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bstract— The most prevalent method for early detection of
Covid-19 is polymerase chain reaction (PCR). Unfortunately,
the quantity of accessible test Kits restricts the use of PCR. The
development of automatic detection is limited due to the absence
of the digital output of PCR data, resulting in an extremely low
sensitivity level. Another possibility for Covid-19 detection is
based on medical imaging diagnostic. Using digital images offers
the opportunity to develop a computer-based system. Image
processing @iked with machine learning is the purpose of this
study. The comparison of machine learning performance aimed
to determine the best classification model. The methods
developed for the Covi detection system applied 2-D Haar
Wavelet Trarm feature extraction and classification
methods of Support Vector Machine (SVM), K-Nearest
Neighbor (KNN), and Decision Tree (DT). Quadratic SVM
achieved the best classification results with an accuracy of
86.96%, precision of 94.64%, recall of 86.89%, specificity of
90.00%, and F-score of 89.83%. This study succeeded in
comparing three machine learning methods with texture
features.
Keywords— Covid-19, 2-D Haar Wavelet Transform, Support
Vector Machine, K-Nearest Neighbor, Decision Tree.

L INTRODUCTION

) As of May 2022, Covid-19 has been reported to infect
more than 500 million people and cause more than six million
deaths [1]. With so many instances and such rapid
transmission, medical personnel are overburdened. Handling
and diagnosing Covid-19 is time-consuming, not only
because the number of patients is rising daily but also due to
a shortage of medical professionals and suitable diagnostic

instm]ents [2].

Polymerase chain reaction (PCR) is currently the most
familiar method for early Covid-19 diagnosis. Unfortunately,
the quantity of accessible test kits confines the use of PCR.
Subsequently, this test’s sensitivity only falls between 60%
and 70%. Thus, if 100 people undergo the PCR test, only 60
will receive a proper diagnosis [3][4][5]. Additional methods
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should complement the Covid-19 tefffb obtain a genuinely
accurate diagnosis. Medical imagery of chest X-ray images is
one of which [6] [7].

Covid-19 can also be diagnosed using medical X-ray
imagery combined with computational (artificially
intelligent) methods. Machine learning (ML) using artificial
intelligence is a standard method for understanding medical
images. $}eral other research [8][9][10] utilized ML to
diagnose Covid-19 using chest X-ray images. The results
unveiled that ML delivered {8 latively high level of accuracy
and demonstrated potential as a tool for the early detection of
Covid-19.

Feature extraction is one of the ML phases. In
[11][12][13], wavelet transform was applied as a method of
feature extraction for Covid-19 detection. s method
yielded an accuracy ranging from 80% to 95%. Histogram of
Oriented Gradients (HOG) [14] and Gray Level Co-
occurrence Matrix (GLCM) are other methods commonly
utilized to identify Covid-19. Feature extraction using HOG
[15] produced an accuracy of 98.5%, whereas extraction with
GLﬁ [16] generated an accuracy of 99.68%.

Support Vector Machine (SVM), K-Nearest Neighbor
(KNN), and Decision Tree (DT) are a few ofthe classification
methods in ML. Several investigations have applied
classification methods to detect Covid-19. Previous studies
[16] [17] [18] discovered that the SVM, KNN, and DT
methods worked appropriately in detecting Covid-19.

Wavelet transform performs adequately in classifying
Covid-19 images. With few references to Covid-19 detection
using wavelet feature extraction methods, this study aims to
establish an autonomous computer-based method for
detecting Covid-19 using 2-D Haar Wavelet Transform
feature extraction combined with SVM, KNN, and DT
classification methods.
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II. METHODS

A. System Design

Figure 1 displays the whole process of the system design
in this study. Preprocessing was the step after acquiring chest
X-ray image data, followed by feature extraction using 2-D
Haar Wavelet Transform feature extraction. Three distinct
methods were applied in the classification phase: Quadratic
SVM, Weighted KNN, and Fine Tree DT. The classification
results were analysed using a performance matrix.
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Fig. 1. System Design Flowchar.

TABLE L. COMPUTER SPECIFICATION

Hardware Specification
Processor Intel® Core 15 9400f
RAM Memory 16GB
GPU Nvidia RTX 2060 6GB

In this study, the computer was the primary device for the
whole process throughout training and testing. Table 1
describes the computer specification. This study also
employed the MATLAB program version R2020a as the
software

B. Data Collection

This research utilized chest X-ray images comprising three
distinct classes: Covid-19 images (class 1), pneumonia images
(class 2), and standard chest images (class 3). These images
were taken ethically from the open-source website Kaggle.
The chest X-ray images totaled 1,065. Two datasets were

derived from the total images: training and testing. The
training dataset comprised 90% of the overall images (959
images), whereas the testing dataset numbered 10% of the
total images (106 images).

C. Preprocessing

Preprocessing involved separating image data into
training and testing datasets. This preprocessing aimed to
recreate the images and transform them to be extracted and
classified. The preprocessing procedure covered a vertical
flip, an RGB-to-grayscale conversion, and a high stability
engine control (HISTEC) conversion aiming to equalize the
contrast of the whole image.

D. Feature Extraction

The chest X-ray images were extracted using 2-D Haar
Wavelet Transform, a system to compress images. In
classification using the Haar Wavelet Transform, the output
was a four-piece coefficient obtained by energy and standard
deviation. This feature extraction was performed on both
datasets (training and testing) and yielded seven feature
extractions for every X-ray image in the entire dataset.

E. Classification

This classification step, commonly referred to as the
training stage, utilized three distinct methods: Quadratic
SVM, Weighted KNN, auﬁ:ine Tree DT.

The SVM algorithm is a supervised machine learning
algorithm for classification and regressionffithallenges.
However, it is primarily used in classification problems. In
the SVM algorithm, each data item was plotted as a point in
n-dimensional space (n is several features owned); ecach

Bdure became the value of a particular coordinate. Then,

classification was performed by finding the hyper-plane that
differentiated the two classes properly.

K-NN algorithm assumes the similarity between the new
case/data and available cases and puts the new case into the
category most sflilar to the available categories. K-NN
algorithm stores all the available data and classifidgh new
data point based on the similarity. Accordingly, new data can
be easilﬁlassiﬁed into a well-suited category.

DT is a supervised learning technique beneficial for
classification and regression problemHowever, it is mainly
preferred for solving classification problems. It is a tree-
structured classifier, where internal nodes represent the
features of a dataset, branches represent the decision rules,
and each leaf node represents the outcome.

After the feature extraction procedure had been acquired,
the classification step was carried out. The dataset used
during classification was the training one. The test (running)
was administered ten times. The acquired classification data
consisted of training accuracy and time.

F. Analysis

The analysis phase is often referred to as the testing phase.
The dataset used was testing, which resulted from the feature
extraction. The study compared the performance matrix
values, encompassing accuracy, precision, recall, specificity,
and F-score.
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II.  RESULTS AND DISCUSSIONS

A. Feature Extraction Results 57

2-D Haar Wavelet Transform was applied to extract the
features from images. In this step, the training and testing
datasets were utilized. Six feature extractions were the
outcome for each image (features). Table 2 illustrates the
average feature results for every class.

TABLE 1I. FEATURE EXTRACTION RESULT
Feature of Covid-19 Image Classes
2-D Haar Wavelet
Transform Class 1 Class 2 Class 3

Honzontal Energy 0,129 =0.045 0.167 £ 0.038 0.093 £0.055

Vertical Energy 0.143 £ 0.065 0.340 + 0.089 0.214 £ 0.086

Diagonal Energy 0.024 £0.010 0046 £0.013 0.026 £0.017

Horizontal Standard 13 337, 4957 1315548374 10.694 £5262
Deviation

Vertical Standard 0 191 9944 20437+ 12788 9.015+ 10.497
Deviation

Diagonal Standard  ¢g3 . 17 337 24884+ 10804 10172+ 9.442
Dewviation

B. Classification Results

The classification step, also known as the training stage,
utilized a feature-extracted training dataset. The classification
deployed the Quadratic SWVM, Weighted KNN, and Fine Tree
DT methods. At this point, each method’s classification test
was conducted ten times. The outcomes acquired after
classification were the training’s accuracy and time, as
described in Table 3. Figure 2 displays the training’s visual
results in a Receiver Operating Characteristic (ROC) graph.

The results of the training classification provided in Table
3 indicate that the best accuracy value for Quadratic SVM
was achieved in the tenth running, with a time of 6.6892
seconds and an accuracy of 81.10%. In the ninth running,
Weighted KNN achieved the maximum level of accuracy of
80.90% and the quickest time of 0.68924 seconds. Fine Tree
DT obtained the maximum accuracy of 76.40% and the
quickest training time of 0.7047 seconds in the sixth running.
In other words, Quadratic SVM obtained the highest training
accuracy, and Weighted KNN had the fastest training time.

C. Analysis Results

In this research, the analysis process employed the testing
dataset, also known as the testing phase. The testing dataset
being evaluated was derived from feature extraction. Testing
was conducted using the best training results from each
method (Quadratic SVM, Weighted KNN, and Fine Tree
DT). The test results were analyzed and compared using a
performance matrix to determine which of the three
classification methods perfornflthe best. The performance
matrix assessed included accuracy, precision, recall,
specificity, and F-score. Figure 1 shows the model’s optimal
confusion matrix results. Table 4 displays the results of the
performance matrix for the three methods.

Quadratic SVM testing acquired the best performance
matrix value compared to Weighted KNN and Fine Tree DT.
The performance matrix accuracy values for classes 1, 2, and
3 Quadratic SVM were 86.96%, 80%, and 80%. The precision
values for classes 1, 2, and 3 were 94.64%, 81.54%, and
82.81%. The recall performance ratings were 85.48%,
86.89%, and 85.48% for classes 1, 2, and 3. The specificity
results for classes 1, 2, and 3 were 90%, 69.23%, and 71.05%.
The relative F-scores for classes 1, 2, and 3 were 89.83%.,
84.13%, and 84.13%.

TABLE NI, TRAINING RESULTS OF THREE MODELS OF MACHINE LEARNING
Quadratic SVM Weighted KNN Fine Tree DT
fun Accnracy (%) Time (s) Accnracy (%) Time (s) Accuracy (%) Time (s)
1 80.40% 6.689 80.20% 0.713 75.50% 0.722
2 81.00% 11.223 T79.60% 0.699 T6.30% 0.705
3 80.70% 9.154 T9.80% 0.707 T4.60% 0.712
4 T9.80% 8.136 T9.10% 0.703 T4.30% 0.725
3 80.00% 9.612 80.90% 0.690 T4.70% 0.706
6 80.20% 7.635 T79.40% 0.716 To.40% 0.729
7 80.60% 11144 T79.50% 0.708 75.40% 0.717
8 80.00% 8.645 80.50% 0.731 75.60% 0.758
9 81.00% 9.155 80.90% 0.690 T4.90% 0.705
10 81.10% 10.658 80.20% 0.702 75.00% 0.745
Average 80.48% £ 0.45% 9205+ 143 80.01% £ 0.60% 0.706+0.012 T5.27% £ 0.67% 0.722 £ 0.017
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Fig. 2. Best of Receiver Operating Characteristic (ROC) Graphs (a) SVM. (b) KNN, (¢) DT
TABLEIV. TESTING RESULTS OF THREE MODELS OF MACHINE LEARNING
Performance Quadratic SVM Weighted KNN Fine Tree DT
Matrix
Class 1 Class 2 Class 3 Class 1 Class 2 Class 3 Class 1 Class 2 Class 3
Accuracy 86.96% 80.00% 80.00% 85.87% 82.20% T6.70% T6.74% 69.47% 68.04%
Precision 94.64% 81.54% 82.81% 87.10% 69.23%, T1.053% T8.57% 62.86% 51.16%
Recall B5.48% 86.89% B5.48% T5.00% B4.38% 67.50% 61.11% 57.89% 68.75%
Specificity 90.00% 69.23% 71.05% 92.86% 81.25% 82.54% 88.00% T7.19% 67.69%
F-score 89.83% 84.13% 84.13% 80.60% T6.06% 69.23% 68.75% 60.27% 58.67%
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IV. CONCLUSIONS REFERENCES

This study has successfully compared three maffhe  [11
learning methods for classification purposes. The early
detection of Covid-19 computer-based using chest X-ray [
images could be pEfirmed by combining 2-D Haar Wavelet
Transform as a feature extraction method and machine
leaming methods for classification. Three classification [
methods (Quadratic SVM, Weighted I@, and Fine Tree
DT) generated high-performance values for detecting Covid-

19 in chest X-ray images. The optimal combination consisted

of 2-D Haar Wavelet Transform and Quadratic SVM, [l
acquiring accuracy rates for classes 1, 2, and 3 of 86.96%,

80%, and 80%. The precision values for classes 1, 2, and 3
obtained 94.64%, 81.54%, and 82.81%. The recall scores for 151
classes 1, 2, and 3 were 85.48%, 86.89%, and 85.48%. The
specificity values for classes 1, 2, and 3 were 90%, 69.23%,

and 71.05%. The relative F-scores for classes 1, 2, and 3 were
89.83%, 84.13%, and 84.13%. Even though it yielded good  [6]
performance values, more research is necessary to compare it

to other methods.

ACKNOWLEDGMENT r

This research is supported by Univer{Z&B Muhammadiyah
Yogyakarta and a research project grant from the Ministry of
Research and Technology of the Republic of Indonesia. (8]

11

R. Rehouma, M. Buchert, and Y. P. Chen, “Machine learning for
medical imaging - based COVID - 19.” 2021,

A Zargari Khuzani, M. Heidari, and 5. A. Shariati, “COVID-
Classifier: an automated machine learning model to assist in the
diagnosis of COVID-19 infection in chest X-ray images,” Sci. Rep.,
vol. 11, no. 1, p. 9887, 2021, doi: 10.1038/s41598-021-88807-2.

A. Saygilh, "A new approach for computer-aided detection of
coronavirus (COVID-19) from CT and X-ray images using machine
learning methods.” Appl. Soft Comput, vol. 105, p. 107323, 2021, doi:
hitps://doi.org/10.1016/j.as0c.2021. 107323,

[H. X. Bai et al., “Performance of Radiologists in Differentiating
COVID-19 from Non-COVID-19 Viral Pneumonia at
Chest CT,” Radiology, vol. 296, no. 2, pp. E46-E54, Mar. 2020, doi:
10.1 148/radiol. 2020200823,

T. Ai et al., “Correlation of Chest CT and RT-PCR Testing for
Coronavirus Disease 2019 (COVID-19) in China: A Report of 1014
Cases.,” Radiology, vol. 296, no. 2, pp. E32-E40, Aug. 2020, doi:
10.1 148/radiol. 2020200642,

H. Maghdid. A. T. Asaad. K. Z. G. Ghafoor, A. 8. Sadig. 5. Mirjalili.
and M. K. K. Khan, “Diagnosing COVID-19 pneumonia from x-ray
and CT images using deep learning and transfer learning algorithms,”
p. 26,2021, doi: 10.1117/12.2588672.

S. Schiaffino et al., “Diagnostic Performance of Chest X-Ray for
COVID-19 Pneumonia during the SARS-CoV-2 Pandemic in
Lombardy, Italy,” I. Thorac. Imaging, vol. 35, no. 4, pp. W105-W 106,
2020, doi: 10.1097/RTLOOOOOOO000000533.

S. Chakmborty and K. Mali, “SUFMACS: A machine leaming-based
robust image segmentation framework for COVID-19 radiological

Authorized licensed use limited to: MULTIMEDIA UNIVERSITY. Downloaded on November 29,2022 at 03:17:51 UTC from IEEE Xplore. Restrictions apply.




image interpretation,” Expert Syst. Appl., vol. 178, p. 115069, 2021,
doi: https://doi.org/10.1016/j.eswa.2021.115069.

[91 1. Arpaci, 5. Huang, M. Al-Emran, M. N. Al-Kabi, and M. Peng,
“Predicting the COVID-19 infection with fourteen clinical features
using machine learning classification algorithms,” Multimed. Tools
Appl., vol. 80, no. 8, pp. 1194311957, 2021, doi: 10.1007/s11042-
020-10340-7.

[10] S. H. Kassania, P. H. Kassanib, M. . Wesolowskic, K. A. Schneidera,
and R. Detersa, “Automatic Detection of Coronavirus Disease
(COVID-19) in X-ray and CT Images: A Machine Learning Based
Approach.” Biocybem. Biomed. Eng., vol. 41, no. 3, pp. 867-879,
2021, doi: 10.1016/j.bbe. 2021 .05.013.

[11] Z. Wu et al., “Texture feature-based machine leaming classifier could
assist in the diagnosis of COVID-19.” Eur. J. Radiol.. vol. 137, no.
August 2020, 2021, doi: 10.1016/.ejrad 2021.109602.

[12] A. Sarhan, “Detection of COVID-19 Cases In Chest X-ray Images
Using Wavelets And Support Vector Machines,” pp. 1-13, 2020.

[13] N. W. 8. Saraswati, N. W. Wardani, and 1. G. A. A, D. Indradewi,
“Detection of Covid Chest X-Ray using Wavelet and Support Vector
Machines,” Int. J. Eng. Emerg. Technol., vol. 5, no. 2, pp. 116-121,
2020.

[14] Y. Jusman, W. Tyassari, D. Nisrina, F. G. Santosa, and N. A. Prayitno,
“Machine Leaming Performances for Covid-19 Images Classification

12

[15]

[1e]

[17]

[18]

based Histogram of Oriented Gradients Features,” in 2022 IEEE
Intemational IoT, Electronics and Mechatronics Conference
(IEMTRONICS]), 2022, pp. 1-6. doi:
10 TOWIEMTRONICSS5 5184 2022 9795854,

A M. Ayalew, A. O. Salau, B. T. Abeje, and B. Enyew, *Detection and
classification of COVID-19 disease from X-ray images using
convolutional neural networks and histogram of oriented gradients,”
Biomed. Signal Process. Control, vol. 74, no. October 2021, p. 103530,
2022, doiz 10.1016/].bspe.2022. 103530,

M. Barstugan, U. Ozkaya, and 8. Ozturk, “*Coronavirus (COVID-19)
Classification using CT Images by Machine Learning Methods,” Int. J.
imaging Syst. Technol. 10.1002/ima22469. Adv. Online Publ.
hitps’/doi., no. 5, pp. 1-10, 2020.

M. R. Islam and M. Nahiduzzaman, “Complex features extraction with
deep learning model for the detection of COVID19 from CT scan
images using ensemble based machine learning approach,” Expert
Syst. Appl, wvol. 195, no. February, p. 116554, 2022, doi:
10.1016/j.eswa 2022.116554.

S. Samsir, J. H. P. Sitorus, Zulkifli, Z. Ritonga, F. A. Nasution, and R.
Watrianthos, “Comparison of machine learning algorithms for chest X-
ray image COVID-19 classification,” I. Phys. Conf. Ser., vol. 1933, no.
L.p. 12040, 2021, doi: 10.1088/1742-6596/1933/1/012040.

Authorized licensed use limited to: MULTIMEDIA UNIVERSITY. Downloaded on November 29,2022 at 03:17:51 UTC from IEEE Xplore. Restrictions apply.




ovid-19_X-

ray_Image_Classification_Based_on_Texture_Features.pdf

ORIGINALITY REPORT

19, 13+ 14« 9

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

Submitted to Kennesaw State University
Student Paper

3%

o

eprints.polsri.ac.id

Internet Source

(K

e

"Advances in Production Management
Systems. Artificial Intelligence for Sustainable
and Resilient Production Systems", Springer
Science and Business Media LLC, 2021

Publication

T

-~

encyclopedia.pub

Internet Source

T

o

Submitted to University of Birmingham
Student Paper

(K

Submitted to South Bank University

Student Paper

T

=

Ali Saadoon Ahmed, Sefer Kurnaz, Mustafa
Maad Hamdi, Arshad Mohammed Khaleel,
Amenah Nazar Jabbar, Mohammed E. Seno.

"Detection of COVID-19 Using Classification of

T



an X-Ray Image Using a Local Binary Pattern
and K-Nearest Neighbors", 2022 International
Symposium on Multidisciplinary Studies and
Innovative Technologies (ISMSIT), 2022

Publication

www.pol-vsc.org

Internet Source

T

journal.universitasbumigora.ac.id 1
Internet Source %
Www.ijisae.org /

Internet Source %
lajit.org

Internet Source 1%
Submitted to Symbiosis International

mredto sy <1y
University
Student Paper
acikerisim.nku.edu.tr

Internet Source <1 %
beei.org

Internet Source <1 %
ljece.ilaescore.com

Internet Source <1 %
inccst.muet.edu.pk

Internet Source <1 %




Liona C. Poon, Huixia Yang, Jill C. S. Lee,

<l
Joshua A. Copel, Tak Yeung Leung, Yuanzhen
Zhang, Dunjin Chen, Federico Prefumo.
"ISUOG Interim Guidance on 2019 novel
coronavirus infection during pregnancy and
puerperium: information for healthcare
professionals”, Ultrasound in Obstetrics &
Gynecology, 2020
Publication

Wardani, S P R, Jian Chu, S C Robert Lo, <1 o
Susumu lai, and K K Phoon. "LABORATORY ’
MODEL TEST ON IMPROVED SOIL USING
LIME-COLUMN", Geotechnical Engineering for
Disaster Mitigation and Rehabilitation and
Highway Engineering 2011, 2011.
Publication
bilbo.varphi.com

InternetSourcep <1 %
dokumen.pub

Internet Source p <1 %
ejournal.uin-suska.ac.id

In-tlernetSource <1 %

aper.ijcsns.or
22 IFr?terFr?et Soquce g <1 %

53 www. hindawi.com <’| %

Internet Source




24

www.science.gov

Internet Source

<1%

25

Muhimmah, Izzati, Rahadian Kurniawan, and
Indrayanti. "Analysis of features to distinguish
epithelial cells and inflammatory cells in Pap
smear images", 2013 6th International
Conference on Biomedical Engineering and
Informatics, 2013.

Publication

<1%

Palak Mahajan, Namrata Karlupia, Pawanesh
Abrol, Parveen K Lehana. "ldentifying COVID-
19 Pneumonia using Chest Radiography using
Deep Convolutional Neural Networks", 2021
62nd International Scientific Conference on
Information Technology and Management
Science of Riga Technical University (ITMS),
2021

Publication

<1%

S. Zainab Yousuf Zaidi, M. Usman Akram,
Amina Jameel, Norah Saleh Alghamdi. "Lung
Segmentation-Based Pulmonary Disease
Classification Using Deep Neural Networks",
|IEEE Access, 2021

Publication

<1%

publikasi.dinus.ac.id

Internet Source

<1%

www.medrxiv.org

Internet Source



<1%

30

Gaffari Celik. "Detection of Covid-19 and other
pneumonia cases from CT and X-ray chest
images using deep learning based on feature
reuse residual block and depthwise dilated
convolutions neural network", Applied Soft
Computing, 2023

Publication

<1%

Rajneesh Kumar Patel, Manish Kashyap.
"Automated diagnosis of COVID stages from
lung CT images using statistical features in 2-
dimensional flexible analytic wavelet
transform", Biocybernetics and Biomedical
Engineering, 2022

Publication

<1%

Woan Ching Serena Low, Joon Huang Chuah,
Clarence Augustine T. H. Tee, Shazia Anis et
al. "An Overview of Deep Learning Techniques
on Chest X-Ray and CT Scan Identification of
COVID-19", Computational and Mathematical
Methods in Medicine, 2021

Publication

<1%

Exclude quotes On Exclude matches Off

Exclude bibliography On



