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Introduction

Medical images are often treated as images having
low contrast properties. While thisis very important fact, it
follows that images can be characterized by self-similarity
feature also. Self-similarity refers to images that have sev-
eral parts looking as the whole image. In mathematics
self-similar geometrical objects are known as fractals. This
feature can characterize all images which exist in nature,
medical ones also [1]. Thus, it can be applied fractal-based
approach for image analysis of such type. This is reason
which makes fractal-based approach such attractive for
analysis of medical images. This approach can be re-
guested also because of the low contrast characteristic of
the grayscale medical images. Object of interest are gray-
scale medical images of human liver. Then, this document
is based on references [1-3] and it attempts to investigate
exploitation possibility of self-similarity feature in medical
images for discrimination of different tissues in image.
This can be referred to segmentation task also. The main
task behind this article is investigation of relevance of mul-
tifractal mathematical model for discrimination of different
tissues of human liver.

Fractal is ideal case existing in mathematics. Unfor-
tunately, the objects existing in nature have similar inner
structure at different scales only in particular range of
zooming scales. While fractalsin real images are rare case,
amultifractal term isintroduced and applied in case of rea
images. This article refers to the image as texture consist-
ing and texture analysis itself is fractal-based. A correla-
tion between texture coarseness and fractal dimension of a
textureis base for this approach.

There are a few articles that show an interest on ap-
plications of fractal theory on medical images. [1] explains
mathematical concept of multifractal theory for segmenta-
tion task and exploits it on magnetic resonance imaging
images of human brain. [3] proposes the method of self-
similarity analysis applied to 2D breast cancer imaging.

Several works have dealt with human liver region
segmentation problem. There are studies based on histo-
gram analysis [4], active contours [5]. These works en-
counter the same problem, while these works exploits gray

level intensity alone. Thisis because of nearby organs hav-
ing similar gray level intensity by which liver are sur-
rounded. This makes difficult to segment liver region di-
rectly. Indeed the problem is solved by applying few pre-
processing methods consecutively.

Multifractal analysis basics

Suppose the image under investigation has size Mx N,
then an image function can be described this way

I ={mn, f(mn)|meLMlneLN], ()

where f(m, n) — specifies the intensity of pixel (m,n),
f(mn)= {ZE No | z< 255}. Sisan integer space of pixel
coordinates

s={mn)|meLM]nefLN]}; @)

The coast length example is frequently used to ex-
plain the fractal concept [6]. Suppose the measurement of
coast length is taken repeatedly by applying a ruler of dif-
ferent length each time. It is apparent that decrease of ruler
length produces increased length of coast under measure-
ment. A relation between the measured coast length and
the ruler length can be understand as estimate of the coast-
line's geometrical properties such as roughness for exam-
ple. This functiona relationship can be expressed ap-

proximately in mathematical form by By(A)o N(g)e® or

after few minor changes by
c
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where N(¢) —is the minimum number of plane elements of

size ¢ required to cover the set Ac R", ¢ — the ruler
length, ¢ — mathematical constant. After few mathematical
procedures, Eq. 3 can be replaced with an equivalent for-
mula

In(N(e) “

d=-Ilim
-0




This formulais main tool used in this research and is
used in different mathematical form following the frame-
work described below. This formula is referred to Haus-
dorf dimension also. More information for this in detail
can be found in [7]. Usually, the framework for image
analysis in multifractal theory terms is proposed as fol-
lows. Firstly, the coarse Holder exponent is calculated
which describes the point-wise singularity of the object.
Secondly, the multifractal spectrum is calculated, which is
derived as distribution of Holder exponent, denoted as a.
While these quantities are estimated in discrete space be-
cause of discrete nature of digital image, the limit in Eq. 4
is not possible to estimate directly. Indeed the coarse
Holder exponent is estimated as follows

In(u; (m,n))
In(i)
where y(m, n) is the quantity of measure in
ixi:{(g,g)|g:2p+l p:O,lZ,...} sized neighbour-

hoods centered around each pixel of image. The limit of
ai(m, n) is estimated then from bi-logarithmic graph
In(ui(m, n)) vs. In(i) in sense of linear regression. After
this procedure applied to whole image, the so caled
a-image is obtained.

To caculate the distribution of a-image, pooled «
values are discretized as follows

o = Oin +(r —l)Aar, r=123...,R

aj(mn)= i=123...,

()

(6)

where, R is the number of subranges in [amin, ¢max]. Divi-
sion 4o, were used uniform as follows

(O‘max_amin)/R- (7)

Then the a-image is thresholded continuously in each
subrange r leaving only those “active pixels’ which lie in
subrange [a;, oy +4a]. Then the dimension f(o,) of thresh-
olded a-image is calculated for each subrange according

to formula
In(N i (o ))

il )=

where Nj(e,) is number of boxes containing at least one
a-value belonging to the subrange [ar, oyt4a] when
a-image is covered with regular grid of boxes having
sizej. Ni(a) is calculated repeatedly for different size of
boxesj ={1, 2, 3,...} and fj(a) is then estimated from bi-
logarithmic graph In(N;(a)) vs. -In(j) in sense of linear
regression. After examination of whole a-image, the
f(a)-image is obtained by replacing the “active pixels’ in
each subrange [a,, o,+4a] with related val ue of f(a).

As depicted in [1], Eqg. 5 merely describes relation of
two quantities: the number of non-empty boxes and their
dimension. It follows that each subset of pixelsis defined
only by two statesi.e. black and white. Such an approach
for calculation of fractal dimension can't lead to a reason-
able result. Reasonable effect can be achieved using more
general quantities, which are known as measures in ma-
thematics. This article exploits four mostly used measures:

(9)
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Maximum: g; (m,n)= (m?exg alk,1),

36

Minimum: g; (m,n) = (krTgnQ alk,1), (10)

sum: g (m,n) = Zg(k,l),

(ke

150: 4 (m,n) = Card{(k,1)| g(mn)= g(k,1), (k,1) e @} (12)

where y;(m, n) — indicates capacity measures. g(k, 1) —indi-
cates gray-scale intensity values of pixels (k, 1) belonging
to the set of neighborhoods Q having sizei. g(k, |) does not
take zero value in case of measure. All of them give differ-
ent information on the singularities encountered.

(11)

M ethodology

The aim is to prove if different kind of tissues can be dis-
tinguished using multifractal spectra. The spectrum is ob-
tained for three different types of tissue: normal liver tissue
(sample 1), tumor tissue (sample 2), and adjacent to the
liver tissue (sample 3) (Fig. 1 and 3, first row). Samples of
Size 64x64 representing these tissues are taken from CT
images. Fig. 2 presents the results for samples taken from
the first original CT image and Fig. 4 depicts results taken
from the second origina CT image. We need to adjust
some of the parameters to apply implemented method on
real images. The sum-measure is used and the square shape
like for sliding window is used. We choose to replicate the
image across its outer borders to dea padding problem
with. Neighbourhood sizes for images of size 64x64 arei =
{1, 3, 7, 15, 31} while R value used to discretize o into
subranges is equal to 12. The number of subintervals R
should also be properly chosen because it has an impact to
the accuracy of the multifractal spectrum. Bigger number
of subintervals gives erratic spectrum and smaller number
of subintervals gives smoother spectrum. While spectra
should preserve its smooth shape, it should have high
enough resolution also. Sizes of boxes for box-dimension
arej ={2, 4, 8, 16, 32, 64} that is natural series with ele-
ments increasing by power of two.

Results

According to [1], the graph of f(«) is continuous func-
tion of a and has the parabolic shape which is typical for a
number of subjects existing in nature. Medical images re-
side in this group also. Usually, the peak of the graph is
near o = 2 for two-dimensional signals. The a-value holds
local information of the image. Each pixel of the image is
defined by its own coarse Holder exponent o. Subsets of
image space S having similar a-value, have the same scal-
ing behaviour and share similar qualities. These, in context
of segmentation, define meaningful objects which reside in
the image. The objectsin fractal-based image segmentation
task are boundaries of an object. The subsets consisting of
the pixels having a = 2 make homogeneous regions, the
measure is regular. The subsets consisting of the pixels
having a << 2 or a >> 2 indicates that pixel has irregular
measure. This means, that such pixel is included in subset
with high gradient or subset which can be interpreted as
discontinuous signal. Here can be found singularities such
as lines, step-edges, and corners.



However, only local interpretation of a-value is not
aways sufficient to get reasonable results. Indeed, it is
used interpretation of f(a)-value along with mentioned one
i.e. a-value. Value f(a) holds global information of the
image.

Using statements described above, let us compare the
spectra in Fig. 2. Comparison of these spectra gives fol-
lowing findings. The peaks of the spectra are at three dif-
ferent a-values. Sample 1 has the peak at o = 1.9993, sam-
ple 2 hasthe peak at o = 1.9922, and sample 3 has the peak
at a = 2.0123. This shows us that samples under investiga-
tion belong to three different types of tissue. The peak val-
ue of f(a) is approximately 0.7 that according to the state-
ments above gives no meaningful information about the
samples. Similar pattern can be seen behind Fig. 4 aso.
Samples from 1 to 3 have the peaks at o = 1.9928, o =
1.9873, a = 1.9685 values respectively. Recall, that sam-
ples depicted in his figure are taken from another slice be-
longing to the same pool of CT images. To have stronger

Fig. 1. Three types of the tissue under investigation for three
samples, first row: @) liver — sample 1, b) tumour — sample 2, c)
surrounding tissues i.e. abdomen — sample 3. a-images, second
row. f(a)-images, third row
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Fig. 2. Multifractal spectra of the tissues under investigation for
three samples taken from some dlice of pool of CT images
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evidence, statisticsis shown in Table 1. It is seen that these
data are consistent with the numbers taken from Fig. 2 and
Fig. 4.

Table 1. Statistics made on three different a-values of interest.

30 different samples are used to calculate the mean.
Statistical Sample 1 Sample 2 Sample 3
description | (liver) (tumour) (abdomen)
Mean 1.9994 1.9974 1.9918
Std. 0.0054153 | 0.0069620 | 0.019258

Result produced by multifractal segmentation me-
thod applied on medical liver image (Fig. 5(a) is pre-
sented in Fig. 5(b). Segmented image was produced by
estimating minimum measure (Eg. 9) of negative image,
then thresholding this image. Anisotropic diffusion was
taken as a preprocessing step to contract the light intensity
dispersion of the parenchyma which results in enhanced
contrast of the image.
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Fig. 3. Three types of the tissue under investigation for three
samples, first row: @) liver —sample 1, b) tumour — sample 2, c)
surrounding tissues i.e. abdomen — sample 3. a-images, second
row. f(a)-images, third row. Samples are taken from another
slice of pool of CT images

0.8 T T T T
‘ 1 : -+ Sample 1

—r—
06 N Sample 2| |

- Sample 3

0.2

Fig. 4. Multifractal spectra of the tissues under investigation
for three samples taken from another slice of pool of CT im-
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olution of spectra. Presentation of segmentation results is
also given (Fig. 5(b)).
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Images of human liver taken from computed tomography are considered. These images are analysed as self-similar sets. To accom-
plish this analysis, the multifractal mathematical model is applied. The main task behind this article is investigation of relevance
of multifractal mathematical model for discrimination of different tissues of human liver. Indeed, we need to show that a mul-
tifractal spectrum alows us to distinct different types of tissues. This alows us to suggest application of multifractal model for image
segmentation task. Using multifractal spectra was shown that three different types of tissues can be identified. Types of tissues under
investigation were: liver, tumour, and surrounding tissues i.e. abdomen. Ill. 5, bibl. 7 (in English; summaries in English, Russian and
Lithuanian).

K. Bapraukac, A. Yumuckac. IIpumMeHeHne aHaiau3a caMONOZOOHBIX MHOKECTB /IS CErMEHTAIM OTOOPAa’KeHMH TedeHH
yesioBeka // JiekTpoHuka u iekrporexHuka. — Kaynac: TexHosorus, 2009. — Ne 2(90). — C. 35-38.

AHamm3UpyIOTCs M300paKeHHWsT KOMIIBIOTEPHOH ToMorpaduu, OTOoOpakaroliue IIeUeHb YeNOBeKa. OJTH H300paKeHU
AQHANM3UPYIOTCS KaK CaMOIIOJOOHBIE MHOXECTBA, IPHUMEHSSI MaTeMaTHYeCKyl0 MOJeNb MylbTH(pakTanos. ccienoBanue
KOHIIGHTPHUPYETCS Ha NPOBEPKY T'OAHOCTH MaTeMaTHYECKOH Momenu (pakTaioB A OTACNICHUS APYT OT Apyra Pa3iNYHBIX TKaHei
HEeYCHH W COCEIHUX MJISI HUX TKaHed. J[Is Toro mokaszaHo, 4To (ypakTaibHas THCTOTpaMMa IO3BOJISIET OTACIHTH APYT OT Apyra 3Tu
TKaHH. DTO TaKKe IMO3BOJACT AyMaTh O BO3MOXKHOCTH HPHMEHHTb IaHHYIO MOJENb Ul CErMEHTallMd HCCIEeNYeMbIX TKaHEil.
[IpoaHann3oBaB TPH PA3IMYHbIC TKaHH, BBLICHWIOCH, YTO 3TO MOXET ObITh CHENAHO BOCIOJB3YSCh (PAKTANBHOW TMCTOrPAMMOH.
Hccnenyemple TKaHH €CTh: T€4€Hb, HaBUK M COCCIHSS ISl MedeHH TKaHb. M. 5, 6ubin. 7 (Ha aHriuiickoMm si3bike; pedeparsl Ha
AHTJIMICKOM, PYCCKOM M JINTOBCKOM $3.).

K. Bartnykas, A. Usinskas. | save panaSiy aibiy taikymas Zzmogaus kepeny atvaizdams segmentuocti // Elektronika ir elektro-
technika. — Kaunas: Technologija, 2009. — Nr. 2(90). — P. 35-38.

Zmogaus kepeny kompiuterinés tomogramos atvaizdai analizuojami kaip i save panasios aibés. Siai analizei atlikti taikomas multif-
raktaly matematinis modelis. Tyrimu siekiama issiaiskinti, ar, taikant fraktaly matematini modeli, imanoma atskirti skirtingus kepeny
audinius. Tam taikoma fraktaline histograma ir, jeigu ji padeda atskirti nagringjamu tipy audinius, tai leidzia manyti, kad, naudojant
taikoma metoda, taip pat galima Siu tipy audinius segmentuoti. Naudojant fraktaline histograma, galima atskirti triju nagrinétu tipy au-
dinius: kepenu navikus, kepenims gretimus audinius. 11. 5, bibl. 7 (anglu kalba; santraukos angly, rusy ir lietuviy k.).
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