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Ground Glass Opacity (GGO) in the image of the lungs is an
object that is white in color. The image was recorded using a
Computerized Tomography Scan (CT-Scan). This object has
very similar color features to other objects in the lung image,
making it very difficult to identify precisely. Likewise by
observing the development of this object every time from
recording continuously. This study aims to segment the GGO
on CT-Scan images that are examined repeatedly due to an
increase in complaints against patients. The processed image
is an image of the lungs from the CT-Scan equipment.
Patients were recorded twice at different time intervals. The
processed image is an axial slice of the data cavity as a
whole, totaling 12 images for each patient in each recording.
The tool used for recording is a CT-Scan with the General
Electric (GE) brand model D3162T. The method used is
parallel processing with a combination of Image
Enhancement techniques, Convert to Binary Image,
Morphology Operation, Image Inverted, Active Contour
Model, Image Addition, Convert Matrix to Grayscale, Image
Filtering, Convert to Binary Image, Image Subtraction and
Region Properties. The results of this study can identify the
development of the GGO pixel size well, where the
increasing number of patient complaints, the larger the GGO
area. The extent of development of GGO is irregular with
respect to time and examination. Each patient experienced an
expansion of GGO by an average of 0.54% to 1.89%. This
study is very good and can correctly identify ARF, so it can
be used to measure the level of development of ARF in
patients with accuracy.

1. Introduction

have a slightly lighter viscous pattern than normal
thoracic tissue [5],[6]. Basically adenocarcinoma of the

Ground-Glass Opacity (GGO) is an object of damage
to the lungs of people with COVID-19 [1]. This object
can be observed in radiological images with Computed
Tomography Scan (CT-Scan) or Chest Radiograph (X-
Ray) equipment. The image produced by CT-Scan is
better than X-Ray because CT-Scan can produce many
images while X-Ray is only one image in one
recording [2].

GGO is a radiological picture with various etiologies
such as inflammation, infection, pulmonary edema,
bleeding, pulmonary interstitium. The consequence that
can be felt directly is that the function of the lungs is
slightly disturbed so that the lungs do not function
normally [3], [4]. The characteristic features of GGO

lung has a size of 3 cm or less than the size of the
tumor [7]. It is widely known that GGO has an
inadequate prognosis so that it can be considered as
early lung cancer [8], [9], [10].

One indication of damage to the thorax due to COVID-
19 is the appearance of a Ground-Glass Opacity (GGO)
object [11]. In the radiographic image, it can be seen
that the GGO object is brighter than the normal chest
tissue object because it does not contain air anymore
[12]. Several studies published in PubMed, Embase
(Elsevier), Google Scholar, and the World Health
Organization (WHO) database contained 88% of
sufferers who had GGO [13]. As many as 62 patients
with pneumonia due to COVID-19 in Wuhan China,
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40.3% of the thorax contained GGO [14]. Of the 101
cases of COVID-19 sufferers aged 21-50 years in
Hunan China, 86.1% of the thorax contained GGO
[15]. Based on this research, there are physiological
changes as an observation of the thorax organ for
sufferers of COVID-19. This research can be an
alternative reference in conducting the initial screening
process to make the right decisions in handling
COVID-19 sufferers.

2. Research Method

In identifying the GGO pattern on CT-Scan images of
COVID-19 sufferers, several stages of the image
processing process are carried out. Each stage is
interconnected and produces a new image that will be
used as input for the next stage. The process stages in
this research consist of Dataset, Image Enhancement,
Convert to Binary Image, Morphology Operation,
Image Inverted, Active Countour Model, Image
Addition, Convert Matrix to Grayscale, Image
Filtering, Convert to Binary Image, Image Subtraction
and Region Properties. All stages of the process are
carried out on a Personal Computer (PC) using the
Mathlab R2020b Software.

The formulas used in this research are Formula (1),
Formula (2), Formula (3), Formula (4), Formula (5),
Formula (6), Formula (7), Formula (8), Formula (9),
Formula (10), Formula (11), Formula (12), and
Formula (13).

_ _ 21 1
cl=cly, +{2(a )|n[l_ DF( f)ﬂ (1)
B 0,if np(x,y) < NA
ag(x.y) _{1, if np(x,y) > NA @
Cl «EP = (CIOEP) ® EP 3)

S(x,y)=L-1-R(x,y) 4

ac(s) = (k(s),1(s)) (5)

Eint = Eelastic + Ebend = a(S) y + IB(S) LZ (6)
ds ds

Eelastic = J-a(V(S) - V(S _1))2 .dS (7)

Epens = I BV(s—1) —v(s) + V(s +1))*.ds @)

1 1

E:nake = J. Esnake(v(s))'ds = J‘{Emt (V(S))+ Elmage(v(s))+ Econ(v(s))}'ds (9)

0 0

CO(x,y) =CI1(x,y) +Cl 2(x,y) (10)
Gl = _CY—C¥nin (11)
CYmax _CYmin
mf (x, y) = median ch(s,t) (12)
(s,t)eks,y
CO(x,y) =Cl1(x,y)—-Cl2(x,Yy) (13)

Several articles were used as references in this study
[16] - [50].

3. Result and Discussion

In this study, only one test image was presented from
34 images of patients with COVID-19. This input
image is 485 x 394 pixel size in JPG format. The
patient identities contained in the image are hidden on
display in the article to maintain the code of ethics. So
that the image presented only includes the chest cavity
as the outermost boundar. The results shown in Table 1
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The objects in the image have been identified very
well, so that the pattern from GGO can be recognized.
The next step is to count the number of pixels of
objects in the image. From the results of this
calculation, it can be determined the level of
comparison of the area of GGO to the area of the
thorax. The calculation used to determine the level of
this ratio is the ratio equation presented in Formula
(14).

GGO Area

oo Afkd (14)
Thorax Area

Ratio% = x100%
Where the ratio is level of the GGO area to the thorax
area multiplied by 100%. Based on the results of
Formula 14, it can be concluded that the greater the
value of the GGO area, the wider the area of the thorax
containing GGO. The magnitude of this ratio indicates
the higher the severity of patients suffering from
Covid-19. The results of calculations for all patients are

presented in Table 2.
Table 2. Object Area (Pixel)

Patient 1 (W, 65 years old)

Patient 2 (W, 51years old)

No 1st 2nd 1st 2nd

Lung GGO % Lung GGO % Lung GGO % Lung GGO %

1 17.322 2.024 11,68 14.090 1.968 13,97 10.656 1572 14,75 14.794 2.676 18,0884

2 17.975 2010 11,18 15.099 2495 16,52 11.705 2121 18,12 15.099 2.495 16,5243

3 18.497 2365 12,79 16.277 2582 15,86 12.242 2.686 21,94 16.661 4.010 24,0682

4 19.125 2819 14,74 17.396 2.820 16,21 12.977 2710 20,88 17.903 4.276 23,8843

5 19.435 3.216 16,55 18.362 3.224 17,56 13.731 3.168 23,07 19.164 4291 22,3909

6 19.947 3426 17,18 19.381 3.668 18,93 14.658 3.760 25,65 20.520 4.292 20,9162

7 20.265 3.302 16,29 20.333 3.624 17,82 15.371 3525 22,93 20.912 5.146 24,6079

8 20.832 3474 16,68 21.037 3.656 17,38 16.166 3.999 24,74 20.749 6.277 30,2521

9 20.955 3.385 16,15 21.825 3.643 16,69 17.082 4216 24,68 21.173 6.563 30,997

10 21.128 3.171 15,01 43.267 3.238 7,48 17.660 4576 2591 21.353 6.565 30,7451

11 21.343 3.090 14,48 43.412 3.759 8,66 17.922 4,663 26,02 22.343 6.337 28,3624

12 21.693 3.313 15,27 22.934 3976 17,34 17.632 4991 28,31 23.107 6.677 28,896

Sum 238.517 35.595 178,00 273.413 38.653 184 177.802 41.987 277 233.778  59.605 300

Average 19.876,42 2.966,25 14,83 22.784 3.221 15,37 14.817 3.499 23,08 19.481,50 4967 24,98

Increase 0,54 1,89
[5] C.-C. Lai, T.-P. Shih, W.-C. Ko, H.-J. Tang, and P.-R. Hsueh,

The results of image processing presented in Table 2
state that every thorax of a COVID-19 patient has
GGO. GGO will result in an increased weakening of
the function of the thorax.

4. Conclusion

The results of this study can identify the development
of the GGO pixel size well, where the increasing
number of patient complaints, the larger the GGO area.
The extent of development of GGO is irregular with
respect to time and examination. Each patient
experienced an expansion of GGO by an average of
0.54% to 1.89%. This study is very good and can
correctly identify ARF, so it can be used to measure the
level of development of ARF in patients with accuracy.
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