This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2016.2516949, IEEE
Access

Fast Weighted Total Variation Regularization
Algorithm for Blur Identification and Image
Restoration

Haiying Liu*t, Member, IEEE Jason Gl Senior Member, IEEE,
Max Q.-H. Menj, Fellow, IEEEWu-Sheng L, Life Fellow, IEEE,
* School of Electrical Engineering and Automation, Qilu Umsity of Technology, Jinan, 250353, China
1 Department of Electrical and Computer Engineering, Dallousiversity, NS, B3H 4R2, Canada
1 Department of Electronic Engineering, The Chinese Uniteisi Hong Kong, Hong Kong, China
x Department of Electrical and Computer Engineering, Unitsei Victoria, BC, V8P 3W6, Canada
Corresponding author: Jason Gu (jason.gu@dal.ca)

Abstract—Images obtained from complicated environments restoration based on a new definition of the normalized graph

are often blurred by unknown kernels and corrupted by mea- | aplacianmethods [34], [35] and their effectiveness for differ-
surement noise. This paper presents a new total variation ont restoration problems is shown.

(TV) minimization based method for blindly deburring such Th . | of thi is to d | thod
images. Unlike the alternating optimization based algorithms, € primary goal o this paper IS to develop a new metno

the proposed method adopts a joint estimation strategy that for blind deconvolution of gray-scale as well as color images.
estimates the unknown blurring kernel and unknown image in Unlike the alternating-optimization based algorithm (which
an iterative manner where each iteration performs two separate reduces the problem at hand to alternately performing two
image denoising subproblems that admit fast implementation. standard deblurring subproblems with known blurring ker-

Experimental results on gray-scale test images as well as syntheticn ). the new method adobtsiaint estimation strat t
images and color images are presented to demonstrate that els), the ne ethod adoptsjant esimation strategy 1o

the new method is Capab|e of b||nd|y deb|urring images with SynChronously estimate bOth the UnknOWn kernel and UnknOWn

considerably improved performance. image. The motivation behind this strategy is that the problem
Index Terms—Blind Deconvolution, TV Minimization, Image of interest has one objective function witiwvo unknowns,
Denoising, Image Deblurring therefore we develop a technique to optimize both unknowns

together rather than fixing one and optimizing the other
alternately. To deal with the technical challenges arising from
this joint estimation approach, a new local framework was
LASSICAL image restoration algorithm is dedicated t@roposed and allowed us to carry out the joint estimation of
estimating the true image assuming the blur is knowthe unknowns in an iterative manner, where each iteration
Several methods solving these problems are available in ferforms two separate image denoising subproblems which
literature [1]-[9], including those based on total variatiosan be carried out efficiently using the techniques [5], [9].
minimization which have been found especially effective. Bgimulation results are presented to demonstrate that the pro-
contrast, blind deconvolution as an image restoration tapksed algorithm is capable of blindly deblurring images with
tackles a much more difficult problem where, in addition toonsiderably improved performance in comparison with well-
the image being unknown, the blurring mechanism is alsstablished algorithms in literatures.
unknown. TV-based image restoration algorithms [10]-[33]
have been examined in connection to this type of problem Il. BACKGROUND AND RELATED WORK
for the blind deconvolution. An approach that turns out ta |mage Model
be particularly successful for blind deconvolution is proposed
in [10] and improved in [11], [13], [15], [24], [27] which is
commonly known as the alternating optimization technique. AU+ W=u 1)
The key idea of these aforementioned alternating optimization 0
techniques is fixing one variable while the other is beinghere A represents an affine map standing for a blurring
optimized. Besides the above TV-based image restoration aperatoru, denotes an observed noisy image of sizex no,
gorithm, there are other recent non-blind deconvolution papensdw is normally distributed additive noise. Assuming noise
that are relevant and need to be mentioned here. The algoritisnGaussian white with independent and identically distributed
based on Block Matching 3-D (BM3D) frames decoupled theomponents of zero mean and variancg the restoration
denoising and deblurring operations shows superiority wifiroblem here is to estimate (recover) imagend the blur
respect to the state of the art in the field [36]. Some researchepgrator.A given the observation,. We stress that because
also developed an iterative graph-based framework for imalgeth the blurring operatad and imageu are unknown, this is

I. INTRODUCTION

We follow [2] to consider the basic image model
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a blind deconvolution problem which makes model (1) beconiz Fast Gradient-Based Algorithms for Problem (4)

nonlinear, hence technically more challenging relative to someTo solve problem (4) with a known blurring operatgt,
deburring problems encountered in reference papers [1]-[9ere is an especially effective algorithm developed in [5], [9]
based on a fast gradient projection (FGP) algorithm, where
each iteration solves a denoising subproblem using FGP. In
B. TV Norm of Gray-Scale Images this algorithm, the objective function in (4) is expressed as
, . i f(u)+g(u) wheref(u) = %[ Au—uq||% is convex and smooth
Let u € R™*" represent a digital gray-scale image, th@nhile ¢(u) = p||uf/tv is convex but nonsmooth. Let;, be the
isotropic total variation |(u]|1va ) of u is defined by image obtained in théth iteration, the next iterative;
is generated by minimizing the proximal objective function
which is quadratic and convex:

ny No D(h)u
_ _ 4,J L
ullrve = 2; Zl IDigulle, Digu=| ] @ Qu(u,u) = F(u)+ (U u), V() + 5 lu—uel[E+g(0) (7)
=1 j= 2,7
subject tou e C ={u:b < Upq < bu}.
where whereb; andb,, are lower and upper bounds to the image£ 0
(h) Uit — U5, ©<mni, andb,, = 255 for 8-bit digital images), and. denotes the Lipschitz
D;, u= 0 i =y constant forv f(u), i.e., for anyu andyv,
. | AT AU = V)||F < Llju = Vl|r ®)
DWWy = Uij+1 = Uiy, J < M2, (3) Note that the first three terms on the right-hand side of (7) can be
J 0, Jj=mn combined into a complete square term , hence the solution of the
minimization problem, denoted hy. 1 = Pr(ux), can be expressed
as
. [ L 1
C. Related Work PL<uk>:argmm{5nu — (U = 7 v h(u) [ + %nunw} ©
uecC

For blurred images with known blurring operatgt, the I "
i i i =argminq = [|u — be[|7 + F[lullv
image restoration problem can be treated by solving the arugergln 2HU kP + T

unconstrained convex problem [2], [5], [6], [9]x where

1
| ) by, = uy, — ZATA(Uk — Uo) (10)
minimize §H.Au — Uo7 + pllulltvo 4) _ _ o _

u For implementation purpose, the Lipschitz constann (8) needs
where|| - || » denotes Frobenius norm of matrix apd> 0 is to be calculated. For the present casef@if), (8) implies that
regularization parameter that balances the trade-off between L= max |A"Au|r (11)
removing noise or small details. llull =1

For blurred images with an unknown blurring mechanism From (9), it is clear finding the next iteratg; amounts to solving

where the blur operatord in model (1) is replaced by a &n image denoising problem where the “noisy” image is represented
nvolutional k rnpla thm the mod I(b) m P y by b, and the itenb;, can be calculated using equation (10). In this
convolutional kernea, thus the model becomes way, the deblurring problem (4) can be solved by iteratively solving

a sequence of denoising problem as specified in (9) and (10).
a*u-+w=ug (5)
I[1l. NEW ALGORITHM BASED ON JOINT
The image blind deconvolution problem has been inves- ESTIMATION OF KERNEL AND IMAGE

tigated by many researchers, of particular relevance to t'I&e The Solution Method at A Glance
method propqsed here are the technlques developed in [13Jn this section, a novel algorithm is presented based on the TV-
Wh(_are_ th_e blind deblurring problem is formulated as th@ased formulation under the assumption that battand u are
optimization problem unknown in the image model (5)

, 1 i _1 T
minF(u,a) = Sllaxu—uol3 + Billuldy + Bollalgy (6) TN = glaxu=dolle o +pefalve - (12)

This strategy represents a major departure from the well established

where | - [[sv is the bounded Variati(?? TV for image and methods using alternating minimization where one of the unknowns
€

blur kernela and defined asjullgy = {f udivpdx; o = is temporarily fixed while the other is being optimized, and the
(01,02, - oneCEHONY, ||| () < 1} d?anotes boundary procedure continues in an alternating manner until both the kernel
’ ’ ’ i =

ST : . . and image estimations converge. The difficulty encountered in a joint
variational TV norm as defined in [13]. Problem (6) is the@stimation method is that allowing both and u to be unknown

solved by an alternating minimization strategy which star{griables will make (5) become nonlinear and destroy the convexity of
by fixing kernela to an initial estimate while minimizing function F(u, a) in (12). To deal with the aforementioned difficulty,
functional F'(u,a) with respect tou, then imageu is fixed Wwe propose to work with (12) locally. Lat, anday be the image
until the optimization result of (u, a) is obtained with respect and kernel obtained from theth iteration, and we seek to find new

- - . estimates of the kernel and image in the formwf= u; + Au
to a. The alternating procedure continues until battand .\ /2"— "5 "1 Aa where the increments\u and Aa denote small

u converge, the convergence property of this algorithm jgcrements ofu, and a, respectively. NamelyAu and Aa are
examined in [15]. matrices of the same size with, anda,,, whose elements asmall
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3
in magnitude. With such constrains dxu andAa, u = ux+Au and |u§,’fj1) - u,(ffg| < Bl (19¢)
a = a, + Aawill vary in a small vicinity ofu,, anday, respectively.

Under this assumption, we can write b S Up,g < bu (19d)
ax U =ay *Ug + ag * AU+ Aax Uy + Aax Au wherel < p <n1,1 < ¢q<mnyand
= . 1
(Ag * U + Aax Ug) + (ag * AU+ ay * Ug) min F(a) = 5||;,1_bak|ﬁw_,_ %Hanw(l) (20a)
—ag * Ug + Aax Au a
=(ag + Aa) * Uy + (AU + ug) * ay subject to:
—ag *x Ug + Aax Au 13 mon
e ¢ S Y a1 (200)
=a*Ug +Ux*xap —ag *xUx +Aax Au ) )
1I=—mj=—m
SEERY u—ag*u
* Ug + a * k* Uk a>0 (200)
The above approximation for the last line of (13) is valid because (1) (k)
both Au and Aa are small. In this way, the problem (12) at hand is & —ajl <2 la (20d)
simplified to Qi =a_; (20e)

. 1 .
min £(u, a) = o [|a* ui-+ax U=y |t |Ullry o +pzllallyo (14)  whereO <, 5 < m.

It is important to stress that both problems (19) and (20) are es-
sentially standard image denoising problems to which fast algorithms
§hich as those proposed in [5], [9] are applicable.

wheref, = a * U, + Uo. It is important to note that when botin
anda are unknown, equation (14) still remains convex with respe
to {u, a}.

For notation simplicity, we will denotex = {u,a} and define a
linear operatorA; by Axx = ax* u, + a, = u. Also, we denote B. Analytical Details of the Proposed Algorithm

[X[lrv,. = pal[ullryay + p2ll@llyya , the problem (14) now becomes  Below we will provide analytical details of the three key issues
1 involved in the proposed algorithm, namely symmetry property of
min F(x) = §||Akx — 7+ 1Xllrva) . (15) the kernel, gradient of the first term & (x) in (15) and derivation
X of problems (17) and (18).
and the minimization ofF’(x) in (15) is carried out subject to the .
(i) Symmetry of Kernela

following constrains:

m  m For Gaussian lowpass blur, average blur and circularly averaging
Z Z a. =1 (16a) blur, the kernel matrixa is quadrantally symmetric (Actually we
5] o H
assumed a specific symmetric structure for the kernel throughout the
paper, but the proposed algorithms can absolutely extend to some
u>0,a>0 (16b)  other regular type of blur kernels), thus only its upper left part,
denoted bya, should be considered as the designed variable because

i=—mj=—m

|U£f;1) - U;m < Br- (16c) the rest of matrixa can be constructed usirggas
&S —al)| < 2 I (160) a_Tal" 21)
b < Upg < bu (16e) wherea is assumed to be sizk/ x M with M = 2m + 1.
aj;=a;—j,for0<i,j<m (16f) i |m+1T 22

where 51 > 0 and B2 > 0 are two small constants,, Ia are . . ) o )
two defined unit matrices with the same size imagand kernel | = [fliplr (1.,) 0], fliplr(l.,) is obtained by flipping identity
a. Constrains (16a) and (16f) impose normalization and symmet®atrix I from left to right.
conditions on the kernel; (16b) requires that both kernel and ima ; 1 2
are nonnegative; (16c) and (16d) ensure that the increm®@atand 8 Calculate gradient oh(x) IhAx = Tyl
Aa are small in magnitude; and (16e) requires imageéo be a By the definitions ofA;, andx (see Sec.llA.), the adjoint of. Ay,
bounded valued. denoted by.AJ, can be found as follows:

By replacingF'(x) in (15) with an approximate proximal objective
function, the problem of minimizing”'(x) in (15) is equivalent to

2

(ArX, V) = (a* U + ay * U, V)

separately minimizing two much simplified objective functions based = (a* Ux,V) + (a * U,V)
on the properties of the Frobnius norm as follows: = (a,0g * V) + (U, & * V) (23)
; _ 1 2 K1 = <(u7a)7{ék *V, uk*"})
minF(u) = 2 [lu = by, |7 + - ullyo @an Ay

and
(18) henceAlv = {&*V, 0y, %V}, whereaz(.,kj) =a®

i,—7j
o) = ug,_q, —-m < p < n, —m < g < n, to obtain an
whereb,, andbs, are known quantities in théth iteration of the expression ofl,, we compute
algorithm. The derivation details (leading to (17) and (18)) are given n o m m
in Sec.llIB. Consequently, the blind deblurring problem at hand ca _ o (R) )
be solved by iteratively performing two denoising subproblems: * U, V) = Z Z Z Z Biilp=isg—j | *Vpa

p=1qg=1 i=—mj=—m

. 1 o -m<ij<m,
min F(a) = §|la*bak|\%+f|\allwu> mz=nj=m

H 1 2 J251 m m ny ng (24)
F(u) = Sflu—b — 19
=gl e 099 SO SEHID 3 SN
subject to: 1=—Am j=—m p=1q=1
u>o0 (19b) = (a,0x * V)
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Thus(y *v = %1: %2: u;’“)i’qﬂ. “Vp,q Which impliesﬂﬁ,’fg = u(_kg’_q. which is a simplified version of (18) with replacinga in the light
p=lg=1 of symmetry property of, as discussed earlier.
To obtain an expression @, here we assume periodic boundary Based on the analysis and derivation what has been done in Sec
extension for image and then compute: ll.A and Sec IlIB, the proposed algorithm for blind deconvolution
can be outlined aslgorithm 1.
<a’“:1u’n\'2> e m Algorithm 1 : Implementation of the proposed algorithm.
:ZZ< Z Z az(-,kj)up—i,q—j) “Vp,q Input:
p=1g=1 i=—mj=—m Inputimageug, parametersn, L, d, uu1, p2, by, by, f1 andpBs,
R R U and number of iterationd(; set iteration countek = 0,
_.; ; a*iﬂ'(zl;u”’q'v”*i’q*j) initial u to be ug, and initial & to be the 2nd quadrant
e, submatrix of thes-matrix of size(2m + 1) x (2m + 1).
let p'=p—i,q¢ =q—7 if kK <K then
m m ni—i ng—j
(k) e Use (26) and (29) to compute and updaie andby, .
= a: ! Uy g7 * Vpr i g/ +34 ,,k
i;mj;m " (p,;,iq/;j e e ﬂ) (25) e Solve problems (31) and (32) to get, and &,
RO I respectively.
let a® 230 ;v — ;i —j th )
R S N R .Z’] . J, then e Setk = k+ 1. If k = K, output solution{ug, a, } and
_ i i a(’“.’( nfiz niy . _.) Fermi_nate, otherwise repeat the loop until the algorithm
e N e e iteration proceed to convergence.
niy ng m m i end if
:ZZUM( >3 a® ~vp,i,q,j) Output:
p=1q=1 i=—m j=—m Optimal solution{u, ay}.
= (U, & * V)
ich impliesa® — g8 , )
which impliesa; ;' = a_; _;. C. Blind Deblurring of Color Images
Using the equations of (21), (22) and (23), the gradienk ) A color image with the size ofn; x n is represented by
can be computed as the following formula u={u® u® u®1 whereu u® andu® are the components

of uin red (R), green (G) and blue (B) channels, respectively.
A =T -~ For color images, the model in (5) still remains valid where
R0 = (B + (A= ), T [0 (Ax— I (26) £ S8 BRI e 10 ) e i) e modol (5) s
where variablex is redefined ax = {u, a}. equivalent to three single-channel models

(iif) Derivation of (17) and (18) @ . @ @ )
We start with considering the minimization of the proximal objec- AU W =y’ fori =1,2,3. (33)
tive function of F(x) in (15): Blind deblurring a color image is a problem of recovering image
from observationu, = {u$"”,ul®,uf®}, where the blurring kernel
L 2 a is unknown. Based on model (30), blind deblurring a color image
QX Xi) = h(Xe) + (X=X, 7h(Xi)) + 5 [X=Xul[# +[Xll7v (27)  can be accomplished by solving three convex problems

where L is a Lipschitz constant of7h(x). It follows that up to a min
constant the first three terms on the right-hand side of (27) can be ) a
combined into a complete square term, i.e.,

0 Ly L6 i 012 i)y,
Fy(u,a?) =g la" s u® = g5 + i 0 v

+ u$11@? |y o (34)

L 1 2 fori = 1,2,3. On comparing (34) with (12), it's quite clear that each
QU xw) = FlIx = (% = = 7 h(xe))llF + X[l vor  (28) problems in (34) is identical to a problem of blind deconvolution of
an image, hence it can be solved by applyAigorithm 1.

If we let 1
be = Xi — ~ v h(xi) 2 (bay , bu, (29)
k=X VA (Ba Bu) IV. PERFORMANCE EVALUATION
then (27) can be written as In this section, simulations are presented to illustrate the perfor-
1 , 1 ) mance for our algorithm. The performance evaluation was carried
Q(X, Xx) :§||u —bu |7+ §||é— bz, |7 out visually (i.e. subjectively) as well as numerically (i.e. objec-
L oo (30) tively) from the improvement in peak-signal-to-noise ratio (PSNR)
Ul + @]t to structural similarity index measurement (SSIM). Besides these

) . . two evaluation standards, the elapsed time was also considered. All
Note that the first and third terms of (30) only depend on variable gjmulations were performed on a Windows7 laptop PC with an

while the other two terms only depend on variableAccording 10 |nte|(R) Core(TM) i3-4010U Duo CPU P8700@1.70 GHz with 4.0
the properties of the Frobenius norm, the minimizationQdk, Xx)  GB of RAM.

can be accomplished by twaeparateminimizations, namely Performance of our algorithm was compared with the alternating

1 ™ optimization based method first developed in the late 1990’s and
min S {[u — by, |7 + == [lullvo (31) advanced in the early 2000's [10], [11], [13]-[15] and the latest
u 2 L . ST . \
o . algorithm which is proposed in [14]. To the authors’ best knowl-
which is identical to (17), and edge, algorithm [14] remains to be one of the best (if not the
1 o 2 best) methods available for blind deconvolution of still images. As
min 5 l|a— b, |7 + T &l ay (32) mentioned earlier, state of the art deblurring algorithms such as those
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in [5] and [9] have been proposed, however the methods in [5], [9]
assume known burring kernels. In our simulations, algorithm [13]
reduces the blind deconvolution problem into two standard (non-
blind) deconvolution subproblems, and was carried out using the
fast convex programming solver provided by [9] for efficient and
accurate solution. In other words, our algorithm was compared with
an algorithm that combines the best of the methods of [13] and 001
[9]. For this reason, we shall call it “ [13]+ [9]" method in the 0.005
rest of this section. The algorithm [33] solved blind deconvolution g
problem which the TV norm was replaced with it's quadratic upper
bound. The approximation cuts off the high frequency information

and the alternate minimization step resulted in quality degradation

and computation, but the performance of algorithm [14] is bettgfiy 2 (a) Original and (b) the identified Gaussian kernel using
than the aforementioned algorithms; it's calculation of PSNR nee

to extracted some pixels from the edge of the images, we just maﬂfg proposed algorithm with the L2-error of 0.0008.
comparison for gray-scale imagenabecause the uncertainty result.

(b) Identified kernel

(a) Original kernel

0.02

0.015

(a) Original image (b) Degraded image

A. Blind deblurring of standard gray-scale images

For visual examination, the proposed algorithm was applied to
standard classic imadeenag which was degraded by originalx 9
Gaussian kernel with standard deviationwhich is 4 and additive
Gaussian white noise with standard deviation = 107. The
original, blurred, and deblurred images loéna by the [13] + [9],

[14] and the proposed methods are shown in Fig.1 (a), (b), (c), (d)
and (e). The numerical values of bounds, 3> and regularization
parametersu:, u2 were set to(SB1, B2, 1, 2) = (2 x 10725 x
1073,6 x 107°,3 x 107°). It is observed that the PSNR has been
improved from 23.4520 dB to 27.3840 dB, 28.1110 dB 28db081

dB via [13] + [9], [14] and the proposed method, respectively. The
SSIM is improved from 0.6417 to 0.7656, 0.7654 &h@8287 The
approximate eclipse time for algorithm [13] + [9] is 51.8859s, [14] is
539.4359s and our algorithm is 38.3606s. The original and identified
kernels of Gaussian are depicted in Fig.2.

s

(d) Our Algorithm

(a) Original image (b) Degraded image

Fig. 3: (a) Original image, (b) blurred image, (c) deblurred by [13]
+[9] method Q; = 3 x 107 X2 = 1 x 107%), (d) output of our
algorithm.

TABLE I: Performance comparison for gray imagatellite

c +[9 e) Our Algorithm Method i

(© [131+[9] (@ [14] () Our Algorithy Satellite [13] + [9] Proposed Algorithm
SSIM 0.7595-0.9125 0.7595-0.9739
PSNR (dB) 21.4131-525.6472] 21.4131-31.4932
Identified kernel L2 Error 0.0090 0.0033
Eclipse Time (s) 77.9242 48.9063

TABLE II: Performance comparison of standard gray images.

Fig. 1: (a) Original image, (b) blurred image, (c) deblurre PSNR
by [13] + [9] method f; = 1 x 10~%, X = 2 x 107%), (d) 1%\ P PSNRafter
deblurred by [14] and (e) deblurred by the proposed algorith [13] + [9] | Proposed Algorithm
Gaussian $atellite 21.4131| 25.6472 31.3250

The proposed algorithm is extended to standard gray imag -%Y:&%zggfgmah gi'ggi; gg'gggg gg'gggi
Satellite and Cameraman(256 x 256), Boat (512 x 512) with E® (Satellid (5) '\ =7 904D 28.9063
different kernels, wheré x 9 Gaussiany x 7 average lowpass and [E@t) Boaj (s) \ 517.0793 157.9388
9 x 9 circularly lowpass (also known as disk) blurs and additivg E(t) (Camerama (s) \ 16.4455 3.4942

Gaussian white noise with standard deviation= 10~*,1073
and 10~* are imposed, respectively. The parameters were set as

(B1, B2, 1, p2) = (0.06,0.002,1 x 1074,2 x 107°) for Satellite , ) i

and Boat, and (0.05,0.004,1 x 107%,2 x 107%) for Cameraman B Blind deblurring of natural gray-scale images

respectively. The compared results fatelliteare depicted in Fig.3,  The natural imagesifebuoy Axe Fence Bird, Flag, Building as

the compared SSIM, PSNR, identified kernel L2-error and the eclipggpicted in Fig.4 were used to validate the efficiency of the proposed
time between our and [13] + [9] methods are listed in TABLE | an@igorithm. The improvement of PSNR, SSIM and the regulated
the other images compared results are shown in TABLE IL. parameters for them are available in TABLE IIl, respectively as
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6
compared with [13] + [9] method which is the classic algorithms (a) Art (b) Zig (c) Sun
combination. _ -
(a) Lifebuoy (b) Axe (c) Building . ’Eg .
| ‘ Fig. 6: Different synthetic gray-scale images.
Lowd
(e)Flag
- gaussian, average and disk blurs and additive Gaussian white noise

with standard deviatiom = 10~ *, respectively.

The compared restoration results for the above synthetic irAgge
are illustrated in Fig.7 and the simulated resultsZay and Sunare
presented in TABLE IV.

(a) Original image (b) Degraded image

Fig. 4: Different natural gray-scale images.

Lifebuoy (240 x 240) is degraded by x 9 Gaussian blurs and
additive Gaussian white noise with standard deviatior= 10~%.
The boundspi, 82 and regularization parameteys,, u2 were set
to (81, B2, p1, 2) = (0.06,0.002,4 x 107*,9 x 10™*) and the
compared simulation results are presented in Fig.5. The L2-error of
identified kernels are 0.0046 and 0.0011 using [13] + [9] and our
algorithm, respectively, and some other parameters are presented ir
TABLE 1.

(c) [13]+[9] (d) Our Algorithm

0) 0) .é .é
[J Fig. 7: (a) Original image, (b) degraded image, (c) restored

by [13] + [9] method f; = 3 x 1074, A3 = 2 x 107?), (d)
(d) Our Algorithm restored by the proposed algorithm.

TABLE IV: Blind deblurring of synthetic gray-scale images:
Performance comparison.

PSNRI pSNR|  PSNRafter | SSIM | SSIM after
Blur
before before

[13+9] [ Proposed [13+9] [Propose

G (Art) 19.9641| 31.7525| 44.1826| 0.7291| 0.9713] 0.9979
A (Zig) 14.2461| 21.8093| 26.4760| 0.5310| 0.7713 | 0.8838
D (Sun 16.9608 | 19.0682| 30.6138| 0.6834 | 0.7599| 0.9803

Fig. 5: (a) Original image, (b) blurred image, (c) deblurred by
[13] + [9] method @ = 3 x 1074, Ay = 1 x 10~?), (d) output

of our algorithm. D. Blind deblurring of color images

Our algorithm was also extended to standard and natural color
images. The standard col@&aboonand Lenaimages 256 x 256),
. . . . andBarbara (512 x 512), are imposed by 1 x 11 Gaussian, Average
C. Blind deblurring of synthetic gray-scale images and Disk blurring kernels and additive Gaussian white noise with
Some synthetic image#\rt, Zig and Sun with the same size of ¢ = 10~*. The compared results f@aboonare shown in Fig.8.
240 x 240 in Fig.6 were introduced to test the effectiveness for The three different profiles for L2-error of identified kernels are
the proposed algorithm. These three images are degrad®dxby demonstrated in Fig.9 and the three curves present their convergence
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TABLE llI: Blind deblurring of gray-scale standard images: Performance comparison.

Regulate Parameters of the proposed Algorithn|

' PSNR/SSIM before

Images (Kernel)

PSNR/SSIM after

B1 | B2 | 1 | I [13]+[9] [ Proposed Algorithm
Lifebuoy (gaussian)| 4 x 107 | 9x10=* | 6 x 1072 | 2 x 1073 25.9654/0.8272 30.4061/0.8837 33.7803/0.9173
Axe (gaussian) 4x107%2 [ 9x107F [ 5x 1072 | 2x 107 24.9514/0.8510 31.2255/0.9302 38.6929/0.9783
Fence(average) 8x 107 [ 1x107% [ 1x10=2 | 8§ x 10~ % 21.1648/0.7423 26.1194/0.8701 33.6950/0.9613
Bird (average) 2x 107 [ 1x107% [ 2x 1072 | 4 x 103 26.9491/0.8839 30.9314/0.9386 35.4784/0.9753
Flag (disk) I1x107% [ 2x107® [ 1x1072 | 4x 1073 22.2982/0.7511 23.7515/0.7705 29.1623/0.8293
Building (disk) I1x107* [ 2x107% [ 6x 1072 | 8 x 1073 19.6731/0.4830 20.6847/0.5332 25.0840/0.7008

TABLE V: Performance comparison of standard color images:

PSNR
Blur

G (baboor)
A (barbarg
D (lengd

(b) Degraded image

(a) Original image

PSNR
before

PSNR after
[13+9] [ Proposed

17.7732| 19.6816
20.3208| 22.0008
19.2934| 23.4277

SSIM
before

SSIM after
[13+9] [Propose

0.7149]| 0.8177
0.8068 | 0.8966
0.9196 | 0.9652

16.3624
18.5496
18.4232

0.6386
0.7562
0.9140

(a)Flag

(b) Fence

(c) Lifebuoy

Fig. 10: Different natural color images.

Fig. 8: (a) Original image, (b) degraded image (PSNR=16.3624 . )

dB), (c) restored by [13] + [9] method (PSNR=17.7732 The original, blurred, and deblurreBienceimages by the two

dB, SSIM=0.7149), (d) restored by the proposed algorith@gorithms are shown in Fig.11. The PSNR using our algorithm can

(PSNR=19.6816 dB, SSIM=0.8177). improve from 15.5430 dB td4_.7198dB , [13] + [9] just obta_lned
18.1674 dB. The other evaluation standard of SSIM can be increased
from 0.6266 t00.9007 offered by the proposed method, but [13] +
[9] achieved 0.6983.

trend as the iteration proceeds. The simulated results of the below

three standard color images about PSNR, SSIM improvements are

offered in Table V where the superiority of the proposed algorithm

over the [13] + [9] method can readily be observed.

(a) Original image (b) Degraded image

T

ERRgRa

L2 error of indetified kernel

= = = = red channel
0.8- green channel i
''''''' blue channel
0.6F b
0.4 . (c) [13]+[9]
0.2f \\' |
= = 'ﬁ--r-_,.,
0 ——\ bt B - i i
0 10 15 20 25 30 35 40 45

Fig. 9: Different profiles for three channels about L2-Error of
identified kernels.

We also report some natural color images restoration results, suct |

asFlag, FenceandLifebuoy all these three images with the same sizgig. 11: (a) Original imag, (b) degradd image, c) restored

of 240 x 240. As depicted in Fig.10, each is degraded bylax 11 .
blurring kernel and additive Gaussian white noise with= 107, by [13] + [9] method, (d) restored by the proposed algorithm.
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Comparing the experimental results visually, it is noticed thfﬂABLE VI B"n_d deblurring of natural color images: Perfor-
the proposed algorithm tends to produce images with more detail@@NCce comparison.
information of the textures than [13] + [9]. Except PSNR and

SSIM, the detailed information for part of the original and th PSNR| bonR PSNR after ssIM | sSIM after
restored images using two different algorithms are also amplified nglur before before
demonstrated in Fig.12. [13+9] [ Proposed [13+9]]Proposed
G (fencg 15.5430| 18.1674| 24.7198| 0.6266 | 0.6983| 0.9007
A (flag) 15.7676| 18.9462| 26.4884| 0.7720| 0.8431| 0.9653
(b) [13]+[9] () Our Algorithm D (fifebuoy) | 20.0350] 21.6604| 26.5644 0.8907| 0.9095 0.9521

(a) Original

V. CONCLUSION

A fast weighted algorithm for blind deconvolution removing un-
known blurs as well as random noise is proposed. This methodology
can synchronously restore image and identify kernel as can not
be achieved by other recent algorithms. The performance of the
improved algorithm relative to well-established deblurring methods
Wﬁ the literature has been demonstrated by applying it to a variety of
gray-scale standard, natural, synthetic images and color images. In
the evaluation standard about PSNR, SSIM and convergence time

The achievement of the proposed method and [13] + [9] in thgprovement, the proposed algorithm achieved better results than
aspect of PSNR, SSIM, L2-error of identified kernel and eclipsed timgher algorithms.

improvements for these three color natural images are given in Table
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