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Abstract — This paper presents an adaptive fuzzy evidential reasontainly studied in the domain of artificial intelligence arg a
paper pres ¢ . 1€

ing approach, for segmenting multi-modality MR brain images. groximate reasoning [7-9]. FDS is a generalized versiohef t
novel fuzzy evidence structure model is proposed under the assumempster-Shafer evidence theory with fuzzy sets serving as
tion that each information source provides two types of evidenggcal elements. FDS possesses a quite pleasing framework fo
probabilistic evidence and fuzzy evidence. A new information merﬂanaging randomness. fuzziness and conflict. However. when
sure, called hybrid entropy, is employed for evaluating the overa}J_JDS is applied to real-word applications, the followingfidif
uncertainty contained in a fuzzy evidence structure. For adapti\(’:%lties often arise: 1) how to effectively’formulate eviden

reasoning, two discounting strategies are included. To handle con- f id oV h b diff
flict between the probabilistic evidence and the fuzzy evidence, logs) uzzy evidence structures; ) how to reason about differe

discounting takes into account Kullback-Leibler distance between €S of uncertainty in a consistent and coherent manndr, an
two types of evidence. Global discounting takes into account souR@Ww to effectively cope with conflicts.
quality, in terms of Shannon entropy and hybrid entropy, for deal- For dealing with these difficulties, a novel fuzzy evidence
ing with conflict of sources. To demonstrate its effectiveness, gteucture model is first proposed under the assumption that
approach is applied to segmenting multi-modality MR brain imagesvery information source to be fused provides two types of
Itis concluded that the proposed approach performs better than Kyidence: probabilistic evidence in terms of posteriodtpr
mean clustering, majority voting, fuzzy set operators, and BayeSiéﬁiIities, and fuzzy evidence in terms of fuzzy sets or fuzzy
approach. rules. An adaptive fuzzy evidential reasoning scheme is the
Keywords: Dempster-Shafer evidence theory, adaptive fuzzy evilesigned by discounting evidence in two manners: local dis-
dential reasoning, discounting, MRI, brain tissue segmentation. counting and global discounting. An efficient implemerdati
scheme is further developed, which simplifies the adaptive
1 Introduction fuzzy evidential reasoning and reduces computationakcost
For automated segmentation of brain tissues, each of three
Brain tissue segmentation is an important step in many mededality MR images, namely T1, T2, and PD, is treated as
ical imaging applications, including volume analysis,uék an information source equipped with a fuzzy evidence struc-
ization of regions of interest, and diagnosis of brain diesa ture. To obtain the probabilistic evidence, the K-mean-clus
Segmenting MR images has been found a quite hard problesring algorithm is first applied to each modality MR image.
due to the existence of image noise, partial volume effecBy means of knowledge about pixel intensities of brain tis-
the presence of smoothly varying intensity inhomogenaity, sues, each cluster is further associated with one of thiaa br
large amounts of data to be processed. To handle these diffisues: white matter (WM), grey matter (GM), and cere-
culties, a large number of approaches have been studied,brespinal fluid (CSF). Further, posteriori probabilities ae-
cluding fuzzy logic methods [1], neural networks [2], Mavko rived by the Parzen window technique and the Bayes rule [10],
random field methods with the maximum expectation [3], steased on pixel intensities of clusters. For the deternonatf
tistical methods [4], and data fusion methods [5], to nametlee fuzzy evidence, fuzzy focals are established by the Mam-
few. dani fuzzy inferencing scheme in which a set of fuzzy rules
As one typical data fusion problem, the segmentation fifrmulate the domain knowledge about spatial similarities
multi-modality brain MR images aims at achieving improvetiveen neighboring pixels. A local discounting factor isrthe
segmentation performance by taking advantage of redugdaadaptively determined by the Kullback-Leibler distanceame
and complementariness in information provided by multipleure between the probabilistic evidence and the fuzzy evi-
sources. There have existed many data fusion methodalence. A global discounting factor is determined by the-aver
gies, which are capable of reasoning under various typesagfe Shannon entropy and the average hybrid entropy of the in-
uncertainty. Typical ones include probability theory lthap- vestigated modality. To examine the performance of the-adap
proaches, fuzzy set and fuzzy logic theory based approachia® approach, experiments are carried out on the Simulated
and Dempster-Shafer evidence theory based approachesB6din Database (SBD) [11] for normal data sets. Comparisons
As a hybrid body of these three paradigms, fuzzy Dempstéiave been made between the adaptive approach and other rel-
Shafer evidential reasoning (FDS) has been introduced awént approaches, such as K-mean clustering on both single-



modality images and the stacked vector form of three madalit 1) Given a piece of fuzzy evidence(A, m(A), pa(z)),
images, majority voting, fuzzy set operators, and Bayesfan fuzzy focal A is decomposed into its-cuts using the resolu-
proach. Results have shown that the proposed approach tiot: identity principle of the fuzzy set theoryl = U Al
performs all the others, in terms of segmentation accussac‘ﬁhereu denotes the set union operation (max);= MA x])
and robustness to the variation of the probabilistic eviden and A’ denotes a fuzzy set associated with a-cut: AaJ =

The remainder of this paper is organized as follows. THe,, - - q;j} at level pa(zj). pa(xr) > pa(ze)--- >
Dempster-Shafer evidence theory and fuzzy ev|dent|abreaSuA(a:u) is assumed hereA;, has two membershlp values:
ing are briefly reviewed in Section 2. Section 3 presents an, (z) = pa(z;)ifz € Aa ,0 otherwisej =1,---, u.

adaptive fuzzy evidential reasoning approach for autothate 5y Haying obtainedh-cuts, the mass of fuzzy foca4 is
brain tissue segmentation. Experiments and results are RiRtributed to itsy—cuts by
vided in Section 4, and conclusions are finally presented in

Section 5. m(Ag ) = m(A)

= e ia() < Wa@) —pales) @

2 Review of DSET and FDS wheremax, 4 (z) is the maximum membership in fuzzy fo-

The Dempster-Shafer evidence theory (DSET) providesCal A. This scheme for mass assignment is similar to that sug-
pleasing framework to aggregate evidence of multiple infogested by [14].

mation sources [6]. DSET deals with uncertainty and impreci

sion in three levels: 1) representing evidence by focalelgm1 3 The proposed approach

and masses, 2) combing evidence by the Dempster's rule, and A fuzzy evidence structure model

3) making decisions. )
A mass functioris a mappingm : 22 — [0,1], sat- For a multi source data fusion problem, a fuzzy evidencestru

isfying 3 ,cqm(A) = 1 andm(0) = 0, whereQ = t.ure model is propqsed through the followin.g two steps, in
= . Q light of the assumption that each source provides two types o
{wi,--+,w.} is called a frame of discernment2® is the . . T . o
/ ) . _evidence: probabilistic evidence in terms of posterioala-
corresponding power set. Subsétwith non-zero mass is

called afocal elemen{focal for short). Focal elements ancf"mes’ and fuzzy evidence in terms of a set of fuzzy sets or

their masses construct avidence structugeexpressed in the uzzy rules.

form: {(A,m(A))|A C Q,m(A) > 0}. The Dempster'srule e Step 1: Form an evidence structure for each source using

combines multiple sources which are assumed independent of the Proportional Difference Evidence Structure scheme

each other. Commonly used evidential measures in DSET (PDES) developed in our previous work [16]. PDES

are belief, plausibility, and commonality, based on whiech fi  is similar to the possibility distribution to mass func-

nal decisions can be made. The belief measure is defined by tion conversion scheme suggested in [17]. For details of

Bel(A) = > 5 4 m(B); the commonality measure is defined ~ PDES, please refer to [16].

by: Q(A) = >~ ,cgm(B), whereA C Q, B C Q. , ,
To handle conflict of information sources, a discounting ® Step 2: Convert the crisp evidence structure to a fuzzy

scheme has been introduced in DSET such that the belief func- €vidence structure. This is realized through replacing
tion Bel is modified by Bel4) = (1—a) x Bel(A), VA C Q, crisp focal elements of the resultant evidence structure by

available fuzzy sets or consequent fuzzy sets from fuzzy

and Be(2) = 1. Correspondingly, mass functions are usually ¢
inference systems.

modified in the following manner [6,12, 13]:

i To facilitate understanding the essence of the adaptiay/fuz
m*(A) = (1 = a) x m(4), !f AcQ 1) evidential reasoning scheme to be developed, a property of
(4) 1 Q), ifA=0Q (1)
(1 —a)xm(), i PDES is presented below.

wherea € [0, 1] denotes a discounting factor, and*(A) de- Property 1 Givenn probabilistic evidential sources, in terms
notes the discounted massiaf A). The larger isx, the more of posteriors:

masses are discounted from non frame of discernment focals, . .

while the more mass is assigned to the frame of discernment PE = {p(wi|Xi), -, plwe|Xi)}

Q.

ranked in a non-increasing order and priors:
Fuzzy evidential reasoning (FDS) is derived from DSET, in

which focal elements are replaced by fuzzy sets [7]. Sityilar PEy = {p(w)), -, p(wd)}

as DSET, fuzzy focal elements and their masses construct a

fuzzy evidence structyrdenoted by ranked in a non-decreasing order, whekg denotes the ob-
servation of sourcéfori = 1,---,nand{w?,---,wi}isa

FS= {(A,m(A), ua(x))|AC Q,m(A) >0,z c U} (2) permutatlon of the frame ofdlscernméht: {wi, -+, w}for
i’ =0,---,n, the DSET based reasoning using the maximum

where A denotes a fuzzy focal element with membershu:nmmonahty decision rule (MCDw = arg max,,, Q({w;}))
pwa(zx) forits elemente € U; U = {x1,z2, -+, z,} denotes on the combined evidence structure is equivalent to the
the universe of discourse. One way to combine multiple fuzBayesian approach using the maximum a posterior princi-
evidence structures is to apply Dempster’s rule to deriviesppc ple (MAP), if the following conditions are satisfied, where
evidence structures as follows by two steps [14, 15]. j=1,--c¢



(1) the sources are independent of each other; a pixel of source, a fuzzy evidence structure is constructed
(2) the evidence structure associated with each sourcebased on probabilistic evidence and fuzzy evidence. The
constructed by the PDES scheme: probabilistic evidence is represented by posteriori podba
ES = tiesp’ = {p(wi|z;), p(wi|x;), p(wi|z;)}, which are obtained
A A by the Parzen window technique and the Bayes rule. Notice
{ ({wﬂ i), p(wj|Xy) —P(w§+1Xi)> ‘ j} @ that {w?, wi, wi} is a permutation of) satisfyingp(w?|z;) >

p(wi|X;) p(wi|z;) > p(wi|z;). Associated with Property 1, the prior

probabilities of classes are assumed to be proportiondeto t
ES = ages, since K-mean clustering applied to T1 images yields
(1) (0) — p- (=D (0, ) the best single-modality based result, as will be justifigd b
{w?,...’wo 7p J p ‘7+1 j
! p~ (7 (wy) Al = 3¢ i /wi, wherec = 3, is constructed by a fuzzy
inference system (FIS) which takes into account the spatial
plied to the above PDES derived evidence structures as PDES the probabilistic evidence and the fuzzy evidenceagee
associated DSET. Notice that by definitiofiwi, -, wi} (eferto [18].

(3) the prior evidence structure is constructed by: numbers of pixels within three resultant clusters of T1 im-
later experiments. The fuzzy evidence in terms of a fuzzy set
We refer to the Dempster-Shafer evidential reasoning agmijarity of neighboring pixels. For details about how -0
should not be considered as a focal(i}| X;) = p(wi, | Xi),

and would be excluded from ESFor illustration purpose, we

use Eq. (4) since including 0 masses does not influence the

results of reasoning from a mathematical point of view [16]. ([ Kemean clustering

Sois forp—(n—l)(wg_)) — p—(n—l)(wg+l) in ESy. ‘Tl image‘ ‘Tz image‘ ‘ PD imag‘e : ést;m;titn Vof” VC(V)ns:trrctiVonr §
By Step 2, corresponding to Eq. (4) a fuzzy evidence struc- (Escu) (escud (Eseud [probabllltles M of MF } :

ture can be obtained as: {

Fuzzy evidence structure ‘

FS = [Fs1] [ rsz] [rss] (Poes J[ ms
. [Adptive fuzzy evidential reasoning} [ structure as focals :
Jil () T T T St

whereA’ is a fuzzy set associated with souticend its mem- (a) The overall paradigm (b) ESCU

ESCU  y ‘
4 wi- Xz o wi- Xz ‘ Crisp evidence Fuzzy sets :
Lt [ SLONRNARD ) )
p(wilX;) : { ' {
[cse| [em] [ wwm]
bership is denoted byA;_ (wf) for elements in its support set
AY ={wi, - Wi} j=1,---,¢,andl = 1,---,j. Corre-

Fig. 1: Paradigm of brain tissue segmentation.

spondingly, a piece of fuzzy evidence is represented as: Having p’ and A° for sourcei, a fuzzy evidence structure
‘ ‘ is constructed in Eq. (5), where,: (w)) = pai(wf). Fur-
Al p(wj|Xi) — p(w) 1] Xi) (@) 6) ther, two discounting schemes are designed below for adapti
7 p(wi|Xy) A fuzzy evidential reasoning.

the fuzzy evidence structure form given in Eq. (2). The mo- _ _ . _
tivation of using the above fuzzy evidence structure mosiel$-3-1  K-L distance guided local discounting

to show that the use of both fuzzy evidence and probabiligacall that the decomposition of fuzzy evidence structiges

tic evidence through fuzzy evidential reasoning is abler® p yequired before the Dempster’s rule can be employed for the
duce better data fusion performance than the PDES assbCig{ 7y evidential reasoning. Following the notation of dis-

DEST (i.e., equivalently Bayesian approach due to Propegynting as used in DSET to deal with conflict of sources,
1). Next we adopt this fuzzy evidence structure model to thes deal with the dissonance during the decomposition, by

brain tissue segmentation problem. taking advantage of the Kullback-Leibler distance between
) ) the two types of evidence. To specify, we rewrite here
3.2 Constructing evidence structures p = {p(wi|z:), p(wila;), p(wi|z;)} representing the poste-

Three modalities, namely T1, T2 and PD images, are treafé@li probabilities, and

as distinct information sources, with pixel intensity degtbby P

z; (i = 1,2, 3). The data fusion based segmentation paradigm Al — {/ﬁ’ ey “d}

is given in Fig. 1 (a), where ESCU denotes the evidence struc- wi wy wy

ture construction unit as sketched in Fig. 1 (b). MF stands . . _ . i
for membership function, and FS stands for a fuzzy evident@Presenting a fuzzy seg.j’s are first normalized by/; =
structure in form (5). Given a MR image, the K-mean alg% for j = 1,2,3, and a distance betwe@handu’i =
rithm is first employed to cluster pixel intensities and eacp” ™" _

obtained cluster is further associated with one of threenbrey 1+ # 2: # 3} is then defined as

tissues: CSFu;), GM (w3), and WM (v3) by means of do- 4 4 .

main knowledge. Therefor® = {CSF,GM,WM}. Given D", p") = D" ||p") + D(p'||1'")



whereD(:||-) denotes the Kullback-Leibler distance measuremaxD;. D;q is set to(minD; + maxD,)/2, andK; is decided

The discounting is realized by the following two steps. by two assumed mappings{minD;) = r;, andr(maxD,) =
1) Modify membership values of fuzzy focal elemetit 1 —r;, where0 < r; < 0.5. Solving the two equations yields
W i (wf) = a common valugs; = — (log(% - 1)) /(r1 — Dyo). In the
o _ experiments presented in the next section, we empirically s
r(D("p") % (pai () —mingugs) +minpye— (7) 7 =0.1.
where 3.3.2 Global discounting

— 1 4 The above discounting scheme happens during the decompo-
1+ exp(—K; x (D(p"*,p") — Dio)) sition and it takes into account the dissonance between the

. . - . two types of evidence inside each fuzzy evidence structure.

andmin p 4: is the minimum membership value of elementi . : .

) i ) ) _ _ s usual, evidence structures would be of different quality

in fuzzy focal A;. r is defined by a unipolar sigmoidal func-ang may conflict each other. One way to handle this issue in

tion mappingD; (1, p*) to range[0, 1]. Parameteds; > 0 the Dempster-Shafer evidence theory is to take the diseount

controls the variation speed of the function abig, ensures ing scheme presented in Section 2. Therefore, in addition to

7(Djo) = 0.5. the above local discounting, we develop a second discagintin
2) Apply the decomposition scheme (3) to the modifiescheme with discounting factors determined by two informa-

memberships in Eq. (7). It can be shown that the above adjustn measures: Shannon entropy and hybrid entropy. Given

ment of memberships followed by the decomposition schempebabilistic evidencg’ for sourcei, Shannon entrop¥ (p*),

in Eq. (3) is essentially equivalent to a discounting schemghich quantifies the amount of uncertainty containegins

similar to that of Eq. (1) if the derived set of crisp evidefge computed by

viewed as a special evidence structure. In the context of Eqg.

(1), the discounting factor can be computed as: H(p') = Z —p(wjl|z;) logy p(wj|z;). (8)

wjeQ

(D", p"))

r(D(u",p')) x max iy

04{ =1- Hybrid entropy is a new information measure which quan-
tifies the overall uncertainty contained in a fuzzy evi-

max 1.y: is the maximum membership value of elements @ence structure [5]. For fuzzy evidence structure ES
J

i (Al’ my, A, (fE))7 ) (Aca Me, HA, (1))}’ hybrld entropy
fuzzy focalAj. o _ FH(FS) is defined as [5]
This discounting scheme is pixel based, and the discount-

ing factor is affected by the distance between the protstigili c .
evidence and the fuzzy evidence. Therefore, we call this dis FH(FS) = — ) mjlogy(m; (1 — F})) 9)
counting the pixel-level local discounting. J=1

r(D(p",pt)) X (max g — min i) + min g

Let us investigate the nature of this discounting.u'l'f is 1 |A9| e (z1)
equal top, i.e., D(u'*,p") = 0, r is approaching 0. There- with Fj = —— Ha;n4,\T5t)
fore, all obtained membershipg’ ,; approachmin y4:. As | A =1 MaAjuA; (1)

a result of applying the decomposition scheme (3)'7'[0 the lo- -

cally discounted evidence structure, FDS is almost degragéheref;; denotes the fuzzy entropy of fuzzy séf [19], and
to DSET on the PDES derived evidence structures (for ther denotes théth element in4;. AJ denotes the support
probabilistic evidence). Thus, FDS is nearly equivalerthen Set of A;, and|Aj| is the cardinality ofA]. Hybrid entropy
Bayesian approach due to Property 1. On the other hapd, if Possesses following properties (wherg = 1i4,(z;:), and
is largely different fromp?, with a large value oD (', p), r 15 = paz (zj); L =1, |AJ]):

approaches 1. This indicates less discounting on the fudzy e 1) FH(FS) is minimumif m; = 0 or 1, andA; is a crisp set,
dence structure. Therefore, that the masses of fuzzy facalsi.e., ;1;; = 0 or 1,

redistributed to thein-cuts is mainly controlled by their mem-  2) FH(FS) is maximunif m; = 1 andA; is the most fuzzy
bership values. This would be reasonable, since the priidbabiset, i.e..;; = 0.5;

tic evidence tends to be more sensitive to image noise thean th3) FH(FS) > FH(FS'), if F; > F;‘, whereFj* is a sharp-

taking into account eight neighboring pixels of a centrakpi FS respectivelyF; andE* have the same associated masses.
while the probabilistic evidence is determined from onespix J J

intensity by the Parzen window technique. A large value A—Pi{l@k %f ffgzzz Eet‘égbis a sharpened version &} of fuzzy
D(p'*, p*) signifies that it is rather important to use the fuzz§et j is defined by [20]

evidence. _ , 0<%y < pj <05 for0 < py <0.5

_ Furthermore, to make the local d!scountmg scheme _effec- 0.5 <py<ply <1 for0.5<py <1

tive, K; and D,y need to be determined. Our strategy is to

make them source sensitive. Give a sourcthe K-L based  Therefore, giving a fuzzy evidence structure; & a pixel
distances of all pixels within ROI are calculated, and the-miof sourcei, hybrid entropy FH(Fg can be computed by Eq.
imum and the maximum ones are identified, say lyimnd (9). For considering source quality over all pixels of ROI of



brain, the average Shannon entropy and the average hybriddanotes the support set Af; Further fuzzy evidence struc-
tropy are taken into consideration. Therefore, we obtaén tture FS is discounted with discounting factes; in Eq. (10),
average Shannon entrogy; and the average hybrid entropythus the commonality in Eq. (11) equivalently becomes
FH; with i = 1,2,3 corresponding to T1, T2, and PD im-Q’({w}}) =

ages. Obviously, the smaller average hybrid entropy an im- ‘ ‘ ‘ ‘

age has, the less uncertain the image is, and the more dis- { (1 —a)m(A)d (wf € AY), ifj#c (12)
tinguishable its classes are. During the computation of the B (1 — ai)m(Az) + ifj=c

J
average hybrid entropy, we setm; logy(m;(1 — Fj)) =5 o casg +# c can be deduced directly from the part of “if
if —m; logy(m;(1 — Fy)) > 5. This essentially introduces 4 — =i Eq. (1); All derived crisp pieces of evidence do not
an upper bound te-m; logy(m;(1 — F})), and makes the jnc|yde the frame of discernmefitas their focals: Hence, the
discounting manageable sineen; log,(m;(1 — F;)) in Ed.  discounting process directly produces the proportionai-co
(9) is positive infinity if /; = 1. The rationale behind monalities of singleton class sets. Likewise, case ¢ in Eq.
this consideration can be justified by numerical computatio (12) is also due to discounting scheme (1). For clarification
—mj logy(m;(1—Fj;)) = 5 indicates that whatever values;  this part can be rewritten as:
takes in the rang, 1], Fj approximately approaches 1, indi- v .
cating that the corresponding fuzzy focal is almost mostyuz Q' ({wi}) = Wi (wi) — min 3 x (1 = ag)m(A)
For example, ifn; = 1, —m; log,(m;(1—F;)) = 5 indicates JA max p1}, ’ ¢
E, = 0.9688; if mj = 0.5, —m; logy(m;(1 — £})) = 5 indi- min
catesF; = 0.9980; if m; = 0.1, —m; log,(m;(1 — F;)) =5 oy + A
implies nearlyF; = 1. HHax lay
J

Based orH,’s and FH's, a discounting factor is finally de- where the first part corresponds to that contributed to bython

fined for source by focal elements, while the remaining parts are associatéd wi

x (1= ag)m(A7),

. focal €.
;= 0.2H; FH; — mm_FH (10) The resultant commonality part takes a simple computa-
logy 3 maxFH —minFH tional form, and it is conceptually interpretable. Eg. (12)

wheremax FH andmin FH denote respectively the maximumShOWS that the commonalities are adjusted in two manners:
and the minimum of FH1, FH2, and FH3. multiplying factor (| — «;) and expansion ratiﬁ;'.l, as well as

Eq. (10) shows that among the three modalities, the bg&dmg baseline commonality; for all singleton class sets in

quality modality is discounted only by the average Shanngﬁe casg - . ) .
entropyH;. Denominatotog, 3, which is the maximum Shan- By definition of gommonahty, the . fma! common_ahty
non entropy for a three class problem, is used to normalize Q/ ({w}}) for fuzzy evidence structure given in Eq. (5) is the

erage Shannon entroff§;. Parametef.2 is set empirically, SU™M of@j({wi}) forj = 1,---,c, therefore

which constrains the maximum value of the discounting fac- c

tor. The smaller isf7;, the less uncertain is the correspondingQ’ ({wj}) = ai + Y _ B (1 — a;)m(AL)6 (w] € AY)
probabilistic evidence; Thus, the smalleras, and the less j=1

discounted is this information source. Modalities othemth : . .
. . : . Applying the Dempster’s rule to combine all thesources
the best one is further discounted by a ratio of the diffeesnc . : !
. : .~ as well as the prior sourc&, produces the final combined
of average hybrid entropies. The smaller;H§| the less dis- - )
? : commonalities [6]:
counted is the modality.
In contrast to the previous local discounting, this disdeun LIy
ing takes into account information summarized from all fsixe Q{wi}) = K H Q" ({wi})-
in ROI. Thus, we refer it as global discounting. i=0
K is a normalization factor, a constant that is determined dur
3.4 Efficient implementation ing the combination, and it is independentof Q°({w;}) =
- _ p~ (=1 (w;) wherep(w;) is the prior probability ofv; due to
We now calculate .the commonalities of singleton .class S@foperty 1. Final decision is made using the maximum com-
for an resultant evidence structure. As the local d|scugnt|m0na|ity decision rule (MCD).

is employed, the commonality of a singleton class set for theObvioust, the PDES associated adaptive fuzzy evidential

piece of fuzzy evidence in Eq. (6) is reasoning is parallel to the Bayesian approach if the above
P ; i i 0i resultant commonality is compared with the joint posterior
Qj({wi}) = Bjm(A5)d (w € A7) (11) probability in the Bayesian approach. It is trivial to seattif

; ; ; i all fuzzy focals are crisp sets and there is no local discount
wherem(A}) = (p(wj|Xi) — p(wj|X3))/p(wilXs), and 00720 global discounting employed, the normalized com-
i1 = W (wj)/ max iy, is referred to as an expansion rafignonajities are just the posteriori probabilities resultem
('} (w)/ max “ﬁ;ﬁ is not less thaWA;: (w;’)/maqu; since tBhe Bayesian apprrc])achr.] T?e propoged FDhS di;fers fronr th%

! . "orn ayesian approach in that fuzzy evidence has been exploite
0=r=1inEq. (7). Hag (wp)is compgted by_ Eg. _(7)’ a_ndin two adaptive manners, for achieving improved data fusion
max ufj% denotes the maximum @ff’% (wi) forwj € A% AY  performance.



Table 1: Summary of examined methods

ID Method Description
1 KT1 K-mean clustering applied to T1 image
2 KT2 K-mean clustering applied to T2 image
3 KPD K-mean clustering applied to PD image
4 KVec K-mean clustering applied to a vector image compo$dd pT2, and PD
5 MV Majority voting applied to results of KT1, KT2, and KPD
6 Fuz-min MMD applied to fuzzy min intersection of fuzzy sdesived from three modalities
7 Bayes @ MAP applied to joint posteriori probabilities by Bayes rule
8 FDS1  FDS reasoning with local discounting, decision mgikip MCD
9 FDS2  FDS reasoning with both local and global discountilegjsion making by MCD
4 Experimental results ranges, and experimental results have shown that the method

The performance of the adaptive fuzzy evidential reasoniﬁ’ yes produces almost the best overall accurames:ag.o

is evaluated for brain tissue segmentation based on the-Si NM'SBDl and NM'SBDZ' Therefore, to make falr. and
lated Brain Database (SBD), a benchmark developed by m&a”'”gf“' comparisons, we setlo 5 vaIueg around 2,’ €.,
McConnell Brain Imaging Centre [11]. In SBD, T1, T27 — 0.7,1,2,3, 4, and report the corresponding resultsis a

PD weighted images have been already registered, and ﬁ;rr_ameter used for the determination of the width of Gaunssia

responding ground truth images are available. In this stu rnel functions in the Parzen window technique. Segmenta-

two normal MR image data sets are simulated using diffdfon performances are summarized in Table 2, in terms of av-

ent parameters, and the two obtained data sets are referregf #9¢ 0verall accuracy, minimum overall accuracynin A,
as NM-SBD1 and NM-SBD2. In NM-SBD1. the slice thick-2nd maximum overall accuraaytax A for the 31 slices. In
ness is 1mm; the noise level 3§; and the level of intensity Table 2, the performances of Bayes, FDS1, and FDS2 are the

non-uniformity is set t20%. In NM-SBD2, the slice thick- 2€St Oneés among the examined 5 values offhat iso = 2
ness is 1mm; the noise level 9§;; and the level of intensity for NM-SBD1, ando = 3 for NM-SBD2. The following ob-
non-uniformity is set tal0%. A large number of slices are ex-Servations are obtained from this performance table.
amined for these two data sets, and results for 31 MR imaged) When K-mean clustering is applied to single-modalities,
from slice 80 to slice 110 in the axial direction are reportd§T1 performs best, and the accuracy ranges fig47%
here since these slices are located almost in the middle garP6-88% with average96.14% for NM-SBD1, and from
along the axial axis, and have an appropriate portion foryeve’ 3-87% t0 82.51% with averages0.70% for NM-SBD2. KPD
brain tissue. performs worst. However, KVec outperforms KT1 further,
Different relevant methods are examined and compared ¥ith accuracies from5.36% to 97.09%, and averag@6.38%
segmenting (classifying) CSF, GM, and WM. They are surfer NM-SBD1, from80.89% to 85.63% and averagé3.76%
marized in Table 1, where MMD denotes the maximum merfRr NM-SBD2. This suggests that the stacked vector form of
bership decision rule, MCD the maximum commonality decibree modality pixel intensities benefits the K-mean clusge
sion rule, and MAP the maximum a posterior principle. ThESults, compared to the use of each single-modality.
nine methods tabulated in Table 1 can be categorized into tw@?) Regarding the performances of the fusion based meth-
groups, 1) probability independent methods: KT1, KT2, KP®ds for NM-SBD1, Fuz-min is the worst, and MV is the next
KVec, MV, and Fuz-min, and probability dependent method#iorst, both even worse than KT1. However, Bayes, FDSI,
Bayes, FDS1, and FDS2; or 2) non-fusion methods: the fownd FDS2 at = 2 have very good performances. They are
direct K-mean clustering approaches, and fusion based-meah better than KT1 and KVec, in terms of the minimum, the
ods: MV, Fuz-min, Bayes, FDS1, and FDS2. Notice that iaverage, and the maximum segmentation accuracies. The two
addition to the fuzzy min operator, other operators are@so best methods are FDS2 and FDS1. FDS2 produces overall
amined, such as max, average, and product, for combining &gguracy fromb6.11% to 97.58% with averaged7.04%, and
fuzzy evidence of three modalities. Results have suggestdaS1 from95.95% to 97.51% with averaged6.95%. When
that the fuzzy min operator performs best among these fdWM-SBD2 is examined, the above observations on NM-SBD1
operators. Fuz-min is thus selected as the representativelfold except that Fuz-min performs quite well, slightly wers
comparison. than FDS2 ab = 3.0 in terms of the average overall accu-
Performances of all examined methods are evaluated usiagy. This is due to the fact that NM-SBD2 is very noisy and
the overall segmentation (classification) accurgcyvhich is largely variant in intra class pixel intensities. As a réses-
calculated as the ratio of the number of correctly labellied p timated probabilities by the Parzen window technique ate no
els to the total number of examined pixels of three consi@ble to be accurate no matter what valuesraire selected,
ered classes (CSF, GM, and WM in ROI of brain). To confind the performance of Bayes, FDS1, and FDS2 would be thus
pare two methods having accuragy and.A,, error reduc- highly impacted. Differently, method Fuz-min has nothiog t
tion ratio ERR is employed, which is defined b RR = do with the estimated probabilities while it performs likéla
(1—Az) — (1 —Ap)/(1 = Ay). tering process by taking into account eight neighboringlsix
Performances of probability dependent methods rely éwmyhow, for NM-SBD2, FDS2 resulted in the highest average
probabilities estimated by the Parzen window technique. \@&erall accuracieg6.33%.
have empirically tested a number of valuesocoin different NM-SBD1 and NM-SBD2 have opposite natures, in terms



of the reliability of the probabilistic evidence and the Zyz FDS2 is more robust and effective than FDS1. Similarly as
evidence. In NM-SBD1, the probabilistic evidence is more réDS1, aso increases, ERR increases also, but much larger
liable than the fuzzy evidence while the probabilistic eride than that of FDS1. For instance,at= 3.0 and 4.0, average

is less reliable than the fuzzy evidence in NM-SBD2. ThERR reache$8.64% and34.02% due to FDS2 while they are
better performances achieved by FDS1 and FDS2 than othespectivelyd.78% and22.18% for FDS1.

methods on these two data sets would justify the effectsgne As far as NM-SBD?2 is concerned, similar observations as
of the adaptive fuzzy evidential reasoning. Considerirgj thabove apply for Bayes, FDS1, and FDS2. However, for the 5
the Bayesian approach with the MAP decision rule is thewalues ofo, the probabilistic evidence is less reliable than the
retically optimal in minimizing the error rate, it would nbe fuzzy evidence for NM-SBD2. Thus, introducing the fuzzy ev-
surprising to see good performance achieved by method Baigence through FDS1 and FDS2 would definitely produce bet-
than the K-mean clustering. Further, the contextual inBormter performance than Bayes, which takes into account merely
tion in terms of an overall fuzzy set that is resulted from &,FI the probabilistic evidence. This is exactly verified by Fg.

is expected in FDS1 and FDS2 to make up the imprecisen€sy in which bigger error reduction ratios exist in contrias

of probabilities through the adaptive FDS schemes for bettayes for both FDS1 and FDS2 at small valuesrofFrom
segmentation performance. an overall point of view, the larger is, the larger are the im-
provements achieved by FDS1/FDS2 over Bayes.

One example segmentation result by FDS2 is presented in
Fig. 3 (d), together with the three modality images of sliée 9
of NM-SBD1. From the viewpoint of human visual inspec-
tion, pixels in every tissue type are perfectly segmented.

(a) Avg. ERR, NM-SBD1  (b) Avg. ERR, NM-SBD2
Fig. 2: Comparisons of Bayes, FDS1, and FDS2
In this experiment, we are mainly interested in comparing .

adaptive fuzzy evidential reasoning with Bayesian. Due tda) NM-SBD1T1 (b) NM-SBD1T2 (c) NM-SBD1 PD
the space constraints, slice-wise performance curvesrrimst
of segmentation accuracies and error reduction ratios)atre
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presented for all five settings of. Instead, average overall B other

segmentation accuracies, and average overall ERR’s oger th I csF

31 slices are respectively summarized in Table 3. For clear [ om

comparison between FDS1 and FDS2, their error reduction ra ) ; [ 1wm

tios versus Bayes are plotted in Fig. 2. (d) Classified (f) Ground truth ~ (g) Legend map
First let us take a look at results on NM-SBD1. The best

overall accuracies are all obtained @at= 2.0 for Bayes, Fig. 3: An example set of MR images at slice 99.

FDS1, and FDS2, which are respectivél§.90%, 96.95%,
and97.04%. Fig. 2 (a) and Table 3 show that the improveme
of FDS1 over Bayes is very limited at the three smallest alu
of 0: 0.7, 1.0, and 2.0. In fact, FDS1 performs slightly bettdn this paper, we present an adaptive fuzzy evidential reaso
than Bayes, and the average ERR'’s are less 2(anAmong ing based data fusion scheme, and apply it to automated brain
the 31 slices there are 4, 5, and 6 slices for which FDS1 péssue segmentation, based on multi-modality MR images. A
forms worse than Bayes, respectivelyat 0.7, 1.0, and 2.0. novel fuzzy evidence structure model is proposed in the-pres
The small improvement would not undermine our confidenesce of probabilistic evidence and fuzzy evidence; Thelloca
about the effectiveness of FDS1, since we accept the fact tHscounting and global discounting schemes are develaped f
the Bayesian approach minimizes the error rate ideally, aadaptive fuzzy evidential reasoning; An efficient impleraen
thato = 0.7, 1, 2 can produce accurate enough probability etion scheme is developed.

timations for NM-SBD1. Withs increasing, the average ERR Experimental results for automated brain tissue segmenta-
of FDS1 vs. Bayes reach@s8% and22.18%, respectively at tion have demonstrated that the adaptive fuzzy eviderd&! r

o = 3.0 ando = 4.0. Furthermore, regarding ERR of FDSZoning outperforms other methods: K-mean clustering, majo
vs. Bayes, obviously FDS2 produces much improved perfaty voting, fuzzy set operation, and Bayesian approach. Es-
mance than FDS1 over Bayes, as can be clearly justified fgcially, no matter how accurate the probabilistic evideis¢
Table 3 and Fig. 2 (a). Even in the best case for Bayes withe adaptive fuzzy evidential reasoning always betteigper$

o = 2.0, the average ERR of FDS2 vs. Bayedis7%. Aver- than the Bayesian approach, in terms of segmentation accura
age ERR increases withdeparting away frora = 2.0 when cies and robustness to the variation of probabilistic evige
FDS2 is applied to NM-SBD1. This is different from FDS1 in Itis worth mentioning that the adaptive fuzzy evidentia-re
which ERR decreases asdecreases. This is clearly reflectedoning scheme can be certainly applied to other applicgtion
by the shapes of the two curves in Fig. 2 (a). In this senses long as information sources can provide the two types of

Conclusions



Table 2: Summary of overall accuraciés)(
Dataset | Method KT1 KT2 KPD KVec MV Fuz-min Bayes FDS1 FDS2
minA4 95.04 79.69 7356 9536 93.91 93.16 95.87 9595 96.11
NM-SBD1 A 96.14 87.73 80.11 96.38 95.74 94.78 96.90 96.95 97.04
max.4A 96.88 90.64 86.13 97.09 96.47 9544 9743 97.51 97.58
minA 78.87 67.77 49.34 80.89 78.28 84.59 81.85 83.99 84.48
NM-SBD2 A 80.70 71.21 5251 83.76 80.05 86.11 83.83 85.89 86.33
max.A 8251 7352 5556 8563 8140 87.73 8544 87.09 87.61

Table 3: Summary of performancg)
average overall accuracies average ERR, FDS vs. Bayes
Source Method o | 0.7 1 2 3 4 107 1 2 3 4
NM-SBD1 Bayes 96.43 96.61 96.90 95.76 92.32
NM-SBD1 FDS1 96.47 96.66 96.95 96.18 94.101.15 141 1.74 9.78 22.1
NM-SBD1 FDS2 96.71 96.77 97.04 96.56 95.037.94 5.01 4.57 18.64 34.0
NM-SBD2 Bayes 82.42 83.01 84.12 8383 81.91
NM-SBD2 FDS1 82.97 83.81 8553 8589 85.243.15 4.73 8.89 12.75 18.3p
NM-SBD2 FDS2 83.78 84.30 85.75 86.33 85.977.68 7.59 10.31 1545 22.42
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evidence as required in this study. This would be one part[@f] L.M. Zouhal, and T. Denoeux. Generalizing the evidence-

the future work. theoretic K-NN rule to fuzzy pattern recognition,Pmoc. 2nd Int.
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