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ABSTRACT

The hidden Markov field (HMF) model has been used in
many model-based solutions to image analysis problems,
including that of image segmentation, and generaly
gives stisfying results. However, when the dassimage
is non stationary, the unsupervised segmentation results
provided by HMF can be poa. In this paper, we tadkle
the problem of modeling a non stationary hidden random
field and its effed on the unsupervised statisticd image
segmentation. We propose an original approad, based
on the recet triplet Markov field (TMF) model, to
segment non stationary images. Experiments indicate
that the new agorithm performs better than the dasscd
one.

1. INTRODUCTION

Image segmentation is a fundamental and yet difficult
task in madine vison. Among several models and
approaches developed, hidden Markov fields (HMF) and
Bayesian segmentation based on them, can be of
outstanding efficiency in numerous stuations. Hundreds
papers have been written on the subjed since the seminal
articles[2, 4, 5, 7] and arich bibliography can be seen in
[10]. However, when considering ron stationary images,
which will be in this paper class images, and
unsupervised segmentation, HMF model is difficult to
apply. In fad, to model non stationarity of the dass
image one has to make depend the form potential
functions (defining the Markovian distribution of the
classfield) on pixels. Now, such dependence makes very
difficult the estimation of the model parameters when
considering the unsupervised segmentation framework
(in which HMF parameters are estimated from the
observed image). The ideaof this paper is to use athird
random field whose redizaions would model the
simultaneous presence of different stationarities in the
classimage.

Let us notice that similar general ideas concerning the
hidden Markov chains (HMC) and triplet Markov chains
(TMC) are presented in [6]; however, models and
processng considered here ae mmpletely diff erent.

2. HIDDEN AND TRIPLET MARKOV FIELDS

Let S be the set of pixels. HMF model contains two
stochastic procesees X =(X,.),c and Y =(Y.) ., in
which X = x is unobservable — or hidden - and has to
be rewmvered from the observed Y =y. Therefore,
Y =y can be seen as a noisy version of X = x. In this
paper we nsider the problem of digita image
segmentation : ead X, takesits values in afinite set of
clases Q ={w1,...,wk}, whereas ead Y, takesits values
in the set of red numbers R. The distribution p(x) of
the field X is a Markov distribution, and it is the same
with its posterior distribution p(x]y) , which is its
distribution conditional on Y =y . The Markovianity of
p(x|y) is crucial becaise it enables one to estimate the

marginals p(X.|y), and thus enables one to apply the

Bayesan Maximum  Posterior Mode (MPM)
segmentation method [7]. Albeit this model has been
thoroughly tested in the stationary case, it can fail in the
non stationary one, in which the parameters defining the
potential functions on cliques can vary when cliques vary
in the set of pixels.

The @m of this paper is to present a novel approach that
enables one to avercome this problem. Our contributions
are twofold. First, the proposed approach consists of
using the recent “Triplet” Markov fields (TMF [8])
model, in which one introduces a third random field
U=(U,)., eah U_ taking its values in a finite set

A={A,...A,}. Theideais to interpret the M possble
values of U, as M different possble stationarities of
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X =x. The triplet T=(X,U,Y) being asaumed

Markovian, p(x;,u, is computable for the same

ressons as above, and thus p(X,
p(Xs = Z\ p(Xs’us

perform MPM segmentation asin classcd HMF.

The seomnd novelty of this paper is to adapt the
parameter estimation method described in [1], based on
the general “lterative Conditional Estimation” (ICE [3,
9]) to the particular TMF considered in this paper.
Finally, we show, via eperiments, that unsupervised
segmentation methods based on ICE and TMF can be
significantly more dficient that those based on ICE and
HMF.

Let us consider, as an example, the distribution of the
Markov field X =(X,) . defined by the energy

is given by

wix)= 5 a,0-250c.x )+ 5 a,-250c.x)) @

Where C, is the set of couples of pixels horizontally
neighbours, C, is the set of couples of pixels verticaly
neighbours, and S(x_,x ) verifies &(x_,x)=1 for
x,=x, and &(x,x)=0 for x #zx. The field
X =(X,)ys isthen classcdly Markovian with resped

to four nearest neighbours.
Furthermore, let us consider classcdly that the random
variables (Y.),, are independent conditionally on

X =(X,)gs- Thedistribution of (X,Y) isthen written

p(x, y) = y exp[-W(x) ;Log(p(ysx»] @

We generalize this model by considering (X,U), with
two stationarities A ={a,b}, whose distribution is
defined by the energy

Wixu)= ¥ a0-25(c.x))-

@2,6% (u,.u,8)+a2,6% (u,,u,.b)JL-5(x, %))

©)
+ 2 au-25(x.x))-
(a 5*(u u, a)+a 6* ug,u, b)(l 5xs,x[))
with  3*(u,u,a)=1 for u =y, and

5*(us,ut,a) 0 otherwise ad 5(u u, b) 1 for
u =u =a, and o* (us,ut,b)—O otherwise. We can

ealy verify that for x =u the energy (3) is reduced to
the energy (1); therefore the model (3) is a generalisation
of the dasdcd mode (1).

Furthermore, let us define the distribution of (X,U,Y)

by

p(x, U, y) = y exp[-W (x,u)+ > Log(py.x ) (4

Both models HMF given by (2) and TMF given by (4)
y). In HMF this is
clasgcdly done from (2) using the Gibbs sampler, and in
TMF thisis done in two steps : (i) estimate p(x,,u
by the Gibbs smpler; (i) cdculate
p(x|y) = ; p Therefore, the Bayesian

Maximum Posterior Mode (MPM) can be used in both
HMF and TMF given by (2) and (4), respedively.

s? s

3. EXPERIMENTS

We give below four examples of the use of the TMF
model given by (4) in ursupervised image segmentation.
As edfied above, all parameters are estimated from
Y =y by a particular algorithm belonging to the so
cdled “ICE” family of methods[1].

The two first examples concern simulations with resped
to the new model (4). In eadh of the two cases
considered, (X,U) is first smulated acording to (3),
and then X = x is corrupted with Gausdan white noise
with means m =0, m,=2., and variances

o?=0g}=1 Figl correponds to a; =a, =1.,

ai =a’, =05, a? =a? =-04, wheress Fig.2

corresponds to a;, =a, =1., ai =1, a} =-03,

av
2 =-03, aj =1 The redizations of U
corresponding to these two cases are given in Fig. 3. We
can seethat resultsin Fig. 2 are particularly striking.
The third example mncerns a hand-drawn image x,
noisy as above with m =0, m =16, and

o?=0?=1. Such an image is neither TMF nor HMF

and we can seg acording to results in Fig. 4, that the
new method is of interest.

The fourth example @ncerns an applicdion of the
proposed model to ared image. Fig. 5 compares results
obtained with the new TMF model based unsupervised
segmentation and the dasscd HMF based one. This
43x430 radar image represents a part of the
Netherlands and contains four classes. As we have no
ground truth, it is difficult to draw rigorous conclusions;
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however, in some spots we better recover some details
like connections between canals, which are represented
by the black linesin the image.

_(b) Yfield _

(c) new TMF based MPM :
error = 14.21%

(d) dlassical HMF based

MPM : error = 18.6%

"

(b) U =u fleldln F|gl

() U =u fiddinFig 2

Fig. 1 : Simulated images using the new TMF model (a,
b) and two MPM based on TMF and classicd HMF
unsupervised segmentation results (c, d).

(b) Y field

(c) MPM TMF : error =
5.41%

(d) MPM clamcal HMF :
error = 16.82%

Fig. 2 : Simulated images using the new TMF model and
two MPM based on TMF and classicd HMF
unsupervised segmentation results.

Fig. 3: Redlizationsof U inFig. 1 and Fig. 2.

E

(a) classimage x
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(c) true u
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(e) MPM+TMF : error =
6.41%

(f) MPM classical HMF :
error = 10.37%

Fig. 4 : Hand-drawn class image x (@), its noisy version
(b), u corresponding to x (c), estimated u (d), new
method unsupervised segmentation result (e€), and

classical method one (f).
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Fig. 5 : Red image segmentation (four classes) with the
new method and a dasscd one

All the segmented images presented above have been
obtained after 100 MPM samples, ead of which is
performed by 20 Gibbs sampler iterations.

Let us remark that we focused in this paper on
recovering X =x from Y =y; however, U =u can
also have aphysicd interpretation and its estimation can
be of interest. For example, let us imagine that there ae
two classes “houses” and “trees’. Otherwise, a half of the
image X =x isa‘town”, and the other half is “outside
town”. Furthermore, let us asaume that there ae treesin
town, and there ae houses outside town. As the
distribution of X is different in “town” and “outside
town”, these two passbiliti es will be model, ac@rding to
our model, by two stationarities A,, A,. Therefore, for a

given pixel sOS, we can say that X, is “*house” or
“trees’, and u, is “town” or “outside town”, and bah of
them are of interest. As p(u.|y) is computable from

p(x,,u,ly) by p(u, y)=;p(xs,us
X

estimated from Y =y by MPM. One such example is
provided in Fig. 4.

y), U=u can be

4. CONCLUSION

We dedt in this with ursupervised Bayesian
segmentation of non stationary images. We showed : (i)
the recett TMF model [8] can model non stationarity in

an efficient way; (i) TMF based unsupervised
segmentation of non stationary images can be more
efficient than the dasscd HMF based one.

5. REFERENCES

[1] D. Benboudjema axd W. Piecznski, “Parameter
edtimation in pairwise Markov fields’, Advanced
Concepts for Intelligent Vision Systems (ACVIS 04),
Aug. 31-Sept. 3, Brussels, Belgium, 2004

[2] J Besag, “On the satisticd analysis of dirty
pictures’, Journal of the Royal Satistical Scriety, Series
B, 48, pp. 259302, 1986

[3] J.-P. Delmas, “An equivaence of the EM and ICE
algorithm for exponential family”, IEEE Trans. on
Sgnd Processng, Vol. 45 No. 10, pp. 26132615
1997

[4 H. Derin and H. Elliott, “Modding and
Segmentation of Noisy and textured images using Gibbs
random fields,” IEEE Trans. on Pattern Analysis and
Machine Intelligence, Vol. 9, No. 1, pp. 39-55, 1987.

[5] S. Geman and D. Geman, “Stochastic relaxation,
Gibbs distributions and the Bayesian restoration of
images,” |IEEE Trans. on Pattern Analysis and Machine
Intelligence, Vol. 6, pp. 721-741, 1984

[6] P. Lanchantin and W. Pieczynski, “Unsupervised non
stationary image segmentation using triplet Markov
chains’, Advanced Concepts for Intelligent Vision
Systems (ACVIS 04), Aug 31-Sept. 3, Brussls,
Belgium, 2004

[7] J. Marroquin, S. Mitter, T. Poggio, “Probabili stic
solution of ill -posed problems in computational vision,”
Journa of the American Satistical Asciation, 82, pp.
76-89, 1987.

[8] W. Piecanski, D. Benboudjema, and P. Lanchantin,
“Statisticd image segmentation using Triplet Markov
Fields’, SPIE's International Symposium on Remote
Sensing, September 22-27, Crete, Greece 2002

[9] W. Piecznski, “Statisticd image segmentation”,
Machine Graphics and Vision, Vol. 1, No. 1/2, pp. 261-
268 1992

[10] G. Winkler, “Image andysis, randan fields and
Markov Chain Monte Carlo Methods: a mathematical
introduction” , Springer, 2003



