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Abst rac t .  We introduced an unsupervised texture segmentation me- 
thod, the selectionist relaxation, relying on a Markov Random Field 
(MRF) texture description and a genetic algorithm based relaxation 
scheme. It has been shown elsewhere that this method is convenient 
for achieving a parallel and reliable estimation of MRF parameters and 
consequently a correct image segmentation. Nevertheless, these results 
have been obtained with an order 2 model on artificial textures. The pur- 
pose of the present work is to extend the use of this technique to higher 
orders and to show that it is suitable for the segmentation of natural 
textures, which require orders higher than 2 to be accurately described. 
The results reported here have been obtained using the generalized Ising 
model but the method can be easily transposed to other models. 

1 I n t r o d u c t i o n  

Texture segmentation is an important  issue for computer vision. Since texture 
is often related to the nature and composition of natural objects, it offers a 
reliable and efficient way to identify them. Thus, segmentation of the external 
scene on the basis of textural information leads to a partit ion of the world in 
more insightful classes than those based on other criteria. However, the question 
of how to achieve a fast and reliable segmentation of a natural scene on the basis 
of its textural information is far from being solved. 

The various existing approaches to texture segmentation [16] can be distin- 
guished on the basis of their underlying texture descriptions, which can be either 
structural, feature-based, or stochastic model-based. Among the last category, 
the Markov Random Field (MRF) approach to texture modeling [5, 6, 7] offers 
local and parsimonious texture descriptions. These properties combined with the 
equivalence between MRFs and Gibbs random fields [3] has allowed a widespread 
use of MRFs for image processing [7]. 

However, methods relying on MRF texture modeling require an estimation 
of MRF parameters for each texture present in the image. In the unsupervised 
segmentation mode, which is the more realistic, a circular problem arises: the 
parameter estimates required to segment the image can only be computed from 
an already segmented image. A first solution to this problem is to assume that 
the image can be partitioned into homogeneously textured blocks large enough 
to provide reliable parameter estimates, which are subsequently used for segmen- 
tation through the optimization of a criterion such as the likelihood [4, 15], the a 
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posteriori probability [14, 12, 15], or the classification error [14]. This approach 
may suffer from the complexity of real images, which usually contain unequally 
sized and irregularly shaped textured regions. A second solution consists in it- 
erating an estimation/segmentation cycle [17], during which segmentation and 
estimates are alternatively refined. The cycle is repeated with different number of 
textures, and the optimal number is determined using a model fitting criterion. 
This renders the unknown number of textures critical in this approach. 

Hence, the combined problem of estimation and segmentation represents a 
large combinatorial problem, that is usually solved using computationally ex- 
pensive relaxation methods. Among relaxation methods for solving large opti- 
mization problems, those based on genetic algorithms (GAs) [10, 11] seem to 
be well adapted to image processing. GAs are parallel search methods inspired 
by natural evolution. A population of candidate solutions is updated iteratively 
by genetic operators, the effect of which is to spread out good solutions within 
the population while permanently generating possibly better ones. GAs not only 
achieve an explicit parallel exploration of the search space by exploiting a pop- 
ulation of solutions, hence avoiding being stuck into local optima, but also an 
implicit parallel testing of each characteristic of a given solution, which has been 
demonstrated as one of the main reason of their efficiency [11]. 

Furthermore, within the context of image segmentation, the parallel explo- 
ration of the search space combines with the parallelism inherent to the structure 
of the image. Each solution in the population provides a local answer to the ques- 
tion of how to assign a label to a given texture. One solution is thus associated 
with each point of the image and the parallel evaluation of the solutions goes 
together with the search for the right label. Unlike in the standard GA, each in- 
dividual compete and/or recombine almost exclusively with its neighbors. This 
population structure is here suggested by the fact that, except for boundary 
sites, close sites are likely to share common texturM characteristics. 

The method we use here, termed selectionist relaxation (SR), is an unsu- 
pervised segmentation method based on a fine-grained distributed GA [13, 1, 2]. 
Each pixel of the image is associated with a solution in the form of a unit linking 
a set of MRF parameters to a label. In the present work, textures are modeled 
using the generalized Ising model [8, 6, 9]. SR has been shown to achieve cor- 
rect segmentations of order 2 synthetic textures [2]. However, natural textures 
cannot accurately be described by order 2 models. The purpose of the present 
work is to extend the SR approach to higher order texture descriptions, which 
is a necessary prerequisite for natural texture segmentation. 

2 B a c k g r o u n d  o n  M R F  T e x t u r e  M o d e l i n g  

A NR • Nc texture sample is considered as a realization of a stochastic process 
X = { X , , s  C S}, wherein S = {s = ( i , j )  : 0 < i < NR,0 < j < No} is 
the set of sites in the image, and each X~ is a random variable with values in 
the gray level set G = {0 , . . . ,  g - 1}. Each site is assigned a symmetrical set 
of neighboring sites, the number of which depends on the order of the model 
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Fig. 1. (a) Neighboring sites of site s. At order n, the neighborhood contains all the 
sites that are assigned a digit less than or equal to n. (b) Clique families. The 12 pair 
cfique families of the fifth-order model are shown with their associated parameters. 

(Fig. la). A set of reciprocally neighboring sites is called a clique. Because the 
generalized Ising model is a pairwise interaction model, only pair cliques will be 
of interest herein. The set of pairwise cliques is C -- U~=ICi, p being the number 
of clique families. At order 5, for example, there are 12 such families (Fig. lb). 

In the Gibbs/MRF approach to texture modeling, each possible outcome 
of X is assigned a probability given by 

P ( X  = =) = e x p { - E ( = ) } / Z  , (1) 

wherein the energy E(x)  is the sum of clique potentials and the normalizing 
constant Z is the partition function 

E(x)  - ~ c e c  Vc(x) , 

and Z = ~"].yen exp{-E(y)}  , 

(2) 
(3) 

= G Isl being the state space of X .  
For the generalized Ising model, the potential of a clique e = {s, t} 6 Ci is 

defined as [8, 6, 9] 

Vc(r = (1 - 26x,=,)~i , (4) 

wherein/3/is the parameter associated to the ith clique family (Fig. lb), and 5 
is the Kroneeker symbol. The attractive or repulsive nature of the interactions 
between neighboring pixels, as well as the strength of these interactions, are 
governed by the signs and the absolute values of clique parameters. 

Letting B = (/31,...,/3p) denote a vector of model parameters, and defining 
the vector K(r = ( ~ l ( x ) , ' . . ,  top(x)) by 

gi(~) = E{, , t}ec,  1 - 26=,=, , (5) 

the energy of any configuration x,  given B, can be conveniently rewritten as 

E(=;B) = B - K ( = ) '  . (6) 
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3 Approximating the Partition Function 

The intractability of the partition function is a recurrent problem in the MRF 
literature. In particular, given any texture configuration a~w over a subwindow 
W of the lattice S, the likelihood 

t ' ( X w  = =w;B)  = e ~ p { - E ( = w ;  B)} /aw (~) , 

with Zw(B) = E y 6 a w  exp{ -E(y ;  B)} , 

(7) 

(s) 

cannot be determined. Indeed, Zw (B) has no simple analytical form as a function 
of the /?is, and it cannot be numerically computed either because of the huge 
number of configurations over W ( l~w I = gIWl). 

Texture window likelibood evaluation is essential to SR. To overcome the 
awkwardness of the partition function, we propose to use the approximation 
Zw(B)  ~ Zw(B) introduced in [2], with 

{ , , 
Zw(B) = g "-2 g ~ - n g ( g - 2 ) Z f l i + 2 n ( g - 1 ) Z n ~ + y ( g - 2 )  2 ni 

i = 1  i = 1  i = 1  

(9) 
wherein g is the number of gray levels and n is the size of the window W, which 

is assumed to be toroidal. 
This expression is derived by approximating the generic term in Zw(B)  by 

its second-order expansion 

e x p { - E ( y ;  B)} ~ 1 - E(y; B) + 1/2 E(y;  B) 2 , (lo) 

and by then summing up all the approximated terms. 
Clearly, from (6), the error due to (10) vanishes as the flis --+ 0, and so 

does the summed resulting error. Accordingly, (9) can be interpreted as a high- 
temperature approximation of the partit ion function. The temperature T that  
usually characterizes the Gibbs distribution (1) can indeed be considered as im- 
plicitly incorporated within the parameters. Thus, for any parameter vector B, 
one can define 

B" = B T .  (11) 

It then appears that, because all/Tis --+ 0 when T ---+ 0% the error due to (10) 
vanishes at high temperatures. This is illustrated in Fig. 2, which plots the rel- 
ative error defined by 

err(T) = Z(B) - Z(B) /Z(B)  = Z(B*/T)  - 2(B*/T) /Z(B*/T) . (12) 

In the remainder of the paper, we return to the use of B (instead of B* and 
T), considering T as an implicit scaling factor: the condition fli << 1, necessary 
to keep the approximation error reasonable, will be interpreted as an absorption 
of T within the parameters themselves, according to (11). 
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Fig. 2. Plot of the relative approximation error as a function of temperature (g = 8 
gray levels, n = 3 • 3 pixels, model at order 5 with fli = 1(i < 4), and fli = -1 ( i  > 4)). 

Fig. 3. Overview of selectionist relaxation. The labelization of each site of the input 
image is achieved by a unit (detailed in the inset). The population of units is iteratively 
updated through a fine-grained GA. 

4 S e l e c t i o n i s t  R e l a x a t i o n  

Selectionist relaxation is an unsupervised segmentation method whereby the 
t ransformation of an input image into an output  image is computed by a popu- 
lation of units iteratively evolving through a distributed GA (Fig. 3). 

A unit Us = (B~, Ls) is assigned to each site s of the image. L8 is a candidate 
texture label for site s, while B8 is a candidate vector of model parameters.  Unit 
Us is assigned a fitness value f(Us) that  measures the adequacy of B~ to the 
local texture da ta  in the w • w window W~ surrounding site s. f(Us) is given by 
the (approximated)  log-likelihood 

f(U~) = -E(~w8 ; B~) - log(Zw. (B~)) . (13) 

At the beginning of the segmentation process, each label Ls, s E S, is set to 
the raster scan index of site s, and each model parameter  vector B8 is chosen at 
random in the set [ -6;  6] v. Because unit fitness relies on the approximation of 
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the partit ion function, unit parameters must be small enough to prevent large 
approximation errors from occurring, which would otherwise gives unreliable 
log-likelihood evaluations. The simple rule 

5 = a / w  2 (a < 1) (14) 

has been used with success. (~ values yielding good segmentation results are 
coarsely determined in preliminary experiments. 

Once it has been build as explained above, the initial population of units 
U(0) is then submitted to local selection, crossover and mutat ion,  leading to 
population U(1). Since some units are copied while others are discarded during 
selection, labels are not the same in U(0) and in V(1): the segmented image 
has been modified. This relaxation cycle is iterated until the segmented image 
reaches a stable configuration, which is taken as the final segmentation. Selection, 
crossover, and mutat ion are detailed below for a generic site s. 

During selection, the eight nearest neighboring units of Us compete to replace 
it. This competition is a winner-take-all mechanism known as local tournament 
selection: the unit having the highest fitness value in the neighborhood Ns is 
copied at site s, replacing the previous unit Us. 

Crossover is an operation whereby unit Us inherits one of the parameters of 
a neighboring unit. More precisely, a neighbor Ur is picked in the neighborhood 
of Us, and a position k is chosen at random in { 1 , . . . ,  p}. The value fls,k is then 
replaced by the corresponding value flr,k. 

Mutation is then applied to Us. A random position l is chosen on the vector 
Bs, and the parameter/3s,z is added a small amount m sampled from the uniform 
distribution in the interval [ -# ;  #]. In GAs, mutat ion is a background operator,  
the purpose of which is to maintain diversity within the population, while not 
having large disruptive effects. To prevent such effects from occurring, we define 

= < 1) , ( 1 5 )  

As is common practice with GAs, the importance given to mutat ion is chosen 
on an empirical basis. A small value such as c -- 0.02 gave satisfactory results. 

Each of the three operators (selection, crossover, and mutation) synchronously 
affects all the units on the grid S. Each time step, however, the units having at 
least one neighbor with a label differing from their own label are not processed 
as described above. These EDGE units correspond to the units located at the 
borders of the homogeneous label blobs that  are growing during the relaxation 
process as a result of local selection from one site to the next. 

To prevent crossover between units that correspond to different textures, 
EDGE units do not undergo crossover. They are not affected by mutat ion either, 
which would otherwise results in large instability of label boundaries because of 
sudden fitness changes. Unlike selection at a NON-EDGE unit site, which only 
involves the nearest neighboring units, selection at an EDGE unit site addition- 
ally involves a remote unit picked anywhere in the population. Consequently, 
labels are not only spreading over the image from one site to the next, but  they 
are also allowed to jump to remote sites, so that  distinct regions with the same 
texture can be assigned a same label even though they are not connected. 
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Fig. 4. Segmentation results on three 256 • 256 synthetic images containing, respec- 
tively, 5 (a), 3 (b), and 10 (c) textures with 8 gray levels. Samples of the generalized 
Ising model at order 5 were synthesized using the Gibbs Sampler [8] over 100 steps. 
From the left to the right: input images, ideal segmentations, and segmentation results. 

5 Segmentation Results 

The ability of SR to segment images containing MRF generated textures is 
illustrated on three synthetic texture patches (Fig. 4, Left). In each case, the 
algorithm was run for 500 time steps. As explained in the previous section, a 
(for initialization) and c (for mutation) have been determined in preliminary 
experiments. The values a = 0.001 and c = 0.02 are kept constant throughout 
all experiments. The third and last SR parameter is the size w of the windows 
W8 that  are used to evaluate unit fitnesses. The same value w = 15 has been used 
in each experiment. The number of textures in the images and their associated 
parameters are determined automatically during the relaxation process. 

Figure 4a illustrates the segmentation of an image that contain 5 textures 
with the same global diagonal orientation. In this image, each texture forms 
a unique, totally connected region. Figure 4b reports the segmentation of an 
image with 3 textures, each of which forms several, unconnected regions. Note 
how, thanks to the long-distance unit interactions occurring during selection at 
EDGE unit sites, all the regions having the same texture are assigned the same 
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Fig. 5. Segmentation at order 5 (b) and at order 2 (c) of four natural textures (a). 

Fig. 6. Segmentation of Brodatz textures without (a) and with (b) an artificial gradient 
of illumination. 

label. The third experiment, reported in Fig. 4c, shows that  images containing a 
larger number of textures can be dealt with as well: in this particular case, the 
image to be segmented is made of 10 textures. 

SR has also been tested on natural textures. The input image (Fig. 5a) con- 
tains 4 distinct textures of textile fibers. Histogram quantization has been done 
before segmentation to reduce the number of gray levels from 256 to 4. In this 
experiment, the size of the texture windows has been increased to w = 31. 

As can be assessed from Fig. 5b, the segmentation is satisfactory, in the sense 
that  the exact number of regions is found as well as their locations. Note that  
boundary errors are greater than in the preceding experiments, which is expected 
given the more than four times as big texture windows in the present case. For 
comparison, Fig. 5c shows the segmentation result obtained with the second- 
order model. In this case, each site has only 8 neighbors (Fig. la), and there are 
4 distinct clique families (1-4 in Fig. lb). Even though some textural features 
are captured, such as orientation, the second-order model cannot deal with other 
properties such as the different spatial frequencies of the two vertically oriented 
textures in the lower part of the image. 

The segmentation at order 5 is all the more acceptable that  it has overcome 
the inherent difficulty offered by this image, which is due to the non stationarity 
of the textures. In particular, the result is not affected by the variations in illu- 
mination. To further investigate the robustness of the algorithm with regards to 
such non stationarities, SR has been tested on an image whereupon an artificial 
gradient in illumination has been added. As can be assessed from Fig. 6, the 
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segmentation is robust with regards to this gradient. 
Execution times increase with the size of the image since the number of units 

in the population is equal to the number of pixels. On a sequential computer, 
100 relaxation steps are achieved within about 5 mn for a 256 • 256 image. 

6 D i s c u s s i o n  - C o n c l u s i o n  

In a recent work [2], we have used SR and an approximation of the partition 
function to segment texture samples of the second-order generalized Ising model 
in unsupervised mode. The selectionist scheme is efficient because to achieve a 
correct segmentation, it is sufficient to spread out, over each texture, the unit 
with the greatest likelihood among a population of units, even when this unit 
does not bear the absolute optimal parameter set for that texture. In the present 
paper, these results have been extended with the following two contributions: 

First, it has been shown that the previously obtained results generalize to 
higher order instances of the generalized Ising model. Segmentation experiments 
covering various texture region numbers, sizes, and geometries, have been re- 
ported. Unlike previously proposed solutions to the unsupervised texture seg- 
mentation problem, SR does not make any assumption concerning the textural 
contents of the image. Besides the two parameters ~ and e, a coarse empirical 
tuning of which was performed off-line once for all, the only external parameter 
of the algorithm is the size w of the texture windows whereupon the evalua- 
tion of the units is based. This parameter is easily tuned because it is naturally 
dependent on the coarseness of the textures. 

Second, the ability of the method to deal with high order instances of the 
generalized Ising model allowed us to tackle the problem of segmenting natural 
textures. Up to now, the use of this model has been hampered by the compu- 
tational awkwardness of the partition function. The approximation introduced 
in [2] and used here allows to overcome this difficulty. Using this approximation 
at high orders, it is shown here that the generalized Ising model exhibits in- 
teresting properties for texture segmentation, in particular by being insensitive 
to the variations in illumination. This property is of course inherited from the 
definition of the model clique potentials (4). The autobinomial model [5], a more 
popular model for texture segmentation based on MRF texture modeling [12], 
does not exhibit such a fundamental property. 

However, the all-or-none clique potentials of the generalized Ising model 
strongly limit its range of application. In particular, the necessity to quantify 
input images upon a small number of gray levels may result in an important 
loss of textural information. It is noted that in SR, the performance results from 
two components. The first one is the GA-based relaxation scheme. The second 
one is the texture description used. One attractive feature of this method is 
that, should the global performance be unsatisfactory because of an inadequate 
texture model, the extension to a more appropriate representation is straightfor- 
ward. This property, inherent to any GA, results from the fact that the genetic 
operators are problem independent, the fitness function being the problem spe- 
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cific component of such algorithms. Further research with SR will be concerned 
by such an extension to MRF models that  may be more appropriate than the 
generalized Ising model to capture the complexity of natural textures. 
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