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Abstract - The number of people living in this agricultural nation of ours, which is surrounded by lush greenery, is
growing on a daily basis. As a result of this, the level of arable land is decreasing, as well as residential houses and
industrial factories. The food crisis is becoming the main threat for us in the upcoming days. Because on the one
hand, the population is increasing, and on the other hand, the amount of food crop production is decreasing due to
the attack of diseases. Rice is one of the most significant cultivated crops since it provides food for more than half of
the world's population. Bangladesh is dependent on rice (Oryza sativa) as a vital crop for its agriculture, but it faces
a significant problem as a result of the ongoing decline in rice yield brought on by common diseases. Early disease
detection is the main difficulty in rice crop cultivation. In this paper, we proposed our own dataset, which was
collected from the Bangladesh field, and also applied Deep learning and Transfer learning models for the evaluation
of the datasets. We elaborately explain our dataset and also give direction for further research work to serve society
using this dataset. We applied a light CNN model and pre-trained InceptionNet-V2, EfficientNet-V2, and
MobileNet-V2 models, which achieved significant performance for the EfficientNet-V2 model of this work. The
results obtained assaulted other models and even exceeded approaches that are considered to be part of the state of
the art. It has been demonstrated by this study that it is possible to precisely and effectively identify diseases that
affect rice leaves. After analysis of the performance of different models, the proposed datasets are significant for
society for research work to provide solutions for decreasing rice leaf disease.
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1. Introduction

As the backbone of economic stability, agriculture is of utmost importance, especially in countries such as
Bangladesh, where it is the primary contributor to GDP. An essential food crop, rice farming is critical to
maintaining economic stability and creating significant job opportunities [1]. Nonetheless, the agricultural industry
has significant obstacles, chief among which is the enduring danger of illnesses, which significantly jeopardizes rice
farming and influences the amount and quality of output [2]. Traditionally, disease diagnosis techniques that rely on
subjective visual cues or time-consuming laboratory testing highlight subjectivity, deadlines, and a reliance on
expert knowledge [3]. In light of these constraints, modern agricultural research is gradually incorporating cutting-
edge technology with an emphasis on the revolutionary potential of computer vision and machine learning to
improve and automate disease identification procedures[4].

In the last few decades, a lot of work has gone into collecting data. Several sets of data have been acknowledged.
PlantVillage [5], which has 54,000 images of the underside side of leaves on a plain background, is the most well-
known in this area. But, as has been seen in other studies [6], these combinations fail to demonstrate that the goals of
the end program are adequate. The datasets that were made under controlled conditions—that is, with the leaf on a
background that is all the same—do not accurately reflect the real-world conditions in which the model will work.
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Fig 1: Sample images of datasets (Normal, Blight, Brown Spot, and Tungro virus leaves are presented respectively)

The importance of this study has been created clear on two levels in this circumstance. We add a new dataset to the
literature called RiceLeafBD [7] that can be used to diagnose and keep an eye on plant constraints. It consists of a
set of 1555 images taken in real-life fields that show four types of leaf stress: Leaf Blight, Tungro virus, Brown
Spot, and healthy leaves. We are doing a study of public images that were made to help classify and identify leaf
discases. We focus on datasets that are available on sites for sharing data in an open way. So, we don't deal with
files that are given to writers upon request. Making information available to the public is helpful in two ways. First,
it saves researchers time and money, which lets them put more effort into comparing and evaluating algorithms in a
manner that is less biased. We think that this gathering will be helpful for helping researchers choose the best
samples for subsequent research. This study also investigates the detection of rice leaf disease used own dataset for
the context of Bangladesh's distinctive agricultural terrain. The application of cutting-edge deep learning models,
such as light CNN, MobileNet-v2, and InceptionNet-v2, represents a tactical shift toward the use of artificial
intelligence for accurate and timely disease diagnosis and also proves these model's performance that datasets are
not biased. This study is novel because it directly affects food security and economic results, both of which are
significantly impacted by early illness diagnosis with the use of the actual region's own datasets.

The structure of this document is as follows: Section 2 provides an overview of the Literature Review used in this
research study. The Datasets Description is proposed in Section 3. Section 4 covers the materials and techniques,
including the algorithms and datasets utilized. Section 5 provides a summary of the results obtained from this study.
The Conclusion and future work are presented in Section 6.

2. Literature Review

The study of some recent image-processing research works is presented in this section. This review of the literature
discusses a number of approaches and strategies for using image processing to detect rice leaf disease. This study
considers many algorithmic models to account for the implications of machine learning and deep learning
approaches. A few recent research on the identification and classification of diseases affecting rice plants are
included in the list below.

Tejaswini et al. [8] classified diseases affecting rice leaves. Their suggested S5-layer convolutional network
outperforms the other common deep learning models in accuracy by about 6%. They discovered that they could get
a notable level of accuracy with a handcrafted model with fewer layers by modifying the training parameters, such
as learning rate, epochs, and optimizer approaches. As they get more adept at identifying Daffodil International
University The easier it will be for farmers to safeguard their crops against these six illnesses. With 78.2% accuracy,
the 5-layer convolution model performed the best.Based on the disease stage, some ideas for fertilizers and
pesticides are made in this study, which uses an SVM classifier to identify rice ailments. In terms of brown spot, leaf
blast, and bacterial leaf blight, this method's accuracy is 90.95 percent, 94.1 percent, and 85.7%, respectively.
Despite being correct, just three diseases were found during this examination.
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PNN was used in [9] to detect rice illness. This study showed good performance in diagnosing Tungro, Bacterial
Leaf Blight, and Brown Spot, with accuracy rates of 92.31%, 96.25%, and 97.96%, respectively. This study did not
employ any form characteristics, which might have increased accuracy by aiding in the identification of illnesses.
Four machine learning methods have been examined for rice leaf disease detection: KNN, Decision Tree, Logistic
Regression, and Naive Bayes. The Decision Tree provides the most accuracy out of all of them.Pujari et al. [10]
detected fungal-related diseases in commercial crops as sugarcane, cotton, and chiles. Following their extraction via
the discrete wavelet transform (DWT), the characteristics were further reduced using principal wavelet analysis
(PWA).Furthermore, the four primary methods for creating the processing scheme were explained by the study's
author [11]. The RGB input image is initially given a framework for color transformation. Because HSI is used as a
color descriptor, RGB is used to generate color. RGB picture conversion or transportation is also required. The
second step involves masking and removing green pixels using a threshold value. Segmenting the picture using the
returned useable segments from the previous stage is the third step. After the first stage is completed, segmentation
should be finished.

According to [12], hexagonal matching is utilized for plant disease diagnosis. Since plant diseases mostly impact the
leaves, the approach addresses edge detection in addition to color for histogram matching. The training procedure
uses layer separation, and the supplied samples are trained. Divide the RGB image's layers into layers representing
blue, red, and green to do this. The layered images' edges are likewise created using edge detection technology. It
builds the color co-occurrence texture analysis method using spatial gray-level dependency matrices. The review of
the research may be used to deduce that, in an effort to increase productivity, scientists have looked into and used a
variety of traditional machine learning-based methods for identifying diseases in rice plants, including k-nearest
neighbor (NN) and support vector machine (SVM). In-depth CNN is growing more and more efficient every day, as
seen by its higher success rate and more productive outcomes across all classes [13]. Even after a long training time,
the trained models can distinguish and classify images with ease and speed. The best model available now for large-
scale data pattern identification is CNN.

Also, the work [14] provides several image-processing techniques for the identification of plant diseases. Research
on current methodologies aims to decrease subjectivity in plant disease diagnosis and detection by visual
observation. Zhang et al. [15] examined the identification of soybean fungal diseases from a fictitious picture using
the study R-CNN. The sustainability of soybeans and the well-being of the agribusiness sector depend on the
accurate diagnosis of soybean plant diseases. Despite a number of studies on the subject, the lack of data and
technological issues make it more difficult to diagnose illnesses in soybeans. By creating a synthetic soybean plant
leaf photo database, this work aims to address the problem of a tiny database. The accuracy percentage obtained
from the model's execution was 83.34 percent.Mohammad et al. [16] propose that early detection of rice blast
disease may be achieved by image-processing techniques. This study identified the diseases in lab color space using
improved k-NN and K-means. The Otsu technique was used for the segmentation of the divided photos. Shape and
color features are extracted and used for classification. The k-NN algorithm's and k-means' effectiveness is assessed
by taking accuracy, sensitivity, and specificity into account. With this procedure, the accuracy rate was 94%. In [17]
described an innovative method to develop a deep convolutional neural network-based model for plant disease
detection. A total of 4500 images were used in the experiment in this investigation. Once minor adjustments were
made, the accuracy obtained using the recommended method went from 95.8% to 96.3%. Following the model's
training on 30880 images, 2589 pictures were used for validation.

Vimal et al. [18] proposed a framework for rice disease classification using transfer learning techniques. However,
they have only managed to gather 619 images of diseased rice leaves over four different classes, all obtained in the
field. They achieved a 91.37% accuracy rate by using a Support Vector Machine (SVM) for classification and a pre-
trained deep convolutional neural network (CNN) for feature extraction. For further extension, they will have an
increased dataset for testing the proposed framework and provide a user interface system on actual agriculture areas.
Krishnamoorthy et al. [19] proposed a model for rice leaf prediction using deep neural networks with transfer
learning. When it had to do with identifying diseases in rice leaf images, they made use of InceptionResNetV2,
which is a form of CNN model that was used in conjunction with a transfer learning strategy. By experimenting with
various hyperparameters, the basic CNN model was fine-tuned and, after 15 iterations, reached an accuracy of

1017
Vol. 22, No. 1, (2025)
ISSN: 1005-0930



JOURNAL OF BASIC SCIENCE AND ENGINEERING

84.75%. With the help of 10 epochs and some hyperparameter tuning, InceptionResNetV2 was able to achieve an
optimized accuracy of 95.67%.

The purpose of a literature review is to give an outline of the recent studies and describes that are connected to what
they're studying or area of study so that the information can be organized on a piece of paper. To get the best
outcome, a balanced dataset is needed. A balanced dataset is required to train and test a dataset using machine
learning algorithms. After studying various methods from different researchers, it was found that many experiments
did not use an actual field-balanced dataset, which needs to be collected from their region. Furthermore, after
analyzing the results of many researchers, it was found that the machine learning algorithms were not used
essentially. After implementing various preprocessing techniques, a balanced dataset is established so that the
accuracy of the predictive model can improve significantly. If the actual dataset is collected from their region or
country and then provides a model or system for appropriately detecting early-stage rice leaf problems, many
farmers' agriculture losses ratio can be decreased.

3. Dataset Descriptions

In the following section, we are going to provide a comprehensive description of the dataset that has been proposed.

RiceLeafBD[7] is a pilot dataset that includes images of a rice leaf tree during its whole growth season, which spans
most of the time from August to December in Bangladesh. The purpose of this dataset is to construct a
representative sample that incorporates the most important cultural features of this plant. Machine learning and deep
learning techniques may be used for the classification and identification tasks using this dataset, which is adequate
for performance. A total of 1,555 photos were gathered, which were divided into four categories. A detailed
description is shown in Tables 1 and 2, respectively. The reputable agricultural research institute
JamalpurKrishiGobeshona Institution was also consulted for ideas and recommendations. Their knowledge and
verification helped to validate the dataset's validity and applicability, especially concerning disease categorization
and identification.

Table 1: Dataset Description of RiceLeafBD Dataset

RiceLeafBD Dataset

Plant Rice Leaf

Cultivar Oryza sativa

Type of data RGB Images

Data Source Location Sylhet& Dhaka, Bangladesh

Total size 1555 images

Application The images are appropriate for many

machine and deep learning applications,
including image identification &
classification

Images were collected by using various devices, such as a smartphonel (Galaxy S21 Ultra) and a smartphone2
(Redmi Note 9). As a result, the images have contrasting resolutions, which are 12000 x 6750 and 3000 x 4000,
respectively. The configuration of each device is shown in Table 3. For the purpose of data collection, we used two
distinct devices since there were a large number of individuals participating, and it was not possible for all of them
to have the same technology. Another benefit is that the varied resolutions contribute to the complexity of the
dataset, which in turn provides an additional value for the dataset itself. With regard to the fact that it enables
diverse and representative inputs to be delivered to the models, the decision to employ various devices is a strategy
that is extensively employed in this area of literature. In the real world, agricultural and non-agricultural operators
use mobile devices that are distinct from one another in terms of their technological qualities, including their
resolution.

Table 2: Distribution of classes belonging to the leaf images
Leaf Symptoms Severity Levels Size

1018
Vol. 22, No. 1, (2025)
ISSN: 1005-0930



JOURNAL OF BASIC SCIENCE AND ENGINEERING

Healthy 0 252
Bacterial leaf blight 1 417
Brown Spot 2 356
Tungro virus 3 530

The leaves were photographed from an adaxial (upper) angle throughout the course of the entirety of the growing
season in a variety of real-life settings, including overcast, sunny, and windy days, with varying degrees of
background (other plants and weeds), and levels of background noise. With this acquisition protocol, we were able
to achieve several goals, including (i) recording leaves in natural lighting conditions (e.g., (a) indirect sunlight, (b)
direct sunlight, (c) strong reflection, and (d) evenly distributed light) (refer to Figure 1), (ii) tracking the
development of visual symptoms beyond a period of time, and (iii) capturing leaf as it goes from setting to ripening.

Table 3: Different devices configuration which used image collect

Attributes Smartphonel Smartphone2
Camera Camera

Image size 12000 x 6750 3000 x 4000

Model device Galaxy S21 Ultra Redmi Note 9

Focal length 24mm 3.5 mm

Focal ratio /1.8 2.1

Color space RGB RGB

It is well established that mobile pictures have some intrinsic difficulties, such as fluctuating resolution and picture
noise, which might impair the precision and clarity of illness diagnosis. To overcome these difficulties, the
RiceLeafBD [7] dataset includes photos taken in various settings, which readies machine learning and deep learning
models for the complexity and unpredictability of the actual world. In retrospect, the legitimacy of the
RiceLeafBD[7] dataset is noteworthy since it has been verified by working with agricultural organizations and
carefully capturing actual agricultural circumstances. The dataset provides a thorough and accurate representation of
rice leaf pictures thanks to the purposeful use of several devices and diverse conditions, which is crucial for
improving classification and identification tasks in agricultural research. For this research on rice leaf disease
detection, establish the validity and reliability of the RiceLeafBD [7] dataset by highlighting the validation
procedure that involves working with agricultural organizations and purposefully capturing a variety of picture
circumstances.

4. Materials and Methodology

In this study, we have applied an end-to-end pipeline which includes a collection of real-world data, preprocessing,
and state-of-the-art deep learning models namely light CNN and transfer leaning architectures to accurately
diagnose rice leaf diseases on newly introduced disease dataset RiceLeafBD[7] in the field conditions found in
Bangladesh.

4.1 Data Acquisition

A procedure that is carried out by persons who are motivated by a variety of goals is known as data collecting, and it
is the first stage in any research endeavor. Our agricultural study is focused on the affected rice leaves in our dataset,
which serves as the main point of the research we were doing. The aim is to extract valuable insights essential for
the advancement of our nation. To achieve this, we embarked on a data collection mission during the prevalent
Amon rice season, capitalizing on the extensive rice fields across our country. This endeavor resulted in the capture
of over a thousand images encompassing four distinct leaf categories: those portraying manifestations of Leaf
Blight, Tungro virus, Brown Spot, and images depicting healthy leaves. All images were meticulously captured
using a smartphone, ensuring a comprehensive coverage of angles and perspectives. Despite challenging
environmental conditions, including intense heat, the data collection process persevered.
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Fig 2: Proposed architecture of the Methodology
4.2 Data Preprocessing

Before the implementation phase, this step entails working on the database. It is essential to pre-process the data for
each research project before using it for modeling. To utilize the photographs in the right format and facilitate
modeling more quickly, normalization of the images is done in this research effort.

4.2.1 Image Augmentation

Image augmentation indicates the process of producing new photographs for the purpose of training our deep
learning model throughout the training process. It is not necessary for us to physically collect these new photographs
since they are generated by making use of the training images that are currently being made accessible. A crucial
component of this study is using the “ImageDataGenerator” class to use image augmentation methods strategically.
Several changes are included in the augmentation strategy, such as scaling, rotating, zooming, flipping horizontally
and vertically, and shifting.

4.2.2 Data Splitting

An 80-20 train-test split was instituted in order to conduct a thorough evaluation of the models' capacity for
extrapolation. A sufficiently independent test set is maintained for comprehensive assessment according to this
meticulous partitioning, which assures that the models are trained on a substantial amount of data.

4.2.3 Label Encoding

Using the ‘LabelEncoder’ function from the scikit-learn package, certain classes were numerically labeled. In the
aftermath of this, a critical phase was transforming these labels into one-hot encoding. The training of the models
relies substantially on this categorical representation, which correctly discerns and classifies the dataset's varied
availability of rice diseases.

4.2.4 Data Creation

The process for creating datasets for both the training and validation stages was methodically carried out by using
the ‘flow from dataframe’ function that is available in TensorFlow. The training dataset was systematically
enhanced using augmentations, so exposing the model to a broader range of representations of rice leaf diseases. On
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the contrary, the validation dataset remained unaltered, assuring that the model's performance could be measured
using valid, real-world, and unmodified data.

?

Image Input
(128x128)
Conv2D Layer 1: ing 1: Pool Conv2D Layer 2:
Filters=32, Kernel=3x3, o “’”’;’.o ""‘2’,‘12' S Filters=32, Kernel=3x3,
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Size=2x2
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Dropout Rate=05 e Units=4, Softmax
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Fig 3:Architecture of the CNN using RiceLeafBD
4.3 CNN Model

A well-designed convolutional neural network (CNN) for image categorization has been represented by the light
CNN [20]. This model was constructed using the TensorFlowKeras package and is based on freshly trained weights.
The architecture is able to gradually capture the structured features present in input images because it uses max-
pooling operations after three convolutional layers. An output layer with a softmax activation function for predicting
class probabilities is reached after the flattening layer has linked to densely connected layers that have a dropout
mechanism for regularization [21]. In order to conduct dataset analysis, we used five convolutional layers, since this
baseline architecture was utilized by a significant number of researchers [22]. This custom-designed model allows
for an extensive evaluation of its image classification ability and serves as a benchmark in our studies, which is
illustrated in Figure 3.

4.4 Transfer Learning
4.4.1 InceptionNet-V2

This is the second version of the DL convolution architecture sequence created by Google [23]. The architecture
used in image classification is exceptionally refined, using a model that integrates many convolutional filters of
varying sizes into a single filter. This approach effectively reduces the number of parameters that need to be learned
and the computational complexity associated [24]. So that computational complexity is managed without
compromising expressive capacity, the model also incorporates factorized convolutions. To achieve an appropriate
balance between model complexity and speed, InceptionNetV2 uses architectural enhancements and carefully
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planned modules, as opposed to EfficientNetV2's combined scaling. InceptionNetV2 is differentiated as inefficient
feature extraction due to the inclusion of advanced blocks such as inception and reduction blocks.

4.4.2 MobileNet-V2

The MobileNet-V2 variant is both more compact and more efficient than prior genres. It applies a single filter to
each input channel by using depthwise separable convolutions, and with certain convolutions, it employs a 1x1 filter
[25]. The separable layers indicate similarities to the convolutional layers in terms of their depth, but they diverge in
their approach by performing the filtering and merging processes via the use of two separate layers. When point
convolutions are not included, there are a total of 28 layers. With the exception of the fully connected layer that
consists of the softmax layer, each layer is succeeded by batch normalization and relu activation layers [26]. Using
inverted residual blocks with linear bottleneck layers, the architecture finds the best equilibrium between model size
and accuracy. Finally, these blocks enable it to be easier to separate features accurately while reducing the number
of parameters.

4.4 .3 EfficientNet-V2

The EfficientNetV2 convolutional neural network (CNN) models were developed using a compound scaling
approach [27]. By methodically and synchronously increasing the model's depth, width, and resolution, this
methodology improves performance across every dimension [28]. Integrating EfficientNetV2 as a modern state-of-
the-art model allows us to test its image classification competencies and compare it to other mainstream
architectural paradigms, which is helpful in our study.

4.5 Model Training

These three Transfer Learning models were chosen because many researchers have used them as the base model and
suggested which one works best for picture datasets [29]. Each transfer learning model was trained with meticulous
regard to detail over the course of 50 epochs. The objective of this iterative procedure was to achieve the perfect
convergence of the model while simultaneously protecting against potential threats of overfitting this model. Using
the augmented training dataset, the training was carried out, and then the validation was performed using a
validation dataset that was not adequately augmented. Utilizing Softmax as the activation function and Adam as the
optimizer were the two methods that were used. Evaluation measures such as categorical cross-entropy loss and
accuracy were used to conduct an in-depth analysis of the performance of the model.

5. Result Analysis

In this section, we analyze the experimental results of rice leaf disease classification for RiceLeafBD with deep
learning methods. The evaluation shows great accuracy and robustness on a variety of datasets, indicating that the
approach is effective. Performance metrics precision, recall, F1-score and AUC were extensively evaluated, which
demonstrated the robustness of the method in real world to detect and differentiate multiple classes of rice leaf
diseases.

5.1 Experimental Setup

Experiments were carried out on a system featuring an Intel core processor, 16 GB RAM, and running Windows 10
x64. Google Colaboratory served as the primary platform for conducting simulations and Python programming
aimed at identifying rice leaf diseases. Subsequently, a model recommendation surfaced following a thorough
analysis of the collected observations.

5.2 Performance Measures

The investigation compared the performance of pre-trained InceptionNet-V2, MobileNet-V2, and Lite CNN models
in identifying and categorizing rice leaf diseases versus healthy leaves using a dataset specific to rice leaf diseases.
Our models were configured to process input data in the form of 128x128 images.During training,
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hyperparameterswere optimized using a batch size of 32 over 50 epochs. The dataset's multiclass nature led to the
utilization of the softmax activation function in the output layer.

Confusion Matrix for InceptionNet-v2 Confusion Matrix for MobileNet-V2

Confusion Matrix for Custom CNN

Fig 4: Confusion matrix of all models

As a result, the InceptionNet-V2 model attained 85% accuracy, while the MobileNet-V2 model reached 89.75%
accuracy, the EfficientNet-V2 model reached 91.5% accuracy, and lastly, the Light CNN model attained 80.5%
accuracy.

Table 4: Performance Analysis of InceptionNet-V2

Model Classes Precision Recall F1-Score AUC
InceptionNet-V2 Healthy 0.77 0.82 0.79 0.86
Bacterial leaf 0.93 0.83 0.88 0.93

blight
Brown Spot 0.76 0.78 0.77 0.81
Tungro virus 0.94 0.91 0.93 0.94

Table 5: Performance Analysis of MobileNet-V2

Model Classes Precision | Recall F1-Score AUC
MobileNet-V2 Healthy 0.81 0.87 0.84 0.91
Bacterial leaf 0.90 0.88 0.89 0.91

blight
Brown Spot 0.84 0.80 0.82 0.90
Tungro virus 0.98 0.95 0.96 0.97

The Rice leaf disease classifier utilizes five performance indicators - accuracy (ACC), precision (PPR), recall or
sensitivity (Sen), F1 score, and Area under the ROC curve (AUC) score - tailored for assessing its effectiveness
across all analysis datasets.

Table 6: Performance Analysis of CNN

Model Classes Precision | Recall F1-Score AUC
CNN Healthy 0.78 0.78 0.78 0.89
Bacterial leaf 0.74 0.78 0.76 0.91

blight
Brown Spot 0.82 0.77 0.79 0.88
Tungro virus 0.88 0.91 0.89 0.98

The InceptionNet-V2 model attained an average precision of 85%, a recall of 84%, an F1 score of 84.5%, and an
AUC score of 89%. Table 4 summarizes the performance metrics for individual classes, providing specific
performance indicators for each class within the InceptionNet-V2 model. Also, the confusion matrix, accuracy and
loss curve, precision-recall curve, and ROC curve are shown in Figures 4,5,9, and 13, respectively.
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InceptionNetV2 Model Accuracy
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Fig 5: Accuracy and loss curve of InceptionNet-V2 model
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Fig 6: Accuracy and loss curve of MobileNet-V2 model
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Fig 7: Accuracy and loss curve of CNN model

The MobileNet-V2 model achieved an overall average accuracy of 89.75%, with specific performance metrics per
class outlined in Table 2. This table-5 provides detailed key performance indicators, such as recall, F1-score, and
area under the curve (AUC) score, for individual classes in the model. The recall rate was 89.25%, the F1 score was
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89.5%, and the AUC score was 92.75%. The graphs depicting the confusion matrix, accuracy and loss curve,
precision-recall curve, and ROC curve are shown in Figures 4,6,10, and 14, respectively.

Table 7: Performance Analysis of EfficientNet-V2

Model Classes Precision Recall F1-Score AUC
EfficientNet-V2 Healthy 0.85 0.90 0.88 0.91
Bacterial leaf 0.92 0.92 0.92 0.95

blight
Brown Spot 0.89 0.84 0.86 0.89
Tungro virus 1.0 0.98 0.99 0.99

The Light CNN model demonstrated an overall average accuracy of 80.5%, with specific class-wise performance
metrics detailed in Table 3. Table 6 presents specific performance indicators, including recall, F1-score, and area
under the curve (AUC) score, for each class in the model. The recall rate achieved 80%, the F1 score was 89.5%,
and the AUC score reached 92.75%. Graphs illustrating the confusion matrix, accuracy and loss curve, precision-
recall curve, and ROC curve are shown in Figures 4,7,11, and 15, respectively.

EfficientNetV2 Model Accuracy EfficientNetV2 Model Loss

| — Training 1.0{ — Training
—— \Validation —— \Validation

Epoch Epoch

Fig 8: Accuracy and loss curve of EfficientNet-V2 model

The EfficientNet-V2 model achieved an overall average Precision of 91.5%, with specific performance metrics per
class outlined in Table 7. This table provides detailed key performance indicators, such as recall, F1-score, and area
under the curve (AUC) score, for individual classes in the model. The recall rate was 91%, the F1-score was
91.25%, and the AUC score was 93.5%.Compare to other model this EfficientNet-V2 achieve the best accuracy. The
graphs depicting the confusion matrix, accuracy and loss curve, precision-recall curve, and ROC curve are shown in
Figures 4,8,12, and 16, respectively.

Precision-Recall Curve for InceptionNet-V2

10 Precision-Recall curve class 0 (AP = 0.90)

Precision-Recall curve class 1 (AP = 0.93)
—— Precision-Recall curve class 2 (AP = 0.81)
—— Precision-Recall curve class 3 (AP = 0.98)

Precision

0.0 0.2 04 0.6 0.8 10
Recall

Fig 9: Precision-Recall Score of InceptionNet-V2 model
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After assessing and contrasting MobileNet-V2 and EfficientNet-V2 models, it's evident that MobileNet-V2 achieves
an average accuracy of 89.75%, whereas EfficientNet-V2 reaches an accuracy of 91.5%.This indicates that
MobileNet-V2 outperforms InceptionNet-V2 by a notable margin in terms of accuracy. Hence, it's reasonable to
conclude that the EfficientNet-V2 model exhibits greater accuracy compared to MobileNet-V2. Based on this
performance, we recognized that the RiceLeafBD dataset has a very good and balanced performance, making it a
better choice for the study that helps farmers who are negatively impacted.
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Precision-Recall Curve for MobileNet-v2
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—— Precision-Recall curve class 3 (AP = 0.99)

Fig 10: Precision-Recall Score of MobileNet-V2 model

Precision-Recall Curve for Custom CNN
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Fig 11: Precision-Recall Score of CNN model

Precision-Recall Curve for EfficientNet-V2
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Fig 12: Precision-Recall Score of EfficientNet-V2 model

5.3 Comparative Aanlysis
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Various machine learning and image processing techniques employed in identifying and categorizing diseases in

rice are compared and explained in
a commendable accuracy level of 9

True Positive Rate

True Positive Rate

the following text.The table-8 above indicates that our proposed model achieved
1.5%, surpassing other models.

ROC Curve for InceptionNet-V2

ROC curve class 0 (area = 0.86)

0.2 9 ,t’ — ROC curve class 1 (area = 0.93)
Pid = ROC curve class 2 (area = 0.81)
,1’ = ROC curve class 3 (area = 0.94)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Fig 13: ROC curve of InceptionNet-V2 model

ROC Curve for MobileNet-vV2

ROC curve class 0 (area = 0.91)
——— ROC curve class 1 (area = 0.91)
——— ROC curve class 2 (area = 0.90)
—— ROC curve class 3 (area = 0.97)

0.2+

T T
0.4 0.6 0.8
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Fig 14: ROC curve of MobileNet-V2 model

While M. Akila and P. Deepan's [30] model performed well with an 88% accuracyi, it still falls slightly short of our
approach. However, it's worth noting that their method requires a substantial amount of time. FahrulAgus et al.'s

[31] approach demonstrated good
inferior performance.
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performance with an accuracy of 87.5%, but its shortcomings were evident in

ROC Curve for Custom CNN
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Fig 15: ROC curve of CNN model

ROC Curve for EfficientNet-V2
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Fig 16: ROC curve of EfficientNet-V2 model

These two approaches are closer to our accuracy, although they have notable drawbacks. Other models showed good
accuracy, but the significant issues in their methodologies pose challenges. The best thing about our model is that it
was trained using a newly collected dataset. Also, when we looked at all of its performances, we found that it
performed better than other studies, which indicated that our proposed dataset is essential for other studies that use
different analyses and will make a big difference in the world.

Table 8: Comparison with other existing works

Authors Technique Used Disease Identified Accuracy Demerits
[31] CNN, AlexNet RB, BLB, SB, HL | 91.37% Challenges in address
[30] R-FNN, RCNN, Diseases and pests = 88% ing  external  factors
SSD of wvarious plants causing noise lighting
were identified issues. and Requires a
[32] SVM classifier rice blast diseases, | 70% S}gnlﬂcgnt amount  of
narrow brown spot, time. Displays the least
BLB, brown accu racy in comparison
Our Study InceptionNet There is no demerits | 91.50% to the others.
V2,MobileNet- of our model. Also
V2, light CNN and This is cost
EfficientNet-V2 efficient.

6. Conclusion

Identifying and managing rice plant diseases effectively is a big deal for today's farming. This research explores
different ways to do this, like using image processing, machine learning, and deep learning. The goal is to help
researchers and farmers predict diseases early and act fast. One of the key things this research has done is create a
special model that can tell the difference between common rice leaf diseases in Bangladesh. This model is built on
Light CNN, InceptionNet-V2, EfficientNet-V2, and MobileNet-V2 and has shown impressive accuracy, with room
for even more improvement in the future. Right now, we’re working on making it more reliable and able to handle
tough situations like busy backgrounds and different lighting while still keeping it easy to understand. We also
proposed our own dataset named RiceLeafBD, which was collected from the Bangladesh field, and elaborately
explained our dataset and also gave direction for further research work to serve society using this dataset.
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In this study,Weused Light CNN, InceptionNet-V2, EfficientNet-V2, and MobileNet-V2 is a new approach being
tried in Bangladesh. It's hard to compare it to other methods because there aren't enough standardized pictures of
diseased rice to use as a benchmark. But there's a lot of potential for improvement, primarily if we can collect more
pictures of sick rice leaves. Deep learning, especially Convolutional Neural Networks (CNNGs), is super crucial for
finding diseases in pictures. Our chosen models, including Light CNN, InceptionNet-V2, EfficientNet-V2, and
MobileNet-V2, have different levels of accuracy, but they all show that they're efficient and effective and proposed
datasets also not biased, which is significant for use research work for Bangladesh farmers. The model we're
suggesting is the EfficientNet-V2 model, which is able to correctly classify tungro, brown spot, and blight diseases
90% of the time when it's trained with 80% of the pictures and tested with 20% of them. Using these models shows
that they can be really accurate for certain diseases. In conclusion, this review highlights the significance of our
specific models and methodologies in rice leaf disease detection. The combination of diverse models and approaches
fosters a comprehensive understanding, providing valuable insights for future advancements in precision agriculture.
For further work, we intend to expand the dataset, which will significantly contribute to the research community.
Additionally, we will apply the Transformer model to improve the accuracy of disease identification, providing
valuable assistance to farmers in preventing financial losses.
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