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It has a long history to research the blind source the original image, the PSF and the unknown parame-
separation which in image processing, can be utilized ters. Based on the Bayesian inference, the optimal o-
to solve the problem of blind image deconvolution. The riginal image, the PSF and the parameters are ob-
term blind refers to the Point Spread Function ( PSF) tained. Because the prior model of the original image is
of the imaging system is totally—unknown. Currently, the total variation model which is non-differentiable,
there mainly exist two kinds of blind image deconvo- the lteratively Reweighted Norm method is introduced

lution algorithms: the stochastic (121 and the deter- to solve this problem.

[3]

ministic The latter can be treated as the con-

strained optimization, which the constraints can be 1 Prior models

brightness preserving assumption or smoothing as-

sumption of the PSF; The stochastic algorithms treat The degradation model which mirrors the process

. . that the original image degraded into the observed im-
the unknown variables as the random variables, and & & &

age can be expressed as follow:
g = Hu (D

where g € R"' represents the lexicographically ordered

deconvolution can implemented using the statistical
properties of the original image and the prior knowl-

edge of the imaging system. Compared with the de-
L . . o observed image; u e RM! represents the lexicographi-
terministic algorithms, the critical point is to model N
. cally ordered original image; He R" ™" is the degrada-
the original image, the PSF and the unknown param-
) ) tion matrix which is formed by the PSF.

eters using the prior models. o o )

] ) ] The blind image deconvolution is the inverse prob-

Therefore, we firstly establish the prior models of ) o

lem, and in the Bayesian framework, it is equal to the

optimization problem as follow :

2010 43 1 15 H e [115 [ R FHE 3E 4 (60573019) | on prov o
[RI5RHE S HEE 4 (X2ISBI080010) ¥ (i,h,a.B) = argmaxp(i,h,a.Blg) (2)
B—AEH R T (1982—) , B8, LR AL A, MR W A= BF From the conditional probability formula below :
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p(uh,a,Bl g) = %M o< p(u,h,o,B,g)
(3)

where the p(g) is constant with knowing the observed
image, we can obtain

(w,h,a,B) = argmaxp(u,h,a,B,g)  (4)
where the joint probability can be decomposed as p(u,
h,a,B,g) = pla)p(B)p(ula)p(h/B)p(glu,h).
pla),p(B),p(ula)p(h/B) and p(glu,h) are

called prior models.
1.1 Observation model

A commonly used observation model can be ex-
pressed as;
plgl uh) o expl~ F(u,h)] = exp(~ || g - Hu || 2)

(5)

where F(u,h) represents data fidelity which measures
the closeness between Hu and g in the least squares
sense. The definition of the observation model shown
as formula (5) is based on the assumption that the
noise in the observed image is Gaussian, while the sta-
tistics shows that the noise is more likely to be Lapla-

4J So we define the observation model as follow :

cian
p(gluh) o expl ~ F(uh) ] = expl — | g~ Hu | ,]
(6)

1.2 Prior model of the original image
In Bayesian framework, image deconvolution de-
pends on the efficient image modeling which can be car-
ried out though Markov random field, graph model, infor-
mation theory. et al, and the prior model of the original
image can be thought as the constraint on image deconvo-
lution. Among the image models, the total variation mod-
el is most widely used for its excellent edge — preserving

ability ', We utilize the total variation model to define

the following prior model of the original image :

p(ul a) o oexpl —alV(u)] =

(Au)” + (Ayu)z ]
(7)

e R™" denote the first — order

y

o exp[ —a |

where A_ e R™", A

horizontal difference and vertical difference separately ;
a > 0 is called the unknown model parameter.
1.3 Prior model of PSF
The PSF can also be treated as an image which
has the edges. Therefore, the prior model of the PSF
can be defined as;:
p(h1B) o< B exp[BTV(h)] =
B exp(-BIl /(Ah)* + (Ayh)2 )
(8)
where the support of PSF is expanded by padding zeros

outside of its original support; B is the model parameter.
1.4 Parameter models

According to the concept of the conjugate distribu-
tions °' | the prior distributions and the posterior distri-
butions of parameters have the same form, and we can
find that Gamma distribution belongs to the conjugate
distributions. So it is used as the prior models of the
unknown model parameters;

(o) = o™ exp( - nyw) (9)
where m_ >0, n, >0 are const and denote the shape
hyperparameter and the scale hyperparameter separate-
ly; o = {a, B}. The initial value of the model param-

(1)

eteris w ' = m,/ n,.

2 Solution for L,-optimization

In the Bayesian framework, the inference based
on maximizing the posterior is equal to the following
L, -optimization ;
min{ F(u) + aTV(uw) +BTV(h)| =
(Auw)® + (Aw)* |1, +
BIl /(AR + (AR) |} (10)

It is obviously that due to the existence of L, norm

min{ | g - Hu ||, + o

which is non-differentiable, a numerical algorithm cer-
tain is needed for the optimization above. Here we a-
dopt the Tteratively Reweighted Norm (IRN) ') to im-
plement the numerical calculation of the L,-optimiza-

ion. IRN minimizes the L, norm by approximating it,
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within an iterative scheme, by a weighted norm. So
F(u,h), TV (u) and TV (h) can be expressed
using IRN:

. : 1
k) = B R (g = Hu) 113+ R )
Q. () = (W) Au |3 + STV

0wy =Ly ran gt + Lrva)

(11)
where A, W' | W" and W" can be defined;

u

A, .
A=(A),M”:m%uAg—M“»;
:

(k)

Q(k) 0
(k) _ h
o aov) " _( )

0 oV
where 2" and Q" have the following defini-
tions ;
Q" = diag(r,((Au)” + (A,0)7)),
Q" = diag(r, ((A,R)" + (4,0)%)).

The threshold functions T,, 7, and 7, have the

same type as follow ;

|—l

| z , iflzl >¢

(12)
e, iflzl<e

7(z) = {

3 Description of proposed algorithm

According to formula (2), the estimation of each
unknown variable can be written uniformly as follow :

¢ = argmaxp(£,0,,¢) (13)

where £ {u, h, a, B} ;60 = {u, h, a, B} ;0, denotes

the set of reft elements with ¢ excluded from 6. There-

fore, the proposed algorithm can be described as follow .

Initial values: ', B(') , u'” and AV
For k = 1, 2,---, until stopping riteration
step 1: calculation; Wi W'" and W"

k+1)

step 2: 1" =arg max[In p(ula™ ) +In p(glu,

K = u* = [aPA"WEA +

(H<k> )TW<Fk>H(;,-> ] 1y (H(k) )TW;“g
(14)
step 3: A" = arg max[In p (RIB™) +In p(glu®"",
h) 1=
RO — [B(DATWZMA n
(U(k+l) )TW<Fk> U(k+1) ] -1 (U(k+l) )ka)g

(15)
step 4:a"" = argmax[Inp (a) + Inp(u* 1 @) =
)N - 1
W) =k

2TV u*" ]
(1) 2V (16)

B = arg max[In p(B) + Inp(h* 1 B)]=

2TV RV ]
N -2

(17)

i +1 -1 1
(B“ )) ZKBW+(1_KB)

(k+1) u(k) ”g

a1

(k+1)

[RZ

<107

step 5 ;if

then output u
else b = k+1

return to step 1

where k, = m,/ (m,+N/2 =1) k5= mg/ (mgz +N/
2 — 1) denote confidence parameters and take values in

the interval [0, 1).
4 Experimental results

Several experiments have been carried out for the
proposed algorithm using several degraded images. The
proposed algorithm is compared with MM method *' in
which the PSF is known. Since MM method assumes ex-
act knowledge of the PSF, it provides an upper bound of
the achievable quality by the blind deconvolution meth-
ods. We use the improvement in signal — to — noise ratio
defined as ISNR =10 1g,,( ||u—-g |3/ ||u—-u., |3) to
measure the quality of the restored images, where u,,
represents the estimated original images.

Experiment 1 The original image Lena and Barbara are
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used and they were blurred by a Gaussian shaped PSF
to obtain the degraded images as shown in fig. 1. The
restored results obtained by using the proposed algo-
rithm and MM method are shown in fig. 2. Table 1
shows the iteration number and time needed for the
proposed algorithm and MM method to restore the origi-

nal images.

(a) Lena, BSNR = 30 dB (b) Barbara, BSNR =30 dB

Fig. 1

Blurred images

ISNR =4.0 dB ISNR =3.8 dB
(a) Results obtained by proposed algorithm

ISNR =3.3 dB
(b) Results obtained by MM method

ISNR =2.9 dB

Fig. 2 Restored results

Table 1 Iterations and time costs

Blurred
Algorithms Tteration Time/s
Images
Proposed 13 25.31
Lena
MM 41 123.45
Proposed 21 34.89
Barbara
MM 52 143.21

Experiment 1I; The original image Lena and Bar-
bara are used and they were blurred by a uniform
shaped PSF to obtain the degraded images. The re-
stored results obtained by using the proposed algorithm
and MM method are shown in table 2.

Table 2 Uniform-blurred images and their

deconvolution results

Blurred
Algorithms Iteration Time /s ISNR
Images dB
Proposed 7 14.22 6.4
Lena

MM 31 87.14 5.3
Proposed 25 40.32 4.6

Barbara
MM 63 166.98 3.6

The experiments show that the blurs can be re-
moved successfully by using the proposed algorithm,
with satisfactory speed. The proposed algorithm shows
better performance than MM method which uses the
conjugate gradient method to estimate the original im-

age.

5 Conclusions

Based on the Bayesian framework, a novel algo-
rithm has been proposed for simultaneous estimation of
the original image,The PSF and the unknown parame-
ters in blind deconvolution problems. Using this algo-
rithm, we can approximate the posterior distributions of
the original image and the PSF, as well as the un-
known parameters. The proposed algorithm has been

analyzed, validated and compared with synthetic data.
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Bayesian Framework Based Blind Deconvolution
Algorithm for Blurred Images
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[ Abstract] For the purpose of deblurring the blurred images without the loss of the detailed information as edges,
it was necessary to estimate the original image and point spread functions accurately. A Bayesian framework is pro-
posed based algorithm which used the total variation model to describe the original image. The total variation could
preserve the edges of deblurred images, while it was non—differentiable. Therefore, the Iteratively Reweighted Norm
method is utilized to solve this problem. Based on the conjcept of the prior distribution, the Gamma distribution was
introduced as the prior models of the unknown model parameters. The experimental results show the competitive per-
formance of the proposed algorithm. With the accurate estimation of the original image and unknown model parame-
ters, the blind deconvolution can be implemented successfully. The speed of the proposed algorithm and the results of
the deconvolution are all improved obviously. Compared with the similar algorithm, the proposed algorithm has some
advantages.

[ Key words| image blind deconvolution total variation model
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numerical calculation



