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Abstract

The basic frameworks and techniques of the Bayesian approach to image
restoration are reviewed from the statistical-mechanical point of view. First,
a few basic notions in digital image processing are explained to convince
the reader that statistical mechanics has a close formal similarity to this
problem. Second, the basic formulation of the statistical estimation from
the observed degraded image by using the Bayes formula is demonstrated. The
relationship between Bayesian statistics and statistical mechanics is also listed.
Particularly, it is explained that some correlation inequalities on the Nishimori
line of the random spin model also play an important role in Bayesian image
restoration. Third, the framework of Bayesian image restoration for binary
images by means of the Ising model is reviewed. Some practical algorithms for
binary image restoration are given by employing the mean-field and the Bethe
approximations. Finally, Bayesian image restoration for a grey-level image
using the Gaussian model is reviewed, and the Gaussian model is extended to
a more practical probabilistic model by introducing the line state to treat the
effects of edges. The line state is also extended to quantized values.

PACS numbers: 02.50.—r,05.20.—y, 05.30.—d, 05.50.+q, 75.10.Nr, 89.70.+c,
03.67.Lx

1. Introduction

The design of filters for digital image processing is one of the major subjects of investigation
in information processing. An important motivation is the recent massive introduction of
image-processing devices into our daily life with not only personal computers but also digital
cameras and mobile phones with image-transmission capabilities. In many image processing
systems, the estimation of the original data from the given observed data is a task of primary
importance. In the conventional approach to image processing, systems are designed to
achieve this goal as accurately as possible. It is first clarified how the system generates the
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Figure 1. The data-generating system and its inverse system.
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Figure 2. Convention of axis labels used in the present review and a two-dimensional light intensity
function f(x, y) to represent a digital image.

observed data from the original data and then the inverse system is constructed as shown
in figure 1. Although a system constructed in this way behaves accurately under the same
circumstances as the assumed data-generating system, it may not yield the desirable behaviour
in other circumstances. In realistic cases where many users use the same system with different
input data, robust systems that can process a wide variety of data with uniform reliability are
highly desirable. The method of image processing using the ideas of statistical mechanics is
expected to provide a way towards such a goal.

Let us explain a few basic notions in digital image processing to convince the reader
that statistical mechanics has a close formal similarity to this problem. A digital image is
defined on the set of points arranged on a square lattice. At each point, the intensity of light is
represented as an integer number or a real number in the digital image data. A monochrome
digital image is then expressed as a two-dimensional light intensity function f; ,, where x
and y denote spatial coordinates and the value of f , is proportional to the brightness of the
image at the point (x, y) (see figure 2). The image can then be regarded as a matrix whose
row and column indices identify a point in the image, and the corresponding matrix element
value specifies the intensity of light at that point. The elements of such a digital array are
called pixels. An instance of a digital image of size 7 x 7 with eight grey levels from 0 to 7 is
shown in figure 3.

In conventional digital image processing, various linear and nonlinear filters have been
designed to suit various purposes. The function of a linear filter is to take the sum of the
product of the mask coefficients and the intensities of the pixels. In the 3 x 3 spatial linear
filter, for example, the output f x,y ateach pixel (x, y) is given as follows:

x+1 y+l1

fo=g X X ey S (1)

x'=x—1y=y—1
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Figure 3. Digital image. (a) A 7 x 7 array with eight grey levels from 0 to 7. (b) The corresponding
digital image.

Thus the 3 x 3 spatial linear filter is specified by the mask w:

W-1,-1 W-1,0 W-1,1
w=| wo-1 Woo Wor1 |- )
wi,—1 wi,0 wi,1

Common examples include the low-pass spatial filter and the high-pass spatial filter with the
following masks:

111
(i) Low-pass spatial filter: w = %(i i i)

-1 -1 -1

(i1) High-pass spatial filter: w = é(: 8l i)

Another type of filter is the median filter. In the 3 x 3 median filter, the output f(x, y) is
given as the median of the input {fy v|x" =x — Lx,x+ 1,y =y —1,y,y + 1} in the
neighbourhood of the pixel (x, y). The median filter is a typical nonlinear filter.

These filters have been designed on heuristic bases. The low-pass filter and the median
filter are constructed for noise reduction. Particularly, the median filter can eliminate isolated
intensity spikes. On the other hand, the high-pass filter was proposed for the purpose of
sharpening the image and is applied to medical imaging, object detection and other purposes.
In order to achieve such robustness in conventional image processing, many of the filters are
designed usually under the assumption that digital images are generated and degraded only
in a specific system, and control parameters in the filters are adjusted so as to give the best
performance for the special test data (or supervised data) using statistical methods [1-3]. The
performance is then strongly dependent on the types of system and test/supervising data. Let
us explain this problem in an explicit example.

Image restoration is the problem where the original image { f; ,} is to be estimated from
the given degraded image {gy,,} as shown in figure 4. The degraded image {g, ,} is generated
by adding or multiplying some noise

8x,y = ZZAX—X’,)'—)"]CX’,)" +nx,y (3)
Xy

where n, , is an additive noise and A,_,/ ,_, is a blurring noise. To obtain the restored image
{f,} by afilter

1

1
fx,y = Z Z Wx—x",y—y' 8x',y' (4)

¥=—1y=—1
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Figure 4. Image degradation and image restoration.

the coefficients {w, ,|x = —1,0, 1, y = —1, 0, 1} have to be determined. In order to determine
the coefficients wy ,, we prepare some test/supervising images { fy ,} and their corresponding
degraded images {g,,} generated by equation (3). For these samples, the coefficients wy
are determined so as to minimize the sample averageof >~ />~ v f vy — Jx, y)%. This method is
clearly optimized to the specific type of noise in the test data. To design more robust systems
that can handle very general classes of problems facing end users in practical situations, it
is necessary to construct a theory on a more firm and systematic basis.

Many familiar filters for smoothing in image processing are designed on the basis of
the property that the intensity fy , at the pixel (x, y) takes a similar value as those in the
same neighbourhood. This property should look analogous to the well-known ferromagnetic
property of spin systems. To push the analogy further, it is useful to note that the system for
processing images by smoothing can be translated into a classical ferromagnetic spin system
by replacing a pixel with a lattice site and by assigning each grey level to a spin state. If we
focus on binary image processing, we have only two grey levels, 0 and 1, as the values of
the intensity function f, ,. By introducing the replacement s, , = 2 f; , — 1, all the possible
states at each pixel are replaced by #-1. In this case, many statistical physicists will expect that
the corresponding smoothing filters may be designed using the ideas of physics, particularly,
of the Ising model. Possibly, some statistical physicists may even hope that they can achieve
a big breakthrough in image processing from their own standpoints, which is of course too
much to expect. In practical image processing, we have to consider not only fundamental
principles but also some detailed data structures. Moreover, the final goal may sometimes
not be image processing but pattern recognition, robot vision, artificial intelligence, neural
computation or other engineering applications. The criteria of performance inevitably depend
on the situations of practical applications. Nevertheless, some ideas and techniques of physics
may be useful to develop a new and universal theoretical foundation of image processing.
In particular, statistical mechanics is based on probabilistic theory, and it is very effective to
formulate the problem of image processing in terms of probability distribution. In this sense,
statistical mechanics provides a natural framework to bridge physics and image processing.
More precisely, Bayesian statistics is closely related to statistical mechanics as well as to the
foundation of systematic information processing in general.

This idea has been implemented successfully for many years. Derin et al [4, 5] first
formulated a framework for a probabilistic method of image processing based on Bayesian
statistics under the assumptions on the a priori information for the original images and
degradation process from the original image. Geman and Geman [6] and Jeng and Woods
[7, 8] have constructed a probabilistic model with both intensity field and line field (that
handles edges) by means of the Bayes formula. The probabilistic method was extended to
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forms applicable not only to image restoration but also to edge detection, segmentation, image
compression and motion detection [9, 10]. The practical implementation of probabilistic
models thus constructed from Bayesian statistics involves massive calculations, and the
estimation of the restored image often needs an exponential order of computational complexity
except some special cases. It is useful in this respect to note that the probabilistic models
for image processing can be regarded as classical spin systems with finite-range interactions,
for which approximate methods to treat large-scale problems have been studied for years.
Statistical-mechanical methods are applicable to the above-mentioned estimation of the
restored image in probabilistic models of image processing. In the pioneering works of
Geman and Geman [6] and Jeng and Woods [8], simulated annealing was employed for
this purpose. The mean-field approximation was also applied to image processing by many
computer scientists [16-19]. Both of these methods reduce the computational complexity
from exponential to power behaviour.

Bayesian image analysis is also an interesting subject of investigation in statistics. Some
interpretations of probabilistic models for image processing from the standpoint of statistics
are givenin [20]. Besag [21] formulated a framework for a probabilistic computational method
based on Bayesian statistics and proposed a statistical scheme to determine the parameters
in the model, which are called hyperparameters. The detailed mathematical structure of the
his scheme was investigated and extended in some ways by Qian and Titterington [22, 23].
Maximum likelihood estimation is one of the conventional techniques to estimate parameters
or hyperparameters from given data in statistics. The scheme of Besag is based on a maximum
likelihood estimation and was realized as a probabilistic image processing algorithm by
Lakshmanan and Derin [24], Iba [25], Zhang et al [26, 27] and Zhou et al [28]. Pryce and
Bruce [29] and Tanaka [30, 31] investigated a scheme for hyperparameter determination by
using the mean-field approximation from the statistical-mechanical point of view. In these
statistical frameworks, the hyperparameters are determined so as to maximize evidence which
is expressed in terms of the free energy of the probabilistic model.

Recently, several statistical physicists also suggested that some techniques and concepts
in spin glass theory are applicable to the probabilistic computational method, because the
probabilistic models are very similar to classical spin systems, particularly, the Ising model and
Potts model [32]. Nishimori and Wong [33] studied the performance of a probabilistic method
of image restoration by means of an infinite-range Ising model. They applied the replica
method to the calculation. From the standpoint of image processing, the new development in
their research is to show that the performance of the probabilistic computational method can
be given only by the analytical calculation without doing any numerical experiments. In the
conventional statistical method, we have to spend a lot of time doing numerical experiments to
estimate the performance with high accuracy. Inoue and Tanaka [34] calculated the statistical
average of evidence in Bayesian image restoration based on the infinite-range Ising model by
using the replica method and analysed the statistical behaviour in the iteration process of the
algorithms as the maximization of evidence.

This review is composed of two basic topics in the Bayesian approach to image restoration,
and the basic frameworks and techniques are reviewed. The image restoration using the Bayes
formula is a basis of probabilistic image processing and can be extended to other image
processing, for example image segmentation, edge detection, image compression and motion
detection [9, 10]. One topic is binary image restoration and the other one is grey-level image
restoration. In section 2, we demonstrate the basic formulation of the statistical estimation
from the observed data by using the Bayes formula and list the relationship between Bayesian
statistics and statistical mechanics. Particularly, we explain that some correlation inequalities
on the Nishimori line of the random spin model [35-38] also play an important role in Bayesian
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image restoration. In section 3, we review the framework of Bayesian image restoration for
binary images by means of the Ising model and give some practical algorithms by employing
the mean-field and the Bethe approximations [11]. In section 4, we explain Bayesian image
restoration for a grey-level image by using the Gaussian model. The Gaussian model is one
of the solvable models in statistical mechanics and practical algorithms of image restoration
can be derived by means of the exact closed expressions of some statistical quantities of the
Gaussian model. In section 5, we introduce the line state in the Gaussian model to treat the
effects of edges and demonstrate a few results of the numerical experiments for grey-level
image restoration. The line state is extended to quantized values there. Section 6 is devoted
to summaries and conclusions.

2. Bayesian statistics in probabilistic image processing

In this section, we summarize a general framework of image restoration by means of Bayesian
statistics and some properties related to the spin glass theory, particularly, the Nishimori line
in the Ising model with random interactions and random external fields.

Bayesian statistics is based on the Bayes formula. The Bayes formula can often be seen in
elementary textbooks of probability and statistics [12—15]. Let us consider two events A and B.
The probability that event A occurs is denoted by Pr{A}. The conditional probability that event
A occurs when event B occurs is denoted by Pr{A|B}. The joint probability Pr{A, B} for events
A and B is given as follows:

Pr{A, B} = Pr{A|B} Pr{B} = Pr{B|A} Pr{A}. 5)
From this equality, we obtain the Bayes formula
Pr{A|B}Pr{B}  Pr{A|B}Pr{B}
Pr{A} >, Pr{A|B} Pr{B}

where ) takes the summation over all the possible events for B. The second equality is given
by using Pr{A} = 3", Pr{A|B} Pr{B}. The Bayes formula gives the conditional probability
Pr{B|A} when the conditional probability Pr{A|B} and the probability Pr{B} are known. In
equation (6), event A is given as the observed data and event B corresponds to the original
information to estimate. The probability Pr{B} is referred to as the a priori probability. The
conditional probability Pr{A|B} expresses a process generating the data from the original
information. The conditional probability Pr{B| A} is referred to as the a posteriori probability.
Thus the Bayes formula can be applied to the estimation of the original information from the
given data.

In probabilistic image restoration by Bayesian statistics, original and degraded images
are generated by the following procedures:

Pr{B|A} =

(6)

(i) the original image is generated according to the a priori process;
(i1) the degraded image is generated from the original image obtained through the previous
step in the degradation process.

These procedures are shown in figure 5. These processes can be specified by probabilities
Pr{B} for (i) and Pr{A|B} for (ii) or G for A and F for B in figure 5. The relationship to
construct the inverse process of the process in figure 5 is given by the Bayes formula as a
conditional probability. The inverse process is shown in figure 6. The conditional probability
for the inverse process is referred to as the a posteriori probability in Bayesian statistics.

In the Bayesian approach to image processing, the Markov random field plays an important
role. The Markov random field is the set of random variables in which the state of each pixel is
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Figure 5. Prior and degradation processes generating the original and degraded images,
respectively. The sets of random variables representing the original and the degraded images
are denoted by F' = {F, ,|(x, y) € Q} and G = {G, ,|(x, y) € Q}, respectively.

Original Image f [ A Posteriori Probability Pr{ F=f| G=g } |Degraded Image g
. - Conditional A Priori o5
Probability X :’rObabnhty
for Degradation Oorriginal mage
Pr{ G=g | F=f} Original

Figure 6. Inverse process of the process in figure 5.

dependent only on the configuration of its neighbourhood pixels. The two-dimensional Ising
model with nearest-neighbour interactions is a typical example of a Markov random field.
Generally, a Markov random field can be regarded as a two-dimensional classical spin system
with interactions of finite range. Moreover, the conditional probability for the degradation
process can be expressed as a term of external fields in the classical spin system, and the
observed data are represented as the coefficients of the external fields.

Nishimori and Wong [33] proposed that the performance of an infinite-range model of
image restoration can be estimated statistically by introducing an idea from spin glass theory.
Such a viewpoint did not exist in the field of conventional image processing. Computer
scientists and system engineers perform a large number of tests for all the considerable cases
to check the performance of systems they designed consuming large amount of computational
resources. Nishimori and Wong’s proposal suggested that the concepts and techniques in
spin glass theory may provide a performance check without test experiments. Similar ideas
have also been applied to the performance checks in error-correcting codes [39] and mobile
communications [40].

In the present section, we first give a general framework of Bayesian image restoration
and define the Markov random field explicitly by using equations. We explain the equivalence
between the Markov random field and Gibbs canonical distribution, the relationship between
the Kullback—Leibler divergence and the free energy, and the hyperparameter determination
based on the maximum likelihood estimation. Moreover, we give a framework of performance
check in the probabilistic method of image restoration and mention that the framework has a
close formal similarity to the spin glass theory.

2.1. Bayesian image processing

We consider an image on the square lattice 2 = {(x, y)|x =1,2,..., L,y =1,2,..., L,}.
The lattice is assumed to consist of |€2| pixels and to satisfy the periodic boundary conditions,
so that the lattice is on a torus. The configurations of true original and given degraded images
are represented by f = { fx ,|(x, y) € Q}and g = {g« ,|(x, y) € Q}, respectively. In a binary
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Figure 7. Image restoration by means of the Bayes formula. Here « and f are hyperparameters.

image, the set of all possible states at each pixel is denoted by {£1}. The state +1 means black
and the state —1 means white'. In recovering the original image f from the given degraded
image g, we use some a priori properties of the original image f. We express the set of random
variables representing the original and the degraded images by F' = {F ,|(x,y) € @} and
G = {G,,|(x,y) € Q}, respectively. In the Bayesian approach to image processing, the set
of random variables is often called the random field.

In the present review, the basic framework of probabilistic image processing is given
by means of the Bayes formula. We have illustrated the concept of the Bayes formula at
the beginning of the present section by using figures 5 and 6. Now we explain the explicit
form of the Bayes formula by means of the notations of the random fields F' and G in the
present subsection. The probability that the original image is f, Pr{F = f}, is called the
a priori probability of an original image. In the Bayes formula, the a posteriori probability
Pr{F = f|G = g}, that the original image is f when the given degraded image is g, is
expressed as

v . Pr{G=g|F = f}Pr{F = f}
Pr{F—.ﬂG—g}_Zzpr{G:g|F:z}Pr{F=z}

(7

where the summation ), is taken over all possible configurations of images z = {z, ,|(x, y) €
Q}. The probability Pr{G = g|F = f} is the conditional probability that the degraded image
is g when the original image is f and denotes the degradation process that produces the
degraded image from the original image (see figure 7).

We have some criteria for obtaining the estimate of the original image f, f =
{f1,](x. y) € Q}, as follows:

(i) Maximum a posteriori (MAP) estimation

f = argmax Pr{F' = z|G = g}. (8)

(i) Maximum posterior marginal (MPM) estimation

A

fx,y zargm{aXPI{Fx,y =G =g}. 9

(iii) Thresholded posterior mean (TPM) estimation

2
f = i — x\'P F = G: . ]O
J .y = argmin (é“ ;z 5 PriF = 2| g}) (10)

! In a practical digital image, the set of all possible states at each pixel is denoted by {0, 1,2, ..., 255}. The state 0
means black and the state 255 means white.
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Here the notation arg max.a(z) means a maximizer z of the function a(z), and Pr{F, , =
¢|G = g} is the posterior marginal probability defined by

Pr{F,y = fiy|G =g} =) Pr{F =2|G =g}s. ., (11)
or
Pr{F., = f,/G=g}= ) Pr{F = f|G=g) (12)
fﬂ\(.m‘)

where §, p is the Kronecker delta. We remark that the MPM estimation and the TPM estimation
are equivalent to each other in binary images.

2.2. Gibbs canonical distributions

For a specified energy function U(f) and a fixed value of temperature 7 (>0), the Gibbs
canonical distribution

exp (—zU(f)
> exp (—%U(z))

satisfies the minimization of the free energy as follows,

p(f) =aIgHgnf[¢] (14)

p(f) = >0 13)

where

Flpl = qu(z)(U(z) + TZInd)(z)). (15)

Here the notation arg min,a(z) means a minimizer z of the function a(z). The quantities F[p]
and S[p] = —)_, p(2) In p(2) are the free energy and the entropy in the statistical-mechanical
model with the energy function U ( f), respectively. The free energy F[p] is expressed in terms
of the energy function U (f):

F=Flpl=-Th (Zexp <—%U(z))). (16)

The Kullback—Leibler divergence Dy [¢] o] can be written in terms of F[¢]:

¢(2) 1
DxLlgllpl =) ¢(2)In (% = Flgl+) exp|—7U ) ). (17)
z z
The Kullback-Leibler divergence Dy [¢ | p] is equal to zero if and only if ¢(f) = p(f).
The minimization of the free energy corresponds to the minimization of the Kullback—Leibler

divergence.

2.3. Markov random fields

In the Bayesian approach to image processing, the random field in the a priori probability is
often assumed to be a Markov random field [4, 5]. A Markov random field is a set of random
variables in which the state of a pixel (x, y) is dependent only on the configuration of its
neighbourhood of the pixel (x, y). In the present paper, for simplicity, we consider only the
set of the nearest-neighbour pixels as the neighbourhood in the Markov random field.

Now we explain the definition of the Markov random field as an explicit expression. The
set of nearest-neighbour pixels of the pixel (x, y) is denoted by ¢, , = {(x =1, y), (x, y = 1)}.
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In this case, the Markov random field is defined as the set of random variables satisfying the
following relation,
Pr{Fx,y = fx,ylFQ\(x,y) = fQ\(x,y)} = Pr{Fx,y = fx,y|Fx’,y’ = fx’,y’a (x/a y/) € cx,y} (18)
for every pixel (x, y) € Q. Here, Pr{F, y = fi y|Fa\u.y) = fa\x.y} is defined by

Pr{F = f)

Pr{Fx,':fx,'IFQ (x,v):f X }E (19)
y y \(x,y Q\(x,y) Pr{FQ\(X,y) _ fQ\(x,y)}

and FQ\(x,y) = {Fx’,y’l(-x/s y/) S Q\()C, )’)}

It can be shown that the a priori probability with a Markov random field is reduced to
a Gibbs canonical distribution only with finite-range interactions. We can prove this fact as
follows: first we rewrite a probability that satisfies equation (18) in the following form:

Pr{F = f} = exp(=U(f)) U(f) = —In(Pr{F = f}). (20)

By using equations (18) and (19) iteratively, the energy function U (f) in equation (20) can be
transformed as follows:

U(f) = —In(Pr{F,y = fiy|Fawy = Faen)) — PH{Fawy = Fown))
= _ln(Pr{Fx,y = fx,yIFx’,y’ = fx’,y’v (x/s y/) € cx,y})
—In(Pr{Fa\.y» = fa\wpn )
= - Z ln(Pr{Fx,y = fx,yIFx’,y/ = fx’,y’v (x/s y/) € cx,y})- (21)
(x.y)eQ

We then obtain the following equation,

Pr{F = f} =exp| — Z Uey(feylfoy, (', y) € exy) 22)
(x,y)eR

where

Ux,y(fx,ylfx’,y’a (x/a y/) € cx,y) = ln(Pr{Fx,y = fx,y|Fx’,y’ = fx’,y’a (x/a y/) € cx,y})- (23)

Equation (22) means that the probability Pr{F' = f} that is a Markov random field has the
form of a Gibbs canonical distribution with finite-range interactions.
If the neighbourhood pixels ¢, , are specified by

Cry = {(-x - 1! )’)» ()C+1, )’)7 ()C,y_ l)s (-xvy+1)} (24’)

equation (18) can be written as follows:

Pr{Fx,y = fx,ylFQ\(x,y) = fQ\(x,y)} = Pr{Fx,y = fx,y|Fx71,y = fJC71,y7 Fx+1,y
= fx+1,ya Fx,yfl = fx,yfla Fx,y+1 = fx,y+l}~ (25)

More general discussions about the definition of Markov random fields and the equivalence
between the Markov random fields and Gibbs distributions for any lattice with general graph
structure are given in [5].

2.4. Hyperparameter, maximum likelihood estimation and evidence framework

The probabilities Pr{F' = f} and Pr{G = g|F = f} have some model parameters that
are referred to as hyperparameters. The hyperparameters of the a priori probability and the
degradation process are denoted by « and S, respectively (see figure 7). Now, we express
the degradation process and the a priori probability including the hyperparameters « and j in
terms of the notations Pr{G = g|F' = f, 8} and Pr{F = f|«}, respectively.
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We explain the role of the hyperparameters o and § in a simple example. For L, = 2 and
L, =1, we consider a system £2 consisting of two pixels. The a priori probability distribution
and the degradation process are assumed to be

exp(efi1 f1,2)
Pr{F = = —= 26
T Fled 4 cosh(«) (26)
exp(Bgi.1 /1.1 + Bg12/12)
4cosh(B)cosh(B)
By substituting equations (26) and (27) into equation (7), the a posteriori probability
distribution is derived as follows:

exp(Bgi1 fi1+Bgiafip+afiifin)

Pr{G =g|F = f.B} =

27)

Pr{F = f|G =g, B} = . (28)
Z{::I:l Z{’:il exp(Bg1.1¢ + Bg128" +all’)
In the MAP estimation, the restored image f = {f11. f12) is given by
7 iy : / /
(fi1 fi2) arg;:ir?];/l:i]( Bg1.1¢ — Bg128 —all’) (29)
For o > B, the restored image f satisfies fu = f],z- For ¢ « B, the restored image f

is obtained as fl’l = g1.1 and f1.2 = g12. Hence, it is important how to choose the values
of hyperparameters which should be determined only from the given degraded image without
using the original image.

By means of the most basic framework of maximum likelihood estimation, we demonstrate
how to estimate the hyperparameters when the original image is not known. Since we never
know the original image f in practical applications, this scheme can be regarded as a design of
optimal probabilistic model of the original image when we know the answer. In this situation,
the hyperparameters @ and 8 are determined so as to maximize quantities Pr{F = f} and
Pr{G = g|F = f} as follows,

(&@=MW%HW=LG=mmm (30)

in the original standpoint of maximum likelihood estimation. In this framework, the joint
probability Pr{F' = f, G = g|a, 8} = Pr{G = g|F = f, B} Pr{F = f|a} is regarded as the
likelihood of the hyperparameters & and 8 when the original image f and the degraded image
g are given. Equation (30) is reduced to the following simultaneous equations:

& = argmax Pr{F' = f|a} 3D

E:argmélxpr{G:mF:f,ﬁ}. (32)

This hyperparameter determination scheme was proposed by Besag [21].

By generalizing the above-mentioned hyperparameter estimation method, we explain
how to determine the hyperparameters when we have no direct information on the original
image f. By combining equation (8) with equation (30), Lakshmanan and Derin [24]
implemented the following simultaneous scheme,

(@ ) = argmaxPr(F = f, G = gla B} (33)
f:a.rgmaxPr{F:z|G=g,&,,3} (34)

in the context of a segmentation problem. We note that equation (31) gives the scheme to
determine the hyperparameters in the a priori probability from the original image whereas
equations (33) and (34) do not refer to the original image directly.
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Pr{F[a} Pr{G|/F=£f, 5}
[:::].-; £ B — g
Marginalization
with respect to f
Pr{G/a, 3}

[t ] -
u

arg max Pr{G=g| o, 8}
(a,B)

Figure 8. Evidence framework of image restoration by means of the Bayes formula.

The framework of Lakshmanan and Derin was extended to more generalized one that is
referred to as a maximization of marginal likelihood [25-29]. In the maximization of marginal
likelihood, the hyperparameters o and § are determined only from a given degraded image
g. From the standpoint of statistics, the hyperparameters & and 8 are determined so as to
maximize a quantity Pr{G = g|«, B} as follows,

(6, B) = arg max Pr(G = gla. B} (35)

where
Pr{G = gla, B} = ZPr{F =2,G=gla, B} = ZPr{G = g|F = z, B} Pr{F = z|a}.

(36)

This situation is shown in figure 8. In this framework, the probability Pr{G = gla, } is
given by marginalizing the joint probability Pr{F' = f, G = g|«, B} over all the possible
original images f and can be regarded as a marginal likelihood for & and 8 when the degraded
image g is given, which is referred to as type Il likelihood [41, 42], Akaike—Bayes information
criteria (ABIC) [43] or evidence [29, 44-47] in statistics. Hereafter, Pr{G = g|«, B} will be
referred to as evidence. For example, when we consider the conditional probability Pr{G =
g|F = f, B} in equation (27) and the a priori probability Pr{F = f|a} in equation (26),
the evidence Pr{G = g|«a, 8} can be written for a binary image as follows:

. B exp(Bgi,121,1 + Bg1 2212 +@21,121,2))
Pr{G =gl f} = Z 2] ] ;ﬂ 16 cosh(a) cosh(B) cosh(B)
_exp(a) cosh(Bg1,1 + Bg1,2) + exp(—a) cosh(Bg1,1 — Bgi,2)
B 8 cosh(a) cosh(B) cosh(B) '

It should be clear now that the hyperparameters « and B can be determined only from
knowledge of the degraded image.

(37)

2.5. Configuration average and statistical performance

The probabilistic model for image restoration corresponds to a correlated random field model
with the random external fields g generated by Pr{G = gla*, B*} = ) Pr{G = g|F =
z, B*} Pr{F = z|a*} from the standpoint of spin glass theory. Here, we remark that the values
of hyperparameters o and $, at which the observed degraded image g has been generated from
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the a priori probability and the degradation process, are denoted by o* and * so that o™ and
B* are the true values of the hyperparameters & and f in equation (36), respectively. In spin
glass theory, we consider the random average of quantities A(f) and B(f, g) defined by

(A(F)IG =g,a", ") = ) A(f)PH{F = fIG = g,a", B*) (38)
f

and

(B(F,@)la*, By =Y > B(f,g)P{F = f,G = gla*, B*}. (39)
f 9

Here (A(F)|G = g, o™, B*) means the conditional expectation value of A(f) due to the a
posteriori probability Pr{F = f|G = g, «*, "} when the degraded image g and the values of
hyperparameters, «* and 8*, are given, and (B(F', G)|a*, 8*) is the conditional expectation
value of B(f, g) according to the joint probability Pr{F', G|a*, f*}. F may be identified with
spin variables and G with random fields.

Let us introduce the following quantity as a measure of performance of image restoration,

Moy(@ B) =YY (fry = hey(g. 0. B)*Pr{G = g|F = f, ", B*} Pr{F = flo*)
f g

= ((Fyy = hey (G, a, ))’la*, B¥) (40)

where &, , (g, o, B) is the estimation at pixel (x, y) for the original image f by the a posteriori
probability for arbitrary values of hyperparameters o and 8. The value of h, (g, «, B) has
been obtained from MAP estimation (8), MPM estimation (9), TPM estimation (10) or other
appropriate methods. We have another useful quantity defined by

Lla, p) = Zln(Pr{G = gla, BY Pr{G = gla™, B*} = (In(Pr{Gla, BHla”, B*). (41)
g

This quantity is the statistical average of the logarithm of evidence Pi{G = g|«, B} with respect
to the degraded image g that is produced by the degradation process Pr{G = g|F' = f, *}
when the original image f is produced by the a priori probability Pr{F' = f|a*}. For the
statistical quantity L(«, 8), we have the following rigorous inequality,

Lla, B) < L(a*, B) (42)

because of

Pr{G = ,
.12 (o () -
g bl

< In (Z Pr{G = g|a, ﬁ}) =0 (43)
g

due to Jensen’s inequality. This rigorous inequality means that the maximization of log-
evidence can give us the original values of hyperparameters o and 8.

If we restrict ourselves to binary images, the MPM estimation (9) and the TPM estimation
(10) are reduced to the same formula,

hyy(g,a, B) = sign((Fx,|G = g, a, B)). (44)

In Bayesian statistics, we have to choose an appropriate criterion to determine the estimate of
the original image. Which criterion is best depends on the degradation process. Nishimori
and Wong [33] derived a rigorous inequality

My (e, B) =2 My (e, BY) (45)
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in the Bayesian approach with the MPM estimation for binary image restoration. By using
|a] = a?/|a| and sign(a) = a/|a| for any non-zero real number, inequality (45) can be proved
as follows:

My (e, B) =2 = 2(Fyy sign((Fx y|G = g, o, B))|a”, B7)

>2-2Y |3 foy Pr(G =g|F = f. p*) Pr{F = fla*)
g | f

=2-2) | > foyPr{G =g|F = f, B")P{F = flo")
9 f
< (Fx,y|G:gs Ol*, ﬂ*> >
[(Fey|G =g, a%, %)

2-2Y | feyPriG = g|F = f, ") P{F = fla™)
g f

X Sign((Fx,yIG =g, Ol*, ,3*>)
=2- 2<FX\ Sign(hx,y(gv Ot*v ﬁ*))|a*v ﬁ*>
= M, (a*, B%). (46)

The mathematical structure in this inequality is similar to that in the correlation inequalities
at the Nishimori point in the =J model in spin glass theory [35-38]. Hence, we can regard
the point (o, B) = (a*, B*) as corresponding to the Nishimori line in spin glass theory. In
the present review, we sometimes refer to the point («, ) = («*, 8*) as the Nishimori point
in the Bayesian image restoration. The quantity M, ,(«, B) corresponds to a statistical average
with respect to random external fields and random interactions in the spin glass model.

It should be remarked that the probabilistic models for Bayesian image restoration have no
gauge invariance, whereas gauge invariance plays a very importantrole in the argument related
to the Nishimori line in the £J model. Nevertheless, we have some correlation inequalities
that can be verified without using the gauge invariance in the &/ model. Inequality (45), which
is derived without using the gauge invariance, shows that the best restored image is obtained
at the Nishimori point (o, ) = («*, *). The relationship between Bayesian statistics and the
Nishimori line in classical spin systems with random interactions and random external fields
was discussed in more detail from the standpoint of probabilistic information processing in
[48-50].

We have demonstrated that the MPM estimation gives us the best restored image.
However, many computer scientists generally use the MAP estimation for data classification
or learning from data by means of Bayes statistics. This standpoint is based on the property
that the image from MAP estimation is the most probable one in the following sense [56].
We denote the random fields of the original image, F', in the a priori probability distribution
Pr{F|o*} and the a posteriori probability distribution Pr{F'|G = g, &*} by the notation FPr
and FPoS1o | respectively, and introduce the following probability to understand this fact:

Pr{Fprior — Fposlerior} = Z Zpr{Fposlerior — f|G =g, Ol*, ﬁ*}
o9

x Pr{G = g|F"™ = f, B*} Pr{F™™ = f|a*}. 47

We remark that Pr{FPi" = FPOio} means the probability of the event * FPOsierior — frprior>
that is, an image generated from the a posteriori probabili T ¥ =g,a”, is
h ge g ted fi the a p probability Pr{ FP**""|G = g, a*, B*
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equal to the original image generated from the a priori probability Pr{FP""|a*}. The above
statement can be expressed in terms of the following inequality [56],
MAP

Pr{FPior = rosieriory  pr{ pprior — f700 (48)
where
= argmax Pr{FPeir — 2|G = g, o*, 8%}
= argmax Pr{G = g|FP*""" = z B*} Pr{FPir = z|o*}. (49)

The proof is given as follows:

Pr{Fprior — Fposlerior} < Z Z PI'{FPOSlerior _ fMAPlG —g, O{*, 13*}
o9
x Pr{G — g|Fprior — f, ﬁ*}PI'{Fprior — fla*}

osterior sMAP
<Y Y PP = fUNG = g, ", B7)

f g
x Pr{G = g|FPor = Y ey pr(peror = 17|07
— pr{Frior — FVA) (50)

Inequality (48) suggests that the MAP estimation may give the best restored image in the sense
that it maximizes Pr{FPi = FPoSriory = The probability Pr{FP"" = FPio} measures
whether or not the image obtained by the MAP estimation agrees with the original image
at all pixels. The quantity M, ,(c, 8), on the other hand, is a measure of agreement at a
single pixel. Both equations (45) and (48) are mathematically rigorous inequalities. Although
computer scientists often adopt the MAP estimation due to the criterion (48), they should
resort to simulated annealing to implement the MAP estimation because almost no models of
Bayesian image processing have been solved exactly. On the other hand, statistical physicists
have much experience in constructing practical algorithms which can be used to implement
the MPM estimation (9) and the TPM estimation (10) approximately. Moreover, statistical-
mechanical techniques for spin glass theory give us explicit formulae of statistical performance
M y(a, B) for the MPM estimation and the TPM estimation in some types of models. It is
therefore reasonable to consider that the MPM estimation and the TPM estimation are more
practical schemes than the MAP estimation if we combine Bayesian image analysis with
statistical-mechanical techniques.

In the present subsection, we have chosen the quantity D(f.f) = Z(x,y)eﬂ (fx’y — fm)2

as the distance between the restored image f and the original image f. We can ask a slightly
different question: are there any choices for the estimator &, ,(g, o, B) other than the right-
hand side of equation (44) that maximize the average distance (D(F', h(G, a*, 8%))|a™*, B*)?
Iba has answered this question [50]. We demonstrate his careful arguments by limiting
ourselves to the case of binary image restoration with pixel values 1. First, we introduce
two statistical quantities defined by

(Fey = hey (G a*, )%, B7)
= > (foy —hay(g.a*, ) Pr{F = f, G = gla*, §7) (51)
f g

(Fry = hoy(g, 0", 9)°|G = g, a*, )
= Y 2y —hey(g @, B Pr{F = 2|G = g, o, B7). (52)
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The following equality for these statistical quantities is valid:
(Fry = hey (Goa*, B9 la*, BY)
=YY ((Fey —hey(g,a®, B)VIG =g o, B) Pr{F = f, G = gla*, B*)
f 9

(33)

The detailed proof is given as follows:

DO ((Fey —hey(g, o, BIG =g, &, B*) Pr{F = f, G = gla”, §7)
f 9

=YY (Fey —hey(g.a®, B)IG = g. ", p)
f 9

x Pr{G = g|F = f, B*} Pr{F = fla*)
=Y 3 ey —hey(g.a®, B Pr{F = 2|G = g, ", )
f 9 =

xPr{G = g|F = f, B} Pr{F = fla"}
= Z Z Z(Zx,y - hx,y(gs o, ﬁ*))2
f 9 =z
< Pr{G = g|F = z, B*} Pr{F = z|a*} )

> Pr{G =g|F =z, p*} Pr{F = z’|a*}
xPr{G = g|F = f, B*} Pr{F = f|a"}

= ZZ(Z}C,_\/ - hx,y(ga O[*, ﬁ*))z
g =z

Pr{G = g|F = z, B*} Pr{F = z|a*}
<Zz, Pr{G = g|F = z', B*} Pr{F = z/|a*}>

x ) PG =g|F = f.p")Pr{F = flo")

f
=Y (fry —hey(g.a*, B Pr(G = g|F = f, B*} Pr{F = fla*)
f 9

= ((Fry = hey (G, 0", )10, B7). (54)

If |hy (g, o, B)| = 1, the first factor on the right-hand side of equation (53) can be rewritten
as follows:

((Fry — hyy(g.a*, )G = g, a*, B*)
=Y (Guy —huy(g, ", B Pr{F = 2|G = g, ", 7}

=2=2h, (g, 0", B)(Fry|G =g.a", B*). (55)

If we want to determine the optimal estimator &, , (g, a*, *) so as to minimize the quantity
((Fey — hyy(g, o, BN?G = g, a*, B*), the optimal estimator hy,y(g,a*, B*) should be

given as follows,
[+ (R, G =g.,a% ") >0
hey(g. o, B7) = ’ . (56)
—1 (Fey|G=g,0% p*) <0
so that

hyy(g, o, B*) = sign((Fy |G = g, a", B)). (57)
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This is a justification for the statement that h, ,(g, «*, B*) in equation (44) is the unique
choice to minimize the statistical quantity (D(F', h(G, a*, 8*))|a*, *). Iba has proved the
statement in the more general case and has pointed out that this property is one of the important
aspects of the Nishimori line for probabilistic models [50]. The point is that gauge invariance,
which plays an important role in the original argument of Nishimori [48, 49], did not show up
here.

Before closing this subsection, we give another interesting aspect of the statistical
performance of the MAP estimation, the MPM estimation and the TPM estimation from
the statistical-mechanical point of view. Let us introduce a new probability defined by

exp(—+H(flg. . B))

G.a.B.T) =
PG &P ) = s T H (=g, )

(58)

where

H(flg.a, p) = —In(Pr{F = f|G =g, , B}) (59)

and Pr{F' = f|G = g, o, B} is the a posteriori probability. We denote the restored image f
obtained by means of the MAP estimation (8) by the notation fMAP. For any positive value of

T, the same restored image fMAP is given in terms of the probability p(fl|g, «, B, T) by the
following prescription:

sMAP
Foo = argmaxp(flg, o, B, T). (60)
For the probability p(f|g, o, B), we define the marginal probability for f; ,:
pry(feylg @ B T)= > p(flg.o*. B7). (61)
fQ\(xAy)

Between the a posteriori probability Pr{F = f|G = g, «, B}, the new probability p(f|g,
«, B) and their marginal probabilities, we have the following four relationships:

p(flg.a,p. 1) =Pr{F = fIG =g.a, B} (62)

Pxy(frylg, o, B, 1) =Pr{Fy, = fc |G =g, a, B}. (63)

If the MAP estimation (8) has a unique solution, the following relationship should also be
valid

Jim p(flg.e”. g5 Ty = ] 8, (64)

ayee
and then we have
T]Lrljil-o 'Ox‘y(fxvy Ig’ Ot*’ ﬁ*’ T) = Sfx.,\‘*fi\'/ff\‘\l). (65)
Equation (65) means that we obtain the restored image fMAP in the MAP estimation by using
the marginal probability p , (fx y|g, @*, B*, T) in the limit T — +0.

Now, we restrict ourselves to binary image restoration and consider the inequality (48)
again. Instead of M, ,(«a, B), we introduce the following configuration average,

Mey(@, B, T) =" (fry = hey(g, . B, T)*Pr{G = g|F = f,a*, B*} Pr{F = fla*}
f 9

= ((Fry = hey(G, o, B, T 0%, B%) (66)
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where
hey(g, o, B, T) = sign(sz,yp(zm, a, B, T)). (67)

Because we have i, , (g, &, B) = hy (g, &, B, 1), it follows that M, ,(a, B, 1) = M, (e, B)
is valid. In a similar argument to the proof of equation (48), we can show that

Mo y(a, B, T) > My (@, ). (68)

Inequality (68) means that if we restrict ourselves to binary image restoration and if the MAP

estimation gives a unique solution fMAP, the MPM estimation can give us a better restored
image than the MAP estimation. It must be remembered that the above statement is valid
only in the case of binary image restoration. Another important point is that it is generally
difficult to prove uniqueness of the minimum configuration that validates equation (64).
Without solving this problem, we cannot reach the final answer to the question of the best
method among the MAP, MPM or TPM estimates.

2.6. Baysian image restoration and infinite-range Ising model

Some statistical physicists may note that, if the a priori probability is assumed to be the infinite-
range Ising model, the configuration average M, , (o, B) = ((Fy,y — hy (G, o, B)2|a*, B*)
by the joint probability Pr{F' = f, G = g|o*, B*} can be calculated analytically with the
help of the replica method. Actually, such pioneering work has been done by Nishimori and
Wong [33]. They calculated the statistical difference M, ,(«, B) using the replica method
under the assumption that the a priori probability is a spin—% Ising model with infinite-range
interactions defined by

1 2
exXp (‘m“Z(x,y)eQ Z(x/,y/)eﬁ(fqu = fey) )
1
Zz exp (_maZ(x,y)EQ Z(x’,y’)eQ(ZX-y - Zx’,y’)2>

and the degradation process is assumed to be given by the following conditional probability

Pr{F = f} = Pr{F = fla} =

(69)

B

N

exp —g Z (fry = 8ry)’

(x,y)eR

PG = g|F = f} = Pr{G = g|F = f.0) = (%)

(70)

where fy , = %1 and g, , takes any real number. By substituting equations (69) and (70) into
equation (40) and using the replica method, we obtain the configuration average M(a, ) in
the thermodynamic limit | Q2| — +o0o:

1
M. p) = lim o > M@ B)

Q| —+o00
(x,y)eQ

s B i T on ()
=2 exp|l—=+a*m
cosh(oc*mo)g=jE1 27 J oo P 2 0

X ;sign(am + B¢+

)

u | du (71)
ﬁ*

where m( and m are determined from the following simultaneous equations:

mg = tanh(a*mg) (72)
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Figure 9. T-dependence of M ( 0‘7* s ﬁT—*) obtained from equations (71)—(73). The value M( % ﬁT—*)

at T = 1 corresponds to that at the Nishimori point and is the minimum value ofM(O‘T—*, ﬁT—*) with
respect to 7. This figure has been drawn using the program written by Professor J Inoue of the
Graduate School of Engineering, Hokkaido University.

~ 2cosh(a*mg) {Z \/—/ eXP( to moC) tanh< W

The detailed derivation is given in [32, 33] which we omit in the present review. For the a

priori probability (69) and the degradation process (70), the quantity M(a, 8, T) defined by
equation (66) can be expressed in terms of M («, B) as follows:

~ a B

M, B, T) =M=, = ). 74

(o, B, T) <T T) (74)

As mentioned in section 2.5, M(a*, f*) = M(a*, B*, 1) means the statistical distance

between the original image f and the corresponding restored image f = h(g, o™, 8*) given

in equation (44) at the N1sh1m0r1 pomt (o, B) = (", B*). Moreover, if the MAP estimation

(8) has a unique solution, M( T ) M(a*, B*, T) converges to the statistical distance

u) du. (73)

between the original image f and the corresponding MAP restored image fMAP defined by
equation (8) in the limit 7 — +0. Now, we show the T- dependence of M( £ ) obtained

T°T
from equations (71)—(73) in figure 9. It is seen that /\/l( ) takes the minimum value
M(a*, B*)at T = 1 and

tim M (%P0 5 M g 75
imM (5 T ) = M )

T T

We remark again that hmr_,+0/\/l( = ﬂT ) corresponds to the statistical distance for the MAP

estimation if the MAP estimation (8) has a unique solution. This result suggests that the MPM
estimation and the TPM estimation give better restored images than the MAP estimation in
binary image restoration.

With the same assumption on the a priori probability and the degradation process,
Inoue and Tanaka [34] investigated the statistical behaviour of the hyperparameter estimation
in evidence framework using the replica method. The analytical calculations of the
statistical average M(«, B) give us the performance of the system for Bayesian image
restoration without heavy numerical experiments. Some statistical physicists investigated
the statistical performance of classical and quantum spin systems constructed for the image
restoration by using the replica method [51-55]. For practical applications in binary
image restoration, we have to investigate the statistical performance of systems where the
a priori probability is assumed to be the two-dimensional Ising model with nearest-neighbour
interactions.
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2.7. Summary

In this section, we have explained the general framework of image restoration by means
of Bayesian statistics. Using the Bayes formula under the assumption that the a priori
probability is a Markov random field, the a posteriori probability is expressed in terms of
the Gibbs canonical distribution. The latter distribution satisfies the minimization condition
of the free energy, which corresponds to the Kullback-Leibler divergence in information
theory. In statistics, hyperparameters in the a posteriori probability are determined so as to
maximize the evidence which is expressed in terms of the free energy of the a posteriori
probability. The statistical averages of the evidence and the overlap between original image
and the corresponding restored image give us the statistical performance of probabilistic image
processing systems analytically. The statistical average corresponds to the random average
in the spin glass theory. Thus, we see that the probabilistic image processing by Bayesian
statistics is closely related to statistical mechanics. In the next section, we clarify a close
relationship between probabilistic image processing and statistical mechanics by introducing
the framework of the Bayesian approach to binary image restoration.

3. The Bayesian approach to binary image restoration

In this section, we explain the Bayesian approach to binary image restoration in more detail.
We clarify a relationship between probabilistic image processing and statistical mechanics
through the framework of Bayesian statistics.

By denoting the white state and the black state at each pixel by —1 and +1, the Ising
model with nearest-neighbour interactions and non-uniform external fields on a finite-size
square lattice can be associated with binary image restoration. Then, the external field at each
pixel corresponds to the degree of degradation of the given degraded image. The nearest-
neighbour interactions represent the a priori knowledge for the original image.

In order to obtain the restored image by means of the a posteriori probability, we have to
look for the most probable configuration in the MAP estimation or calculate the average of the
random variable at each pixel in the MPM estimation. The most probable configuration and
the average of the random variable at each pixel in the a posteriori probability correspond to
the ground state configuration and the magnetization of each lattice site, respectively, in the
corresponding Ising model. Usually, any image consists of at least a few hundred thousand
pixels and each pixel has two possible states, white and black, in the binary image. Therefore,
it is hard to obtain the most probable configuration and the magnetization at each lattice site of
the corresponding Ising model since it needs unusually long computation. In order to proceed
further, computer scientists did not follow the path to obtain the exact solution for some
problems with such computational complexity but instead proposed ingenious methods to
obtain approximate solutions with high accuracy. Statistical mechanics has been an important
source of techniques for calculating the magnetization and the other statistical quantities
for massive probabilistic models including the Ising model, although its main purpose is to
investigate critical phenomena in the thermodynamic limit. Clearly, these techniques can be
applied to the calculations of the most probable configuration and the magnetization at each
lattice site for the Ising model constructed for the purpose of binary image restoration.

In this section, we explain some image restoration algorithms constructed using the
mean-field and Bethe approximations [11], both of which are familiar to us in statistical
mechanics. In the mean-field and Bethe approximations, the probability distribution of the
massive probabilistic model is approximately expressed in a factorizable form of one-body or
two-body distributions that are referred to as marginal probability distributions in probability
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theory and statistics. The one-body and two-body distributions are determined so as to
minimize an approximate free energy. The mean-field approximation treats only one-body
distributions and the Bethe approximation also treats two-body distributions for the nearest-
neighbour pairs of lattice sites. The Bethe approximation takes account of the fluctuations
of the nearest-neighbour pairs of lattice sites, whereas the mean-field approximation ignores
such fluctuations. In the present section, we give two approximate schemes for determining
the hyperparameter by applying the mean-field and Bethe approximations to the evidence
framework.

3.1. Bayes formula and evidence framework

All possible states at each pixel (x, y) in the original image f and the degraded image g are
restricted to {£1}. A degradation process Pr{G = g|F = f} and an a priori probability
distribution Pr{F' = f} are assumed to be as follows.

3.1.1. Degradation process in binary images. We have a given degraded image g which is
obtained from the original image f by changing the state of each pixel to another state by the
same probability p = #p(z,s)’ independently of the other pixels. Here p is assumed to be less
than % so that B is always positive. The conditional probability distribution Pr{G = g|F' = f}
is given by

exp (_%ﬁZ(x,y)eQ(fw - g"“")2>

(1+exp(=28))"
The summation } (.o and the product [ [, | ., are taken over all the pixels (x, y).

Pr(G=g|F = f)=Pr{G=g|F = f,p) = (76)

3.1.2. Aprioriprobability distribution in binary images. 'The a priori probability distribution,
that the original image is f, is given by

exXp <_% aZ(x,y)eg((fx,y - fx+l,y)2 + (fx,y - fx,y+])2))

Zz exp (_% aZ(x,y)eQ((Zx,y - Zx+l,y)2 + (Zx,y - Zx,y+l )2)) ‘
(77

Pr{F = f} =Pr{F = fla} =

The summation is defined by
Y= % 09
z (x,y)EQ 2y y==%1
By substituting equations (76) and (77) into equation (7), the a posteriori probability
distribution is given as

eXP(_E(.ﬂgv o, ﬁ))

Pr{F = f|IG =g} =Pr{F = f|G =g,a, B} = S exp(—E(zIg. 2. B)) (79)
where
1 1
E(.flgv a, B) = E,B Z (fx,y - gx,y)z + Ea Z ((fX\ - fx+l,y)2 + (fx,y - fx,y+])2)-
(x,y)€R (x,y)€EQ
(30)

The a posteriori probability distribution can be rewritten into a spin—% Ising model with
nearest-neighbour interactions and non-uniform external fields on a square lattice as follows:

exp(—H (flg, o, B))
Zz exp(_H('z'gv o, ﬁ))

Pr{F = fIG=g.,a, B} = (81)
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where

H(flg.o.f)=—B > guyfry = Y (fryfory + fryfoys1)- (82)

(x,y)eQ (x,y)eR

In the framework of binary image restoration given in equations (79), the hyperparameters
« and B are determined by

(6, B) = arg max Pr{G = gla. ). (83)

The logarithm of evidence Pr{G = g|«, 8} can be rewritten as follows:

—In(Pr{G = gla, B}) = —In (Z exp (—E(z|g, a, ﬂ)))
+1In (Z exp(—E(z|g,a, B = O))) + 2| In(1 + exp(—258))

= —1n<2 exp (_H(Z|gs «, ﬁ)))

+ln(Z exp(—H(zlg,o, B = 0))) + 2| In(2 cosh(p)). (84)

‘We remark that the first and second terms on the right-hand side correspond to the free energies
of the statistical-mechanical models with energy functions E(z|g, o, 8) and E(z|g, o, f = 0),
respectively. By differentiating the right-hand side of equation (84) with respect to 8 and «,
we can derive the extremum condition of the logarithm of evidence as follows,

Y Y 8eyzey Pr{F = 2|G = g, a, B} = tanh(B) (85)
(x,y)eQ =z
and
Z Z(Zx,yzxﬂ,y + Zx,yzx,yﬂ) PI'{F = ZlG =g, q, /3}
(x,y)eQ =z
= Z Z(Zx,yzxﬂ,y + Zx,yzx,yﬂ) PI'{F = ZlOl}. (86)
(x,y)eQ =

Now, we introduce the three marginal probability distributions p, ,(¢|g, a, B),
x+1,y

P (¢, g, @, B) and 033 (¢, ¢ lg, @, B):

pey@Clg. . =Y pIG=g,a, ).,  ¢==*I (87)

P g B =) p(2IG=g.0 B)S., ibe e G0 =] (88)
x,y+1 / — _ I __

PN g B =) p(2IG =90, )8 b G =L (89)

By substituting equations (87)—(89) into equations (86) and (85), we can rewrite the extremum
condition of the logarithm of evidence as follows:

Y D 8eytpey(Clg. @, B) = tanh(p) (90)

(x,y)eQ ¢=%£1
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DT e (@ g By + I gL o B))

(x,y)EQ ¢==%1¢'==%1

= > > D e (o g e, B=0)+ pt (¢, ¢ g, B =0)).
(x,y)eQ ¢==%1¢'=%1

oD
From these equations, we see that the marginal probability distributions o, ,(¢|g, @, B),
otV (¢.¢'\g.a, B) and pit'(¢.¢'|g. . B) have to be calculated for any values of o
and B, numerically. However, it is hard to calculate the marginal probability distributions
pey(Clg e B), piy? (5,¢'lg, @ B) and pii"(5,¢'lg, ., B), exactly, in terms of the
definitions (87)—(89). As a key to calculating the marginal probability distributions,
we explain the mean-field and Bethe approximations for the energy function (80) in

sections 3.2 and 3.3.

3.2. Mean-field approximation

In this subsection, we derive the deterministic equations of the MPM estimate and the
hyperparameter estimation in the mean-field approximation for the Markov random field
model based on the variational principle of the free energy with respect to marginal probability
distributions [17].

In the mean-field approximation, the probability distribution p(f|g, o, B) is
approximately expressed in terms of the marginal probability distributions

p(flg.e. B) >~ [ pry(frylg. o B). 92)
(x.y)eQ

By using equation (92), the approximate form of the free energy Flpl = ), p(zlg)(H (z|g) +
In p(z|g)) for T = 1 can be written as

Flp] ~ FMF[{,Ox,y}] = Z Z px,y(é‘lga a, B) <_ﬁgx,y€ - Z é‘é‘/px+1,y(é‘/|ga a, B)

(x,y)eQ ==l ¢'=%1

-« Z gg/px,yﬂ (g/|gs «, ﬁ) +1In px,y(;|gv o, ﬁ)) (93)

¢'=+1
‘We note that the marginal probability distribution should satisfy the following normalization
condition:
D peyElg e By =1. (94)
c=+I
To ensure the normalization condition, we introduce the Lagrange multiplier v, ,:

Lvel{px ) = Furlloe 1+ Y vey ( Y pey(tlg, o, B) — 1>. 95)
(x,y)e ;==1
By taking the first variation of Lyr[{py,,}] with respect to p, y(§),
c 1 ]1=0 =41 9
9oy ) ME[{ox,y}] § (96)

we derive the following extremum condition:

pryElg o, By =exp| =l —v +Bg E+aE Y ¢ D peylg.a.p)|. O

==+l (X', y")€exy
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Here ¢, , is the set of neighbouring pixels of the pixel (x, y):

Gy ={x+1Ly), -1y, (x,y+1),(x,y— D} (98)
We can summarize the simultaneous deterministic equations with respect to the marginal
probability distributions py ,(§|g, «, B) as follows,
exp(—H (§lg. o, B))
Z{::tl exp(—H({Ig, o, ﬁ))

pxyElg. a, p) = ¢ ==l 99)

where
Hey(Elg, o, B) = =By —aE Y ¢ Y puy(tlg.ap). (100)
c==%1 (x',y)ecy,

The marginal probability distribution p, ,(£|g, o, ) can be expressed in the orthogonal
series as

ey (g, o, B) = 3(1+m, (g, a, B)C) (101)
where
mey(g, o, B) = Y Ipay(Elg . ). (102)
r==+1

By substituting equation (101) into equations (99) and (100), the simultaneous deterministic
equations with respect to the marginal probability distributions p, , (£|g, o, B) can be rewritten
as the equations for the moments m, , (g, o, B):

me (g, B) =tanh| g +a Y mo (g B)|. (103)

(', y")eceyy

The approximate form of the evidence in the mean-field approximation is given as follows:

In(Pr{G = gla, B}) = —F (g, . ) + F(g. a, B = 0) + Q| In(exp(B) + exp(—p))

~— > (B stpClga B —a Y Y p, (g e B)

(x,y)e ==+l ¢==+1¢'=%+1

X (px+1,y(C'1g, o0, B) + pxyr1(C'1g, &, B))

+ Y pey(Elg @ B)Inp, ,(Elg, @, B)

¢=%1

+ Y e D] Y i, Clg e B =0)(pei (& lg, @, B = 0)

(x,y)eQ r==%1¢'=+1

+0ey1 (g, B=00)+ Y pey(Clg, @, B =0)Inpy (&g, @, B =0)
¢=%1
+|Q2| In(2 cosh(B)). (104)

x+1 x,y+1

Since the marginal probability distributions py.y (£, ¢'|g, a, B) and pyy" (¢, ¢'|g, a, B) are
approximately expressed in terms of the marginal probability distributions p, ,(¢lg, o, B),
Px+1,y(§1g, o, B) and pyx y1(¢1g, o, B) as follows,

P, g, B) = pey(C1g. o ety (E]g. . B) (105)
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and
pit (€ 8 1g o B) 22 pry (C1g. @, B)pxyei (C1g. @ B) (106)
the extremum conditions (90) and (91) can be approximately written as
Z gxyMy y(g, a, f) = tanh(p) (107)
(x,y)e

Y mey(g, o, Bt (g, @, B) +my i1 (g, o, B))

(x,y)eR

= Z My y(g, o, B =0)(My1y(g, 2, B =0)+my yi(g, 0, p =0)). (108)
(x,y)eR

In the case of B8 = 0, since both the energy function H(f|g,«, 8 = 0) and the moment
my (g, a, B = 0) are independent of the degraded image g, the moment m, , (g, «, B) is not
dependent on the site (x, y) and can be replaced by a notation m («):

my (g, o, p=0)=m(x) (x,y) € Q. (109)
The mean-field equation (103) can then be reduced to
m (o) = tanh(dam(a)). (110)

By using this equation, the deterministic equations (107) and (108) are rewritten as

B = arctanh Z 8x.yMaxy(g,a, B) (111)
(x,y)eQ
1
o= @) arctanh E(X%;me,y(g, a, B)(myi1,,(g, @, B) +my yi1(g, 2, B)) |. (112)

3.3. Bethe approximation

In this subsection, we derive the deterministic equations of the Bethe approximation for the
Markov random field model based on the variational principle of the free energy with respect
to marginal probability distributions [30, 31, 57].

In the Bethe approximation, the entropy S = —) . p(z|g) Inp(z|g) is approximately
expressed in terms of the marginal probability distributions oy ,(¢lg, @, B),
x+1 x,y+1

Pry 2 (2. ¢'lg. . ) and o3 (£, ¢'|g. . B) as follows,
Stpl~ > Sloeyl+ Y (S[o5] = Slovy] = Slprsny))

(x,y)eR (x,y)eQ
+ Z (S [p;C\V"'l] _S[px,y] _8[px,y+1])
(x,y)eQ
==3 Y Sloeyl+ Y S[ori T+ > S[er*] (113)
(x,y)eQ (x,y)eQ (x,y)eQ

where

Sler ==Y > o @ lg. o pInpi (0. ¢ lg e B (114)
(=%1¢'=%1



R106 Topical Review

and
S[esy™ == > pr . ¢lg e By InpST (¢ ¢lg o f). (115
c=+1¢/=%1
Now we explain the above approximate form of the entropy in the Bethe approximation.

All the random variables of a probability distribution P (f) are independent of each other and
the entropy S = —) _, P(z) In(P(2)) is expressed as

S= Y Sy (116)
(x,y)e

where S, , is defined for a pixel (x, y) by

Sey ==Y Pey(@)InPy y(0) (117)
r=+1
Poy(0) = ZP(z)aw ¢ = =+1. (118)

If we have an interaction between the nearest-neighbour pairs of pixels (x1, y;) and (x; +1, y;)
and the other pixels are independent of each other in a probability distribution P ( f), the entropy
is written as,

1,y 1,y
S = § : Sy + SN = §  Sey (S = Sy = Seany) (119
(x, )€\ {(x1,y1), (x1+1,y1)} (x,y)eQ

where Sfj;:v ' is defined for pairs of pixels (x, y) and (x', y') by

ST == Y P @ P (@ ¢ (120)
C=+17'==+1
P (6.¢) =) P(2)8, 082 0 0,0 ==l1. (121)

If we have an interaction between the nearest-neighbour pairs of pixels (xi, y1), (x1 + 1, y1),
(x1+1, y1+1)and (x;, y; +1) and the other pixels are independent of each other in a probability
distribution P (f), the entropy is written as

S = Z Sey S0

(e, ) eQ\{(x1, 1), (1 +1,y1), e+ Ly +1), (o, yr+1D) }

_ x+1, xi+1,yp+1
- Z : vay + (lel,yl - lea,VI - SX|+1~,,VI) + (Sx|+1,y| - SX|+1~,,V| - SXI"‘L)’IH
(x,y)eQ

x1+1,y1+1 x1,y1+1
+ (le,y|+l - SJCI,,V|+1 - Sx|+1,y|+1 + (le,yl - lea,Vl - SquyIH)

+ (S(4) _ le,y|+1 _ Sx|+l,y|+1 _ Sx|+l,y|+1 _ Sx|+1,y|

o T Oxin 4l xHy X1
#2803, 280 yre1 + 28u 1y a1 + 2le+,,),1> (122)

where S is defined for a square plaquette {(x1, y1), (x1+1, y1), (xi+1, yi+1), (x1, yi+1)}

by

SO ==Y 3 3 3 PO P g g (123)

C=k1 =41 =41 =1

PO ¢ " 0" =Y P28 8z 8z 782, ., 0" " =%1. (124)

z
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If we have interactions between all the nearest-neighbour pairs of pixels, the entropy can be
represented as follows,

S= Y Sey+ > (spl = Seeiy) ¥ Y (SEUT =Sy = Seyn) + S (129)
(x,y)e (x,y)eR (x,y)e

where S is a correction term including Z(x » EQS 4 and the other entropies for many-body

marginal probability distributions. In the Bethe approx1mat10n we set S = 0 inequation (125).

This is the physical meaning of equation (113). Setting § = 0 in equation (125) corresponds

to the assumption that the probability distribution P(f) is approximately expressed in the

following factorizable form:

x+1 v
P(f) ~ l—[ Py (fr,y) l—[ (fr,ys free1y)

(x.y)eQ (x.y)eQ x,y (fx,y)PxH,y (fx+],y)

xy+1
x l_[ (fx Vs fx y+1) ) (126)

(x,))eQ x,y(fx,y)Px,y+] (fx,y+])

By substituting equation (113) into the expression of the free energy Flp] =
> .p(zlg)(H(zlg) +Inp(z|g)) for T = 1, we obtain the approximate form of the free

energy ]:Bethe[{px ¥ Pftvl L p] ;H }] as
Flp] = FBethe [{px v p;:-'—vl ’, 10;: 5“}]
— Z Z ,ng,y;px,y(“gs a, B)

(x,y)eQ ¢=%£1
+alt o g o, B) + gl ol (6L ¢ gL o, B))
=33 > pey(tlg.a BInp, (&g, o, B)

(x.y)eQ ¢==*1

+ Y Y i@ g By Inpl Y (2. |g. . B)

(x.y)eQ f=+1 ¢'=+1

+ YYD et g By Inpit (¢, ¢'lg, o, B). (127)

(x,y)€Q ¢==%1¢'=%£1

The marginal probability distributions p,., (£|g, @, B), pry " (£, ¢'|g, &, B) and pi3*' (¢, ¢'|g,
o, B) satisfy the normalization conditions,

D pes@lg e By =Y Y ol tlg, @ B)

¢=%1 (=1 =21

=Y > ot g =1 (128)

(=41 E=+I

and the reducibility conditions,

pry(Elg e, B) =Y pi & Clg e, B) = D i) (4, Elg, @, B)

¢==%l1 (=%1
=Y ot Eclg o By =D prl (¢ Elg o ). (129)
=+l r==+1

To ensure the normalization condition, we introduce the Lagrange multipliers
1, 1 1, 1
ey, vy 7oud T y) € @ and (W (6), Wi (9)](x, ) € Q)



R108 Topical Review

‘CBelhe [{px Vo :0;:‘;1 y’ 10;: ;H }] - -7:Bethe [{px R ,O;H\l v, ,O;C \V‘H}]

+ Z Vx,y pr,y(ilg,oe,ﬁ)—l

(x,y)eR ¢==1

+ Z Ux+1 y Z Z px+1 v(é.’ é,/lg’ a, ’3) 1
(x,y)eQ (=%1¢'=

+ Z Ux y+1 Z pr v+1(é.’ E/Ig,a,ﬁ)—l
(x,y)eQ =%1¢'=

+ Y Y uolencle e ﬂ)—Zp;‘\V(C ¢lg. . B)|.

(x,y)EQ (X',y) e,y ==%1
(130)
By taking the first variations of Cgeme| {ox.y, 01y, ox3" 1] with respect to py , (£1g, &, B),

x+1,y

ot (¢, ¢ \g. . B) and pi)' (2. ¢'|g. a. B). we derive the expressions of the marginal
probability distributions in terms of the Lagrange multipliers as follows,

exp(Wy,y (§))

pxy(Elg, a, B) = (131)
' Y1 exp(Wey(0))
e o B exp (Wi (€) + W) () +atE))
Pry (€. &g, o, B) = s ; ; (132)
Z;::HZ;“’ +1€Xp ( &)+ \IJX+1 y(é‘ ) +ags )
x v+1 X,y
) exp ) + W, 1 () +akd
prIt (6.6 g, o, B) = (v o s ,) , (133)
Z; ilZg’ ilexp( (§)+\IJX y+1(é‘)+(¥§§ )
where W, | (§) is defined by the following equation:
S3W @)+ Y W) =PeayE E =%l (134)
(x",y") ey
By substituting equations (131)—(134) into the reducibility (129), we have
exp ﬁg”s+ Yoowe =D exp|- gxyu doow @
(x” V)€ ¢=+l1 (X” Y€y,
> exp (wgr + 1Y @ + W)
c=+1
-1
DY exp (e WY @+ W)
C=+1¢'=+1
x,y)eQ &',y)e ¢y &==L (135)
Now, we introduce the following replacement,
wEYE = Y LY (E) + eyt (136)

(7. y")€ee y\(x',y")
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and rewrite the deterministic equations (135) as the following expressions:

exp(d>§/,3t"/(§))= S exp[Beni+ 3 XY ©

c=+1 (x",y")€Cxy

X Z exp | Bgv.y¢ +aEC + Z (I)ii/:;‘;//(;)

¢==+1 (x”,y”)ec)/y‘,/\(x,y)

< [ Y0 D exp|Boayl+ Byt vard'+ D (@)
C=%1¢'=+1 (", y")€ee y\(x',y")
-1

+ Yool @) (', y) €cey &=L (137)

(", y")eey y\(x,y)

We introduce the quantity
220 (g, B) = %(cpj:;’(ﬂ) - <1>;j3¥’(—1)) (138)

as an effective field from (x’, y’) to (x, y). Because the quantity dﬁv\ (&) can be expressed
by means of the orthonormal expansion in terms of an orthonormal set of polynomials? {1, £}

OV E) = 1 (@1 D+ OXY (D) + § (@1 () — @1 (1)) & (139)

the simultaneous deterministic equations for effective fields are obtained as follows:

%311 ,(g. @, p) = arctanh | tanh(e) tanh | g, + Yoo wY@ap (140)
(", y)eex y\(x£1,y)

)\ijiil(g, a, B) = arctanh | tanh(e) tanh | Bg. , + Z k;i'jvl (g.o,B) | |- (141)
(', y)€ce y\(x,y£1)

The expressions for the marginal probability distributions are given as follows:
exp(_Hx,y(é))

X,y = 142
Pro (é) Z{:ilexp(_Hx,y(é‘)) ( )
x+1,y / exXp ( - H;-;]\ (%—s g/))
Py (6, 8) = iy (143)
) Z;:ﬂ:l Z;/:ﬂ:lexp ( - Hx,yl" (¢, f/))
x,y+1 / exXp ( - H;,qyyﬂ (%—s 5/))
Py (6,8) = " (144)
' Z(:il Z;':ileXP ( — H:) I(C, C'))
where
Hey®)=—[Bgy+ Y. 2@ B & (145)

(', y")eceyy

2 Since it is valid that Dt (Ix D=3 (ExE) =2and} (1 xE =3 (& x1)=0, the set of
polynomials {1, £} can be regarded as an orthonormal set for § = +£1.
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HUW(EE) =~ — [ Beay+ Y. M) (@ p)|f

(", y)€exy\(x+1,y)

[ Bgwrs+ Y A (@ p) | (146)

",y €Cx1 y \(x,y)

HUEE) = —akE — [ B+ D, M) (gap))E

(x/vy/)ecx.y\(qu"'l)

—Boyn+ D A@ap|E. (147)

(x",y)€er yr1\(x,y)

According to equations (84) and (127), the approximate expression for the logarithm of
evidence in the Bethe approximation is given in terms of the posterior marginal probability

distributions p.,(¢1g, @, B), p557(L,¢'|g. @, B) and pi3™ (¢, ¢'lg, @, B), and the prior
marginal probability distributions o, ,(¢|g,a, B = 0), pjf;,l’y(;,;’lg, a,B = 0) and

ot ¢, g, o, B = 0):

In(PH{G =gla, B~ — > | =B 8eyipey(Clg, o B)

(x,y)eR ¢==+1

—a Y Y (i@ g e B) + o3 (2. gL e B)

{=+1¢=+1

=3 pey(@Clg @ B)Inpe y(¢lg, o, B)

=+l

+ Y > e g o BYInplt (2, g, o, B)

{=+1¢'=+1

+ > Z P, g, BYIn i (@, g, e, B)

g=t1¢/=
+ > |- th (041 €. ¢ 1g o B = 0)
(x,y)eQ r=+1¢'=
+ :0;( ‘v+l(€-’ g/lgv Ot,ﬂ :0)) _3210)(,)'({'97 o, ﬁ:()) lnpx,y(glgs Ol,ﬁ:O)
r==1
+ 0 @ g e B=0Inp (g @, B =0)
(=+1¢/=+1

+ > e g B=0)In i (¢, ¢ lg, @, B = 0)

c=%17'=+1
+ Q2| In(2 cosh(B)). (148)
In the case of B = 0, since both the energy function H(f|g,«, 8 = 0) and the effective
fields Ay (g,«, B = 0) are independent of the degraded image g, the effective fields
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)\i}vy ’ (g,a, B = 0) are not dependent on the site (x, y) and can be replaced by notation
Ma):

2 (g.a. B =0) = M) (149)
The simultaneous deterministic equations (140) and (141) can be reduced to

M(a) = arctanh( tanh(«) tanh (41 ())). (150)

By using this equation, the deterministic equations (90) and (91) are rewritten as

B=arctanh Y g tanh | Bgry+ Y AL (g.a B) (151)

(x,y)e X',y )€y y

1 -
Ql Z arctanh {exp | —2« — 2arctanh qtanh | Bg, , + Z 2y (gsa, B)
(x,y)eQ (x',y)€ce y\(x+1,y)

x tanh | Bgx+1.y + Z Ay (g, B)

(", y)ee y\(x,y)

1
+@ Z arctanh { exp | — 2«

(x,y)eR

— 2arctanh { tanh | Bg, , + Z )\ii’yy/ (g,a, B)

(" y)€er y\(x,y+1)

x tanh | Bgx.y+1 + Z Ava(g,a, B)
(x',y)€Cs yr1\(x,y)

exp(2a) cosh(6A(x)) — 1

N exp(2a) cosh(6A () +1° (152)

3.4. Statistical-mechanical iterative algorithms

In this section, we give statistical-mechanical iterative algorithms by means of the mean-field
and the Bethe approximations in the evidence framework and the MPM estimation derived
above.

First, we explain the iterative algorithm as a numerical calculation scheme to solve the
nonlinear equation that has the following form,

r=GH) (153)

where A is referred to as the fixed point of the given function G(§). In the general numerical
recipe, the procedure to solve the fixed point equation (153) is given as follows:

Basic iterative algorithm to solve the nonlinear equation A = G(A)

Step 1: Set a(0) as an initial value and ¢t < 0.
Step 2: Update r <—r + 1 and

a(r) < Gla(r —1)). (154)
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Step 3: Update R <— r and A <— a(R). Stop if it is satisfied that
la(r) —a(r — 1| <e (155)

and go to step 2 otherwise.

Here, ¢ should be set as a sufficiently small positive number. Usually, it is enough to set
& = 1075, The iterative scheme is one of the typical techniques to solve a nonlinear equation
and is also often referred to as a fixed point iteration or a fixed point method [58, 59].
Because the mean-field deterministic equations (103) and (110) and the Bethe deterministic
equations (140), (141) and (150) have the forms of the simultaneous fixed point equations, the
iterative algorithm to solve them can be constructed by extending the above iterative procedure.

In the mean-field approximation, the algorithm is given by using equations (103) and
(110) as follows:

Algorithm 3.1. Statistical-mechanical image restoration algorithm in the mean-field
approximation

Step 1: Setr <— 0 as an initial value.
Step 2: Updater < r + 1 and

acy(r) < tanh [ Bgy+a Y agy(r—1) (x,y) € Q. (156)

(x",y") ey y

Step 3: Update R < r and m, ,(g, a, B) < ax ,(R). Stop if it is satisfied that

Dty () —aryr =Dl < e (157)

(x,y)eR

and go to step 2 otherwise.
Step 4: Calculate the marginal probability distributions p, ,(¢1g, o, 8), by substituting
my (g, a, B) into equation (101).

We can calculate the evidence Pr{G = g|«, B} and both sides of the extremum conditions
(111) and (112) by substituting the values of marginal probability distributions obtained by
using the above approximations for a set of fixed values of o and 8 in equation (104). By
running the above algorithm for various values of « and 8, we obtain the estimates & and
so as to satisfy the deterministic equations (111) and (112).

In the Bethe approximation, the algorithm is given by using equations (140), (141) and
(150) as follows:

Algorithm 3.2. Statistical-mechanical image restoration algorithm in Bethe approximation

Step 1: Setr < 0 as an initial value.
Step 2: Updater <—r + 1, and

a;?) ,(r) < arctanh | tanh (@) tanh [ Bg , + Z aly (r—1) (158)
(', y)eex y\(xx1,y)

a;‘:;ﬂ (r) < arctanh| tanh («) tanh | Bg. , + Z + a;‘j‘):"/ =D/ (159)
',y e,y \(x,y£1)
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Figure 10. Binary images f* generated by the a priori probability distribution (77 ) forew = 2.157 1.
(a) Sample 1; (b) sample 2; (¢) sample 3.

Step 3: Update R < r. Set X357 (g. @, B) < ai” (R) and 31" (g, @, B) < ai}™ (R)
and go to step 4 if it is satisfied that
1 D (e o) —a o = D]+ a3t o) —al T e - D)) <« (160)

(x,y)eQ

and go to step 2 otherwise.
Step 4: Calculate the marginal probability distributions p, ,(¢lg, c, B), pfyl'y <, 2'|g,

x+1,y

«, B) and pii(Z, ¢'|g, a, B), by substituting A} (g, a, B) and A} (g, @, B) into
equations (142)—(147).

We can calculate the evidence Pr{G = g|«, B} and both sides of the extremum conditions
(151) and (152) by substituting the values of marginal probability distributions obtained by
using the above approximations for a set of fixed values of o and 8 in equation (148). By
running the above algorithm for various values of & and f, the estimates @ and /8 are obtained
so as to satisfy the deterministic equations (151) and (152).

3.5. Numerical experiments

In this section, some numerical experiments are given. We assume that the original image
is generated by the a priori probability distribution (77). First, three binary images in
figure 10, which are generated by Monte Carlo simulations in the a priori probability
distribution (77) for « = 2.157!, are adopted as original images. Second, two binary images
in figure 11, which are obtained from the standard images ‘home’ and ‘mandrill,” are adopted
as original images. In this subsection, the original image f and the observable degraded
image g are denoted by f* and g*.

We have a given degraded image g* which is obtained from the original image f* by
changing the state of each pixel to another state by the same probability p, independently of the
other pixels. Here p is assumed to be less than 1. This degradation process is called a binary

2
symmetric channel. The conditional probability distribution Pr{G = g|F = f} is given by

Pr{G = g|F = f} =Pr{G =g|F = [, p}
= [] @=64,0,)0p+0=p)s 0 (161)

(x,y)eQ
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Figure 11. Artificial binary images f* generated from the 256-valued standard images ‘home’
and ‘mandrill’ by using a thresholded processing. (¢) Home; (b) mandrill.

(b)

Figure 12. Restorations of the original image f* given in figure 10(a). (a) Degraded image
g* (p* = 0.2); (b) restored image f by the mean-field approximation; (c) restored image f by the
Bethe approximation.

The conditional probability distribution can be rewritten as equation (76) by setting

_1, (1=
:21n< > ) (162)

By setting p = 0.2, the degraded images g* are produced from the original images f*
in the degradation process given in equation (161). The degraded images g* produced by
setting p = 0.2 from the original images f* in figures 10(a)—(c) are shown in figures 12(a),
13(a) and 14(a), respectively. The true values of the hyperparameters o, p and f =

%ln('_Tp) are denoted by o, p* and g* = %ln(%) respectively. The restored images

f obtained by applying the statistical-mechanical iterative algorithms in the mean-field
and the Bethe approximations to these degraded images g* are shown in figures 12, 13
and 14.

To evaluate the restoration performance quantitatively, ten original images f* are
generated by Monte Carlo simulations in the a priori probability distribution (77) for
o = 2.157'. We produce a degraded image g* from each original image f* by means of
the degradation process (76) for p* = 0.2. By applying the iterative algorithms of the mean-
field approximation and the Bethe approximation to each degraded image g*, we obtain the
estimates of the hyperparameters p and & and the restored image f foreach degraded image g*.
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(a)

Figure 13. Restorations of the original image f* given in figure 10(b). (a) Degraded image
g* (p* = 0.2); (b) restored image f by the mean-field approximation; (c) restored image f by the
Bethe approximation.

Figure 14. Restorations of the original image f* given in figure 10(c). (a) Degraded image
g* (p* = 0.2); (b) restored image f by the mean-field approximation; (c) restored image f by the
Bethe approximation.

From these ten degraded images and the corresponding restored images f, we calculate the
confidence intervals in the confidence coefficient 95% of the estimates of hyperparameters, p
and &, and the values of the mean square error d(f*, f),

o 1 A
d(f*. ) = 15 If" - FIP (163)
and the improvement of signal to noise ratio, Agng:
I —g*II?
ASNR = 1010g10 <7A (dB) (164)
IF* — FII?

These confidence intervals are given in table 1. We remark that, in binary image
restoration, d(f*, f)/2 is equal to the Hamming distance between the images f* and
f, |_§12|Z(x.,y)695f,éwfv.v' These results show that very reliable estimated values of the
hyperparameters « and B can be obtained in the Bethe approximation. In the mean-field
approximation, on the other hand, the estimated values are far from the original values.
This result clearly shows that the mean-field approximation is not appropriate in the present
situation. Similar results can be obtained by applying the Metropolis Monte Carlo simulations
instead of the Bethe approximation [25].
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Figure 15. Binary image restoration of the original image f* given in figure 14(a). (a) Degraded
image g* (p* = 0.1); (b) restored image f by the mean-field approximation; (c) restored image f
by the Bethe approximation.

Table 1. The confidence interval in the confidence coefficients 95% of the estimates of
hyperparameters, p and @, and the values of d(f*, f) and Agng obtained for some degraded
images g*, which are produced for p* = 0.2 from ten original images f*. The ten original
images f* are generated by Monte Carlo simulations in the a priori probability distribution (77)
for @ = 2.157!. The hyperparameters are estimated by applying the mean-field approximation
and the Bethe approximation to the maximum marginal likelihood (MML) estimation.

Mean-field approximation ~ Bethe approximation

p [0.054 98 £ 0.001 00] [0.194 54 £ 0.001 33]
B [1.57344 £0.01045] [0.861 15 %= 0.004 60]
a [0.268 59 £ 0.000 01] [0.459 03 £ 0.001 66]
1/a [4.27402 £ 0.000 11] [2.689 62 £ 0.009 68]
d(f*,g*)/2 [0.21443 +0.000 62] [0.214 43 £ 0.000 62]
d(f*, /2 [0.214 43 £ 0.000 62] [0.09222 4 0.001 64]
Asnr (dB) [0£0] [3.92901 % 0.084 05]

We also performed numerical experiments for artificial binary images in figure 11 as
original images. The artificial binary images f* are generated from the 256-valued standard
images ‘home’ and ‘mandrill’ by using a thresholded processing®. The image restoration by
means of the iterative algorithms of the mean-field approximation and the Bethe approximation
for the cases of p* = 0.1 and p* = 0.2 is shown in figures 15, 16, 17 and 18. We give in
tables 2 and 3 the estimates of hyperparameters, p and &, and the values of the mean square
error d (f*, f') and the improvement of signal to noise ratio, Agng (dB).

In the present framework for binary image restoration, it has been shown that we can
obtain satisfactory results by the Bethe approximation if the images are produced by the
assumed a priori probability distribution. The restored images obtained by means of the
mean-field approximation are not satisfactory in quality. Although we have to calculate
the free energies and the correlation functions between the nearest-neighbour pairs of pixels in
the a priori and the a posteriori probability distributions in the estimation of hyperparameters
in the evidence framework, the accuracy in the correlation functions of the mean-field
approximation is not sufficient. This is one of the reasons why the results of the mean-
field approximation are not satisfactory. On the other hand, although we also obtain good

3 The standard images ‘home’ and ‘mandrill” are shown in figure 19 in the next section.
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Figure 16. Bmary image restoration of the original image f* given in figure 14(a). (a) Degraded
image g* (p* = 0.2); (b) restored image f by the mean-field approximation; (c) restored image f
by the Bethe approximation.

(b)

Figure 17. Binary image restoration of the original image f* given in figure 11(b). () Degraded
image g* (p* = 0.1); (b) restored image f by the mean-field approximation; (c¢) restored image f
by the Bethe approximation.

Figure 18. Binary image restoration of the original image f* given in figure 11(b). (a) Degraded
image g* (p* = 0.2). (b) restored image f by the mean-field approximation; (c¢) restored image f
by the Bethe approximation.

results for image restoration in the practical binary images by the Bethe approximation, some
noise remains in the results. The main reason is that the practical binary images are not
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Table 2. The estimates of hyperparameters, p and @, and the values of d (f*, f) and AgnR obtained
for some degraded images g*, which are produced for various values of p* from the original image
f* given in figure 14(a) (home). The hyperparameters are estimated by applying the mean-field
approximation and the Bethe approximation to the MML estimation.

p* Approximation  p B & 1/6 d(f*, )/2  Asnr (dB)
0.1  Mean-field 0.00996 229939 025237  3.96245  0.09953 0

Bethe 0.04857  1.48748 041097 243324  0.0476l 3.20283
0.2  Mean-field 0.07693 124244 025135 397847  0.19791 0

Bethe 0.13290 093779 039216 254995  0.08319 3.76391

Table 3. The estimates of hyperparameters, p, f, &, 1/&, and the values of d(f*, f) and Agnr
obtained for some degraded images g*, which are produced for p* = 0.1 and p* = 0.2 from
the original image f* given in figure 14(b) (mandrill). The hyperparameters are estimated by
applying the mean-field approximation and the Bethe approximation to the maximization of
marginal likelihood.

p* Approximation B & 1/6 d(f*, )/2  Asng (dB)
0.1  Mean-ficld 0.03508  1.65722 0251524 397576  0.09903 0
Bethe 0.07902  1.20785  0.2898l 2.56934  0.07072 1.46200
0.2  Mean-field 0.10090  1.09365  0.25096 3.98472  0.15965 0.947 88
Bethe 0.17184  0.78631  0.38206 2.61738  0.11864 2.23737

produced by the assumed a priori probability distribution, although the a priori probability
distribution (77) is a fair approximation of the original images. It is necessary to improve the
a priori probability distribution so as to be applicable to the practical image with complicated
structures.

3.6. Concluding remarks

In this section, we have explained the basic framework of image restoration of binary images by
means of the Bayes formula and evidence framework. The algorithms have been constructed
by applying the mean-field approximation and the Bethe approximation. Some numerical
experiments show that the Bethe approximation can give good results in image restoration,
while the results of the mean-field approximation are not satisfactory. Nevertheless, it is
obvious that our assumptions for the a priori probability distribution for original images
are not good enough for practical images even if we restrict the original images to binary
ones. From the standpoint of statistical mechanics, some extensions have been made [60-62].
Moreover, the framework can also be applied to image segmentations by extending the model
system to the Potts model [24, 26].

Usually, most computer scientists and statisticians formulate Bayesian image restoration
as a MAP estimation given in equation (8). In the MAP estimation, we have to search for
the most probable configuration of the massive probabilistic model, a process of exponential
order of complexity. Although such a problem can be treated by simulated annealing with the
heat bath or the Metropolis Monte Carlo simulations, it takes a very long time for relaxation.
Recently, some authors adopted the MPM estimation in equation (9) instead of the MAP
estimation.

In the design of a probabilistic information processing system, the performance estimation
is very important. In the image restoration, M, ,(c, B) in equation (40) corresponds to
a statistical measure in the performance estimation. However, it has not been possible
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to calculate exactly the statistical average such as M, ,(«, B) for the system where the a
priori probability distribution is assumed to be the Ising model with interactions only between
nearest-neighbour pairs of pixels. We can nevertheless calculate the statistical performance not
as an exact value but as an approximate value by the Bethe approximation. Such investigations
have been carried out for the Ising model with random bond interactions between nearest-
neighbour pairs of pixels [63, 67]. Other statistical-mechanical methods will also be useful
for the estimation of the statistical performance in Markov random field models. This is one
of the future problems.

The Bethe approximation has already been applied to other probabilistic information
processing problems. Kabashima and Saad [68] suggested that a belief propagation algorithm
in error-correcting codes has a very close relationship with the Bethe approximation*. The
formulae of Kabashima and Saad are derived by means of the following replacements,

3t ,(g o, B) = tanh | gy, + Yoo Y@ (165)

(", y) e y\(x£1,y)

Xyii(g.e, B) = tanh | By, + > Y @B (166)
(', yee y\(x,y£1)

in equations (140) and (141). Belief propagation is one of the familiar techniques in the
probabilistic inference of intelligent information processing [71, 72]. Yedidia et al [73]
and Kappen et al [74] suggested that the belief propagation algorithm can be derived from
the variational principle of an approximate free energy in the Bethe approximation and
proposed a method for the construction of a generalized belief propagation based on the cluster
variation method [75, 76]. Their simultaneous recursion formulae in the belief propagation
are equivalent to equation (137).

As another advanced mean-field method for probabilistic image restoration, some cluster-
type mean-field approximations were proposed [77, 78]. The cluster-type mean-field
approximations can be regarded as an extension of the mean-field approximation or the Bethe
approximation from the standpoint of the effective field theory [79].

In this section, we have explained that not only the statistical-mechanical framework but
also the statistical-mechanical approximations are applicable to probabilistic image processing.
These situations are similar in grey-level image restoration. In the next section, we introduce
a grey level image processing by means of a familiar statistical-mechanical model with
continuous degree of freedom at each pixel.

4. Grey-level image processing and Gaussian model

In this section, we discuss grey-level image processing. In practical digital images, each pixel
usually has 256 grey levels, 0, 1, 2, ..., 255. Such grey levels can be regarded as continuous
degrees of freedom. Actually, in many conventional digital image filters, the degree of freedom
at each pixel is treated as a continuous variable, which we adopt here.

One of the basic degradation processes in grey-level images is an additive white Gaussian
noise with average 0 and variance o> (¢ > 0). Generally, when the probability distribution of
the random variable A is given by

Pr{A =a} =

1 1 2)
exp| —=——=(a — —00 < a < 400 (167)
By p( 262( )

4 They referred to the recursion formulae of effective fields in the Bethe approximation as Touless, Anderson and
Palmer (TAP) equation [69, 70].
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it is denoted by the notation A ~ N[, o%] in probability theory and statistics. By using
this notation, the degradation process from the original image f to the degraded image g by
additive white Gaussian noise with average 0 and variance o> can be expressed as

Gy — Fiy ~ N0, 07] (168)
where F, , and G, , are random variables at each pixel (x, y) of the original image and the
degraded image, respectively.

One of the most famous linear filters is the following constrained least mean square filter
[1, 801,

f = arg z'||z7nﬁill|ﬂ|az Z ((Zx,y - Zx+l,y)2 + (Zx,y - Zx,y+l)2) (]69)
: 9= (x,y)e
where
lz=gl>= Y (zey — 8ey)™ (170)
(x,y)eQ

Here the degradation process is assumed to be additive white Gaussian noise N0, 0?]. The
algorithm for obtaining the optimal solution f was constructed by introducing a Lagrange
multiplier y to ensure the constraint ||z — g||> = || o2,

2(y) = argminH (2]y) (171)

HEY) = Y ((@ey = 2em1y) + @y — 2eps)D +vllz —gl> (172)
(x.y)eQ
and the Lagrange multiplier y should be determined so as to satisfy the constraint
I12(y) — glI*> = |2|o%. The restored image £(y) is obtained from the stationarity condition
for H(z|y) with respect to z, ,. Some statistical physicists may note that H(z|y) is the
Hamiltonian of the Gaussian model [81, 82].

The Gaussian model can be solved analytically and closed expressions of some correlation
functions can be calculated exactly by means of the Gaussian integral formula and the discrete
Fourier transform. The Gaussian model of equation (172) expresses a smoothing effect
in the first and second terms and takes account of the information from observed data
as the third term. Of course, these effects are not sufficient to treat practical real-world
images, because many real-world images usually have not only smooth regions but also
edges between two different smooth regions and sometimes include textures. Nevertheless,
as a first step towards practical image restoration, it is important to understand the basic
behaviour of the image restoration scheme by means of the solvable probabilistic model from
the statistical-mechanical standpoint. As mentioned in section 1, it is possible to regard the
framework of the conventional filter theory in image processing as a problem of classical spin
systems.

In this section, we express the basic scheme of probabilistic image restoration by means
of the Gaussian model and derive formulae to calculate the statistical performance.

4.1. Bayesian image processing by means of the Gaussian model

In the framework of image restoration for grey-level images, we consider the set R consisting
of whole real numbers and assume that the state at each pixel takes any finite real number. In
this case, F' and G are not discrete but continuous random variables. A degradation process
Pr{G = g|F = f} and an a priori probability distribution Pr{F' = f} are assumed to be as
follows.
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4.1.1. Degradation process in grey-level images. We adopt the additive Gaussian noise
N0, o?] so that the conditional probability density function Pr{G = g|F = f} is assumed
to be

Pr{G =g|F = f} =Pr{G =g|F = f,0}
1€l

1 7 1
- (27‘[02) exp ) Z (fx,y_gx,y)2 . (173)

(x,y)eR

4.1.2. A priori probability distribution in grey-level images. The a priori probability density
function, that the original image is f, is given by

eXp (_% az(x,y)eﬂ((fx,y - fx+],y)2 + (fry — fx,y+l)2))
f]Rm‘ exp (_% az(x,y)gg((zx,y - Zx+1,y)2 + (quy —_ Zx,y+1)2)) dz

exp(—tafCf")

= . (174)
fR\m exp (—% OlfoT) dz
Here C'is an Q2] x |Q2] matrix whose (x, y|x’, y’)-element is defined by
(X, y|C|X/, y/> = 8x,x’5y,y’ - %(Sx,x’ﬂay,y’ - %&c,x’fl(sy,y’ - %ax,x’ay,y%l - %&c,x’&v,y’fl
(175)

and the integral is defined by

fooe [ e

- (x,y)eR

By substituting equations (173) and (174) into equation (7), the a posteriori probability
distribution is given as

exp(—E(flg,a,0))

Pr{F = f|G =g} =Pt{F = fIG =g,a,0} = Tnexp(CE(zlg.@.0)) &z 77)
where
1 1
E(flg.a.0) = 5 D (fey —8ey)+ S D (fry = Ferty) + (foy = froye)?)
(x,y)€R (x,y)€EQ

N PR R B,

= 52lf —glh+5af CF

= T.lrz(f — (I +a0?C)7'g) (I +ad?C)(f — (I +acC)"'g)

+%ongC(I+aazC)*lg. (178)

The a priori probability distribution (174) can be regarded as a conditional autoregressive
model [83, 84] in the signal processing:

1 1
fx,y - fx+1,y ~ N[Oa _:| fx,y - fx,y+1 NNI:O’ _j|~ (179)
o o

This probabilistic model is equivalent to the Gaussian model in statistical physics [81, 82].
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In the framework of image restoration of grey-level images given in equation (177), the
hyperparameters « and o are determined by

(@,6) = argl(nafPr{G =gla, o} (180)
where
Pr{G =gla,0} = / Pr{G =g|F = f,o}Pr{F = fla}dz. (181)
R@

The maximum marginal likelihood estimates of « and o are denoted by & and &,
respectively. For the obtained estimates & and 6, the restored image f = { f wyi(h(g,&,6) =
{hx (g, @, 6)}) is determined by

fx,y =h,,(g,6&,6) = /zx,y Pr{F =z2|G=g,d,6}dz. (182)

4.2. Discrete Fourier transform and exact expression of evidence

By introducing the unitary matrix U defined by

(x, y|U|p. q) = \/rvlexp (—i 272?)6 —izjz‘y’y> (183)
we can diagonalize the matrix C as follows,
(p.qlU'CUIp',q") = 8p pSy.q(p. q) (184)
where
A(p,q)z1—lcos<2np>—lcos(2n—q>. (185)
2 Ly 2 L,

By using equation (184), the partition functions of the a priori and the a posteriori probability
density functions in equations (174) and (177) can be expressed in the following form:

1
ZPrior(a) = /]RIQI exXp _E o Z ((Zx,y - Zx+],y)2 + (Zx,y - Zx,)‘+l)2) dz

(x,y)€Q
,IL %
12| 1 fe]}
= Q2m)7{d C)) 2 =Q2mr)2 186
(2m) 7 {det(@C)} 2 = (27) HH“W . (186)

Zposterior(as o) = /I exp(—E(z|g,a,0))dz
RI®

= 2r0?)  {det(I + a0 C)) %exp (-lag"CI +ac?C)'g)

I—

L.—1Ly—1
1_[ 1_[ 1+a62k(p q)
1Ly
] (P, q) 187
X exp ——Z Z| (p.q m (187)
p=0 ¢g=0 ’

where

2mpx | any) (188)

G(p,.q) = T 8x, eXp< —i
(x%ﬂ ’ L

y
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By substituting equations (186) and (187) into equation (181), the logarithm of marginal
likelihood Pr{G = g|«, o} is obtained in the following form:

In (Pr{G = glat, 0}) = In(Zposterior(@, 0)) = IN(Zprior (@, ) — In(v270)

o] [, Q|
=~ In@m) - —Z Zln(1+aazx(p,q))+71n(a)
p=0 ¢g=0
L,—1Ly—1 L,—1Ly—1 ( )
P.q
+= In(A - = G(p,I? 189
ZZn((pq)) ZZup )|1+ot2)»(p,) (189)
p =0 ¢=0 p =0 ¢=0
By replacing the summation Li Z;;B] by the integral % I 02” dé and using the integral formula,
1 2
—/ In(2(a — cos(#))) d6 = arccosh(|al) (190)
27 0
we can rewrite the fourth term of equation (189):
L,—1 L,— 2
@ [; ;) In(A(p, q)) = —2In(2) + Zarccosh( —cos< pr>>' (191)

The extremum conditions of p{G = g*|«,0} at « = @ and 0 = & can be reduced to the
following simultaneous equations:

L,—1L,—1 L,—1Ly—

1 _&hp.g) 1 s Mp.g)
= , 192
& |s2|Z ; 1+a6%(p.0) |9|; ,;;' PV aenp e Y
Li—1Ly— Li—1Ly— A2 54 2
&~6"Mp,q)
G : . 193
|s2|Z ; ETRT |9|§ ;;' PO ey Y
The restored image f in equation (182) can be expressed explicitly as
f=h(g & 6)=T+as’C)'g (194)
and
Lo—1Ly—1
A 1 1 2npx  2mqy
- hx ’ Aa 6 = T4 + R G ’
oy =hiy@8.6) =) D Traero— (cos( Lt L ) e(G(p. )
p=0 ¢g=0
. (2npx 2mqy
+sin 7 + 7 Im(G(p,q)) |- (195)
X y

In this way, the restoration process reduces to this simple arithmetic computation.

4.3. Statistical performance

In this section, we derive some statistical properties of the present model. We calculate the
statistical averages of the mean square error d(f*, f) and the log-evidence In (Pr{g|c, B}).
The results are useful for estimating the statistical performance of the Bayesian approach to
image restoration analytically.

The value o* is for hyperparameter o when the degraded image g is generated from the
given original image f by the degradation process (173). The value «* is for hyperparameter
a when the original image f is generated by the a priori probability density function (174).
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To treat practical grey-level real-world images, we assume that they are generated by the a
priori probability density function (174), though such an assumption is not valid exactly.

In the maximum likelihood estimation, the value o* is determined so as to maximize
the likelihood Pr{F' = f|«a} with respect to the hyperparameters o and o. The logarithm of
likelihood Pr{F' = f|a} can be expressed as

| PN 2|
n(Pr{F = fla}) = - In 2m) — - In(a)

L.—1Ly—1 L —1Ly—1
——Z S In((p.g) + 5 Z Z |F(p, )Par(p, q) (196)
p=0 ¢=0 p =0 ¢=0
where
1 2 2
Fpa)= e 3 fure xp( e —1?). (197)

(x,y)eR
The conditions for an extremum of Pr{F = fla} at « = o™ are reduced to the following
equations:

Ly—1Ly— L.—1Ly—1
2
o Q) ZO 2(; Mp,g) + — IQI EO E_O [F(p, @)I"A(p, q). (198)
P q P q=

Now, as a measure of restoration performance, we define the statistical average of the
difference between the original and corresponding restored images by

M(a,0) = //Hz — h(g,a,0)||*Pr{G = g|F = z,0*} Pr{F = z|a*} dz dg (199)

where h(g, o, B) is defined by equation (182) and is obtained as equation (194). By
substituting equations (173), (174) and (195) into the right-hand side of equation (199) and
using equation (178), we obtain the expression of the quantity M («, o) as follows:

Li—1 L,\‘71 *2

1 o
Mo, 0) = — Z Z PR PO
Q| 4= = 1+ ao™A(p, q)
Ly—1Ly,—1 %2 2 g
1 o o
L _ _ (200)
Q| ; ;; ((1+(x *020M(p,q))?  (1+ao?A(p, q))z)

It is obvious that the statistical overlap M («, o) gives the maximum value only at (¢, o) =
(a*, o). The result (200) was first obtained by Nishimori [85].

We consider a statistical average L(o, o) of the logarithm of marginal likelihood
In(Pr{G = g|«, o}) with respect to the degradation process (173) and the a priori probability
distribution (174):

L(a,0) = /lnPr{G = g|a, a}(f Pr{G =g|F = z,0"} Pr{F = z|a*}dz> dg. (201)

By substituting equations (173) and (174), and the third expression of equation (189) into the
right-hand side of (201) and by using equation (178), we obtain the expression of the quantity
L(a, o) as follows:

_ 19l e A ar(p. q)
L@, 0) =——"In@Q2m0)+ 7 )P ln<m>
p=0 ¢=0
B Z—l LZ < (P, ) ) L+a*o**A(p.q) (202)
*)\’(p’ q) 1+a62)\(p7 Q) .

quO
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By differentiating the quantity L(c, o) with respect to the hyperparameters « and o, the
conditions for extrema of L(«,0) at « = & and 0 = & are reduced to the following
simultaneous equations:

1 Cp) 1% Mp. )1+ a* o A(p. )

— 203
@ lQ Z qX_: 1+a622(p,q) 19| ; ;; ( Mp. (1 +a62(p, q))2> @0
__L‘Z“ 5 1SS (@600 0+ 0 )

. = 1+&&2)\(p o) el & =\ @Mp )1 +a8%h(p. ) )

(204)

It is obvious that equations (203) and (204) are satisfied by & = o* and § = o *.

4.4. Statistical-mechanical iterative algorithms

Relations derived in the previous subsection are used here to give the algorithm for the
estimation of the hyperparameters (6, &) and the restored image f for a given degraded
image g. Also, we construct the algorithms to estimate the statistical performance M (c*, o)
and the statistical behaviour in the iteration process for hyperparameter estimations for an
original image f.

First, we construct an algorithm for obtaining the estimates of hyperparameters, & and &,
and the restored image f when a degraded image g is given. From the extremum conditions
(192) and (193) of the marginal likelihood, Pr{G = g|o, o}, and expression (195) of the
restored image f «,y» We can construct the following recursion formulae:

Algorithm 4.1. Statistical-mechanical image restoration algorithm by the Gaussian model

Step 1. Calculate the discrete Fourier transform G(p, ¢) of the given degraded image g by
equation (188). Setr <— 0, a(0) < 1 and b(0) < 1 as the initial values.
Step 2: Updater <—r+ 1, and

L, —]L
br—1A(p,q)
ar) < |sz|Z ; +ar— Db —Dr(pq)
S A(p.q) B
G 2 ’ 205
|9|§,§' PO G = Db - D2 ()7 20
,1]‘
b(r — 1)
b(r) < EZZ 1+ar—Dbor=DAr(pq)
Ly—1Ly— 2 2 2
Gp. )| a(r —1)°b(r — 1)°A(p, q) . 206
|Q|;q2(;| (P-4)l (I+a(r—=1)br —1Dr(p, q))? (206)

Step 3: Update 6 «<— +/b(r), & < a(r) and R < r. Go to step 4 if it is satisfied that
a(r)y—a(r—1) N b(ry—b(r—1)
a(r—1) b(r—1)

and go to step 2 otherwise.

(207)
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Step 4: For the obtained estimates & and &, the restored image f = { f x ),} is determined by

n=0,1,...,

2
fx’y <« arg nl11n255(n - /zx,y Pr{F =z|G =g, &, 6}dz> . (208)

In algorithm 4.1, R denotes the final iteration number when a(r) and b(r) converge. The
estimation of the restored image f in equation (208) is called the TPM estimation [20].

Second, we give an algorithm for estimating the statistical performance with respect to
all possible degraded images g generated by obeying the degradation process (173) for a
fixed value 0 = ¢* from a given original image f. From equations (198) and (200), the
statistical quantity M («a*, o*) for the given original image f and an additive white Gaussian
noise N[0, o*?] are obtained in the following procedure:

Algorithm 4.2. Statistical-performance estimation algorithm in image restoration by the
Gaussian model

Step 1: Calculate the discrete Fourier transform F'(p, g) of the given standard image f by
equation (197).
Step 2: Determine the value of o* by

—1
L,—1L,—1 L,—1L,—1

1
o Z > . q)+—Z DUIFp.oPAp.g) | . (209)
p =0 ¢=0 |2 |p =0 ¢=0

Step 3: Calculate the quantity M (a*, o™) as follows:
L,—1 L

M(@*, 0%) < @Z ; o G*Zk(p o (210)

Finally, we give an algorithm for estimating how the hyperparameters « and o converge to
the true values o™ and o * statistically with respect to all possible degraded images g generated
by obeying the degradation process (173) from the given original image f. From the extremum
conditions (203) and (204) of the statistical average of the logarithm of marginal likelihood,
L(a, o), we can construct an algorithm, which gives us a statistical estimation of how a(r)
and b(r) converge to the estimates & and 6? in the iteration process of equations (205) and
(206) in the maximization of marginal likelihood for a given original image f, as follows:

Algorithm 4.3. Statistical behaviour estimation algorithm in hyperparameter determination

Step 1: Calculate the discrete Fourier transform F(p, g) of the given standard image f by
means of equation (197).

Step 2: Determine the values of o* by
—1

L,—1Ly—1 L,—1L,—1
Z > up. q)+—Z Y IF(p.PAp.g) | . @11
p=0 ¢=0 p=0 ¢=0

Step 3: Setr <— 0,c(0) < 1 and d(0) < 1.
Step 4: Updater <—r+ 1, and

1 " dir—1)r(p,q)
c(r) < @; qgo l+cr—Ddr—1)Ar(p,q)

—1

L.—1Ly—1 2
Mp,q) ) (I+a*c*"A(p, q)) 212
9 Z ; (a*k(p,q) ((1+c(r — Dd(r — I)A(p,q))2) 12
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Figure 19. Standard images f*. (a¢) ‘Home’; (b) ‘mandrill’.

. 1l A dor—1)
TP <1+c(r—1)d(r—1)x<p,q>)

p=0 ¢=0
Sy LZ_I (c(r — 1Pd6 — 1PA(p, q)z)
2l = & «2(p, q)
% %2

5 ( (1+a*0*?(p. q) ) 013)

(I+c(r—=Ddr =D Ar(p,q))?
Step 5: Update & < /d(r), @ <— c(r) and R < r. Stop if it is satisfied that

cry—c@r—1) diry—d(r —1) 214)

c(r—1) dir—1)

and go to step 4 otherwise.

We remark that, in the above algorithm, ¢(r) and d(r) correspond to statistical averages of
a(r) and b(r) with respect to random fields F' and G in the probability Pr{F', G|a*, c*} =
Pr{G|F, o*}Pr{F|a*}.

In algorithms 4.2 and 4.3, we give a little more detailed explanation. In the algorithms,
the value of «*, which is maximizing the likelihood Pr{F = f|a} in equations (196)
and (197) for a given original image f, is regarded as a true value of the hyperparameter o
for the given original image f although the given original image f is not generated by obeying
the a priori probability density function Pr{F' = f|a*} in equation (174). In algorithm 4.3,
the statistical behaviour of the convergence process of the hyperparameters o and o is given
as a series {c(r),d(r)[r =1,2,3,..., R}.

4.5. Numerical experiments

In this subsection, we give some numerical experiments of image restoration by the maximum
marginal likelihood estimation and the Gaussian model for the standard images given in
figure 19.

We have followed algorithm 4.1 given in subsection 4.4. The degraded images g*
are generated from the original images f* in figure 19 by setting o* = 10, 20, 30, 40 and
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Figure 20. Degraded images g* for 0* = 30. () ‘Home’; (b) ‘mandrill’.

Table 4. Values of &, &, d(f*, g*), d(f*, f) and Agnr (dB) for the original image f* given in
figure 19(a).

“ 6 @ d(f*, g% d(f*,f) Asnr (dB)

10 0.332  0.00470 92.44 92.44 0

20 9.753  0.00246 382.43 260.75 1.663 28
30 22352 0.00213 860.22 280.98 4.85934
40 32965 0.00199  1495.63 304.54 6.91180
50 42508  0.00194  2247.05 333.48 8.28543

(o2

Table 5. Values of 6, &, d(f*, g*), d(f*, f) and Agnr (dB) for the original image f* given in
figure 19(b).

ot 6 a d(f*,g" d(f*, f) Aswr (dB)

10 0.813  0.00292 92.44 92.44 0

20 15996  0.00262 383.60 190.81 3.03277
30 27.803  0.00283 867.74 255.82 5.30455
40 37970 0.00296  1521.80 314.36 6.849 30
50  47.149  0.00308  2299.78 363.05 8.01720

50 for the additive white Gaussian noise A'[0, o**] given in equation (173). By applying
algorithm 4.1 to each degraded image g*, the corresponding restored image f is obtained.
For the restored images f. the estimates of hyperparameters & and & and the values of
d(f*, f ) in equation (163) and Agnr in equation (164) are given in tables 4 and 5. For the
original images in figure 19, the degraded images g* and the corresponding restored images
fin o* = 30 are given in figures 20 and 21, respectively. The results show that some
noise still remains in the restored image of ‘home’ but the restored image of ‘mandrill’ is
satisfactory.

We next explain the statistical performance estimation for the original images given in
figure 19. In the Gaussian model, the value of o which maximizes the a priori probability
density function (174) is adopted as the value of «*. In each case, the standard images ‘home’
and ‘mandrill’ given in figure 19 are set as the original image f* in the a priori probability
density function (174). The values of o* and the statistical quantities M (c*, &*) obtained
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Figure 21. Restored images f obtained by the Gaussian model for * = 30. (a) ‘Home’;
(b) ‘mandrill’.

Table 6. Values of M(c*, &™) when the original image f* is set to the image given in figure 19(a).

o* of M(o*, a™)

10 0.008 24 58.00
20 0.00824  114.84
30 0.00824  150.24
40 0.00824  174.81
50 0.00824 193.44

Table 7. Values of M(c*, «*) when the original image f* is set to the image given in figure 19(b).

o* oF M(o*, a™)

10 0.00401 72.90
20 0.00401  172.39
30 0.00401  244.03
40 0.00401  295.67
50  0.00401  335.14

from algorithm 4.2 for various values of o * are given in tables 6 and 7, although these standard
images are not generated from the a priori probability density function. By using algorithm 4.3,
we obtain the statistical behaviour of the iteration processes (205) and (206) in the algorithms
of the maximization of evidence for standard images ‘home’ and ‘mandrill’. The dynamical
behaviour is given in figures 22 and 23. These values for statistical performance in ‘mandrill’
are close to the corresponding numerical experiments given in table 5. On the other hand, the
values for statistical performance in ‘home’ are not so close to the corresponding numerical
experiments given in table 4. These results show that the standard image ‘mandrill” satisfies
the assumption that the a priori probability density function is given in equation (174), while
the standard image ‘home’ does not. These facts can also be understood from comparison
of the values of o in tables 4 and 5 with those of & in tables 6 and 7.

4.6. Constrained least mean square filter

As mentioned in the beginning of the present section, we have the constrained least mean
square filter as one of the conventional linear filters in image and signal processing. When
physicists try to investigate image processing from the standpoint of statistical mechanics, it is
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0.02—————
“Home"

a* =0.

c(r) 0: 0

o: 0

0.01} ®: 0
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0 e
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Figure 22. The statistical behaviour of the iterative process in equations (205) and (206), which is
obtained from the recursion formulae (212) and (213) for the image given in figure 19(a).

0.010 —————
L “Mandrill”
o =0.00401
e(r) o: o =30 |
o: o =40 |
0.005 e: 0" =50 {
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0 C
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Figure 23. The statistical behaviour of the iterative process in equations (205) and (206), which is
obtained from the recursion formulae (212) and (213) for the image given in figure 19(b).

important to understand the conventional filters. We cannot review all the conventional filters
due to limitations of space in the present paper. The present author hopes that the readers
see some textbooks on conventional image and signal processing [1-3]. In this subsection,
we will explain a little more detailed formulation and give some numerical experiments in the
constrained least mean square filter because the filter has a close relationship to the Gaussian
model.

The energy functions H(f|g, y) in equation (172) and E(f|g, o, @) in equation (178)
are equivalent to each other except for the constant factor %a. The present calculation by
means of the discrete Fourier transform can also be applied to the constrained least mean
square filter (169)—(172). Now we compare the evidence framework in the Gaussian model
with the constrained least mean square filter. By a similar argument to the derivation of
equation (195), the constrained least mean square filter (169)—(172) can be reduced to the

following form,

L.—1L,

27 px 27rqy>
f. cos + Re G(p, q)
WL i (o (B

2 2
+gn< zfx+ z?y>lm(ﬂp¢ﬂ) 215)

x y

where the Lagrange multiplier y is determined so as to satisfy the constraint ||2(y) — g||*> =
|€2|o2, which is reduced to
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Figure 24. Restored images f obtained by means of the constrained least mean square filter for
o* = 30. (a) ‘Home’ (b) ‘mandrill’.

Table 8. Values of y, d(f*, g*), d(f*, f ) and Agnr (dB) obtained by using the constrained least
mean square filter (169)—(172) for the original image f* given in figure 19(a).

o* P d(f*,g) d(f*.f) Asnk (dB)

10 2.44700 92.44 72.53 1.053 06
20 6.51685 382.43 162.94 3.705 08
30 12.48392 860.22  251.13 5.34710
40  23.08783  1495.63 355.02 6.24574
50 4995438  2247.05  512.03 6.42321

Table 9. Values of P, d(f*, g),d(f*, f) and Agxr (dB) by using the constrained least mean
square filter (169)—(172) for the original image f* given in figure 19(b).

o* P d(f*.g") d(f*.f) Asnr (dB)
10 1.29239 92.44 95.56 —0.143 96
20 3.985 65 383.59 209.79 2.62094
30 8.46561 867.74 294.77 4.689 09
40 16.44590 1521.80 366.23 6.186 06
50 37.67563  2299.78 450.14 7.083 36
0_*2
7 (216)

V= .
1 N L=l Lyl 2 Mp.g)?
1 ps0 Xgzo |G DP G or

We show in tables 8 and 9 the values of P, d(f*, f) and Agngr for the restored images f
obtained by applying the constrained least mean square filter (215), (216) to the degraded
images g* which are generated from the original images f* given in figure 19 for various
values of o*. For the degraded images g* in figure 20, the restored images f obtained by
using the constrained least mean square filter (215), (216) are shown in figure 24. Although
we use the value of o™ in the image restoration, the quality of the restored image f is seen not
to be sufficient and too blurred.



R132 Topical Review

4.7. Concluding remarks

In this section, we have explained grey-level image restoration by the Gaussian model. The
fact that the Gaussian model is applicable to the Bayesian approach to image restoration was
pointed out by Nishimori [85]. The Gaussian model can be extended from various points
of view. In the present subsection, we summarize some interesting extensions based on the
Gaussian model.

From the standpoint of image processing, the Gaussian model is equivalent to a method
called the conditional autoregressive model in which

1 1
fx,y - fx+l,y ~N [Os _i| fx,y - fx,_\'+l ~N |:07 _i| . (217)
o o

Molina et al [83, 84] investigated the determination of hyperparameters in a simultaneous
autoregressive model given in the form

1 1
fx,y - Z(fx+],y + fx—],y + fx,y+] + fx,y—l) ~ N |:0s ;i| . (2]8)

The model can be treated analytically by analogous arguments to the present section. The
present author and Inoue extended these autoregressive models to a generalized version of
the grey-level image restoration scheme by means of solvable random field models and
investigated the hyperparameter determination in the maximization of evidence by calculating
the exact closed expression of evidence using the Gaussian integral formula and discrete
Fourier transform [86]. They proposed the following a priori probability density function:

exp(—1afC’f")
me exp (—% OlfCVfT) dz

instead of equation (174). In this model, not only « but also v are hyperparameters. The
hyperparameters «, v and o are determined by

Pr{F = f} = Pr{F = fla,v} =

(219)

(@,V,6) = arg (max) Pr{G = gla, v, 0} (220)
where

Pr{G = gla, 0} = /

R!

Pr{G = g|F = f,0} Pt{F = f|a, v} dz. 221)
Q|

We remark that the case of v = 1 corresponds to that in equations (217) and (219), and that
the case of v = 2 corresponds to that in equation (218). They insisted that the picture quality
of the restored image can be improved by introducing the new hyperparameter v which takes a
real number. The framework of their reference has been extended to the solvable probabilistic
model in colour image restoration [87].

In the above statements, we have treated the a priori probability density function with
only the spatially uniform hyperparameters «. Some physicists, particularly the researchers
of spin glass theory, may be interested in the one with spatially non-uniform hyperparameters
a = {af?}l Y (x,y) € Q). Many grey-level images include not only smooth areas
but also edges. If the smoothness is regarded as important, the edge areas are also smoothed
out. If the edges are preserved, the noise cannot be erased sufficiently. In order to resolve
this conflict, we have to introduce a strategy to change the value of the hyperparameter « in
each area. One idea is to introduce adaptive smoothing. In order to achieve this goal, an
inhomogeneous probabilistic model is introduced:
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Pr{F = f} =Pr{F = fla}
exp (%Z(x,y)esz(“ﬁvl’y(fxw = ferny) 05" (fry = f””)2))
Jgiar €xp (_%Z(x,y)eﬂ<aﬁv1'y(2x,y — Zent ) 00 @y — Ty )2)) dz

(222)

instead of equation (219). Molina et al [84], Aykroyd [89] and Dunmur and Titterington
[88] proposed that the spatial variations of cx)fjryl " and (xfﬁjfﬂ are also regarded as random

variables and introduced probability density functions P((xﬁvl’y ) and P (a! 'yVH) for o} and
x,y+1

ayy , which are referred to as hyperpriors. The joint probability density function Pr{F =
f, G = g, a|o} and the a posteriori probability density function Pr{F' = f, «|G = g, o} are
defined by

Pr{F = f,G =g, alo}

= Pr{G =g|F = f.0}Pr(F = fla}| [] P ()P (e}3™) (223)
(x,y)€Q
and
_ Pr{F =f,G =g, alo}
- [Pi{F=f,G=g, aloc}dfda

respectively. The hyperparameters « and o and the restored image f are determined from
these probability density functions. A stream of these investigations in the hyperprior have
been dealt with mainly by statisticians [90]. Currently, the mainstream approach to achieve
adaptive smoothing in practical Bayesian image restoration is to introduce a line field and
the investigations of the framework based on the hyperprior are restricted only to statistical
interests. However, it is obvious that this framework is close to spin glass theory and the
author believes that many researchers in the field of spin glasses will begin to investigate it.

Pr{F = f,a|G =g, 0}

(224)

5. Coupled Markov random field model

In section 4, we elucidated the probabilistic computational method when the a priori
probability density function is assumed to be given as the Gaussian model in equation (174).
The idea behind this a priori probability is smoothing of neighbouring pixel values. If the
hyperparameters are adjusted to stress spatial smoothness, the restored images will be blurred
too much. If, on the other hand, the hyperparameters are adjusted to take account mostly of the
observed data g, many isolated noises remain. Particularly, in the grey-level image restoration,
this is the limit of the simple Gaussian model as an a priori probability density function, and it
is difficult to treat images with many edges. In order to improve this strong smoothing effect
of the Gaussian model, Geman and Geman [6] and Jeng and Woods [8] introduced a method
with an edge state at each nearest-neighbour pair of pixels.

In a system consisting of two pixels at (1, 1) and (1, 2), we consider the following a priori
probability distribution with an edge state /:

Pr{Fi1 = fi1, Fi2 = fia, L}% =lla, y}
_ Yioexp (—3e( =D(fi1 ~ fi)* =)
S s pexp (—Le(l = (211 — z12)? — ¥?)) dzi dzi o

instead of equation (174). If | fi,1 — fi2| is larger than y, the edge state / should favour
existence (I = 1). If | fi.1 — f1.2| is smaller than y on the other hand, it should favour the ‘no

(225)
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edge state’ (I = 0). In order to clarify the relationship between the classical spin system and
the probabilistic model for image restoration, we introduce a temperature 7 (>0) and consider
the partial summation with respect to the edge state / as follows,

! 1
-T ln{Zexp(—ﬁa(l —D((fe,y — fx/,),,)Z _ yz))}
=0

= —TInj1+ex —i — 2y
= p 2Ta((fx,y fx/,y/) v

- w(fx,y - fx’,y’) T — +0 (226)
where
_ fa@?=y?) Irl <y
y(r) = {0 >y (227)

This equality means that the hyperparameter y corresponds to a control parameter for the
boundary between smoothness and flatness.

In this section, we introduce a Markov random field model which has an edge state at each
nearest-neighbour pair of pixels. The model with an edge state is called a coupled Markov
random field model or a compound Gauss—Markov random field model. We summarize a
conventional coupled Markov random field model and extend it to a quantized one.

5.1. Intensity field and line field

We extend the framework of grey-level image restoration in the previous section to a coupled
Markov random field model with an edge state. The coupled Markov random field model
introduced in the present subsection is the most basic one. A set of random variables for
edge states is called a line field. The random field F' for intensity at each pixel is called
the intensity field. We introduce an edge state at each nearest-neighbour pair of pixels. All
possible edge states are the ‘no edge’ state and the ‘edge’ state. The random variable for

an edge at the nearest-neighbour pairs of pixels, (x, y) and (x + 1, y), is denoted by Lf}l’y

and the one at the pairs of pixels, (x, y) and (x,y + 1) by Lﬁjﬁ“. We assign 1 and O to the
‘edge’ state and the ‘no edge’ state, respectively. The random field for an edge is denoted
by L = {Lf}l’y, LM (x,y) € Q). The random field L is a line field. In this section,
we consider the additive white Gaussian model (173) as a degradation process. The a priori

probability density function, the original image being f, is assumed to be,

2iexp (=U(f, U, )

Pr{F = =Pr{F = , = 228
r{F = f} = Pr{F = fla, y) Ty o (U ) iz (228)
where
1 +
Uf loy) = 5 a(xég (1= E5) ey = frer)? =D
+ (1= ((fry = frye)> = 7). (229)

By substituting equations (173) and (228) into equation (7), the a posteriori probability density
function is given as

Pr{F = fIG =g} =Pr{F = fIG =g.a.y.0) = )_p(f.llg.e.7.0) (230)
l
where

o(f, 1) = exp(—E(f,llg,a,y,0))

Jae Y exp(—E(z, g, a, y,0))dz

(231)
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1
E(f,llg,a,y,o)zﬁ Z (fry — gx)) + = Ot Z ZHI“V
(x,y)eQ (x,y)eQ
X ((fry = featy)” =¥+ (1= L) ((fry = fry)” = 7)) (232)
The Gibbs canonical distribution p (f, I) satisfies the variational principle of minimization of
the free energy functional F[p],

Flpl = /R D (E(f g ay. o) +InCo(f. D)p(F. D df (233)
l

under the normalization condition me Yue(f,hdf =1
To facﬂltate analytical treatments, we introduce the marginal probability density functions
pey(©), 57 (1) and pi3 " (1) defined by

ps@ = [ S (D5 G - fuydf  ceR (234)
R/ 1

pry () = /‘ ‘Zp(f DS, wvdf  WY)ee, 1=01  (235)

where §(a) is the Dirac delta function. In the mean-field approximation, the probability
distribution p(f,l) is approximately expressed in terms of the marginal probability
distributions:

,O(f, ) ~ 1_[ ,Ox,y(fx,y) l_[ px+l Y lx+] \) l_[ ,OX y+l1 lx \+l) ) (236)

(x,y)€Q (x,y)€Q (x,y)eQ

By substituting equation (236) into equation (233), the free energy F|[p] can be expressed as

F[{oeys pis"s pi3™}] only in terms of marginal probability density functions px y(fe.,)

ot (lfﬂl ) and pyy *l (B +1) By taking the first variation of the approximate free energy

F[{oeys pis s piy™ }] withrespect to oy (fi.), Py (L) and pXy* (13, we obtain
the simultaneous recursion formulae for oy ,(fy,,) as follows:

1 (fry — M y)2)

Px,y(fry) = —=—=——ex (_7 (237)

y(fry 20wy p 20,2
za-gx y Tt OtZ:(x’ V)eECy ., (1 - )\iv) ) Hox',y'
Mx,y = oy (238)
W + az(x/,y’)ec).y (l ey )

1 l x/,.y/

o =5t 2 (1) (239)
X,y o,y)ee,,,

WY =Y = !
X,y X'y 2 2 2 2

1 +exp [—a{(ax‘y +0gy+ (ley — M y) ) -V ”

(x',y) € ¢y y. (240)

In these equations, [, y, 0.y and Ay} mean the averages of Fyy, (Fy, — iy y)> and L,

My = / Y feyp(fhdf = / ey Pry(Fey) dfey (241)
l
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ol = fR D (fey — o) p(f. D df = f (froy = txy)? Pry(fey) dfey (242)
l

My = /R Sy e nar= Y By ey (). (243)
l

1y =0.1
By using the TPM estimation (10), the restored image f is obtained by
A ) 5
, = — Uxy) . 244
fry = argmingG — jiy) (244)

Here, we can determine the hyperparameters o, « and y by employing the evidence framework
(35). The evidence can be expressed in terms of the energy functions E(f, l|g, «, y, o) and
U(f.le,y)

PG = gla.y.0) = [ Y exp (<E(f.llg.a v.0))df
R/ .

—/l IZexp(—U(f,Ha, Y df —2no (245)
RI® 1

and can be calculated by applying the mean-field approximation to the a priori probability
density function and the a posteriori probability density function, respectively. The present
probabilistic model was first proposed by Geiger and Girosi [16]. They employed a saddle
point approximation in order to calculate the restored image although they referred to the saddle
point approximation as a mean-field approximation. We have to remark that, in general, the
saddle point approximation is different from the mean-field approximation from the standpoint
of statistical mechanics. The framework of the conventional mean-field approximation given
in the present subsection was given explicitly by Zhang [19].

5.2. Quantized line field

Application of quantum effects to information processing is an interesting subject in the
interdisciplinary field of computer science and statistical mechanics. The present author
and Horiguchi [91] introduced a quantum Markov random field model which has quantum
fluctuations instead of thermal fluctuations as a new type of fluctuation and proposed an
iterative algorithm for image restoration from the standpoint of quantum statistical mechanics.
The present author proposed a coupled Markov random field model with quantized line fields
which can take states expressed as a superposition of edge states and no edge states [92]. It
is an interesting problem not only for statistical physicists but also for computer scientists. In
this subsection, we summarize the formulation.

A quantized line field is introduced as the following a priori probability density function
Pr{F = fla,y, h}:

Trlexp(=U (fla, v, h))]

Pr{F — o h) = 246
r{ fle, v, h} lemTr[eXp(—U(ﬂo" y,h)]df ( )
U(fla, y, h) = Z (—hKY + o (I = L) ((fry — feny)” —v7))
(x,y) €Q
3 (K o (T = L3 (fry — frge)* = 7)) (247)

(x,y) €2
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where
1 000 1 000
e 010 0 00 0 0
L= ] @4 =6y 001 ol yly 0 1 o (248)
(ones 00 0 I 00 0 I
1 000 1 000
, 01 00 01 0 0
Lo = ]‘[ R (1 =8,08,,) 00 1 ol %o o 1 o (249)
x',y)eQ
(e 000 1 0000
1 000 010 0
, 01 00 1 000
K& = J] @1 =8cx8yy) 00 1 ol dyly 0 1 o (250)
(ones 000 1 000 1
1 000 1 000
. 010 0 01 0 0
KoM= J] @ =8cr8yy) 00 1 ol*%%yly 0 0 1 (251)
(rones 000 1 0010
1 000
010 0
I= [] ®lg o 1 o (252)
', y)eQ
00 0 1

Here, A ® B means the direct product of matrices A and B. The function exp(A) for any
matrix A is defined by

+00
1
exp(A) = Z ;A". (253)
n=0 "~

If we set & = 0, all of the nondiagonal elements of the energy matrix U (f|«, y, h) are zero
and its eigenvalue is U (f, l|«, y) given in equation (229), and the corresponding eigenvector
can be given by the following equation using 2%/®*/-dimensional vectors

n= [] () i) >

('.y)eq

1
m=(g) m=()) (55)

The matrices Lf'vl) and Lf:i” can be expressed in terms of the Pauli spin matrix (0 _01)

where

and 2 x 2 unit matrix. The matrices K} and K}'}*' can be expressed in terms of the
Pauli spin matrix (? (1)) and 2 x 2 unit matrix. By substituting equations (173) and (246) into
equation (7), the a posteriori probability distribution is derived as follows:

Pr{F = fIG =g,a,y,0} =Tr(p(f)) (256)

exp(—E(flg,a,y,0))

P = JpaTilexp (~E(flg, &, y, o)1 df

(257)
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_ 2
E(flg.c.y.0)= Y. e =8 1L y(fla, v, ). (258)

202
(x,y)eR

The Gibbs canonical distribution p(f) satisfies the variational principle of minimization of
the free energy functional F[p],

Flpl = /leTr{(E(f'g’ a,y,0) +In(p(f)))p(f}df (259)

under the normalization condition fR‘mTr(p( f)df = 1. We introduce the marginal
x+1,y

probability density function p, ,(¢) and the marginal probablhty density matrices px,y
and p})"" defined by

Pxy(C) = /RIQITr(p(f))S({ = fry)df ¢eR (260)
vy 1//1 O Ky 1 0 0 1

oy =py =§<<o 1>+<2)\xv-" 1)(0 —1>”"*-"<1 0))

(x',y) €cry (261)
where

Ay = Ay = fR I (Li,’yy p(f)) df (262)

S U % X',y
7:)c,y - Xy = /R‘Q‘Tr (Kx,y p(f)) df (263)

In the mean-field approximation, the probability density matrix p(f) is approximately
expressed in terms of the marginal probability density function and the marginal probability
density matrix:

pH)=| [T psten) || T] ® (i @13 |- (264)

(x,y)eR (x,y)eR

By substituting equation (264) into equation (259), the free energy Flp] can be expressed as

F[{ps.y prr\1 Y, P f“ }]in terms of py. y(fx y) P \1 and pyy 2*1 By taking the first variation

of the approximate free energy F|{p..,, iy, pvy" }] with respect to py  (fe.,), piy” and
p§ §+ we obtain the simultaneous recursion formulae for p, ,( f,,) as follows:

1 (fr,y — Hx y)2)
lox, ( X, ) = ——¢X (—7' (265)
y(Fe V2moy P 20,2
35780y O (v ee. (1 — Ay ) [y
Hay = 1 R (266)
357 + aZ(x’,y’)EC,m. (1 — )\x\ )
1 1 (1 5 \,/> 267
=—+a — A
X,y
20)(,)' 20' ',y Ecy
. , (Ljv) exp( Efy‘))
A = )\‘X;)'/ = (x/’ y/) c cx’y (268)

oy 1Y Tr (exp (—Efy‘))



Topical Review R139

Table 10. Values of d(f*, f) and Agnr (dB) in the restored image f obtained for the degraded
image g* given in figure 20(«) by the conventional coupled Markov random field model. We set
o = 30. For each fixed value of y, the hyperparameters « are determined so as to maximize the
evidence which is calculated by the mean-field approximation.

y o« d(f*, f)  Asnr (dB)

20 0.0019069  427.11 3.0407
30 0.0012585  259.24 5.2091
40  0.0011022  204.24 6.2447
50 0.0010518  191.10 6.5336
60  0.0012570  211.31 6.0970
70 0.0014596  225.07 5.8230

where
'y 0 —h
E;) = . (269)
" —h Ol(O'xzy), + O-x2/,y’ + (Hx,y - /'Lx/,y’)z - VZ)
In these equations, i, , and o, , mean the average of Fy , and (Fy , — ity )%
MHx,y = /]leTr(fx,yp(f)) df = /]fo,y px,y(fx,y) dfx,y (270)
O-xz,y = /]R‘Q‘Tr((fx,y - ,u«x\)zp(f)) df = /]R(fx‘ - /'Lx,y)z ,Ox,y(fx,y) dfx,y- (271)

The evidence can be expressed in terms of the energy matrices E(f|g, «, y,0) andU (fla, y)

Pr{G =gla,y, 0} = /I Tr(exp(—E(flg, a, v, 0)) df
RQ

— /l ITr(exp(—U(f|oz, y)df — V2ro (272)
RQ

and can be calculated by applying the mean-field approximation to the a priori probability
density matrix and the a posteriori probability density matrix, respectively.

5.3. Numerical experiments

In this section, we give some numerical experiments of image restoration by both conventional
and quantized coupled Markov random field models. The numerical experiments are carried
out for the degraded images g* in figure 20. The degraded image is generated from the
original image f* by using the additive white Gaussian noise N[0, 30?]. For each fixed value
of y, we set 0 = 30 and determine the hyperparameters & so as to maximize the evidence
which is calculated by the mean-field approximation. We give in tables 10, 11, 12 and 13
the values of o, d(f7, f) and Agnr (dB) in the restored image f obtained for the degraded
image g* given in figure 20 by the conventional coupled Markov random field model and the
quantized coupled Markov random field model. The restored images f are shown in figures 25
and 26. From these results, we see that the quantized line field improves the quality of the
restored images.

54. Concluding remarks

In this section, we have explained the formulation of the coupled Markov random field models
which have a line field. In the conventional coupled Markov random field model, the edge state
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Table 11. Values of d(f*, f) and Agnr (dB) in the restored image f obtained for the degraded
image g* given in figure 20(b) by the conventional coupled Markov random field model. We set

o = 30.

Yy o« d(f*. f)  Assr (dB)
20 0.0018513 517.27 2.2467

30 0.0012812 370.75 3.6931

40  0.0010894 316.56 4.3794

50 0.0010456 301.82 4.5864

60 0.0011251 304.62 4.5462

70  0.0013375 312.96 4.4290

Table 12. Values of d(f*, f) and Asngr (dB) in the restored image f obtained for the degraded
image g* given in figure 20(a) by the quantized coupled Markov random field model. We set

o =30and h = 1.5.

y o« d(f*. f)  Assr (dB)
20  0.0019555 164.87 7.1746
30 0.001 1505 155.17 7.4380
40  0.0007568 165.54 7.1572
50  0.0005437 182.84 6.7255
60 0.0004151 203.23 6.2663
70  0.0003304 225.16 5.8212

Table 13. Values of d(f*, f) and Agnr (dB) in the restored image f obtained for the degraded
image g* given in figure 20(b) by the quantized coupled Markov random field model. We set

o=30and h = 1.5.

y o« d(f*, f)  Asnr (dB)
20 0.0020402  288.30 4.7855
30  0.0012304  257.39 5.2779
40  0.0008027  245.67 5.4804
50 0.0005678  248.18 5.4362
60 0.0004283  258.36 5.2617
70  0.0003381 272.60 5.0286

has two possibilities, the ‘edge’ state and ‘no edge’ state. The present author has extended it
to the coupled Markov random field model with quantized line field and has shown that the
quality in restored images can be improved.

The present author also applied the cluster variation method to the conventional coupled
Markov random field model and showed that the quality of the restored image can be
improved [93]. In the mean-field approximation, the a posteriori probability distribution
is approximately expressed in terms of the product of the marginal probability distributions
of each pixel and each edge as shown in equation (236) and it is difficult to treat the
correlations between the nearest-neighbour pairs of pixels. In the cluster variation method, the
a posteriori probability distribution is assumed to be approximately expressed in the following
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Figure 25. Restored images £ obtained by the conventional coupled Markov random field model.
The degraded images g* are given in figure 20. (¢) ‘Home’ (o = 30, y = 50, @ = 0.001 0518);
(b) ‘mandrill’ (o = 30, y = 50, « = 0.001 0456).

(b)

Figure 26. Restored images f obtained by the quantized coupled Markov random field model.
The degraded images g* are given in figure 20. (a) ‘Home’ (¢ = 30,y = 30,h = 1.5,a =
0.001 1505); (b) ‘mandrill’ (o = 30, y =40, h = 1.5, « = 0.000 8027).

factorizable form:

x+1,y x+1,y
Px.,y (fx,yalx,y ,fx+1,y)
p(f. D= T pxren || T1 T
(x,y)eSZ (x,y)eﬂ p X,y ,0 x+1,y

x,y+1 x,y+1
s (fx,y’ lx,y ) fx,y+1)

Px.,y
” (273)
(XI;IEQ ’O(fX,y)p(fx,yH)
where p, ,(f,y) is given in equation (234) and ;Of,,’yyl (¢.1.¢') is defined as follows:
o ey = [ S oDy = 088y — €S
l
@) ety 1=01 ('R (274)

Inequation (273), a decoupling of neighbour pixels is unnecessary in calculating the correlation
between the nearest-neighbour pairs of pixels. The cluster variation method can improve the
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Figure 27. Interactions V (1) in the line field of the coupled Markov random field model. All solid
circles mean pixels. The open rectangles and the solid rectangles correspond to the ‘no edge state’
and the ‘edge state,” respectively.

image quality of image restoration by the coupled Markov random field model. In the present
section, we have demonstrated the coupled Markov random field model with quantized line
fields in order to excite physicists’ curiosity, but the conventional coupled Markov random
field model may also improve the quality of the restored image by adopting more advanced
mean-field approximations such as cluster variation method.

In practical applications, the coupled Markov random field model with interactions in the
line field is employed. Its energy function is given as

1 1
Efllgowo0) == 3, (foy—ge+5a D (1=637) (fey = frens)?

(x,y)eR (x,y)eR
+ (1= (froy = froe)?) + 0V (D). (275)

Here V (1) denotes interactions in the line field I and is illustrated in figure 27. The coupled
Markov random field model was proposed by Geman and Geman [6] and Jeng and Woods [8],
and the algorithm by the mean-field approximation was derived by Zhang [19]. The
interaction term V() in the line field I has a very complicated structure. Figure 27(a)
means that the edge configuration associated with the nearest-neighbour square plaquette has
no edges. Figure 27(d) means that the line passes straight through the nearest-neighbour
square plaquette. Figures 27(b) and (c) correspond to the line terminating and turning
at the nearest-neighbour square plaquette, respectively. The value of V(I) corresponds
to the energy value for each configuration of the edges in the nearest-neighbour square
plaquette and is determined ad hoc. These values have been given in [6, 8]. If we
focus only on the edge configuration, the model (275) corresponds to a two-dimensional
Ising model with four-body interactions. In statistical mechanics, many two-dimensional
Ising models with multi-body interactions have been investigated. It is interesting to study
the critical phenomena of the model (275) from the standpoint of statistical mechanics
and to clarify the relationship between the edge structure in grey-level images and critical
phenomena.

In section 5.2, we have reviewed the coupled Markov random field model with quantized
line states as one of the extensions of the conventional Markov random field model (see
figure 27). On the other hand, some physicists [98, 99] also proposed a coupled Markov
random field model with continuous line fields from the standpoint of the plane rotator model
in statistical mechanics and investigated how the model gives better quality of restored image.
However, the coupled Markov random field model with continuous line fields has not been
investigated sufficiently yet and many open problems still remain, for example the estimation
of hyperparameters.

Before closing this section, we compare the coupled Markov random field model with
some conventional filters in image processing. In the conventional image processing, the
low-pass filter and median filter are applied to the reduction of noise. In figures 29 and
30, we show the restored images f obtained by applying the 3 x 3 low-pass filter and the
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Figure 28. Restored images f obtained by means of the conventional coupled Markov random
field model given in equation (275). The degraded images g* are given in figure 20. (a) ‘Home’
(0 =30, = 0.00060326, w = 1.75, d(f*,f) = 171.58); (b) ‘mandrill’ (¢ = 30, o =
0.00040385, w = 1.75, d(f*, f) = 250.23).

Figure 29. Restored images f obtained by means of the 3 x 3 low-pass filter given in equation (4).
The deg{aded images g* are given in figure 20. () ‘Home’ (d(f*, f) = 173.18); (b) ‘mandrill’
@d(f*, f) = 312.10).

3 x 3 median filter to the degraded images g* given in figure 20. The 3 x 3 low-pass
filter and the median filter have already been explained briefly in section 1 and are given as
follows:

(i) 3 x 3 low-pass filter: f, = %Zi:xqzyingx’,y’-

(i) 5 x 5 low-pass filter: f, , = %Ziﬁx_22§ﬁy_2gxr,yu
(iii) 3 x 3 median filter: fx,y =med{gy ylx ' =x -1, x,x+1,y=y—1,y, y+1}L
(iv) 5 x 5 median filter: fx,y =med{gy ylx —2< X' <x+2,y—2<y <y+2)

Here, the symbols 3 x 3 and 5 x 5 refer to the size of window in the filters. It is obvious
that these methods cannot erase the noise to a satisfactory level, if we take a 3 x 3 low-
pass filter and a 3 x 3 median filter. On the other hand, in the 5 x 5 low-pass filter and
the 5 x 5 median filter, although the noise can be erased sufficiently, the restored image
has been obtained as a blurred image (see figures 31 and 32). It is obvious that the results
obtained by the coupled Markov random field model are better than those with conventional
filters.
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Figure 30. Restored images f obtained by means of the 3 x 3 median filter. The degraded images
g* are given in figure 20. (@) ‘Home’ (d(f*, f) = 216.93); (b) ‘mandrill’ (d(f*, f) = 369.07).

Figure 31. Restored images f obtained by means of the 5 x 5 low-pass filter given in equation (4).
The degraded images g* are given in figure 20. (a) ‘Home’ (d(f*, f) = 235.12); (b) ‘mandrill’
(d(f*, ) = 380.78).

Figure 32. Restored images f obtained by means of the 5 x 5 median filter. The degraded images
g* are given in figure 20. (@) ‘Home’ (d(f*, f) = 222.81); (b) ‘mandrill’ (d(f*, f) = 400.09).
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6. Summary and discussions

In the present review, we discussed probabilistic image restoration techniques using Bayesian
statistics and statistical mechanics. We explained some detailed derivations of the recursion
formulae to determine the restored image and the hyperparameters and gave the explicit
algorithms. Our main topics are binary image restoration for the degraded images generated by
the binary symmetric channel and grey-level image restoration under additive white Gaussian
noise.

In binary image restoration, the relationship with the Ising model has been clarified
and the algorithms to determine the restored image and the hyperparameters are derived
from the mean-field and Bethe approximations. It is shown that the results in the Bethe
approximation are absolutely better than those in the mean-field approximation when we have
to estimate the hyperparameters from the given degraded image by means of the evidence
framework, which is a familiar technique to determine the hyperparameters in statistics.
However, it should be remarked that such a difference between the mean-field approximation
and the Bethe approximation appears only if we determine hyperparameters from the given
degraded image by the maximization of evidence. In other words, the accuracy of evidence is
strongly dependent on the approximation. If the hyperparameters have already been estimated
with high accuracy by a different method or if the original values of the hyperparameters
are known, all we have to do is to estimate only the restored image. In such a situation,
although the Bethe approximation can supply us a better restored image than the mean-field
approximation, the difference in the restored images is not as large as when the hyperparameters
are determined in the maximization of the evidence. Clearly, the most important factor in
Bayesian image restoration is the selection of the a priori probability. If we have chosen an
a priori probability that does not fit our treated images at all, it is difficult to obtain a restored
image of high quality however accurate the approximation we adopt. On the other hand, not
much different image is given depending on the choice of hyperparameter values. This means
that probabilistic image processing by Bayesian statistics has robustness against errors in the
hyperparameter estimation. Although robustness for different choices of a priori probabilities
is indeed a more interesting problem than that for hyperparameters within the same a priori
probability, such an investigation has not yet been carried out very extensively.

As for grey-level image restoration, we first demonstrated the determination of the restored
image and hyperparameters by a solvable probabilistic model. The solvable probabilistic
model corresponds to the Gaussian model in statistical mechanics and the exact expressions
of some statistical quantities are derived by the discrete Fourier transform. However, the
Gaussian model is not sufficient to erase the noise in the degraded image. If we choose a large
value of the hyperparameter for smoothing, some edges are erased in addition to noise and the
restored image becomes blurred.

In order to improve this disadvantage of the probabilistic image restoration scheme by
the Gaussian model, the line field is sometimes employed. With the line field introduced, it is
hard to treat the probabilistic model and the coupled Markov random field model exactly. In
the present review, we introduced the algorithm constructed by the mean-field approximation.
We also demonstrated the coupled Markov random field model with the quantized line field.
Although the intensity value at each pixel is observable in the degraded image, the edge state
between the nearest-neighbour pairs of pixels is unobservable and subjective. From physical
interests, we illustrated the scheme of image restoration by the quantized line field although
we do not have any a priori reason to introduce the quantum-mechanical state as an edge state.
The quantized line field was introduced as a state expressed in terms of the superposition of
the edge state and the no edge state, such that
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Ly y) = Ally,y = 1) + Bll, , =0). (276)

As shown in some numerical experiments, such a quantized line field can lead to the
improvement of quality in the restored image, mainly due to the achievement of smoothing
and noise reduction without erasing the edges.

In the present review, we demonstrated the hyperparameter determination by
maximization of the evidence. As for filters, we explained the constrained least mean square
filter (169)—(172), a typical basic linear filter [1, 80]. By extending the constrained least
mean square filter, other frameworks for hyperparameter determination in the Markov random
field model have also been proposed [94-96]. The frameworks are generally referred to as
constrained optimization. In particular, Geman et al [94] introduced some forbidden local

patterns in the line image | = {lfryl'y, lf,’_’xﬂ |(x, y) € Q} determined by the line variables,

LMY and 153*", and imposed the constraints that the total number K () of those forbidden
local patterns should be equal to zero in the line image as follows:
[=arg min " D(lg) (277)

LK1)=0
O (x,y)€Q

where D(l|g) is the distance between the line image [ and the given observed image
g = {gyI(x,y) € Q}. Selections of the definitions in K(I) and D(l|g) are dependent
on what type of edge detection we desire. By introducing the Lagrange multiplier y to ensure
the constraint KC(I) = 0, we can derive the following energy function

H(llg) = Dd|g) + yKD) (278)

where the second term can be regarded as a penalty term. Their framework can also be
regarded as an extension of the standard regularization theory proposed by Poggio et al [97]
and corresponds to searching for the ground state configuration of an energy function with the
penalty term to exclude forbidden patterns. They introduced the Gibbs distribution in order to
adopt an annealing procedure to search for the ground state configuration. Morita and Tanaka
[96] gave a similar formulation for the binary image restoration as follows:

f=ag min > d(f.g) (279)

z:j(Z):j(f)(X,y)EQ

where d(f, g) is given by equation (163) and 7 (2) is defined as
J@) = Y (@ry = 2er1y)” + Gay — Zeyen)?). (280)

(x,y)eR

The original image is denoted by f and 7 (f) is the number of nearest-neighbour pairs of
pixels with different grades of each other in the binary image. By introducing the Lagrange
multiplier y to ensure the constraint condition J(z) = J(f), we can derive the following
energy function:

H(zlg,y) =d(z,9) +y(JT(2) = T(f)). (281)

Here, we have to estimate the number J(f) of nearest-neighbour pairs of pixels with
different grades of each other in the original image f only from the given degraded image g.
We also gave the estimation framework in [96]. For binary image restoration, H(z|g, y =
a/p) is equivalent to E(z|g, o, B)/B defined by equation (80) except for a constant factor
—aJ(f)/B.

We can calculate the configuration as well as thermal averages for some quantities exactly
in the Gaussian model as demonstrated in section 4. The configuration average is possible if
we assume all the ideal generation processes of original images from the a priori probability
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density function and all the ideal degradation processes. In the present review, we demonstrated
the calculation of the configuration average of the mean square error between original images
and their corresponding restored images using the a priori probability density function and
the conditional probability density function of the degradation process with the original values
of the hyperparameters. By using the results, we can estimate the statistical performance
when the probabilistic image restoration scheme by the Gaussian model is applied to degraded
images generated through the ideal original-image generating process and the ideal degradation
process. Moreover, by calculating the configuration average of the evidence, we can obtain
the statistical behaviour of the iteration process in the hyperparameter determination algorithm
based on the maximization of the evidence. From these results obtained in the configuration
average procedure, we know some important statistical performance of the proposed scheme
without heavy numerical experiments.

It is well known that the configuration average is an important procedure in spin
glass theory. Now it may occur to statistical physicists that the general framework for
the design of the statistical performance estimation system for any probabilistic image
processing systems may be formulated by results in spin glass theory. Such systematic
investigations have not yet been done in practical image processing systems. In spin glass
theory, many methods have been proposed to calculate the configuration average in the
random classical spin systems with finite-range interactions including the two-dimensional
+J model based on the Bethe approximation [63—67]. I believe that those methods are
applicable to the statistical performance estimation of probabilistic image processing systems
although we have to note that the probabilistic model to treat image restoration is a correlated
random-field model, which is a little different from spin glasses. This is a challenging
problem.

Recently, many statistical physicists have participated in the investigation of probabilistic
image processing [32]. Renormalization techniques have also been applied to probabilistic
image restoration [100]. However, most of these investigations are directed towards
applications of statistical-mechanical techniques to probabilistic image processing. I believe
that the most important thing we, the physicists, have to aim at is to investigate the deep
origin or nature of probabilistic image processing. Evidently, interactions of the classical
spin systems play an important role in probabilistic image processing. Besides, most image
processing systems including conventional filters work well in large-scale systems. This
fact means that the cooperative phenomena in statistical mechanics play a very important
role.

Although we have elucidated the probabilistic approaches to image restoration in the
present review, we also have the problem of image segmentation as the other basic issue
in probabilistic image processing. Before closing this review, we briefly summarize image
segmentation as an example of applications of probabilistic models and statistical-mechanical
techniques to other image processing problems. Image segmentation is the problem of
classifing a given grey-level image into a few different areas. Image segmentation is
often applied to object recognition as a pre-processing step and is regarded as an important
information processing procedure for industrial and medical applications. Now we denote the
observed image by g = {g.,|(x, y) € ©} and consider classifying the observed image g to
K different kinds of levels, k = 0,1,2,..., K — 1. In the segmented image, the set of all
possible states at each pixel is denoted by {0, 1,2, ..., K — 1}. A most typical a posteriori
probability distribution for the segmented image f = { f; y|(x, y) € @} is given as follows,

exp(BSs, . b(gn) T U8 fy frony +ABf i)

(282)
Zz exp(ﬂaz.nyv(b(gx.y) + a81x.y~,1x+l.y + aal,ﬁyszx.y-t-l)

p(.flgv o, ﬁv {Vk}) =
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where

= 1 —_— 2
¢gry) =arg  min (v = gry)" (283)

This probabilistic model is just a Potts model with non-uniform external fields and nearest-
neighbour interactions. Using this a posteriori probability distribution and the mean-field
approximation, the probabilistic image segmentation algorithm can be constructed. Zhang
[26, 27] investigated the scheme including hyperparameter estimation by maximization of the
evidence. He employed the expectation-maximization procedure to maximize the evidence and
combined the expectation-maximization algorithm with the mean-field approximation. More
complicated probabilistic models for image segmentation were also proposed [24, 94, 101].
Moreover, probabilistic approaches based on Bayesian statistics and statistical mechanics were
also applied to object detection [102, 103], motion detection [104], decoding of compressed
images [105, 106] and colour image processing [87, 107, 108].
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