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IMPROVING THE SENSITIVITY AND RELIABILITY OF GRAYSCALE LOW-
CONTRAST IMAGES SEGMENTATION BASED ON THE ITERATIVE
APPLICATION OF TYPE-2 FUZZY TRANSFORMATIONS

Annotation. When processing images, one of the most difficult tasks is their segmentation,
which is due to the lack of a priori information about the presence, objects of interest shape
and location, the presence of low-contrast areas in which the sought-after objects of interest
may be partially or completely located, noise, image blur and other factors. Currently, one of
the common approaches to solving this problem is various algorithms based on the applying
of type-1 and type-2 fuzzy sets usage. This paper proposes to improve the sensitivity and reli-
ability of the iterative algorithm for segmentation of grayscale images by changing the mem-
bership functions calculating method, as well as reducing the number of control parameters.
Experimental results are presented using the example of segmentation of real grayscale medi-
cal images.

Keywords: low-contrast images, fuzzy methods, visual analysis, membership function, seg-
mentation, fuzzy sets of type-1, fuzzy sets of type-2.

Introduction. Currently, the fuzzy sets usage allows us to significantly increase the ef-
ficiency of algorithms in solving various problems related to image processing [1, 2]. In par-
ticular, when performing the image segmentation task, which is traditionally considered the
most complex and ambiguous operation, fuzzy logic allows one to take into account both the
uncertainty factors associated with the system of their formation (measurement error, noise,
resolution), and with the inaccuracy of information about the objects of interest, where the
boundaries of the objects are blurred or noisy (for example, in medicine).

Statement of the problem. The purpose of this article is to demonstrate the possibility
of improving the sensitivity and reliability of low-contrast grayscale images segmentation in a
method with iterative application of fuzzy transformations by changing the way for calculat-
ing type-1 and type-2 membership functions, as well as reducing the number of control pa-
rameters.

Analysis. For images, the transition to a fuzzy space (fuzzification) is carried out on the
basis of the original brightness values transformation into membership functions of fuzzy sets
corresponding to the analyzed properties, for example, the gray level.

One of the possible ways to perform such a transformation is to use the fuzzy clustering
algorithm FCM (Fuzzy C-Means) proposed by Bezdek in 1981 [4]. For each pixel, it allows
us to obtain a set of membership functions, the number of which corresponds to the number of
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clusters with different properties. For grayscale images, membership functions in numerical
form (values from 0 to 1) represent the degree of uncertainty in the original brightness values
of each pixel. The new multidimensional fuzzy feature space can be used to solve various im-
age analysis problems [5]. In particular, segmentation is a visualization of the clustering re-
sults.

The application of type-2 fuzzy sets introduced by Zadeh [6] and algorithms using them
(e.g. T2FCM presented by Rhee and Hwang [5]) extends the capabilities of type-1 fuzzy sets.
Type-2 fuzzy sets reflect the concept of “fuzzy degree of membership” and provide the ability
to describe fuzziness in a fuzzy set. Type-2 membership functions (MFT2) are generated
based on type-1 fuzzy membership functions (MFT1) and are capable of modeling uncertainty
in the solution, due to which the initial data are grouped more correctly and accurately [7, 8].

The disadvantage of FCM algorithms and most of its modifications based on the type-2
fuzzy sets usage is the need for an a priori the number of clusters assignment and the ambigui-
ty of the defuzzification stage.

The number of clusters choice has a significant impact on the segmentation result, since
it determines the level of detail of the result and, if the value is excessive, can lead to the for-
mation of artifacts. Determining the optimal number of clusters value is a challenging task
associated with the study of a priori data for each specific analyzed subject area and the prob-
lem being solved (for example, the number of components in materials science, tissues in
medicine, objects in flaw detection).

Existing modifications of the FCM algorithm with automatic determination of the opti-
mal number of clusters (for example, described in [9]) are characterized by lower operating
speed and higher computational complexity. In addition, such methods often remain depend-
ent on the correctness of the initial number of clusters, which reduces the degree of automa-
tion of the process.

When solving segmentation problems, this complexity can be minimized by moving
from pixel-by-pixel analysis to analysis of image histogram characteristics. Histogram and
local contrast methods are used as an alternative approach to reduce the load when moving
into fuzzy space [10]. Unlike clustering, the calculation of the membership function here is
based on a direct assessment of pixel brightness without using an iterative search for cen-
troids. Although such methods are applicable to segmentation problems, the lack of adaptive
modification of the membership function limits the ability to control the detail of the final re-
sult.

In the works [11, 12], an iterative algorithm for segmentation of grayscale low-contrast
images was proposed based on type-1 and type-2fuzzy sets usage, which doesn’t require an a
priori assignment of the number of fuzzy clusters and the calculation of the centroid matrix.

The main part. In this paper, a modification of the iterative segmentation
algorithm [11, 12] is proposed, operating MFT1 and MFT2 without using the centroid matrix.
The criteria for stopping the process are the specified training error (reflecting the change in
MFT2 in adjacent iterations) and the number of cycles limitation. Changing the method for
calculating MFT1 and MFT2 allowed us to reduce the number of control parameters, which
simplified the algorithm adaptation to the brightness characteristics of the analyzed images.
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In the presented algorithm, MFT1 is initially calculated based on the input data, and
MFT?2 is calculated as the difference between the “upper” U}, and “lower” u; MFT1 (Fig. 1),

which allows for a complete description of the MFT1 blur (FOU - the footprint of uncertain-
ty). The values of up and u; MFT1 are calculated based on the average of two different

power transformations.

1 Pll..l‘l‘ll-l.l‘v‘l.

FOU
Figure 1 — Fuzzy sets of type-2: the boundaries of uncertainty

The algorithm of the modified method proposed in this paper contains the following
steps:

1. Scaling the input grayscale image to the range [0,1].

2. Calculation of the matrix u® MFT1 (the dimension Xmax X Ymax coincides with the
input image) initial value based on the scaled image | obtained in the previous step:

Uy = ('x,y)l_sgn(lx’y -08}{py ol ey ! (1)
Pry = Loy iy +c1), )
Cc,=05+125-C, —(1-C,) T, ©)
]
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where | is average on image | .

3. Calculation of the current matrix MFT2 (at), the dimension of which also coincides
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with |, based on the difference between the u}] and u|t matrices of the current iteration as
follows:

25-(uf) 8)

Ct

+sgn| (u | 05| ut 1+(Ut)xyy
i), = (), T (64,5, .
(uﬁ , )le _ ((ut )X,y )cf +o.25+[(~l7)1+0.5—cf J/(2+cf ) )
(u 3 )X’y _ ((ut )X,y )c:f +o.5+(-LTt)1J{(-17t)1+0.5+cf J/(z—cf ) i

. (12)

(u—t)l _ (ut)lmax(ut ,1fut] ’ (13)

c, - (Cu )1+Cl'J /[1.5+u7j’ (15)
(u}])x,y :((u}ﬂ)x,y +(uh2)x,y)/2’ (16)
(u})x,y = ((ui[l)x,y +(ui[2 )x,y)/z’ (7

where u' is the average on current matrix MFT1 ut(at the 1st iteration, the matrix u® is

used, and on subsequent ones matrix ut_l(obtained at the end of the previous iteration) is
used).
4. Starting from the 2nd iteration of training:

4.1. The value Al is calculated by the formula:

¢ Xmax Ymax| 4 t—1
A= EE ) —akd], (19)
x=1 y=1

where a' and a'™ are MFT2 matrices current and previous iterations, respectively.

4.2. If the next condition is met;
Al > AL (19)

where AU s the value, obtained by the formula (18) at the previous iteration (initially ini-
tialized with a very large number, unattainable in practice), then instead of the current values

of the matrices a', u|t and u}] the values a' ™%, u,t_l and uﬁ_l, respectively, obtained at the
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end of the previous iteration, are written and the learning process stops (go to step 7). This
step is necessary to prevent the overfitting effect.
4.3. If the next condition is true:

A<e, (20)
where ¢ is the specified training accuracy, the training process stops (go to step 7).
5. If the next condition is met:
t <tax (21)

where t,. IS maximal number of iterations, then the matrix u*! is calculated (by the for-

mulas (1) — (7), in this case u and u' are used instead of | and 1, accordingly), which is

required for calculating the matrix a' at the next iteration.
6. When condition (21) is met, the transition to the next training iteration occurs
(step 3).

7. Matrix a', uf and uf, values are scaled to the range [0.1].

8. The matrix 1" is calculated by the formulas:

. ta;yd . taﬁ(,yd

t a ! + t a i +
Ix\fy:(uh)x,yxy 1_(ul)x,yxy ' (22)
dy=2+uf, (23)

where u|t is the average on the matrix u|t, after that 1" is scaled to the range [0,1] and inter-
preted as a grayscale image.

9. The output image | OUt s formed based on the weighted sum as follows:
t _h
Ig,uy:IX,y'CoutJrI)?,y'(l_Cout)’ (24)
cout:(|W+ufj/2, (25)

where 1M and 12 are grayscale images resulting from the application of equalization and
adaptive equalization of histogram methods (with a uniform transformation function) to the

image 1", accordingly, and 1" is the average on the image 1".

The experimental results were obtained on the example of processing various medical
images. Examples of such images are shown in Fig. 2a, 3a (Fig. 2b and 3b show their histo-
grams). Figure 2a shows a tomogram of the brain taken for the purpose of diagnosing the
presence of a hematoma and determining the area of its influence if detected (the area of in-
terest is indicated by a rectangle). Fig. 3a shows an X-ray of the cervical spine.
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Figure 2 — X-ray tomography of the brain: a — original grayscale image (204x201);
b — its histogram

When conducting experiments using the proposed algorithm, the following control pa-
rameters were used: &£ =0.035, the maximal number of iterations was 12 (the number of
training iterations practically did not exceed 4-5). Original image visualization after scaling it

to the range [0,1] was also carried out on the basis of formula (24), where Coy =1 .

Segmentation of the brain tomogram shown in Fig. 2a shows that the modified method
(Fig. 4c) allows for a more precise identification of the hematoma's area of influence, as well
as the overall brain structure, compared to the original method (Fig. 4b). Original image visu-
alization based on formula (24) does not allow for a clear identification of the hematoma's
area of influence (Fig. 4a).

Segmentation of the X-ray image shown in Fig. 3a using the proposed modified method
also allows for a clearer identification of the cervical spine structure and parts of the skull
(Fig. 5b) compared to the original method usage (Fig. 5a).
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Figure 3 — X-ray image: a — original grayscale image (744x570); b — its histogram
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Figure 4 — Segmentation of the brain tomogram (Fig. 2a): a — original image visualization ac-
cording to formula (24); b — by original and ¢ — by modified methods

Figure 5 — Segmentation of X-ray image (Fig. 3a):
a— by original and b — by modified methods

Conclusions:

— the usage of the proposed modification allows for improved segmentation detail,
providing a clearer identification of the areas of interest boundaries and the image internal
structure in comparison with the basic algorithm;

— the modified method is characterized by a smaller number of control parameters,
which simplifies its configuration and adaptation to specific tasks;

— a promising direction for further research is the development of new approaches to
the formation of MFT1 and MFT2 to improve the algorithm’s resistance to noise.
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IHiosuwennsn yymnueocmi ma 00cmogipHocmi cezmenmauii
HANiGMOHOBUX CIAOKOKOHMPACMHUX 300PaAHCEHb
Ha 0CHOGI iImepamugHozo 3aCMOCy8aHHA HEUIMKUX NEPEemEopPeHb Muny-2

Ceemenmayis € 0OHUM i3 HAUCKAAOHIWUX 3A80AHDb, WO BUPIULYIOMbBC NPU 00POOYI 30-
Opadicetsb, Wo 0OYMOBIEeHO IOCYMHICMIO anpiopHoi iHgopmayii npo naseHicms, hopmy i po-
3mawysantsa 06'ekmis inmepecy, HaAABHICMIO HUZLKOKOHMPACMHUX oOaacmel, 8 AKUx 00'ck-
mu iHmepecy, Wo WYKaiombcs, MONCYMb 4ACMKOB0 ab0 NOBHICMIO PO3MAULO8Y8AMUCS, MA
iHWUMU ghakmopamu.

B 0anuii yac oonum 3 nowupenux nioxooie 0o supiuienHs yici 3a0ayi € 3acmMocy8anHs
PI3HUX AN2OpUMMI8, 3ACHOBAHUX HA BUKOPUCMAHHI HEUIMKUX MHOMCUH muny-1, makux sx
FCM ma 1020 moougpixayii, i muny-2, nanpuxnao, T2FCM. Odnak yi memoou € areopumma-
MU Knacmepuzayii, momy umazaroms po3paxyHKy Mampuyi yenmpoiois, a makoic 3a80anHs
KIIbKOCMI HeUimKUux Kiacmepie, xoua 0l UKOHAHHS 0e3n0cepeOHbo ceemMeHmayii ye Heobo-
8'13K080. IcHytlomb maxkoxc memoou nio8UUeH s SKOCMI 300padiCetb, 3ACHOBAHI HA 3ACMOC)-
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BAHHI HEUIMKUX MHOJICUH, SKI MONCHA BUKOpUCMOBYS8amuU ONsl Kiacmepusayii 300padicens,
O0OHAK 60HU He € IMEePamusHUMU, W0 He 00360JIAE Kepysamu 0emanizayicio npu ceecmenmayii.

Y pobomi 3anpononosano niosuweHns yymausocmi ma 00CMOGIPHOCMI IMepamusHo20
aneopummy ceemeHmayii Hani8MoOHOBUX 300PANCEHb 3a PAXYHOK 3MIHU CNOCOOY DO3PAXYHKY
@YHKYTI HAEHCHOCMI, A MAKONC ZHUNCEHHS YUCIA KePYIOUUX Napamempis.

3anpononosanuii aneopumm ceemenmayii He GUKOPUCMOBYE MAMPUYIO YeHmpoiois, He
8UMA2AE 3A60AHHSA YUCNIA HEUIMKUX KIAcmepis, € imepamueHum, MAae Mae Yucio Kepyouux
napamempis (Mo4YHiCMb HAGUAHHA MA MAKCUMATbHe uucio imepayit). Onucanuti y pobomi
Memoo0 3aCHOBAHULL HA 3ACMOCYBAHHI HeyimKux yukyiiu npunanrexcnocmi muny-1 (H®III) i
muny-2 (H®II 2), npu yvomy pospaxyrnox mampuyi HOII2 3acnosanuii Ha pisHuyi mampuyb
"eepxnvoi" ma "nuscnvoi” H®III, ki, y ceoro uepey, po3paxo8yromscs K cepedHe 3a 080Ma
munamu cmeneHnesux nepemeopensb. Copmysants pe3yibmynd020 300paxiceHHs 30ilCHIOEMb-
€5l HA OCHOBI 38AJICEHOI CyMU pe3yibmamie 3acCmocy8aHts Memooie ekeanizayii ma aoanmue-
HOI exeanizayii eicmoepamu 00 HaANIBMOHOBO20 300PANCEHHS, CPOPMOBAHO20 HA OCHOBI 3HA-
yenv mampuyv HPII2 i "sepxnvoi” i "nusxcnvoi” HPIII nicna 3aeepuienHs HABUAHHA.

Hasgeoeni 6 pobomi excnepumenmanvHi pe3yibmamu Ha Npuxiadi ceemenmayii peaib-
HUX HANIBMOHOBUX MEOUUHUX 300padiCceHb NOKA3yomyb NIOBUWEHHs 0emanizayii npu uUKopu-
CMAHHI 3anpoONoOHO8aH0T MOOUIKayii, a maxkoxc OLibw yimke eudiienHs medc obaacmert iH-
mepecy i BHYMPIWHbOI CMPYKMYPU 300paAdCeHHs NPU MeHUill KLIbKOCMI Kepyuux napame-
mpie y nopieusanui 3 6azoeum anreopummom. Ilepcnekmuenum HanpaMom nooarbuwux 0ocCui-
0oicelb € po3poobka Houx nioxodie 0o opmyeanns HOIIl ma HDII2 onsa niosuwenus cmiti-
KOCMI aneopummy 00 UlyMmis.

Knrouosi cnosa: cnabkokonmpacmmui 300paxcenus, HeuimKi Memoou, 8i3yaibHUll aHalis,
@DYHKYIA npuHanedcHoCcmi, cecMeHmayis, Hewimki MHONCUHU muny-1, HewimKi MHOMCUHU
muny-2.
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