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Abstract: An algorithm is presented for image prior combinations
based blind deconvolution and applied to astronomical images.
Using a hierarchical Bayesian framework, the unknown original
image and all required algorithmic parameters are estimated si-
multaneously. Through utilization of variational Bayesian analysis,
approximations of the posterior distributions on each unknown are
obtained by minimizing the Kullback-Leibler (KL) distance, thus
providing uncertainties of the estimates during the restoration pro-
cess. Experimental results on both synthetic images and real astro-
nomical images demonstrate that the proposed approaches com-
pare favorably to other state-of-the-art reconstruction methods.
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1. Introduction

As explained in [1,2], the digital image restoration tech-
niques have improved enormously since 1950s with the
space program. The program was mainly responsible for
restoring images in optical astronomy which were, at that
time, of unimaginable resolution but held untold scientific
benefits. However, the images obtained from the various
space missions were subject to major technical difficulties
such as substandard imaging environments, bad pointing,
the spinning and tumbling of the spacecraft, etc. These
difficulties resulted, in most cases, in blurring degrada-
tions to the acquired images that could be scientifically and
economically devastated. The extreme need for the abi-
lity to retrieve as much meaningful information as possi-
ble from degraded images was encountered. As a result,
it was not long before some of classical signal process-
ing approaches were adapted to images, finding their way
into the new field described as digital image restoration.
Not surprisingly, astronomical imaging is one of the im-
portant developments and primary applications of digital
image restoration.
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A great deal of methods have been proposed to tackle
the image restoration in astronomy. The paper [3] provides
reviews of the major approaches including theoretical ex-
pectations and computer simulations. A wavelet frame-
work based on Bayesian modeling and inference was ap-
plied to astronomical image restoration and further ex-
panded in the book [4]. Compressed sensing and sparse
image processing based on sparsity [5—7] have been in-
troduced to astronomical data analysis. However, while
the variational Bayesian blind deconvolution has received
more attention in the field of image processing, to our
knowledge, few attempts for this method have been made
in the astronomical image restoration.

In classical image restoration methods, it seeks an esti-
mate of the original image assuming the blur function is
given and the degradation process is known. In contrast,
blind deconvolution deals with the much more challeng-
ing and realistic problem in the area of astronomical im-
age restoration, where little exact information is available
about the degradation. In general, the degradation process
for astronomical images is nonlinear and spatially varying,
which is hard to be inferred only from the observed im-
ages. Nevertheless, most of the literatures assume that the
observed astronomical image results from a linear spatially
invariant (LSI) system, which is not suitable for many real
image processing situations in astronomy.

There are two main categories to the blind deconvo-
lution problem according to the stage at which we iden-
tify the degradation process. In the a priori degradation
identification methods, the degradation process is previ-
ously identified from the observed images, and then used
in one of the classical image restoration algorithms [8].
Another category of methods identify both the original
image and degradation process simultaneously [9—11]. In
these methods, prior knowledge about the original image,
degradation, and noise is introduced in the estimation pro-
cess, and the Bayesian framework allows the prior mo-
dels on the unknown parameters are described in a system-
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atic way, which is often employed in blind deconvolu-
tion. To obtain approximations to the posterior distribu-
tions of the unknown parameters, variational methods can
be applied to the blind deconvolution problem with the
use of the Kullback—Leibler (KL) divergence [12]. The
variational Bayesian blind deconvolution has been utilized
in [13-15].

In this paper, we propose to use a novel variational
Bayesian methodology for the blind deconvolution prob-
lem by incorporating the combination of prior models in
image restoration. A combination of the sparse total varia-
tion (TV) or /1 norm and the non-sparse simultaneous auto
regressive (SAR) image prior models is systematically in-
cluded in a hierarchical Bayesian framework, along with
the observed images, the unknown original image, and the
motion or blur parameters. Using a variational Bayesian
analysis, the original image and all algorithmic parameters
are jointly estimated and do not require user supervision.
Moreover, the proposed Bayesian framework based blind
deconvolution provides uncertainties of the estimates dur-
ing the restoration process, which helps to prevent error
propagation and improves robustness.

The paper is organized as follows. Section 2 provides
the hierarchical Bayesian paradigm, along with the prior
models for the observation, the image, the motion and
the hyperparameter. The variational approximation method
based on the Bayesian inference is described in Section 3.
Section 4 presents experimental results and Section 5 con-
cludes the paper.

2. Hierarchical Bayesian paradigm

In digital image processing, an observed image can be ob-
tained from the two-dimensional convolution of the origi-
nal image with a linear space-invariant blur or a motion
model, plus the additive noise. That is

g(m,y) = f(xvy) * h(m7y> + n(m7y> =

Z f(n,m)h(z —n,y —m) +n(z,y),

(nvm)esh
(z,y) € Sy ey

where * denotes the 2-D linear convolution operator,
9(z,y), f(z,y), h(z,y), and n(z,y) represent the ob-
served image, the original image, the blur or motion, and
the additive noise, respectively. Sy C R? is the support of
the image, and S;, C R? is the support of the model for
blur or motion. Recovering the original image f(x,y) be-
comes the process of the deconvolution of the h(z, y) from
the observed image characteristics.

The image degradation model of (1) is also often ex-
pressed as a discrete linear system, which leads to a matrix-

vector form, that is
g=Hf+n (2)

by lexicographically ordering the vectors g, f, and n.
The observation noise n generally originates during im-
age acquisition, processing, or transmission, and is com-
monly assumed to be white Gaussian noise uncorrelated
with the image. H represents a block circulant with cir-
culant blocks (BCCB) matrix [16], which allows (1) to be
expressed in the discrete frequency domain with impulse
response h. Thus (2) can also be written as g = Fh + n,
where F' is a matrix formed from the image data and h be-
comes a vector parameterizing the model for blur or mo-
tion. We assume the observed image g and the original im-
age f consist of NV and PN pixels, respectively, where the
integer P > 1 is the factor of increase in resolution. The
blind deconvolution problem for this matrix-vector form
is equivalent to estimating f and h given g using prior
knowledge about f, h and n.

According to the principle of the Bayesian philosophy,
the original image f and the model for blur or motion h
are assigned corresponding prior probability density func-
tions (PDFs) p;(f|a;), fori = 1,...,m, and p(h), which
incorporate our knowledge about the imaging process and
the nature of the image into the estimation process. The
parameter m is the number of models which we want
to combine. The conditional distribution p(g|f,h, () is
termed the likelihood of the observations. These parame-
ters «; and 3 in above distributions are termed hyperpa-
rameters and assumed unknown. To alleviate the ill-posed
problem that these parameters are unknown, an additional
modeling stage for hyperprior distributions can be incorpo-
rated to model the prior knowledge of the hyperparameters,
leading to a hierarchical Bayesian paradigm. This abstrac-
tion generally increases robustness to errors which result
from the uncertainty in the observed data. This hierarchi-
cal Bayesian paradigm on the form of joint distribution is
defined as

p(ai7 ﬁ7 .f7 h’vg) =
p(glf. h, B)p(flei)p(h)p(i)p(B) 3)

and inference is based on p(«;, 3, f, h|g).

The hyperparameters in the hierarchical Bayesian
paradigm are crucial, which have to be addressed when
dealing with inference for image restoration problems. The
first problem is that the definition of p(«;) and p(f) can
deal with the case of known hyperparameters in degener-
ate distributions, and with more likely situation that little
knowledge about these hyperparameters is available. The
second problem to be solved is to determine how the hy-
perparameters allow the inference to carry out, and com-
monly used methods include the evidence analysis in [17]
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and the empirical analysis in [18]. The third problem to
be considered is how to decide the way of calculating the
posterior distribution p(c;, 8, f, h|g).

In the following subsections we first provide the vari-
ous prior models for the individual distributions appearing
in this paper, then study the estimation of these unknown
parameters using inference models under the hierarchical
Bayesian paradigm.

(i) First stage: prior models on the observation, image
and motion

For the observation noise n, we assume that a flexible
model for zero mean independent white Gaussian noise
is used, specifying the likelihood of the observed image
with independent elements of variance o2 = 3~!. Thus
we have

lalrh0) o 52 exp | ~Dllg — HF| . @

Similarly, we can obtain another form of observation
model using the V x N convolution matrix F' and rewrite
(4) as

plaldoho9) 3V exp | ~Dlg — FRIE] .

The incorporation of accurate image models p;(f|a;)
introduces better quality of the estimated original image
f and improves the accuracy of other unknowns, con-
straining the possible solutions of the prior knowledge to
the most probable ones. Several important considerations
while choosing the image prior refer to the typical descrip-
tions of the natural images and the analytical tractability of
the Bayesian inference. These generally limit the possible
choices.

In this paper we adopt the SAR prior model [19], the
prior model based on the /1 norm of horizontal and ver-
tical first-order differences (f.o.d.) [20] and the TV prior
model [21]. The SAR model is a common non-sparse prior
from the class of Gaussian models with quadratic energy,
which generally overpenalizes the image edges. It is de-
fined by

n(flor) x o exp [-ZHICEE] ©

where C denotes the discrete Laplacian operator and oy
denotes the hyperparameter in this prior model. To pre-
serve the image edges by not overpenalizing outliers in the
image gradient distribution, two popular sparse priors be-
low are widely used. The prior model based on /1 norm is
given by

PN
p2(floz) o< (aizlazzj) 4

PN
exp {— Y las AN+ aé’IIAE’(f)Ilﬂ} ™

i=1
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where the operators A (f) and AY(f) denote the hori-
zontal and vertical f.o.d., respectively, at the pixel ¢ with
as = {ak, ay}, being o and oy the model hyperparame-
ters. The TV prior model is given by

PN

p3(flas) = az® -

exp [—% S J@ler @2 ®

where a3 denotes the hyperparameters of this prior model.
The most important difference between TV and /1 lies in
the 11 prior model with two hyperparameters o and o
providing more possible direction dependence of the edge
strength.

For the model for h in this paper, we assume that
the blur is known and only consider a parametric motion
model consisting of translational and rotational informa-
tion modeled as h = (6, z,y)T, where 6 is the rotation
angle, and x and y are the horizontal and vertical displace-
ments corresponding to a reference frame. However, the
motion parameters estimated solely based on the observed
images make estimation errors unavoidable and cause sig-
nificant drawbacks in blind deconvolution. Therefore, we
treat the motion parameters as stochastic variables and
model their uncertainty using the following Gaussian dis-
tributions:

p(h) = N(h[h?, A7), 9

where h? denotes the initial estimate of h using some con-
ventional registration algorithms [22,23], and A” denotes
the prior covariance matrix. The two parameters introduce
prior knowledge about the motion information into the es-
timation process.

(ii) Second stage: hyperpriors on the hyperparameters

The hyperparameters a1, ao, g and § are important
for the performance of the blind deconvolution when they
are unknown and need to be simultaneously estimated by
introducing a second stage in the hierarchical Bayesian
paradigm. To obtain tractable Bayesian inference, conju-
gate hyperprior distributions are incorporated to carry out
and calculate the posterior distribution p(«;, 3, f, h|g).

The generally used hypeprior distribution is the uninfor-
mative prior model, given by

p(w) = const. (10)

However, little information is available about its prior
knowledge, instead we employ Gamma distributions,
which are more flexible hyperprior distributions, given by

exp[—bw] (11)
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where w denotes a hyperparameter, a, is the scale para-
meter and b¢, is the shape parameter, both of which are as-
sumed to be known and make the estimation process rely
on the prior knowledge about the hyperparameters. The
Gamma distribution has the following mean, variance, and
mode:

Elw] = al, /by, Varlw] = ag/(b2)?,
Mode[w] = a2, — 1/b2. (12)

3. Variational Bayesian inference

For all unknowns in the previous section, including hyper-
parameters, image and motion, we denote by © = 6; =
(o, 2) = (e, B, f, h) for clarity. As mentioned above,
the Bayesian inference is based on the posterior distribu-
tion

p(aiaﬂa f7 h’7g)
p(g) '

There are many existing methods in the literature that can
be utilized to obtain estimates of the unknowns, such as
the evidence-based analysis [24], the empirical-based ap-
proach [25], and the expectation-maximization (EM) al-
gorithm [26]. Among these approaches, the EM algorithm
can guarantee convergence to local maxima of the poste-
rior distribution which is obtained from the marginal dis-
tribution to provide estimates of the unknowns. However,
in many applications, the posterior distribution p(©;|g)
cannot be found, since

p(6ilg) = p(es, B, f, hlg) = (13)

oo) = | | || plais. 1. hganafasaa;  an

cannot be calculated analytically. Therefore, an approxi-
mation of a simpler tractable distribution ¢(©) using the
variational Bayesian analysis [27] is proposed. Good pos-
terior distribution approximation ¢(©) will be found by
decreasing the KL divergence between ¢(©;) and p(6;|g),
given by
Cxr(q(6:)[|p(Oilg)) =
q(6s)
Jateore(ig e
(6

Jq(@ﬁlg(@)d@i + const (15)

which is always nonnegative and equal to zero if ¢(©;) and
p(©;]g) coincide, which corresponds to the EM algorithm.
To decrease the complexity of computation, analytical so-
lutions for the family of distributions ¢( ©;) obtain a factor-
ized form utilizing the mean field approximation [28,29],
given by

q(6;) = q(2)q(ci) = q(Fla(h)q(B)q(as).  (16)

Next, we assume a vector parameter 7 € © and de-
note by @ the subset of & with 1" removed. Each dis-
tribution of these parameters can be estimated through an
iterative procedure using the factorization. During each it-
eration solution process, the distribution of the parameter
T can be obtained by the knowledge about other parame-
ters O, given by

o(T) = arg I;;in Cxr(q(Or)g(T)||p(Elg)) =

const x exp({lgp(0,9))q(o) a7

where (e) (o, denotes the expected value relating to the
distribution ¢(O 7).

For the model combination, we propose two configura-
tions which are between quadratic SAR and non-quadratic
[1 or TV image priors. Unfortunately, we cannot di-
rectly utilize the prior models p;(f|a;) for i@ = 2,3,
within variational Bayesian methods due to the intractable
performance of the KL distance in (15). In this paper,
majorization-minimization (MM) [30] approaches can be
proposed to tackle the problem by obtaining bounds to
the joint distribution, which make the minimization of
(15) tractable. Lower bounds to the distribution in (3), for
1 = 2,3, can be found as follows:

MQ(a27 .f7w2) = (0430/2])%
PN
B n (A2 (f)? + Wb,
exp{ ; {a2—2@ +

and
PN

Ms(as, f,ws) = (a3) 2 -

PN 1 2 v 2 i
o {a3, [mz (£)* + (A2 () +w31]} 19

2 W3;

where PN-dimensional auxiliary variables w,, w¥ws; €
(RT)™N fori = 1,..., PN, play the role of local adapt-
ability factors, needing to be computed and lower the
smoothing effect of the function.

We use the following geometric-arithmetic mean in-
equality, which is expressed as

a+b
Wb’

We can find these functions in (18) and (19) are lower
bounds of the image priors p; (f|a;), for i = 2, 3, that is

b
md; = Va<

(20)

pi(flag) = M (o, f,w;). 2D
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These lower bounds can result in lower bounds for the
joint distributions for ¢ = 2, 3 in (3), respectively, given by

(6, g) > i(ai, f,wi)p(h)p(ai)p(B) =

F(9i7g7wi>7 (22)

p(gl2)M,

and consequently, an upper bound of the KL distance in
(14) is given by

CxL(q(€:)[[p(Oilg)) <

CxL(q(6:)||F (s, g,w;:)). (23)

Therefore, the minimization of this upper bound can be
utilized instead of the minimization in (15), since the form
of the inequality in (23) allows the unknowns and the auxi-
liary variable w lead to an alternating optimization strat-
egy, where closer bounds at each iteration revise the esti-
mates of the unknown distributions using the current es-
timates of other distributions. Also this upper bound is
quadratic and can be evaluated analytically. Utilizing this
bound, we can calculate g(«;), for i = 1,2,3, using the
standard solution of the variational Bayesian methods in
(17). Thus we can obtain

q(on) o< exp((lgp1 (2,1, 9))g(2)) (24)
and

q(a;) o< exp((lg Fi(6i, g, w:))q(2)), fori =2,3 (25)

where (*),(0) denotes the desired estimation value of
based on the ¢({2) distribution. Next, we consider all the
divergences to obtain the distributions for the rest of the
unknowns ¢(&) with £ € {2, given by

qc(§) x exp((lg[p(g|2)p(h)p(B)-

[Mic (aic’ f7 Wy, )p(alc )})‘ic .

[p1(Flon)plan)] ™) gor.0)) (26)

which includes the two configurations ¢ € {i1, TV}, for
ic = 2whenc =1landi. = 3 whenc =TV, and 6; ¢
denotes the set of parameters with £ removed.

(i) Estimation of the original image and registration pa-
rameters distributions

From (26), the distribution function ¢(f) of TV and /1
can be found as

qrv(f) o

exp { %<A3<a3> Z (AF()* + (AV(£)? tws

w3;

i

(1= Aa)an)ICFI? + {B)(lg Hf|2>q<h))} @

and

qu(f) o exp { %(,\2{<a3>;%ﬁ+

@) 3 M} £ - a)anlCst

v
Wa,

) (lg - Hf|2>q<h>)]. 8)

Next, we obtain the distribution of the motion model h
using

%

o(h) x| = 590 lg ~ V)i

(h— RPYT (A7) (h — iﬂ»] | 29)

These distributions are related to the expectation va-
lues (|lg — H£1|)q(s) and (|g — HF|[2)qqn). which are
not easy to calculate since H in (2) is always with non-
linear form in many astronomical applications. Therefore,
the motion model h will be expanded by its first-order
Taylor series O,.(fz), for r = 1,...,3, around the mean
value h = (h) = (0,%,7)" of the distribution g(h), and
h can be replaced by

h =~ h+[01(h),04(h),05(h))(h — k), (30)
resulting in the following approximation:

(lg = HFI*)gm ~ llg -

3 3
> > (Bifro;

i=1 j=1

Hf|*+

(h)TO;(h)f 31)

where for 7,5 = 1,...,3, &; denotes the essential factor
of the 3 x 3 covariance matrix A" of the posterior ¢(h) in
(29).

Substituting (31) into (27) and (28), these posterior dis-
tributions g.(f) result in the multivariate Gaussian

4e(f) = N(f|Eq.)[f], cove. ) [f]) (32)
with mean parameter
Eq.(5)[f] = coven [F11(B)(R) T g] (33)

and inverse covariance

cov, ! f) [f] = <ﬁ>(ﬁ>TiL+

qTVv

3 3
>3 6,0

As(as) (A" W (ws) AP + A W (ws) A?)+
(1= A3){ay)CTC (34)

O;(h)+
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for ¢ = TV, and
~ ~ 3 3 ~ ~
cov, ! ] = (BY(R)"h+D > (8)6;0:(h) O, (h)+
i=1 j=1

Ao () AP W (wh) AR+ (a3) A”" W (wh) AY)+
(1 —X2)(a;)CTC (35)

for ¢ = [1. It is clear from the equations above that
A" and AV denote the PN x PN convolution matrices
related respectively to the horizontal and vertical f.o.d.,

and W(w);; = ——, fori = 1,..., PN, represents a

7
PN x PN diagonal matrix with the essential factors w;, in-

troducing the local spatial activity into the estimation pro-
cess of the original image. Therefore, the matrix W (w)
can be used as space adaptation matrices by controlling
the spatial smoothing applied at different locations.

The following expressions for the auxiliary vector w;
are calculated as

whi = By () [(A7 ()%,

wh; = Bq, (5 [(A7 ()] (36)
wsi = Egpry () (AT + (AV(F)?]. (37

Next, substituting (30) again into the following approx-
imation, we obtain

(lg = HFI)gep) = lg — hEq(5)[f] = T(h = h)||*+
tr[(h)Thcov,, ()] + 20" (h — h)+

(h—h)T®(h —h) (38)

which can model the distribution g(h) of (29) as the
Gaussian distribution ¢(h) = N (h|{h}, A) with two vari-
ables

(h) = A[(A?)"'h? 4+ (B)(Th + Th+ Q — &)] (39)

and
A7 = (A7) (B)(P + T). (40)

In (38)-(40) above, Y = [Oi(h)E, 5 [f].
Og(ﬁ)ch(f) [f], O3(iL>ch(f) [£]], Q and @ denote 3 x 1
vectors with components @; = tr[(ﬁ)TOi(il)covqc(f)]
and Q; = (g — hE, (»[f)T Y, respectively, for
1 = 1,2,3, and ¥ and I" denote 3 x 3 matrices with
components ¥;; = tr[O;(h)TO;(h)cov,, s)[f]], and
;= TiT T ;, respectively, for ¢, 5 = 1,2, 3.
(ii) Estimation of the hyperparameter distributions

Finally, the distributions of the hyperparameters «;; and
[ are obtained as Gamma distributions. Using (26), the §
is expressed as

q(B) o f= 1.

_ 2
exp [—ﬁ <b% + ch(f)[||g2 Hf| ])] ) (41)

Using (24) we obtain the distribution for o1, expressed as

PN _q 0
q(an) x ay® Foay

2
exp [_al <b31 N ch(f)[2||(cf|| }ﬂ “2)

and from (25) we obtain

g(af) o (ag) *
PN

exp [—a'g (bgg + Z \/w§i>] , 43)
i=1

q(az) o< (o

PN
exp lofﬁ (bgg + Z \/@)] ) (44)
i=1

for a, and for a3

m71+a°

q(as) o (as) 2 s

PN
exp l—ag (bg3 + Z \/w31>1 . (45)
i=1

The proposed iterative algorithm is summarized below in
Algorithm 1 and its flowchart is given in Fig. 1.

Algorithm 1 Variational Bayesian blind deconvolution
using SAR and /1 or TV model combinations.

Calculate initial estimates of original image, motion
model and hyperparameters.

while convergence criterion is not met do

(i) Estimate the image distribution using (26).

(ii) Calculate the vector w2 using (36), for ¢ = [1, or ws
using (37) for ¢ = TV.

(iii) Estimate the motion model using (39).

(iv) Estimate the distributions of the hyperparameters (3
using (41), oy using (42), and « using (43) and (44), for
c =11, or a3 using (45), forc = TV.
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4 )

Initial estimates of original image, motion

model and hyperparameters
- J

i

( B

Estimate the image distribution using (26)
4 J

4

( )
Calculate the vector w, using (36), for c=/1,

orwyusing (37) for c =TV
N\ J

¢

( )

Estimate the motion model using (39)
|\ J

+
-

Estimate the distributions of the

hyperparameters 3 using (41), «; using
(42), and & , using (43) and (44), for c=11,

\_

oray using (45), for c=TV .

¢

Convergence criterion

[ The end of the algorithm ]

Fig.1 Flowchart of Algorithm 1

4. Experimental results

A number of experiments will be conducted with the
method proposed in this section, using synthetically de-
graded images and sequential astronomical images. Our
goal is to evaluate the performance of the different algo-
rithms mentioned in this paper and their original image
restoration quality in the application of astronomy, par-
ticularly when studying the effects of model combination
in Algorithm 1 (ALG1). In synthetic experiments, the ob-
tained results for the restored original image are compared
quantitatively in terms of the peak signal-to-noise ratio
(PSNR), which is defined as

PSNR = 101g _NP (46)

If = fII?
where f and f denote the estimated and original images,
respectively, and pixel values in both images are taken in
the range [0, 1].
In all experiments reported below, the initial values of
ALGTI are chosen as follows: the initial parameters in the

iterative motion estimation process based on (39) and (40)
are estimated from the observed images using the stan-
dard Lucas-Kanade method [31], and the stopping crite-
rion ||g — Fh'||?> > ||g — Fh*~!||? has been used, where
hi and h*~! are the motion parameters estimated at the
ith and (¢ — 1)th iterations, respectively. The maximum
number of iterations is set to 100. The original image es-
timate £ is then initialized using bicubic interpolation of
the first observation. The remaining parameters have been

initialized to the following values: ag, = by, = 0, ag =

b,B =0, w2i = (A?(fo)) , Wy = (Av(fo >

(AB(F)? + (AV(F)? of = PN/ (22@)
= PN/ (2%@) a3 = PN/ (22@)

B=N/lg—Hf|*

Many parameters in Steps 2 —4 of Algorithm 1 are esti-
mated using traces of different matrix products associated
with the covariance matrix covy, (f)[f]. The Jacobi ap-
proximation will be applied here since this covariance ma-
trix has no exact form, and it can provide the best balance
between precision and efficiency. The convergence crite-
rion in this paper adopts || £ — £~ (|2 /|| f"~1||* < 1077,
where £ and £ ! are the image estimates at the nth and
(n — 1)th iterations, respectively.

All the unknowns of our problem in the proposed ALG1
are automatically calculated except for the A parameter,
which determines the different contribution of the prior
model combination we use. Two combinations denoted by
[1-SAR and TV-SAR are considered in the experiments,
which correspond to the combination of the SAR and one
of [1 norm and TV based model priors. For [1-SAR with
Ain = {1—X2, A2, 0}, when the parameter )\ is set equal to
zero, the role of the /1 norm vanishes, and the SAR model
becomes solely responsible for the restoration, while the
combination for Ay = 1 creats a completely opposite si-
tuation in which our model becomes the /1 norm. For TV-
SAR with Ary = {1 — A3,0, A3}, we obtain TV from the
degenerate combination when A3 = 1. When A3 = 0 we
obtain again the SAR model.

In this section, the results obtained using the follow-
ing methods are compared: bicubic interpolation (denoted
by BBC), iterated back-projection in [32] (denoted by
IBP), which is based on the back-projection reconstruc-
tion method, the robust super-resolution method in [33]
(denoted by RSR), which is based on a robust median esti-
mator, projection onto convex sets (denoted by POCS) and
the methods in this paper (denoted by SAR, /1, TV, TV-
SAR and [1-SAR).

We deal with synthetic images in our first experiment, in
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which the set of three images of 128 x 128 pixels of size,
depicted in Fig. 2, have been warped, blured and down-
sampled by a factor \/p = 2 to generate three sequences
of six low-resolution images, then additive white Gaussian
noise at signal to noise ratio (SNR) levels of 10 dB, 20 dB,
30 dB and 40 dB is added. For the warping, consisting of
both translation and rotation, the following translation vec-
tors have been chosen as

0.0 0.0 0.5 1.0 0.0

(on)(63)(60) - (a0) - (%0)
and the rotation angles are (0°,3°, —3°,5°, —5°), respec-
tively. We simulate each SNR level with 20 different noise
realizations, and mean PSNR values and standard devi-
ations of these experiments are reported. For IBP, RSR
and POCS algorithms, they employ a great deal of un-
known algorithmic parameters that need to be tuned or su-
pervised, and the maximum PSNR value can be obtained
by searching for the algorithmic parameters exhaustively
during their iterations. This tuning process will be trouble-
some and time-consuming. For ALG1, there is no need for
parameter tuning and user supervision since all required
algorithmic parameters of ALGI are estimated automati-
cally.

(a) Synthetic image-1 (b) Synthetic image-2 (c) Synthetic image-3
Fig. 2 Set of 128 x 128 images used in the synthetic experiments

Table 1 shows the mean PSNR values with standard de-
viations of the restored images corresponding to the dif-
ferent algorithms, and Fig. 3 shows the plots of the mean
PSNR values. The proposed ALGI for SAR, /1, TV, TV-
SAR and [1-SAR models result in better reconstruction
performance in terms of PSNR than the other ones. It is
also clear that all algorithms behave better than bicubic
interpolation. Regarding the difference in performance of
each model separately, [1 norm and TV based models give
better results than the SAR model, /1 provides slightly
higher quality than TV. The two proposed model combi-
nations TV-SAR and [1-SAR obtain similar PSNR values
and give better results than SAR, /1 and TV alone. The Ao
and A3 values need to be exhaustively searched between
the value space [0, 1], with a precision of 0.05, to maximize
the PSNR values for the TV-SAR and /1-SAR model com-
binations. The adopted A2 and A3 values are also shown in
Table 1. Details for estimated original images are shown in

Fig. 4, Fig. 5, and Fig. 6, for the SNR=10 dB case. Obvi-
ously ALGI provides the most visually enhanced restora-
tions with significantly reduced ringing artifacts and much
sharper edges compared to the other methods.

60 T T T T T

55t
s0f
45t
4o0f

PSNR

35F
30F
25+

20

1 1 1 1 1 1 1
BBC IBP RSR POCS SAR TV TV-SAR /1
Method

(a) Plots of synthetic image-1

[1-SAR

70 x
65F
60F
551
sof
45F
40F

PSNR

35r
30
2$r
20 1 1 1 1 1 1 1
BBC IBP RSR POCS SAR TV TV-SAR /1
Method
(b) Plots of synthetic image-2

[1-SAR

PSNR

15 L L L L L L L
BBC IBP RSR POCS SAR TV TV-SAR /1 [1-SAR
Method

(c) Plots of synthetic image-3
—a— :10dB; :20dB; —=— :30dB; —=— :40dB.

Fig.3 Plots of the mean PSNR values corresponding to the different
methods and noise levels, for the images in Fig. 1
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Table 1 Mean PSNR values and standard deviations of the estimated original images in Fig. 1 at different SNR levels, along with A2 and A3
values obtained from the exhaustive search PSNR maximization

SNR Method a b i
PSNR X2 /X3 PSNR X2/ X3 PSNR X2/ X3
BBC 15.46+0.05 23.33+0.03 18.15+0.02
IBP 16.22+0.08 23.26+0.03 18.24+0.01
RSR 17.1140.13 24.73+0.09 19.49+0.07
POCS 21.4340.02 28.49+0.06 23.3440.07
10 dB SAR 31.18+0.06 38.2340.14 34.44+0.17
TV 35.78+0.11 45.0140.12 41.5940.11
TV-SAR 37.5240.03 0.90 47.9240.07 0.90 44.01+0.08 0.90
1 36.78+0.07 46.3040.07 42.94+0.09
I1-SAR 38.78+0.14 0.75 49.48+0.06 0.80 46.5140.04 0.90
BBC 15.99+0.04 23.66+0.03 18.48+0.06
IBP 16.4340.13 24.1740.14 19.7240.14
RSR 17.3940.21 24.2540.12 19.7240.15
POCS 22.1240.09 28.7240.09 24.24+0.06
20 dB SAR 39.5140.17 45.39+0.03 41.48+0.03
TV 43.4140.14 49.99+0.04 45.8340.03
TV-SAR 48.2740.21 0.80 54.58+0.16 0.75 50.3740.02 0.80
1 44.10+0.07 50.224+0.12 46.66+0.18
11-SAR 49.33+0.05 0.80 55.3540.07 0.75 52.5040.12 0.75
BBC 16.03+0.11 23.95+40.06 19.07+0.11
IBP 16.49+0.02 24.40+0.04 19.00+0.07
RSR 17.44+0.05 24.67+0.04 19.1240.06
POCS 22.3940.15 27.6240.07 23.9240.04
30 dB SAR 49.24+0.11 55.28+0.08 50.96+0.04
TV 52.2940.08 60.0240.17 54.30+0.06
TV-SAR 57.73+0.03 0.75 63.39+0.13 035 58.4540.21 0.15
1 53.0140.14 59.58+0.11 55.8740.11
11-SAR 58.2240.17 0.60 65.06+0.06 0.40 60.34+0.04 0.15
BBC 16.44+0.10 24.03+0.21 19.36+0.15
IBP 16.78+0.17 24.1040.17 19.9140.04
RSR 17.94+0.06 24.3240.08 19.32+0.07
POCS 22.7140.02 28.2240.09 24.0240.11
40 dB SAR 49.74+0.02 55.0240.09 51.4440.12
TV 52.3740.11 59.93+0.03 56.37+0.04
TV-SAR 57.9040.06 0.55 63.0740.11 0.10 59.89+0.03 0.05
1 53.4440.07 60.03+0.06 57.98+0.07
I1-SAR 59.0140.07 0.45 66.10+0.05 0.10 61.88+0.07 0.05

(f) SAR (& TV (h) TV-SAR with 2,=0.90 Hn (j) /1-SAR with 2,=0.75

Fig.4 Details for results of estimated original image-1 from different methods in the case when SNR=10 dB
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(a) Observed image

(b) BBC

(f) SAR (g) TV

¥ % % % %

(h) TV-SAR with 1=0.90 (N

(d) RSR

() POCS

() 11-SAR  with 13=0.80

Fig. 5 Details for results of estimated original image-2 from different methods in the case when SNR=10 dB

(& TV

(h) TV-SAR with 4,=0.90 @n

(j) /1-SAR with 1;=0.90

Fig. 6 Details for results of estimated original image-3 from different methods in the case when SNR=10 dB

Next we study the performance of the proposed ALGI
on real-image datasets. Two data sets will been used here,
the set of real astronomical images taken from Canon EOS
70D camera and TW-CMV20K camera (see Fig. 7), cor-
responding to the different methods in this paper have
been applied to image restoration in astronomy by a fac-
tor P = 2. Fig. 8 and Fig. 9 show the estimated original

>

(a) Canon EOS 70D camera

images obtained using BBC, IBP, RSR and POCS algo-
rithms and the proposed variational Bayesian blind decon-
volution, for the 20 observed images of the moon. The su-
perior quality of the restoration obtained by our proposed
methods is evident, with sharper edges and fewer ringing
artifacts than the rest of methods.

(b) TW-CMV20K camera

Fig. 7 Set of real astronomical images taken from different cameras
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(a) Observed image (b) BBC (c) IBP (d) RSR (e) POCS
(f) SAR (g TV (h) TV-SAR with 1,=0.70 ont (j) 1-SAR with 1;=0.45

Fig. 8 Estimated original images from 20 observed observations captured with Canon EOS 70D camera

(a) Observed image (b) BBC

(f) SAR (2) TV

(c) IBP

(h) TV-SAR with 1,=0.45 i1

() POCS

(d) RSR

(j) 11-SAR with 1,=0.60

Fig. 9 Estimated original images from 20 observed observations captured with TW-CMV20K camera

5. Conclusions

In this paper, a novel variational Bayesian blind deconvo-
Iution methodology for the combination of sparse and non-
sparse image priors, has been applied to the image restora-
tion in astronomy from rotated and displaced observed as-
tronomical images. The blind deconvolution problem is
formulated using a hierarchical Bayesian paradigm, and
Bayesian inference utilized finds the original image given
the observations by decreasing the KL divergences associ-
ated with each pair of observation and prior models. Based
on the presented experimental results, the original image
estimates obtained by the proposed method compare fa-
vorably with the images provided by other state of the art
reconstruction methods.
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