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Abstraci

A fuzzy e-means upproach s deseribed lor lissue segmenialion of X-ray vompuoled
tamography (CT) and 1 weighted rmugnetic resenanes B R) images o the same eross-
seetion of (he human braie A fuzzy set approach is then utilized o ebtain a fused
classihcaiion displavine rhe salient feamares of image data of the individual modali-
L,

Kepwords: Segmentacion; Data fosion;, Mulomodality imaging; Furzy c-mcans

1. Introduction

In recent times. rapid technological advances have led to the creation of a
number of sensors thal ¢an imasy Jifferent phepomena in the object 4o be
maged, rom different points of view. Tach individoal sensor celies on a par-
ticular physical praperty of the ofjest to procluce o 2T image (on pixels) or a
312 image (on voxels). Thus, the strengthiweakness of a particular sensor de-
pends on its ability o pick up a vanation of signals il receives from the entire
virlume ol Lhe abject (o e imaged as well as the resolution. Henee, 1o medical
applications, for instance, integration of Inages from different modalities
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would offer the physician with better diagnostic capabilifies and an nmprove-
ment in surgical and therapy planning und eviluation. Tntelligent diagnostic
syatems such as machime vision plaforms are desipnied to combine and display
the salient featores of indididual modalities on A single platform, in an attempt
to accomplish this parmpose. Such sysiems alwpys melude gloorithms ke scu-
menlation. regsteation and data fusion.

Sevaral techniques have been attempted (o sepment medical mages. Thase
include Bavesian madimum Rkclibood [T] ANN (2, Dempster-Shider ovidential
reasoning in magnetic resonance (MR} and computed tomogeaphy (CT) im-
ages [3], a 3D extension of the Murr-Hildreth operatar in MR [4] immages and
wae ol dow-lovel leatores in ME 3] rmages among olhers. Hyll et gl 18] ulikied
the fuzzy c-means algorithm developed by Bexdek [7] tor MR images. The
oy ety clustering approach cun be deseribed as o ey, serial, unsue
pervised pixel classification technique hased on iterative approadmation of bocal
minima to global abjective tunctions. A variation of fuzzy c-means has alsa
bean wsed to estimale CSF and mapge magller volumes [4], This algorithm has
Lwa advanuases, namely 115 robustness 1o noise and 43 being an unsopervised
algorithm. We extend method of Hall et al. [8] t0 MR and CT imape see-
menlaioen and ose these sepmenwed images o obain o fused classilication as
multimodal images offer better sepmentation results than those Mrom g single
modality, Previous aliempts 1o segment CT and MR images have heen de-
seribed by the authors 9] 10 1. difficull Lo oassess (he quality ol sopmentation
gquantitatively and generally this done by visual inspection and confinnution
Irom a domain cxpert (oo 4 radiolosist ).

When images of the same cross-section of the human head abtaibed from
twao modalities are being combined, image registration cun he performed using
g small number of cquivident [eatures such as points or surtaces in (he images
[10-13]. These methods cmploy o small pumber of derived Teatures of the
nmmages and peint matching technigues vield more accurate results only for
ropions surounding the landmarks. On the other hand. @ 2 pumber of voxels
corresponding to an ROT in one imape can be rogistered wilh (he same ROCH ol
gnother mage resills are bound to be more accurate than those obtained with
# [ew points, as such i method is Hkely 1o be more robost to noise and less
prone ta iruncaticn effects caused by the paroul overlap of nmgzed volumes,
This lorms the basis ol ow regstvation seheme.

Fusiom of image dita from different sensors suceeeds resistration. Cienerally,
the inages te be combined modata Musion problems [14] are partly redundani as
the same RO are depicied in all the images, and also parly complementary as
cach modality highlights certain teatures which are distinctive from the other
sensors, As mentoned carlicr, no individus! modality is complete and, fur-
thermore, some of the information provided is likely Lo be imprecise and un-
certain. The integration of the saliznt feutures of images prodoced by diflerend
modalities serves the twolold purpese of meressing the glabal information
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while redocing the imprecision and uncertainty pertaining to a single sensor.
Present day data fusion metheds mostly vtilize high level information extracted
from preprocessing steps, with the help of rule-based systems. When direct
#obal decisions are nol possible, as o situations involving numerical infor-
mation and its imperlections, local decisions are combined Lo torm global
decisions. Such numerical methods are generally used lor pixel based fusion
used in image classilication [15]. To date, probabilistic fusion and Bavesian
inference arc the widcly nsed approaches Lo data fuston, Allernide approaches
includde the Dempster-Shaler evidenee theory |14), posshility theory and Tweey
sets theory, We use an adaptation of fuzzy seis theory in cur endeavors
oblain u tused classilication,

In this paper we propose an alporthim which uses the fiuesy c-means ap-
proach to segment same cross-sections o CT and ME images of the brain of o
paticnl, This is 4 pizet based approach W sepmentation. The hisloprams of Lhe
ohserved pixel indensities are studied with 4 view to ohuam thresholds for Gssoe
classification. [t is a semi-automated classification scheme where the operator
identilics yeed pixel lociationy for cach of the fissue elpsses o the Tueey o
means clustering algorithm assizns labels to the remaining pizels. Registration
of the imuges 13 perfommed wang o correlyion type schieme, Fusion of the
images for displaving the complementary and redundant features 15 then per-
formed.

The main advantages of this teehnique are its computational simplicity and
rabustiess 10 neise. Tn addition, this lechoigue 15 Jess prone e rynceiion of-
fects and is an unsepervised training method. Since this is a semiantomated
upproagh, it eun he sdapted 1o variety o multimedality imaging methads. [n
addition o ideal sttoations, (his method can be wsed when one of the sensors
cin depict some classes clearly while others cannot and global knowledge of the
rellability of the mdividusl sensors can also be wiliaed,

In the next section, a brief ouwtline of the fueey o-means clustering is given. In
Sectiom 3, the applicatten of this algorithm o the segmentation of MR and CT
images is detailed. Section 4 contains an example oF CU and MR imaps Masion
ol Figs. | and 2 followed by concluding remarks in Secuion &

2. The algorithm

Fallawing Hall er al. [6], we vse the fuzey eemeans algorithm v perlom o
perform segmentation of cross-sections of the human brain from the two
maodalitics OT and MR 'This image sepmenladion leehnique can be classified as
a pixel classihcation scheme. Tach pixel is classified according 1o i grey valug
tn €ach ol the imapes of the Lao modalitics. This awlgorithm has two advaotages
aver other methods, First, classitication is performed without prier training,
and second, the method is robust 1o missma wnd noisy data,
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The c-means (CM) algorithun takes a finite data set X — (g, %, .., x,) in &
as its inpul with cach x; & X being o feature vector, 1, = [k, £, ... 50 Where
x5, 15 the jth featore of subyject =, The Tunction s, a fuzzy subset of X, is detined
ds tollows

t; 0 X = |6 1] assipgns 1o cach ay in X its grade of membership in the fuzzy setl
L. In order to partition X by means of Meeey sets, o lyzey copartition is defined
ds @ ¢ = oo matrix U such that;

(1] Bach row {4 1% Lhe fth Tuzzy subset of X,

{2) Each column & exhibacs Lhe membership grades of datum f in every
lweey yubsel.

(3) The sum of membership grades of each datum in all of the fuzzy sebsets,
i unily,

{4 Thers is no emply lwery subset,

{51 Mo fuzzy subset is all of X

The luzzy c-means functional can be written [10] in the fusy c-prototypes
form (Tor 1 < o < a1}

JIII I:_'r-"l: 1:;.]() = ii[ua&_]mﬂ:#; “ :'

=1 &=1

where m € [1, inf] is a weighting cxponent on each fuzzy membership, £ £ M,
is u fuzzy e-partition of X, ¢ — (), tz,. .., m.) arc (peometnic) cluster prototypes,
t; < AT, Oy i some measure of similarity, (like error or proximily) belween i
and & Dy — |loe — wll. A ks positve defimite. |x)2 = 2T4dx. /4, is thos iterat-
tvely minmisel.

The steps involved in the algorithm are as tfollows.

(11 Fix the nomber of clusters ¢

{23 Start with some initial matnx U,

{3) Compute the new cluster cenlens 1 as a function of the inpul vectors x,
and (he membership grades o '

(4) Update U using 7.

(33 If the difference between the new U and previous U is less than a presel
ilerance limil, then STOP, else po back 1o slep 3,

For greater aceursey, we use twao statistical features, average and busvness,
instead of pixel valoes of T1, 12 and PD weighted images used in Ref, [#],
These are dedined as fallows,

20 Feature Lectars

Since, we have no a priori information about the cluster seed poinis, image
texture or grey value disiribution, we have selected fealure vectors such that
they represent the closest possible nature or homogeneity of any image sub-
region. Using stungdard masking technigques of image processing, for the sub-
imige.
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the tollowing feature vectors are caleulated lor my).
i - 4 . ¥ ~ 22
1. The averape grey values (aver} of my, aver [m) e 109 3 i P
2. The busyness value {bus} of #,. buz (my;} = mio (buz,. buz,) where,
2 2 f

Puzy =370 gl a4 — me and buz, =<3 [y —ong| +img, g,
The busyness value is influecneed by the (horizontal or vertical} orientation ol
prev value distribution.

3. Segmentation

Tissucs that are of interest in brain image sepmentation incdude the skall,
brain matter feonsisting of gray and white matter), ventricles (V), and cxtra-
ventricular cerebrospinal fluid (TSI, faity tissue wnd any abnormal regionts)
comprising of pathodogies, Drata used in this study commespond Lo CT and MR
imapes. The skull and other hard vssues. C5F and V can be detected 0 T
imapes, CSF and ¥ are alse easy 1o deteet m MR hmages. Segmentation of the
brain malier inte white (WM) and grey matier (M} iy generally difficui,
although the distinctions are betier in MR images than in €1 imapes.

Therelore, o fused image cross-section which depicts the hard tissues ob-
tained trem CT and sell lssues Mom MR would provide more complele in-
formution than any individual modality alome (c.g. CT or MR ¥ and CSI°
show up m both images and these redundancy features in both images are used
to register the images buelore Musing the highlights of the mdividual mmages.

Fig, 1 is an MR image {242 = 242 piscls) section of the brain which clearly
depicts the veninch: (V) and CSF. Hewever, the WM and GM caniot be so
clearly distinguished although these sre more distiner in the MR imgge than the
CT image (Fig, 2), which is a CT image (256 x 256 pixels) of the samc cross-
section. In the O wmuage, the skull is more clearly depcied and ¥ and CSF can
also b seen,

Fig. Tra)and {bYare, respectively, the T1 weighied MR (original imape 1 242
% 242 pixels, TR — #M ms, TE — 12 ms) and CT {256 = 236} image of the same
region of the brain of a vormal human subject. Fuzzy c-means is an unsuper-
vised seormentation schetne, and so it 1y applied directly 10 the imyge, The matrix
U defined in Scetion 2 is converted ti a hurd o-partition by assigning cach pixel
(o the tissue class with maximum membership vidue, in order to wse 1 lor
segmentlation, Two featores, averape and hosyness. arc considered for each
pixel. Thus, for cach of the images (Fig. 1{a) and (b)) the input 1o the FOM isa
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Fiz. | ih) represents oripinal MR image and Fig i) sepresents segging] OT imase (T images
reverss vidoapraphcd o remresent skoll clanriyy of sune region of hram of narmal sulyjecl.
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65 536 x 2 malrix. Lhe Buclidian inner product norm was wsed to compute the
similarity measure Fi. FCM wus ren for ssch image using 15 ilerations for 3 6
classes, Fig, 2{at and {0 represents another scd of MR and O tmagees.

Fraluation of the results of segmentation was done by visnal inspection and
comparison with raw images, and slso conlirmed by o radiclogist. Bused on
this evilwatiom. Toor clusters were (ound o be optimum for sepmentation of
MR and five clusters were best for CT. These clusters cormesponded 1o air,
CSF, bram (Wi und GiMY malter und By tssoe Tor MEB and air, C8T brain
mitler (WM and GM), Taily tissue and skull for CT. Due to the inherently
bedier resolution of MR as compared to O7, MR inuiges vielded berter seg-
mentation results. This is also consolidated by the praphs of grey levels versos
nuwmber of pixels {excluding background noised. shown in Fig. 3a) and (b for
MR and CT, respectively where the peaks are more prominent for MR, Szz-
mented mmages tor foor and five clusters of e sel of B 1 oare shown in
Fig. 3{a) and (b) for MR and T, respectively and {or the other clusters are
given In Fig. $4a) and (b). Finul segmented images of 1he second image set
fFig. 27 ure given i Fig doia) and (),

Tuble 1 lists the cluster centers cortespanding to the average and busyness
vectors for MR and OT, respectively, wund Table 2 gives an Fuclidian distanee
between the corresponding cluster centers of the two images. This Euoclidian
distance is

iy = E."'-:Ei\’E:Tu averst | fhury hury buzeo) . {2

whore aver denoles averaee and boe denoles busyness and the subseripls M
and C correspond ta MR and CT, respectively.

The Tast calumn ol Table 2 gives the MR clusier cenlor which best marches
the CT clusier piven in the first column. Based on grey level sidue (0 335)
cansiderations. the first cluster {lowest grev value) center corresponds to air.
The seeomd eluster conter ecorresponds 1o CSF whils the third elusier center
correspoitds to brain matter (W1 and GM; and fourth fatty tissoe in0 MR and
CT. From an inspection ol Figs. 1) and 2(a), and the comesponding graph
(e, 3aly we fiod that the fifth cluster center corresponds to the skull regmon
tor CT. This classilication alse follows from Hounsfield number considerations
i 1 and proton signal intenstly considerations in MR, An inspection of
Table 2 reveals that hased on the Tiuwchdian measoure of stmilierity, maiches
were good far all rissues of interest other than fatry Lissue.

4, Nata luwsion

Trala fusion invelves the combination of inlormation from several different
sources to obtain a more complete picture than that which would be wviilable
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{B)

Fig. 2. {b) and (a) represenls a sceond set of MR and CT images of the same subject.
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renm w single souree. Thos, dila Tusiom can involve o combinglion of signals
(ram different sensars lor the same field of view, or a combination of sgnals
from different media ar g combination of sigtals oblained ror a given sensor
obtained Mrom dillforent Deldy of view, Inooor appheanion, we consider signals
(rom two dilferent sensars M B and CT, imaging the same reaion ol the human
brain, This infermation obtained from the different sensars which can be either

Big. 4. tu) und [k represents MR and CT images seamenied wily difforent slusters Fia, 4ia) shaws
305 and & ehaslers Tor ME Al %, 4 and & chusters Tar CT.
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Fia. b jrantinued).

symbolic or numerc, 15 given by degrees of belief in an evem and accounts for
the imprecision, uncertainty and incompleteness of the information from each
sensor. NSumerigal fusiom operalors combine (hese deprees of beliel, Threc
classes of such operators have been defined in Rell [18]. In oor classificanon
problem, we use the third class. namely, the Context Dependent {CD) datu
Tusion operador, This operalor depemds an the two variables represenling the
degrees of the sources of information 1o be combined, as well as g global
kouwledpge or messyre on these sourees. This medsure can be confict behween
the sources, or a relubility between them or 4 mutual compromise.

In this section. wa deseribe our aidempts Lo desige GO duta Tusion aperadons
for elassification problems in multimodal medical magiog, and 77 aml MR
images of the briin, in particular, Considerations that we have taken inte
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Fig. 5 [abreprosents BIR inege seamenied inle fog- classes and [b) repeesenls CT image segmented
it five clissss, [on mmoee 2o ol Thr |
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accoun? in our desipn ol CTr aperators melude slobal rehiabiiite of the different
sengers Tor magine a partivular anatomical region of a human subject as well
as the behavior of these sensors towards cach of the tissue classes cormprising
the orgun, We use the morphologicsl imgoes of the brgin of 2 human subject
ronm C1 und MR sensors ol Fig. L, as an example. Global reliability of CT and
MR for morphological images ol the brain wre well acknowledged as s the
globul reliwbilny of Positron Emission Temography {(PETSingle Photon
Lmission Computed Tomography (SPECT) tor functional imaging of the
brain, In morphelogical images. bony fissucs and chissification gre not al all
well iraged by ME owing e the poor proton signuls oblained. Gn the other
haundd, CT is found ta be most reliable for ooy tissues. In CT images, the
Hounstield member lor Bone s K00, caloificd tssue is %0, groy matier lies
between 36 46, white matler betareen 22 32 water 15 {F and air is —[000 [17].
This indicates that grey matter and white malter lie close 1o gach other and are
difficult 10 distinguish in CT jmuges. Grey and while mutier signals are glso
clowe o cach other in 11 weighted ME mmuages. However, MR s the peelecred
madality for imaging soft tssoes. These remarks are summarized in Table 3.
Our objeclive 15 1o obliin o Aed classlication of (hese dssue dypes biosed on
the glabal reliabulity of CT and MR for these individual sources as well as the
dleprees ol belicl of These sourees Tor such (s e,

Let D denote the twe dimensional ineeer Jatiee consisting ol pixels which
contain the fused image. D contains five tissue classes of intereat, aic, W,
Ghi, ¥ and CSF and skyll, Smple hypotheses in D are considered, Mem-
beeship Tunctions i these classes are ample probabilines dedoecd rom the
frequencies abtained trom the histopram (which are normalized). The original
resolulion of the 1 mage (256 x 242) 1y redoed 10 (242 = 2420 by a tactor of
1.057 to the MR resolution.

Lmapes registercd using o pisel based correlation scheme are fused using an
e Tusion operator. 'This image Pesion operalor can be defined in the tonm
of a blending tuncticn & definad #s follows,

Fable 2
Snurce rehabekey foe imlividogl tssee 1vpes

Tissue Lype Sl

£ MR
Air Paar Better Lhun €T
Y oand CSE Cisnnl Giovad 1betlar Uian €T
Eran mattor Tl {ond [hetter than CT

skull Excellent” Four

* Musl prelerred modality.
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Pk il =k -0, (3

where & and £ are the segmented portions from modalitics 1 and 2 1o be fused
and & is the degree of Mision depending on the membershin function of these
modalities 1o the individual classes and the degree of conflict between che
sourees, This degree of conflics is obtained rom the Eochdian distances for the
twa matched clusses obtamed from Table 2. This distance is ideally zero for the
matched class and thus the sources are consonant and so the fusion operilor 1=
conjenctive, The sources are dissomant for the Gssue class “skull’, so the op-
eralor 14 disjunctive and favors the CT modality.

From Tuble 2 it is Foamd thal, Gor malched classes, the Cuclidian distance is
minimum though not actually zeco. 50 there i a partial conflict and a com-
protnise is made in the choice of & & is taken to be the sumn of the difference in
tnembership values and degree of confliet (us given by the Fuclidian distianoe:)
wrd comyiedered us the percentage of deviation from the case when both images
are equally blended. The sign of the difference of membership values are taken
From global reliability. The reason lor using this cxpressiom [or &8 o Lake s
weeounl the masmom deviation [rom uniform blending resulting out of the
conflict of the two sensors and misclassification ot one of the sensors assuming
tliat the other sensor is more relinble, S, lor the dh class,

hi— (m! v m? - conflictim!, w1y | 05, (43

where m; represents (he menbership of tmage diwla of the first sensor (CT) and
superseripl 2 15 for Lhe second sensor (MR). Values of k& Tor the different clisses
are given in Table 4 for Figs. Itby and 20y,

This dula Musion operilor 15 ysable for weak coupling when the contribution
from one modality is predominant and for strong coupling when both mo-
dalities contribute substantially, With these considerations, we obtain the fused
classification shown in Fig 7a) and (b for imuge sets Figs, 1 and 2. Results of
the Tused displays indicate that the mapor tissue classes of MR, namely, brain
matter. CSF and fatty tissue have been highlighted along with the magor classes

Tahlg 4

walues of &

Lissug Ty & (Kig. 11 kT 2k
Air L 040
Voaml O8I Ih. 38 0,30

Brain matrer [ [, 30

Fat rissng o [}

Skull 1.4 I.41
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Fig. 7. (a) and (b} represenes the fused (MR and OF) classification for images of Figs, | and 2.
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ol O which s the skull. Some inaccwracies in the overlar are due to the fact
thai although the original imapes are of the saime region of the homan sobject,
they arc not absolutely identical dug to the inherently different imaping pro-
cedures wvelved. e s also hoped that with an improvement of correlation
based registration technigue. which is still un open field of rescurch, blending
will be more wecurale.

We have considered bard membership to each class as we have designed the
menibership functions as simple teapezoidal torms with a egligibly small de-
prer of overlap (see i 3ta) and (h)h Dwesy memberships can abso be con-
sidered in cases where there is a substantial degree of overlap. For the design of
such membership functions, see Rell [18].

5. Comcluding remarks

We have presented the resulis of segmentation of CT and MR images of the
st regiom ol the bran of & pctient using the ey OB glgorithm whicl s an
unsupervised algorithm, robust w nodse and computationaliy very simple. Tt
wis found gt for normal tssues. MR (T shows best results when four
classes are used whereas O gives best resuls for dive clagses,

A data fusicn operator which obtains a fused classification from these lwao
iages 15 delined. This Masion operator combines the scemented portions of the
two mages after reglstration, depending upon thoir membership funation 10
the cliss and the degree of contlist abtadined trom the Euclidian measure of
dissimilaricy. Tlanl memberships in these chisses are considercd as the class
partitions are well defined, though fucey memberships could also be used Tor
(s parlitions.

The scheme desceibed i this paper Tor Tused classibicalion is computa-
doually simple and can be applied 1o ideul cases as well as when the source
provides information ahoul anby g fow of (he several sensor classes o b Tused.
It can also be used when a sensor dilTerentivles two chisses when athers may
nol and ineorporates information cegarding globul source veliabiliey. Mixed
pixel effects can be incorporated using tuscy membership schemes. Since Lhis i
i semi-autamated approach to data Tusion, it offers w strong advantage in
terms of flexibility, With some knowledpe ol anatomy, it is hoped that one can
oblain fused images lor different modalities, cg. dual ccho MR images.
Munctional and morpheloges] images and images acquoited ol dilferent times,
a5 well as images of different part< ol the human bady, The domwin eaper can
uuihize suwch g scheme to suit a pamiculae need. Triws of this technigue to
images of different organs with and withow pathology, taken at diflerent times
and with dilfprest modalities provide seope Tor [uriher research. This tech-
nique also offers possibilitics L other application domains of image processing
ltke remore sensing.
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