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Abstract—A restoration method of the degraded images based
on Bayesian-based iterative method is proposed. An iterative -E- k PSF = E
method is developed by treating images, point spread functions,
and degraded images as probability measures and by applying Original Degraded
Bayes’ theorem. The method functions effectively in the presence . image
of noise and is adaptable to computer operation. Image

Keywordspoint spread function, image restoration, Bayesian f(X) %k h(X) — g(x)
rule

I. INTRODUCTION

To make a clear image from degraded image, many enhance- . )
ment techniques have been developed until now. The main  F(jw) X H(jw) = G(jw)
technique is to use one of sharpness filters that are based on -
derivatives of the image with respect to pixels [1]-[2]. These D ¥ H(jo) = G(jo) = F-tr. of N o
methods used one or more masks to approximate a derivative * ~WA/N

X H(jm)

operation. Altho_ughthey could enhance the image, they would : —Inv. F-tr. of {G(jW)/H(jW)}
enlarge also noises. AN

The present method for enhancement of images is to use _ -
the Bayesian rule. This method was first proposed by [3]. Fig. 1. The restoration principle.

The Bayesian rule reflects optimal estimation in a sense to

minimize the cost function under noisy observation and an ) o .
iterative algorithm was proposed to find the optimal solutio§l€graded by using a priori knowledge of the degradation

The algorithm include two parts, the first one is to estimafflenomenon. As shown in Fig. 1, the degradation process may
a point spread function (PSF) from the estimated image aR@ Mmodeled as an operatét in case of noiseless situation.
the second one is to estimate the original image by using tiié@Perates on an input imag&(z,y) to produce a degraded
estimated PSF. Thus, this algorithm might be optimal whéfageg(z,y). For the sake of simplicity, we denof§(x, y)

the observed image is similar to the original image, that is, By f(2) , g(z,y) by g(z), h(z,y) by h(z), etc. In equation
case of a high S/N ratio. Therefore, the results will depend &fm. we have

the initial guesses of PSF. 00
In this paper, we propose a new algorithm to speed up g(z) = Hf(z) = h * f(x) = Z h(z—y)f(y). (1)
the convergence and find better restoration compared with the y=——o0

results of [3]. The idea is to select the observed image as an

initial guess of the restored image and every iteration we ug@ereh(z) is an impulse response and * denotes the operation

the observation image instead of an estimated image when @feconvolution.

estimate the PSF. Based on the convolution theorem, the frequency domain
First, we will show the principle of the Bayesian-basetepresentation of Eq.(1) becomes

iterative method proposed by Richardson[3]. Then we will

state the proposed method. After that the simulation results G(jw) = H(jw)F(jw) (2)
will be illustrated to show the effectiveness of the present
method. where G(jw), H(jw), and F(jw) are Fourier transforms
of g(x), h(z — y), and f(y), respectively. As shown in
Il. PRINCIPLE OFIMAGE RESTORATION Fig.1,Given G (jw) and some knowledge abod (jw), the

In image enhancement, the ultimate goal of restoration teadbjective of restoration techniques is to reco¥&rjw) which
niques is to improve a given image in some sense. Restoratinaans to recover the original imaggx) via the inverse
is a process that attempts to recover an image that has bEearier transform.
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[1l. RICHARDSON'S ITERATIVE METHOD relation.

We wiI.I revieyv the iterative methpd by Richardson [3] in P(g(x2), f(x1)) = P(g(x2)|f(x1))P(f(z1))
this section. Given the degraded imagethe point spread —  P(h* f(z2), f(z1))
function h and the original image’ are estimated based on _ pn '

Bayes' theorem. It will be effective to estimate the original = P(h(zz —z1), f(z1))

image f from the observed image. It was assumed that , = P(h(zz —21))P(f(21))
h, andf are discrete and are not necessarily normalized. Th
numerical values of; , h , and f are considered as measures
of the frequency of the occurrence of them at those p0|n{
h is usually in normalized form. Energy of originating at

Where we have used independence assumption between orig-
nal image and restoration mechanism.
‘Using the Bayes’ theorem we have

a point is distributed ag at points according to the energy p N P(g(x2)|f(x)P(f(x))
indicated byh. Thus, g represents the resulting sums of the © (f(@)l9(z2)) = —=
energy of f originating at all points. > Plg(x2)|f (1) P(f(21))
In the notation of this problem the usual form of the Bayes’ T3=—00
theorem is stated as the conditional probabilityfofgiven g. _ f' (@)W (22 — ) (®)
It was assumed that the degraded imggeas of the form =, , ’
g = h = f, where * denotes the operation of convolution such Z Flla)h’(ws — 1)
that mr=Tee
B B If we multiply the both sides of Eq.(8) biP(g(x2)) = ¢'(x2)
g(x) =h+ flw) = > hz=y)[(). () and take the summation with respectita we get
y=—00
- ’
Note thatf andg are intensity functions of original image P(f)) = fiz)

oo

R L LT (O

and observed image, respectively dni the weighting func-
tion depending on image measurement devices. We assume

that the input image and the weighting function which means e Z Flw)h (wg = a1)
the restoration mechanism are unknown. The valueg, of, =T
and h are not limited within [0,1]. We normalize and denote&Consideringt’ = G = H and multiplying them both sides of
them by f’, ¢/, and4’. Thus, we have the above equation, we have
T x i h(zo —
> @) w2==20 N f(ay)h(zy — 21)
J(x) = Oog(x) _ @) (5) Using the above equation, Richardson[3] proposed the follow-
Z g(x) G ing recurrence procedure to find the original imaffe).
T==00 > ho (o — x)g(x
, W) fori(@) = fal) S Ltz o) gy
h (1‘) = ) (6) To2=—00
h(z) 2 Z by (22 — 1) fr(21)
Z h(aj) == — —_
H 1 [ee)
w=—00 n = 0,1,2,....

where F,GG, and H could be equal since the restoration
process is conservative. Note thiatg, andh are nonnegative
and the total sums are equal to one. Thus, we could regal
them as probability measures arftz,) as the probability . _
measure of the original imagg(z,) at z;. This means that P(f(w2 — w3)lg(2)) =
the possibility of the existing intensity of the original image Z f ()b (zg — 21)

f(zq) atzy. Similarly, ¢’ (x2) andh’(xz1) mean the possibility T1=—00

of the existing intensity of the observed imagéx2) atzz and  Mmultiplying both sides of the above equation BY(g(z2)) =
the possibility of the transition weight from the input image/(,), we have

f(x1) at z; to the output imagey(z2) at z5. Therefore, we

have P(f(z2 — x3)|g(z2)) P(g(z2)) (13)
['(x2 — x3)h' (23)

> @b (@ —21)

r1=—00

In order to derive the recursive equation of the PSF function
rgg we will setxz = x5 — z. Then from Eq.(8) we have

f ($2 - x3)h (ng) (12)

P(g(e2)lf (1)) = P(h(zs — 21)) = K (wz — 1), (7) = g(x)

The above relation can be derived by using the following
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Using the Bayes’ rule, we have Step 1. Setv = 0,m = 0, the initial guesses dfy(z), and
fo(z), and small positive numbet.
P(f (w2 — 3)|g(2)) P(9(22)) Step 2. Solve the following equations:
= P(f(z2 — x3), 9(22)) s o (2 — 2)g(2)
= P(g(ws)|f (w2 — 23)) P(f (w2 — 3)) fari(@) = fulz) Y — : (24)
= h'(@3) [ (w2 — x3). (14) Pa=Teo B (22 — 1) fr (1)
From Egs.(14)and (14), we have ne
> fu(xe — x)g(x
h/(fﬂg)f/(xg - :Cg) hm—i—l(z) = hm(x) Z P~ ( 2 )g( 2)
A / To=—00 _
= gl(g) LTI ) L2 Inlan)lmlea =)
> Fa)h (w2 —21) (25)
T1=—00 Step 3. If the following inequalities hold
Taking the summation of both sides of Eq.(15) with respect to
, using the relation of Egs.(4), (5), and (6), and noting that i —
3, Using gs.(4), (5) (6) 9 > mhm(xz z)g(w2) “1-¢ (26)
S flas—ag) =1, (16) Y h(wa = ) ful@)
m_:_oo . and
we have the following relation. oo
Z fn(xz — x)g(xQ) <1
0o ) - € (27)
_ f(zs — z)g(x2) 2
hz)=h(z) Y —= (17) ma=—oo Fa1) hom (2 — 1)
To=—00 f($1)h($2 _ -731) T1=—00
T1=—00 then stop, otherwise < n+ 1,m «<— m + 1 go to Step 2.

Thus, using the same recursive relation as Eq.(11), we have The above iteration has no proof of convergence that means
o the results obtained by the above iteration may result in the

n\T2 — & X
hg1() = hn(2) > —= fnlz2 —)g(@2) good results or may not.
s Z Jn(@1)hm (22 — 21) IV. PROPOSEDALGORITHM
mmTee (18) In order to get the better results compared with Richardson’s

In order to check the convergences of the recursive relatio |gorithm, we consider a new method based on the property

: - : degraded images such that the blurred images are similar
given by Egs.(11) and (18), the following relations are useq)b the original images. In the Richardson’s algorithm, if the

bad estimation of.,,,(z) at the beginning stage, correspond-

i h(zz — z)g(w2) —1 (19) ing recovered images would become different images. After
- e ’ obtaining the bad estimation of recovered images, worse esti-
e h(zz — 1) fa(z1) mation of the point spread function. As a result, the iteration
=700 will produce worse and worse estimation of the point spread
i f(xo —2)g(z2) _ (20) function and recovered images. Assuming the degraded images
— o ' are not so far from the original images, we use the blurred
e f(@1)h(z2 — z1) image to estimate the point spread functiop () instead of
T1==00 the recovered image that is the estimated image. Therefore,

(1) we have proposed the following algorithm:

Step 1. Setn = 0,m = 0, small positive numbet, and
fo(z) = g(x). Set the initial guesses @ (z).
lev Z Oohm(aig —2)g(z2) cl-c (22) Step 2. Solve the following equations:

Thus, we use the following criteria to stop the iterations.

Ta=—00 Z hn (2 — 1) fr (1) Foia (@) = ful@) Z Oohm(xz —z)g(z2) (28)
. z1=—00 ) Ty=—00 hon (w2 — 1) fr(21)
1—e< Z - fn($2 x)g(xg) <1l-—c (23) T1=—00
T 2L Sl — o) = glea—a)gle)
— 2= 2
T1=—00 hmg1(z) = hn(2) > —= - (29)
Using the above relations, Richardson has proposed the fol- Ta=—00 g(21) hon (22 — 1)
lowing iterative algorithm(Richardson’s Iterative Method). =0
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Step 3. If the following inequalities hold

i B (22 — 2)g(22) <1-¢ (30)
T2=—00 Z :L'Q — I fn(xl)

and o
S fn(@2 — 2)g(x2) <1-¢ (31)

= S f@) (s — 21)

r1=—00

then stop, otherwise «— n 4+ 1 and go to Step 2.

V. VARIATION USING THE REVERSEFUNCTION

We consider more simple form of the proposed algorithm.

We set the dominator of Eq.(11) by

o0

an($2) == Z hm(ng - xl)fn(zl) (32)

r1=—00

It is the convolution sum between the original imaggx,)
and the point spread functioh,,(z2 — z1). Therefore, if
Lym(x2) = g(x2), then the estimated imag, (z1) becomes
the true original image. Furthermore, we have

o) = ta) 30 PGS
We definer,,,, (xz2) by
Tnm (xQ) = I% (34)

(a) Original image (b) Degraded image

(c) Richrdson method  (d) Proposed method

Fig. 2. The comparison for Example 1.

VI. SIMULATION RESULTS

In order to show the effectiveness of the proposed method,
we will consider gray image (Example 1) and color im-
age(Example 2). The computer specification used here is
shown in TABLE I. In Example 1 the gray image 64 x 64
was made using Photoshop. The color imagel ®fx 512 of
Example 2 was cropped from the standard sample data of high-
resolution color images [4]. The degraded images are made
by using Gaussian filters with the standard deviatios 2.0.

We used the stopping parametersmefand» when maximum

iteration number; is given. In these simulations, we changed
those parameter@n, n, k) in three cases, that is, (10,100,10),
(5,100,10), and (5,5,100). TABLE Il shows simulation results

which means the ratio between the observed degraded imégjethree cases with PSNR (Peak Signal-to-Noise Ratio). In
and the degraded image obtained by using the estimated péilgt. 2 shows the simulation results of the gray image with

spread function. Then Eq.(33) becomes

frg1(x Z hon (2 — )P pm (22). (35)

Tog=—00

We define the reverse function &f(z) by k(z) = h(—z).
Then Eq.??) becomes

oo

(10,100,10). From this Fig. 2 the proposed method restored
more clear image compared with the results by Richardson’s
method [3]. In Figs.3-6 we show the simulation results of
Example 2. The original image is shown in Fig. 3 and the
degraded image is shown in Fig. 4. The restored images by
[3] and the proposed method are shown in Fig. 5and Fig. 6.

TABLE |
COMPUTING ENVIRONMENT

km(-r - x2)7‘nm ($2)
g1 (@) = fu(@) Z ) (36) 0S Windows XP
T2=—0o0 CPU AMD Athlon(tm)64 X2 Dual Core
. . M 2GB
If we represent the convolution sum by Fourier transform, we Ll
have
TABLE I
fros1(@) = fu(@)FT YFT(kn(x — 22))FT(rpm(22))) PSNRBETWEEN ORIGINAL IMAGE AND RESTORED IMAGE
o 1 . .
= [a(@)FT™ (Kn(jw)Rnm(jw)) @7 Threshold value(m,n,k] Degraded image] Richardson| Authors
_ _ (10,100,10) 145 15.7 16.6
whereFT and FT~! denote the Fourier transform and inverse| (5,100,10) 145 16.5 16.0
Fourier transform. Sinc&’,, (jw) = H,,(—jw), we could save | (5.5,100 14.5 9.2 16.2

the computational time by half.
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I

Original image
Fig. 3. Original image for Example 2. RIChardSOH’ S methOd

Fig. 5. Richardson’s method for Example 2.

»

s

Degraded image
Proposed method

Fig. 4. Degraded image for Example 2. Fig. 6. Proposed method for Example 2.
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VIl. CONCLUSIONS

In this paper, a method of restoration of the degraded images
by using Bayesian-based iterative method. The simulation
results showed that the proposed method could restore the
degraded images more clearly compared with the Richardson’s
method while the threshold values @f, m, k) must be deter-
mined by trial and error. Furthermore, the computation load
has been decreased by half by introducing the ratio between
the observed degraded image and the degraded image.

ACKNOWLEDGMENT

This work was supported by JISPS KAKENHI Grant-in-Aid
for Scientific Research (B) (23360175). The authors would
like to thank JSPS to support this research work.

REFERENCES

[1] T. Young and K. Fu, Handbook of Pattern Recognition and Image
Processinglndependent Component, Academic Press, New york, (1986)

[2] R.Duda, P. Hart, and D. stork, Pattern Classification, John Wiley & Sions,
New York, (2001)

[3] W. Richardson, Baysian-Based Iterative Method of Image Restoration,
Journal of Optical Society of America, Vol. 62, pp.55-59, (1972)

[4] Standard Color Digital Images of High-Resolution(CMYK/SCID), JIS X
9201:2001, (2001)

Copyright (c) IARIA, 2011. ISBN: 978-1-61208-172-4

65



