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ABSTRACT. This paper presents a new model of textured images consisting of
several textures. The segmentation and each texture are described by their own
Markov random fields. Such a model allows to avoid any additional restric-
tions on the random fields, such as autoregressivness or gaussianity. Different
segmentation problem formulations based on this model and their solutions
are considered as well.

1. INTRODUCTION

A texture is an important characteristic of images of natural objects and an
important element of visual perception. A considerable quantity of investigations
[1] is devoted to the computer analysis of texture images. In the sphere of these
investigations the problem of image segmentation by texture features takes an es-
sential part. One may separate the following three main groups in the long-term
investigations of the problem.

1. We include into the first group of works the vast researche that were done in
this area before the publication of the fundamental work by Gemans [2]. The main
difference between these investigations consists in that various texture features are
postulated on the basis of some intuitive heuristic considerations. These features are
calculated for each pixel on the basis of some neighborhood. Thus these algorithms
are also called window-based algorithms. Algorithms of texture segmentation are
constructed on the base of informal considerations, not as the solution of a formally
set problem. It is supposed that the texture feature varies slightly within one
segment and takes essentially different values on different segments. Rather often
the algorithms of this class take the form of ”expansion” or "merging” of areas in
the image. The following algorithms are also rather widespread: the boundaries
between two segments are selected on the basis of chosen features, then the areas are
constructed in one or another way in compliance with the selected boundaries. Such
heuristic works were done both before the Gemans’ work [2] and after it. Having
classified these works to before-Gemans period, we want to stress the fundamental
importance of Gemans’ works in which the texture segmentation problem got the
precise mathematical formulation.

2. In Gemans’ work the texture segmentation problem is formulated on the basis
of Markov models of images and consists in the search for realization of the hidden
Markov field with the maximum a posterior probability. This problem comes to
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extremely complex optimization problems except several special cases when, for
example, the Markov field is autoregressive or gaussian. For solving the general
problem the method of simulated annealing is proposed. This method was success-
fully applied before for practical solving other theoretically hopeless problems [3, 4].
Probably just after Gemans’ work the method of simulated annealing became wide
applicable in the processing and recognition of images. However, it is known that
the simulated annealing does not determine unambiguously the algorithm of finding
the global optimum, it only indicates that the sought algorithm belongs to a vast
class of algorithms. The algorithms of this class differ from one another only in
the process of changing a special parameter, which is known as the ”temperature”
of the annealing. Only under the certain dependence of this temperature on the
time of annealing the algorithms of the simulated annealing ensures the conver-
gence to the global maximum of the function being optimized. The choice of such
dependence was the main problem while using the recommendations of Gemans for
solving real-world problems.

3. Later the structural recognition was investigated from the point of view
of the Bayes theory of statistical solutions, and these new results in the sphere of
structural recognition determined further progress in the texture segmentation field
[5, 6, 7). It became known that searching the segmentation with the maximum a
posterior probability is the solution to only one of several possible Bayes recognition
problems. Moreover, such solution is simply unwise in a number of applications. It
follows from the form of the penalty function, which is absolutely unnatural in this
case. These results gave opportunity to construct new algorithms of recognition of
hidden Markov fields [8, 9, 10, 11, 12]. These algorithms are very close by their
nature to the algorithms of stochastic relaxation of Gemans, but at that it appeared
unnecessary to solve a complex and at present time unsolved problem about the
speed of decreasing the "temperature”. The problems of hidden Markov fields
recognition, specifically, the problems of image texture segmentation appeared to be
a particular case of the more general problem of modelling and generating Markov
random fields. In this sphere of investigations the problem of image segmentation
has lost its specific character.

The present paper presents an attempt to isolate the texture segmentation prob-
lem from the general class of problems of generating and modelling of Markov
random fields. We shall construct the algorithms of texture segmentation that
take into consideration the specific character of this subclass of problems in the
general problem of generation of Markov random fields. These algorithms will be
constructed not on the basis of Markov model for images, but on the basis of a
model for such images that are constructed from several segments, and each of
these segments is a random realization of Markov random field, that is unique for
each segment.

In the second and third sections the main definitions that are necessary for
precise formulation of the problem are given. In the fourth section the model of
the image consisting of several textures is introduced. In the fifth section possible
texture segmentation problems within Bayes recognition theory are formulated. In
the sixth section the method of reduction of these problems to the problems of
generation of Markov random fields is offered. In the seventh section the algorithm
of Markov random field generation for the formulated model of texture image is
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described. In the eighth section we present the examples of practical realization of
the proposed algorithm.

2. THE BASIC DEFINITIONS

Basic definitions are introduced in this section. Later we operate with such
notions as a field of vision, a pixel, a palette, a color, an image, a label
and a structure of the field of vision. Most of these notions are intuitively
comprehensible, but we introduce them for clarity.

Let a field of wvision T be an arbitrary finite set. FElements of the field
of vision are called pixels. One of the most frequently encountered example
of the field of vision is a rectangular area of the two-dimensional integer lattice
{(4,7)10 <i < 1,0 <j < J}. Without loss of generality we may assume that the
elements of the field of vision are natural numbers
T={1,2,..,m}.

Let a palette X be an arbitrary finite set, as well as a field of vision. The
elements of the palette X are called colors. Without loss of generality we may
assume that X = {1,2,....,n}.

A function zp : T — X is called an image. The restriction of this function on
a subset of the field of vision 7 C T is denoted by -, and the value of the function
7 in the pixel t € T is denoted by x;.

Let a labelling of the field of vision T by [ segments be a function kr : T —
{1,2,...,1}. At that the set {1,2,...,1} is called a set of labels and denoted by the
symbol K.

The last two definitions are almost identical. Introduction of two definitions
instead of one is due to the fact that the notions ”"image” and ”labelling” carry
different semantic capacity, therefore their separation improves the comprehension
of the stated material. The labelling and the image have the same properties as a
function that maps the field of vision into a finite set.

Let a structure of the field of vision T be a set of subsets & C {r|7 C T'}.

Note that the set & does not necessary contain all subsets of the field of vision.
Usually the elements of the structure of the field of vision consist of just pairs of
pixels.

3. RANDOM FIELD, MARKOV RANDOM FIELD

A random value X defined on the set of all images X7 = {ar|xr : T — X} is
called a random field. It is impossible to specify directly a probability distribution
on the set of all images due to their huge number. Because of this, the random field X
is usually considered as a family of random values X = {N,|t € T} = {Ny, Ny, ..., N, }.
Each random value N; corresponds to one pixel ¢t and takes values from the set X. At
that the random values Ny, N5 ..., N, are not necessarily independent. For the given
image zp : T — X the probability of the event (x1 = Ny, 29 = No, ..., z,, = N,p,) will
be denoted by p (). For the subset of pixels 7 C T we denote the probability of
the event {z; = N[t € 7} by p (z,).

In the present article all random fields are assumed to be Markov, which means
that their probability distributions are given by:

(1) p(IT) :Z'GXPZQOT (IT)7

TESY
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FIGURE 1. General model of texture image constructed in accor-
dance with the formula (3).

where 271 = Y exp Y. ¢, (z,) is a normalizing factor, 3 is a structure of the
zpeXT TES

field of vision, ¢, are functions depending on the variables x, = {x¢|t € 7}. The

functions @, are called Gibbs potentials.

It was shown in [8, 9, 10, 11] that Markov random fields could be used for
specification of textures. Besides, the algorithm for generation of Markov random
fields according to the probability distribution (1) is known. This algorithm is
based on the fact that the probability distribution of the labels in one pixel is
easily computed under condition that labels in all other pixels are fixed:

(2) p(ziler) = c-exp Y or (2,),
er
where ¢t = Y exp Y o, (xT\t, xt) is a normalizing factor providing the equal-
a;teX TES

teT

ity Y p (ze|zpy) = 1.

T}tle algorithm of generating consists in the following. At the first step of the
algorithm an arbitrary image xr is chosen. Further the following operation iterates:
an arbitrary pixel of the field of vision ¢ € T is chosen and the color in this pixel is
generated according to the probability distribution (2).

4. INTRODUCTION OF THE BASIC MODEL OF THE TEXTURED IMAGE

Let ! random fields be given on the set of all images X7. The probability
distribution of these random fields will be denoted by p! (z7),p? (z7),...,p" (z7)
correspondingly. Each of these random fields corresponds to a certain type of
texture. The upper index denote the number of the texture. Let also a random
field on the set of all labellings of the field of vision T" by [ segments be given. We
denote the probability of the labelling k7 : T — K by p'® (k7).
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Let a textured image xr be an image obtained as a result of the following
random process. Images xt., 22, ..., xlT and the labelling k7 are generated indepen-
dently according to the probability distributions p' (z7),p? (z7),...,p' (x7) and
p'®® (k) correspondingly. Then the textured image x7 is constructed from the
obtained images following the rule: if the pixel ¢ of the labelling is labelled by
k, € K = {1,2,...,1}, then the color from the k -th texture image % is carried to
the corresponding pixel z; of the resulting image (see figure 1). More exactly the

color z; in each pixel t € T' is computed by the formula

(3) VteT:z =i
From the construction we obtain the formula for simultaneous distribution of the
probabilities of images =1, 22, ..., 2}, kr and 27 :

0 JteT:x #at

1 l _
4 » ($T7~-~,ZCT77€T7$T) _{pl( 1) ,,,,, pl(xlT)_plab(kT) VteT:z, = xf‘ :

L
On the basis of the described model it is necessary to restore the labelling kp
provided that the image x7 is known.

In this work we assume that random fields are Markov random fields. The
model of textured image will be described by [ + 1 structures of the field of vision
31,32, S, 31 and for every i € {1,2,...,1,lab}, for every 7 € 3% the functions
¢! specify Gibbs potentials. The probability distribution of the image of i-th tex-
ture zk. is given by the formula p’ (.’1351) =zloexp Y b (gclT), and the probability

TES?
distribution of the label kr is equal to p'® (kr) = 2! -exp > L (k).
TEQlab

In the works [8, 9, 10, 11, 12] G.L.Gimel'farb and A.Zalesny consider texture
segmentation of images as a particular case of generating Markov random fields.
At that the color of each pixel consists of two components (x, k) that are the signal
value and the label. At that it is implicitly suggested that the structure of the field
of vision is the same for different textures. The advantage of the just introduced
model is that the labelling and each texture are characterized by their own Markov
random fields that are independent. This allows to modify easily the recognition
system. One can introduce a new texture or eliminate existing one easily within
the framework of the introduced model. Besides, in the given model it is easy to
allow for a priori knowledge about the labelling.

5. FORMULATION OF THE SEGMENTATION PROBLEM AS THE BAYESIAN PROBLEM
OF RECOGNITION

It is necessary to find the labelling k7 when the simultaneous probability dis-
tribution p (xlT, x2, ..z ke, xT) and the image x7 are known. Let us consider
various problem formulations for searching for the labelling k.

1) It is necessary to find the most probable values of all hidden parameters of the
model, namely, the images x4, z2., ... ,xlT and the labelling k1, according to their
a posterior probability distribution p (x%p, T2, ... ,x%p, k;T|mT). Thus, it is necessary
to find

(x*T17x}2,...,x}l,k}): arg max p(xlT,x2T7...,mlT,kT\xT):

1.2 1
Ty Ty T R
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1 2 l
p (‘TTvxT7 sy Ty kT’ ‘rT)
= argmax =
x%,z%,...,le,k:T p(l'T)
1 2 l
= argmax p (J:T,xT, ook, xT) =
okl oy
. k
0 el :z #x*
— l
= argmax lab , o - X
xb a2zl ke eXPZ Pr ¢ ( T)H z“exp Z 302.(1':_) VteT :x = xtt
T TeFlab i=1 TEY
0 HeT:z #a
l
= arg max lab i k =
chatowh gy | 2 PR+ XX ¢h(ah) VEET iwm =gy
T T reSlad i=1regi
l
lab i i
argmax E Pr E § 907—(757-))'
T TRT  Leglab i=1 regi

VtET:zy= rf
After that one may take the obtained labelling k7. as a result of recognition. In
the case when the order of the structure of the field of vision is more than one, the
solution to the problem is unknown.

However, the solution of the problem has no statistical sense since the most
probable values of all hidden parameters of the system are used for finding the
labelling (see [5]). The following statement of the problem is more reasonable.

2) Given an image z, it is necessary to find the most probable labelling in ac-
cordance with its a posterior probability distribution p (kr|xr). This is the most
widely used formulation of the problem, known as the maximum a posteriori esti-
mation.

kT = argmax p (kr|xr) = arg max Z p (25, 2%, ... b, kr|or) =
ko ko ol 22 2zl
T T
xTvl'Tv . xlTvavxT)
—argmax Z =
1 (IT)

LIt JI

1 2 l
Z p(xTvxTa--vxTakT;zT)
ah 2, zh
fargmax =
p (o)
l k —
—argmaX .'L'T7IT,..,I'T7 T,IT) =
1

.1)

T2 ah

= arg max Z (zlab eXpZ ol (K, H expz oi(zh)) =

b TeQlab i=1 TEY!

This problem is more complicated then previous one as it is impossible even to
compare posterior probabilities of two arbitrary labellings.

3) On the other hand it is also unnatural to find the most probable labelling, i.e.
to solve the problem 2) (though it is a common practice). It simply means to solve
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the Bayesian recognition problem with the simplest penalty function W (kr, k%) =
{ 0 kr=k:

U kp £k According to this penalty function the segmentation that differs

T 7 kr
from the real one only in one pixel is as bad as the segmentation that differs from
the real one in all pixels. It would be more reasonable to consider the Bayesian

problem with the additive penalty function W (kp, k%) = > w (ki kF). To solve
T

te
this problem it is necessary to find the posterior probability distribution of the
labelling in each pixel [5]:

pr(k) =Y p(krler).

kT
ky=k

If w(k,k*) = { (1) Z;Z* , then the penalty is proportional to the number

of misrecognized pixels. The solution of the Bayesian problem takes the following
form:

ki = arg max py (k).
k

The computational complexity of the problem makes it practically unsolvable.

6. THE REDUCTION OF ABOVE-STATED PROBLEMS TO THE PROBLEMS OF
GENERATION

Let us replace the problems 1), 2) and 3) by the problems 1*), 2*) and 3*)
correspondingly. We replace the condition of finding the most probable value by
the generation of the value with a given probability distribution. We obtain the
following three problems:

1*) It is necessary to construct an algorithm for generating the images =1, 2%, ..., 2%
and the labelling k7 in accordance with their a posterior probability distribution
P (x%p,x?p, ey Tl kT|xT).

2*) Tt is necessary to construct an algorithm for generating the labelling kr in
accordance with its a posterior probability distribution p (kr|zr).

3*) It is necessary to construct an algorithm for generating the label k in the
pixel ¢ in accordance with its a posterior probability distribution p; (k).

Knowing the answer to any of the problems 1), 2) or 3) does not allow us
to solve the other two problems. As for the problems 1*), 2*) and 3*) it is all
the opposite. Being able to generate the images xk, 22, ..., 2% and the label kr
according to the distribution p (:v%w,xQT, . 7xlT,I<:T|xT)7 i.e. knowing the answer
to the problem 1%), it is also easy to construct the solutions of the problems
2*) and 3*). To generate the label kr according to the probability distribution

plkrlzr)= >, » (x%«,xQT, ooy ahy kT\mT) it is sufficient to generate the images
z%ﬂ,x%ﬂ,...,le
Thoad ,xlT and the label k7 according to the distribution p (Jc%«, T2, xlT, k‘T|xT),

then take the label k1 as an output of the algorithm 2*). Later on, to generate
the label in the pixel ¢ according to the distribution p; (k) one may generate the
labelling k7 according to the distribution p (kr|xr) and take the label k; in the
pixel ¢ as an output of the algorithm 3*).
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Note that having generated the label in the pixel ¢ with the distribution p; (k)
several times it is possible to estimate this probability distribution and to use the ob-
tained estimation for solving the problem 3). Thus, the solution of the problem 3*)
allows to solve the problem 3) with a certain degree of reliability. In the same way,
though less obviously, the solution of the problem 2*) allows to solve the problem
2), and the solution of the problem 1*) allows to solve the problem 1). In order to
solve the problem 2) it is necessary to generate the labelling in accordance with the
probability distribution p (kr|xr) many times, then take the labelling that has met
most frequently as the solution to the problem 2). Similarly, in order to solve the

problem 1) it is necessary to generate the images x4, 2%, ..., 2t and the labelling

kr in accordance with the probability distribution p (2%, 2%, ..., x4, kr|zr) many

times and take the set of images =}, 22, ... 2} and kg that have met most fre-
quently as the solution to the problem 1). At that the ability to generate is used for
estimation of the probability distribution. It is easy to see that it is impossible to
solve the problems 1) and 2) using the described above algorithm since the number
of required samples becomes huge. Perhaps it occurs just because the problems 1)
and 2) are posed as unwise Bayesian recognition problems.

Further we solve only the problem 3), having constructed the solution of the

problem 3*).

7. DESCRIPTION OF THE GENERATION METHOD AND ITS IMPROVEMENT

It is shown in the present section that the probability distribution
p (2, 2%, ... 2k, kr|zr) in the described model of textured image is given by a
Markov random field. Therefore, to generate the images z1, 22, ... 2z and the
labelling k7 according to the distribution p (a:%m 22, .. xh, kT|a:T) it is possible to
use the standard algorithm for generating Markov random fields that was described
in Section 3. It is shown further that computational complexity of generation of the
label in one pixel is proportional to | X \lil -[. It means that the introduction of each
additional texture slows down the algorithm of generation |X| times. Though it is
possible to modify the algorithm of generation in such a way that computational
complexity of generation of the label in one pixel will depend linearly on the number
of textures. Namely, it will be proportional to |X|-I. The algorithm of such
acceleration is described in the present section as well.

Let us show first that the probability distribution p (:r%,x%, . ,xlT, kT|:rT) is
markovian on the field of vision 7'

Indeed, a posterior probability of the images x4, 2%, ...,z and the labelling kr
is equal to
0 JteT:x #xk
5 T T, kp|TT) = ! o ,
) PETem T B =4 (30 (k)43 ¥ ol () VEET =l
reglab i=1regi

where z is a normalizing factor.

Now let us specify the palette in each pixel in such a way that in the pixel
t € T the palette consists of colors z', 22, ..., 2! and the label k, that go with the
label x; in the observed image x7. More precisely, the palette in the pixel ¢ equals
X = {(xl,xz, ol k) e X! x K\xk = xt}. Thus the set of all possible images in
the Markov field coincides with the set of images which satisfy the condition

(6) VteT:x =it
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Allowing for the condition (6) the formula (5) can be rewritten in the form

l
(7) p (x%’vx%v s vxlT7 kT‘xT) =z exp( Z SDfrab(k'r) + Z Z SD%r(xfr))

TeSlab =1 737

Therefore, we deal with Markov random field.
It follows from formula (7) that the structure of the field of vision is equal to
I=3'US?U---USUS, and Gibbs potentials are defined by the formula

o (f) + @t (k) T EQM

. 1 2 l . LT ES?
Vr €S, (ah,a7,... 2l k) = ¢ FTE Y ¢l (o) ¢ Glab
iTES
Thus, p (24,22, ... 24, kr|zr) is really a Markov probability distribution. To
generate the random field according to the probability distribution it is necessary
to generate the vector (m%,w%,...,xi,kt) € X; in the pixel t according to the
following conditional probability distribution
P (x%, a2, .. al k‘t|;v1T\t, m%\t, . ,xlT\t7 kT\t,xT> =

1,2 1
:c-expg wT(xT,xT,...,xT,k:T)z
TEY
ter

l
—coep( Y )+ Y Y pah) =

reglab i=1 regt
ter ter
l
(8) =c- Hp(fﬂl"lT\t) “p(kelkrye),
=1

where ¢ and ¢’ are normalizing factors.
Direct use of the formula (8) for generating the label in one pixel requires

1X,| = |X|""|K| =|X|""" - 1 operations since for each vector
(x%, w2, ... xh k:t) € X, it is necessary to calculate the probability
P (m%, 22, xl, kt\x;\t, x%\t, . 7xlT\t, kp\e, xT). However, it is possible to gen-

erate the signal in the pixel with probability distribution (8), with computational
complexity being proportional to |X| - .

The improved generation is based on the usage of the following simple formula
of the probability theory: p(a,b) = p (a)-p(bla). Due to this formula it is possible
to generate a random pair (a,b) in accordance with the probability distribution
p(a,b) in such a way: at first a is generated in accordance with the distribution
p(a), then b is generated in accordance with the probability p (bla) given a.

This procedure results in the following algorithm of generation. We generate

the label k; in accordance with the distribution p (kt|x1T\t,...,xlT\t,kT\t,xT>,

then the colors z},x2,..., 2} are generated in accordance with the distribution
1 1]l !
P (ajt, e ,xt|xT\t, e Ty g kT,xT).

Let us compute the probability of the label in the given pixel

p (ktlx;\t’x%\t’ s 7xlT\t7 kT\tyxT) =
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1,2 l 12 !
= E p(xt,a:t,...,zt,kt|xT\t,xT\t,...,:z:T\t,k:T\t,xT):

l . .
=<3 Tlp(sileh) »(hlkn) =
= ¢ p(kilkry) -p (af =wilal, ) - T Yo (atlain, ) =
i#ke o
(9) = p(klkry) - p (oF = lals, )

Computational complexity of the algorithm of generation of the label in the given
pixel following the formula (9) is proportional to |X| -I. For each k; computa-

tion of the probabilities p (xf* = xt|ac]%"\ t) requires | X | operations. The probability

distribution of the colors x},z?, ..., 2! under fixed label k; is given by
1.2 1)1 2 1
D (mt Ty ,xt|xT\t,xT\t, e T kT,a:T) =
ke—1

l
10) =" ] p(wile) -» (ef =aidalt,) - TT »(aileh,).
i=1 i=k¢+1

One can see from the formula (10) that when the label k; is fixed the colors
1 1

- i, i # ky is generated in accordance with the probability distribution p (xﬂx}\t)

At that the color mf" takes the value x;. Such an algorithm of generation of the
colors xf,z2,... 2} also requires |X| - [ operations. Description of the improved
generation algorithm is complete.

8. EXPERIMENTAL RESULTS

As it was said in Section 7, we solve the problem 3) using the generation algo-
rithm - the solution to the problem 3*). First of all experimental verification of the
segmentation algorithm is carried out on artificial examples since the true labelling
of real-world images is debatable.

1) In the first experiment the parameters of two Markov fields defining two types
of textures and the parameters of the Markov field defining the labelling were set
manually. After that in accordance with the selected parameters two images (figure
2 (a), (b)) and the segmentation (figure 2 (c)) were generated. On the base of these
images the input textured image xr was constructed according to the formula (3).
After that a posterior probabilities of the label in each pixel p; (k) were estimated
by means of the generation method described above. In Fig. 2(e) the restored
segmentation is shown. The pixels in which a posterior probability of each label is
less then 0.95 are labelled by black color.

2) In the second experiment the parameters of Markov fields were obtained from
the real-world texture samples using the methods described in the works [8, 9,
10, 11]. Just as in the previous example the texture images (Fig. 3(a,b,c)) and
the segmentation (Fig. 3(d)) were generated. The input textured image xr was

xt,z2,..., 2l can be generated independently. Each component of the vector (a:t L TF
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(a) Generated example of (b) Generated example of

the first texture a:%ﬂ the second texture a:ZT

(c) Generated example (d) The artificial im- (e) Restored segmenta-
of the labelling kp age xr obtained from tion

the images (a), (b) and

(c) according to the for-

mula (3)

FIGURE 2. Artificial experiment with the artificial textures.

constructed from these images according to the formula (3). After that a posterior
probabilities of the label in each pixel were estimated. In Fig. 3(f) the restored
segmentation is shown. The pixels in which a posterior probability of each label is
less then 0.95 are labelled by black color.

3) In the following experiment airphoto was chosen to be an input image for
recognition. Parameters of Markov fields were obtained on the base of the texture
samples shown in Fig. 4(a) using the methods described in the works [8, 9, 10, 11].
A posterior probabilities of the label in each pixel were estimated. In Fig. 4(b) the
restored segmentation is shown. The pixels in which a posterior probability of each
label is less then 0.95 are labelled by black color.

9. CONCLUSION

Up to now the segmentation problem was considered mainly as the maximum
a posteriori probability estimation problem. Such a problem formulation disagrees
with the statistical sense of the problem since it is a Bayesian problem with the
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(a) Generated example (b) Generated example (c) Generated example
of the first texture al. of the second texture of the third texture 3,
2
T
T

(d) Generated example (e) The artificial im- (f) Restored segmenta-
of the labelling kp age xp obtained from tion

the images (a), (b), (c)

and (d) according to

the formula (3)

F1GURE 3. Artificial experiment with the real textures.

simplest penalty function, which presumes that the labelling that differs from the
optimal one only in one pixel is as bad as the labelling that differs from the optimal
one in all pixels. The additive penalty function is more appropriate in this case
[7], since it expresses the natural assumption about the penalty - it depends on
the number of incorrectly recognized pixels. The method for solving the Bayesian
labelling estimation problem with additive function is proposed in the given owork.
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