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1 Intraduét__iom

Blind image restoration, L.e. Lhe simultaneous estimation of the restored] image :ud the parameters of the
imaging system (blur coefficients pius noise statistics) is highly underdetermined, so that the adoption of
constraints for both the irmage and the blur becomes necessary. A widely experinented approach consists
"in forcing positivity and/or size constraints for the image and the blur, iteratively and alternately estimated
- through inverse fltering, Wiener filtering or simulated annealing [1] [8]. Although useful to reduce the number
i'of admissible solutions, positivity and size constrainia 2re not enough: Since,the most part of the informa-
" tion needed for blur identification iz located across the’discontinuity edges, it can be expected that further
" improvement can be achievad by exploiling image models which allow for an accurate edge location {1¢]. For
_instance, Markov Random Field {MRT) models with explicit, interacting line processes are very ﬂexible in in-
corporating constraints on the geemetrical Echaviour of the intensity discontinuities, thus allowing for a more
reliable detection of edges [3}. Nevertheless, MIF mouaels are characterized by a st of free parameters {hyper-
paramaters or Gibbs parameters), that must be carsfully tuned in crder to get effective results. Although the
functional form of the Gibhs prior is usually kaown, the a priori information is not encagh to determine these
values, that are usually selected empirically, A realistic and chal!euging'approach to restoration consists thus
in considering both the image field and all the parameters [blur coefiicients, noise statistics and model hyper-
parameters) as variables of the problem; to be jolatly estimated from the data. Unfortunately, this approach
has an intractable computational complexity, even for small size problemis. Thus, some form of reduction must
necessarily be adeptéd. To this purpose, in this paper we adopt a fully Bayesian approach which enables to
split the problem into a sequence of less complex MAP astimations of the'imége field and ML estimations of
the degradation and model paramsters. Furtherrore, we show that the presence of wn explicit, binary line
process allows for the adoption of suitable approximations that greatly reduce the computational costs. At
the same time, we show that the incarporation of'edge constraints produces better image reconstructions and

blur estimates. R

2 The Method
We assume the coupled MRF image model in the form of a prior Gibbs distribation P(f,!} of the intensity
process f and the line process &t : : P

PUL = gy exp {-UAD}
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"“where Z{w) is the par&ition function :incl th'e-p

‘mixed-annealing algorithe [4] in which the continugus variables are up

rict nergy U (£, 1) is given-by the scalar-product between
the hyperparameter vector w.and the vector.of th cl_lqucz_-pi'itential't’ujgctions Vil Fif). Taking the common
pssumption of a noise process whose components @ré independent, white and Gaussian, with zero mean and
: L

yariance o2, the likelihood function, which models the‘déta formation process, is: i P

_ 2
Pl = ot e (HECTEL o

where m % n 15 the image size, [ i5 the vector of the lexicographically ordered notation for f, g is the vector of
the data, and A is the matrix associated with the linéar operator. When' the degradation operator is a bluz,
H is a block Toeplitz matrix, whose elements derive, according to a known rule, from a usually small size
mask d. Let us rewrite H as H{d) and call q the set of the degradation parameters d and &*. A fully Bayesian
approach to recoustruct the image, estimate the "hest” Gibbs parameters, and ascomplish the degradation
process identification is to assume a uniform prior distribution for w and g, and then simultaneously compute
(fifhw and ¢, by maximizing the joint distribugion £(f, {,glw, q): ;

max P(f,{glw.q) (3)
fbowa : ; -

The joint maximiization (3Yig'a very difficult task. Mevertheless, the separability of ihe degradation and model
pararmeters allows for the adoption of the following sub-optimal iterative procedure: R

) ,‘: . [fk>lk) = arg r;}al_:c _Z;'J(f,;’ g,w“qu) ’ . . B (4)
gttt = qrsrmgxP(glf".Q) _ S o -G
whtl = argmaxl'?(.fk,mw) - ) ‘ .{6)

that produces a sequence { ;1% % %) converging to & local maximum of P(f, L glw, @) Tis straightforward
to see that the final solition is adaptively obtained by the ierative execution of MAP estimations for (f,1),
based on the current parametess, and ML, eztimations for w and q, based on the current image, in tum [7}.

.This formulation greatly simplifies the original problem and makes it possible the adoption of relatively cheap

and inherently parallel algorithms. With respect to the MAP estimation of the image feld for fxed values
' 8] [5} [4], depending en the form

of tne parametf;rs {step {4)} several existing algoritfims can be adepted

of the distributiép. Here, owing to the presence of an explicit biné.rj:g].ir_iﬁ process, we propose to use the

datad by deterministic schemes such
as gradient descent techniques, while the binary variables are updated in & stochastic way, by means of a'low
cost binary Gibbs sampler [6]. We age currently studying the possibility to exploit preconditioners for Toeplitz
matrices, in order to reduce the number of iterations required by the conjugate gradient:in the computation
of the intensity process { [2]; Problem (3), Le. the estimation of the degradation paramaters can be reduced

~to the two following computaticnal steps:

dk-{vl = arg m{}n Eig _ H‘(d)fﬂlz " . o ‘ ) ::. . (T)
(0_2}k+1 = ELM | ‘ o . {8)
mn . ’ .

The hyperparameter estimation sten (6) entails maximizing the prior distribution of the image field computed
ing this ML estimation problem in tems of the negative

in the current image estimate {[*, 1%}, By reformulat
log-priot, the minimum can be found as the zero of.the gradient, by solving the related system of equations

through gradient déscent. This lzads to the following iterative updating rale:

Wit =t (B [VAD) - U5 )
starting with w® = »*. In {8} 7 is a positive, smeall parameter, o be suitably chosen to ensure CONVErgence,
and E,, is the expectation computed with respect 40 the prior distribution. Unfortunately, the computational
charge of the jterative schems {9} as it stands is unsurmountable, dug to the computation of the expectations,
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Figure 13 128 x 128 real i image, artificiaily degr(:d(ﬁd (a} original image; (b) 1 1map;e deoraded by Gaussian noise
with ¢ = 25;-(c) restored image; (d) related edge map. .

i or equivalently of the part}tmn function, that reqmres summation over bmary mrnab es and integration over
continuous variables. Thus, somé amount of appm‘clmatlon is unavoidable, Among the others, maximum
psendo-likelihood (MPL), the coding method and the mean field approximstions are the most popular {7).

" Based on thé correlation between intensities and lines, we assume that the line process dlone can retain a

_good deal of information about the hyperparameters that best mode! the whole image. This allows for the
adoption of approxlmatmm such as the saddle point approximation, to feasibly. appronmate the partition
function. We showed that this leads to base the estimation on the conditional prigr P(i]f ,w) rather than

“on the jolnt prior P(f,1w). This means that the expectation in (9) can be substitute with En [Vi(f¥, 0,

"whose computation réquires now summation over binary variables only; since f¥ is already available from

“step (4). If the samé assutption to keep f always clamped to f* is made in the context of a Monte Carlo

I

'

aigorithm, similar performance in terms of compuéat:on saving can be obtained whea Mente Carlo Markov
Chain techmquea are ap"}h&d to approximate, via time averages, the ratio between partition functions [9]. In
* both case$, the timé aversges can be computed by means of a low cost binary -Gibbs sampler. As a final
"chservation, when the line process Is non-interacting the expectations can be comphted by means of&nalyticai
calculations mth fu:ther, \,igmhcant reduttion of the computational cost .

kal

-3 . Numerical Experiments o

The performa.nce of the fLHv data driven resLorahon method proposed here-was ‘analyzed on piecewise smooth
real images, fonsidering, as image model, an isotropic, homogeneous prior energy that accounts for a useful
line continuation constraint. For blurred Jata we started the process fiom a blur mask in the form of a Dirac
function, that represents the most non-informative starting point, and the. degraded image itself as initial
- guess for the restored image. Tha line process was set to zero everywhere, wihile the initial hyperparameters
were roughly chosen in such & way to give 2 threshold higher than the foise standard deviation. In all trials
convergence of the parameters and stabilization of the reconstructions were reached in less than 30 iterations
of the whole procedure. In a first experiment wé only added some noise (o = 25) to the original image (see

. Figure 1), and started the process with a uniform blur mask. At convergence, we get a RHoot Mean Square
- Error {RMSE) of 0.0032 between the estimated blur mask and the ideai blur mask{that was 2 Dirac function

in this case), and an estimated standard deviation o = 22.85. As it can bé Eppreciated also by the inspection
of the edgk map, the quality of the reconstruction.is excellent, thus indicating thak the adaptive tracking of
the image model parameters was effective in this case. In a second experiment we degraded the same image
of Figure 1(a} by a 3 X 3 non-uniform blur madk, plus addition of modest noise (¢ == §){see Figure 2). The

. obtained results ara very similar to those of the anly aoisy case, with a KMSE fo¢ the estimated blur mask of

*.0.0044. Nevertheless, we found that, for blurred image, the quality of the reconstructions quickly deteriorates

43 loog as the noise level increese. We also experimented our procedure on a 200 x 200 already degraded
microscope image, that represents an isolated euglena photoreceptor (see Figure 3). Although we know that
the theoretic Point Spread Function of a micrescope can be expressed in the form of an Airy diffraction pattern,
in practical situations the true blur mask depends on a number of factors, including light level. Thus, in this
specific case we did not know the exact size of the mask and the valnes of the blur coefficients. We thus run




Figure 2: 128 x 128 real image, a1l
uniform mask plus Gaussian noise with o = 5; {b) restored image.

the blind unsupervised image restoration procedure assuming a 7 x 7 size to be sufficient. The satisfactory
quality of the reconstructed image validates the, choice for the blur size, which is, at the moment, the only &
priori lDfDlTDc'lf.lOI‘ requested by the method : '
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