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ABSTRACT Confocal laser scanning microscopy is a powerful and popular technique for 3D imag-
ing of biological specimens. Although confocal microscopy images are much sharper than standard
epifluorescence ones, they are still degraded by residual out-of-focus light and by Poisson noise due to
photon-limited detection. Several deconvolution methods have been proposed to reduce these degra-
dations, including the Richardson-Lucy iterative algorithm, which computes a maximum likelihood
estimation adapted to Poisson statistics. As this algorithm tends to amplify noise, regularization
constraints based on some prior knowledge on the data have to be applied to stabilize the solution.
Here, we propose to combine the Richardson-Lucy algorithm with a regularization constraint based
on Total Variation, which suppresses unstable oscillations while preserving object edges. We show on
simulated and real images that this constraint improves the deconvolution results as compared to the
unregularized Richardson-Lucy algorithm, both visually and quantitatively.

Introduction

The confocal laser scanning microscope (CLSM) is an
optical fluorescence microscope that uses a laser to scan
and image point-by-point a sample in 3D and where a
pinhole is used to reject most out-of-focus light. The
ability of the CLSM to image optical sections explains its
widespread use in biological research. Nevertheless, the
quality of confocal microscopy images still suffers from
two basic physical limitations. First, out-of-focus blur
due to the diffraction-limited nature of the optics remains
substantial, even though it is reduced compared to epi-
fluorescence microscopy. Second, the confocal pinhole
drastically reduces the amount of light detected by the
photomultiplier, leading to Poisson noise. The images
produced by the CLSM can therefore benefit from post-
processing by deconvolution methods designed to reduce
blur and noise.

Several deconvolution methods have been proposed
for 3D microscopy. In wide-field microscopy, Agard and
Sedat (Agard and Sedat, 1983) and many others achieve
out-of-focus deblurring by constrained iterative deconvo-
lution. For confocal images, Tikhonov-Miller inverse fil-
ter (van Kempen et al., 1997), Carrington (van Kempen

and van Vliet, 2000a) and Richardson-Lucy (RL) algo-
rithms (Lucy, 1974; Richardson, 1972) have also been ap-
plied. The latter has been used extensively in astrophys-
ical or microscopic imaging (van Kempen et al., 1997),
and is of particular interest for confocal microscopy be-
cause it is adapted to Poisson noise. An important draw-
back of RL deconvolution, however, is that it does not
converge to the solution because the noise is amplified
after a small number of iterations. This sensitivity to
noise can be avoided with the help of regularization con-
straints, leading to much improved results. Van Kempen
et al. have applied a RL algorithm using energy-based
regularization to biological images (van Kempen and van
Vliet, 2000a). The term based on the Tikhonov-Miller
expression suppresses noise amplification, but it has the
drawback to smooth edges.

In this paper, we propose to use the Total Variation
(TV) as a regularization term. The main advantages
of the TV are that it preserves the edges in the image,
and smoothes homogeneous areas. It has been proposed
for 2D optical grey level image restoration in (Rudin
et al., 1992b). This kind of nonlinear image restoration
has been extensively used in image processing inverse
problems for the last ten years and has generated math-
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ematical studies on the Bounded Variation (BV) function
space (Ambrosio et al., 2000). In this paper, we propose
to apply this nonlinear regularization to the deconvolu-
tion of 3D confocal microscopy images. Considering the
statistical Poisson nature of the noise, this leads to a
RL algorithm with non linear regularization. The paper
is organized as follows. Section 1 presents the image
formation model, by describing the point spread func-
tion and the noise distribution. In section 2, we first
recall the RL algorithm in the context of microscope
imaging, and then describe the nonlinear TV regular-
ized RL algorithm. In section 3, we present the results
of the proposed algorithm on synthetic and real data,
and compare them with the standard algorithm with-
out regularization, both in terms of visual image quality
and a numerical criterion. Section 4 concludes the paper.

1 Image formation model

The image formation can be modeled with the Point
Spread Function (PSF), and the statistical distribution
of the detection noise. Such a general model can be writ-
ten as:

i = ℘(o ∗ h) (1)

where i is the observed (measured) image, o is the
object we want to retrieve (corresponding to the distri-
bution of fluorescent markers inside the specimen), h is
the PSF, and ℘ models the noise distribution.

1.1 Noise

In a confocal microscope, a pinhole is used to reject most
out-of focus light. The amount of light reaching the de-
tector is therefore low, and the noise statistics is well
described by a Poisson process. The distribution of i at
point s, i(s), knowing h ∗ o(s), is a Poisson distribution
of the parameter (o ∗ h)(s):

P (i(s)/o ∗ h(s)) =
[(o ∗ h) (s)]i(s) e−(o∗h)(s)

i(s) !
(2)

Assuming that the noise is spatially uncorrelated, the
statistics of the observed image i, knowing the object o
(and the PSF h which is considered here as a parameter)
is the likelihood distribution given by:

P (i/o) =
∏
s∈S

(
[(o ∗ h) (s)]i(s) e−(o∗h)(s)

i(s) !

)
(3)

where s is the coordinate of a 3D voxel and S is the total
set of voxel coordinates in the imaged volume.

1.2 Confocal point spread function

Under the assumptions of a translation invariant PSF,
incoherent imaging and monochromatic light (excita-
tion and emission), we use a well-known image forma-
tion model of the Confocal Laser Scanning Microscope
(CLSM), which has been proposed by (van Kempen,
1999), and is derived from (Sheppard and Cogswell,
1990). For a defocusing Z, the 3D PSF (Sheppard and
Cogswell, 1990) is given by:

h(X, Y, Z) =
∣∣AR(X, Y ) ∗ P̂λem(X, Y, Z)

∣∣2 (4)

.
∣∣P̂λex(X, Y, Z)

∣∣2
where λex and λem are the excitation and emission wave-
lengths, respectively. The pinhole is represented by
AR(X, Y ), and P̂λ is the 2D Fourier transform of the
pupil function Pλ, given by (Born and Wolf, 1999; Good-
man, 1996):

Pλ(U, V, Z) = Πρ

(√
U2 + V 2

)
.e

2iπ
λ

.W (U,V,Z) (5)

Here W (U, V, Z) = 1
2
Z (1 − cos 2α) is the aberration

phase derived from (Goodman, 1996). It gives a mea-
sure of the wavefront path difference between a focused
and a defocused beam (Born and Wolf, 1999; Stokseth,
1969). ρ = NA

2λ
is the lateral cut-off frequency, and

NA = no sin α the numerical aperture, which is related
to the cone of light collected by the objective and the
immersion medium refractive index no. The model takes
into account the finite size of the pinhole which is used
for the image acquisition. This PSF model will be used
both for the creation of the simulated images and for the
deconvolution.

In (van Kempen, 1999; van Kempen and van Vliet,
2000a), the authors use an image formation model for
confocal microscopy which is slightly different from (1):
namely i = ℘(o ∗ h + b), where b models the background
signal. In a previous work (Dey et al., 2004a; Dey et al.,
2004b), we showed that the use of a background term
in the model is not necessary if a well suited regulariza-
tion term is included. In fact, it happens that using a
background model is equivalent to imposing a support
constraint to regularize the solution. We also showed
that when using a regularization term no improvement
was reached by adding the background term, and that it
is therefore not needed.

2 Confocal microscopy image deconvolution

2.1 The multiplicative RL algorithm

The RL algorithm finds o from the observation i, knowing
the PSF h, by maximizing the likelihood distribution (3)
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with respect to o. The RL algorithm can be derived by
using the Expectation-Maximization (EM) algorithm, or
by minimizing the functional − log p (i | o) using a mul-
tiplicative type algorithm. Let us briefly describe the
second approach. Minimizing − log p (i | o) is equivalent
to minimizing J1(o) given by:

J1(o) =
∑
s

(−i(s) log [(o ∗ h)(s)] + (o ∗ h)(s)) (6)

Under the usual assumption of a normalized PSF, search-
ing for the zero of the gradient of J1(o) results in solving[

i(s)

(ok ∗ h) (s)

]
∗ h(−s) = 1 (7)

Let ok(s) be the estimate of o at iteration k. Then one
iteration of a multiplicative gradient type algorithm is
given by (for more details see Appendix C of (Dey et al.,
2004a)): CITER PLUTÔT (OU AUSSI) LUCY74
ET RICHARDSON72 ?

ok+1(s) =

{[
i(s)

(ok ∗ h) (s)

]
∗ h(−s)

}
.ok(s) (8)

which defines one iteration of the RL algorithm. An im-
portant property of this scheme is that it ensures non-
negativity if the first estimate (here taken as the mea-
sured 3D image, scaled by a value equal to the mean
of the image stack) is non-negative. However, because
the inversion problem is ill-posed and the ML estima-
tor is non-regularized, the solution given by Eq. 8 when
k → +∞ consists of noise only, due to noise amplifica-
tion. To obtain good results, the algorithm is stopped
before the noise is amplified. In order to improve the
trade-off between a good deconvolution with sharp edges
and noise amplification, we propose to regularize the so-
lution by minimizing its TV.

2.2 Total Variation regularization

In a Bayesian approach, a regularization is obtained
by minimizing the a posteriori distribution P (o/i) =
P (i/o).P (o)/P (i) with a suitable a priori distribution
P (o). Tikhonov-Miller (TM) (van Kempen, 1999; van
Kempen and van Vliet, 2000b) regularization is the
most popular algorithm in 3D image deconvolution. TM
regularization is designed to avoid noise amplification
by smoothing, causing smear of the object edges. In
(de Monvel et al., 2003), the authors use a RL algorithm
with maximum entropy regularization. DISCUTER
CETTE MÉTHODE ??

Here, we introduce an a priori constraint on the ob-
ject by adding to the energy J1, a regularization term

Jreg, defined by the Total Variation of the solution o as
in (Rudin et al., 1992a):

Jreg(o) = λTV

∑
s

|∇o(s)| (9)

The total functional to be minimized is then:

J1(o) + Jreg(o) =
∑
s

(−i(s) log [(o ∗ h)(s)] + (o ∗ h)(s))

+λTV

∑
s
|∇o(s)|(10)

Using the L1 norm over∇o rather than the L2 norm as in
TM regularization (van Kempen and van Vliet, 2000b)
allows to recover a smooth solution with sharp edges.
It can be shown (Rudin et al., 1992a) that the smooth-
ing process introduced by Jreg acts only in the direc-
tion tangential to the image level lines and not in the
orthogonal direction, so that edges are preserved. The
derivative of Jreg with respect to o is a nonlinear term
∂
∂o

Jreg = −λTV div
(

∇o
|∇o|

)
where div stands for the di-

vergence. We minimize Eq. (10) using the multiplicative
gradient-based algorithm (or equivalently by using EM
algorithm for the penalized criterion of Eq. (10)), and
we adopt an explicit scheme, as in (Green, 1990), defined
by:

ok+1(s) =

{[
i(s)

(ok ∗ h) (s)

]
∗ h(−s)

}
.

ok(s)

1− λTV div
(

∇ok(s)
|∇ok(s)|

) (11)

Numerically we noticed that the regularization pa-
rameter λTV should be neither too small nor too large:
if λTV < 10−6, RL is dominated by the data model; if
λTV ∼ 1, RL is dominated by the regularization term.
For larger λTV , the denominator of Eq. 8 can become
zero or negative. This must be avoided because small
denominators create points of very high intensity, that
are amplified at each iteration. A negative value vio-
lates the non-negativity constraint. We use a parame-
ter λTV = 0.002 for computations, and iterations are
stopped at convergence, defined when the relative differ-
ence between two images is less than a threshold (10−5).

3 Results

3.1 Evaluation criteria

In the following, we report results on three synthetic
(simulated) objects and two types of real specimens. To
quantify the quality of the deconvolution we used the
I-divergence criterion, which is the best measure in the
presence of a non-negativity constraint (Csiszár, 1991).
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The I-divergence between two 3D images A and B is de-
fined by:

IA,B =
∑
s∈S

{
As. ln

[
As

Bs

]
− (As −Bs)

}
(12)

The I-divergence is non-symmetric, i.e. IA,B 6=
IB,A. IL FAUT DIRE ICI CE QUE
REPRÉSENTENT A ET B: POUR LES
IMAGES SYNTHÉTIQUES, JE SUPPOSE
QUE A=L’IMAGE DÉCONVOLUÉE ET
B=L’OBJET ORIGINAL NON DÉGRADÉE ?
ET POUR LES IMAGES RÉELLES ??

In order to display the visual quality, we present cross
sections of the objects before and after deconvolution
with the RL algorithm and with the TV regularized RL
algorithm.

3.2 Results on synthetic data

We show results on three different synthetic objects,
shown in Figs.1-3, column (a). These objects are ar-
tificially blurred and corrupted by Poisson noise using
the image formation model described in section 1. The
resulting degraded images are shown in Figs.1-3 (b). De-
convolution results of the degraded images using stan-
dard RL are shown in Figs.1-3 (c). For standard RL,
we used the number of iterations that achieves minimum
I-divergence. The deconvolution results using RL with
TV regularization (RL-TV) are shown in Figs.1-3(d).

The first simulated object is a full cylinder (see Fig.
1(a)). It is a single object presenting no corner (except at
the top and bottom) and which is homogeneous (there
are only two intensity values: the background and the
cylinder). Figure 1(c) shows the result of the deconvo-
lution using the standard RL algorithm: in lateral and
axial views there is still some blur and intensity oscil-
lation artefacts are clearly apparent. The RL-TV al-
gorithm greatly improves the results (Fig. 1(d)): the
cylinder is sharp (the edges are sharp in lateral and ax-
ial views) and there are no intensity oscillations (see the
corresponding intensity profile in Fig. 6). The axial view
shows that the height of the deconvolved cylinder (Fig.
1d) and of the initial cylinder (Fig. 1a) are similar. The
final I-divergence for standard RL is 0.766, and 0.220 for
RL-TV, resulting in a more than 3-fold improvement.

Fig. 2(a) presents another 3D synthetic image com-
posed of 5 geometrical shapes. These are more com-
plex objects with corners and homogeneous regions of
different intensity levels. The deconvolution result with
standard RL is shown in Fig. 2c. The different shapes
are still blurred and appear thinner than before degra-
dations. Many intensity oscillations appear inside the
shapes. All of these artefacts are avoided when using
the RL-TV algorithm (Fig. 2d): all shapes are sharp,

the thickness is preserved, and there are no more inten-
sity oscillations (see the intensity profile in Fig. 6). The
cross-section displays a slight effect of rounding corners.
In the axial view, the borders are not perfectly sharp.
Nevertheless, the final I-divergence is 0.691 for the pro-
posed method, which represents nearly a 2-fold improve-
ment compared to standard RL (1.365).

In Fig. 3a, we present a 3D synthetic object com-
bining texture and fine structures. The object is inho-
mogeneous and the fine structure exhibits sharp transi-
tions. The degradation (Fig. 3b) is sufficiently strong to
almost hide these details. The deconvolution obtained
with standard RL still shows strong axial blur. With
RL-TV, this blur is almost completely removed, and the
fine structures are discernable again. However, a draw-
back of TV regularization is apparent on the XY section:
a stair-casing effect. The intensity profiles in Fig. 6 do
not show significant differences between standard RL and
RL-TV results. Final I-divergence is 0.462 for standard
RL and 0.404 for RL-TV, which is an improvement by
12.6%.

3.3 Results on real data

To evaluate the performances of our method on real
data, we chose two types of objects (beads and shells)
whose size and shape are well characterised and which
can therefore be used as bona fide references. The beads
are FocalCheckTM F-24634 (Molecular Probes) fluores-
cent microspheres, with a diameter of 6 µm. The shells
are 15 µm in diameter, with a fluorescent layer whose
thickness is between 0.5 to 0.7 µm. The fluorescence ex-
citation wavelength is λex = 488 nm; the emission wave-
length is λem = 520 nm; the pinhole size was set to 1 Airy
unit; in object space, the XY dimension of each voxel was
89 nm and the Z dimension 230 nm. The microscope was
a Zeiss LSM 510, equipped with an immersion oil Apoc-
hromat 63x with numerical aperture NA = 1.4 objective,
and an internal magnification of 3.3x. Image acquisition
was performed using the Zeiss Vision software.

The results of applying the deconvolution algorithm
to a spherical shell image are shown in Fig. 4. Both
deconvolution methods achieve an identical I-divergence
of 60.6. The improvements achieved with RL-TV are a
better localization of the borders and a better estima-
tion of the shell thickness. In Fig. 6d, we show a zoom
of the intensity profiles through the right portion of the
shell image deconvolved with standard RL and RL-TV.
These profiles can be used to estimate the thickness of
the shell. On the raw image data (Fig. 4a), we mea-
sured a shell thickness of 0.93µm, which is larger than
the true thickness; on the result of RL deconvolution
(Fig. 4b), the measured thickness is 0.26µm, which is
too small. The thickness measured using RL-TV decon-
volution (Fig. 4c), is 0.40µm and thus also too small,
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but this value lies closer to the real thickness.
We also tested the proposed deconvolution algorithm

on a cluster of beads of diameter 6 µm (Fig. 5). For
the deconvolution with RL-TV, we used a regularization
parameter λTV = 0.005. The improvement of RL-TV
deconvolution compared to standard RL can be appreci-
ated in Fig. 5c, as most of the blur has been removed,
and the artefacts produced by standard RL deconvolu-
tion (visible in the X −Z view of Fig. 5b) are no longer
present. ET LA I-DIVERGENCE?

4 Conclusion

In this paper, we have presented a new deconvolution
approach for 3D confocal microscopy. It is based on the
Richardson-Lucy (RL) algorithm which is regularized us-
ing the Total Variation (TV). RL with no regularization
suffers from unstable noise amplification. Many authors
have proposed to regularize the energy using different
functionals. Tikhonov-Miller functional is often used,
but it over-smoothes the edges of objects in the image.
We have proposed to use a regularization term based on
Total Variation, which is non quadratic and does not
smooth edges. We have presented results on simulated
and real data which demonstrate both in qualitative and
quantitative terms the advantage of the RL-TV algo-
rithm over its non regularized version.
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(a) (b) (c) (d)

Figure 1: Deconvolution of a binary cylinder. (a): the original 3D synthetic image; (b): the
same image, degraded by blur and Poisson noise according to the image formation model; (c):
deconvolution by standard RL (I-divergence is 0.766); (d): deconvolution by RL-TV with λTV =
0.002 (I-divergence is 0.220). The top row shows the lateral (XY ) section through the center of
the image stack. The bottom row shows the axial (Y Z) section corresponding to the dotted line
shown in (a). The image size is 128x128x64 with voxel size 30x30x50nm in X, Y and Z.

(a) (b) (c) (d)

Figure 2: Deconvolution of a composite image. The objects exhibit different intensities: 255 for
the cylinder, 221 for the annulus, 170 for the cross, 102 for the triangle, 238 and 102 for the two
bars, 10 for the background. Final I-divergence is 1.365 for standard RL (c) and 0.691 for RL-TV
with λTV = 0.002 (d). The size of the stack is 128x128x64 with voxel size 30x30x50nm in X, Y
and Z.
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(a) (b) (c) (d)

Figure 3: Deconvolution of a textured image with fine structure. Final I-divergence is 0.462 for
standard RL (c) and 0.404 for RL-TV with λTV = 0.002 (d). Note that axial blur is much reduced
with RL-TV compared to RL. INDIQUER LA TAILLE DE L’IMAGE?
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(a) (b) (c)

Figure 4: Deconvolution of a spherical shell image. (a) shows the raw image, (b) the result of
standard RL deconvolution, (c) the result of RL-TV deconvolution. INDIQUER λTV ? The final
values of I-divergence are 60.65 for standard RL and 60.63 for RL-TV. RL-TV deconvolution
allows a better estimate of the shell thickness than RL (see text). INDIQUER LA TAILLE DE

L’IMAGE?
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(a) (b) (c)

Figure 5: Deconvolution of a bead cluster image. The result of RL deconvolution (b) presents a
high level of noise and the axial view shows oscillation artefacts. These degradations are much
reduced with RL-TV deconvolution (λTV = 0.005). INDIQUER LA I-DIVERGENCE? The stack
size is 256x256x128 with voxels of size 89x89x230nm.
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(a) (b)

(c) (d)

Figure 6: Intensity profiles of four test images. CE SONT LES PROFILS LE LONG DE QUELLE

LIGNE? PRÉCISER. In each panel, the bottom curve corresponds to images deconvolved with
standard RL, and the the top curve corresponds to images deconvolved with RL-TV. UTILISER

PLUTÔT UN CODE DE COULEUR HOMOGÈNE POUR DISTINGUER LES COURBES? (a)
intensity profile of the synthetic cylinder image (Fig. 1); (b) profile of the synthetic composite
image (Fig. 2); (c) profile of the textured synthetic object with fine structure (Fig. 3); (d) profile
of the real spherical shell image (Fig. 4). We show only a profile through the right part of the
shell. Note that RL-TV deconvolution produces a sharper profile than standard RL. LES AXES

DES FIGURES SONT À PEINE LISIBLES. SI POSSIBLE, MONTRER AUSSI LES PROFILS

DE L’IMAGE NON DÉGRADÉE (POUR LES DONNÉES SYNTHÉTIQUES) ET DÉGRADÉE

AVANT DÉCONVOLUTION ?
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