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Abstract

In this paper we present a multichannel image restora-
tion method using Compound Gauss Markov Random Field
(CGMRF) models. Information regarding the objects
present in the scene is shared via the line process in the
CGMRF. Two new iterative algorithms to estimate the un-
derlying multichannel image are presented, which can be
considered as extensions of the classical simulated anneal-
ing and ICM methods. Experimental results demonstrate
the effectiveness of the proposed approach.

1. Introduction

In many applications the images to be processed have a
multichannel nature; that is, there are several image planes
available, called channels, with redundant, as well as com-
plementary information. The different channels may corre-
spond, for instance, to different frequencies, different sen-
sors, or different time frames. The goal of multichannel
image restoration is to obtain an estimate of the source mul-
tichannel image from its blurred and noisy observation, ex-
ploiting the known complementarity of the different chan-
nels.

Previous works have approached the multichannel
restoration problem by enforcing similarity between inten-
sity values of corresponding pixels in different channels
(see [1, 2, 4] and [9] and the references therein). These tech-
niques give results which range from a clear improvement
of multichannel over single-channel processing, if the dif-
ferent channel images are highly correlated, to a worsening
if they are uncorrelated [2].

In this paper we extend the results of [5, 7] to the case
when cross-channel degradation is present, providing a gen-
eral solution to the multichannel image restoration problem
by capitalizing on the similarity of edges among he vari-
ous channels. This similarity is introduced by employing

1This work has been supported by the “Comisión Nacional de Ciencia
y Tecnoloǵıa” under contract TIC2000-1275.

Compound Gauss Markov Random Field (CGMRF) mod-
els as priors for the multichannel restoration problem and
by favoring the presence of an edge in a channel if the same
edge is present in the other channels. This results in detect-
ing regions present in all image channels and successfully
preventing color bleeding of image edges while preserving
the local characteristics of each channel.

The paper is organized as follows. In section 2 notation,
the proposed model for the image and line processes, and
the noise model are introduced. In section 3 we present a
modified version of the stochastic algorithm and its corre-
sponding deterministic one to restore multichannel images
when blurring is present. In section 4, the performance of
the proposed algorithms is presented and finally, section 5
concludes the paper.

2. Notation and Model

We will distinguish betweenf , the ‘true’ or source im-
age which would be observed under ideal conditions (i.e.,
no noise and no distortions produced by blurring and in-
strumental effects) andg, the observed image. Let us as-
sume that there areL channels, each one of sizeM ×
N , represented byf t = (f1t

f2t

. . . fLt

) and gt =
(g1t

g2t

. . . gLt

), where each one of theM × N vec-
tors gc, fc, c = 1, . . . , L, results from the lexicographic
ordering of the two-dimensional signal in each channel. We
will denote byfc

i the intensity of the original channelc at
the pixel locationi on the lattice. The convention applies
equally to the observed imageg. Our aim is to reconstruct
f from g. Bayesian methods start with a prior distribution,
a probability distribution over imagesf where we incor-
porate information on the expected structure within an im-
age. When using a CGMRF as prior distribution, we also
introduce a line process,l, that, intuitively, acts as an ac-
tivator or inhibitor of the relation between two neighbor-
ing pixels depending on whether or not the pixels are sep-
arated by an edge. In the Bayesian framework it is also
necessary to specifyp(g | f, l) which models how the ob-
served image has been obtained from the ‘true’ one. The
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Bayesian paradigm dictates that inference about the truef
andl should be based onp(f, l | g) given by

p(f, l | g) =
p(g | f, l)p(f, l)

p(g)
∝ p(g | f, l)p(f, l). (1)

Maximization of (1) with respect tof andl yields

f̂ , l̂ = arg max
f,l

p(f, l | g), (2)

the maximuma posteriori (MAP) estimate.
The degradation model relatingg andf is given by

g = Hf + n,

wherent = (n1t

n2t

. . . nLt

) is a Gaussian noise vector of
independent components withnc

i ∼ N(0, σc2

n ). Note that
eachnc is anM × N column vector.H is the[L × (M ×
N)]× [L× (M ×N)] multichannel blurring matrix of the
form

H =


λ11H11 λ12H12 · · · λ1LH1L

λ21H21 λ22H22 · · · λ2LH2L

...
...

...
...

λL1HL1 λL2HL2 · · · λLLHLL

 , (3)

whose components,Hcc′
, are(M×N)×(M×N) matrices

defining systematic blurs (assumed to be known) andλcc′

denotes the contribution of each channelc′ to the blurring
of a given channelc. Note, that∀c, c′, Hcc′

is a “classi-
cal” energy preserving linear space-invariant blurring func-
tion used in single channel restoration problems and that for
H to be an energy preserving multichannel blurring matrix,
λcc′ ≥ 0, ∀c, c′, and

∑L
c′=1 λcc′

= 1, ∀c. It is important to
note that the case studied in [5, 7] corresponds toλcc = 1,
∀c andλcc′

= 0, if c 6= c′.
With the above formulation, each component ofg, gc

i , is
obtained as

gc
i = (Hf)c

i + nc
i =

L∑
c′=1

λcc′ ∑
j

hcc′

(i−j)f
c′

j + nc
i ,

wherehcc′

i are the coefficients defining the blurring function
represented inHcc′

.
We therefore have that the probability of the observed

imageg if f were the ‘true’ image andl the ‘true’ line pro-
cess is

p(g | f, l) ∝ exp
{
−1

2
(g −Hf)t Dn (g −Hf)

}
, (4)

(note thatp(g | f, l) = p(g | f)) whereDn is an[L×(M×
N)]× [L× (M ×N)] block-diagonal matrix whose entries
Dc

n, c ∈ {1, . . . , L}, are(M × N) × (M × N) diagonal
matrices of the formβcI with βc = 1/σc2

n .

The CGMRF prior model we use in this paper is

− log p(f, l) = const +
L∑

c=1

[
1
2
αc

∑
i

[
(1− 4φ)fc2

i

+φ(fc
i − fc

i:+1)
2(1− lc[i,i:+1]) + τ clc[i,i:+1]

+φ(fc
i − fc

i:+2)
2(1− lc[i,i:+2]) + τ clc[i,i:+2]

−
L∑

c′=1
c′ 6=c

εcc′
(lc[i,i:+1]l

c′

[i,i:+1] + lc[i,i:+2]l
c′

[i,i:+2])
],(5)

where we are assuming a ‘toroidal edge correction’,i : +1,
i : +2, i : +3, i : +4 denote the four pixels around pixeli
(if i = (u, v) they correspond to(u + 1, v), (u, v + 1), (u−
1, v), and(u, v− 1), respectively) andlc[i,j] denotes the line
process between pixelsi andj in channelc, which takes the
value one if they are separated by an active line and zero
otherwise. We then penalize the introduction of an active
line element in the position[i, j] with the termτ clc[i,j]. By

introducing the termεcc′
(lc[i,i:+1]l

c′

[i,i:+1] + lc[i,i:+2]l
c′

[i,i:+2])

with c, c′ = 1, . . . , L, c 6= c′ andεcc′ ≥ 0, we increase the
probability of a new active line element in the position[i, j]
in a given channel if the other channels have a line in the
same position. The introduction of these cross terms will
help to recognize the same objects in all the channels even
if they do not have similar intensities. The parameterαc

measures the smoothness of the ‘true’ channelc andφ has
to be less than 0.25.

3. MAP estimation using Stochastic and Deter-
ministic Relaxation

In order to find the MAP estimate for this problem where
the prior model explicitly favors the presence of discontinu-
ities, we will use a modified version of the simulated an-
nealing (SA) algorithm (see [3] and also [6]) which, for our
multichannel MAP estimation problem defined in (2), uses
the probability distribution, derived from (4) and (5),

pT (f, l | g) ∝ exp
{
− 1

T

[
1
2
(g −Hf)t Dn (g −Hf)

+
L∑

c=1

1
2
αc

∑
i

[
(1− 4φ)fc2

i

+φ(fc
i − fc

i:+1)
2(1− lc[i,i:+1]) + τ clc[i,i:+1]

+φ(fc
i − fc

i:+2)
2(1− lc[i,i:+2]) + τ clc[i,i:+2]

−
L∑

c′=1
c′ 6=c

εcc′
(lc[i,i:+1]l

c′

[i,i:+1] + lc[i,i:+2]l
c′

[i,i:+2])



, (6)
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Figure 1. (a) Degraded image; Restored images by
(b) the MMICM method. (c) the MMSA method. (d)
the MMSA method with εcc′

= 0, ∀c, c′. (e) Enlarged
part of (c). (f) Enlarged part of (d).

whereT is the temperature. The algorithm simulates the
conditionala posteriori density function oflc[i,j], given the
rest of l, f andg and the conditionala posteriori density
function offc

i given the rest off , l andg.

To simulatepT (lc[i,j] | lc[m,n] : [m,n] 6= [i, j], lc
′

: c′ 6=
c, f, g), we have

pT (lc[i,j] = 0 | lc[m,n] : [m,n] 6= [i, j], lc
′
: c′ 6= c, f, g)

∝ exp
[
− 1

T

αcφ

2
(fc

i − fc
j )2

]
, (7)

pT (lc[i,j] = 1 | lc[m,n] : [m,n] 6= [i, j], lc
′
: c′ 6= c, f, g)

∝ exp

− 1
T

αc

2

τ c −
∑
c′ 6=c

εcc′
lc

′

[i,j]

 . (8)

To simulate the conditionala posteriori density function
of fc

i given the rest off , l andg, we have

pT (fc
i | fc

j : ∀j 6= i, fc′
: ∀c′ 6=c, l, g)∼N

(
µc

i , Tσc2

i

)
, (9)
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Figure 2. Line process for (a-c) Fig. 1c, (d-f) Fig. 1d.

where

µc
i = fc

i − ρ{αcφ
∑

j nhbr i

(fc
i − fc

j )(1− lc[i,j])

+(1− 4φ)fc
i −

[
Ht Dn (g −Hf)

]c

i
} , (10)

and
σc2

i = (1− (1− τ c
i /ρ)2)/τ c

i , (11)

whereρ = 1/ max(αc +
∑

c′ βc′
λc′c), τ c

i = αcnnc
i (l) +

sc, nnc
i (l) = φ

∑
j nhbr i(1 − lc[i,j]) + (1 − 4φ), the suffix

‘j nhbr i’ denotes the four neighboring pixels at distance
one from pixeli, andsc =

∑L
c′=1 βc′

λc′c2 ∑
i hc′c2

i .
Having defined the required probabilities, the resulting

proposed Multichannel Modified Simulated Annealing al-
gorithm (MMSA) proceeds as follows:

Algorithm 1 (MMSA procedure)

1. Set t = 0 and assign an initial configuration denoted as
f (−1), l(−1) and initial temperature T (0) = 1.

2. The evolution l(t−1) → l(t) of the line process is obtained
by sampling the next point of the line process (using raster-
scanning scheme) based on the conditional probability mass
functions defined in (7) and (8) and keeping the rest of l(t−1)

unchanged.
3. Set t = t + 1. Go back to step 2 until a complete sweep of

the field l is finished.
4. The evolution f (t−1) → f (t) of the image f can be obtained

by sampling the next value of the whole image based on the
conditional probability mass function given in (9).

5. Set T = CT / log(1 + k(t)), where CT is a constant and
k(t) is the sweep number at iteration number t.

6. Go to step 2 until t > tf , where tf is a specified value.

Instead of using a stochastic approach, we can use a de-
terministic method to search for a local maximum. An ad-
vantage of the deterministic method is that its convergence
is much faster than that of the stochastic approach, since
instead of simulating the distributions, the mode from the
corresponding conditional distribution is chosen, hence the
name Iterative Conditional Mode (ICM).

In [8] we prove that both the MMSA and the Modified
Multichannel ICM (MMICM) algorithms converge to a lo-
cal MAP estimate, even in the presence of blurring.
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4. Experimental Results

Experiments were carried out with RGB color images
in order to evaluate the performance of the proposed meth-
ods. Although visual inspection of the restored images is
a very important quality measure for the restoration prob-
lem, in order to get quantitative image quality comparisons,
the peak signal-to-noise ratio (PSNR) of each channel is
used. Given two image channelsfc andgc of sizeM ×N
and values in the range [0,255], thePSNR of channelc is
defined as

PSNR = 10 log10

[
M ×N × 2552

‖ gc − fc ‖2

]
.

The mean of thePSNR values of all channels is used as a
figure of merit for the color image.

Results are reported on the256 × 256 “Lena” image
which was blurred with a color bleeding multichannel point
spread function,H, given by

H =

 0.7 H0 0.2 H0 0.1 H0

0.1 H0 0.7 H0 0.2 H0

0.2 H0 0.1 H0 0.7 H0

 ,

whereH0 defines an out-of-focus blur with radius 5. Gaus-
sian noise of varianceσc2

n = 16 was added to each channel,
c, resulting in the degraded image shown in Fig. 1a (only an
192× 192 central part is shown).

The MMSA and MMICM algorithms were run on this
multichannel image with the parameters for the prior model
experimentally chosen to beαc = 1/150, τ c = 260 and
εcc′

=105, for all c andc′. The192 × 192 central part of
the restored images by the MMICM and MMSA algorithms
are shown in Fig. 1b and 1c, respectively. ThePSNR
values corresponding to the whole images are summarized
in table 1. These results show that both the MMICM and
the MMSA algorithms produce very good restorations both
in terms of visual quality andPSNR values; the mean
PSNR value for the MMSA algorithm is slightly bet-
ter. The effect of the cross terms,εcc′

(lc[i,i:+1]l
c′

[i,i:+1] +

lc[i,i:+2]l
c′

[i,i:+2]), introduced in Eq. (5) is clear by looking
at Fig. 1d and its enlargement in Fig. 1f, where these cross
terms are not considered (εcc′

=0,∀c, c′). Note that the edge
of the hat and the white of the eye show color bleeding. This
effect is clearly corrected by introducing the cross terms as
shown in Fig. 1c and its enlargement (Fig. 1e). The line
processes, shown in Fig. 2, also reflect this improvement.
Note, however, that the difference inPSNR (Table 1) is
very small due to the small number of pixels affected by
this change in the line process. ThePSNR is consistently
higher when the cross terms are considered.

Table 1. PSNR for the different restorations.

PSNR (dB) red green blue mean
Observed 18.593 20.286 21.146 20.008
MMSA 24.194 24.133 24.835 24.387
MMICM 24.154 24.075 24.843 24.357
MMSA
(εcc′

= 0, ∀c, c′)
24.018 23.945 24.750 24.237

5. Conclusions

In this paper we have used CGMRF prior models in mul-
tichannel image restoration problems. The exchange of in-
formation among channels is carried out through the line
process which preserves similar regions in the channels. In
order to find the MAP estimates for these problems we have
proposed two new methods that can be considered as exten-
sions of the classical ICM and SA procedures. The experi-
mental results show improvement on the restoration of mul-
tichannel images based both on visual and PNSR criteria.
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