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Abstract: This study examined digital 2-Dimensional (2D) Ultrasonography (USG) images of human kidneys. The ultrasound image
was captured with an ultrasound instrument that locates items in the human body by employing sound pressure waves that fluctuate at a
very high frequency (ultrasonic). This study aimed to improve kidney 2D ultrasound imaging using the Active Contour approach to
find many kidney cysts. The technique used in this study is marker detection, referred to as process 1, followed by a contour
initialization step, as process 2, before mapping the area of kidney cysts using the active contour method and the binary segmentation
method, as process 3. The identification of renal cysts leads to the subsequent phase of RGB segmentation. The results of 43 2D

ultrasound scans of the kidney from this study yielded an accuracy rate of 88.37%, with 38 images correctly identifying kidney cysts

and five images incorrectly identifying kidney cysts.
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1. Introduction

An ultrasound image, also called ultrasound, can be used to
take pictures of objects inside the human body [1]-[4].
Using ultrasound pictures in healthcare and medicine is
widespread to ascertain the state of the human organs when
the image was taken [5]-[8]. There are three categories of
ultrasound images: 2D, 3D, and 4D. 2D ultrasound
examines where the imaging outcomes form flat,
monochrome images. The kidney is one of the many human
organs seen in ultrasound pictures.

The kidneys are a pair of human organs situated on either
side of the human spine, below the rear of the ribs, and
close to the center of the back. One of the organs crucial in
maintaining human life is the kidney [9]-[11]. The fact that
the kidney comprises two parts—the left kidney and the
right kidney—indicates that it is an organ developed in
pairs. The average kidney is between 10 and 12 cm in size,
or about the size of a human fist [12]-[14]. Roughly one
million nephrons, microscopic blood filters, are present in
this organ. This relatively small organ has some significant
tasks in maintaining bodily health. Every day, the kidneys
filter around 200 liters of blood.
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Simple definition: Kidney cysts are fluid-filled sacs that
develop inside or on the surface of the kidneys [15]-[18].
There are four different forms of kidney cysts, with
noncancerous or simple kidney cysts being the most
prevalent. Simple kidney cysts rarely result in renal
problems or failure [19]-[21]. Age and gender are risk
variables that increase a person's vulnerability to kidney
cysts. Kidney cyst disease is more likely to affect older
people. Simple kidney cysts typically do not have distinct
symptoms or indicators. Symptoms will show when the
cyst gets big enough or puts pressure on other organs.

Only 2D black-and-white images, which are still hazy or
blurry, are currently produced by ultrasonic technology,
specifically the kidney of a human being captured by
ultrasound [22]-[24]. As a result, a professional urologist
will misread renal ultrasound results. The caliber of the
ultrasound image generated determines the accuracy of
the urologist's reading or translation of the ultrasound
image [25]-[28]. To ensure an accurate and precise
diagnosis of a person's ailment, the readings or
translations done by a urologist must also be accurate and
precise. In these circumstances, the USG image should be
enhanced to be crisper and more detailed to increase the
precision and accuracy of the reading findings.

According to conversations he had with a professional
urologist in Padang, the images created by 2D ultrasound
are still fuzzy, making it impossible for an expert
urologist to detect cystic items in human kidney organs at
this time and less distinct. The human kidney can be
imaged with a CT (Computed Tomography) Scan for
more precisely detecting kidney cysts. However, a CT
Scan is quite expensive, and not all Indonesian hospitals
(RS) have a CT Scanner because of the high cost of such
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a scanner.

Specifically, according to a search of renowned
international publications and impact factors, researchers
have yet to attempt to identify Multiple Kidney cysts or
what is known as Multiple Kidney cysts. Suppose a 2D
kidney ultrasound image cannot produce results as accurate
and digital as a human kidney CT (Computed Tomography)
Scan in identifying multiple kidney cysts. In that case, it
will benefit hospitals offering treatment and the medical
community. It applies especially to the area of urology,
particularly when it comes to kidney issues. It can provide
significant advantages for those suffering from kidney
disease. Based on 2D ultrasound (ultrasonography) images
of human kidneys, this study introduces the Active Contour
approach to detect automatically numerous kidney cysts.
The outcomes of this investigation were validated using
CT-Scan image data of the human kidney that a urologist
approved.

2. Related work

Khurram Ejaz et al.'s [29] earlier research found confidence
areas and contour detection on MRI images. This study
aims to create an area of interest (ROI) technique for brain
tumor MRI images by identifying intensity fluctuations
using a confidence score. For complex cases of tumor core
extension, this study suggests a contour detection approach
with confidence region (CRCD) to highlight the borders of
tumor tissue. The study finds that the tumor area may be
extracted using the CRCD approach. The average results
are DOI 0.97, JI 0.94, MSE 1.24 dB, and a peak signal-to-
noise ratio of 17.45 dB.

Saleem Mustafa et al. [30] segmented Saleem's skin lesions
in a different study using the Adaptive Active Contour
approach based on entropy and Gaussian filters. This study
uses maximum entropy and morphological processing
techniques based on Gaussian filters to determine the
automatic beginning points for active contours. According
to the findings, the procedure is superior to dermatologists'
segmented images. He thus focuses on mask selection for
active contours and morphological procedures such as
preprocessing and postprocessing for active contours.

In another investigation, Frank G. Zollner et al. [31]
performed kidney segmentation in magnetic resonance
imaging of the kidney's present status and outlook. This
article evaluates recent research on renal image
segmentation methods and highlights the shortcomings of
recently presented methods that might impede clinical
application. Following range thresholding, several binary
morphological processes remove regions representing
vessels and collecting systems. Based on a variation
framework, the Resilient Statistical Segmenter (RSS)
software was run in 3D Slicer to drive the development of
closed surfaces by minimizing energy functions. The
approaches need to be compared and assessed in greater

detail. Consequently, it is necessary for the publicly
accessible data set to be correct.

3. Methodology
3.1 Research Framework

This research aims to improve ultrasound images of the
kidneys by developing the Active Contour method, which
can be used to detect multiple kidney cysts, to provide
unlimited access for Urologists, and to diagnose multiple
kidney cysts. Figure 1. Stages of this Research:

Eidney Ultrasonography (USG) Input Image

Cyst Detection Process

Development of the Active Contour MMethod

Contribution  Novelty)

O,
I

F.GB segmentation

!

Fesults of Detection of Multi

2 Cysts in the Kidney

Fig. 1. Research Framework
3.2 Research Framework Details
3.2.1 Kidney Ultrasonography (USG) Input Image

Ultrasonography (USG) image input contains original
image data used as input data in research. The image data
used as input is USG imagery in a digital file with *.jpg
format. All test images used are grayscale images with a
pixel size of 1080 x 1350 pixels, where the purpose of this
site is for the process of dimensional uniformity of the test
images to be studied. The test images consist of 43
ultrasound images of human kidneys with multiple kidney
cysts. As sample images in this study, we present three
images. Figure 2 below shows an example of a 2D
Ultrasound image of the Human Kidney.
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Fig 2. Research Framework

3.2.2 Cyst Area Detection (Process 1)

The ultrasound image of the kidney is inputted into the
system then the researcher performs the detection stage of
the cyst area in the image. An outline of possible markers is
found to detect the object desired while excluding other
objects that do not require detection. Next concludes the
location of the corner markers in the image. In addition, a
cyst area detection system is used to confirm that it is a
marker and decipher its identity. The system also uses cyst
area detection to calculate the pose using the information
from the location of the detected marker. Below is
Algorithm 1, which the researcher uses to detect image
areas of the cyst area detection process.

boundaries

5. Connecting each cyst area coordinate as an object
boundary line

6. Saving the object outline as a contour
7. Displaying the outline of the object
8. Calculating the centroid and circularity area values

for cysts A, B, and C

9. Displaying the image of the detection of the cyst area

3.2.4 Robert Edge Detection

Robert Edge Detection is the ability to reduce noise in the
image before performing edge detection calculations [34]-
[36]. The objective is to ensure that edge detection is
carried out precisely and accurately. Each detection
method has many sub-methods, but a suitable image
detection method can eliminate as much noise as possible.
Below is Algorithm 3 that researchers use to perform
Robert Edge Detection.

Algorithm 1: Cyst Area Detection (Process 1)

Algorithm 3: Robert Edge Detection

1. Reading digital ultrasound images of multiple kidney
cysts

2. Detecting cyst area 1 and named A

3. Detecting cyst area 2 and named B

4. Detecting cyst area 3 and named C

5 Calculating the centroid and circularity area values

for cysts A, B, and C

6. Displaying the image of the detection of the cyst area

3.2.3 Contour Initialitation (Process 2)

Contour initialization recognizes the coordinate positions of
all Cyst Areas detected in the image to become a single
object or a particular pattern to be recognized as a complete
object [32], [33]. In this study, the ultrasound image of the
kidney, which had been detected by the cyst area in the
previous step, distinguished the boundaries of cysts on the
kidneys from those not cysts on the kidneys. Below is
Algorithm 2 used to initialize the image contour.

1. Reading the initialized contour image

2. Reading the values of the contour initialization
matrix

3. Taking a value that means a gray image in the

form Ix and ly

4. Calculating the edge values of objects in the image
with the formula: \/Ix2 + Iy?

5. Storing the edge value of the object in the image

6. Displaying object edges in the image

Algorithm 2: Contour Initialization

1. Reading the image of the cyst area detection results
2. Recognizing the coordinates of the cyst area in the
image

3. Activating the cyst area coordinates as object
boundaries

4. Saving the cyst area coordinate values as object

3.2.5 Cyst Area Mapping: The Proposed Algorithm
from Active Contour Method (Process 3) / Biner
Segmentation

Active contour is a segmentation method using a closed
curve model that can move wide or narrow [37]-[39].
Active contour can move widened or narrowed by
minimizing image energy using external force and is
influenced by image characteristics such as lines or edges.
This study uses Active Contour to strengthen the
boundaries or edges of image objects detected by the
Robert Edge Detection method to ensure that the objects
detected are more precise and accurate. Below is
Algorithm 4, developed to become a new algorithm based
on the active contour method. This research proposes an
algorithm, Process 3, to map the cyst area of the kidney.
The result of this process is namely Biner Segmentation.
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Algorithm 4: The Proposed Algorithm from Active
Contour Method (Process 3)

1. Reading the image of Robert's Edge Detection

2. Activating the edge of the image as a contour

3. Saving the contour activation value

4, Reading the image of the active contour results

5. Performing opening morphological operations

6. Saving the image of the results of the opening
morphology operation

7. Reading the resulting binary segmentation image
(active contour)

8. Saving the resulting binary segmentation image

9. Displaying the result of binary segmentation image

3.2.6 Opening Morphology (RGB Segmentation)

Image morphology operation is a process that aims to
change the shape of objects in the original image [40], [41].
This process can be done on grayscale images or binary
images. The morphological surgery research carried out is
opening morphology surgery. The morphology of the
opening involves an erosion operation followed by dilation
of the outer surface of the foreground in the image. This
operation combines two main methods, usually used to
remove noise from images. This opening morphology
process is carried out to change images that have
successfully detected the edges of grayscale-shaped objects
into binary to make the image detection cleaner. Below is
Algorithm 5, which researchers use to perform opening
morphology.

Algorithm 5: Opening Morphology (RGB Segmentation)

1. Reading the image of the active contour results
2. Performing opening morphological operations
3. Saving the image of the results of the opening

morphology operation

4, Reading the RGB segmentation image (opening
morphology)

5. Saving the RGB segmentation image

6. Displaying the RGB segmentation result image

3.2.8 GUI Design of Kidney Ultrasound Multiple Cyst
Detection Application

GUI Design of Multiple Kidney Ultrasound Cyst
Detection Applications can be seen in Figure 3 below:

Fangeiahan

Fig. 2. Design of Multiple Kidney Ultrasound Cyst
Detection Application

4, Result and Discussion

This research was conducted through several stages. The
first stage is Data Collection. Its first step is collecting
three ultrasound images of the human kidneys. After the
data are collected, it continues in the second stage, called
the Preprocessing stage, including detecting the cyst
area, initializing the contour, and detecting the edge of
Robert. Furthermore, the processing is carried out in an
active contour process and closing morphological
operation. The processing section, which is a novelty or
updated in this study, is the Active Contour method.
Next is the result section, displaying the Binary Image
Segmentation Results, RGB Image Segmentation
Results, and Multiple Kidney Cyst Image Detection
Results.

4.1 Kidney Ultrasonography (USG) Input Image

The test images consist of 25 soil images. All soil
images collected are images of land used as agricultural
land for food crops in the Solok Regency, West Sumatra
province. All soil images collected were from six types
of plants grown on the soil, namely Red Chilli, Green
Chilli, Red Onions, Peanuts, Potatoes, and Cabbages. As
sample images in this study, we present 5 images. In
table 1 below you can see an example of a soil image.

Table 1. Input Image Result

No | USG Image Name

3.2.7 Kidney Cyst Detection Result

The results of detecting kidney cysts are the final process
in this study displaying which part of the ultrasound image
of the kidney is a kidney cyst. The detection results in the
final result and accumulation of the previous process.

Kidney Ultrasound Image of
Patient 1 (Multiple Kidney Cyst 1)

Kidney Ultrasound Image of
Patient 2 (Multiple Kidney Cyst 2)
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Kidney Ultrasound Image of
Patient 3 (Multiple Kidney Cyst 3)

4.2 Cyst Area Detection (Process 1)

Table 1 above shows the ultrasound images of the kidneys
from three patients with multiple kidney cysts in their
kidneys. Number 1 is the ultrasound image of the multiple
kidneys of Patient 1, Number 2 is the ultrasound image for
Patient 2, and Number 3 is for Patient 3. In this image, the
doctor specializing in urology marks which part of the
image boundaries includes kidney cysts and which does
not.

Table 2. Cyst Area Detection (Process 1) Result

Cyst Area
Detection Image
(Process 1)

No USG Image Name

1 Kidney
Ultrasound
Image of
Patient 1
(Multiple
Kidney Cyst
1)

Kidney
Ultrasound
Image of
Patient 2
(Multiple
Kidney Cyst
2)

Kidney
Ultrasound
Image of
Patient 3
(Multiple
Kidney Cyst
3)

Table 2 above shows the results of detecting cyst areas on
ultrasound images of kidneys with multiple kidney cysts.
In the image of the cyst area detection results, white dots
indicate that a cyst area is well detected on an ultrasound
image of the kidney. In the image of a patient with
multiple kidney cysts 1, it can be seen that eight white
dots grouped in as many as two groups forming a group of
images like circles side by side corresponding to the cyst
area made by the doctor. In the image of a patient with
multiple kidney cysts 2, there are six white dots in groups

of two groups forming a circle-like image group side by
side corresponding to the cyst area made by the doctor.
The image of a patient with multiple kidney cysts 3
shows that six white dots are grouped in as many as two
groups forming a circle-like image group close together,
one large and the other small corresponding to the cyst
area made by the doctor.

4.3 Initialization Contour (Process 2)

Table 3. Initialization Contour (Process 2) Result

Cyst Area —

N Detection Initialization
0 USG Image Image Contour
X (Process2)

(Process 1)

Table 3 shows the results of the initialization of the
contour on the ultrasound image of the kidney, which
has multiple kidney cysts. In the image from the
initialization of the contour, it can be seen that the white
dots are fewer in number but with a larger size. It
indicates that the area around it is the area of multiple
kidney cysts. In image number 1, two white dots are the
same size as a box or square shape side by side, whose
position corresponds to the previously detected Cyst
Area. Image number 2 also has two white dots that are
not the same size, one is large, and the other is small,
like a box or square shape side by side, whose position
corresponds to the Cyst Area previously detected. Two
white dots are not the same size in image number 3, one
is large, and the other is small, like a box or square shape
side by side, whose position corresponds to the Cyst
Area previously detected.
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4.4 Robert Edge Detection and Cyst Area Mapping: 3
The Proposed Algorithm from Active Contour Method
(Process 3) / Biner Segmentation

Table 4. Robert Edge Detection And Cyst Area Mapping:
The Proposed Algorithm From Active Contour Method

(Process 3) / Biner Segmentation

image number 3, there are two white areas; one is large,
the other is much bigger, and the two separate areas.

USG Process 1 Process 2 Process 3 Table 4 above shows the results of binary segmentation

° Image on ultrasound images of kidneys with multiple kidney
1 DY | D | cysts. In the binary segmentation result image, it can be
_— seen that two irregularly shaped areas are white, and

e 4 outside the region are black. It indicates that the white

a areas are kidney cysts, and the black ones are not. The

white area corresponds to the cyst area that the specialist

5 . urologist removed. Image number 1 shows two white

areas, one large and the other slightly smaller, and the
two areas are separated. In image number 2, it can be
seen that the two areas are united or not separated. In

4.5 Opening Morphology (RGB Segmentation)
Table 5. Opening Morphology (RGB Segmentation) Result

RGB Segmentation

No USG Image Process 1 Process 2 Process 3
Results

In Table 5, it can be seen the results of binary segmentation the other slightly smaller, and the two areas are separated.
on ultrasound images of kidneys with multiple kidney cysts. In image number 2, it can be seen that the two areas are
In the binary segmentation result image, it can be seen that united or not separated. Image number 3 shows two white
two irregularly shaped areas are white, and outside the areas; one is large, the other is much bigger, and the two
region are black. It indicates that the white areas are kidney areas are separated.

cysts, and the black ones are not. The white area

corresponds to the cyst area made by a specialist urologist.

In image number 1, there are two white areas, one large and
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4.6 Kidney Cyst Detection Result

Table 6. Kidney Cyst Detection Result

No USG Image

Cyst Area
Detection
(Process 1)

Contour
Initialization
(Process 2)

Cyst Area
Mapping
(Process 3)

RGB

Segmentation
Results

Kidney Cyst
Detection
Result

Table 6 above shows the results of binary segmentation on
ultrasound images of kidneys with multiple kidney cysts. In
the binary segmentation result image, it can be seen that
two irregularly shaped areas are white, and outside the
region are black. It indicates that the white areas are kidney
cysts, and the black ones are not. The white area
corresponds to the cyst area that a specialist urologist
removes. In image number 1, it can be seen that there are
two white areas, one large and the other slightly smaller,
and the two areas are separated. In image number 2, two
areas are united or not separated. In image number 3, there
are two white areas; one is large, the other is much bigger,
and the two areas are separated.

4.7 Comparison of Results with the Old Active Contour
Method and the New Active Contour Method

The old Active Contour method could only detect the
subtle boundaries of the area between kidney cysts and
those that were not. The only limitation that can be made
with the old Active Contour method is in the form of
jagged images that need to be more precise or better that
the detection results are imprecise and inaccurate. The
following is Table 4.8. comparing the results of the
detection of multiple kidney cysts with the old method and
the results of the detection of multiple kidney cysts with the
new method developed in this study.

Table 7. Comparison of results with the old active
contour method and the new active contour method

USG
Image

Old Active
Contour
Method

New
Active
Contour
Method

Process 3

The image of the
Detection Results of
the old Active
Contour Method
cannot mark the area
of a kidney cyst,
while the new Active
Contour method can
mark it with a yellow
circle shape.

The image of the
Detection Results of
the old Active
Contour Method
cannot mark the area
of a kidney cyst,
while the new Active
Contour method can
mark it with a yellow
circle shape.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2023, 11(3), 1190 1199 | 1196




3 The image of the Conclusion

circle shape.

Detection Results %fas
the ol Active

Contour Methc%le
cannot mark the arre;'gl1
of a Kkidney cyst,
while the new Activ
Contour method ct A
mark it with a yellogg

ed on the analysis and discussion results, conclusions
drawn regarding the achievement of the objectives,
nely: An Active Contour method has been developed
called Active Contour MD, which can detect multiple
ney cysts properly, precisely, and accurately from 2D
ultrasound images of the kidneys. The development of
Active Contour method obtained an accuracy rate of
B7% from the results of 43 2D ultrasound images of
the |kidney and found that 38 images correctly detected

=3

Pyl
=P5!

4.8 Comparison of the Formulas of the OId Active
Contour Method with the New Active Contour Method

The Active Contour method has a formula for running the
contour activation process properly and correctly. In this
study, the formula was modified to make the detection
process of multiple kidney cysts more precise and
accurate. The following Table VIII shows a comparison of
the formula for the old active contour method with the
new one:

Old Active Contour Formula

1
Esnake = f Eint(v(s) + Eimg + Econv(s))ds
s=0

Information:

- Esnake = Is an energy function of the active
contour; from this function, an object that fulfills this energy
function will be sought.

- v(s) = Is a collection of x and y coordinates of the
active contour curve.

- Eint = Is the internal energy of the active contour.
This energy affects the movement of the active contour
curve.

- Eimg = Is the energy of the digital image as input
(low-level features such as edge points).

movement of the active contour curve.

- Econ high-level information that affects the

New Active Contour Formula

min_dist = min(centroid)

max_dist = max (centroid)

centroid (object center point)

centroid (object center point)
- d = Object Diameter

d
= ,/(min_dist(1) — max_dist(1))2 + (min_dist(2) — max_d|
4o d
6

Information:

- min_dist = The closest (minimum) distance to the

- max_dist = The farthest (maximum) distance to the

kidney cysts and five images that were not quite right for
detecting kidney cysts. This development method can
not only be used to detect multiple kidney cysts but also
can be used to detect single kidney cysts.
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