Multisource Image Fusion Algorithm Based On A New Evidential Reasoning Approach

Micka&l Germainh, Matthieu Vooron, Jean-Marc Bouchéy Goze B. Bénié et Eric Beaudry

(1) Centre d’'applications et de recherches en télédétection (CARTEL),
Université de Sherbrooke, Canada, Email : mickael.germain@usherbrooke.ca
tél. : (1-819)821-7180
(2) Ecole Nationale Supérieure des Télécommunications de Bretagne,
France, Email : jm.boucher@enst-bretagne.fr
tél. 1 33(0)229 00 11 11

Abstract—We propose a new way to initialize the mass function of the ship. The disadvantage of the fuzzy theory is that it characterizes
Dempster-Shafer theory of evidence. The new initialization process is based tha uncertainty in an implicit way only the inaccurate property
on a fuzzy statistical approach and uses the FSEM algorithm (Fuzzy Statis- . LT '
tical Estimation Maximization). This allows to classify image in "pure" and of information is represented [3]. .

"fuzzy" regions, and thus enable an optimal estimation of the inaccuracy 1 he Demspter-Shafer (DS) theory of evidence allows to re-
and uncertainty of the classification. present at the same time the inaccuracy and uncertainty using

We apply our new evidential reasoning approach for the fusion of a ¢qnfidence, plausibility and credibility functions. It defines a
Landsat multispectral image with vegetation indices and a digital elevation ’

model. framework of understanding representing all the subsets of the
Keywords— Remote Sensing, Classification Algorithm, Fusion Algo- Classes space. The principal advantage of this theory is to af-
rithm, Evidential Reasoning, Fuzzy Logic fect a degree of confidence which is calledss functiorio all
simple and composed classes, and to take into account the igno-
INTRODUCTION rance of the information. However, there is no generic method

) ) . ) . _ to define the mass functions. Most of the time, they are compu-
This article describes a new data fusion algorithm which jgq using an empirical method which depend on the nature of
a part of the SITI project (Intelligent System of Image Procege information. Thus, we will present, in the next sections, a
sing). The purpose of this project is to design and develop n@w global solution with a more rigorous way to deal with the
algorithms for analysing, segmenting and extracting informati%ncepts of uncertainty and inaccuracy in the DS theory.
based on an expert fusion process of optical, radar or auxiliary
data. THE DEMPSTER SHAFER THEORY OF EVIDENCE

Data fusion related to a same object or a same scene becomeg,, pg theory of evidence was first introduced by Demps-
more and more essentlgl In rem_o_te Sensing appllcat|ons._ Itis féfr' [6] and formalized by Shafer [11]. This mathematical theory
ten necessary to associate additional and/or redundant mforri)gac-Omposeol of three distinct parts : the definition of the mass

tion, in ord(_er to reject, confirm or create a deC|S|qn. A def'n't'%nctions, the combination process and the decision-making.
of data fusion was formulated by Bloch and Maitre [3] : “data

fusion is the joint use of heterogeneous information for the aphe definition of the mass definition

sistance with the decision-making”. This definition emphasizesA mass function can be compared with a dearee of confidence
the essential points of a fusion process : unctl P wi 9 :

- the heterogeneity of the data makes it possible to rovigge can have in the studied data. It have to be set between values
o terogeneity KES It pos P )and 1, where 1 stands for a total confidence and 0 for no confi-

additional information for sources of similar or different naturedence at all. In the terminology of Dempster and Shafer, we do

- the joint use of mf_ormatlon en_ables to _spe_C|fy the 'MPORot define anymore data or classes, but only "hypotheses". Then,
tance of the final decision. Indeed, if a decision is made for ea ?Hass function will be defined on a hypotheses set, called the
;'Sng ?Js?(?rﬁa ?gf:;gt::]y’ r;hoerg .the process can not be con&dg;g e of discernmentt represents a set of mutually exclusive

P >S any | - . . and exhaustive propositions.

- the goal of fusion is to provide an aid in the decision-making Let us note the hypotheses gtomposed of single mutually

Process. exclusive subsél;. The DS fusion works on a single hypothe-

There are mainly three models of fusion operators cited U 'y it works also on all subset composed of several single
the scientific literature : probabilistic bayesian models , fuzzr}y

) otheses. So the DS fusion process is base2Poelements
models and models resulting from the Dempster-Shafer the%éﬁedpropositions
of evidence.

L . ) A mass function for one source and for one proposition is
The probabilistic bayesian models are the most cited modelfistined as follows

the concept of fusion is deduced from the Bayes rule. However,

in the bayesian models there is a confusion between two antago- m:2° = [0,1] 1)
nist concepts : the uncertainty and the inaccuracy. Moreover, we ’
have to note that the performances of the bayesian data fusion Z m(A) =1 (2)
tend to be decrease when the number of information sources in- Ac2@
creases.

m(¢) =0 ®3)

One of the most known non-probabilistic techniques is the
fuzzy theory. This technique, introduced by Zadeh [13], repre-By using this representation model one can assign a confi-
sents information in the form of explicit functions of memberdence value to a set of composed hypotheses. This value shows



that it is impossible to dissociate the set of assigned hypotheses. FuzzyY STATISTICAL CLASSIFICATION METHOD
It is the main advantage but also the principal difficulty of th

DS method. Indeed, there is no generic method to define a mEQQC'ple of the fuzzy SEM algorithm

value on a single or a composed hypothesis. Classification processes of remote sensing images do not re-
. o present the complex reality of a studied area. In fact, let us consi-
Evidence combination der the problem of segmenting a satellite image into two classes :

The greatest advantage of DS theory is the robustness of‘Weiter” and “vegetation”. There may be some pixels with only
way of combining information coming from various sourcegegetation or water, but others, as in a boggy area, in which wa-
with the DS orthogonal rule. For instance, let us denote tWwer and vegetation are simultaneously present. In the first case,
mass distributionsn; andms from two sources. Then, the DSthe pixel will be called gure pixel and in the second case, it
combination can be represented by the following orthogonalll be called amixedpixel.

rule : Some people proposed solutions to resolve this problem,
Caillol et al[5] introduced fuzzy data in some classical statical

S ma(By)ma(Bs) models. To counter t_hi; drawback_, some algorithms introdL_Jce a

(1 @ ma)(A) = BiNBy=A K+41 () fuzzy version of statistical modelling. Thus, parameter estima-

! 2 1-K ’ tion stochastic algorithms have been modified to take fuzzy data

into account such as the Expectation Maximisation (EM), Sto-
K= Z m1(B1)mz(Bs) (5) chastic Expectation Maximization(SEM) and Iterative Conditio-
BiNBy=¢ nal Estimation (ICE) algorithm. All theses algorithms only ap-

K is considered as a normalization factor and is interpretedRl¥ for the case of a maximum of two pure classes. Estimation
a measure of conflict between the various sources. In additiggorithms become too complex if the number of pure classes
it is a representation of the empty set mass function. Thus, {Réreases.

larger I, the more the sources conflict and the less sense theiin the following section, we propose to generalize the Fuzzy
combination has. I = 1, then the sources are totally contraSEM (FSEM) for K classes with the following hypothesis :

dictory. a fuzzy class or a mixed class cannot be composed of more
o . than two "pure" classes [7]. This hypothesis is widely ob-
Decision making served in pratice, like “water-vegetation”, “trees-house” and

Unlike the bayesian theory, where the decision criterion is oRgricultural-vegetation” fuzzy classes, whereas “trees-houses-
ten the maximum of likelihood, the DS theory gives many s@gricultural” mixed classes or others are fairly unusual.
lutions to take a decision. The are several ways to decide whichA complete description of the FSEM algorithm can be find in
is the most reliable hypothesis from single or unions of propo$¥]. Let us define the unobservable random fi&ld= (X;).cs
tions. taking its values in a finite set of class@s We denoteY =
The decision making rules that are the generally used ar€;)ses the observed random field which is a corrupted version
maximum of belief, maximum of plausibility or compromise®f X, andS be the set of pixel$' = {1, ..., n}.
between them. We can find an exhaustive list of decision crite-Let us define two independant gaussian random variahles
rion in [4]. and y; associated with the two pure classgsand 6;. The
gaussian densitieg; and f; are defined by the distributions
MASS FUNCTION DEFINITION N(m;,0;) andR(m;, o;) respectively. The fuzzy density defi-
Initialization methods for the mass function in the DS theonyed for a fuzzy class betwe#handd; can be simply obtained
are various and depend on the considered application framewdykhe following linear relation [10] :
considered. According to the method applied for the initializa-
tion process, we can set with a correctly way the mass functions ys = eyi + (1 —€)y;, € €]0, 1] (6)
were selected, it is possible to more or less correctly translate the
various aspects of uncertainty and the inaccuracy. There are gferee is the mixture coefficient betweeh and?;.
rently two main categories of applications for the mass function
initialization. The first one is based on probabilistic methods andIn this context, we show that the fuzzy distribution is a gaus-
lead to method like the consonant, partially consonant or dissan density(m;;(e), 0:;(¢)) :
nant distributions [4][8]. The drawback of these methods is that

they are defined in an empirical way for the composed propo- mij(e) = (1 — &)m; + em; )
sitions. They do not take into account fuzzy data. The second
mass function initialization category is based on fuzzy analysis gfj (6) = (1 —e)%02 + 520]2, (8)

[2][12]. These techniques use the membership functions as mass o o _
function, but they do not respect highly incertain information as Finally, the pure distribution density is defined by :
the presence of noise on image for example. The originality of

this project is to use a fuzzy statistical algorithm based on the 1 _%
FSEM (Fuzzy Stochastic Estimation Maximization) in order to fily) = \/We ' ©)

better characterize the concepts of uncertainty and inaccuracy in
the mass function definition. and the fuzzy distribution density :



1 _ (y=mij(e))?
2
fijle,y) = ——=e 7" (10)

N K-1 K L, N
2m0?(e) p) =Y m [[ filws)+>. D> / mij [ [ fii (e ys)de
0 n=1

i=1 n=1 i=1 j=i+1
Thus, by generalizing the approach defined in Caiibhl. ! (16)
[5], the pixel density is given by the following formula :
Fuzzy STATISTICAL METHOD FOR MASS FUNCTION

1 INITIALIZATION

K K K 1
p(ys) = Z mifi(ys) + Z Z / mijfi(e,ys)de  (11) Mathematically, we can define non-normalized masses for all
i=1 i=1 j=i+1“0 the simple et composed hypotheses as follows :

wherer; andr;; correspond to, respectively, thepriori proba- N

bility of the pure and the fuzzy classes. m(6;) = H fi(ys) a7
With the bayesian theory, we can describe #hposteriori n=1

probability for each class :

LN
- for the set of pure classes : (0 U 0;) = / 1_[1 fig (€ ys ) de (18)
0o "=
Plzy=6;)Y, = ys) = mi fi(ys) (12)  wheref;(y,) and f;;(e,y,) are the conditional densities des-
p(ys) cribed in the previous section.

- for the set of fuzzy classes : APPLICATION TO REMOTE SENSING IMAGES

f01 i f(€,ys)de (13) Data set
p(ys) The studied zone is the region of “Grand Lake”, located in the

E the definiti f the ab babilit area of Gooze Bay, Labrador. It is mainly composed of different
rom the detinition of the above probabliities we can estl’(')rest densities and clear cuts. The last cartographic update rea-

mate the unknown parameters;, 7;, m;;, m;, m;, ;, o; from lized in 1988

asample ofX . A full description of the FSEM algorithm can be We use the PCA on the LANDSAT image to reduce the data

found in [7]. to three bands containing 95% of the information. We also com-

FSEM applied to multispectral data pute the Tasseled cap images, to extract the brightness, green-

ess and wetness informations, see figure 1.b to 1.d. We also

The fuzzy statistical analysis described previously is defingde auxiliary information relative to the altitude of the studied
for only one spectral band. However the data on which we wogke 4 (fig.1.e). All this complementary and redundant informa-

are are made of several, saj, bands. ThoseV images have (o have to be extracted in a rigorous way and the orthogonal
to be analysed, so in this context the unobservable random figlfl, of DS is used to combine them
N __ N )
can ne .represen'ted by™ = (X, ,)S,GS' , The extraction of the information is carried out by the FSEM
The introduction of the multidimensionnal property of theqithm from PCA data and Tasseled Cap images. The pure
data increases the algorithmic complexity of the problem. ThQ f,,7y densities extracted are used in the initialization pro-
generalization of the equations (12,13)Ncbands is not trivial. oqq 1 compute simple and composed hypotheses of the eviden-

The solution is to set a simplifying hypothesis in order to makg,| theory. We apply a sober filter on the altitude information,
the algorithm practically realizable. The most used hypothegisegits in a map containing the slope information of the area.

is the conditiona_ll indepenplen@mich stipulatels that,2knowin9 We use this information to initialize the mass functions accor-
the class);, the joint density of two _vanaple;(;;s andy; is the  4ing 10 a slope threshold above which confidence for simple and
product of the densities of each variable : composed hypotheses “water” or “boggy” is weak.

P(.%S - ofu/Y; = ys) =

filyh,yd) = filyd)-fi(y?) (14) Results analysis

This hypothesis can be reinforce by applying a principal com- A simple probabilistic unsupervised classification based on
ponent analysis (PCA) which reduces the inter-band correlatigie SEM algorithm gives 55 % of good classification (fig.2.a).
and decrease the number of spectral bands. The equation (1¥hi& contribution of DS fusion initialized by the FSEM algo-
written for a numberV of spectral bands in the following way :rithm with the Tasseled Cap transformation can improve the
classification quality in particular for boggy and vegetation

” Kol K . classes. The rate of classification is 61 % (fig.2.b). The contribu-

Ny _ f (N e N tion of slope information (fig.2.c) removes some natural artefact
p(yl) ;szz(ys )+ ; j§1/0 miifis (& )de (19) o ed to LANDSAT TM data acquisition. In fact, the shadow
of some clouds is classified like “water” or “boggy” with the

The simplification of equation 15 with the independenc8EM algorithm. Some pixels classified as water or boggy are on
conditional hypothesis result in the following formula : high slope areas which is not realistic. Those pixels are in fact
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(d) a (e) - (d) B - (e)

Fig. 1. (a) image composed of 3 principal components from LANDSAT TM.. :
multispectral images, (b) to (d) Brightness, Greenness, and Wetness Tasg%:l%' i +(2|)o§eEN(|c’j)(tl)E)v::diﬁ:iAar STEar\jlsilgdG?;fnfdu'srlr?ﬂﬁ (c) FSEM + Tasseled Cap

Cap indices respectively, (e) Altitude information



