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The population is continuously increasing, urbanization is accelerating,
and agricultural land is shrinking. Diseases on rice leaves cause
significant yield losses, necessitating early diagnosis to mitigate their
impact on productivity and ensure food security. The application of
technology in detecting and diagnosing rice leaf diseases is essential.
This study proposes a method to enhance the accuracy of the
MobileNetV3 deep learning model. The technique involves removing
duplicate and outlier images to improve the efficiency of the
MobileNetV3 model using K-Means. The dataset used in the
experiment is acquired from a secondary source. The data consists of
5932 images of four common diseases on rice leaves. Three sets of data
are created (Set-1, Set-2 and Set-3), corresponding to the outlier
thresholds set at 0.00, 0.05, and 0.06, respectively. The results show a
considerable increase in accuracy when applying this method. The Top-
1 accuracy rose from 80.11% to 86.85% and 87.69%, respectively.

AP DUNG THUAT TOAN K-MEANS TRONG LOAI BO DU LIEU NGOAI LE
DPE NANG CAO HIEU SUAT PHAN LOAI CAC BENH VE LA LUA
SU DUNG MO HINH MOBILENETV3
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Hoc sau

Phan cum K-means
MobileNetV3
Bénh trén cay lua
Phan loai

Dan s6 ting, qua trinh d6 thi hoa dién ra nhanh chéng va dién tich dat
noéng nghiép bi thu hep. Bénh trén 14 lia dugc xem la nguyén nhan
chinh gy mat mua, vi vdy viéc chan doan bénh 1a lta som 1a quan
trong dé giam anh hudng cua chung d6i véi nang suit, bao dam an ninh
lwong thyc. Sir dung cong nghé trong viéc phat hién va chan doan cac
bénh trén 14 1ga 1a can thiét. Nghién ctru nay dé xuit mot phuong phap
nhdm nang cao do chinh xac cia mé hinh MobileNetV3. Phuong phap
nay bao gom viéc loai bo cac hinh anh tring ldp va ngoai 1é sir dung
thuat toan K-Means. T4p dir liéu st dung trong thi nghiém duoc lay tur
mot ngudn thir cdp. Dit liéu bao gdm 5932 hinh anh cua bdn loai bénh
phé bién trén 14 lua. Ba tap dit liéu khac nhau duoc tao ra (Set-1, Set-2
va Set-3), twong tng véi ngudng bit thudng 0,00, 0,05 va 0,06. Két qua
cho thdy, d6 chinh xéc ting dang ké khi 4p dung phwong phap nay. Do
chinh xac Top-1 da tang tur 80,11% lén 86,85% va 87,69% tuong ung
voi Set-1, Set-2 va Set-3.
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1. Introduction

Rice is the main staple food for the people of Vietnam. The population scale and urbanization
rate in Vietham have significantly increased in recent years. Data shows that Vietnam is
undergoing a rapid urbanization process, with a substantial growth of the urban population
compared to previous years. Urbanization has led to a narrowing of agricultural land and a
shortage of labour in the agricultural sector, particularly in labour-intensive rice production [1].

Rice plant diseases have a significant impact on yields, and if not detected early, they can lead
to crop failure. Currently, rice diseases are often detected based on the experience and knowledge
of experts and the frequency of field visits by farmers or agricultural engineers [2]. The shortage
of labour, coupled with the increasing demand for productivity and reducing crop losses,
necessitates the application of scientific and technical advancements in agriculture [3].

With the support of machine learning, rice plant diseases can be detected early and more
easily using images captured in the fields from recording devices or smartphones. These
diagnoses have the potential to provide farmers with an opportunity to treat rice plants early,
thereby minimizing the damage caused by diseases and reducing instances of reduced yields or
crop failure [4].

Recent studies have applied various methods and techniques to improve the accuracy of
classifying different types of diseases on rice leaves, thereby enhancing the effectiveness of
disease diagnosis for rice plants. Notably, various approaches and techniques for disease
classification on rice leaves are using image analysis and deep learning methods.

Mulyani et al. proposed a fast and efficient classification model for diseases on rice leaves
based on leaf color and texture. Two algorithms, GLCM (Gray-Level Co-occurrence Matrix) and
K-NN (K-Nearest Neighbours), were tested. The images were pre-processed with brightness
enhancement before being used. The experimental accuracy achieved 89% [5].

In Cherukuri et al.’s study, rice leaf images were captured using a digital camera. The images
were then pre-processed by dividing them into groups with similar features to facilitate further
analysis. First, the images were converted from RGB to HSV. Then, the K-means algorithm was
applied to enhance the processing of image features. The pre-processed dataset was fed into a
CNN (Convolutional Neural Network) for learning. The experimental results showed an accuracy
of 95% for diagnosing healthy rice leaves and 90% for Sheath Blight disease [3].

The image data of various diseases on rice leaves were sourced by the authors from the
Kangle platform. The data was augmented by creating a new dataset from the original one,
comprising images with different angles and sizes for each disease type. This augmented dataset
was used to train a basic deep learning model. The results showed that the proposed model could
diagnose with an accuracy of 80.94% [6].

In the study by Ghosal and Sarkar, and Luong et al., data was collected and resized to
224*224 pixels. Subsequently, several image augmentation techniques, such as zooming,
rotation, vertical and horizontal shifts, were applied [7] — [8]. The authors used the
ImageDataGenerator tool in Keras to create four new datasets from the original data and then
applied transfer learning on these four datasets. The results showed that the accuracy with
transfer learning was 92.46%, whereas without transfer learning, the accuracy was 74% [7].
Applying the same data pre-processing method as in the previous study, the authors created a
new dataset from the original data and then used transfer learning combined with CNN to build a
disease diagnosis model for rice plants. The results showed that the accuracy of the method was
96.09% in training and 94.44% in testing [9].

In the work by Zakzouk et al., the authors resized the images from 64*64 to 227*227 to match
the architecture of AlexNet. The dataset consists of 16,000 images divided into three parts: 70%
for training, 15% for testing, and 15% for evaluation. The results showed that the proposed model
using AlexNet achieved an accuracy of 99.71% [10].
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It can be observed that recent studies on classifying diseases on rice leaves for disease diagnosis
have been applying deep learning techniques. The data pre-processing mainly focuses on methods
such as zooming, rotation, and using tools to augment the existing dataset, but there has been little
attention given to controlling repeated images or handling outliers within the dataset.

In this paper, a pre-processing data method is proposed, which involves detecting outliers and
identifying duplicate images. By eliminating these images from the training set, the training
process becomes more efficient. The detection of duplicate and outlier images is accomplished
using the well-known K-means algorithm. After the data has been pre-processed, the
MobileNetV3 deep learning model is employed to be trained on the datasets, allowing for the
analysis and evaluation of the effectiveness of the proposed method.

2. Methodology
2.1. Dataset

The data in this study was acquired from secondary source. The dataset is a shared data on the
Kangle. It consists of raw images of rice plants. The images of rice leaves include the background
of the rice field, which helps to increase the reliability of the diagnosis in real-world scenarios.
The input data was captured quickly and without any processing by any recording device
available to the farmers. The data consists of 5932 images of 4 common diseases on rice leaves.
The four disease classes include: Bacterial Blight (1584 samples), Blast (1440 samples), Brown
Spot (1600 samples), and Tungro (1308 samples). An example of each class of the dataset is
show in Fig%re 1.
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Figure 1. Four leaf disease types in the dataset

Bacterial Blight (Figure 1a) is a common and devastating disease that affects rice plants. It is
caused by the bacterium Xanthomonas oryzae pv. oryzae. The disease can lead to significant
yield losses.

Blast (Figure 1b) is a destructive fungal disease that affects rice plants. It is caused by the fungus
Magnaporthe oryzae and is one of the most significant diseases impacting rice crops worldwide.

Brown Spot (Figure 1c) is a fungal disease that commonly affects rice plants. The disease is
caused by the fungus Bipolaris oryzae.

Tungro (Figure 1d) is a viral disease that affects rice plants and is caused by two viruses: Rice
tungro bacilliform virus and Rice tungro spherical virus. The disease is transmitted by insect vector.

2.2. Image Processing

After the data is acquired, it undergoes a pre-processing stage that includes duplicate and
outlier detection. The algorithm used for duplicate and outlier detection is the K-means algorithm
[11]. The tool used to perform duplication and outlier detection is FastDup [12].

The parameter Threshold for Similarity clusters determines whether two images belong to the
same similarity cluster and is set to 0.96. The Similarity threshold is the minimal value of
similarity that is meaningful for analysis. Any two images that do not reach this threshold will
not be considered together in any calculations and will not be categorised as outlier data. This
parameter is set to 0.9. The K Nearest neighbours is set to 2. Thus, only 2 neighbours participate
in the classification process for each image in the image set. The outlier percentile parameter is
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set to 0.05. The outlier threshold sets the lower percentage of similarity values that are regarded
as outliers during analysis. At the default value of 0.05 (5%), images whose nearest neighbour
falls within the bottom 5% of similarity values (indicating that the closest image to them is
farther away than 95% of other image pairs) are considered outliers.

o\

Figure 2. Duplicate images in the dataset which have distance equal 1.0

For images with a distance of 1.0 to another image, they are identified as duplicates. Duplicate
images are removed, and only one image is retained for each sample. Figure 2 demonstrates
duplicated images which are detected by K-means.

After removing duplicate images, the histogram depicts the number of image samples based
on their distances to the cluster centre, which is represented on the Figure 3.
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Figure 3. The histogram chart illustrates the number of images based on the distances
between images and their neighbours after removing duplicate images.

Images with a distance less than a threshold to the dataset are considered outliers and are also
removed from the dataset. The thresholds used to remove outliers are set at 0.05 and 0.06,
respectively. The four dataset Figure 4 shows outlier images (threshold = 0.05) which are

detected by K-means.

Figure 4. Outlier images in the dataset where threshold is set at 0.05
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2.3. Deep Learning Model Selection
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Figure 5. Basic Block diagram of MobileNetV3 Architecture [13]
MobileNetV3 is utilized in this study for rice leaf disease classification. MobileNetV3 is a

deep learning model that employs a streamlined architecture with depth-wise separable
convolutions. It was chosen for this research due to several reasons, among which MobileNetV3-
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Small achieves 6.6% higher accuracy compared to a MobileNetVV2 model with similar latency.
Additionally, MobileNetV3-Large detection is over 25% faster at nearly the same accuracy as
MobileNetV2 on COCO detection. Furthermore, MobileNetV3 can easily be embedded into
handheld devices, making it suitable for diagnosing diseases on rice leaves [14].

2.4. Experiment Setup

The models were trained on a computer running the Ubuntu 20.2 operating system with the
following specifications: AMD® Ryzen 7 5800x 8-core processor x 16 4.7Ghz, 64GB RAM, and
a 195TB hard drive.

The four datasets include: the original data taken from the source (Set-1); data with outliers
filtered at the threshold equal 0.9 (Set-2); data with outliers filtered at the threshold equal 0.8
(Set-3); and data with outliers filtered at the threshold equal 0.7 (Set-4). These datasets will be
further divided into training, validating, and testing datasets. All four datasets have been
processed to remove duplicate images.

Training data accounts for 70%, validating data for 10%, and testing data for 20% of the total
samples for each label (Figure 6). The percentage ratios are calculated based on the samples of
each label.

Training Validating Testing
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Figure 6. Training, validating and testing data

The size of each image is resized to 300x300 pixels before being used for training, validating,
and testing. The learning rate is initialized to 0.004; alpha is initialised to 0.9; momentum is
initialised to 0.9; gamma is initialised to 0.973; and the batch size is set to 5. All experiments set
the maximum epoch to 450. The tool used to perform training, validating, and testing is mm
pretrain [13].

3. Results
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Figure 7. Top 1 Validating Accuracy and Learning Rate Versus Epoch

Three datasets, Set-1 (outlier threshold = 0.0), Set-2 (outlier threshold = 0.05), and Set-3
(outlier threshold = 0.06), are used to train, validate, and test the MobileNetVV3 deep learning

http://jst.tnu.edu.vn 108 Email: jst@tnu.edu.vn



TNU Journal of Science and Technology 228(15): 104 - 111

model. The deep learning model is evaluated at each epoch using the separate validating datasets

and testing datasets, distinct from the training dataset. The evaluation results at each epoch of the

model are illustrated in Figure 7 for Top-1 and Figure 8 for Top-2. The test result of the model is

also shown in the Table 1 for both Top-1 and Top-2.
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Figure 8. Top 2 Validating Accuracy and Learning Rate Versus Epoch

Results of the proposed model is listed in Table 1, the accuracy results for three different sets
of data (Set-1, Set-2 and Set 3) are presented. The accuracy is measured using the Top-1 and
Top-2 metrics, where 1 and 2 denote the rank of the correct answer among the top choices. The
outlier threshold increases from Set-1 to Set-3, from 0.00 to 0.06, respectively. As the outlier
threshold increases from Set-1 to Set-3, there is a noticeable improvement in both validating and
testing accuracies of the models in classifying diseases on rice leaves. Higher outlier thresholds
seem to lead to better model performance, suggesting that the models are more accurate when
outliers are filtered. The Top-1 accuracy increases from 80.11% to 86.85% and 87.69%. There is
a substantial drop in accuracy from Top-1 to Top-2, indicating that the correct answer is often
among the top two predictions. Comparing validating and testing accuracy for the same outlier
threshold shows how well the model generalizes to unseen data. In most cases, testing accuracy is
slightly lower than validating accuracy, which is expected as the model encounters new, unseen
data during testing.

Table 1. Validating and Testing Accuracy Results

Outlier Validating Testing
Data
Threshold Top-1[%0] Top-2[%] Top-1[%] Top-2[%]
Set-1 0.00 85.62 86.91 80.11 82.05
Set-2 0.05 91.58 93.87 86.85 88.27
Set-3 0.06 96.71 99.99 87.69 89.01

The Top-1 accuracy on the validating dataset shows that the model achieves its highest
accuracy at epoch 300 (Figure 7), while the Top-2 chart even shows that the model’s accuracy
becomes stable at epoch 200 (Figure 8). Increasing the outlier threshold from 0.05 to 0.06 does
not create much difference in the model’s accuracy.
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4. Conclusion

In this study, the performance of the MobileNetV3 deep learning model in classifying
different diseases on rice leaves with various levels of removing duplicate and outlier images has
been evaluated. The removal levels include: no removal, outlier threshold equal to 0.05, and
outlier threshold equal to 0.06. The results demonstrate a significant improvement in the accuracy
of the MobileNetV3 model when applying the proposed method. The Top-1 accuracy increases
from 80.11% to 87.69%.

The findings also indicate that the deep learning models with outlier removal achieves
stability with high Top-1 accuracy at epoch 300 and Top-2 accuracy at epoch 200. The highest
accuracy is achieved by the dataset with an outlier threshold equal to 0.06, with Top-1 accuracy
of 87.69% and Top-2 accuracy of 89.01%. However, there is not much difference in accuracy
when comparing the datasets with an outlier threshold equal to 0.05 and 0.06.

The removal of outliers from the dataset needs to be further investigated to assess the impact
of the outlier threshold parameter on the training speed and accuracy of the model on datasets of
different sizes and different magnitudes of the outlier threshold.
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