
I. INTRODUCTION

THE limited depth of Þeld of conventional brightÞeld mi-
croscopes is a signiÞcant shortcoming when imaging spec-

imens whose thickness and surface proÞle extend beyond the
systemÕs focal range. It is impossible to image such samples en-
tirely in focus with a single acquisition; only those portions that
lie within the depth of Þeld appear in focus and sharp, whereas
the remaining regions are blurred by the systemÕs point spread
function (PSF). A common way around this limitation consists
in acquiring a series of optical sections of the sample by gradu-
ally moving it through the focal plane. This results in a Òz-stackÓ
of images that collectively contains all available in-focus infor-
facilitates the visualization and interpretation of z-stack acquisi-
tions by combining the in-focus information from multiple im-
ages into a single fusion image that depicts the specimen entirely
in focus. Due to the thickness and staining of samples prepared
for brightÞeld microscopy, it is generally assumed that the infor-
mation that appears in focus lies on the surface of the specimen
(we shall refer to this information as the specimenÕs texture).
Given a z-stack acquisition, the goal of EDF algorithms thus
lies in determining the in-focus position

that corresponds to
the surface of the specimen for every point in the image
plane. Almost all existing EDF methods are variations of the
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A notable byproduct of the above is the topographical informa-
tion obtained in the form of the in-focus index map.

One of the earliest descriptions of EDF algorithms can be
traced back to Pieper and Korpel; these authors discussed the use
of pointwise criteria based on intensity, as well as nondirectional
Þnite differenceÞltering to discriminate for in-focus regions [2].
Subsequently, Sugimoto and Ichioka suggested using the vari-
ance withinÞxed windows of the acquired z-stack as a possible
sharpness criterion [13]. They also showed that the texture and
topography can be used to generate a stereoscopic representa-
tion of the sample. Itohet al. adapted this approach to account
for possible intensity variations in reßected light microscopy by
introducing a cylindrical lens into the system and evaluating the
local variance according to the resulting astigmatic aberrations
[14]. Other proposals include high-passÞltering [15] and gra-
dient-based approaches, where the presence of sharp edges is
used to detect in-focus areas [16].

To date, the most successful approaches rely on some form of
multiresolution analysis; e.g., steerable pyramids [17]Ð[19] and
wavelet decompositions [3], [21]Ð[24]. By applying a wavelet
transform to every slice, one automatically performs high-pass
Þltering at different resolutions. This approach avoids the choice
of a Þxed-sizeÞlter. The selection of the in-focus slice is per-
formed in the wavelet domain too; i.e., at every resolution level.
For a state-of-the-art wavelet approach, we refer to [6]; this
work also includes a comparative evaluation of the primary EDF
methods.

B. Towards a New Model-Based Approach

The primary goal of all methods outlined above is to yield an
accurate rendition of the sampleÕs texture. Although the map of
selected in-focus slice positions for every pixel yields some top-
ographical information, this distance map is noisy and coarsely
discretized, and is ill-suited for accurate 3-D reconstruction and
texture mapping. Some approaches (see, e.g., [20]) use local
consistency checks and smoothing to improve the appearance
of the topography, but they do not guarantee an accurate inter-
pretation of the specimenÕs surface proÞle, nor do they suppress
the inherentÒstaircaseÓeffects.

In this paper, we propose a new algorithm for EDF that uses a
parametric model of image formation to recover the specimenÕs
texture and topography through an optimization process. Specif-
ically, we assume that image formation is the result of a 3-D con-
volution between the PSF of the system and the sample, where
the latter is modeled as a texture mapped onto a thin surface,
which is described by a topography map [25]. We then formulate
the EDF reconstruction as a least-squares estimation problem,
and propose a solution by alternate optimization of the texture
and the topography. Compared to the previously discussed EDF
techniques, the topography is not limited to discretized values
anymore, since it can change in a continuous way to maximally
match the measurements. A further advantage is that the tex-
ture estimation process is capable of acting as a deconvolution
in cases where a residual blur remains at the in-focus position,
or when the true in-focus position falls in between two slices.
Compared to classical deconvolution, the texture estimation is
much better conditioned since the whole z-stack contributes to

its estimationÑ hence, this process can be interpreted as a 2.5-D
deconvolution operation.

C. Organization of the Paper

In the next section, we introduce our image formation model.
After this, in Section III, we formulate the least-squares esti-
mation problem, along with its iterative, gradient-based solu-
tion. Subsequently, we present a simple, computationally efÞ-
cient Gaussian PSF model and compare it to accurate optical
models (Section IV). The proposed algorithm is then demon-
strated in Section V, where simulations and experimental results
are shown. Finally, there are a number of practical issues raised
by our technique that are investigated in Section VI, where we
also discuss the inßuence of the PSF modelÕs accuracy on the
estimation results.

II. I MAGE FORMATION IN BRIGHTFIELD MICROSCOPY

BrightÞeld microscopes can be conÞgured to use either
transmitted or reßected light (called diascopic or episcopic con-
Þgurations, respectively), depending on the specimenÕs optical
properties. The transmission mode is appropriate for samples
that are sufÞciently transparent, whereas the reßection mode
makes it possible to image opaque specimens. Consequently,
we propose an image formation model that applies to both
modalities. For an opaque specimen imaged in reßection, the
object can be modeled as a 3-D surface, which leaves image
formation unchanged. It turns out that this thin surface model is
a valid approximation for the diascopic conÞguration as well,
under the condition that the specimen is sufÞciently thick, such
that its surface alone appears in focus. It should be noted that
in the latter case, this is a somewhat idealized representation
that ignores potential out-of-focus contributions from beneath
the surface of the specimen (note, furthermore, that these
contributions vary depending the local thickness and density
of the specimen). However, it is a necessary simpliÞcation to
make our approach feasible, and our experiments indicate that
it does not ensue in a loss of precision in the estimation results
(see Section V). For this approximation to apply, transparent
specimens should be signiÞcantly thicker than the systemÕs
depth ofÞeld, which is deÞned as

NA
(1)

where is the illumination wavelength, is the refractive index
of the immersion medium, and NA designates the numerical
aperture of the objective.

The theoretical developments below and in the following sec-
tions are stated for grayscale or single-channel data. The exten-
sion of these results as well as other issues pertaining to multi-
channel data are presented in Section III-E.

As mentioned, we express the sample as a 3-D sur-
face, described by a topography onto which a texture

is mapped

(2)

where the Dirac distribution represents the surface. The image
formation and acquisition process is modeled as a convolution
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Fig. 5. Simulation results for topography estimation using the variance-based, CWT-based, and model-based algorithms. (a) Ground truth; (b) variance method;
(c) CWT-EDF; (d) model based.

TABLE I
QUANTITATIVE PERFORMANCECOMPARISON FORTOPOGRAPHY

AND TEXTURE ESTIMATION FOR VARIOUS EDF METHODS

means that the PSF needs to be uniformly integrated over the
interval of visible wavelengths. The result of this integration
is essentially a smoothing effect; in fact, the xy-sections of a
white-light PSF for a low magniÞcation objective closely re-
semble Gaussians.

At each iteration of the topography estimation, the PSF needs
to be sampled over a given support for each point of the topog-
raphy. It is therefore highly advantageous to use a Gaussian PSF
model that is computationally much less complex to evaluate
than an optically accurate PSF that involves numerical integra-
tion. As illustrated in Fig. 4, a good estimate of the PSF can be
obtained byÞtting a model of the form

(22)
to a theoretical PSF evaluated according to the optical properties
of the microscope used, or to an experimentally measured PSF.

A key property of brightÞeld microscopes consists in Kšhler
illumination, which is designed to uniformly illuminate the
sample independently of the position of the focus [31]. To
account for this, the PSF needs to be normalized such that the
intensity within each xy-section is equal to unity. This is not
necessarily the case when the Gaussian PSF model is sampled
over the integers. In particular, when tends
towards zero, goes to inÞnity, which is
physically nonplausible. In order to avoid numerical blow up
when , we further normalize by

(23)

which is the sum over the essential support of the Gaussian.

V. RESULTS

We now present estimation results obtained from several data
sets,Þrst in simulation and then on acquisitions of biological

specimens. Where appropriate, we compare our results to two
reference methods for validation: one based on a local variance
criterion and the other on a wavelet transform. As mentioned
earlier, the former constitutes the classical approach to EDF.
It has a low computational complexity and generally yields re-
sults of reasonable quality, which explains its ongoing popu-
larity. SpeciÞcally, we compute the variance in a 55 window,
andÞlter the resulting topography using a Gaussian kernel with

to enforce local smoothness.
Among state-of-the-art wavelet-based methods, we chose the

complex wavelet-based EDF algorithm of [20], co-developed by
two of us (from this point on, we will refer to it as the CWT-EDF
method), which was shown to outperform competing methods
in many instances. This choice is further justiÞed by it being the
only recent method that aims at providing a coherent estimate of
the topography by imposing local smoothness and consistency
constraints.

A. Performance Comparison in Simulation

In order to have a ground truth at our disposal for the com-
parison and qualitative assessment of the results produced by the
above cited methods, we performed aÞrst series of experiments
using a simulated set of acquisitions. A z-stack of images was
generated from a given topography and texture using the object
and image formation model, i.e., by applying the nonstationary
convolution of (9) (see Fig. 1).

In Fig. 5, we compare the topography estimation results ob-
tained on a simulated stack containing eight images of a dome-
shaped object onto which a 256 256 texture was mapped.
The latter was derived from a brightÞeld image of a histolog-
ical slide containing murine liver tissue. Our implementation of
the CWT-EDF method permits to control the smoothness of the
estimated topography; here, we empirically optimize this step
to maximize the quality of the topography. As expected, the
model-based algorithm correctly recovers the topography, while
the two reference methods only approximately approach the cor-
rect shape. The quality of the estimation results, in terms of the
signal-to-noise ratio , is
documented in Table I. The continuous-domain formulation of
the object model in our approach not only leads to a better esti-
mation of the topography, but also deconvolves the texture at
locations between slices, which accounts for the gain in es-
timation quality of both signals. Care was taken to generate
phantom data containing in-focus information for all -po-
sitions; this explains the relatively good quality of the texture
estimation results for all methods. We initialized our method
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Fig. 6. Individual image slices from the PeyerÕs patches stack. Distinct in-focus areas are clearly visible.

Fig. 7. Comparison of texture estimation against a wavelet-based method. The specimen is a sample of PeyerÕs patches in the mouse intestine. (a) Texture ob-
tained using the complex wavelet-based algorithm described in [20], with maximal quality settings. (b) Texture resulting from our joint estimationalgorithm. The
coarse-to-Þne estimation approach ensures local smoothness, which prevents mis-selection artifacts that are typical of approaches that rely on a high-frequency
criterion.

with a ßat topography, and performed iterations at the scales
. In general (also for the results on experimental

data), the topography estimation typically requires aroundÞve
subiterations, whereas the texture requires only 2Ð3 steps of the
gradient update to reach convergence.

B. Results on Experimental Data

We now demonstrate the potential of our method on two sets
of experimental acquisitions, one for a transmission setup and
the other for a conÞguration using reßected light. TheÞrst spec-
imen consists of a section of mouse intestine containing PeyerÕs
patches, stained using a membrane-labeling dye. The sample
was imaged using a Zeiss PlanÐNeoßuar , 0.75 NA objec-
tive in air immersion, with a Jenoptik ProgRes CCD camera
with m pixels. 16 optical sections in steps of 3m
were acquired. The acquisitions have a resolution of 1996
1450 pixels, several of which are shown in Fig. 6.

The topography resulting from the joint estimation, shown
in Fig. 9, clearly reveals the heap-like structure of the sample.
This result was obtained by initializing the algorithm with the
variance method, and by performing iterations at the scales

. In Fig. 7, we compare the texture obtained
with CWT-EDF and our method. At aÞrst glance the results
look similar, but the inspection of some details (see highlights
of Fig. 7 in Fig. 8) reveals a marked improvement with our
method. Notably, there is a complete absence of color artifacts

Fig. 8. Details of the texture estimation comparison from Fig. 7.

typical of wavelet-based methods. Also, the deconvolving ac-
tion of the texture estimation restitutes several in-focus regions
missing from the acquisitions. This is most noticeable around
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