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ABSTRACT

In this work we specialize the recently proposed tree-structu-
red MRF model to supervised segmentation of multispectral
satellite images. This model allows a hierarchical repre-
sentation of a 2-D field by means of a sequence of binary
MREFs, each corresponding to a node in the tree. One can
fit the intrinsic structure of the data to this tree-structured
model, thereby defining a multi-parameter, flexible, MRF.
Although a global MRF model is defined on the whole tree,
optimization as well as estimation are carried out node by
node, with a significant reduction in complexity. Experi-
ments on a test SPOT image prove the superior performance
of the algorithm w.r.t. other MRF-based or variational algo-
rithms for supervised segmentation.

Key-words: Image classification, object-oriented segmen-
tation, Markov random fields, hierarchical model.

1. INTRODUCTION

Segmentation is one of the most important low-level pro-
cessing carried out on remote-sensing imagery, especially
relevant for subsequent image classification and interpreta-
tion. In the statistical framework, the segmentation prob-
lem is approached by choosing suitable probabilistic models
for both the data y and the unknown segmentation map z,
and by estimating the map according to some useful statis-
tical criteria. A popular choice is the Maximum A Posteriori
(MAP) criterion, where x is selected as the map that max-
imizes the joint probability distribution p(y|z)p(x). Since
the likelihood term p(y|z) can be easily modeled, the key
problem in the MAP approach is the selection of a mean-
ingful prior p(x).

The Markov random field (MRF) model [1] is a rela-
tively simple, yet effective, tool to encompass prior knowl-
edge in the segmentation process, and in fact the interest on
MRFs has been steadily growing in recent years. By mod-
elling the segmentation map as a MRF, one assumes that
each pixel depends statistically on the rest of the image only
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Fig. 1. Synthetic experiment: (a) noisy data; (b) hidden
segmentation map; (c) segmentation by Ising model. (d)
tree structure of the data: b, black class; g, grey class; w,
white class; wg, white-grey merging class.

through a selected group of neighbors. This greatly simpli-
fies the problem of assigning a meaningful prior, since only
local characteristics of the image need be specified.

Many MRF models have been proposed [1] to describe
the different features encountered in the images of interest.
One of the most challenging (and largely unsolved) mod-
elling tasks is to account for the spatial variations of image
statistics. Let us consider for example the image in Fig.1,
where the data (a) were generated by adding Gaussian noise
to a synthetic segmentation map (b). As can be seen, fol-
lowing for example the traced line, the class random pro-
cess is clearly non-stationary. Conventional models provide
poor results in the presence of such “structured” data, like
the segmentation map shown in (c), obtained with a sec-
ond order Ising model. Here, one class is well detected
while the other two are almost everywhere mixed because
of an over-regularization. Even more sophisticated hierar-
chical MRFs (e.g., [2]) would not cope well with such data
because their parameters do not depend on the classes. In
fact, the correct model for this example is the binary tree of
classes shown in Fig.1(d), where the “black” class is first
separated from the other two based on a dedicated binary
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MRF model, while the “white” and “gray” classes are fur-
ther separated by means of a different binary MRF model.

This example, although unrealistic, makes clear the po-
tential advantage of using such a structured model, called
tree-structured MRF (TS-MRF) [3], since many real im-
ages present a similar hierarchical structure although not al-
ways so easy to detect. In fact, the TS-MRF model aims
at describing the hidden structure of the data by a sequence
of binary MRFs, each corresponding to a node in the tree.
In such a model, parameters can be defined locally to each
node, so as to correctly split the classes depending only on
their statistical characteristics. In addition, thanks to its hi-
erarchical structure, the TS-MRF model allows for recursive
optimization procedures, which help reducing complexity.

This work addresses the problem of supervised image
segmentation based on a TS-MRF model. We will use prior
information to define a sensible tree structure, estimate all
class parameters, and define a suitable likelihood term to
couple with the TS-MREF prior. The algorithm performance
will then be assessed by numerical experiments.

2. SUPERVISED TS-MRF METHOD

A random field X defined on a lattice S is said to be a MRF
with respect to a given neighborhood system if the Marko-
vian property holds for each site s. Quite often, in order
to limit complexity, only the 4 or 8 closest pixels (system
n' and 72, respectively) are included in a pixel’s neighbor-
hood. Nonetheless, the MRF model proves quite powerful
because most of the dependencies can be captured through
local interactions.

The distribution of a positive MRF can be proved to
have a Gibbs form [1], that is

pla) = 5 exp[-U(x)] = 5 expl- > vetal )

where the V,(-) functions are called potentials, U(z) de-
notes the energy, Z is a normalizing constant, and c¢ indi-
cates a clique of the image. Note that each potential V,
depends only on the values taken on the clique sites . =
{zs,s € c} and, therefore, accounts only for local interac-
tions. As a consequence, local dependencies in X can be
easily modeled by defining suitable potentials V_(-).

In the following developments we will focus on the Ising
model because of its simplicity, but the reader should be
aware that the TS-MRF can be based on any binary model,
no matter how complex. The Ising model can be defined
both on n! and n? neighborhoods, and only two-site cliques
are taken into account, on which a potential is defined as

Vc(fﬁc) = { 6 1fxp # o

p,q €c
0 otherwise @)

where § > 0 is the “edge-penalty” parameter.

In such a model, as well as other commonly used MRFs,
the potential function of a two-site clique depends only on
the presence or absence of an edge (a class transition), with-
out regard to involved classes. As a consequence one pa-
rameter is sufficient to define the model. If we remove
such a constraint and use a different potential function for
each different pair of classes, many more parameters be-
come necessary, (K — 1)K where K is the number of
classes. In this generalized Ising model, the clique poten-
tials will become

Own fx,=k#xz,=nh, pq€Ec

Ve(we) = { 0 otheprwise?/é ! e 3)

where Oy, = Bnr > 0, k # h, is the edge-penalty parame-
ter for a transition h — k.

Starting from this very general model, it is possible to
reduce the number of parameters by taking into account
some class properties. Looking at the example of Fig.1,
it is easy to realize that the white (w) and gray (g) classes
have the same relationship with the black class (b), that is,
a b-w edge has the same statistical properties of a b-g edge.
Therefore, only two independent parameters should be used
instead of three. Such class properties can be easily repre-
sented by means of the hidden binary structure of Fig.1(d).
In the example considered, the two relevant parameters are
associated with the two internal nodes of the tree. The for-
mer, associated with the root, penalizes b-w and b-g edges
(assumed to be equivalent), while the latter, associated with
the other internal node, penalizes w-g edges. Therefore, at
the root level, where b is split from w and g, it does not
matter if a site is labeled as w or g, but only if it falls into
the macro-class wg. In general, given a binary structure
with K terminal nodes, the number of internal nodes, and
hence the number of parameters, will be K — 1, rather than
$(K — 1)K. Such a small number of parameters can be
reliably estimated from the available data but, at the same
time, allow one to accurately describe class-dependent non-
stationarities in the image.

We now proceed to a more formal description of the
model. Let us consider a binary tree 7', identified by its
nodes and their mutual relationships, and composed of in-
ternal nodes 1" and terminal nodes 7'. Also, let A be a binary
operator which gives the nearest common ancestor of two
nodes of 7. We can define a tree-structured MRF through
its clique potentials, still expressed by (3), but with the ad-
ditional 5 K (K — 3) + 1 constraints that 3y, = B,q = B if
kANh=pAqg=t

T e

p,gec
0 otherwise. @)

Then, the distribution of the TS-MRF becomes simply

p(z) = %exp[— > BNl =] Zifexp[—ﬁt/\ft]. (5)

teT teT
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where Ay = N;(z) is the number of cliques with edge-
penalty [3;.

The complexity of this model could still seem prohibitive
for a practical implementation because of the dimension-
ality of the parameter space, dependent on the number of
classes. However, thanks to its structural constraints, a re-
cursive optimization procedure can be used which, although
sub-optimal, involves only one edge-penalty at a time.

Once given a binary tree structure 7" which relates hier-
archically the classes, the label field  can be completely
expressed through the set of the binary fields z! associ-
ated with the internal nodes of 7. An example is shown
in Fig.4, where the 8-class label field is obtained through
a binary field, associated with the tree root, that separates
class 8 from the others, another field, associated with the
left child of the root, that separates class 7 form the remain-
ing ones, and so on. Note that, but for the root, each field
is defined on an irregular lattice resulting from the realiza-
tion of the binary field associated to the parent node. There-
fore, each binary field X ¢ depends only on its ancestor fields
Xe® = {X'};c (1), Where w(t) denotes the set of ances-
tors of ¢. On the other hand, the number N; of cliques with
edge-penalty 3; depends only on x* and, for the above con-
siderations, on z*®) while it is independent of other com-
ponent binary fields, that is N; = N (zt, z2(®).

Hence, in order to find a MAP estimate of a segmenta-
tion with TS-MREF prior, we can maximize recursively the
terms in (5), together with the corresponding likelihoods,
starting from the root and descending the tree until all leaves
are reached. Each term depends only on a single binary field
once its ancestor fields are given, and can be maximized by
itself with conventional techniques like simulated anneal-
ing, ICM, etc. Note, again, that in the step corresponding
to node ¢, only the parameter (3; must be estimated, and that
MN; is a sufficient statistic for 3;.

Of course, to carry out the maximization, we also need
the likelihood term p(y*|x?, 2+(*)) for each node ¢, where
Y'? is the set of data coupled with X*. As usually done, let
us assume the data to be conditionally independent, so we
only need to define the terms p(yt|zt, 2%"), where ¢ is
equal either to the left, [(¢), or right, r(¢), child of ¢. When
a child is a terminal node, the corresponding likelihood is
known a priori because we are in a supervised context, and
in particular it is assumed here to be Gaussian with known
parameters. However, the child could be itself an inter-
nal node, in which case no obvious likelihood is available.
In this situation, we define the likelihood term as the best
matching Gaussian among all its descendant leaves, namely

w(t)

) = max
ke ()

where ~y(t) is the set of descendant leaves of ¢, and z¢ €
{l(t),r(t)}. In other words, to decide if the current site

should be assigned to the left or right node, the best two
Gaussian distributions corresponding to “true” classes are
considered, one being the most likely in v(I(t)), the other in
~(r(t)). This way, the tree-structure involves only the prior
MRF model while no structural constraints are transferred
on the likelihood term p(y|x).

Note that the best fitting Gaussian chosen at this point
is only a temporary choice, taken to well fit the data dur-
ing this intermediate split, but further splits, based on newly
available contextual information, are free to change such a
decision.

3. EXPERIMENTAL RESULTS

The supervised TS-MRF algorithm was tested on a SPOT
satellite image provided by the Costel laboratory (Univer-
sity of Rennes 2). The image (see Fig.2) consists of three
bands with different wavelengths in the visible spectrum
and represents the Bay of Lannion in France in August 1997.
A ground-truth, composed of a learning set for parameter
estimation, and a test set for accuracy assessment, is also
available.

Fig.3 shows the segmentation map obtained with the
TS-MRF whose structure is drawn in Fig.4. Such a struc-
ture was chosen a priori based on the observation of the
class statistics and their spatial relationships (on a prelim-
inary segmentation). We compared the performance of the
proposed method to that of other MRF based methods, the
(non-structured) Ising and the H-MAP proposed in [2], as
well as to the variational methods M1 and M2 proposed in
[4]. To this end, we computed several global accuracy in-
dicators derived from the confusion matrix: the global ac-
curacy 7, the Kappa parameter «, and the global accuracy
7M™ computed on the normalized confusion matrix. The
results (see Tab.1) show that the TS-MRF method outper-
forms all reference techniques considered, for all indicators.
This is true not only for global accuracy indicators but also
in terms of class-wise accuracy as results from the confu-
sion matrices, not reported here for brevity.

In particular, all methods exhibit poor results for mead-
ows, due to a very high overlap between temporary and per-
manent meadows, but the TS-MRF classifier proves much
better than the other ones. For example, the user’s accura-
cies for temporary and permanent meadows are 48,9% and
26,8% respectively with TS-MREF, while they drop to 32,0%
and 21,3% for the H-MREF, the best reference method, and
a similar behaviour is observed for the producer’s accuracy.
This remarkable case makes clear the benefits of the pro-
posed tree-structured model: these two classes are always
kept together as a single macro-class during the initial splits,
and only at the last node they are separated, based on locally
estimated parameters, with higher accuracy.
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| Methods || ISING \ H-MRF \ Ml | M2 | TS-MRF |
T 66,0% 70,5% 71,3% | 70,0% 73,3%
K 58,8% 64,2% not av. | not av. 67,4%
Trorm 45,3% 50,1% not av. | not av. 52,8%

Table 1. Summary of the global accuracy indicators.

4. CONCLUSIONS AND FUTURE WORK

In this work we have presented a tree-structured MRF prior
model useful for image segmentation and classification. Such
amodel allows to generalize any “blind” MRF model whose
clique potentials depend only on the presence/absence of
edges to a corresponding “non-blind” model where also the
edge-colors (classes) are taken into account. The proposed
model requires M x (K — 1) parameters, with M the num-
ber of parameters in the basic blind model and K the num-
ber of classes. The imposed structural constraints between
classes, however, allow for the recursive factorization of the
joint distribution in K — 1 terms, each one corresponding to
an internal node of the tree and involving only a sub-set of
parameters. As a consequence, fast recursive optimization
and estimation procedures can be used.

In the supervised classification of a real remote-sensing
image TS-MRF has shown fully satisfactory results. We
point out, however, that the choice of the tree, which should
fit the “intrinsic” structure of the data, is still an open prob-
lem, and certainly deserves further investigation.
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