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HUMAN EXPERTS FUSION FOR IMAGE
CLASSIFICATION

Arnaud MARTIN and Christophe OSSWALD

Abstract

In image classification, merging the opinion of several huregperts is very
important for different tasks such as the evaluation or thaing. Indeed, the
ground truth is rarely known before the scene imaging. We@se here differ-
ent models in order to fuse the informations given by two oremexperts. The
considered unit for the classification, a small tile of thegw®, can contain one or
more kind of the considered classes given by the experts.cénseproblem that
we have to take into account, is the amount of certainty oettpert has for each
pixel of the tile. In order to solve these problems we define finodels in the con-
text of the Dempster-Shafer Theory and in the context of taedt-Smarandache
Theory and we study the possible decisions with these models

Keywords: Experts fusion, DST, DSmT, image classification.

I ntroduction

Fusing the opinion of several human experts, also knownessxperts fusion problem,
is an important question in the image classification field g few studied. Indeed,
the ground truth is rarely known before the scene has beeageichaonsequently, some
experts have to provide their perception of the images ieotal train the classifiers
(for supervised classifiers), and also to evaluate the inctagsification. In most of
the real applications, the experts cannot provide the rdiffeclasses on the images
with certitude. Moreover, the difference of experts peticgs can be very large, and
so many parts of the images have conflicting information. ré&bg only one expert
reality is not reliable enough, and experts fusion is required.

Image classification is generally done on a local part of thage (pixel, or most
of the time on small tiles oé.g. 16x 16 or 32<32 pixels). Classification methods can
usually be described into three steps. First, significaatties are extracted from these
tiles. Generally, a second step in necessary in order tacecthese features, because
they are too numerous. In the third step, these featuresieee {p classification
algorithms. The particularity in considering small tilesimage classification is that
sometimes, more than one class can co-exist on a tile.

An example of such animage classification process is sedlagdaterization. This
serves many useful purposesghelp the navigation of Autonomous Underwater Ve-
hicles or provide data to sedimentologists. In such sonpliGgtions, which serve as
examples throughout the paper, seabed images are obtaitinechany imperfections
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2 HUMAN EXPERTS FUSION FOR IMAGE CLASSIFICATION

[ﬂ]. Indeed, in order to build images, a huge number of platslata (geometry of the
device, coordinates of the ship, movements of the sona}, ate taken into account,
but these data are polluted with a large amount of noisesdaug instrumentations.
In addition, there are some interferences due to the sigaatltng on multiple paths
(reflection on the bottom or surface), due to speckle, andalfsina and flora. There-
fore, sonar images have a lot of imperfections such as ingioecand uncertainty;
thus sediment classification on sonar images is a difficadblem. In this kind of
applications, the reality is unknown and different expegta propose different clas-
sifications of the image. Figuv@a 1 exhibits the differencesveen the interpretation
and the certainty of two sonar experts trying to differetetihe type of sediment (rock,
cobbles, sand, ripple, silt) or shadow when the informaisomvisible. Each color
corresponds to a kind of sediment and the associated dgrt#ithe expert for this
sediment expressed in term of sure, moderately sure andurat $hus, in order to
learn an automatic classification algorithm, we must take account this difference
and the uncertainty of each expert. For example, how a titeaK labeled asot sure
must be taken into account in the learning step of the classifid how to take into
account this tile if another expert says that it is sand? A@aoproblem is: how to take
into account the tiles with more than one sediment?

50 100 150 200 250 300 350 400 450 500 550 50 100 150 200 250 300 350 400 500 550

Figure 1: Segmentation given by two experts.

Many fusion theories can be used for the experts fusion irgenaassification
such as voting rule§|[$] 3], possibility theofy [#, 5], béfignction theory [B[]]. In our
case, experts can express their certitude on their peotepiis a result, probabilities
theories such as the Bayesian theory or the belief functieory are more adapted.
Indeed, the possibility theory is more adapted to imitateithprecise data whereas
probability-based theories is more adapted to imitate theeriain data. Of course
both possibility and probability-based theories can iteitmiprecise and uncertain data
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at the same time, but not so easily. That is why, our choicernslacted on the belief
functiontheory, also called the Dempster—Shafertheof;"f(]?{ﬂ,ﬁ]. We can divide the
fusion approach into four steps: the belief function mothe, parameters estimation
depending on the model (not always necessary), the conninand the decision.
The most difficult step is presumably the first one: the bdligiction model from
which the other steps follow.

Moreover, in real applications of image classification,erxp conflict can be very
large, and we have to take into account the heterogeneitheotiles (more than
one class can be present on the tile). Consequently, thert@rmrandache Theory
(DSmMT) ﬂ;], an extension of the belief function theory, carbétter to our problem of
image classification if there is conflict. Indeed, considgthe space of discernment
0 = {C1,C,,...,C,}, whereC; is the hypothesis “the considered unit belongs to
the clasg”. In the classical belief function theory, the belief fuinets, also called the
basic belief assignments, are defined by a mapping of thenmmt® onto|0, 1]. The
power set2® is closed under the) operator, and € 2. In the extension proposed
in the DSmT, generalized basic belief assignments are debigea mapping of the
hyper-power seD® onto|0, 1], where the hyper-power sét® is closed under botty
andn operators. Consequently, we can manage finely the conflitteoéxperts and
also take into account the tiles with more than one class.

In the first section, we discuss and present different b&lieftion models based
on the power set and the hyper power set. These models trysteearour problem.
We study these models also in the steps of combination ansidieof the information
fusion. These models allow, in a second section, to a gede@ission on the differ-
ence between the DSmT and DST in terms of capacity to represeproblem and in
terms of decision. Finally, we present an illustration of ptoposed experts fusion on
real sonar images, which represent a particularly unceetarironment.

1 Our proposed M odels

In this section, we present five models taking into accouatpbssible specificities
of the application. First, we recall the principles of theTD&d DSmT we apply
here. Then we present a numerical example which illusttatefve proposed models
presented afterward. The first three models are presentkd agontext of the DST, the
fourth model in the context of the DSmT, and the fifth modelathbcontexts.
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Theory Bases
Belief Function Models

The belief functions or basic belief assignmentsre defined by the mapping of the
power se® onto|0, 1], in the DST, and by the mapping of the hyper-poweri8t
onto[0, 1], in the DSmT, with :

and
> omx) =1, 2)
Xe20
in the DST, and
> mX)=1, (3)
XeD®

in the DSMT, whereX is a given tile of the image.
The equation[{1) allows that we assume a closed w}If][7, &].can define the
belief function with only:
m(0) > 0, 4)

and the world is oper{J9]. In a closed world, we can add one etérin order to
propose an open world.

These simple conditions in equatidh (1) afid (2)[br (1) &hddBk a large panel
of definitions of the belief functions, which is one of thefdifilties of the theory. The
belief functions must therefore be chosen according torttended application.

In our case, the space of discernméntepresents the different kind of sediments
on sonar images, such as rock, sand, silt, cobble, rippld@adav (that means no
sediment information). The experts give their perceptiod belief according to their
certainty. For instance, the expert can be moderately duris choice when he labels
one part of the image as belonging to a certain class, andddl/tdoubtful on another
part of the image. Moreover, on a considered tile, more than sediment can be
present.

Consequently we have to take into account all these aspkitts applications. In
order to simplify, we consider only two classes in the follogy the rock referred as
A, and the sand, referred & The proposed models can be easily extended, but their
study is easier to understand with only two classes.

Hence, on certain tilesd and B can be present for one or more experts. The
belief functions have to take into account the certaintyegiby the experts (referred
respectively as4 andcg, two numbers irf0, 1]) as well as the proportion of the kind
of sediment in the tileX (referred a4 andpg, also two numbers if0, 1]). We have
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two interpretations of “the expert believds: it can mean that the expert thinks that
there isA on X and notB, or it can mean that the expert thinks that theré @n X and

it can also have3 but he does not say anything about it. The first interpreatatields

that hypothesed and B are exclusive and with the second they are not exclusive. We
only study the first cased and B are exclusive. But on the til&, the expert can also
provide A and B, in this case the two propositions “the expert belieésand “the
expert believes!t and B” are not exclusive.

Combination rules

Many combination rules have been proposed these last yeis context of the belief
function theory ([0 11[]9, 18] . 1133tc). In the context of the DST, the combination
rule most used today seems to be the conjunctive conserisugivan by [9] for all
X €29 by:

M
mX)= Y J]m), (5)
YiN...nYy=X j=1
whereY; € 29 is the response of the expgrtandm;; (Y;) the associated belief func-
tion.
In the context of the DSmT, the conjunctive consensus rutebeaused for all
X € D® andY € D®. If we want to take the decision only on the elemen®jsome
rules propose to redistribute the conflict on these elemérite most accomplished
rule to provide that is the PCR5 given 13] for two expensidor X € D®, X £ ()
by:
mpcrs(X) = mi2(X)+
Z < ml(X)ng(Y) + mQ(X)le(Y) )
mi(X) +ma(Y)  mo(X)+mi(Y))’

(6)

YeD®,
c(XNY)=0

where mi2(.) is the conjunctive consensus rule given by the equatiﬂn (5),
¢(X NY) is the conjunctive normal form ok N Y and the denominators are not
null. We can easily generalize this rule fof experts, forX € D®, X # 0 :

mpcre(X) = m(X)+ @

M
2 Jj=1
D>omi(X)? Y T ,
=1 M—1
kﬂlYgi(k)ﬂXE(Z) mZ(X)JrZ mai(j)(yai(j))
= =1

(W)Yo, (-1)) E(DE)M
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whereo; counts from 1 taV/ avoidingi:

oi(j) = if j <1,
{m(j)jﬂ if > . (8)

M-1
m;(X) + Z Mo, ;) (Yo, () # 0, andm is the conjunctive consensus rule given by

=1
the equatig)nES).

The comparison of all the combination rules is not the puepadghis paper. Con-
sequently, we use here the equatﬂn (5) in the context of BiE &nd the equati0|E|(7)
in the context of the DSmT.

Decision rules

The decision is a difficult task. No measures are able to geottie best decision
in all the cases. Generally, we consider the maximum of orteethree functions:
credibility, plausibility, and pignistic probability.

In the context of the DST, the credibility function is givesr il X € 2° by:

bel(X) = Y m(Y). (9)

Ye2X Y#D
The plausibility function is given for alk € 2© by:
plX)= > m(Y)="bel(O) - bel(X), (10)
Y €29, YNX#0D
whereX¢ is the complementary oX . The pignistic probability, introduced bﬂl4], is
here given for allX € 2°, with X # () by:

betP(X) = 3 |X|;|Y| 1 T%' (11)
Y €29, Y#D

Generally the maximum of these functions is taken on the elgsin®, but we will
give the values on all the focal elements.

In the context of the DSmMT the corresponding generalizedtians have been
proposed[[15]8]. The generalized credibilify! is defined by:

Bel(X) = Y m(Y) (12)

YeDX

The generalized plausibility?] is defined by:
PI(X) = > om(Y) (13)

YeD® XNY #D
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The generalized pignistic probability is given for &ll € D®, with X # () is defined
by:

GPT(X)= > %(;)Y)m(}/), (14)
YED®,Y#)

whereC(X) is the DSm cardinality corresponding to the number of paftX an
the Venn diagram of the problerh |1, 8].

If the credibility function provides a pessimist decisidine plausibility function
is often too optimist. The pignistic probability is ofterkéa as a compromise. We
present the three functions for our models.

Numerical and illustrative example

Consider two experts providing their opinion on the tNe The first expert says that
on tile X there is some rocK with a certainty equal to 0.6. Hence for this first expert
we have :py = 1, pp = 0, andcy = 0.6. The second expert thinks that there are
50% of rock and 50% of sand on the considered Xlavith a respective certainty of
0.6 and 0.4. Hence for the second expert we hawe= 0.5, pg = 0.5, ¢4 = 0.6 and

cg = 0.4. We illustrate all our proposed models with this numericaraple.

Model M,

If we consider the space of discernment giverby= { A, B}, we can define a belief
function by:

if the expert saysi:
m(A) = cq,
{ m(AUB) =1—-cy,
(15)
if the expert say®3:
m(B) = ¢p,
{ m(AUB) =1 — CB.

In this case, it is natural to distribute— ¢4 and1 — cg on A U B which represent the
ignorance.

This model takes into account the certainty given by the exp& the space of
discernment does not consider the possible heterogerdte given tileX. Conse-
guently, we have to add another focal element meaning theg tire two classe$ and
B on X. In the context of the Dempster-Shafer theory, we can callftical element
C and the space of discernment is givendy= { A, B, C'}, and the power set is given
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by2° = {0,A,B,AUB,C,AUC,BUC,AU BUC}. Hence we can define our
first modelM; for our application by:

if the expert saysi:

m(A) = ca,
m(AUBUC) =1—cy,

if the expert say$:

{ m(B) = ¢p, (16)
m(AUBUC) =1-cp,

if the expert says”:
m(C) = pa.ca +pB-ca,
m(AUBUC)=1- (pa.ca+ps.cp).

On our numerical example, we obtain:

A|B|C |AuBUC
my 060 0 0.4
mg | 0O | 0]05 0.5

Hence for the consensus combination for the mdde) the belief functionn», the
credibility, the plausibility and the pignistic probaliare given by:

element | mia | bel | pl | betP

[} 03] 010 —
A 0.3 [0.3]0.5]0.5238
B 0 | 0 [02]0.0952
AUB 0 |03[0.5]0.6190
C 0.2 [0.2]0.4]0.3810

AuC 0 |0.50.70.9048
BuC 0 [02|04|0.4762
AuBUC | 0.2 ]0.7]0.7 1

Where:
mlz(m) = mlg(A n C) = 030 (17)

This belief function provides an ambiguity because the sarass is put o4, the
rock, andf, the conflict. With the maximum of credibility, plausibifior pignistic
probability this ambiguity is suppressed because thesetiurs do not consider the
empty set.
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Model M5

In the first modelM;, the possible heterogeneity of the tile is taken into actoun
However, the ignorance is characterized4y B U C and not byA U B anymore, and
classC represents the situation when the two classesid B are onX. Consequently
AU BUC could be equal tod U B, and we can propose another mod#] given by:

if the expert saysi:

{ m(A) = ca,
m(AUB) =1—ca,

if the expert say$:

{ m(B) = ¢p, (18)
m(AUB) :1—037

if the expert says”:
m(C) = pa.ca +pp-ca,
m(AUB) =1— (pa.ca +pB.cp).

On our numerical example, we have:

A|B| C |AUB
my 060 0 0.4
mg| 0O | 0]05| 0.5

In this modelM, the ignorance is partial and the conjunctive consensus thae
credibility, the plausibility and the pignistic probalbliare given by:

element | mia | bel | pl | betP

[ 051 0 0 —

A 0.3 103(03]| 0.6

B 02 102(02| 04

AUB 0 [05]0.5 1

C 0 0 0

AUC 0 [03]03]| 0.6

BUC 0 |102(02]| 04

AUBUC | 0 |05]05 1

where
’I’I’ng(@) = ’I’I’ng(A n C) + mlg(C n (A U B)) =0.30+0.2 =0.5. (19)

The previous ambiguity in/; betweenA (the rock) and) (the conflict) is still
present with a belief ofi higher thanA. Moreover, in this model the mass @his
null!
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These modeld/; andM; are different because in the DST the clasde® andC
are supposed to be exclusive. Indeed, the fact that the @42 is not closed under
N operator leads to the exclusivity of the classes.

Model M3

In our application,A, B andC cannot be considered exclusive ah In order to

propose a model following the DST, we have to study exclusiasses only. Hence,
in our application, we can consider a space of discernmetfireé exclusive classes
©={ANB°,BNnA°, An B} ={A', B’,C"}, following the notations given on the

figure[?.

Figure 2: Notation of the intersection of two classeandB.

Hence, we can propose a new mod#] given by:

if the expert saysi:
m(A"UC") =cq,
m(A'UB'UC)=1-ca,

if the expert say$:
m(B'UC") =c¢p, (20)
m(A'UB'UC)=1—c¢g,

if the expert says:
m(C') =pa.ca +pp.cp,
m(AUB ' UC')=1— (pa.ca +ps.cB).
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Note thatA’ U B’ U C’ = A U B. On our numerical example we obtain:

Auc | BucCc|cC |AuBuUuc
mq 0.6 0 0 0.4
mo 0 0 0.5 0.5

Hence, the conjunctive consensus rule, the credibiligypausibility and the pig-
nistic probability are given by:

element mio | bel | pl | betP
0 0 0 0 -
A= AN B¢ 0 0 |0.5|0.2167
B’ = Bn A° 0 0 |0.20.0667
AUB =(ANnB)U(BNA) | 0 0 |0.50.2833
C'"=ANB 0.5 105 1 |0.7167
AucC =A 0.3 108 1 |0.9333
B'UC'=B 0 |05 1 [0.7833
AUB'UC'=AUB 0.2 1 1 1
where
mlg(C') = ’I’I’ng(A n B) =0.2+0.3=0.5. (21)

On this example, with this modal/; the decision will bed with the maximum of
pignistic probability. But the decision coull priori be taken also 0@’ = AN B
becausen;2(C’) is the highest. We show however in the discussion sectidritti&a
not possible.

Model M,

In the context of the DSMT, we can writé¢ = A N B and easily propose a fourth
modelM,, without any consideration on the exclusivity of the clasggven by:

if the expert saysi:

{ m(A) = ca,
’I’I’L(AUB) =1-—-cyu,

if the expert say$:

{ m(B) = cp, (22)
m(AUB) = 1—CB7

if the expert saysi N B:
m(ANB) =pa.ca+pp-ca,
m(AUB) =1— (pa.ca +pp-cp).
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This last modelV/, allows to represent our problem without adding an artificlabs
C'. Thus, the modeM, based on the DSmT gives:

A|B|ANnB|AUB
my | 06| 0 0 0.4
ma| 0 |0 0.5 0.5

The obtained mass; 5 with the conjunctive consensus yields:

’I’I’ng(A) = 0.307
mlg(B) = 0,

—0.30 + 0.20 = 0.5,
’I’I’ng(A U B) = 0.20.

These results are exactly the same for the mddgl These two models do not
present ambiguity and show that the massian B (rock and sand) is the highest.

The generalized credibility, the generalized plausipgitd the generalized pignis-
tic probability are given by:

element | mio | Bel | P1 | GPT

0 0 0 0 —
A 03 ]08] 1 ]0.9333
B 0 |0.5(0.7]0.7833

ANnB | 05 ]05]| 1 |0.7167
AUuB | 02| 1 1 1

Like the modelM3, on this example, the decision will bé with the maximum
of pignistic probability criteria. But here also the maximwf m5 is reached for
ANnB=C".

If we want to consider only the kind of possible sedimett&nd B and not also the
conjunctions, we can use a proportional conflict redistidsurules such as the PCR5
proposed in[[33]. Consequently we have= 0.3.(0.5/0.3) = 0.5 andy = 0, and the
PCRS5 rule provides:

’I’I’LPCR5(A) =0.30+0.5=0.8,
mpcrs(B) =0, (24)
mPCR5(A U B) = 0.20.
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The credibility, the plausibility and the pignistic probility are given by:

element | mpors | bel | pl | betP
[ 0 0 0 —
A 0.8 0.8 1 0.9
B 0 0 10.2] 0.1
AUB 0.2 1 1 1

On this numerical example, the decision will be the same thaiwonsensus rule, here
the maximum of pignistic probability is reached fdr(rock). In the next section we
see that is not always the case.

Model M;

Another modelM/5 which can be used in both the DST and the DSmT is given consid-
ering only one belief function according to the proportign b

’I’I’L(A) = PA-CA,
’I’I’L(B) = PB-.CB, (25)
m(AUB)=1— (pa.ca +pp.cp).

If for one expert, the tile contains onlyl, p» = 1, andm(B) = 0. If for another
expert, the tile containd and B, we take into account the certainty and proportion of
the two sediments but not only on one focal element. Consetyiee have simply:

A| B |AUB
mp | 06| 0 0.4
mg | 03]0.2] 0.5

In the DST context, the consensus rule, the credibility, glasibility and the
pignistic probability are given by:

element | m1a | bel pl betP
0 0.12] 0 0 —
A 0.6 | 0.6 | 0.8 | 0.7955
B 0.08 | 0.08 | 0.28 | 0.2045
UB 0.2 | 0.88 | 0.88 1

A

In this case we do not have the plausibility to decidedon B, because the conflict is
on{.
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In the DSMT context, the consensus rule, the generalizetibility, the general-
ized plausibility and the generalized pignistic probdypiire given by:

element | mio | Bel | Pl GPT

[ 0 0 0 —

A 0.6 | 0.72 ] 0.92 | 0.8933

B 0.08] 0.2 | 0.4 | 0.6333

ANB |0.12]0.12| 1 |0.5267
AUB 0.2 1 1 1

The decision with the maximum of pignistic probability eriia is still A.
The PCRS5 rule provides:

element | mpcprs | bel pl | betP
[} 0 0 0 —

A 0.69 0.69 | 0.89 | 0.79

B 0.11 0.11 { 0.31 | 0.21
AUB 0.2 1 1 1

where

mpens(A) = 0.60 +0.09 = 0.69,
’I’I’LPCR5(B) =0.08+0.03 =0.11.

With this model and example the PCR5 rule, the decision welhlsoA, and we do
not have difference between the consensus rules in the D&D&mT.

2 Discussion

We have build, in the previous section, the models, Ms, M3, M4, andMs in the
DSmT case in order to take into account the decision corisglatsoA N B (“there
is rock and sand on the tile”). In fact only thié; and M models can do it. Model
M- can do it only if both experts say N B. These two models assume thét B
and A N B are exclusive. Of course this assumption is false. For th@etsd/s, M,
and M5, we have to take the decision on the credibilities, plalisés or pignistic
probabilities, but these three functions fdrn B cannot be higher thad or B (or
for C’ than A’ U ¢’ and B’ U C" with the notations of the modélls). Indeed for all
r€ ANB,z € Aandzx € B,soforallX CY:

bel(X) < bel(Y),

pl(X) < pl(Y),

betP(X) < betP(Y),

Bel(X) < Bel(Y),

PI(X) < PI(Y),

GPT(X) < GPT(Y).
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Hence, our first problem is not solved: we can never chabseB with the max-
imum of credibility, plausibility or pignistic probabiljit If the two experts think that
the considered tile contains rock and saAd( B), then the pignistic probabilities are
equal. However the belief oA N B can be the highest (see the example on the models
M3 andM,). The limits of the decision rules are reached in this case.

We have seen that we can describe our problem both in the D&ThanDSmT
context. The DSmT is more adapted to modelize the beliet onB for example with
the modelM,, but modelM; with the DST can provide exactly the same beliefAn
B andA N B. Consequently, the only difference we can expect on thestbeccomes
from the combination rules. In the presented numerical gt@nthe decisions are the
same: we choosa.

An example of decision instability

Take another example with this last modé}: The first expert provides)4 = 0.5,
pp = 0.5, c4 = 0.6 andcg = 0.4, and the second expert providesy = 0.5,
pp = 0.5,c4 = 0.86 andcp = 1. We want take a decision only ohor B. Hence we
have:

A | B|AUB
my| 03 [02] 05
mg | 0.43 | 0.5 | 0.07

For M5 on the DST context:

element | mia bel pl betP
[} 0.236 0 0 —
A 0.365 | 0.365 | 0.4 | 0.5007
B 0.364 | 0.364 | 0.399 | 0.4993
AUB ]0.035|0.764 | 0.764 1

Ms with PCRS5 gives (with the partial conflicts; = 0.0562, y; = 0.0937, x5 =
0.0587 andy, = 0.0937):

element | mpcrs bel pl betP
[ 0 0 0 —
A 0.479948 | 0.479 | 0.5149 | 0.4974
B 0.485052 | 0.485 | 0.5202 | 0.5026
AUB 0.035 1 1 1

This last example shows that we have a difference betwedd3fieand the DSmT, but
what is the best solution? With the DST we chogkand with the DSmT we choose
B. We can show that the decision will be the same in the mostefttdse (about
99.4%)).
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Stability of decision process

The space where experts can define their opinions on whidhsses are presentin a
given tile is a part of0, 1]™: £ = [0,1]™ N (Z m(X) < 1). In order to study the

Xeco
different combination rules, and the situations where ttiffgr, we use a Monte Carlo

method, considering the weights,, ca, ps, cB, ..., as uniform variables, filtering
them by the conditionz pxcx < 1for one expert.

Xeoe
Thus, we measure the proportion of situations where detidiffers between

the consensus combination rule, and the PCR5, where coisflgbportionally dis-
tributed.

We can not choosd N B, as the measure of N B is always lower (or equal with
probability 0) than the measure df or B. In the case of two classed, U B is the
ignorance, and is usually excluded (as it always maxintisgl, betP, Bel, P1 and
GPT). We restrict the possible choices to singletofisB, etc. Therefore, it is equiv-
alent to tag the tile by the most credible class (maximaldfd), the most plausible
(maximal forpl), the most probable (maximal fowetP) or the heaviest (maximal for
m), as the only focal elements are singletosand(.

The only situation where the total order induced by the msssen singletons can
be modified is when the conflict is distributed on the singlstas is the case in the
PCR5 method.

Thus, for two classes, the subspace where the decisiondk™by consensus rule
is very similar to the subspace where the decision is “rogktie PCRS5 rule: only
0.6% of the volume differ. For a higher number of classes diéhasion obtained by
fusing the two experts’ opinions is much less stable:

number of classes 2 3 4 5 6 7
decision change | 0.6% | 5.5% | 9.1% | 12.1% | 14.6% | 16.4%

Therefore, the specificity of PCR5 appears mostly with mbanttwo classes,
and the different combination rules are nearly equivalérgmdecision must be taken
within two possible classes.

Left part of figurd B shows the density of conflict wittinfor a number of classes
of 2, 3, 6 and 7. Right part shows how this distribution chan§eve restricte to the
cases where the decision changes between consensus (dadcnd PCR5 (plain
lines). Conflict is more important in this subspace, mostgduse a low conflict usu-
ally means a clear decision: the measure on the best clafiesvery different than
measure on the second best class.

For the “two experts and two classes” case, it is difficulttaracterize analytically
the stability of the decision process. However, we can easibw that ifm,(A) =
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Figure 3: Density of conflict for (left) uniform random expeand (right) data with
different decision between consensus and PCR5.

mQ(B) or if ml(A) =

m1(B), the final decision does not depend on the chosen
combination rule.

3 [lllustration
Database

Our database contains 40 sonar images provided by the GES@upe
d’Etudes Sous-Marines de I'Atlantique). These images vadtained with a Klein
5400 lateral sonar with a resolution of 20 to 30 cm in azimunth & cm in range. The
sea-bottom depth was between 15 m and 40 m.

Two experts have manually segmented these images givinkjrideof sediment
(rock, cobble, sand, silt, ripple (horizontal, verticaled45 degrees)), shadow or other
(typically ships) parts on images, helped by the manual segation interface pre-
sentedin figur<E|4. All sediments are given with a certaintglésure, moderately sure

or not sure). Hence, every pixel of every image is labelece#izgeither a certain type
of sediment or a shadow or other.

Results

We noteA = rock, B = cobble,C' = sand,D = silt, £ = ripple, ' = shadow and
G = other, hence we have seven classes@nd {A, B,C,D, E,F,G}. We have
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Figure 4: Manual Segmentation Interface.

applied the generalized mod&l; on tiles of size 3232 given by:

(26)

= pr1.c1 + pr2-c2 + prs.cs, for shadow,
= pai-c1 + pae-c2 + pas.cs, for other,
1—(m(A) + m(B) + m(C) + m(D) + m(E) + m(F) + m(G)),

)
)
)
3 = pE1.c1 + PE2.co + pE3.cs, forsilt,
)
)

wherecy, ¢ andcs are the weights associated to the certitude respectivelyre®,
“moderately sure” and “not sure”. The chosen weights are:her = 2/3, co =
1/2 andes = 1/3. Indeed we have to consider the cases when the same kind of
sediment (but with different certainties) is present onthme tile. The proportion
of each sediment in the tile associated to these weightstednéor instance for:
PAl, pa2 @ndpas. The tableﬂl gives the conflict matrix of the two experts. We&eno
that the most of conflict come from a difference of opinionviatn sand and silt. For
instance, the expert 1 provides many tiles of sand when there® thinks that is silt
(conflict induced of 0.0524). This conflict is explained b thfficulty for the experts
to differentiate sand and silt that differ with only the insity. Part of conflict comes
also from the fact that ripples are hard to distinguish framdsor silt. Ripples, that is,
sand or silt in a special configuration, is sometimes diffitmsee on the images, and
the ripples are most of the time visible in a global zone wisaned or silt is present.
Cobbles also yield conflicts, especially with sand, silt emak: cobble is described by
some small rocks on sand or silt. The total conflict betweertwo experts is 0.1209.
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Expert 2

Rock | Cobble| Ripple| Sand Silt Shadow| Other

Rock - 12.87 | 2.72 4.42 3.91 6.41 0.22

— | Cobble | 5.59 - 0.85 | 18.44 | 3.85 0.04 0
5| Ripple | 3.12 | 3.38 - 30.73 | 150.60| 0.27 0.16
$| Sand | 950 | 43.39 | 42.60 - 524.33| 0.51 0.57
u Silt 6.42 | 27.05 | 36.22 | 258.98 - 2.60 0.11
Shadow| 3.82 | 0.15 2.13 1.38 0.50 - 0.41
Other 0 0.20 0.10 0.35 0.31 0.14 -

Table 1: Matrix of conflict & 10%) between the two experts.

Hence, our application does not present a large conflict.

We have applied the consensus rule and the PCR5 rule witmibitel. The de-
cision is given by the maximum of pignistic probability. Inost of the cases the
decisions taken by the two rules are the same. We note agtifferonly on 0.4657%
of the tiles. Indeed, we are in the seven classes case wighDo09 of conflict, the
simulation given on the figure 3 show that we have few charatglie decisions differ.

4 Conclusion

In this paper we have proposed five different models in ordetake into account
two classical problems in uncertain image classificatiam {(faining or evaluation):
the heterogeneity of the considered tiles and the certaihtige experts. These five
models have been developed in the DST and DSmT contexts. 8tkeolyeneity of
the tile and the certainty of the expert can be easily takenancount in the models.
However, if we want to have the plausibility of taking a démison such a tile (with a
conjunctionA N B) the usual decision functions (credibility, plausibilaynd pignistic
probability) are not sufficient: they cannot allow a suchisiea. We can take the
decision onA N B only if we consider the belief function and if the model prdes a
belief onA N B.

We have also studied the decision according to the conflittathe combination
rules: conjunctive consensus rule and PCR5 rule. The decfsken with the maxi-
mum of the credibility, the plausibility or the pignisticgivability) is the same in most
of the cases. For two experts, more classes leads to moréctamfll to more cases
giving a different decision with the different rules.

We have also illustrated one of the proposed models on real $mages classified
manually by two different experts. In this application th&at conflict between the two
experts is 0.1209 and we note a difference of decision only.4657% of the tiles.
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We can easily generalize our models for three or more expedsise the general-
ized combination of the PCR5 given by the equat@m (7). Ofsethe conflict will be
higher and the difference in the decision must be studied.

References

[1] MARTIN, A. (2005): Comparative study of information fusion methdalr sonar
images classification, The Eighth International Confeeeoi Information Fu-
sion, Philadelphia, USA, 25-29 July 2005.

[2] XUuL.,KRzYzAK A., SUEN C.Y. (1992): Methods of Combining Multiple Clas-
sifiers and Their Application to Handwriting RecognitidBEE Transactions on
Systems, Man Cybernetjdsol 22(3), pp 418-435.

[3] LAM L., SUEN, C.Y. (1997): Application of Majority Voting to Pattern Reg-
nition: An Analysis of Its Behavior and Performand&EE Transactions on
Systems, Man, and Cybernetics - Part A: Systems and Hywah&27(5), pp
553-568.

[4] ZADEH, L. (1978): Fuzzy sets as a basis for a theory of possiblitgzy Sets
and System3$/l 1, pp 3-28.

[5] DuBols, D., PRADE, H. (1988): Possibility Theory: An Approach to Comput-
erized Processing of UncertainBlenum Press, New Yark

[6] DEMPSTER A.P. (1967): Upper and Lower probabilities induced by atival-
ued mappingAnnals of Mathematical Statisticgol 83, pp 325-339.

[7] SHAFER, G. (1976): A mathematical theory of eviden&&jnceton University
Press

[8] SMARANDACHE, F., DEZERT, J. (EDITORS) (2004): Applications and Ad-
vances of DSmT for Information FusioAmerican Research Press Rehoboth

[9] SMETS, PH. (1990): The Combination of Evidence in the Transferabléee
Model, IEEE Transactions on Pattern Analysis and Machine Intelige Vol
12(5), pp 447-458.

[10] YAGER, R.R. (1980): On the Dempster-Shafer Framework and New Guanb
tion Rules Informations Science¥l 41, pp 93-137.

[11] Dueols, D., PRADE, H. (1988): Representation and Combination of uncertainty
with belief functions and possibility measur€pmputational Intelligencevol
4, pp 244-264.



Arnaud MARTIN and Christophe OSSWALD 21

[12] SMETS, PH. (1993): Belief functions: the Disjunctive Rule of Combiioa and
the Generalized Bayesian Theordmternational Journal of Approximate Rea-
soning Vol 9, pp 1-35.

[13] SMARANDACHE, F., DEZERT, J. (2005)Information Fusion Based on New Pro-
portional Conflict Redistribution Ruletnformation Fusion, Philadelphia, USA,
25-29 July 2005.

[14] SMETS, PH. (1990): Constructing the pignistic probability functiona context
of uncertaintyUncertainty in Artificial IntelligenceVol 5, pp 29-39.

[15] DEZERT, J., SMARANDACHE, F., DANIEL, M. (2004): The Generalized Pig-
nistic Transformationinformation Fusion, Stockholm, Sweden, 28 June-1 July
2004.

ARNAUD MARTIN is a teacher and researcher at the ENSIETA in the laboratory
E3I%: EA3876, Brest, France. He received a PhD degree in SigoakBsing (2001),
and Master in Probability (1998). His research interes¢sraainly related to data
fusion, data mining, signal processing especially for s@ral radar dataE-mail:
Arnaud.Martin@ensieta.fr.

CHRISTOPHE OSSWALD is a teacher and researcher at teh ENSIETA in the labo-
ratory £312: EA3876, Brest, France. He received a PhD degree in Mathiesrad
Computer Science (2003) and engineer graduated from Eody¢ePhnique (promo-
tion 1994). His research interests are related to classificadata fusion and (hy-
per)graphs theorfe-mail: Christophe.Osswald@ensieta.fr.



