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ABSTRACT an object, but the image finally obtained is often not perfect
Optical Sections of biological samples obtained from a ﬂu_Mathemance_llly the process of degrad_anon IS characFeb;{e
' . e PSF, which models the propagation and recording of the
orescence Confocal Laser Scanning Microscopes (CLS : L :
lectromagnetic radiation from a point source. The PSF thus

are often degraded by out-of-focus blur and photon Coumm%isplays a radial diffractive ring pattern [2] (expandinigtw

noise. Such physical constraints on the observation are a rg g -
sult of the diffraction-limited nature of the optical systeand efocus) that is introduced by the finite-lens aperture. sThu
each optical section has also the out-of-focus contrilgtio

the redL_Jced amount of Iight detected by the pho;omultipliehom other parts of the object. Although this contribution
respectlyely. Hencg, the image stacks can benefit frqm poslé greatly reduced in confocal images, it is not totally elim
processing restoration methods based on deconvolutiom. T hated, and is dependent on the pinhole diameter
parameters of the acquisition system’s Point Spread Famct The m,ain difficulty in restoring the 3D image is tﬁat the ex-
(PSF) may vary during the course of experimentation, and sg

they have to be estimated directly from the observation.data‘;JlCt PSF is not precisely known, denoising the image can in-

We describe here aalternate minimizatioralgorithm for the duce artifacts and restoration by deconvolution is anafd

simultaneous blind estimation of the specimen 3D distribu—pmblem' There are three methods to obtain the microscope

tion of fluorescent sources and the PSF. Experimental HESUlF SF for the. deconvolutlon process. Firstly, pomt-hkeaudh;.
In the specimen may be imaged and processed to obtain the

on real d_ata show that the algorlthm prowde.s very good deI5SF. This experimental PSF [3] is in itself dim (thereforeyma
convolution results in comparison to theoretical micrqseo - )
be recorded only at a finite range of defocus values), is con-
PSF models. . : . - K
taminated by noise and requires point-like sources in every
Index Terms— confocal microscopy, blind deconvolu- image. In addition, PSF measured in one sample (typically
tion, point spread function, Richardson-Lucy algorithotat  fluorescent microspheres stuck to a cover slide) may not rep-

variation regularization resent the exact PSF applicable for another sample (such as
live cells in physiological buffers). For the second caseew
1. INTRODUCTION an analytical model [4] is used, the PSF generated is noise

free. However, the optical parameters of the set up (for exam

The CLSM is an optical fluorescence microscope that scarile small residual phase aberrations in the objective) ate n
a biological specimen using a focused laser spot and useskBown or might change during the course of an experimen-
pinhole before the detection to reject the out-of-focusriise  tation (for example, due to heating of live samples). Thus,
cence [1]. The focusing of the objective lens when done afV€ Propose a blind deconvolution method based on the third
different depths of the specimen allows 3D visualization ofaPProach that reconstructs the closest approximationef th
the cells, tissues and embryos removing the need for pHysic@Pecimen structure and estimation of the unknown PSF pa-

sectioning. rameters from the observation simultaneously.
The optics of any observation system allows inspection of
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providing the data. as a photon counter (ignoring electronic amplification apis

2.1. Image Formation Model



For low illumination conditions, the number of photonsieac functionassociated with clique and, is a normalizing con-

ing the detector is small, and the statistical variationhia t stant called th@artition function

number of detected photons can be described by a Poisson

process. Ifo andz'_ denote the original and observed image32_4_ 3D Gaussian PSF model

respectively, the image degradation model can be expressed

as, By using a model for the microscope image acquisition phys-
i(x) = P([h*o](x)) (1) ical process, we can greatly reduce the number of free param-

The object intensity is defined ds(x) : x € Q}, where(2  eters describing the PSF and thus narrow down the solution

is the region over which the intensity is non-vanishing andsPace. It was shown in [7] that the CLSM PSF is well mod-

is finite in nature. Hereh(-) is the PSF of the microscope, €led by a 3D Gaussian function as:

and &) denotes the convolution operator (assuming linearity o

property of the imaging system). hoy o (py2) = . 1 e(?ff’wi) ®)
0p,02

2.2. Joint Maximum-Likelihood Estimation .

) ) ) o wherep = /(22 +3?) andZ,, ,, = (27)2[X]>.
Since the general noise distortion is assumed to be dontinate, yitfraction-limited PSF has a circular symmetry about the
by Poisson noise, the observation of a fluorescence objectaxis and mirror symmetry about the centrgkplane. Thus,

(X = o) can be modeled as [5]: the covariance matrix should be diagonal [7] 48¢l= o} 02.
i(x) o —[h*o](x)
P(Y:i|X:o,H:h):H[h*o](x). c , . o
6 i(x)! 2.5. Joint Maximum A Posteriori estimation
) . L
The maximum of this joint likelihood can be found as: Thgrefore t.he posterior probabiliy(X = o, I = h|Y" = i)
’ is given as:
(6,h) = argmax P(Y =i|X =0, H =h) (3)
(o,h) =AY [Vo(x)|
= argmin(— log[P(Y = i|X = o, H = h))) P(X =o0,H =h|]Y =) < ~ 6)
(0,h) A
. . L . i(x) o —[h(8)*0](x)
Itis easy to see that direct minimization of (3) can yield pnan H [(6) * o] (X), c
possible solutions fas andh (for example, the observed data xeQ i(x)!

and an impulse function is one such solution), and their simu
taneous estimate from (3) is difficult. Hence, we introducewhere,f = (o,,0.). Thus, the cost function to be minimized
some beliefs on the object and the PSF to confine the solutidh:
space.

L(o,h(0)) =AY |Vo(x)| +10g[Zy]  (7)
2.3. A priori object model and Total Variation (TV) reg- x€Q

ularization (Rudin et al. [6]) n Z[h(e) £ 0)(x) — Z (%) log[h(8) o] (x)
The Gibbsian distributionP(X = o), captures the prior x€Q x€Q

knowledge of the object, and is the regularization model.

(X = o) is a low-order, homogeneous, isotropic Markov2 5.1. Object restoration

Random Field (MRF), over & member neighborhoogl, < .
Vy of the sitex € Q (for 3D images) Given the initial value (or estimate) @f, (7) can be solved

for the objecto by adopting the TV regularization, and
the Richardson-Lucy (RL) ([4]) algorithm, which is an

-2 Vo(x . . . X .
P(X =0) x ie xgn‘ ( )‘, (4)  expectation-maximization algorithm [8] for computing the
2 ML estimate. When the relative difference measure between
where|Vo(x)| = ( Z (0(x) — o(x'))?)? the successive iterations is smaller than a threshglésee
X! Enx [2]), we stop the algorithm to get the final deconvolved image
=X 3 [Vo(x)]
— x€EQ
andZzy ;e ) 2.5.2. Parameter estimation on complete data

A is a finite set of possible specimen solutiohss the global ~ Due to the invariance property of ML estimation, we can say
hyperparameter, is the set of all cliques for the neighbor- that, R R
hood systeni’, over the latticeL. |Vo(x)| is the potential har(x) = h(x,0npL) (8)



is the ML estimate of the PSF. The method outlined in Sec-
tion 2.5.1 requires the knowledge of parame#rsThis can
be obtained by minimizing the following function,

L(6li, 0) = — Y (i(x) log[h(8) * 8] (x)) + D _ [1(6) +0](x)

x€e) xEN
9)

The terms that are independenttbhave been excluded. We
now use a gradient based algorithm to estintatéhe search
direction involves calculatin§ ¢ £(0) and it is given as:

ix)
(h(8) * 0)(x)
(he ¥ 0)(x))  (10)

where,hg = %h(e). We stop the computation if the rel-
ative difference measure between the successive itesaon
smaller than a specific threshaldin practice10~*), and as-
sume the last estimate as the best solution.

The starting values for both the object and the parameters ar
critical as the cost function 7 is not convex w.r.t them. Frar t
object we can simply assume here that the observation is the
closest approximation we find to the object. However, for the
parameters, this is not straightforward. Since the onlydéon
tion that has to be satisfied is that the initial states liesiolet
the solution space, we start with large values and decrease.

VoL(0) =) ((he *0)(x) —

xe

3. RESULTS

. _ o Fig. 1. Maximum Intensity Projection of the original spec-
In this section, we present the application of the prop@sed imen (top) (© Institute of Signaling, Developmental Biol-

ternate minimizatiomethod to restore real data. ogy & Cancer UMRI543/CNRS/UNSA), and restored image
(bottom) (© INRIA). The intensity is scaled t¢0 130] for
3.1. Imaging Setup display and white bar i8um.

The Zeiss LSM510 confocal microscope mounted on a

motorized inverted stand (Zeiss Axiove?®00M) equipped

with an ArKr laser of wavelength ofi88nm is the excita- @ high noise content, the regularization hyperparamiegs

tion source, and Band Pass (BP) filter transmits emitted lighnitialized to a large value 0.05. The deconvolution algo-
within the bands05 — 550nm. The objective lens arrange- "ithm was stopped when the difference between subsequent
ment is a Plan-Neofluar with0X magnification having a €stimates was lower than = 0.002. The alternate mini-

Numerical Aperture of..3 and immersed in oil. The pinhole Mizationalgorithm converged aftef0 iterations of the RL-
size was fixed a67.m TV algorithm. The PSF parameters were initialize@@onm

and600nm for the radial and the axial case respectively, and
the conjugate-gradient algorithm estimated them to beyreal
257.9 and477.9nm. These are much larger than their corre-
The biological specimen that was chosen for the experimentponding theoretically expected values [7] [2]. It was fied
is the embryo of @rosophila melanogastgisee Fig. 1). It that the proposed algorithm can not only estimate the actual
was mounted and stained with the Green Fluorescence Protdd8F from the experiments on synthetic data [2], but also pro-
(GFP), and is useful for studying the sealing of the epittieli vide much better deconvolution results in comparison te the
sheets (Dorsal Closure) midway during the embryogenesigretical microscope PSF's (generated using the microscope
The images were acquired with a XY pixel sizes®hm and  settings).
a Z step size of 70nm, and the size of the volume imaged is It was noticed that in each slice of the chosen observation
25.59 x 25.59 x 2.55um. data, there was a significant amount of signal contributions
The maximum intensity projection of the observed and refrom the neighboring slices too. A subjective analysis & th
stored data is shown in Fig. 1. Since the observation data hatkeconvolution results showed that although (see Fig. 2som

3.2. Biological Specimen



structures and cellular walls are visible(@im depth of the
original data, they are really absent at this level and agpea
only at0.34um in the restoration. The algorithm provides
reasonably good deconvolution results even at depths af mo
thanlpm as shown in Fig. 3.

Axial depthOum Axial depth0.34um
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