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ABSTRACT Unlike approaches estimating the image and the blur-

We address the problem of restoration of images obtained/ind kernel, we estimate the restoration kernel only, which
through a scattering medium. We present an efficient quasi-"€SUlts in @ much lower dimensionality of the problem. In
maximum likelihood blind deconvolution approach based this Work, we present a quasi-maximum likelihood blind de-
on the fast relative Newton algorithm and optimal distribution€onvolution algorithm, which generalizes the fast relative
shaping approach (sparsification), which allows to use sim-Néwton algorithm previously proposed for blind source sep-
ple and convenient sparsity prior for a wide class of im- aration [3]. We also propose optimal distribution-shaping

ages. Simulation results prove the efficiency of the proposed®PProach (sparsification), which allows to use simple and
method. convenient sparsity prior for a wide class of images. For

technical details see [4, 5].

1. INTRODUCTION
2. QUASI-ML BLIND DECONVOLUTION

Imaging through scattering media plays an important role
in optical tomography [1] and other medical applications.
Multiple scattering results in image blurring, which can be
modelled as a result of convolution with and unknown ker-
nel. Many techniques are therefore basedtind decon-

Denote byY = H % X the source estimate and let us as-
sume thatS is zero-mean i.i.d. In the zero-noise case, the
normalized minus log likelihood function of the observed
signal X, given the restoration kernél, is

volutionare commonly used [1, 2]. The advantage of such MxNx [T [T .
approaches is that they do not require expensive hardware L(;X) = —— / / log ‘H(&??)‘ dédn
such as nanosecond gating devices. T

According to the convolution model, the observed sen- +> o(Yonn), (4)

sor imageX is created from thesource imageS passing
through a linear shift-invariant system described by the im-

| o whereyp(-) = —logps(+), ps(+) stands for the source prob-
pulse respons#/,

ability density function (PDF)Mx N is the observation
X = (WxS) 1) sample size, and (¢, n) denotes the Fourier transform of
' H,,,,. We will henceforth assume that is a FIR, supported

We assume that the action Bf is invertible (at least ap-  on[—M, ..., M| x [-N, ..., N] and denote{,; = 2M +1,
proximately), i.e. there exists some other ketHeduchthat K~ = 2N + 1. Cost functions similar to (4) were also
(W % H)pn & 6y This assumption holds well since blur- obtained in the 1D case using negative joint entropy and in-
ring kernels resulting from scattering are usually Lorenzian- formation maximization considerations [6].

shaped and their inverse can be approximated by small FIR

kernels. The aim of blind deconvolution is to find such 2.1. The choice ofp(-)

deconvolution(restoration) kernel H that produces an es-

timateS of S up to integer shift and scaling factor: Source images arising in most applications usually have non-

log-concave, multi-modal distributions. These are difficult

Spn = (H*X)mn = Sm-aymnnn, (2 to model and are not suitable for optimization. However,
consistent estimator of can be obtained by minimizing
or equivalently, thelobal system responséould be L(H; X) evenwhenp(-) is not exactly equal te- log ps ().
Suchquasi-ML estimatiorhas been shown to be practical
Gmn = (W H)mn = ¢ Om-nym-ay-  (3) in instantaneous blind source separation [7, 3, 8] and blind

This research has been supported by the HASSIP Research Networl@econVQIUtion of time ?ignals [4]. For example, Wheh th?
Program HPRN-CT-2002-00285, sponsored by the European Commission.SOuUrce is super-Gaussian (sparse), a smooth approximation



of the absolute value function is a good choice §F) where

[9, 10]. Although
sparse, they can

resentation. We will therefore focus our attention on mod-

natural images are usually far from being .
. / —1
be transformed into a space of a sparse rep- Qu = FMpNe {Hmn}kl

elling super-Gaussian distributions using a family of convex kirrirr = —FMpNp {H%%}Hk,’l“, , (12)
smooth functions _
‘t| andk:’:(z'—l) mod KM—Mandl’: I_}(_];J—N The
oa(t) = |t| — Alog (1 + A) (5) gradient off; is given by
with A a positive smoothing parameter; (t) — |¢| asA — Vi = vec((®'*TX)y) (13)

(U

2.2. Approximation of the log-likelihood function

and thei-th row of the Hessian of; is given by [5]

(V2f2)i = vec <(Ak/l/ * JX) kl) , (14)

In practice it is difficult to evaluate the first term bf H; X)

containing the integral; however, it can be approximated where®’, = ¢'(Yiun), A5L = " (Yin) - Xone k1,
with any desired accuracy by [4] (TX) o = Xty —mNy—n K = (i — 1) mod (Kar) — M,
1o R andl’ = L}g@j — N. Computational complexity of;, V 1
ﬁ/ / log ‘H(faﬁ)‘ d&dn ~ andV?2f, is O (MpNr log MpNr); complexity of f, and
o _”M N Vfais O (MxNxlog MxNy), and complexity ofv? f,
1 g ~ iSO(MNMxleOngNx)
o ’H : 6 '
MpNr kzzo; g |kl (6)

2.4. Minimization of L(H; X)

whereH, = H (m 27”) are the 2D DFT coefficients of

H,,, [4], zero-padded ta\/r x Nr. The approximation
error vanishes a8/, Nr grow to infinity. Mz and Ng

Mg’ Np For minimization ofL(H; X), we use the Newton method,
which often provides very fast (quadratic) rate of conver-
gence. In the standard Newton approach [11], the direction

should be chosen as integer powers of 2, which allows the ; 5 each iteration is given by solution of the linear system

use of FFT. Forc

onvenience, we will denote

My Np , V?L-d=-VL. (15)
H) = log | A ] 7 . o - .
hH) kZ:O ; 8 |kl 0 Since the objective function is non-convex, in order to guar-
antee descent direction, positive definiteness of the Hessian
LY) = Z ¢ (Yimn), (8) is forced by using modified Cholesky factorization, which

and, accordingly,

requires about K3, K% + K32,K?% operations [11]. We
the approximate normalized minus-log likefind a new iterate by performing backtracking linesearch in

lihood function becomes the directiond, which guarantees monotonic decrease of the

L(H; X)

2.3. Gradient an

The optimization
knowledge of the
convenience, we

objective function at every iteration. We restrict the search
= — h(H) + ~(Y) . 9) to a subspace of all kernel$ that possess a stable inverse
2MpNp = MxNx [4].
) Itis also possible to use the fast relative Newton method,
d Hessian ofl.(H; X) based on sparse approximation of the Hessian, which re-
algorithm discussed in Section 2.4 requiressults in a very efficient algorithm with fast convergence and
gradient and the Hessia.6# ; X). For computational complexity per iteration compared to that of

will parse the variables column-wise into 9radient methods [3, 5].

a Ky Ky x 1vectorh = vec(H), and define the gradient

and the Hessian

df(H; X) as aK ) Ky x 1 vector and a 3. OPTIMAL SPARSE REPRESENTATIONS

Ky Ky x Ky Ky matrix, respectively. The gradient ¢f

IS

Vf

and thei-th row of the Hessian of; is given by [5]

The sparsity prior used in the quasi-ML function (9) is valid
, . for sparse sources and not valid for natural images in their
1 = vee(Q + Q) (10) native space. On the other hand, it is especially convenient
for the underlying optimization problem due to its convex-
ity; moreover, deconvolution of sparse sources is especially

(V2f1), = vec(Qiiw v +Qiipisr), (11)  accurate. While it is difficult to model actual distributions



of natural images, it is much easier to transform an image
in such a way that it fits the sparsity prior. This idea was
previously successfully exploited in blind source separation
[9, 10, 12].

Let us assume that there exissarsifying transforma-
tion 75, which makes the sourcg& sparse, such that our
algorithm is likely to produce a good source estimate of the
restoration kerneH. The problem is that in the blind de-
convolution setting$ is not available, and we can ap@y
to the observationX only. Hence, it is necessary that the
sparsifying transformation commute with the convolution
operation, i.e.

(TSS) *WZTs(S*W) :Tsx, (16)
such that applyin@s to X is equivalent to applying it t&'.
It is obvious thatZg must be a shift-invariant (Sl) transfor-
mation. We will useX’, S’ to denoteZs X and7s.5, respec-
tively; the subindexX S” in Zg will be omitted for brevity.
For simplicity, we limit our attention to linear shift-invariant
(LSI) transformations, i.€7 that can be represented by con-
volution with asparsifying kernel’ S = T« S.

Thus, we obtain a general blind deconvolution algorithm,
which is not limited to sparse sources. We first sparsify the
observation dat& by convolving it with7T", and then apply
the sparse blind deconvolution algorithm &f. The ob-
tained restoration kerné¥ is then applied t@” to produce
the source estimate.

3.1. Optimal sparsifying kernels

Assume that the sourcg is given. It is desired that the
unity restoration kerned,,,, (up to a scaling factor) be a
local minimizer of the quasi-maximum likelihood given the
transformed sourcg x T" as an observation, i.e.:

VL(6mn;S*T)=0. a7)
Informally, this means that « 7" optimally fits the sparsity
prior (at least in local sense). Due to equivariance [6, 4],
(17) is equivalent t6/ L(T; S) = 0. In other words, we can
define the following optimization problem:
mjin L(T;S) (18)
whose solution is the "most sparsifying kernel” {8r This
problem is equivalent to the deconvolution problem itself,
with the exception of the stability condition, which is not
needed here sincg is not necessarily invertible.
Unfortunately, since the source imageitself is not
available, computation of the sparsifying kerfigl is pos-
sible only theoretically. However, for images belonging to
the same class, the sparsifying kernels are likely to be suffi-
ciently similar. LetC; denote a class of images, and assume
that the unknown sourcg belongs taC;. We can find find
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Fig. 1. Source image.

atraining setof imagesS™"), S ... S(N7) ¢ ¢; and use
them to find the optimal sparsifying kernel §f Optimiza-
tion problem (18) becomes in this case

A(TD) .
L =h 3 (s
min { 2MpNp | MxNxNp 2= LS T)} - (19)

i.e. T is required to be the optimum sparsifying kernel for
all S, s@ §(N7) simultaneously. Given that the im-
ages in the training set are "sufficiently similar” & the
optimum sparsifying kernel obtained from (19) will be sim-
ilar enough tdl’s.

4. SIMULATION RESULTS

The point spread function of the scattering medium was
obtained in a Monte-Carlo simulation of radiative transfer,
performed according to the optical model of biological tis-
sues presented in [13]. An normally incident laser beam
was used to illuminate 20 mmx20 mmx 10 mm scattering
medium, in which the mean free path was se0t® mm.

107 photons were generated, of whighx 10 were col-
lected by a detector witBl x 31 bins, and the rest was ab-
sorbed by the medium. The obtained PSF had a Lorenzian
shape (Figure 4a), characteristic to PSFs of scattering media
[13, 1]. The PSF obtained from simulation was convolved
with a 100 x 100 phantom image (Figure 1) in zero-noise
conditions. Figure 2 depicts the observed image.

Blind deconvolution was performed withdax 3 FIR
kernel (Figure 4b). £ x 2 corner detector was used as the
sparsifying kernel (Figure 4d). Fast relative Newton method
was used to minimiz&(H; X), in which the smoothing pa-
rameter was set td = 10~2. Optimization was terminated
when||VL| fell below 10~1°. Generally, convergence was
obtained in 10-20 iterations, requiring about 0.1 sec per iter-
ation on a PC workstation. Restoration results are depicted
in Figure 3.

Restoration quality of SIR =20.57 dB and SIR- 35.06
dB was achieved. SIR refers to the interference energy,
whereas SIR, to the maximum interference.



We have presented a quasi-ML blind deconvolution algo-
rithm for restoration of images obtained through a scattering
medium. The source sparsity prior was assumed. We have

Fig. 2. Observed image.
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Fig. 3. Restored image.

5. CONCLUSIONS

(c) Global system responge

(d) Sparsifying kernel”

Fig. 4. (a) Simulated scattering medium PSF; (b) Restora-
tion kernel estimated in the zero-noise case; (c) Global sys-
tem response in the zero-noise case. (d) Sparsifying kernel.
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also shown that the method is applicable for a wider class
of images, which can be represented as sparse ones by a

shift-invariant transformation, and presented a way of find-
ing such transformations by training. Good performance
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was achieved on simulated data in moderate noise condi-

tions. Possible applications are microscopy, optical tomog-

raphy,in vivo optical imaging, etc.

[1]

(2]

(3]

(4]

6. REFERENCES

S. M. Jefferies, K. J. Schulze, C. L. Matson, K. Stoltenberg,
and E. K. Hege, “Blind deconvolution in optical diffusion to-
mography,”Optics Expressvol. 10, no. 1, pp. 46-53, 2002.

D. Kundur and D. Hatzinakos, “Blind image deconvolution,”
IEEE Sig. Proc. Magazingp. 43—64, May 1996.

M. Zibulevsky, “Sparse source separation with relative New-
ton method,” inProc. ICA2003 April 2003, pp. 897-902.

A. M. Bronstein, M.M. Bronstein, and M. Zibulevsky,
“Blind deconvolution with relative Newton method,” Tech.
Rep. 444, Technion, Israel, October 2003.

9]

(10]

(11]

(12]

(13]

A. M. Bronstein, M.M. Bronstein, Y. Y. Zeevi, and
M. Zibulevsky, “Quasi-maximum likelihood blind deconvo-
lution of images using sparse representations,” Tech. Rep.,
Technion, Israel, 2003.

S.-I. Amari, A. Cichocki, and H. H. Yang, “Novel online
adaptive learning algorithms for blind deconvolution using
the natural gradient approach,” Rroc. SYSIDJuly 1997,
pp. 1057-1062.

D. Pham and P. Garrat, “Blind separation of a mixture of in-
dependent sources through a quasi-maximum likelihood ap-
proach,” IEEE Trans. Sig. Prog.vol. 45, pp. 1712-1725,
1997.

P. Kisilev, M. Zibulevsky, and Y.Y. Zeevi, “Multiscale
framework for blind source separation,JMLR, 2003 (in
press).

M. Zibulevsky and B. A. Pearlmutter, “Blind source sepa-
ration by sparse decompositionNleural Computationvol.
13, no. 4, 2001.

M. Zibulevsky, P. Kisilev, Y. Y. Zeevi, and B. A. Pearlmut-
ter, “Blind source separation via multinode sparse represen-
tation,” in Proc. NIPS 2002.

D. P. Bertsekas, Nonlinear Programming (2nd edition)
Athena Scientific, 1999.

A. M. Bronstein, M.M. Bronstein, M. Zibulevsky, and Y. Y.
Zeevi, “Separation of reflections via sparse ICA,” Rroc.
IEEE ICIP, 2003.

M. Moscoso, J. B. Keller, and G. Papanicolaou, “Depolar-
ization and blurring of optical images by biological tissue,”
J. Opt. Soc. Am. Avol. 18, no. 4, pp. 948-960, 2001.



