BLIND RESTORATION OF BLURRED PHOTOGRAPHS VIA AR MODELLING AND MCMC
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ABSTRACT

We propose a new image and blur prior model, based on non-
stationary autoregressive (AR) models, and use these to blindly
deconvolve blurred photographic images, using the Gibbs sampler.
As far as we are aware, this is the first attempt to tackle a real-world
blind image deconvolution (BID) problem using Markov chain
Monte Carlo (MCMC) methods. We give examples with simulated
and real out-of-focus images, which show the state-of-the-art results
that the proposed approach provides.

Index Terms— Blind Deconvolution, Learned Image Prior,
Nonstationary Image Models, Bayesian methods, Gibbs Sampler

1. INTRODUCTION

Photographic images are commonly degraded by motion or out-of-
focus blurs. In practice, the point-spread functions (PSFs) that cause
these degradations are unknown, and the need to estimate them si-
multaneously with a restoration of the image results in the blind im-
age deconvolution (BID) problem [1]. This is an extremely ill-posed
problem, and as such, proper incorporation of as much prior knowl-
edge as possible regarding the types of image and blur that are likely
to be encountered is essential to properly constrain the solution.

In this paper, we develop nonstationary models incorporating
AR parameter estimation, which are able to adapt very locally to the
variety of smooth, textured, and edge regions encountered in typical
images and PSFs. The new model is an extension of the models used
in previous work [2, 3].

An overview and collection of the many recent methods pro-
posed for tackling BID is given in [1]. Many of these, e.g. [4, 5, 2],
have used the variational Bayesian (VB) approach as a means to mit-
igate the intractability of a direct solution of these models.

One major problem with deterministic alternating minimization
(AM) or expectation maximization (EM) type algorithms is that they
are too easily trapped in local optima, especially when the state
space is very large and the likelihood is non-linear in the parame-
ters, as is the case for BID problems. Fully stochastic methods allow
searching beyond the local optimum. Although MCMC methods
are often notoriously computationally intense, we also use simulated
annealing (SA) to improve convergence rates to a level that is now
becoming feasible on modern hardware. See [6] for an attempt to use
SA to find maximum likelihood (ML) estimates in the BID problem.

The main differences of the model in the proposed approach
from the model in [2] are as follows:

This work has been supported by a UK-EPSRC Studentship, by grant
EPSRC-EP/F023073/1(P), and by the Spanish research programme Con-
solider Ingenio 2010: MIPRCV (CSD2007-00018) and the Ministerio de
Educacion y Ciencia under contract TIN2007-65533.

978-1-4244-1764-3/08/$25.00 ©2008 IEEE 669

rms@decsai.ugr.es,

Jjames.hopgood@ed.ac.uk

Rh R
Ri
l—'[j(, X HN(an,\O,éu, HN ar, 0,6, 1 E[ (02 [y, By, )

=1 ) : =1

@ PO ©
P B

positive

(f\w Qv

cit)

Fig. 1. Graphical model showing relationships between variables

e AR parameter estimation is included, in order to model tex-
tures in the image and better represent edge details;

e Local region means are also estimated to enhance model fit.

e The grid used to define regions in the image is not fixed, but
chosen randomly at each iteration, avoiding block artefacts.

e PSF positivity is imposed via rectified Gaussian distributions.

2. PROBLEM FORMULATION

The BID problem consists of estimating an unobserved true image,
f(i, ), and blur or point-spread function (PSF), h(4, j) from an ob-
served degraded image g(4, j), which is modelled as a discrete con-
volution f (4, 7) * h(i, 7) plus additive white Gaussian noise (WGN),
w(%, 7). In matrix-vector form this may be written as

g=Hf+w=Fyh+w €

where the vectors g (of length L) and f (of length L) are lexico-
graphically ordered, and H is a block Toeplitz with Toeplitz blocks
(BTTB) matrix, with defining sequence h of length Lj. An extended
observation model is used [2] to take into account the influence of
the parts of the original image outside the observation boundary that
blur into the field of view. This implies that H is non-square, of size
L x L, and the support S, of the observation g is smaller than the
support Sy of f, by the size of the blur support, S;,. Based on the
WGN assumption, w ~ N (0, o2 I), the likelihood of the observa-
tions conditioned on the true image may then be written

p(g|f.hon)=N(g|Hfo0I). 2)
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2.1. Nonstationary Image Model and Blur Model

The image and blur priors in the proposed model are based on a local
(nonstationary) modelling. The model is symmetric in the image
and blur, in that the structure of the hierarchical model for each is
the same (see Fig. 1). In previous work, a causal block-stationary
AR (BSAR) model was used to represent the image in [3]. We will
use a similar, non-causal version, but now including a local mean,
making the model more locally adaptive.

The image model will be described first in detail. Assume we
have a segmentation of the canvas Sy, with R blocks or regions.
The ordered vector of pixels inside each region R, C Sy is de-
noted f, and is of length L,, for r € {1---R}. The principle
of the BSAR model is to find a set of coefficients ay, that model
the image in each local region R, such that each pixel is the sum
of an excitation signal v, (4, j) and the weighted combination of the
pixel’s neighbours within a support region of shape Sa ., whose size
Lo, = (2P + 1)% — 1. If the model is a good fit, the excitation
signal, or modelling error, will be small and uncorrelated with the
image, and resemble WGN.

Block boundaries Because the signal at the boundary of R,
depends on its neighbours outside of the region, according to the ex-
tent of S, we define the extended region R, as a dilation of the
set Ry by Sa ;. The intersection of R, and R, is the set of bound-
ary pixels R,y exterior to R, (see [2]). Image pixels within R,
are vectorised as fr4, of length Ly, then we let f,, = | IR,
which is a vector of length L., containing all the pixels in R .

2D AR model in each block For a zero-mean signal in R,
fr(i,7), the 2D AR model of order P is defined according to:

)= > fili—kj—Dag(kD) +v.(i,5) 3)

V(k,lesaf)

Since natural images are inherently locally non-zero-mean, a mean
1y, is introduced to the model, such that £ (i,5) = fr(2,7) — py,..
It is critical, in order to avoid introducing artificial discontinuities in
the model, that pixel values f,"(i —k, j —[) on the RHS of (3) have a
common mean subtracted, whether they are in R, or R,5. Observe
that another neighbouring region, R,, will also contain some of
these pixels, but the mean will be different in this case.
In vector form, with suitable ordering, (3) is written as

fr—wp=Ap (frp —pp )+ @)

where pf, = pg,r,. py,
L,, BTTB matrix with defining sequence a .. Defining I L =
[Ir,.|0z,.xz,,], the excitation signal in R, may then be written

vp =L, —Ap, )(Fry =5 ) =Cr frp —mp )

= }Lfr].L,tF, and Afr+ isa L, X

where Cy,, = (I, — Ay, )andmny, = Cy., py,, - Wewillalso
write Ay, (fri —pp, ) = (Fa, — pp e, x0,)ay, = Fg ay,.

Whole image model Now define v’ = [v{,--- ,v}]7, the
concatenation of the excitation across all the regions, and re-order
this vector as v = Pv’. P is a permutation matrix that converts the
block-wise scanning to lexicographic ordering across S¢. Then we
have

v=Csf —ny (6)

'We use the notation 17 or 0, to represent a vector of M ones or zeros,
and 157« n or Op7x v an M x N matrix of ones or zeros. Iy is the M x M
identity matrix.
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where ny = P[n},, -+ ,nf,]". and Cy is a non-stationary BTTB
matrix with entries taken from the matrices C fr, forr =1--. R,
relating pixels in v and f according to (5).

Now, using the probability density function (PDF) of the exci-
tation signal in each block v, ~ N(O, J?)T I;.), and the fact that
these are independent, we may write

—Lr _p 1 57
— 2 r —_ =
p(vloy) = [[@m) o exp[-5o viv] ()
re{l---R}
_ _ 1 _
= (2m) "+ det|Q,| exp[fivTQv 1'0] (8)
where o, = [a?,l, o2 R]T, and the diagonal matrix Q, is
formed from the excitation variances in each block, 037,. Then by

applying a probability transformation to (8), using (6), the extended
image prior PDF may be written as

p(flasou,py)= (27T)7L+ det|2;1|~

©)
eXP[_%(Cff -n1)" Q. (Crf —ny)]
=N (f|f.Zs), (10)
where X, =E[(f - A(f - HT| =crlQues” A
and f=C;'n;. (12)

Here we denote p1; = [pf,,- -, 17| s ie. the vector of coeffi-
cients parameterising the mean image, rather than the mean image
within R; also we define ay = [a},, - ,a},]". Note that the
while the excitation signal v is independent in each region, the im-
age in each region depends on its neighbours.

2.2. Hyperprior models

The image prior model depends upon three hyperparameters: ay,
oy, py. Because in the hierarchical Bayesian approach it is con-
sidered that these parameters are also unknowns, the next stage is
specification of hyperpriors defining the distributions of their likely
values. Conjugate priors are used to ensure that the resulting condi-
tional distributions which will be sampled from will be of the same
known forms.

The AR parameters are assumed to be Gaussian distributed.
While an uninformative uniform distribution may be used reliably
for the means (there are a large number of observed data points avail-
able for their estimation), we choose to constrain them to be positive
by using a vague (large variance) rectified Gaussian, denoted by
Nt The distributions are then:

p(as]da,) = [TN (as 0,60, Is,, ) (13)
re{l---R}

p(rr|duy) = TINT (s ]0,64;) (14)
re{l---R}

For the other parameters, which are variances of Gaussian distribu-
tions, the standard conjugate priors are inverse-Gamma (IG):

plovlas,By) =[2G (0, | av, B, ) (15)
re{l---R}
p(0'12u|aw7ﬁw) =1Ig (Ui‘aw,ﬁw) (16)



2.3. Nonstationary blur prior

The prior for h takes on the same structure as that for f, but pos-
itivity is imposed on the pixels in h itself by means of a rectified
Gaussian. The set of distributions describing the blur prior are then:

p(hlan,ouwpn) =N (h|h,Zh), a7

where X, =E [(h —R)(h - E)T] —c'Q.c;T (8)
and h=Cj; 'nn, (19)
p(an, |60, ) =N (ahr 0,0ay, It., ) . Qo)

P (tn, 160,) = N7 (1, 10,0, ), @n

p (o0, |0, Bu, ) = TG (o0, | o, By ) 22)

where all parameters are defined analogously to their counterparts
in §2.1 and §2.2, with S}, partitioned into R}, blocks, denoted Ry,
Note that this is a very flexible definition of the blur model; it con-
tains as a particular case the model used in [4], as well as any global
autoregression.

3. BAYESIAN INFERENCE VIA MCMC

Inference in the Bayesian paradigm is based upon the posterior dis-
tribution of unknowns ® = {f,ays,o., s, h,an, oo, tn, o2},
conditional on the observed data: p (@ |g) xp(g|®)p(®).
With such a large parameter space, it is infeasible to perform di-
rect optimisation or calculation of this function. Marginalisation of
all nuisance variables is not tractable for this model. Methods of so-
lution available thus include approximation via variational methods,
or direct sampling of the parameter space using MCMC methods.
We choose the second option, and use the Gibbs sampler with SA to
explore the space. VB methods approximate the posterior by a sepa-
rable distribution, whereas Gibbs sampling allows for full simulation
of the posterior. Several issues that had to be overcome in practice
will be discussed in this section, including: bulk-sampling of the
image; positivity of the PSF, and improving convergence speed.

The Gibbs sampler [7, 9] draws samples 0™ at iteration k from
the distribution of each 6 € @ in turn, conditional on the previously
sampled values of all the other unknowns. These samples form a
Markov chain, whose stationary distribution is the desired posterior.

These conditional PDFs, p (6| ©¢ ), only need be known up
to a constant of proportionality; hence they are calculated simply by
taking the product of the terms from p (g | ©® ) p (®) that contain
the variable 6 of interest. This procedure results in the conditionals
shown in Algorithm 1, where we also define the sets of image and
blur parameters 0y, = {LT+7 Qw,. s Bu,. §Mf, 1) Laf} and 0, =
{Lh'r‘+ y Qs ﬁu'r" 5#;; B 5ah,,,a Lah }

Sampling procedure The scalar Gaussian and IG distri-
butions are easily sampled from standard pseudo-random number
generators (the IG by the reciprocal of Gamma distributed samples).
For the multivariate Gaussians, normally a Cholesky decompo-
sition of the covariance matrix is found, but this is intractable
for such a large matrix as cov® [f]. Instead, a conjugate gradi-
ents least squares (CGLS) solver is used [8]. For example, f is
sampled avoiding calculation of cov” [f] and E* [f] by drawing
v—N (V | OL+L+ , IL+L+ ) and iteratively solving

@ fr

MMz =M"y 23)
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Input: g, h(©, 6y,.,6,
; K 2 K

Output: f = K%ko > h—ko F9h = Kikg 2 k—ko h*)
1 fork=1---ndo
2 offset R,,Vr =1--- R,by (4,j) < Uniform(m,) ;
3 wh =g -Hf,;
s | (02" — 16 (ai’anr%*,ﬁer%wTw);
5 forr=1---R:do

(k) k k
6 {(02)" uf) )y
=ParamSampling (7, O’?U,Cfr>.f'r+nulfr70fr) >

7 (cov® [f])f1 =C7Q,'C;+0,H"H ;
8 | E"[f]=cov"[f] (0u*H g+ C7 Q. ny):
o | Y = N(FIE*[£],cov” [£]):
10 offset Ry,,.,Vr =1--- Ry, by (4, j) < Uniform(m,, ) ;
11 forr=1---Ry :do
2 | | e kel
=ParamSampling (r, O'i,, Ch,, hT+7/1'hr7 0n,.) ;
B3 | (cov*[h]) T =CFQy'Ch+0u FLFy;
14 | E*[h] =cov" [h] (0" Fig + CrQu'nn) :
15 h*® — NT(h|EF[h],covk [h]);

Algorithm 1: Gibbs sampling for Blind Image Deconvolution.
The symbol < means draw a sample from the RHS distribu-
tion. The indices k or k — 1 of the quantities in the RHS of the
equations have been dropped for clarity; it is implied that the
most recently sampled value is used in each case.

e e
where Q' = LTL M = |———| ,andy = |[———| +v.
LCy Lny

The same approach is used to sample a ¢, and ap,,., though we make
the approximation in p (f | ay, ov, ) of ignoring the dependency
of the normalising term det\E; | on ay, resulting in an improper
prior. This does not seem to adversely affect results however.

To sample the rectified Gaussians, rejection sampling is used.
For h, in order to use rejection sampling, it must be sampled pixel-
wise, which means the more efficient CGLS solver is not possible.
This requires the PDF of one pixel in the PSF, h(;, conditional on
the rest, hy;:

p (R [ i)
X ./\/’Jr (h[i]

a;l

E [h][i] - N[fl' N[z’,\z’](h\i —E* [h]\i)vN[;,'%])

1)

where N = (cov'c [h])il, and the square brackets extract a sub-
vector or entry of the matrix. A random update order is used to
update the pixels, fori =1--- Ly,.

Simulated Annealing The pixel-wise sampling of h results
in slower convergence, or mixing of the Markov chain. SA [9, 7]
is a popular method to accelerate the search for high probability re-
gions of the parameter space. The posterior distribution is raised
to a power 1/7, where 7(k) is a temperature parameter, such that
p* (©]g) = (p(©|g ))I/T(k). High temperatures result in the
PDFs being less “peaky’” and more uniform, avoiding the search get-
ting trapped in local optima. Samples are gathered after burn-in once
7(k) =~ 1. The distribution should be “cooled” sufficiently slowly,
in analogy to annealing in metallurgy. We use a quasi-geometric an-
nealing schedule: 7(k) = 1 4 (7(0) — 1) - x*. The modification
to the conditionals using the temperature parameter involves scal-



Inpu': Ta 0—12117 CfrJr ’ fTJr ’ :u’fr’ efr
Output: {(o7) () , “E‘Ij«)’ a;’j)
k
1 ’05‘ ) = Cfr+(-f7”+ _l‘l/fr+);
2 (02)" = 1G (02, |ow, + &=, o, + S07 00 );
—1
s covt g ] = (ICy,, 1u, I2/0%, +02)) s
T T 2
E* [us,] = tory COiry Ciry fu/%: ;
" IC s, te,, I2/02, +80p
k
s — N*(ug, |E* [ug,],cov® [ug,]) ;
6 covlag,] = (F5"F; Jod + 0, I,,) s
7 B [ay,] = cov® [ay, ] 00 F (£ — py,)
s a' — N(ay, |EF[ay,],cov®[ay,]):

Function ParamSampling

ing the variance of the Gaussian distributions at iteration k by 7(k),
whereas for the IG PDFs, we make the substitution aig — ‘i"(:)l -1
and B9 — Bo/7(k). We constrain the maximum temperature for
these distributions such that aiy > 1, otherwise the samples will be-
come unbounded.

Once the samples have been obtained, expectations may then
be found to provide the desired parameter estimates, for example
the minimum mean-squared error (MMSE) estimate, E [f|g] =~
K%ko Zf:ko F® where ko is chosen to allow for convergence
during the burn-in period (see e.g. [9]). Other possibilities for infer-
ence with the samples include computing a maximum a posteriori
(MAP) estimate, by cooling the temperature to zero, or to learn more

about the posterior by looking at other statistics of the samples.

(a) g, simulated

(e) f,ISNR=6.77dB

(d) g, photographed

(f) f (region S, shown)

Fig. 2. Experimental results: (a) — (c) Exp. 1; (d) — (e) Exp. 2

4. RESULTS

We present two experiments using the Lena image, firstly syntheti-
cally blurred with a simulated out-of-focus blur of radius 12 (Exp.
1), and secondly with the image degraded by a real camera (Exp. 2).
The blurred image in each case is shown in fig. 2. In Exp. 1, WGN
was added to give a blurred-image SNR (BSNR) of 40dB. The ob-
served image support Sy was 183 x 183; the PSF support S;, was
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37x 37, giving Sy = 219x219; the image and blur block sizes were
m, = 8 and m,, = 3 pixels, and the AR orders P = 5 and P, = 3.
The annealing used 7(0) = 2 and k = 0.998, over K = 4000 itera-
tions, with ko = 3000. Due to the hierarchical model, the algorithm
is fairly robust to different choices of the hyperparameters, although
reasonable values will aid more rapid convergence. Due to the new
segmentations at each iteration, lines 6 and 12 of Algorithm 1 were
also repeated twice per main iteration to update the parameters more
effectively. h(0) was chosen as a circular PSF of radius 10 (experi-
ments with a Gaussian initialisation also converged successfully).

In Exp. 2, the image was displayed on a computer screen and
photographed with the camera lens out-of-focus to produce a similar
blurred image to that in Exp. 1 (in fact it is slightly more blurred).
The green channel of the image only was used; this was bilinearly
interpolated and downsampled, in order to avoid demosaicing. It
is also important to work in a linear colour space, and convert to a
gamma 2.2 space for final display. Despite the care taken to ensure a
linear image, there is undoubtedly some residual non-linearity in the
process, as can be seen from the results in fig. 2. The same param-
eters were used as in Exp. 1, although the annealing was modified
to 7(0) = 3,k = 0.999, K = 10000, ko = 9000 to ensure better
convergence. It is also possible that the PSF is spatially varying in
this case, as more artefacts are visible away from the centre.

In order to calculate an improvement in signal-to-noise ratio
(ISNR) value, another image shot under the same conditions but with
the lens in focus was used as a reference (fig. 2(f)). This was aligned
with the restored image and the images histogram matched.

5. CONCLUSIONS

Very flexible and locally adaptive image and blur models have been
proposed. We have shown that MCMC methods can be used in BID
to tackle the very challenging optimisation problems set by these
models, as well as to gain insight into the quality of the obtained so-
lutions. Future work will include better modelling of the AR param-
eter distributions, imposing positivity on the image, and achieving
more rapid convergence of the Markov chain.
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