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Abstract

Stomach cancer is a type of cancer that is hard to detect at an early stage because it gives almost no symptoms at the beginning.
Stomach cancer is an increasing incidence of cancer both in the World as well as in Turkey. The most common method used
worldwide for gastric cancer diagnosis is endoscopy. However, definitive diagnosis is made with endoscopic biopsy results.
Diagnosis with endoscopy is a very specific and sensitive method. With high-resolution endoscopy it is possible to detect mild
discolorations, bulges and structural changes of the surface of the mucosa. However, because the procedures are performed with
the eye of a doctor, it is possible that the cancerous areas may be missed and / or incompletely detected. Because of the fact that
the cancerous area cannot be completely detected may cause the problem of cancer recurrence after a certain period of surgical
intervention. In order to overcome this problem, a computerized decision support system (CDS) has been implemented with the
help of specialist physicians and image processing techniques. The performed CDS system works as an assistant to doctors of
gastroenterology, helping to identify the cancerous area in the endoscopic images of the scaffold, to take biopsies from these areas
and to make a better diagnosis. We believe that gastric cancer will be helpful in determining the area and biopsy samples taken
from the patient will be useful in determining the area. It is therefore considered a useful model.

Keywords Stomach cancer - Region growing - Statistical region merging - Statistical region merging with region growing -
Segmentation - Image processing - Computerized decision support(CDS) system

Introduction

Cancer is the most important problem for human life [1]. In
addition to the high mortality rate, early detection and diagno-
sis are become crucial to understand cancer, but depending on
the type of cancer, diagnostic procedures can be quite costly
[2]. According to statistics from the Ministry of Health,
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stomach cancer is the second most common type of cancer
in our country [3]. Despite a major decline in incidence and
mortality over several decades, stomach cancer is still the
fourth most common cancer and the second most common
cause of cancer death in the World [4]. Stomach cancer is
characterized by inhabiting any part of the stomach and gen-
erally expanding organs as lymph glands, liver and lungs.
Cancer occurs as a result of the development of malign tumors
in stomach mucosa for various reasons. Cancer, which is
among the most common types of cancer in our country, leads
800,000 people to die in the world annually [5]. Early diag-
nosis is of great importance in cancer for the treatment to be
successful. For this reason, it is important for specialist doctors
to monitor the people who have trouble with their stomach
with the help of endoscopy at an early phase. While
performing endoscopy, your doctor can observe your diges-
tive tract, your stomach and the first parts of your small intes-
tine with the help of a camera with a light. If there are parts
that appear to be abnormal, a biopsy is taken for an exact
diagnosis. It’s possible to catch the disease at an early phase
by using endoscopy properly.
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Recently, Computer-aided diagnosis (CAD) systems have
been very common and generally, image processing methods
and some different techniques are used in these systems [6, 7].
CAD systems have started to become common in recent years
in order to diagnose and phase several types of cancer such as
lung, brain and breast cancer in parallel with the developments
of medical imaging and computer technologies [8]. In our
study, computer-aided diagnosis system is recommended for
detection and diagnosis of stomach cancer using endoscopy
images.

Image processing technique involves studying the im-
ages transferred from cameras scanners and similar de-
vices to the computer with the help of special programs.
Such image processing is employed in a number of fields
such as industry, security, geology, medicine and agricul-
ture. It is used in agriculture to analyze colors in fruit, to
classify them, to monitor their development, to measure
the size of leaves and to detect weeds [9—13]. In today’s
medicine, there are many systems for recognizing cancer-
ous cells [14]. Some of these systems are quite expensive
systems and their usage is complicated [15]. Indeed, in
engineering, there are many image processing methods
such as pattern recognition, classification etc. [16]. CDS
methods are important for these conditions [17].

1- Increasing the sensitivity for detection of cancer,

2- Reducing the variation in image interpretation and reduc-
ing the estimated time,

3- Identification of potential cancer area

Fig. 1 The architecture of the
designed CAD system
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In this study, a CDS system, which could detect the area of
the stomach that could be cancerous, is recommended by uti-
lizing the endoscopy images of the patients who visited gas-
troenterology unit of the Selcuk University Medical Faculty.
The system consists of two basic sections, which are segmen-
tation and comparison with Ground Truth. At the segmenta-
tion stage, cancerous areas were identified, based on RG,
SRM and SRMWRG segmentation process; the accuracy
rates are compared with those of the area which a specialist
doctor designated as a cancerous area. Besides, a complete
CDS system was recommended by designing interface
software.

Material and method

Of the patients who visited the gastroenterology Department
of the Selcuk University Medical Faculty Hospital for 1 year
starting from June 2016, those who received stomach cancer
diagnosis and from whom biopsy results were taken were
included in our study. Images of the patients were taken with
Olympus Q260 endoscopy device. These images were studied
by a doctor, and the processing work was started. Ground
Truth pictures of the area designated by the specialist doctor
as cancerous were taken. The segmentation was initiated on
the pictures. The general architectural structure of the CDS
system designated is seen in Fig. 1. In Fig. 2. the user interface
software of the recommended CDS system is seen.
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Fig. 2 The interface software of
the designed CAD system

Segmentation

The most important stage of image processing and of our
study is the segmentation stage. The process of segmen-
tation must be successful for the cancerous area to be
diagnosed successfully on an endoscopy image. Three
different techniques, RG, SRM and SRMWRG, are used
to conduct segmentation in the designed interface, and a
comparison of their success was made.

Region growing (RG)

The geometric properties of the regions depend on the area.
They are generally considered to be related to two-
dimensional areas. The regions may be disconnected, not sim-
ply connected, should have smooth boundaries, etc., depend-
ing on the region’s breeding technique and job objectives [18].
Ultimately, dividing the entire image into half-halves is often
the partitioning target. That is, regions are two-dimensional
overlaps and no pixel belongs to more than one region. But
there is not a single definition that can be allowed to overlap
the entire image. The whole image may or may not split. Our
discussion of the breeders of the region will begin with the
simplest species and become more complex. Most prominent
zone producers only aggregate properties of local pixel groups
to determine zones [19].

The algorithm of region growing is one of the segmentation
techniques favored in image processing applications. Region
growing technique is a section- based technique. First, an
initial seed is determined. Statistical calculations are conduct-
ed between this initial seed and the adjacent points. During the
calculation, search parameters as mean intensity value, color
and variance are identified. Based on these values, similar

Stomach Cancer Detection Triple Comparison

SEMWRG
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regions are clustered and segmentation is conducted. In gen-
eral, the initial seed is chosen by the user, and segmentation
process is initiated on this point. The process is conducted are
should be corrected as follows: first, we have to choose a seed
pixel as a starting point for each of the required segmentation
processes. In the second stage, we combine the same or sim-
ilar features of the pixel and the areas that have similar features
around the seat pixel area on the seed area. Every new pixel is
studied until there are no more pixels satisfying requirements
[20].

We have to take into account three practical basic problems
in applying this method [21].

I.  Was a seed pixel that could properly represent the required
area chosen or identified?
II. Does the formula contain the adjacent pixels for growth to
occur?
II. The rules and or requirements that would complete the
process of growing set?

Different areas of an image are joined to a single area
with several similarity criteria. Region growing technique
is simple, and it can correctly separate the image pixels
that have similar features in order to form large areas or
objects [22]. RG segmentation scheme can be defined in
the region with several features [23]:

U Ri=R, (1)

where R; is the i™ region in an image R, and the image is
divided into n regions

RiNRj = ¢, (2)

@ Springer



99 Page 4 of 11

J Med Syst (2019) 43: 99

Fig. 3 Seed Point

i.e., two regions i and j are disjoint.
P(R;UR;) = FALSE (3)

Which signifies that any logical predicate P defined
over two adjacent regions are false; i.e., two regions are
different. Similarly, it is required that the region Ri should
be a connected region. It is noted in the literature that the
region growing approach has two major drawbacks: it
requires the selection of appropriate seed points, and a
minor intensity variation gives over-segmentation. It
may also be noted that, here we have proposed a novel
boundary preserving region growing technique so as to
remove the aforementioned disadvantages [22].

The process following the stage starts to check the degree
of similarity between four neighboring pixel points coming

Fig. 4 Region- Growing
Segmentation Steps in CAD
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from the point selected as shown in Fig. 3. with the point
chosen. We put the tag of the point of choice on a neighboring
pixel if it meets the pixel connection criterion. We put the tag
of the point of choice on a neighboring pixel if it meets the
pixel connection criterion. Giving a higher threshold to check
the connection because of the no visibility and love noise in
medical images causes a larger area probably covering the
whole image to be chosen. In order to prevent this, the process
should be terminated if the calculated variance value is below
the predetermined threshold value. The implemented state of
the Region Growing segmentation process with the help of
CAD program is shown in Fig. 4.

Statistical region merging (SRM)

Statistical region merging (SRM) is a novel, colored image
segmentation technique for region growing and merging.
This method models segmentation as a deduction problem in
which statistical areas are observed as a sample of an un-
known image which would be formed anew. Among the ad-
vantages of this method are its simplicity, its efficiency in
calculation and quantification or its excellent performance
without using color space transformations [24].
The two key steps of the algorithm are as follows [25].

1) Identify a sort function. The adjacent regions are sorted
out depending on to the size of the function.

2) Identify a merging predicate. The merging predicate de-
termines whether the adjacent regions are merged or not.
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Fig.5 Statistical Region Merging

Segmentation Steps in CAD
It is clear that a sort function and a merging predicate Where, P, P, stand for pixel values of a pair of adjacent
are the bases of the algorithm and they are interactive  pixels of the channel a . The following merging predicate is
with each other. obtained from the Nielsen and Nock model:
Nielsen and Nock take into consideration a sort function f°
defined as follows: P(R,R) = True. ifVae{R,G,B}, ‘ Ra-R a( <\/P(R) + b7 (R)
, , False. Othewise
f(pap) = MaXae(R,G,B} |Pa_Pa| (4) (5)
Target
Image
Input Image
' - 720 x 576 Pxel
Region Growing Accuraq |
Segmentation Calculation e Accuracy (%)
720 5 576 Pixel 720 x 576 Pixel
Region Growing

Result

Fig. 6 Block schedules of the RG algorithm
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Fig. 7 Original Image, RG Segmented, Gound Truth Images
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Where, bR) =g 2Q‘R‘ (In Ra denotes the observed

mean value for channel a in region R, and R, stands for the
set of regions with R pixels. For recognition, more sorting
functions and combining predictions can be used to increase
the speed and quality of the segmentation. Finally, the SRM
algorithm can capture basic structural components of images
using simple but effective statistical analysis and has the abil-
ity to cope with significant noise, block through clustering and
multi-scale segmentation. The implemented state of the
Statistical Region Merging segmentation process with the
help of CAD program is shown in Fig. 5.

Statistical region merging with region growing (SRMWRG)

First, region merging is conducted on the picture with
SRM in the area ticked with this hybrid segmentation

Sepuested Asea GromdTr

Mk
el
L

method. Then, region growing is conducted on the iden-
tified area with RG. In this way, if there is any missing
area with SRM, it can be possible to enlarge areas with
RG. The steps 2.1.1 and 2.1.2 should be followed one
after another on the point.

Experimental studies

The application of RG, SRM and SRMWRG methods

The algorithm is implemented in MATLAB and is run
on Intel(R) Core(TM) i7-3630QM_CPU @ 2.40GHz
PC with 8 GB RAM and Windows10 operating system.
The Matlab program was only used for interface and
coding. The interface design and the written codes are

Table 1 TP, TN, FP, FN, Accuracy, Sensitivity, Specificity, Precision, ROC and F-Score Values
Application of Image Number TN TP FP FN Accuracy Sensitivity ~ Specificity Precision ROC Curve F-
Score
Image-1 263,584 117,076 20,391 13,669 91,79 89,55 92,82 85,17 91,18 87,30
Image-2 316,495 54293 32,248 11,684 8941 82,29 90,75 62,74 86,52 71,20
Image-3 367,567 38,845 60 8248 98,00 82,49 99,98 99,85 91,23 90,34
Image-4 387,248 26,203 159 1110 99,69 95,94 99,96 99,40 97,95 97,64
Image-5 360,125 47,749 58 6788 98,35 87,55 99,98 99,88 93,77 93,31
Image-6 330,045 78,011 6 6658 98,39 92,14 100,00 99,99 96,07 95,90
Image-7 346,227 55,380 4407 8706 96,84 86,42 98,74 92,63 92,58 89,41
Image-8 393,210 14,095 0 7415 9821 65,53 100,00 100,00 82,76 79,17
Image-9 275,157 116,666 14,052 8845 94,48 92,95 95,14 89,25 94,05 91,06
Image-10 371,572 35,296 740 7112 98,11 83,23 99,80 97,95 91,52 89,99
Average (%) 96,33 85,81 97,72 92,68 91,76 88,53
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Input Image

L/

SRM
Segmentation
Algorithm

720 x 576 Pixel

Fig. 8 Block schedules of the SRM algorithm

all done by ourselves. Specialist doctors identified can-
cerous areas on the pictures obtained from the endo-
scopic images belonging to different patients in the gas-
troenterology Department of the Medical Faculty in
Selcuk University. Ground Truth pictures of each area
were formed. Endoscopy images of nine patients were
studied in a semi-automatic way with RG, SRM and
SRMWRG segmentation methods using the interface of
the CDS system.

Sepmmted Ares oot

Fig. 9 Original Image, SRM Segmented, Ground Truth Images

Target
Image

720 x 576 Puxel

Accuracy
Calculation

ey ACCUracy (%)

720 x 556 Pixeal
Result of

SRM Segmentation
Algorithm

Computer decision support for RG

Computer decision support systems are computer applica-
tions designed to aid clinicians in making diagnostic and
therapeutic decisions in patient care [26]. Figure 6 shows
the block diagram of the decision support system of the
RG method.

Figure 7 shows the results of the segmentation obtained as
a result of the application of the RG algorithm.

@ Springer
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Table 2 TP, TN, FP, FN, Accuracy, Sensitivity, Specificity, Precision, ROC and F-Score Values
Application of ™ TP FP FN Accuracy Sensitivity Specificity Precision ROC Curve  F-
Image Number Score
Image-1 282,107 83,736 1868 47,009 88,21 64,05 99,34 97,82 81,69 77,41
Image-2 337,038 41,117 11,705 24,860 91,18 62,32 96,64 77,84 79,48 69,22
Image-3 367,626 31,679 1 15,414 96,28 67,27 100,00 100,00 83,63 80,43
Image-4 387,316 20,495 91 6818 98,33 75,04 99,98 99,56 87,51 85,58
Image-5 360,183 29,359 0 25,178 93,93 53,83 100,00 100,00 76,92 69,99
Image-6 330,051 47,400 0 37,269 91,01 55,98 100,00 100,00 77,99 71,78
Image-7 350,634 47,420 0 16,666 95,98 73,99 100,00 100,00 87,00 85,05
Image-8 365,951 14,432 27,259 7078 91,72 67,09 93,07 34,62 80,08 45,67
Image-9 282,815 64,225 6394 61,286 83,68 51,17 97,79 90,95 74,48 65,49
Image-10 372,308 34,620 4 7788 98,12 81,63 100 99,99 90,82 89,89
Average (%) 92,85 65,24 98,68 90,08 81,96 74,05

Table 1 shows the accuracy, sensitivity, specificity, ROC
curve performance results and the average values of these
results.

Computer decision support for SRM

Figure 8 shows the block diagram of the decision support
system of the SRM method.

Figure 9 shows the results of the segmentation obtained as
a result of the application of the SRM algorithm.

Input Image

SRMWRG
Segmentation
Algorithm

720 x 576 Pixel

Fig. 10 Block schedules of the SRMWRG algorithm
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Table 2 shows the accuracy, sensitivity, specificity, ROC
curve performance results and the average values of these
SRM segmented results.

Computer decision support for SRMWRG

Figure 10 shows the block diagram of the decision support
system of the SRMWRG method.

Figure 11 shows the results of the segmentation obtained as
a result of the application of the SRMWRG algorithm.

Target
Image
720 x 576 Pxel
Accuracy bp  Accuracy (36)

Calculation

720 x 576 Pxel
Result of SRMWRG
Segmentation
Algorithm
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Segnented Seprerned Azed

Fig. 11 Original Image, SRMWRG Segmented, Ground Truth Images

Table 3 shows the accuracy, sensitivity, specificity, ROC
curve performance results and the average values of these
SRMWRG segmented results.

Result and discussion

RG, SRM and SRMWRG were implemented to the endosco-
py images of 10 different patients. In general the performance
of such systems is evaluated using the data on the matrix.
These data are shown on Table 4 [26]. There are several terms
that are commonly used for the description of sensitivity, spec-
ificity and accuracy.

Seprented Asca

Sepzenicd

The Ground Truth images are prepared with the help of a
specialist doctor. In order to calculate these measure-
ments, pixel by pixel matching of the output is made with
the Ground Truth image. Sensitivity, specificity, recall,
precision and accuracy are defined in terms of TP, TN,
FN and FP. Classification performance without focusing
on a class is the most general way of comparing algo-
rithms. It does not favor any particular application. The
introduction of a new learning problem inevitably concen-
trates on its domain but omits a detailed analysis.
Therefore, the most used empirical measure, accuracy,
does not distinguish between the numbers of correct la-
bels of different classes [27]:

In conclusion, the Ground Truth images of the deter- Accuracy = TP+ TN (6)
mined area are considered in evaluating the performance. TP+IN+FP+FN
Table 3 TP, TN, FP, FN, Accuracy, Sensitivity, Specificity, Precision, ROC and F-Score Values
Application of TN TP FP FN Accuracy  Sensitivity  Specificity =~ Precision =~ ROC Curve  F-
Image Number Score
Image-1 282,520 78,510 1455 52,235 87,05 60,05 99,49 98,18 79,77 74,52
Image-2 309,482 50,347 39,261 15,630 86,76 76,31 88,74 56,19 82,53 64,72
Image-3 347,055 43,183 20,572 3910 94,10 91,70 94,40 67,73 93,05 7791
Image-4 387,316 20,495 91 6818 98,33 75,04 99,98 99,56 87,51 85,58
Image-5 360,062 43,484 121 11,053 97,31 79,73 99,97 99,72 89,85 88,61
Image-6 330,051 66,670 0 17,999 95,66 78,74 100,00 100,00 89,37 88,11
Image-7 350,632 45,121 2 18,965 95,43 70,41 100,00 100,00 85,20 82,63
Image-8 376,539 13,857 16,671 7653 94,13 64,42 95,76 45,39 80,09 53,26
Image-9 268,677 120,669 20,532 4842 93,88 96,14 92,90 85,46 94,52 90,49
Image-10 372,308 33,470 6 8936 97,84 78,93 100,00 99,98 89,46 88,22
Average (%) 94,05 77,15 97,12 85,22 87,13 79,40

@ Springer



99 Page 10 of 11

J Med Syst (2019) 43: 99

Table 4 Terms used to define
Accuracy, Sensitivity, Specificity,
Precision, ROC and F-Score

Outcome of the
diagnostic test

Condition (e.g. Disease)
As Determined by the Standard of Truth

Values
Positive Negative Row Total
Positive TP FP TP +FP
(Total number of subjects
with positive test)
Negative FN N TN +FN
(Total number of subjects
with negative test)
Column Total TP +FN FP+TN

(Total number of subjects
with given condition)

(Total number of subjects
without given condition)

Controversially, two measures that respectively estimate a
classifier’s performance on different classes are sensitivity and
specificity (often employed in medical and biomedical appli-
cations, and in studies which cover image and visual data):

TP
tivity = ————— = Recall
Sensitivity TP 1 FN ecal (7)
. IN
Specificity = IN £ FP (8)

Focus on one class prevails in text classification, natural
language processing, information extraction and bioinformat-
ics, where the number of examples belonging to one class is
frequently essentially lower than the whole number of exam-
ples. The experimental setting is as follows: within a set of
classes there is a class of special interest (usually positive).
Other classes are either left as is — multi-class classification —
or combined into one — binary classification. The measures of
selection calculated on the positive class are:

Precision = " 9)
TP + FP

F-score is a composite measure which favors algorithms
with higher sensitivity and challenges those with higher spec-
ificity:

Precision*Sensitivity

F—Score = 2% 10
Precision + Sensitivity (10)

Table 5 Average results according to algorithms

Algorithms Accuracy Sensitivity Specificity Precision ROC F-
Curve Score

RG 96,33 85,81 97,72 92,68 91,76 88,53

SRM 92,85 65,24 98,68 90,08 81,96 74,05

SRMWRG 94,05 77,15 97,12 85,22 87,13 79,40

@ Springer

The higher is the value of F-score, the better is the perfor-
mance [28].

Accuracy, Sensitivity, Specificity, Precision, F-Score
values are calculated as in Eqs. 6-10. Accuracy, Sensitivity,
Specificity, Precision, ROC and F-Score values of 10 endos-
copy images are given in Table 5 according to the algorithms
used in our study.

Conclusion

In this study, endoscopy images obtained from patients
who came to gastroenterology discipline were obtained
from patients who were biopsied and diagnosed as path-
ologically proven cancer. Region growing (RG),
Statistical Region Merging (SRM), Statistical Region
Merging with Region Growing (SRMWRG) methods
were applied to determine the cancerous arca. The areca
obtained as a result of the applied methods should not
be expressed as a definite cancerous region. However, this
would prevent patients from being subjected to more en-
doscopy and biopsy by taking biopsy specimens from
established areas instead of performing more than one
biopsy procedure by specialist doctors. Thus, this study
would have prevented the deterioration of patients’ mo-
rale, the complications that may result in excessive biop-
sy, and the loss of faith that may arise against doctors.
As a result, it is seen that RG method produces more
successful results, SRM method does not perform as well
as RG, but SRMWRG method produces better results than
SRM but it does not produce as good results as RG.
Considering the hand-held values, we believe that gastric
cancer will be helpful in determining the area and biopsy
samples taken from the patient will be useful in determin-
ing the area. It is therefore considered a useful model.
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