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Abstract: It s ditficult to differentiate  diffuse liver
diseasez. namely cirrhotic and famy livers from normal one
by wisualinspection from the ultrasound images. The need
for computerized Ussue characterization i thus usnfied o
assist  guantitaively  the sonographer foro accurate
differentiation. In this paper a novel approach of tssue
characterization using  pallern recopnition techniques 15
developed.  Texiural capaives methods based on: co-
ooeurrence matrix and  gradv-level gradient varialions were
applisd t0 extracl guanlilative parameters for over 150
cases of three hver pathologies namelv cirrhotic, fatty and
normal  livers.  In addition to these textural feature
descriptors an attenuation and speckle paramerers were
compulcd rom the H-mode images A fuzzy similarity
mMEdsUres  as oan approximate  reasoning technigue of
matching berween an unknown case defined by a feature
veoiol and a lamely of prototypes  were used for the
classifeation steps. Finally we tested different textural
methods and we  could obtain a good resulls ranging from
BO-B5%a of sensitivities and specificity. for different liver
patholooies

Keywaords: Ultrasound Testure Classification of Liver, Co-
pucurrence mainx. parameters, gradient type variabions
parameters,  amtenuation. and speckle parameters,
computerized medical diagnosis.

L INTRODUCTION

Pulsed-zcho ultrasound 15 a non-invasive technigue capable
of visualizing an internal structure of sofl tissues and as
such it 15 considered to be an extremely important and
valuable tool of medical diagnosis. The phvsician has rely
on detection of mhomageneiies berween echo amplitudes
received from  the neighboring areas of the image, Such an
approach s, of course, subjective and consequentls
problematic in itselll Moreover, in certain cases the disease
attacks the entire tissue area, say, enore liver (diffuse liver
diseases). Then, the ultrasonic mmage will be homogencous
isee figure 1) and as a result the diagnosis is sometimes
difficult [ 1-8].

Visual criveria for diagnosing diffused lver diseases are in
general confusing and highlv  subjective because they
depend on the sonographer to observe certamn lextural
tharacteristics from the image and compare them to those
developed tor different patholovies to determine the type of
the disease. Morcover, some of the diseases are highly
similar in therr diagnosne criteria, which tend 1o confuse
the sonographers even more,

- Faculty of Eng.. Caire University. Egvpt

The guantitative analysic of using ultrasound signals as an
aid to the diagnosis of diffuse discasce has been described
by many researchers[2-12].

Figure 1 - Normal. Fatty, and Cirrhotic B-miode ultrasound
images acquired at 4 MHz

1060



The field ot fuzey iogie and fozes similanty [13-24]
micasure and its application i object marching 15 an active
ared of  research, Many techniques of pattern matching
are developed using fuzey  lowic and the approximate
reasenine,  Mixed svstems of neural nerwork and fuzzy
logic have alsa developed [20] for a wide range of
applications, Very ofien. one is faced with a nontrivial case
ol partial matching, matching that returns with a degree of
matching vme in a unit interval. In matching procedures, a
concepl of similanty is a significant one. As said
previously, the matching procedure implies a degree of
matehing reached for two fuzzy guantities.

Unfortunately, nothing 15 known abour cermamiy (or
uncertainty ) of the result oblained, We start with recalling
some measures that are used for matching purposes. The
role of this section is to underline some of their
characteristic features and hivhlight existing shortcomings.

ITealll

2. MEASUHRES OF EQUALITY BETWEEN TWO

FUZZY QUANTITIES
In this section. we  will summarize some  existing
approaches that are useful for determination of a degree of
equaliny  {deoree of matchmp) for two fuzey quantitics. Lel
us focus our attention on the companson of Two TUzzy sets
& and B defined in the same universe of discourse X, say
AR X =D 1]

2.1 Distance Mceasure
A hoard class of measures of equality is based on distance
measure, Usually, a general form of Minkowsk:

r-inelric 15 given as

kr

3 b
_[A{x]'— H{x]lraix‘ re | 1y

i

dgla. B) =

L1

2.2 Set-Theoretic considerations

The second class of measures of equality originates from

somne basic set-theoretic considerations,

» Based upon the dissmailarity measure defined @ the ratio:
Card (A=B ) Card (A W B) £2]

s Possibility measure of two fuzzy sets, The measure

describes the  hirhest depree o which these two fueey

quantities A and I overlap.

W[A, §J= iLlp [min (A (x). B (x))] (3}

2.3 Logical framework.

The third wav of dealing with the comparison of tweo fuzzy
guantities is performed in & fogical framework, Cne amony
well-known approaches in this group refers o linguistic
evaluation of mwo fuzzy quantines that leads directly 1o
notions of fuzzy logio | a so-called fuzzy truth valuesh. For
a certain element of the universe of discourse X 2 degree of
equatity [2324] of o and booa b & [0.1] isegualbtc
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e {{r:—}h} w b= i) +{E --}E} m{.rr —}5]], i)

Here » stands for minimum, — forms an mmplication

where @ =1-a. Then applving conjunctions known in
fuzzy sets. the aforementioned formuia is translated into the
form  plausible for compuiational purposes, Smply
speaking the implication —» is medeled by various pseudo
complements induced by corresponding t-norms e.g. for
the t-norm [22] specialized as minimum reads as

fifl +hea) e > B
geb=1{ 1 ifa = b (5]
L + a - h) Ha =<h

For another 1-norm specialized as product we get
a—=b = min( 1.bia)
and finally
i =b= (g —»b)b —»a) +{{1=a) - (1-bi}{1-b}
flbta + {1 - @yl <« Blifa :

- b
bl if a = b

»{1-a))]

Vath + (1 - Byl - @] ifa

The last method of matching of rwo fuzev quanuties is
closely related to an essence  of computations with fuzzy
sels. Therefore. in further discussion wewill concentraty
ourselves on studies on the equality index as given hy
method 3. Additionally this third approach enables us to
perform a point wise matching process. In the case of the
third rvpe of these measures it is sometimes of interest o
have a mechanism within which one combines the grades
of equality 1o get a single number specilying an overall
characterization of equality of the fuzzy ser. A1 least four
basic methods are ofren utilized and we will add to this list
the fuzzy integrals method and we will discuss it later.

A maximal valuc among the degree of equality is taken

& maximal value of the deprees of equaliry is considered.

Averagmg way of aggrezation; degrees of eguality are
averaped.

Fuzzy integrals method [22-24]

Each of the previously listed methods of agerepation leads
w A point characterization, A significant amount  of
information 15 lost. Therefore, it is of interest 1o dgeregate
them accordingly to particular application needs

2.4 Fuzzy measure

When we consider a certain set X the function g that
makes subset E and F correspond 1o the values in the
interval [0 1] are called fuzey measures [24] if they have
the following properties:

E1) gy =0, eXi=1 (7
(211 E< F.oE) = alf) ()



{3011 L1 l_-:-
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2.5 Fuzzy integrals

The fuzzsy integral [22-24] of function b X = [0 Jen E=
® by fuzzy messure g is defined as  follgws:

=

hix oo = s [;"%{Ihl{x})n ik 'J]. 16

3, PROPOSED METHOD FOR PATTERN
MATCHING

Many  technigue for pattern matchimg and classificanon
using fuzey lngic has been proposed | and now used in
many  application  such  as  speech  and  character
recognition's.  medical diagnosis [15-17] and decision
making  In the follewing paragraph we will introduce a
propased method for medical  diagnosis based on the
similarity measure of the unknown case and the sets of a
profotvpes from a known cases.

i—.r, -:
i |
xs

Giveavector X =

X

L™
where nin the dimension of the vector X and the number of
the classificanion parameters (fealures) i the s¥stem see
figure 2.
%; denotes the measured ith feature of the evenr, and X
represented as a point in nodimension vector space Gy
consisting of m ill defined pattern classes C.Co..Ch.C

let Ry, Ra. Rj..Ry be the reference vectors where R,
associated with C'_i containing h; number of prototypes such
that

W'l B i=E2ly (11}

The pattern X can then be assigned to be menber of that
class if it shows maximum similanty 1o this class

Pathnlonogy &1

Pathology 82

Fatholugy 875

Figure 20 Illustration: of the ldes of Disznesis in ihe
Parameter Space,

3.1 Fuzzification process,

Assume each feawre az a linguisoe vaniable has a number
of fuzry wvalueseo High. Med. Low, and all the hnguste
varighles has the numiber of fuzev wvalues. The
tuzzification s done by getung the value of the
membership functions, so ebtainmg a fuzzification matris

Al

= Fuzz(X) = | X i

K. x:.’-
where 2 is the number of the linpuistie values for the

linguistic variables and
Ry = !H1_|(x. ] (13)

whers Fij ts the membership function of the linguistic value
1 Tor the fuzzy value |
We do the fuzzificanon for the X and all i)

Bl

3.2 Similarity Measures

So the problem now is how o measure the similarm
hetween & and R and ebtain the vver all sinsilarity of this
X and the other classes C; represented by the Rj
prototypes. As described in the previous seetions that many

technigue can be used as | distance measure , tram fuzzy set

theories . lnguistic evaluations. We will use the linguistic
evaluation of two [usey quantilics,

ash=

] _I H 2 5 ..'

-‘{ r{ﬂ — .Eﬂ alh— u} Kl {u —5h _:I A [.-‘_r Sk .::_:I1 (14}

il the implication chosen min se the above equation can be
read as:

bl i a
g=t={ 1. ifa =

Cralh e ol B & Mt glkh
Flz=i it

2

A

S0 Eiven M R by using the linguistic

evaluation oblain the similarey matos S
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o . \..-.
N= | B | (16}
|
|_x X:.J
: i
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f
-1 & % ‘
' |
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i ) (18
L5 P _|
w here
'1';'-.1'_; S ‘1-,'_: 7 r;: i1%)
Two methods can be used to zet the similarity mdex
L
between the ™ and R s
The first 15 to obtain the similarity vector H as follow
| "T - _
=|— _f{:;:; }—T [ _U) [.‘3 J (20)

'ﬂhfre 1 15 & auurr:'-:wd tI.JI‘JI:t‘DI" fur re- uamnv the linpuistic
evaluation, its' effect to increase the wait of (he similar
vatlues and decrease the wait for dissimilar vaives. The
function could be anv function to increse the degree of the
similarity if it exceeds a certain threshold. or 1 decrease
the wait of this nunber if the linguistic evaluation is less o
certain threshold.

Manv function can be used 1w do this mission, such as:

a) Sigmeid funn:rj{m

f{l“l’}__ i = LE.]:'
14 E_J'
where @ is the selected threshold
by Hard threshold
& |I | ifazp
Folde )=+ : : (221
TR ARt

¢l S hunction

[ {l us o

'2[1 w—ce)f|y rz',l] @< usf
Niy) =2 44 1l (23}

= 3[4 =iy -a’,l] fzu=;
I Uy

obtain the similariy indey ":]'I
: l
H'J ==y i (24)

n
which represents how similar is this unknown case to the
CHlLEory ). prototype /.

The second method by using the tuzzy intepgral, Where &
represents the similanity function and £ Tepresents a simple
fuzzy measure which i the cardinality of the sor £

£ cXand Xisthe power set of the X

he= hix)eg = Fal b (hx)), (25)

aFﬂ

It we apply the fuzzy measure described before to the 5
TIHWVE

[ R
‘? =| | where £ = S a'm]. (26)
L H:J
| Az,
e == 2N
Lhg.

‘n'
where .l'rg Is the fuzey intearal of the row i in the *S

matrix.
&3 Aggregation methods

Many criteria can be selected to get the similarit between
% and the catepory | such as follows

a8 = max § (28)
|
biS =min 8 (29)
s ey
m;=11& (30)
|

.

note that 5 can be S.lars

4. ULTRASOUND IMAGE ACQUISITION AND
FEATURES EXTRACTION

In- the data acquisnion svsiem. the video vitput of &
kretz-320  mechanical seclor ulfrasound scanner was
connected 10 4 Matrox PIP-S12 frame prabber card on an
IBM-386 PC The imuge is captured in S17X51] 2 pixels. the
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resolution s 8 bits pisel. A s'w was developed o define the
Fedloand 1o extract all the aforementioned parameiers
(image analysis [7-9],

To ohtain a reproducible results. the following paramoters
were standardized for all tissue characterization parameters
[?-';I‘. '

I-Ultrasound machine settings

E.o. GO FOCUS, FREQUENCY. and ZOOM controls,
wiich can chanee the overall image guin and produce
zooming effects and hence deviates the image staliatics in
an unpredictable way.  Maorcover, the
ulirasound  waves used must be the
attenuation ts frequency dependent.

same since the

2-RO1 shape and size

To obtain a reliable statistics, the number of pixels in the
RO must be at least 1000 pixels (32 pixel per centimeter ).
The shape of the box 15 taken o be square.

4.1 Quantitative features

I'he quantitative paramerers measured for ulrrasound tissus
characterization are broad catepories extracted from
pulse-echo data (gray scale B-mode image] There afe more
than 40 different parameters that extracted from the pulse
ceho data and are correlated with the pathulogy of the case
The calegories of parameters are (5681011

1-Histogram parameters.

These are mean gray level (MGL). gray level variance
{(F4RY, signal to nowse ratio { MGLFAR), skewness. curtosis
and five of the relevant gray level histogram percenriies.

2-Ci=-0CcHFrence ML puriameters.
These are contrast (CONL entropy (ENT). eorrelation
(CEIRY. and anpular second moment [45M).

J- First order gradient Paranteters:

These are Absvt,, Absv-. . Ahsv— ., Absv-, Moo
Dominant Edge Direction (MDE). Relative frequency of the
mast duminan edge (REMIE

4-Grevievel runlength marrly paramelers,
These are Fun percentage{ RPER],
emphasis{LREA).  Grevlevel  distribution
Runicneth distribution(ALIIST).

Long-Run
(e ST

s-Texture feanire descriptors (TFD) parameiers

These Coarsenessicoarse).  Homogeneing{ G0N, Mean
Convergence( MO, Varnancei Var).  EntropyiLarrap ;.
Runlenoth Densitv( RLD); Regularityt Regulary nGreyievel
Resolution Similaryi GLRS),

frequency uf

6-Speckle Parameters:
These are mean scatterer separation ()
specular - scaterer

diftiise aml
intensaty (/00 specular sandard

deviation { ¢, 1 and a few other related parameters

T-Acoustical parameters:
These - are atenuation coefficient (4FTEA @) and  the
backscatiering coefficient (B5C u),

The wsum of all these parameters may exceed 40, Thess
parameters were evaluated using correlation measurements
in order 10 have areduced sel of uncorrelated parameiers
and 10 mark those parameters which corretale he stronges!
o the difterent pashologics [7.81

The clustering of the three pathologies was previvusly dong
using statistical methods (k& nearest neighbor! . maximum
Likelihood method [6] neural networks [7.9] and Fuzz
logic by using fuzey rules (121

4.2 Features membership functions type and selecrion

Assume the domain intervals for each parwmeter , where
the domain interval of a variable means that most probably
this wvariable will lie in this anterval (the value of the
variable is allowed to be outside this domain), Divide each
domain interval inte three regions denoted by High Low,
and Med Assign each region a certamn fuzzy membership
function. We have chosen three forms of membership
functions the first iz the triangle form. the second is the
trapezoidal form and the third is hell form, The equation of
the bell form used i the analysis 15 as follow.

E"lr'\-.\,r__':'ﬁ'l (11

g =
M (5)
where u, denotes the membership function of a fuze
yalue

Choosing the fuzzy singleton (5 ) for each fuzz ser
depenids  on two criteria; 1- statistical basis  2- expent
knewledge  The bell form ol the membership function
given abave islaken for the tuzzy value Med. For the Low

value if

g 5 then ag equals ol

g5 ther me egualsto !, Forthe High value if

Since we have only three pathoiowies and the size of the
input space 15 & a1 15, we have chosen only three regions
for cach variable beeause the high resolution is net required
ity this case to take adecision. The epsilon-completeness
[121 1& chosen lo beequal to the crossover point ds shown
im figure 3 of membership functions tor the Entrop:
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5 RESULTS

The image s quantitatively analyzed for the significant
parameters of the reduced ser The significant parameters
were classified into two tvpes, Tvpe one included the mean
arey level {MUGL ), the grev level varance (VAR) extracted
trom  the histogram parameters. the contrast {CONI
Entropy (ENT). Angular second moment (ASM), and
Correlation {CORRY extracted from the co-ogurrence
mateis parameters.  MDE. RFMDE extracted from the Birst
arder sradient parameters, RFER. LREM. GDIST, RLDIST
extracted from the runlength matrix. speckie separation.
amenuarinn coctlicient. and backscatt. coefficient

Mie definition of seasinan and specifici s given as
Tl

A B
i B
AT BD
: A L
Semsitivity = ——— x 100
1+

0
Specificiny = o w 1010

Where A © is the rrue posiove, B is the false posilive . C
is the false negative, [ : s the rrue nepative, A C° is the
toul positive, E=D . is the total negative.

It we found a high similarity. between the test cases that are
fully investigated and the family of prototypes, we append
this case o the protoetypes family, [t the case 5 fully
mvestgated, it s appendad directly o our prototypes,

Tvpe: 0w

included

| fomogencity i HOMY,

thess
Mean

Codrsenessi coarse ),
Convergence M)

Fathology Training Set | Test Set
Specificity 1% e L
Sensitivity for | 100%, 95%,
Cirrhﬁ-_s.is L
sensitivity for | 1040%% 02.5%
Fatty |

Tuble 1. Erer Using Similariy Measures (tamy, cirrhosis
and normal liver pathologics) for the 13 features of type 1.

Yarianee! Far), Eniropyd Entropy ), Runlength
Diensitvi RLDY, Regularmyy Heguilarin, Grevievel Resolution
Similaritvl GERSextracted  from the  fexture
descriptars parimoters. A needle BIOFPSY s obrained for

featurs

Ay

patient

ihe decision was made based on the history

yinformation, laboratory, pathelogical (BIOPSY), clinical
imensurements. and clinician experience,

[he atorementioned proweol was done for 4 sel cunsisting
¢ ereawer than 130 cases for the three pathologies: Marmal.
Famy,and Cirrhotic livers:

The total number of cases used is greater thun |30 cases
P acgiize images tor patients it its fully ehimcally and
sathalogicull for. the three classes. Lach
class contains approsimately 30 cases

Lising the fusey similariey rechmgues described above W
pet the degree of similanty berween an unknown . case
represented by the vector X inthe 8% or 15" dimensional
space  and thie sers of protorvpes.  We have tested the
AALE) Using cases apeater than 50 unknown cases und the
technmgue stowed o very good results that march up with
the chimical and pathological investipations [BfOEST see

tabies 1.2

i

invesligated!

Pathology Training Set Test Set
- _ﬁpeuiﬁ:il} 100%% 89%
Sensitivity for 100% Y2 |
Cirrhosis
Sensitivity for 10 211
Fatty

Table 2: Error Lising Similaesty Measures { far, cirrhosis
and noemal liver pathoiogies) tor the 8 teatures of ype 2.

f. HSCUSSION AND CONCLLUSION

The results of this work reveéaled the potential value for
conaidering the wea of fuzzy similanty measures o 1ssue
characterization ol diffused tiver diseases, We can apply
this for most of the soft tespes that their diffuse Jiseases
are confusing like lvver, spieen and xidney diseases

lhis potential wvalue could be used for an on-line diagnosis
of the patholocy. and minimize rhe rsk of mking needle
Biopsy from  the patient. The results ot this work was
compared 1o the fechrigues used For tissue
classification as stavisocal stmilariy {7, neural network §7-
01, fuzzy logic rules methods |12] and the results showed
an’ excellent results for correct diagnosis, The technique 15
very superior o that of siatistical  classification and

uthes
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sraximum likehhood classification done in (6] il has a
much better accuracy since hers we dJdonor assume any a
priori paramerric distribution for the paramerecs as o
reference (6]

For the sonographers in Eovpr ir would be difficult to rell
them  this will replace vour role in the diagnostic procedure
because they vsed 1o diagnose the cases with their eves
ivisual inspection) so We would like fo say this i3 going to
suppart your decision in the diagnostic procedure as 1
quantify vour visual inspection but not totally replace »our
gecision abour the case.

This approach can be wvery useful in malignant diseases
where the degree of overlap between the textural
parameters is small not as in the ditfuse liver diseases. This
approgch alse can be wseful o use it for kidney, spleen,
sreast. and thvroid

Thizs  method  of classification also can be used to
subclassify different degrees of liver cirrhosis and quantify
the turbidity of liver ascites so as o use it in clinical
operations and procedures
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