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In this paper, the basic frameworks and practical schemes of the Bayesian network to the probabilistic
image processing are reviewed. Though the Bayesian network is one of methods for probabilistic infer-
ences in the artificial intelligence, also probabilistic models in the image processing based on the Bayesian
statistics are regarded as Bayesian networks[1]. As one of approximate algorithms for probabilistic in-
ferences by using Bayesian networks, belief propagation has been investigated[2]. Recently, the belief
propagation has been applied to the probabilistic image processing[3, 4].

We consider an image on a square lattice Ω≡{1, 2, · · ·, L}. The states at pixel i(∈Ω) in the original
image and the observed image are regarded as random variables denoted by Ai and Di, respectively.
Then the random fields of states in the original image and the observed image are represented by �A =
(A1, A2, · · ·, AL) and �D = (D1, D2, · · ·, DL). The actual original image and the observed image are
denoted by �a = (a1, a2, · · ·, aL) and �d = (d1, d2, · · ·, dL), respectively. The probability that the original
image is �a, Pr{ �A = �a}, is called the a priori probability of the image.

In the Bayes formula, the a posteriori probability Pr{ �A = �a| �D = �d}, that the original image is �a when
the given observed image is �d, is expressed as

Pr{ �A = �a| �D = �d} =
Pr{ �D = �d

∣∣ �A = �a
}
Pr{ �A = �a}

∑

�z

Pr{ �D = �d| �A = �z}Pr{ �A = �z}
, (1)

where the summation
∑

�z is taken over all possible configurations of images �z = (z1, z2, · · ·, zL). The
probability Pr

{
�D = �d

∣∣ �A = �a
}

is the conditional probability that the observed image is �d when the
original image is �a and describes the data generating process. In the Bayesian statistics, the estimate of
the state at each pixel i in the original image are determined so as to maximize the posterior marginal
probability:

Pr{Ai = ai| �D = �d} =
∑

�z

δai,ziPr{ �A = �z| �D = �d}. (2)

Except some special cases, it is hard to calculate the marginalization in Eq.(2), exactly, and we have
to employ an approximate algorithm. In the present paper, we use the belief propagation. We denote a
set of links between some pairs of pixels by N and assign a function Φij(ai, aj) at each pair of links ij

belonging to the set N . When the a posteriori probability Pr{ �A = �a| �D = �d} is expressed as follows:

Pr{ �A = �a| �D = �d} =

∏

ij∈N
Φij(ai, aj)

∑

�z

∏

ij∈N
Φij(zi, zj)

, (3)

the approximate form of posterior marginal probability in the belief propagation is given as Pr{Ai =
ai| �D = �d} to the posterior marginal probability:

Pr{Ai = ai| �D = �d}�

∏

j∈Ni

Mj→i(ai)

∑

zi

∏

j∈Ni

Mj→i(zi)
, (4)
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where Ni≡{j|ij∈N} is the set of all the pixels linked to the pixel i. The quantity Mj→i(ai) in Eq.(4) is
called a message propagated from j to i. Both quantities Mj→i(ai) and Mi→j(aj) are assigned at each
link ij and are determined so as to satisfy the following simultaneous fixed point equations:

Mj→i(ai) =

∑

zj

Φij(zi, aj)
∏

k∈Nj\i

Mk→j(zj)

∑

zi

∑

zj

Φij(zi, zj)
∏

k∈Nj\i

Mk→j(zj)
, Mi→j(aj) =

∑

zi

Φij(ai, zj)
∏

k∈Ni\{j}
Mk→i(zi)

∑

zi

∑

zj

Φij(zi, zj)
∏

k∈Ni\{j}
Mk→i(zi)

. (5)

We can solve the simultaneous fixed point equations (5), numerically, by using the iteration method.
As an example of practical applications, we show in Fig.1 a numerical experiment of noise reduction

from the degraded image which is generated by the additive white Gaussian noise with the mean 0 and
the variance 402. We assume that the a priori probability is given by the Gaussian graphical model[5].
As the other example, we show a numerical result in the motion detection by introducing the Gaussian

(a) (b) (c)

Figure 1: Noise reduction by using the Gaussian graphical model and the belief propagation. (a) Original
image. (b) Degraded image by the additive white Gaussian noise with the mean 0 and the variance 402.
(c) Restored image.

mixture model and the Markov random field model and by using the belief propagation algorithm to
calculate some statistical quantities in Fig.2. The belief propagation in the Gaussian graphical model,

(a) (b) (c) (d)

Figure 2: Motion detection from three successive images (a), (b) and (c) by using the Gaussian mixture
model, the Markov random field model and the belief propagation. The result of motion detection is
given in (d).

the Gauss mixture model and the Markov random field model are powerful also for the other practical
applications in the image processing[1, 3].
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