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ABSTRACT

An approximate model for optical-sectioning microscopy describing depth-varying imaging is developed. The
model incorporates changes in the point-spread function due to refractive index mismatch between the immersion
medium and the specimen, which causes spherical aberration that worsens with increasing depth under the
coverslip. Comparison of model predictions to measured images from a bead phantom shows that the approximate
model captures the main features in the data. The model presented in this paper is the first step towards
depth-variant image estimation for optical-sectioning microscopy. An expectation maximization algorithm for
maximum-likelihood restoration based on this model is also presented.
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1. INTRODUCTION

In three-dimensional (3D) fluorescence microscopy via the method of computational optical sectioning, resolution
and contrast of 3D images obtained with a widefield microscope are improved by computational processing.
Several different model-based algorithms have been developed for the necessary processing. One thing that all
these algorithms have in common is that they are based on a spatially-invariant imaging model which assumes
that changes in the point-spread function (PSF) are negligible throughout the volume being imaged. Although
this assumption has been necessary in order to keep the computational load practical, it is known that it does
not hold for three-dimensional microscopy. Imaging with a fluorescence microscope is spatially variant due to
variations in the specimen’s refractive index! and also due to the imaging depth.? In this paper we assume that
the specimen has an average uniform refractive index and we study the imaging variations due to depth within
the specimen.

Microscope objectives are designed to be aberration-free only when used under the conditions for which they
were designed.? Typically, they require the specimen to be immediately underneath the coverslip. This condition
obviously does not hold for 3D microscopy where only the top-most layer of the specimen is immediately beneath
the coverslip. If the specimen is thin, assuming space-invariance may still be a safe assumption. However, typical
specimen mounting media, such as water and saline, have a refractive index close to that of water (n,, = 1.33)
which is different from the refractive index of the objective lens’ immersion medium (n, = 1.0 for air and
n, = 1.515 for oil). This refractive index mismatch causes spherical aberration that worsens with increasing
depth under the coverslip.?2 ®  Although some microscope objectives can be adjusted to eliminate spherical
aberration at planes deeper under the coverslip, they are aberration-free only for the depth for which they were
adjusted. Thus, portions of the specimen above and below this depth are imaged with a spherically-aberrant
PSF. More recently, methods have been developed that dynamically compensate for the depth-induced spherical
aberrations as the microscope is focused at different depths.® These methods are based on using deformable
mirrors to counteract the phase error caused by the depth under the coverslip. At this time, however, such
methods are at experimental stages and not yet commercially available.
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Because of this depth-dependence of the PSF, computational-optical sectioning microscopy (COSM) algo-
rithms based on a space-invariant PSF cannot fully compensate for the image degradation introduced by the
objective lens. As COSM algorithms increasingly gain acceptance, more will be demanded from them. If quan-
titative information is needed, such as in fluorescence ratio imaging, results are likely to be in error. To address
this problem, it is necessary to incorporate a space varying PSF into COSM algorithms in a way that keeps the
computational load tractable. Thus, new algorithms based on a depth-variant imaging model must be developed.

In this paper we present a model that describes depth-variant imaging due to the change of the PSF with
increasing imaging depth. In the presentation here we assume that the PSF changes only with depth. The
method presented here can be applied to different fluorescence microscope modalities such as wide-field, confocal
scanning, etc.

The paper is organized as follows. In Section 2 a model for depth-varying image formation for fluorescence
microscopy is presented. In Section 3 simulations and results for the evaluation of the model are presented. A
restoration algorithm based on this model is developed in Section 4. The paper concludes with a summary in
Section 5.

2. DEPTH-VARIANT IMAGING MODEL

For a 3D PSF that varies only with the depth z; at which the microscope is focused, the image recorded at x; € I
can be represented by the superposition integral

g(xi) = /Oh(ri — Yo, Zis 20)8(Xo )dXo. (1)

where x; = (24, y;, 2;) and r; = (24, y;) are a 3D and a 2D point, respectively, in image space I; Xo = (Z0, Yo, 20)
and ro = (x,,Y,) are a 3D and a 2D point, respectively, in object space O; h(r; — ro, 2;, 2,) is the depth-varying
PSF i.e. the intensity of light at pixel r; produced by an incoherent point source at (ro, z,) when the microscope
is focused at a plane conjugate to z;; and s(xe) is the specimen function, i.e. the concentration of fluorescent
dye at x, € O.

In a restoration algorithm, Equation (1) is evaluated in discrete form to yield an estimated sampled image.
Numerical evaluation of Equation (1) requires storing a 4D array h(ro, 2, z,) because a different PSF is needed
for each plane in the image. Additionally, the evaluation of a large number of 2D convolutions (one convolution
for each pair of depths (z;, o)) is required. A reduction of the number of PSFs needed to evaluate Equation (1)
can be made by allowing a variable number of neighboring pixels to be associated with the same PSF.” If the
PSF does not change very rapidly with depth z;, then it is possible to approximate Equation (1) using a small
number of PSFs, each computed at a different depth z; = Z,,, m =1,2,3,..., M. This approximation is similar
to the one proposed by Trussell and Hunt® and used by Boden, et al. for astronomical imaging.’

In our approach, we partition the object space O into M non-overlapping strata, centered at depths z; = Z,,:

t t
Om ={ro, 2 : Z,m—?m < zo < Zm—l—?m}; m=1,23,....,.M
where t,, is the width of each stratum and it is equal to the distance between two consecutive depths z; = Z,,
along the z—axis. t,, is chosen such that the PSF varies little from one depth to the next. The object can be

considered as the superposition of these strata and can be written as

M
s(x0) = Sm(Xo), where (2)
Sm(Xo) = s(xo)rect[(zo — Zm)/tm], and

1 f <12
rect(z) = {O otherwise.



Using Equation (3), Equation (1) can be rewritten as

M
g(xi) = Z/o h(ri — Yo, 2iy 20)Sm (Xo ) dXo- (3)

Because we have assumed that the PSF does not change significantly within a stratum the superposition integral
in Equation (3) can be approximated by the convolution of the PSF at depth z; = Z,,, the center of the stratuin,
and the corresponding stratum of the object. Thus, if we define a sequence of M PSF’s at depths z; = Z,, as

hm(Xo) = h(ro, Zm,20) m=1,2,3,....M 4)

and a sequence of images

gm(xi) = /O hm (Xi — Xo)$m (Xo)dXo, (5)

then Equation (3) can be approximated by

M
9x) ~ > gun(x1): (6)
i=1
Thus, the depth-varying model can be approximated by the superposition of all the strata images.

3. MODEL EVALUATION
3.1. Methods
3.1.1. Synthetic data

To evaluate the imaging model, synthetic images were generated using the approximate depth-variant model
(Eq. 6) for three numerically-generated test objects. Each stratum in the approximation had 5 planes. Point-
spread functions of a 60x1.4 N.A. oil-immersion objective lens at different depths were computed with the PSF
program in the XCOSM v2.5 package'® for a fluorescent wavelength equal to 530 nm. In all cases is it was
assumed that zero depth coincides with the location of the cover slip.

The first test object consists of three small spheres (0.45 pm in diameter) positioned at dephts 0.0 wm, 0.9
wm, and 1.8 pm in a 128 x 128 x 128 pixel volume with cubic pixels of size 0.09 pm?3. The distance between
the spheres is 0.54 um. Test objects with a single sphere at the indicated depths were also generated. For the
model predictions 5 PSFs were generated at depths of 0.45 um apart. The spheres were centered in each plane
of the 3D image and it was assumed that the average refractive index of the object is equal to 1.33.

The third test object consists of a 4 pum in diameter sphere positioned at zero depth in a 256 x 256 x 256
pixel volume with cubic pixels of size 0.06 um3. It was assumed that the average refractive index of the object
is equal to 1.4. For the model predictions 14 PSFs were generated at depths of 0.3 pm apart.

For comparison, synthetic images of the test objects were also computed using the space-invariant imaging
model for COSM which is the 3-D convolution of the object with the PSF defined at zero depth.

3.1.2. Measured data

An image of a 4 ym in diameter bead phantom was measured with a Nikon Eclipse TE200 equipped with a
charged-couple device camera (Photometrics Quantix 57, Roper Scientific) with 535 x 512 pixels and well size
equal to 13 umx 13 pm. We used an infinity corrected Plan Apo 60x1.4 N.A. oil-immersion DIC H objective
lens with working distance equal to 0.21 um and a 2x relay lens yielding an effective pixel of 0.12 um in the
image. The refractive index of the oil used is 1.5150. Excitation and emission filters centered at 490 nm and
530 nm with full-width at half maximum of 20 nm and 30 nm respectively were used. The bead, stained with
four different fluorescent dyes, was mounted in an optical cement with refractive index n = 1.4 (TetraSpec Kit
T-14792, Molecular Probes, Inc).



Figure 1. xz—section images through the center of the 3-sphere object (leftmost image) and of objects with a single
sphere at depths: 0 pum, 0.9 ym, and 1.8 ym from left to right.

Figure 2. rz—section images through the center of: the superposition image obtained by adding the three images of
objects with a single sphere (leftmost image) and the images of objects with a single sphere at depths: 0 um, 0.9 um,
and 1.8 pum from left to right. The intensity in the brighter parts of the image is intensionally saturated in order to reveal
detail in the low-intensity porions of the image.

3.2. Results

We first demonstrate the effect of the changing PSF on the imaging process and the strata concept utilized in
the depth-variant imaging model. Figure 1 shows the 3-sphere object decomposed into three separate objects
containing a single sphere. Each sphere is at a different depth and thus imaged by the PSF that corresponds to
that depth. The image of each sphere is shown in Figure 2. Note how the images become asymmetrical along z
with increasing depth. The superposition of the three single-sphere object images in Figure 2 (leftmost image)
is the image of the 3-sphere object predicted by the depth-variant model (Figure 3).

Model predictions of the 3-sphere phantom obtained with the depth-variant model and the space-invariant
model are compared in Figures 3 and 4. The 3 spheres can be resolved in the space-invariant model prediction
but not in the depth-variant model prediction demonstrating that blurring due to spherical aberration reduces
the resolution in the image.

For the evaluation of the depth-variant imaging model we compare in Figure 5 a measured image of the 4-um
bead phantom (see Section 3.1.2) to a model prediction generated as described in Section 3.1.1. Profiles along z
through the center of the images are plotted in Figure 6. As evident from these figures the depth-variant model
captures the major features in the measured image of the bead.

4. RESTORATION ALGORITHM

The Expectation Maximization (EM) algorithm for maximum likelihood estimation based on Poisson statistics
derived by Dempster, Laird, and Rubin'! has been adapted by us and others to optical sectioning microscopy



Figure 3. Comparison of xz—section images predicted by the depth-variant (DV) model (left) and the space-invariant
(SI) model (right).
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Figure 4. Profiles through the zz—section images of the model predictions of the 3-sphere phantom with the depth-
variant model (DV-model) and the space-invariant model (SI-model). Plane zero corresponds to the top of the images in

Figure 3.

Figure 5. Comparison of xz—section images through the center of a measured image (left) and a synthetic image (right)
of the 4-um bead phantom.
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Figure 6. Profiles through the xz—section images of the 4-pm bead phantom shown in Figure 5. Plane zero corresponds
to the top of the images.

for a space-invariant imaging model.*>"17 Using Equation (6) to approximate the depth-variant imaging model
we have derived a new EM algorithm for optical sectioning microscopy.

Following the EM formalism,'® we define the complete data set as N (dxi, dXo), the number of photons emitted
from [Xo, Xo + dXo| € O and detected at [x;, x; +dx;| € I. For a given pair of points (x;, Xo), N (dxi, dx,) follows
a Poisson distribution with mean

w(dxi, dxo) = hm (Xi — Xo)8m (Xo)dxidxo for xo € O

The log-likelihood of the complete data set is given by

Lea=— [ [ wtasicdxe) + [ [ inlsteo) )V (s dxo). (7)

where terms independent of s(x,) were dropped. The expectation of Equation (7) conditioned on the estimate
at iteration (k), §*)(x,), and the recorded data g(x;) modeled by Equation (6) is given by

Qs = - [ > o) [ o xix,

nls(x M) (x Xj — X Mx-x
+ Al[(o)]; m(o)‘/th(l o) dx;idXo, (8)

where §*)(x;) is the image of the specimen function estimate at iteration (k). At each iteration of the EM
algorithm an estimate of $(x,) is computed to maximize Equation (8). The maximization defined by

§#) (xo) = argmax Q[s;5M)], 9)
$(%0) >0
yields the estimate
1 (xi)
(k1) — k) ] RN AC.c D W 1
S (Xo) H,, Sm (XO)/I vm (Xi xo)g(k)(xi) Xi, (10)

form =1,..., M, where Hy, = [} hp(x; — Xo)dXo.

Equation 10 yields an iterative depth-variant maximum-likelihood image estimation algorithm derived based
on an approximate imaging model. The approximation in the imaging model improves as the number of PSFs
(or strata) increases. However, increasing the number of strata increases computation time. Thus, the number
of strata (Equation (3)) used in the approximation model regulates the trade-off between the computation time
and the quality of the estimated specimen function.



5. SUMMARY AND CONCLUSIONS

We have developed a new imaging model for computational optical sectioning microscopy that takes into account
a depth-variant PSF, i.e. a PSF that changes with imaging depth. Comparison of model predictions with
measured images of a simple phantom shows that the model captures the major features in the measured data.
Comparison of the new model predictions to images predicted by the conventional (space-invariant) COSM
model shows significant differences. These differences suggest that existing COSM restoration algorithms, based
on the space-invariant imaging model, cannot fully compensate for the image degradation introduced by the
spherical aberration due to imaging depth. To ameliorate this problem we have developed a new restoration
method based on the depth-variant imaging model. The new expectation maximization algorithm for maximum-
likelihood estimation was presented in the paper. We are currently implementing this algorithm and results from
its evaluation will be presented in a future publication.
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