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ABSTRACT

This paper proposes the regularized constrained it-
erative image restoration algorithms which apply new
space-adaptive methods to degraded image signals, and
analyzes the convergence condition of the proposed al-
gorithm. First, we introduce space-adaptive regular-
ization operators which change according to edge char-
acteristics of local images in order to effectively pre-
vent the restored edges and boundaries from reblurring.
And, pseudo projection operator is used to reduce the
ringing artifact which results from extensive amplifi-
cation of noise components in the restoration process.
The analysis of convergence condition shows that the
proposed algorithm is stable convergent to the fixed
point. Aecording to the experimental results for var-
ious signal-to-noise ratios(SNR) and blur models, the
proposed algorithms outperform other methods and is
robust to noise effects and edge reblurring by regular-
ization especially.

1. INTRODUCTION

Image signals are considered as the most important
ones among various signals, and many kinds of image
processings have been studied to represent image infor-
mation accurately. However, due to the limitation of
the image recording or formation systems, the recorded
images are inevitably degraded. In addition, noise is
added to the transmitted image signal. Because this
degraded image not only is different from original one
but also is unsuitable for the human visual system, it
is necessary to obtain the image which is restored from
the degraded image and is suitable for the human visul
system. The purpose of image restoration is to remove
those degradations so that the restored image becomes
as close as possible to the original one.

In general, image degradation can be linearly modelled
as follows,

y = Hx + n. 1)

Where, H is the point spread function(PSF), x is a
original image, and n is noise. Because we do not
have any exact information of PSF and noise practi-
cally, we should estimate them and cannot help ob-
taining the image similar to the original one by us-
ing the estitnated information. Also, due to the -
conditioned problem of PSF, we cannot realize the in-
verse of the PSF and cannot recover the image only
with inverse process of the PSF. Many kinds of image
restoration algorithms have been researched in order
to solve these difficulties. Among various restoration
algorithms(1, 2], the regularized constrained iterative
image restoration (RCIIR) algorithm has been widely
researched with its many advantages. It allows the in-
corporation of various types of prior knowledge about
the class of feasible solution and can eliminate non-
stationary blurs. In addition, it can apply the char-
acteristics of the local images to restoration process
more effectively than other resotration algorithms. On
the other hand, it has some problems such as ring-
ing artifact, salt-pepper phenomenon with respect to
noise level(SNRY}, and the sensitivity to the PSF. To
overcome these difficulties, Legendijk{3] analyzed the
ringing artifact and eliminated it. Katsaggelos[4, 5]
adopted noise visibility function and CHOY[6] applied
space-variable weights to the regularization. Recently,
new algorithms which combine the PSF estimation and
restoration[7, 8] were proposed. All these adopted the
space-variant smoothing operators commonly in order
to suppress noise amplification and solve nonstationary
blurs. In this paper, we propose a new space-adaptive
regularized constrained iterative image restoration al-
gorithm. It adopts new directional regularization op-
erators to preserve the high frequency regions and ap-
plies the space-variant filters which are robust to noise
effects especially. This paper consists of six sections.
In the section 2, we Introduce briefly the theory of
the RCIIR algorithm, and in the section 3, we pro-
pose a new space-adaptive regularized constrained it-
erative lmage restoration algorithms. In the section 4,
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we analyze the convergence condition of the proposed
slgorithms and in the section 5 and 6, experimental re-
-itlts and conclusions are presented respectively.

2. RCIIR ALGORITHM

‘The RCIR algorithm restores a degraded image by
mininizing the energy of cutput image of regulariza-
tion operator with constraint as follows,

minimaize

et
subject to |[Hx —y|l < e (2)

Where, C s the regularization operator which
is a kind of high pass filter. By minimizing [|Cx]],
high frequency regions are maximally suppressed in the
restoration process with the constraint of restriction
of noise energy. So, C operator suppresses not only
noise amplification but also the recovery of edges or
boundaries in the restoration process. To solve eq (2),
a Lagrange Multiplier, ) is applied and the cost func-
tion to be minimized is constructed.

Jix) = [1Cx|I* + Allly - Hx|* = lnI).  (3)

Since image signals are sensitive to the human vi-
sual system, noise visibility function which considers
the noise level and the characteristics of the local im-
ages is introduced to restore images suitable for human
visual system. Noise visibility function, f(4,7) is de-
fined with local mean and variance, M (i, j) as follows,

. 1
f(i,5) = MG E1 (4)

By minimizing eq (3) with eg {4), we can finally for-
mulate the restoration process.

AHTy,
(I- BaCTFTFC)x; + SHT (y — Hxz),
= BHYy + (I- BoCTFTFC ~ gHTH)x(5)

ks
I

1}

Xkt

In eq (5), F is the noise visibility function and 2 is
the weight for gradient between restored images suc-
cessively in the steepest descent formulation.

3. THE PROPOSED ALGORITHMS

In restoring a degraded image with eg (5}, Some prob-
lems to be solved exist in the restored image. First,
due to the regularization operator, not only noise am-
plification but also edges or boundaries to be restored
sharply are suppressed and blurred in the restored im-
age. Our paper handles this problem as the most im-
portant point, Second, the ringing artifact appears in
the plain region which is adjacent to abrupt bound-
ary. And finally, in case of low SNR, noise is amplified
80 extremely that salt-pepper phenomenon is caused.
The proposed algorithm solves these problems with
directional operators, pseudo-projection operator, and
adaptive noise reduction filters respectively.

3.1 Directional regularization operators
In order to prevent edges or boundaries from reblurring
In the restoration process, we introduce new directional
tegularization operators which reflect the directions of
edges or boundaries. Because the conventional regu-
larization operator has no directivity in the frequency
response, its output images in the restoration process
are uniformly smoothed in any directions. We first esti-
mate the direction of edges or boundaries to be restored
by quadtree decomposition[9] and projection data of
each decomposed block where includes the edges or
boundaries to be restored, and apply the directional
regularization operator parallel to the estimated direc-
tion. By applying the parallel regularization operator,
the output value of the operator is small and this means

‘the small regularization at the edges or boundaries. In

estimating the directions of edges or boundaries, block-
wise estimation which is based on quadtree decompo-
sition diminishes the effect of noise in comparison with
pointwise estimation. After quadiree decomposition,
projection data of each decomposed block is used to
decide dominant direction. Figure 1. (a) represents
the projection data of one block which are indexed.
With these projection data, we can decide the domi-
nant direction of each block as follows,

n+1

diff(Py) = Y |P}(k.)-Pi(kD],  (6)
k=0

direction = Max(diff(P,), Threshold). (7)

In case of Threshold is the maximum, no direction
is selected and the conventional regularization operator
is used. Figure 1. (b) shows the direction of quadtree
decomposed blocks by different gray levels.

3.2 Pseudo projection operator
Since ringing artifact is caused by the ll-conditioned
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om | wn| wn{ ... | om | 0w 3.3 Adaptive noise reduction filters

(o Lo+t In general, it is difficult to apply the local image char-
@0 Qe acteristics to restoration processes accurately since the
o Bah) region of supports{ROS) of PSF or noise visibility func-

j tion are different from those of regularization operators.
] To restore a degraded image more adaptively, we de-
1 tect edges which are classified and apply weights corre-

i n-Lnel) sponding to the class to the regularizarion operation. If
o8 tonel) robust edge is detected, the regularized weight is large,
el | el | metD ] - - o | oot fretaen and vice versa. Finally, in the last step of restoration,

low pass filter and momentum are used to gnarantee
convergence condition of restored image.

(a)projection data

4. ANALYSIS OF CONVERGENCE
CONDITION

We can formulate the restoration process described be-

fore as like e¢ (5},

xo =pHTy,

= (I-ACTFTWFC)x; + SHT (y — Hxp) + 7AX,.
= JAHTy +(1-3CTF'WFC - JH H)x; + vAx;.
Xpy1 = LPXgqy. 8]

{b)information of directions

Figure 1: In eg (8), C is the directional regularization op-

erator, W Is adaptive noise reduction filter, P is the
pseudo projection operator, and L is the low pass fil-
ter. The last term, vAx; is the momentum. This
iterative procedure Is convergent to a fixed point if it is
contractive[10]. Contractive mapping is the mapping
that satisfies the condition such as

of PSF, ringing artifact appears in the restored image
as the impulsive noise different extremely from neigh-
boring pixel values. In order to reduce the impulsive
output of restoration process, we adopt pseudo projec-
tion operator which is adopted in various scaled win-
dows. We summarize this operater as five steps. d(Xp41, Yet1) < sd(Xx, yi), s <1 (9)

In order to analyze the convergence condition, first

Step 0 ws=1 let us define some symbols from in eg (8) as

S(Ep i . FIND Imed; LTmar; Tmin (S WWSKWS

Step 2 0 T = Zmed = Tmin, T = Tmed — Emaz T ¥ LP(1-BCTFTWFC - gHTH), (10)
Step3 : IFT™ >0and T <0 and ws < Wsmax 4 E dxe, i), (11)
THEN goto Step 4,
ELSE + +ws and goto Step 1 By substituting eg (8} for eq (9), we can formulate

the recursive equation as e¢ {12) and solve this equa-

Stepd 0 U™ =2(6,5) = 2men, Ut = 2(4,§) — 2maz tion as eq (13)

Step5  IFU- <0or Ut >0
THEN =z(i,j} = w-2(3,7) + (1l — w)  Tmed
ELSE (i, j) = 2(i, /) dirr < ||TI| - de +do (12)
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Figure 2: Flow chart of proposed algorithm

do do
dy < T + (do ~ i:w) T (13)

Finally, the convergence condition of eg (8) is sim-
plified by the condition of LP as

1
1 +6(18 “Wmag - frmaz + ﬁ)

ILP| < {14)

where, the number 18 is the norm of C, and wyae
and frm.r are the maximumof W and F, respectively.
As you see in e¢ (14), low pass filter and pseudo pro-
Jection operator determine the convergence condition
and they are necessary to be designed optimally.

5. EXPERIMENTAL RESULTS

Our experiment was executed as shown in Figure 2.
We blurred the test image with 15x 15 uniform or 15x1
motion and added gaussian noise to the blurred image.
The directional regularization operators were used in
the four directions such as horizontal, vertical, and two
diagonals. To compare with other algorithms, the mea-

sure of performance is the ratio of ISNR’s(Improved
SNR) as follows,

Risnp = 1SNRproposed/ISNRmethod of [B] (15)

ratio of [SNR's [dB]
images uniform blur motion blur
304B free 20dB 30dB
Lena 1.25 118 1.70 1.03
bank 124 1.16 1.58 1.05

Table 1. The ratios of ISNR’s

The results for various SNR’s and blurs are summa-
rized in Table 1. As you see in Table 1, the proposed al-
gorithm outperforms the method of [5] and lower SNR,
better performance. Compared with the results of [6]
and [8], the proposed algorithm outperforms, too. In
addition, the restored images have less ringing arti-
fact and salt-pepper phenomenon. This means that
the pseudo projection operator and noise reduction fil-
ters performed their functions very excellently. Figure
3 shows the restored images by two methods and Fig-
ure 4 compares the performarnce of directional regular-
ization operators at the edges with the conventional
regularization operator. And the momentum improves
the convergence performance in both the speed and ac-
curacy by 0.1dB,

6. CONCLUSIONS

In this paper, we have proposed a new space-adaptive
regularized constrained iterative image restoration al-
gorithm and have analyzed the convergence condition
of proposed algorithm. According to the experimental
results, we found that directional regularization oper-
ators restored edges and boundaries more accurately
than other algorithms did. The adaptive noise redue-
tion filter and pseudo projection operator reduced sakt-
pepper phenomenon and ringing artifact effectively.
Momentum in the steepest descent formulation im-
proved the performance of convergence by 0.1dB. And
the proposed algorithm guaranteed more excellent con-
vergence of the iterative restoration process and was ro-
bust to noise effects especially. Further researches will
be focused on the combination of image restoration and
PSE estimation and application to the motion blurs of
video sequences. Also, we will continue the research on
the optimization of parameters in the proposed algo-
rithm so that it can show more robust performance to
PSF estimation error.
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