Available online at www.sciencedirect.com

SCIENCE@DIRECT® Computer Vision
and Image
13 Understanding

ELSR Computer Vision and Image Understanding 99 (2005) 476-498

www.elsevier.com/locate/cviu

Unsupervised image segmentation using
triplet Markov fields

Dalila Benboudjema, Wojciech Pieczynski *

GETIINT, Département CITI, 9, rue Charles Fourier, 91000 Evry, France

Received 14 April 2004; accepted 22 April 2005
Available online 13 June 2005

Abstract

Hidden Markov fields (HMF) models are widely applied to various problems arising in
image processing. In these models, the hidden process of interest X is a Markov field and must
be estimated from its observable noisy version Y. The success of HMF is mainly due to the fact
that the conditional probability distribution of the hidden process with respect to the observed
one remains Markovian, which facilitates different processing strategies such as Bayesian res-
toration. HMF have been recently generalized to “pairwise’” Markov fields (PMF), which offer
similar processing advantages and superior modeling capabilities. In PMF one directly
assumes the Markovianity of the pair (X, Y). Afterwards, “triplet” Markov fields (TMF), in
which the distribution of the pair (X, Y) is the marginal distribution of a Markov field
(X, U, Y), where U is an auxiliary process, have been proposed and still allow restoration pro-
cessing. The aim of this paper is to propose a new parameter estimation method adapted to
TMF, and to study the corresponding unsupervised image segmentation methods. The latter
are validated via experiments and real image processing.
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1. Introduction

Hidden Markov fields (HMF) are widely used in solving various problems, com-
prising two stochastic processes X = (Xj)ses and Y = (Y¥j),cs, in which X' =x is
unobservable and must be estimated from the observed Y = y. This wide use is
due to the fact that standard Bayesian restoration methods can be used in spite of
the large size of S: see [3,12,19] for seminal papers and [14,33], among others, for
general books. The qualifier “hidden Markov” means that the hidden process X
has a Markov law. When the distributions p (y|x) of Y conditional on X = x are sim-
ple enough, the pair (X, Y) then retains the Markovian structure, and likewise for the
distribution p(x|y) of X conditional on Y = y. The Markovianity of p(x|y) is crucial
because it allows one to estimate the unobservable X = x from the observed Y =y,
even in the case of very rich sets S. However, the simplicity of p(y|x) required in stan-
dard HMF to ensure the Markovianity of p(x|y) can pose problems; in particular,
such situations occur in textured images segmentation [21]. To remedy this, the
use of pairwise Markov fields (PMF), in which one directly assumes the Markovia-
nity of (X, Y), has been discussed in [26]. Both p(y|x) and p(x|y) are then Markovian,
the former ensuring possibilities of modeling textures without approximations, and
the latter allowing Bayesian processing, similar to those provided by HMF. PMF
have then been generalized to ““triplet” Markov fields (TMF), in which the distribu-
tion of the pair Z=(X,Y) is the marginal distribution of a Markov field
T=(X,U,Y), where U= (Uy)cs is an auxiliary random field [27]. Once the space
A of possible values of each Uj is simple enough, TMF still allow one to estimate
the unobservable X =x from the observed Y =y. Given that in TMF
T= (X, U,Y) the distribution of Z = (X, Y) is its marginal distribution, the Marko-
vianity of 7 does not necessarily imply the Markovianity of Z; and thus a TMF
model is not necessarily a PMF one. Therefore, TMF are more general than PMF
and thus are likely to be able to model more complex situations. Conversely, a
PMF model can be seen as a particular TMF model in which X = U.

There are some studies concerning triplet Markov chains [18,28], where general
ideas somewhat similar to those discussed in the present paper, have been investigat-
ed. However, as Markov fields based processing is quite different from the Markov
chains based one, we will concentrate here on Markov fields with no further refer-
ence to Markov chains.

This paper is mainly devoted to study situations in which using TMF can improve
the image segmentation results obtained with PMF and HMF. Its principal purpose
is to propose an efficient TMF parameter estimation method and show its suitability
in unsupervised image segmentation. The new method, briefly introduced in [1], is
based on the general Iterative Conditional Estimation (ICE) principle [25]. This prin-
ciple, whose relationship to the well-known ‘“Expectation-Maximization” (EM)
principle is described in [8], already has given satisfactory results in different classical
HMF-based processing [4,16,22,23,30]. The new method we propose is applied in
different situations and shows, via experiments, its superiority over an adaptation
to TMF of the “Stochastic Gradient,” which works well in the context of HMF
[35]. It is also shown that the corresponding unsupervised Bayesian MPM image seg-
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mentation method can improve the efficiency of the classical HMF and PMF-based
analogous methods.

The organization of the paper is as follows. Some basic principles of Bayesian seg-
mentation, as well as classical HMF, PMF, and TMF, are cited in the next section,
along with some original models and comments. Section 3 is devoted to the original
parameter estimation methods we propose, and some unsupervised image segmenta-
tion results are presented in Section 4. In particular, we deal with real image segmen-
tation and show the interest of the new unsupervised methods based on TMF with
respect to classical ones based on HMF and PMF. Section 5 contains conclusions
and perspectives.

2. Bayesian segmentation with triplet Markov fields
2.1. Bayesian segmentation

Let X = (Xj),es and Y = (Y,),cs be two random fields as above, each X, taking its
values in Q = {w, ... ,w;} and each Y, taking its values in R, and let us consider the
problem of estimating the unknown X = x from the observation Y = y. In this paper,
Y =y is the observed image and X = x is the class image. Therefore, for each s € S
the problem is to propose an “estimated” x, € Q, that would be “optimal” in some
sense. In other words, each pixel s € S is associated with a class, which can be, for
example, “water,” “forest,” “‘urban area,” ... and so on. To be more precise, let
us consider the Maximum Posterior Mode (MPM) segmentation method classically
used in the HMF context. This produces an estimated X =i = (%,),.;, With
X, = argmax,cop(x; = w|y), which means that the class associated with each pixel
s € S is that which maximizes its probability conditionally on the observation of
the whole image y = (,);cs- Thus, MPM is workable once the marginal distributions
can be obtained in some way. The main property allowing one to obtain marginal
distributions p(x,y), is the fact that in HMF the distribution of X conditionally
on Y = yis a Markov distribution. In fact, the latter allows one to sample X accord-
ing to p(x|y) and estimate p(x,|y) from the obtained samples. Let us also recall that
the Bayesian MPM method is optimal in the following sense. If X' = x is the true
class image and x" is the “estimated” one, possibly different from x, let us assume
that the gravity of the error is measured by the number of pixels on which the classes
are different. This number 1is thus given by the ‘“loss function”
L(x*,x) =Y cox(xt,x,), with y(x!,x,) =0 for x! =x, and y(x},x,) =1 for x} # x,.
The MPM method sypy is then the best one, with respect to all possible methods
(statistical or other), with respect to the mean error:
E[L(5mpm(Y),X)] = minzE[L(5(Y),X)]. According to the large number law, the latter
has quite an intuitive interpretation: using MPM ensures minimizing the loss in
the long run. In fact, if sypy is applied to n digital images y',...,)" and if

x',...,x" are the true unknown corresponding class images, we have

L(smem (7)), x) + -+ L(smpm (0"), X") & nE[L (smpm (), X)] and so, for m large
enough, the loss is smaller than the loss obtained by any other method y — % = §(y).
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To summarize, the important point is the possibility of sampling X according to
p(x]y), which exists in models below.

2.2. Hidden Markov fields

The family of triplet Markov fields offers numerous and rich possibilities for par-
ticular models. However, to better emphasize the interest of TMF with respect to
classical HMF, let us first specify some general properties of the latter. In fact,
although the simplest models of the HMF family are almost exclusively used in prac-
tice, this family is itself quite rich. Let us specify three hidden Markov fields (HMF)
of growing generality, the third being an original model. In the following, we will say
that Z = (X, Y) is an HMF if both X and Z = (X, Y) are Markov fields.

(i) HMF with Independent Noise (HMF-IN)

The simplest HMF is the widely used classical HMF with Independent Noise (HMF-
IN), in which the conditional distribution p(y|x) verifies the two following
hypotheses:

(H1) p(ylx) = T[] p(rlx);
(H2) p(yx) = p(yilx,) for each s € S.

We say that the noise is “independent” because (H1) means that the random vari-
ables (Yy),cs are independent conditionally on X. The distribution of the Markov
field X is a Gibbs distribution with respect to a neighboring system (A;),cs; for exam-
ple, A, can be the set of four nearest neighbors of s € S. Denoting by C the set of
cliques (a clique being either a singleton or a set of mutually neighboring pixels),
the distribution of X is classically written p(x) = yexp[—> cec®.(x.)]. Thus, the dis-
tribution of (X, Y) is:

ple,y) =7exp [= Y o.(x) + Y log[p(ylx)] |- (2.1)

ceC seS

Although the hypotheses (H1) and (H2) are rarely satisfied in practical situations, the
HMF-IN model is widely used and gives satisfactory results in numerous contexts.
However, in some others, as in the presence of textured classes, these hypotheses
can turn out to be too strong [21].

(il) HMF with Correlated Noise (HMF-CN)

In the HMF-CN hypothesis (H1) is relaxed and (H2) is maintained. A simple way of
constructing such models follows [14]. Let X = (X,),cs be a Markov field on Q€4
as above, and W = (W,),cs be a Markov field on R4S, both being Markovian
with respect to the same neighborhood, which produces the set of cliques C. For each
s € Sand x,; € Q, let f,, be a bijective and derivable function from R to R, and let us
assume that for each fixed x, Y = f(x, W), with f(x,w) = (f;, (wy)),.s- Denoting by
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> eec@e(x.) the energy of the Markov field X and Y .cc¢.(w.) the energy of the

Markov field W, the joint distribution p(x,y) is then given by p(x,y) = p(x)p (¥|x).
Thus, we have

p(x,y) =yexp

<Z(pc Xc) +Z¢ (fi' ) Zlog‘ (fxayO}Y))D] (2.2)

ceC ceC seS

We see that since Z = (X, Y) and X are Markov fields, Z is a HMF. Moreover,
we notice that (H2) is verified while (H1) is not, consequently Z is not a HMF-
IN.

(ii)) HMF, which are neither HMF-IN nor HMF-CN
Let us consider the following HMF, which is strictly more general than HMF-IN

and HMF-CN. In other words, both (H1) and (H2) are relaxed but X and (X, Y)
remain Markov fields. Let X be a Markov field on Q4 and W = (W,),cs be a

Markov field on RE*4® ag in (ii) above. Let Cj, ..., C, be a set of cliques of car-
dinal ¢ > 2 forming a partition of S. So, S=C,U---U C,and C;N C;= 0 for i #j.
Of course, there are many other cliques which are not in {C,, ..., C,}. For each C;

and xc, € Q°, let f,. be a bijective and derivable function from R“ to R?, and let
us assume that for each fixed x, Y = f(x, W), with (x,w) = (fr, (We, ))1 <icq- DeNOt-
ing by [G(fxC (¥¢,))/0y¢,] the Jacobian of fe, ! (which is a matrix of size a X a), we

have
det{ Ve, (yC))} m (2.3)

We see how (2.3) generalizes (2.2), the latter being obtained for particular f,. veri-
fying fi, ve,) = fonma W15+ -5 20) = (fa 1), -+ - 1, (v,)). Further, X is a Markov
field by the very construction of p(x,y) (which is defined by a Markov p(x) and some
p(¥|x)), and p(x,y) is a Markov field because the last sum in (2.3) is taken over
cliques.

plx.y VCXP[ <Z(m x)+> b )= Y log

ceC ceC 1<i<q

Remark 2.1. When sampling X according to p(x|y), one uses the conditional local
marginal distributions p(x;|xy,,»), where V is the set of neighbors of s. Furthermore,
completing the global distributions (2.1)—(2.3), these are useful to figure out the
degree of generality of the corresponding model. So, let us see how these
distributions vary in the three models above. In HMF-IN, we have according to
(2.1): p(xslxy,,p) o< exp[—> P (xc) + log[p(y|x,)]] (s is fixed and the sum is taken
over the cliques ¢ such that s € ¢). In an analogous way, these distributions are

f*(/’xv (yq

proportional to exp {_ (Esec (/)c(xC) + ZSEC d)c(fx:l (yc) 10g ‘ )} in HMF-

CN, and in HMF gven with (2.3) they are proportional to
- (e, 0c;))
€xp |:_ (ZSEL‘@C(XC') + Zsecd)c(fxfl(yc log ‘d t |:C7LC:|

)], where C; is such
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that s € C;. We see that these conditional distributions depend on y; in the case of
HMF-IN, and depend on yj , with increasing complexity, in the HMF-CN and
HMF cases.

2.3. Pairwise Markov fields

In PMF one assumes the Markovianity of Z = (X, Y). As marginals do not nec-
essarily retain Markovianity, neither X nor Y are Markov fields, and thus PMF
are more general than HMF in (i)-(iii) above. Therefore, the distribution of
Z = (X, Y) can be written as p(x,y) =7yexp[—> .cccVc(¥e )], and the local condi-
tional  distributions mentioned in Remark 2.1 are p(xxp,y) =
exp[—> e We (X, Y /D eq €XP[—D e e (Xe—(s), Xy = @, ¥.)], where the functions .
are of arbitrary form. We can see how these distributions generalize those of the pre-
vious subsection.

Let us consider simple “Gaussian” PMF, meaning that p(y|x) is Gaussian, which
will be used in experiments below. Therefore, let (X, Y) be a random field with

p(xvy) = Vexp[_G(xay)]

1
=yexp | =5 [Z ax, (v, — my,) T4 Z (1 —20(xg,x,))
ses (s,t)eC
+qxxx, (yxx - m-’f.v)(yx, - mxr)]‘|‘| ) (24)

(where d(xy,x,) = 1 for x, = x, and 6 (x,, x,) = 0 for x; # x,). We see that both p(x|y)
and p(y|x) are Markovian, and that the latter is also Gaussian.
Let us see how to calculate p(z,|zy,), which is used to sample the PMF (X, Y). We

have p(x;, yilxr,, vy,) = p(xsher,, vy, ) p(slxs, Xv,, vy, ), where:
1

V/asx,

2
X exp [; (Z (1—=25(x,,x,)) (Zq“/ —m,,) ) )} (2.5)
teVy U, tev.

and p(y,|x,,xy,,yy,) is Gaussian with mean and variance given by

Zter qx&x,( t mxr)

Py, yp,) o

M =mg — o : (2.6)
, 1
sz == a_ (27)

An important feature of such Gaussian PMF models is that they take into account
noise correlation, which potentially contains some useful information. For example,
let us consider the case of two classes, where the two Gaussian distributions of Y
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e
Real class image Noisy image Segmentation using Segmentation using
PMF HME-IN

Fig 1. Simulated PMF, with both distributions of Y; conditionally on X;= w;,w, being the same
(P (lxs = @1) = p(yyxs = @) and comparison between PMF and HMF-IN unsupervised segmentation.

conditionally on X; = w; and X; = w, are the same. So, the only possible informa-
tion is contained in the spatial correlations of the noise. Can this be enough to per-
form a suitable segmentation? We give an example in Fig. 1, where we see that PMF
give an acceptable result while HMF-IN lead to a quite poor one (in both cases the
parameters have been estimated by a new method specified in the next section).

2.4. Triplet Markov fields

Let X = (Xj)ses and Y = (Y})ses be two random fields as above. A “triplet” Mar-
kov field is defined as T = (X, U, Y) by introducing a third random field U = (Uj)cs,
with each U taking its values in a finite set of values, and by assuming that 7'is a
Markov field. So, X and Y have a real interpretation but, which is the main idea be-
hind “triplet” fields, the random field U can be latent, possibly without any physical
interpretation. As 7 is Markovian, its distribution is a Gibbs distribution with re-
spect to a neighboring system (A,),cs. As for X in Section 2.2, the distribution of
T is then written:

p(1) —vexpl > ot ] (2.8)
ceC

where C is the set of cliques associated with (A4,),cs. Classically, the distribution (2.8)

of T= (X, U, Y) results in a distribution of V' = (X, U) conditionally on Y = y, which

is also a Markov distribution. In fact, the distribution p(x,u|y) is classically obtained

from p(x,u,y) by considering y as a constant in (2.8). We obtain

plx,uly) =7"(y eXp[ > o (xe e, y,) ] (2.9)

ceC

As mentioned at the end of Section 2.1, it is important to be able to simulate X from
the distribution p(x|y). This is possible because realizations of ¥ = (X, U) according
to p(x,uly) can be simulated, and the latter realizations give realizations of X. How-
ever, let us insist on the fact that TMF are more general than PMF in that p(x|y) is
the marginal distribution of the Markov distribution p(x,u|y), and thus is not neces-
sarily a Markov distribution itself. This greater generality permits better modelling
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of more complex situations; however, its practical interest in an unsupervised context
is subject to the reliability of the parameter estimation methods used. As mentioned
above, proposing such a reliable method is the main aim of the paper.

2.5. Three interpretations of TMF

As specified above, PMF can be seen as a particular case of TMF (where X = U),
and thus the latter should be able, in theory, to better model more complex situa-
tions. This is true for general latent processes U, without any physical interpretation.
However, U can also admit an interpretation in some situations, and thus some TMF
can also be justified by a physical reality. So, let us specify three possible interpreta-
tions of the latent process U.

1. Let Z = (X, Y) be a PMF model with two classes such that the distributions of
Y, conditionally on X; = x; have complex densities f;, f> impossible to express in
closed form. One can then aim to approximate f;, f> by mixtures: f; ~ > o f},
S S b fi, where f], ..., fi" f),..., [ are given densities. Such a situation
can be seen as a particular TMF; in particular, if Z = (X, Y) is a HMF-IN where
X is a Markov field and p (y|x) = [Lsesp (v4lxs), We can introduce U = (Uy)yes, each
U, taking its values in a set A = {4y, ...,4,}, such that X has the same structure
and p(u,y|x) = [sesp (us yilxy) = Hsesp (ugxs) p (volxs, us), where plus = Jilxs = C()/)
= OC;‘ and p(ys|xs = Wj, Us = i) :fji<ys)'

2. The second interpretation is like the first one, except for the fact that we know
Si ="Mt f] and fo = Y% o f1. Such a situation occurs when each of two classes is
an union of finite subclasses, the latter admitting known densities. An example of
real images verifying such a situation is treated in the next section.

3. The last interpretation is more complex and calls on the “theory of evidence”
[32]. Considering a HMF-IN Z = (X, Y), let us assume that the distribution of X is
not well known and cannot be estimated because, for example, of a strong non-sta-
tionarity. In such cases, the distribution of X can be replaced by a “Markovian mass
function” and the posterior distribution of X is obtained by the so-called “Demp-
ster—Shafer combination rule” [32] which fuses this mass function with a probability
obtained from the observation ¥ =y . Such a fusion destroys Markovianity; howev-
er, its result remains workable because it is formally a TMF model. These cases are
only mentioned here and will be not treated further in this paper (see [29] for more
details).

Remark 2.2. So TMF generalize PMF, which generalize HMF, the latter general-
izing HMF-IN. As HMF-IN are often complicated, one could imagine that TMF
would be very complicated and thus their practical interest would be quite limited.
This is not necessarily true because there are very simple TMF which are neither
HMF, nor even PMF. In fact, let U be a Markov field, and let us assume random
variables (Y) and random variables (X,) independent conditionally on U, with
piu) =p(yyuy) and p(xdu) = p(x,us). The distribution of 7 is written p(t) =
Y EXp [_ W(l)], with W(t) = ZCECQ(’/{(‘) - Zs € S[IOg(p(xs|us)) + log(P(ys|“s))] For-
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mally, 7 is then a classical HMF-IN, where the hidden Markov field is V' = (X, U).
So, the complexity of such a TMF model is equivalent to the complexity of a HMF-
IN model T'=(V, Y), which means that the computational complexity is comparable
in both models. For example, if Q = {w,w,} and A4 = {/, 4,}, the complexity of the
TMF model T is equivalent to the complexity of a HMF-IN model with four classes
(each component V of the hidden field V takes its values in Q x A). Otherwise, the
distribution of X is the marginal distribution of the distribution of (X, U) given by
p(x,u) =yexp[—> cec®(u.) + > seslog(p(xduy))], and thus is not a Markov distri-
bution. The latter means that (X, Y) is not a HMF.

Remark 2.3. As we place ourselves in the context of Bayesian segmentation, the dis-
tribution of the hidden field X can be interpreted as modelling our prior knowledge
about possible forms of class images. As this distribution is not known in a closed
form in TMF, modelling prior knowledge does not appear in a straightforward
way. However, we have seen that, on the one hand p(x,u|y) was Markovian and,
on the other hand, it generalized the classical Markovian p(x|y) corresponding to
HMF-IN. Furthermore, both p(x;, us|xy, uy,,y) in TMF, and p(x,|xy,,y) HMF-IN
are calculable. Comparison of these conditional distributions, which are easier to
interpret than the whole distribution of X, could then be used to elicit the form of
energy in TMF, which would generalize the simpler energy of HMF-IN. In other
words, we can start from a classical HMF-IN with a given energy, and then search
for a TMF energy such that the corresponding p(x,, u,|xy,, uy,, ») would generalize
p(xs|xyg,y) obtained from HMF-IN in a useful and intuitively satisfying way. To
summarize, we have two random fields (X, Y) and the problem is to recover X from
Y. Classical HMF-IN provide an interesting and widely used model. Recent TMF
provide a more general model, which can be used in more complex situations. Fur-
thermore, TMF include models which are not HMF and yet present a comparable
complexity.

3. Parameter estimation

The problem of parameter estimation from the observed data Y = y is a “mixture
estimation” problem, which comes from the fact that the distribution of Y'is a “‘mix-
ture” of distributions p(y) = > . p(x,y). The most widely used general method is the
so-called “Expectation-Maximization” (EM) method [20]; however, its implementa-
tion in the hidden Markov fields context is difficult [6,20,24] and some alternative
methods have been proposed [3,9,15,17,24,34,35]. In particular, one may consider
Stochastic Gradient (SG [35]), whose aim is to approach the maximum of the like-
lihood p(y) in a stochastic manner to remedy the difficulties encountered by EM.
Another possibility is to use the general “Iterative Conditional Estimation” (ICE
[25]) method, which has given good results in different classical HMF situations
[4,7,10,16,22,23,30], and in more complex Markov models with a Dempster—Shafer
fusion [2] or fuzzy hidden fields [31]. Moreover, first applications of ICE in a simple
TMF context also gave promising results [27]. ICE resembles EM, and some
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relationships are specified in [8]; however, it is more flexible and seems better suited
to the Markov field context. In fact, ICE does not necessarily use the likelihood, and
the latter is difficult to handle in different Markov field models.

Therefore, we choose SG and ICE for general principles and propose two ori-
ginal parameter estimation methods based on them and valid in the general
TMF context. The first one is an adaptation to TMF, in a rather straightforward
manner, of the SG proposed in [35]. The second method, which is the main novelty
of this paper, is new.

We notice that the parameter estimation problem in TMF is exactly the same as
that in PMF. In fact, TMF (X, U, Y) can be seen as PMF (V, Y), with V' = (X, U). So,
we will deal in this section with the parameter estimation problem of PMF (X, Y)
and, when dealing with TMF, X will simply be replaced with V' = (X, U).

To simplify things, we will specify the different methods in a simple particular
Gaussian PMF defined by (2.4). On the one hand, its generalization does not pose
problems and, on the other, such models, on which the experiments presented in this
paper are based, are generally sufficient for practical applications.

Hence, for k classes Q = {w;, ... ,w}, the vector of parameters 0 to be estimated
contains the following real numbers: o, ay, ... ,ax, my, ... ,my, and K2 components g,
1<ij<k.

The SG-based method of estimating 0 from Y = y is described in Section 3.1, and
that based on ICE is described in Sections 3.2 and 3.3.

3.1. Stochastic gradient algorithm

The aim of SG is to search for the maximum of the likelihood: for observed Y = y,
the problem is to find # maximizing py(y). We do not propose here any theoretical
properties, whose study is rather tedious, but the extension of results presented in
[35] in the case of HMF-IN could be considered. In fact, the problem is difficult be-
cause pg(x,y) = y(0)exp[—Gy(x,y)] and thus 6 appears simultancously in the energy
G and in the constant y. The proposed method runs as follows:

e Initialize parameter vector 6.
e Calculate 60,4, from 6,, and Y =y by:

K

0n+1 = ()n + m [VgnGe(anr],y,Hl) - vﬁnGﬁ(x;+17y)]a (31)

where Vg, Go(x,+1,¥,,,) is the gradient of Gy(x,,+1,y,+1) With respect to 0 taken at
Oy (Xp+1,Yn+1) 1s a realization of (X, Y) simulated by Gibbs sampler using 0,, x;,
is a realization of X simulated by Gibbs sampler according to its posterior distri-
bution p(x|y) based on 6,, and K is a constant.

SG can be initialized by different classical methods like k-means, or, in the case of
image segmentation, by some histogram based method. To stop SG, different criteria
can be used subject to each particular case considered.
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Such a method will be called Stochastic Gradient from Incomplete Data (SGID,

see also Remark 3.1).
Applying the general equation (3.1) to the Gaussian PMF defined by (2.4), we

obtain:

ses
%G _os > 1= 28(x,,x),
0ot (s,t)eC
oG
3 D 0= m) = m) i e, (32)
9ij  (saec
oG
Oom; Z ( yl [xs= 1]+ Z qz/ — W l[xA z]l[x, =j#i]
i SES (s,p)eC
+ Z 4;;(2mi — vy = y) =i L=
(s,;p)eC

Remark 3.1. When a learning sample is available, that is to say when X =x is
observed, SG can still be used replacing in (3.1) the simulated x;,_, (which varies with
iterations) by the fixed observed X =x. So the method, which will be called
Stochastic Gradient from Complete Data (SGCD), runs as follows:

o Initialize parameter vector 6:
e Calculate 0,4+, from 0, and Y by:

K
Oni1 =0, + P [Vo,G0ns1,7011) = Vo, G(x, )] (3.3)

3.2. Iterative conditional estimation
ICE is based on the following assumptions:

(1) there exists an estimator 0= g)(X ,Y) of 0 from the complete data (X, Y);

(ii) for each 0 € @, either the conditional expectation Ey[0(X, Y)|Y = y] is comput-
able, or simulations of X according to its distribution conditional on Y = y are
feasible.

ICE is an iterative method which runs as follows:

1. Initialize 0 = 0,
2. forn e N, R
(a) put 0,1 = Ey,[0(X,Y)|Y = y] if the conditional expectation is computable;
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(b) if not, simulate / realizations x', ..., x’ of X (each x'is a class image) according
to its distribution conditional on Y =y and based on 6, and put

0,1 = 0! A,,v>+<;+9(x1~.v)_

The problems of initialization and stopping ICE are analogous to those of initializa-
tion and stopping SG, and so the same methods will be used for both below.

As in PMF (X, Y) the distribution of X conditional on Y =y is a Markov field
distribution, its simulations are feasible using the Gibbs sampler or Metropolis algo-
rithm, and thus the condition (ii) always holds. Therefore, all we have to do in PMF
is to search for an estimator from complete data 8 = 6(x, y).

3.3. Estimation from complete data (X, Y)

In this subsection, we present an original approach for estimating PMF parame-
ters from complete data. The proposed procedure, which will be called “New Meth-
od from Complete Data” (NMCD) in the following, is mainly based on the least
squares method proposed by Derin and Elliott [9] to estimate the parameters o,
and on the use of conditional distributions to estimate the remaining model param-
eters, relative to the Gaussian distribution of Y conditional on X.

Of course, the method below can be either directly used when a learning sample of
(X, Y) is available, or inside ICE, when not. When it is used inside ICE, that is to say
when only the incomplete data Y are available, it will be called ‘““New Method from
Incomplete Data” (NMID).

Although the proposed method can be extended to higher order neighborhood
systems, we present it in the case of simple neighborhood containing the four nearest
neighbors, as shown in Fig. 2.

Let us consider a sequence of sets of pixels W, ..., W,, where each W, is of the
form presented in Fig. 2. Next, we choose a slightly more general energy, replacing in
(24)  Yspeca(l =20(xux) by 3o peenu(l —26(xg,x0)) + 32 peevoa(l — 20
(x5,%)) + D, csB(x,) (o1 corresponds to “horizontal” cliques C*', and a, corresponds
to “vertical” cliques C). Putting f(w;) = fi, ..., B(wx) = P, the real « in (2.4) is
thus replaced by a=[fi,...,Brx1,%]. The parameters o ={[f1, ...,k 01,%]
q9=[g5h<ijcio a=lali<icx and m=[m]ic;<x are then estimated from
wh, ..., W,, in the following way.

e Estimation of o. The procedure, which is strictly the same as the Derin et al. meth-
od, consists of the following steps:

Fig. 2. Set W containing pixel s and its four neighbors.
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Step 1: Use the histogram techniques to estimate p(x;,xy,);
Step 2: Consider the following over-determined system of equations in terms of
the probabilities and parameters:

[@(w;,x7,) — ®(w;,xy)] "0 = In %) (3.4)

wher% D(w,xy,) = [J1(®),..., (@), [(w,x,) +1(0,x,)), [ (w,x,) + (o,
x,))] , with

-1 fo=x=-=x,
Iw,x,,...,x )= ‘ " 3.5
(@, %) { +1 otherwise. (3:5)
and
+1 if o= oy,
Ji(w) = 3.6
(@) {0 otherwise. (36)

The location of ¢;s with respect to s is shown in Fig. 2.

Step 3: Solve the over-determined system using the least squares method.
Estimation of ¢ = [¢;li<i.j<k> @ = [a]i<i<k» and m = [m]i <<
As above, we consider a sequence of sets of pixels W, ..., W, as in Fig. 2, cen-
tered on pixels 1, ... ,n. Let us denote by Yy, and X, respectively, the restriction

of Yand X to W;. So, we have Xy, = [))((’ ] and Yy, = [Yl ],where V; contains
Vi Vi

the four neighbors of the pixel i. The idea of the estimator is the following. For
each given configuration xyy, which is a possible realization of Xy,,...,Xy,, let
my,, and I',, be the mean vector and the variance—covariance matrix of the distri-
bution of Yy conditional on Xy = xy. So, for a given xy, we can consider in the

sequence Wy, ..., W, a subsequence W',..., W, such that Xy = =Xy =Xy
and use Yiwts e Y 1O estimate m,, and I',, in a standard fashion by
1 t
’/th = ; zl:yW’,’ (37)
=
A 1 < T
FXW = ; Z(yW’, - mXW) (yW; - mXW)' (38)

j=1
Otherwise, fixing xy let us omit it and let us put I',, =

o> A
A" B
variance of Y; conditional on x;. The distribution of Y; conditionally on Y, (recall

, where 7 is the

Yl . . . . . . .
that Yy, = [ }) is then a Gaussian distribution of mean and variance given,

YVI’

respectively, by
M, =m, +AB A" (v, —my,), (3.9)
32 =c"—4B'A". (3.10)

Comparing the estimates (3.7)—(3.10) with (2.6) and (2.7), we calculate m;, a;, and
gy (with i = x;). More precisely, m,, is given by (3.7), a,, is given by a, = ZLZ (see
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(2.7)) with X2 given by (3.10). Further, putting ¢, = (@, Drossy» Doy > D, ) AN
comparing (3.9) to (2.6) gives )

q,, = —2a,AB™". (3.11)
Hence, we have the estimates of m;, a;, and ¢;; for each configuration x . Conse-
quently, when configurations vary, say, from 1 to r, we obtain m!, ..., m’ possibly
different estimates for 71;, and the same for a;, and g;;. Let us denote by d, the car-
dinal of configurations of type 1, ... ,d, the number of configurations of type r (we

have d| + - - - + d, = n). Then we take as final estimates the means of the estimates
associated with particular configurations xy:

1 ¢ 1< 1<
m; = n Zdtmﬁ, a; = n Zdtaﬁ, and ¢, = n Zdtq;j' (3.12)
t=1 t=1 t=1
Finally, the approach we propose can be summarized in the following steps:

Step 1: Estimation of « using Derin et al.’s method described above;

Step 2: For each configuration xy, estimation of means m,, and variance—co-
variance matrices I, with (3.7) and (3.8);

Step 3: For each configuration xj, computation of m; a,, and the
G, = (Ge, Gy > Droey > D, ) With (3.9) and (3.11);

Step 4: Calculation of final gy, a;, and m; with (3.12) applied to the estimates
obtained from r configurations of xy used.

Let us remark that it is not necessary—and it would even be impossible when the
number of classes becomes large—to take all the configurations xp- into account.
For example, one could decide to consider only the configurations with no more than
two classes.

Otherwise, let us notice that the NMCD above can be used in some practical sit-
uations. For example, imagine that the ground truth is known on some part of a
country, and it has to be estimated on some other part. Thus, all parameters needed
can be estimated from the known part with the NMCD, and used to segment the
other part by some Bayesian method.

Finally, using NMCD inside ICE produces the new NMID we propose, which is
summarized in Fig. 3.

Let us also mention the important problem of estimating the number of classes,
which is not addressed here. It can be viewed as a particular model selection problem,
and different techniques have been proposed in the classical HMF case (see, among oth-
ers, the recent paper [11] and the references therein). Thus, extending these techniques
to TMF will undoubtedly be among the interesting perspectives of further work.

4. Unsupervised image segmentation

This section is devoted to different experiments aiming to show the interest of the
new ICE-based parameter estimation method and unsupervised image segmentation
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Fig. 3. Parameter estimation with NMID.

based on it, in both PMF and TMF cases. Subsection 4.1 contains comparisons of
the new parameter estimation method with a classical one in the case of simulated
PMF and synthetic images, while Subsection 4.2 aims to show that the use of
TMF instead of PMF or HMF-IN can be of interest. Finally, an example of unsu-
pervised segmentation of a real image, where TMF perform better than HMF-IN, is
presented in Subsection 4.3.

4.1. Simulated PMF and synthetic images

This subsection is devoted to two series of experiments. The first concerns simulat-
ed PMF whose energy is slightly more general than the energy given by (2.4): we will
consider U(x,y) =1 [ersaxs W, — m ) + D ecnon (1= 26(xs, x)) 4+ D2 heevon
(1 =26(x5,x) + 32 pecss O, — M) vy, — my, )], where C" is the set of horizontal
cliques and CV is the set of vertical ones. For the case of two classes considered,
the vector of parameters to be estimated is thus 0 = (a1, 0, ay, s, M1, M2, q11,422,412)-
The aim is to compare the estimates obtained with the four methods SGCD, SGID,
NMCD, and NMID (SG for stochastic gradient, NM for new method, CD for
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complete data, and ID for incomplete data), and to look at how these different esti-
mates act upon the unsupervised segmentation methods based on them.

We have carried out several experiments and the results of one of them, represen-
tative of various results we obtained, are presented in Table 1 (see Fig. 4). In general
terms, we reached the following conclusions:

(1) the estimates SGCD and NMCD are of comparable efficiency, which is rather
good, even in the case of very strong noise, in the sense that there is little dif-

Table 1
Results corresponding to Fig. 4
TP New method SG

NMCD NMID SGCD SGID
oy 2 2.1 1.87 2.36 2.24
o 2 2.01 1.68 2.37 2.24
a 1 1 1.06 0.91 0.58
a 1 1.03 1.09 1.00 1.03
ny 0 0.00 —0.01 0.10 0.26
ny 2 2.00 2.07 1.86 0.78
q11 -0.2 —-0.19 —-0.19 -0.2 —0.06
422 —0.2 -0.2 —0.19 -0.21 —0.40
q12 0.00 0.00 0.00 0.02 0.00
ER 1.44% 1.61% 1.63% 2.03% 8.59%

True parameters (TP), estimates from complete data with NMCD and SGCD, and estimates from
observed data with NMID and SGID. ER, error ratio of MPM segmentation.

Bt s Aliiiviind

A [ A

ey rommili i

TP, ER=1.44%

R SO, A

J

NMCD, ER=1.61%

SGCD, ER=2.03%

NMID, ER=1.63%

SGID, ER=8.59%

Fig. 4. Simulated PMF (size 128 x 128) and comparison between PMF
parameters (TP) and estimates by different parameters estimation methods.

segmentation using true
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ference when segmenting the noisy image with real parameters or estimated
ones;
(ii) the estimate NMID works better than SGID in all situations.

In the case of SG estimation, 15 iterations have been used from the complete data
and 30 iterations from the incomplete data. In NMID we have used 30 iterations.
These numbers of iterations have been found experimentally, from the numerous
experiments we performed.

Note that the error rates in all experiments in the paper are obtained from one
experiment.

The second series of experiments concerns a ring-image corrupted with synthetic
Gaussian correlated noise. We have partial knowledge of the model; in other words,
the model corresponds partially to PMF above. Such models are interesting because
studying them allows one to understand how the methods work when the model used
diverges from the theoretical one. In other words, such studies provide some knowl-
edge about the robustness of the methods considered.

We consider the two-class image “‘Ring’” and its noisy observed version Y = y. Each
Y, is then obtained from an independent noise W = (W,),cs by averaging on the four
nearest neighbors: Y, = % (Ws+ 2 ep. W:). So, first W, (for each ¢ € S) is drawn with
the Gaussian distribution N (m;, ¢7) if x, is black, and with the Gaussian distribution
N(my, 63) if x,is white, and then Y = y, is calculated, for each s € S, using the equality
above. Of course, such a correlated Gaussian field is not Markovian and thus the model
considered is not of the PMF type considered in the previous subsection.

As above, we performed numerous experiments and one case, representative of
the different results obtained, is specified in Table 2. On the whole, analogous con-
clusions to those drawn in the previous subsection hold. In general, SGCD and
NMCD are quite efficient, even in very noisy cases. When considering the incomplete
data situation, NMID works better than SGID (see Fig. 5).

Table 2
Image “ring”

New method SG

NMCD NMID SGCD SGID
o 2.01 1.17 2.38 2.30
o 2.01 1.19 2.38 2.30
a 7.34 8.19 4.88 2.04
as 7.74 8.23 343 2.05
m 0.01 —0.05 0.01 0.02
n, 0.99 1.04 0.98 0.60
qn —0.50 —0.50 —0.35 0.00
q2 —0.48 —0.45 —0.23 —0.50
q12 0.00 0.00 —0.01 0.00
ER 3.1% 5.5% 3.65% 15.3%

Results corresponding to image “ring” in Fig. 5. Estimates from complete data with NMCD and SGCD,
and estimates from observed data with NMID and SGID. ER, error rate of MPM unsupervised seg-
mentation. Real parameters are m; =0, my = 0.5, and ¢? = 63 = 1.
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_| Noisy image

.

NMCD NMID SGCD SGID
ER=3.11% ER=5.5% ER=3.65% ER=15.33%

Fig. 5. Image “ring” (size 128 x 128), its noisy version, and different unsupervised segmentation results.
ER, error rate MPM unsupervised segmentation. Computation time is about 80 s for both NMID and
SGID, the parameter estimation taking about 2 s in NMID and 6 s in SGID.

Both methods NMIC and SGID have been initialized with k-means procedure
with 20 iterations. Further, we used 20 iterations to estimate the parameters, and
100 samples to estimate the posterior marginal distributions p(xy) used in MPM.
The optimal number of different iterations has been found experimentally. The com-
putation time is about 80 s for both NMID and SGID, the parameter estimation tak-
ing about 2s in NMID and 6 s in SGID. All experiments in this paper have been
performed with IBM PC, Pentium 1V, 2 GHz.

4.2. PMF and TMF based unsupervised segmentation

This subsection is devoted to an example showing one kind of situation in which
TMF perform better than PMF. Let us consider a two-classes hand-drawn image
X = x depicted as ““synthetic data’ in Fig. 6, and its observed noisy version Y = y.
The latter is the class image corrupted with Gaussian white noise; so
P(oxs=w1) =N(0,1) and p(y4x; = w,) = N(2,1). The observed image Y=y is
then segmented using HMF-IN, PMF, and TMF models, all segmentations being
performed in an unsupervised manner with parameters estimated by the new method
proposed above. All HMF-IN, PMF, and TMF used are Markovian with respect to
the four nearest neighbors, and in TMF the latent random variables U; take their
values in A ={4,4,}. The energies of the models considered are
Guwme(x,y) = Z(s,t)ec(x(l = 26(x5 X)) — D _sesloglp(vdxs)],  Geme(x,) :Z(s,r)ec“
(1 - 25()65,)6,)) + Zsesaxs (yxx - mxs)z + Z(s,t)quxsx, (ny - mxs)(yX/ - mxg)v and Grmr
(% 1,9) = Sneca(l — 20(uyu) — (o Sty = u, = hy) + 28 (uy = u, = 1))
(I — 0(x5x7)) — D seslog[p (yslxs)], respectively. We have chosen the HMF-IN mod-
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Synthetic data

1]y
‘\Ili

fll.l 3 ..

Optimal « pixel by pixel »
method : ER=13.85%

tm temmr = mm

HMF IN ID : ER=8.22% PMF ID : ER=7.55% TMF ID ER=4. 94%

Fig. 6. Image “Synthetic data” (size 128 x 128), HMF-IN, TMF, and PMF-based unsupervised
segmentation methods results, and “pixel by pixel” true parameters based one. ER, ratio of wrongly
classified pixels.

el, known as “Pott’s model,” as the simplest one. The PMF model chosen is the sim-
plest PMF generalizing the HMF-IN considered; in fact, when the noise correlations
disappear, the latter PMF model gives the former HMF-IN one. Similarly, the TMF
(X, U, Y) considered is a simple one again giving the HMF (X, Y) for U= X (let us
recall that TMF generalize PMF because the latter are particular TMF for which
U=X). In fact, when wu;=x, and u,=x, in Gpuqp(x,u,y), we have
(oO(us=u, = 4) + o'0(uy=1u, = A)) (1 — d(x,,x,)) = 0, which is due to the fact that
oO(uy =u, = A1) + o&'0(uy=u;, = A,) =0 for u, # u, and 1 — §(x,,x,) =0 for u, = u,.
SO, U=X 1mplles GTMF = GHMF-

According to the experiments presented in Fig. 6 we see that the TMF-based
method works significantly better than the PMF-based one, and the latter works
slightly better than the classical HMF-based method. Thus, we have here a simple
example of a situation in which PMF contribute little to HMF, but the use of
TMEF is of interest and significantly improves both HMF- and PMF-based methods
results.

We have also added in Fig. 6 the optimal “pixel by pixel” segmentation, in which
each X; is obtained by maximizing p (x,|y,). The latter also means that x, is obtained
by maximizing p(x; = o) p(y,x; = 1) and p(x; = ;) p(yixs = @,). As the propor-
tions p(x; = w;) = 0.26 and p(x, = w,) = 0.74 are efficiently estimated from synthet-
ic data and the two Gaussian densities p(y,|x; = w;) and p(y,x; = w,) are known, the
“pixel by pixel” segmentation is optimal and thus this complementary result inciden-
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Fig. 7. Four Gaussian distributions (“Water,” “Forest and cultivation field,” “Corn field,” and

“Houses,” respectively) estimated with NMID from Istres image in Fig. 8. Estimated o = (o, azy) 18 (0.93;
0.89) and estimated ¢, are —0.12, —0.09, —0.07, and —0.02.

tally shows the usefulness of Markov models, in which the use of p(x,|y,) is replaced
by the use of p(x,|y) (see Section 2.1).
The computation time is comparable to that of the previous subsection.

4.3. Real image segmentation

This section is devoted to the segmentation of a real radar image. The considered
image, shown in Fig. 8, is an image of Istres city, which can be divided into four clas-
ses: (1) Water, (2) Forest and cultivation, (3) Corn field, and (4) Houses, with the
noise distributions given in Fig. 7. We want to obtain two classes: “Water” and
“Land,” the latter regrouping “Forest and cultivation,” “Corn fields,” and “Hous-
es.” Thus, we use two different procedures: the first considers classical PMF, given
by (2.4), with two classes, estimating all parameters with NMID as described above.
The second considers the same PMF (2.4) with four classes, and then considers that
“Land” is union of three of them (which gives a TMF: see the second interpretation
in Subsection 2.4). All parameters 0 = (o,a;,m;,¢;)1<i<a are still estimated with
NMID (we have fixed g; =0 for i # j). We have used 30 iterations in ICE and the
posterior marginal distributions, used in the MPM segmentation, are estimated from
100 samples, each of which was sampled with 20 Gibbs sampler iterations.

5. Conclusions and perspectives

In this paper, we have dealt with the recent triplet Markov fields (TMF [27]) mod-
el, which is more general than the classical hidden Markov fields (HMF) model and
still allows one to recover, via some Bayesian methods, the hidden signal. We pro-
posed two kinds of results:

(1) the first concerns the TMF models themselves. We specified how several variants
can be simply obtained from classical HMF with correlated noise. None of these
new variants is much more complicated to use than the classical HMF, and thus
new possibilities are offered to deal with each particular problem.
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Real Radar image Groud truth for 4 classes :|Ground truth for 2 classes
“Water”, “Forest and | “Water” and “Land”
cultivation”, “Corn field”, and
“Houses”.
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S 5
SR

PMF+NMID : ER=21.99%, TMF+NMID : ER=6.66%

Fig. 8. Image “Istres” (size 256 x 256), ground truth, and two unsupervised segmentation results obtained
with PMF and TMF models. ER: error rate with respect to the two classes ground truth. Computational
time: 316 s for PMF + NMID, and 647 s for TMF + NMID.

(i1) The second main aim was to introduce, and assess by experiment, some origi-
nal parameter estimation methods. We proposed two of them, respectively,
based on Stochastic Gradient (SG [35]) and Iterative Conditional Estimation
(ICE [25]) with a generalization of least squares (LS [9]). It turned out that ICE
with LS is quite efficient and provides, in particular, interesting unsupervised
Bayesian image segmentation methods.

As a perspective for further studies, let us mention the extension to more complex
noises, possibly non-Gaussian, using copulas [5]. An integration of different sensors,
some of which being possibly “evidential’’ [2], is an another perspective for further
investigation of TMF. Finally, extension of the rectangular lattice considered here
to more general “Bayesian networks” [13] could also be viewed.
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