

Impact on Society 
 

 

5.1 Impact on Society 

The study on 'Enhancing Rice Plant Disease Detection: A Classification Approach with 

Transfer Learning' has consequences beyond academic research and has immense scope 

for societal and agricultural impacts. In reality, in the context of contemporary 

agricultural practices, precise identification of diseases in rice plants by using advanced 

methods in artificial intelligence will revolutionize crop vitality and productivity to 

promote sustainable agricultural practices. The transfer learning and deep CNN have used  

to its maximum in the study towards the classification of diseases, enhancing the 

precision and dependability to promote informed and real-time decisions by the farmer 

and agricultural experts alike. 

The social significance of the research manifests most strongly in the area of global food 

security. The main food of the vast mainstream of the population is rice. The crop is 

severely afflicted by a host of diseases attacking it and reducing its yield and quality. The 

creation and utilization of strong disease detection systems hold the promise of 

countering such attacks as it would equip growers with the ability to implement targeted 

action and limit crop losses. 

This study maximizes the precision of disease classification to enhance agricultural 

efficiency and help alleviate costs associated with rice farming diseases. 

In addition to it, accessibility and scalability of such advanced methodologies are set to 

play a central role in benefiting the small farmer and impoverished agricultural 

communities. Such research is part of the democratization process of accessing 

innovative technologies to close the technological gap in agriculture, particularly in 

resource-poor areas. Adoption of such methodologies in real farming practices may make 

such communities develop their resilience against agricultural challenges and hence 

ensure equal growth and sustainability. 

Additionally, reduction in crop losses and improved systems of managing diseases help 

in realizing larger societal and environmental objectives. The study also aids in 
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promoting eco-friendly agricultural practices and reduces excessive reliance on using 

chemicals as pesticides to help utilize the maximum available resources and minimize the 

impact of agriculture on the ecosystem and safeguard food resources to feed generations 

to come. This further implies a reduction in impacts on society in terms of modifying rice 

management of diseases using advanced tech solutions. This type of study tackles the 

most serious issues in farming, and as a result, it promotes a future of precision farming 

towards global food and agricultural sustainability to contribute to economic welfare in 

different agricultural communities. 

 

5.2 Environmental Impact 

While the general direction of 'Enhancing Rice Plant Disease Detection: A Classification 

Approach with Transfer Learning' concerns the development of agricultural technology, a 

certain interesting nuance in the role it plays in the natural world exists as well. The use 

of deep CNNs combined with TL to identify diseases in crops necessitates sophisticated 

processing which puts very serious pressure on compute capacities. Much of it, like 

training and fine-tuning vast neural networks, relies significantly on compute capacities 

and is predominantly computed by power-hungry devices like GPUs. 

The environmental implication of using and deploying such advanced models also 

encompasses energy usage. More power is required to compute large models and 

complicated architecture, and more energy is used in the process, further leading to a 

larger carbon footprint. The use of advanced AI technologies in the agricultural sector 

thus has to be thoughtfully considered from the environmental context. 

Although they are not completely modified to date, advancements in hardware efficiency, 

sustainable computing, and cloud computing have established the appropriate route to 

minimize such effects. More and more researchers are now focused on work to optimize 

energy using better algorithms, efficient hardware, and powering data centers with 

renewable sources of energy. These are the green methodologies and they are the ones 

that will harmonize tech innovation and ecological sustainability. 

Although all of this research has the capability to revolutionize the diagnosis of crop 

diseases in terms of agriculture, the environmental consequence from the same speaks 

volumes on the manner in which progress and development have to go hand in hand with 
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environmental sustainability. All attempts in the same direction from now onwards have 

to incorporate ecological consideration to the extent that the developments in agricultural 

technology also complement broader ecological targets. 

 

5.3 Ethical Considerations 

Research on 'Enhancing Rice Plant Disease Detection: A Classification Approach with 

Transfer Learning' has been solidly established on the foundations of ethical values and 

considerations as it relates to their methods and uses. Agricultural image datasets are in 

need of a lot of care when it comes to data privacy and permissions to be accorded if and 

when required. This involves obtaining any consent and adherence to any guidelines that 

govern the ethics of using data. 

The scale and technological applications must also be considered to responsibly account 

for this possible effect on farm communities. There are advanced diagnosis methods that 

are meant to increase agricultural productivity without marginalizing small-scale farmer 

groups or areas. Thorough documentation makes it possible to have research 

methodologies delivered transparently, the results reproducible and open to scrutiny and 

accountability. Ethical practices such as these bring about global confidence and 

responsible uses of new agricultural technologies. 

5.4 Sustainability Plan 

It appears that sustainability in 'Enhancing Rice Plant Disease Detection: A Classification 

Approach with Transfer Learning' will also reduce environmental impact and promote 

long-term agricultural and societal benefits. The methodology focuses on computation 

efficiency using energy-aware algorithms and exploring cloud solutions to reduce energy 

usage during model training and even deployment. The research group is committed to 

incorporating sustainability into all aspects of their workflow, such as data management, 

model architecture, and storage, using green computing approaches and even renewable 

energy to fuel their computational infrastructure. This will always remain in a cycle of 

monitoring and improving within the research process. This research thus describes 

responsible innovation by integrating eco-aware approaches into the research process to 

guarantee that technological developments are aligned with environmental and societal 

sustainability objectives. 
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CHAPTER 6 

Summary, Conclusion, 

Recommendation and Implication for Future Research 

 
6.1 Summary of the Study 

This paper, “Enhancing Rice Plant Disease Detection: A Classification Approach using 

Transfer Learning,” delves into using artificial intelligence in agricultural purposes. The 

research used more than 10,000 images out of 10 classes consisting of nine types of 

diseases and a normal class to classify rice plant leaf diseases. CNN were coupled with 

deep learning in order to both recognize diseased and healthy leaves of rice plants. The 

task was tested using six different CNN models whereby EfficientNetB3 and 

DenseNet121 were found to have the best accuracy. 

The process was implemented in two stages. In the first stage, the raw data was trained on 

a transfer learning framework on all six CNN models. In the second stage, extra data was 

collected and augmented and combined with the already available data, especially 

improving on the underrepresented classes. The augmented data was used to train the 

CNN models from scratch. The models were compared on the basis of the training 

methodology adopted. 

The best-performing model was incorporated into an application deployed on multiple 

platforms. Environmental sustainability was also addressed in the study by providing a 

plan to reduce anticipated impacts. The research makes a valuable contribution to the 

academic discipline of rice plant disease analysis and increases the ability to accurately 

identify diseases. 

 

6.2 Conclusions 

Accurate and early finding of diseases in rice plants is vital to achieve optimal crop 

management and better yield results. The work here entails a detailed exploration of Deep 

CNNs (D-CNN) used to identify and segment diseases in rice plants. The work highlights 

the effectiveness of CNN-based classification methods dealing with a considerable 

research gap in rice plant disease identification. The comparative study is especially 
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important as it offers remarkable contributions towards agricultural disease management. 

Our study analyses the performance of different CNN models and both transfer learning 

and collaborative methods in rice plant disease classification. The results show that an 

ensemble of the six networks VGG16, VGG19, InceptionV3, DenseNet121, ResNet50, 

and EfficientNetB3 produces the best results with a considerable accuracy of 98.47% on 

a 10-class classification. Our work outclasses other research with accuracy rates differing 

from the above but typically dealing with less complicated classifications of 3 to 6 

classes. Although the performance of the ensemble was good, some misclassifications 

were noted and call for further investigation of methods such as contrast enhancement 

and sophisticated image processing methods. 

In addition to this, we also propose the inclusion of image segmentation before the 

process of classification to better leverage the feature extraction ability of CNN models. 

While having six CNN models in an ensemble requires greater computation compared to 

conventional CNNs, the enhanced accuracy makes it worthwhile. This research hopes to 

bring about better diagnostic techniques in rice plant diseases and experiences which 

could bring about a pattern shift in agricultural practices and spur additional innovations 

in plant disease diagnosis. 

 

6.3 Implication for Further Study 

Future work will involve the creation of a full-scale drone technology–IoT deep learning 

system to be tested in real-life scenarios. We have also developed mobile application with 

the ability to identify diseases in real time through in-device classification and to 

integrate it into unmanned aerial systems. Future research will also continue to pursue the 

best DL technique to diagnose all existing diseases of rice leaves. Besides the agricultural 

area, we also propose to research other prominent plant leaf diseases that are of equal 

importance to the world. 
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Appendix A 

Course Outcomes, Complex Engineering Problems (EP) and Complex 

Engineering Activities (EA) Addressing 

Title: 

Enhancing Rice Plant Disease Detection: A Classification Approach with Transfer 

Learning 

Student ID: 162-15-7821 

 

CO Description for FYDP 

CO CO Descriptions PO 

Phase -I 

CO1 Integrate recently gained and previously acquired knowledge to identify a 

Rice Plant Disease Detection problem for the Final Year Design Project 
(FYDP) 

PO1 

CO2 Analyze different aspects of the goals in designing a solution for this FYDP PO2 

CO3 Explore diverse problem domains through a literature review, delineate the 

issues, and establish this goals for the FYDP 

PO4 

CO4 Perform economic evaluation and cost estimation and employ suitable 

project management procedures throughout the development life cycle of 

the FYDP 

PO11 

Phase -II 

CO5 Design and develop technical solutions and system components or processes that 

meet specified requirements, ensuring compliance with public health and safety 

standards, as well as considering cultural, socioeconomic, and environmental 

factors in this FYDP 

PO3 

CO6 Choose and apply appropriate methodologies, resources, and contemporary 

engineering and IT technologies to address complex engineering processes, 

encompassing prediction and modeling, while adhering to relevant constraints in 

this FYDP 

PO5 

CO7 Analyze societal, health, safety, legal, and cultural considerations, along with 

associated responsibilities, in the context of professional engineering practice and 

the resolution of this problem, employing logical reasoning guided by contextual 

understanding. 

PO6 

CO8 Comprehend and evaluate the enduring sustainability and impact of professional 

engineering endeavors in addressing intricate engineering challenges within social 

and environmental frameworks. 

PO7 
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CO9 Implement ethical principles and adhere to professional standards and norms in 

this FYDP 
PO8 

 

 

 

  

CO10 Capable of operating proficiently both individually and as a team member or 

leader across diverse teams and interdisciplinary settings in this FYDP. 
PO9 

CO11 Proficiently communicate with the engineering community and broader society 

regarding complex engineering endeavors, including the ability to comprehend 

and generate comprehensive reports and design documentation, as well as provide 

and receive clear instructions throughout this FYDP. 
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PO12 

 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex 

Engineering Problems (EP), and Attainment of Complex Engineering Activities 

(EA) 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex Engineering 

Problems (EP): 

SN 
EP 

Definition 
Attainment CO 

Justification 

(with Knowledge Profile) 
References 

 

1. 

E
P

1
: 

D
ep

th
 o

f 
K

n
o

w
le

d
g
e 

re
q

u
ir

ed
 

Yes 

C
O

1
, 
C

O
2

, 
C

O
3

, 
C

O
5

, 
C

O
6
, 

C
O

7
 a

n
d
 C

O
8
 

This project demonstrates fundamental 

engineering (K3) principles by 

employing deep neural networks, data 

augmentation techniques, and diverse 

CNN architectures for image processing 

and classification tasks. The project 

demonstrates specialist knowledge (K4) 

by conducting transfer learning with 

advanced CNN architectures like 

DenseNet121 and EfficientNetB3, 

enhancing rice plant disease detection 

accuracy in rice leaf disease images. 
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The project applies engineering practice 

& design (K5) by the figure of process of 
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recognizing the hurdles in rice disease 

detection, including limitations of 

traditional methods and the complexities 

of integrating transfer learning and deep 

CNNs. Through comparative analysis, it 

confronts challenges in understanding 

spatial distributions, offering insights for 

refining diagnostic methodologies. 

Page no: 

 [23-24] 

Section: 

 [2.4, 2.5] 

3. 

E
P

3
: 

D
ep

th
 o

f 

a
n

a
ly

si
s 

re
q

u
ir

ed
 

Yes 

C
O

2
, 
an

d
 C

O
6
 This project addresses EP-3 by 

meticulously comparing experimental 

outcomes, highlighting Deep Learning as 

the chosen significant solution for 

enhancing rice disease detection amidst 

multiple potential approaches. 

Page no: 

 [36-57] 

Section: 

 [4.2] 



66 

©Daffodil International University, Bangladesh  

4. 
E

P
4

: 
F

a
m

il
ia

ri
ty

 

o
f 

Is
su

es
 

Yes 

C
O

8
 

This project's interdisciplinary approach 

extends beyond computer science and 

engineering, impacting rice diseases, 

contributing to advancements in 

agricultural practices which indicates EP-

4. 

Page no: 

 [16-24] 

Section: 

 [2.2, 2.4] 

5. 

E
P

5
: 

E
x

te
n

d
s 

o
f 

a
p

p
li

ca
ti

o
n

 c
o

d
es

 

No 

C
O

5
 

N/A N/A 

6. 

E
P

6
: 

 E
x
te

n
d

s 
o
f 

st
a
k

eh
o
ld

er
s 

in
v
o
lv

ed
 a

n
d

 

co
n

fl
ic

ti
n

g
 

re
q

u
ir

em
en

ts
 

No 

C
O

8
 

N/A N/A 

7. 

E
P

7
: 

In
te

rd
ep

en
d

en
ce

 

Yes 

C
O

5
 

This project's comprehensive approach 

addresses high-level problems by 

integrating various components across 

data collection, statistical analysis, and 

proposed methodology, ensuring a 

holistic solution to complex challenges in 

agriculture domains which ensures EP-7. 

Page no: 

 [26-34] 

Section: 

 [3.2, 3.3, 

3.4] 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



67 

©Daffodil International University, Bangladesh  

 

 

 

 

 

 

 

 

 

 

Addressing CO11 with Complex Engineering Activities (EA) [Some or all of the following]: 
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by improving agriculture through 

advanced rice plant disease 

detection methods, while also 

promoting environmental 

sustainability by employing 

efficient computational resources 

and adhering to ethical guidelines 

for farmers data privacy. 

Page no: 

 [58-61] 

Section:  

[5.1, 5.2, 5.4] 

5. 

E
A

-5
: 

F
a
m

il
ia

ri
ty

 

Yes 

This project expands upon existing 

research by examining a novel 

approach in rice plant disease 

detection through transfer learning 

and deep CNNs, demonstrated 

through preliminary terminologies 

and a comprehensive comparative 

analysis, offering new insights into 

the field. 

Page no:  

[7-10] 

Section:  

[2.1, 2.3] 

 

 

Addressing CO (4, 9, 10, and 12): 
 

SN COs Attainment Justification References 

1 CO4 Yes 

This project addresses CO4 by integrating effective 

project management and financial oversight, ensuring 

meticulous planning, resource allocation, and budget 

estimation for optimal resource utilization throughout 

the research lifecycle. 

Page no:  

[13] 

Section:  

[1.6] 

2 CO9 Yes 

The project demonstrates adherence to ethical 

principles by prioritizing data privacy, obtaining 

informed consent from farmers, and transparently 

documenting the research process. It ensures 

responsible knowledge dissemination and promotes 

societal well-being through the ethical application of 

advanced technologies in rice plant disease detection, 

in compliance with CO9 standards. 

Page no:  

[60] 

Section:  

[5.3] 

3 CO10 No N/A N/A 

4 CO12 Yes 

The project's dedication to continuous learning (CO12) 

and adaptation within the dynamic technological 

landscape is reflected in its comprehensive data 

collection, rigorous statistical analysis, meticulous 

methodology development, and thorough experimental 

results and analysis, showcasing a commitment to 

staying updated and refining techniques to address 

modern challenges. 

Page no:  

[26-34, 37-55] 

Section:  

[3.2, 3.3, 3.4, 3.5, 

4.2] 
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