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Abstract

With the huge amount of cell images produced in
bio-imaging, automatic methods for segmentation are
needed in order to evaluate the content of the images
with respect to types of cells and their sizes. Traditional
PDE-based methods using level-sets can perform auto-
matic segmentation, but do not perform well on images
with clustered cells containing sub-structures. Fur-
thermore, DIC images contain a phase gradient, which
should be removed first. We present a method that re-
moves this gradient, finds the cell centres and derives
the relevant individual cells.

1 Introduction

Automatic cell segmentation and cell scan analysis
belong to the challenging tasks in image processing.
Due to different types of microscopy, e.g. fluorescence,
transmission or phase contrast microscopy, no general
solution is applicable. Whereas for fluorescence mi-
croscopy some image processing software exists, trans-
mission and phase contrast microscopy are still slightly
neglected in automatic bio-image analysis. In recent
years, however, biologists renewed their interest in the
latter and used microscopic setups avoiding additional
staining to reduce stress reactions in cells.

The tasks of cell population analysis can be de-
scribed by counting cells, determining the distribution
of cell areas and distinguishing between different states
as e.g. mother and daughter cells. Especially yeast
cells act as a well-established model for several micro-
biological investigations in the field of proteomics. Of-
ten automatic segmentation and analysis of cell scans
are connected with a previous screening of hundreds
of cell scans automatically performed by a robot. Due
to this automated high-throughput imaging we have to

cope in reality with several additional difficulties as var-
ious cell concentrations, defocused scans or overlap-
ping cells.

In this paper we introduce an automatic cell seg-
mentation method for Differential Interference Con-
trast (DIC) microscopy (Fig. 1) as an example of light
microscopy imaging phase gradients. The interesting
question is how to conclude from the measured inten-
sity in the DIC image to the original phase in an almost
quantitative way if only a single DIC image is available.
We propose a transformation method for DIC which
modifies these images to an appearance that standard
segmentation methods as threshold or level sets can be
performed.

Next, we use a voting scheme to determine the loca-
tions of the individual cell centres. Based on these seed
points, three level set PDEs are used to determine the
cell boundaries.

This work is part of a larger project in which biolo-
gist want to find the location of larger (”mother”) cells
and their approximate sizes.

2 Imaging model in DIC microscopy

DIC microscopy is used to image phase objects.
Phase objects are almost transparent objects but with
a refractive index difference to their surrounding
medium. In DIC Microscopy two by the DIC shear
τ shifted, mutually orthogonal, linear polarised light
waves are propagating the sample. The different optical
path length gives rise to an incremental phase change
which can be transformed into intensity using polar-
isation and superposition effects, Fig. 1a. The mea-
sured intensity can be related to the transmission func-
tion u(x,y) and phase ϕ(x, y) by a convolution (⊗) with
the amplitude point spread function (PSF) hA(x, y) of
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the DIC microscope [8].

I(x, y) =
∣∣∣∣∫

Ω

u(x′, y′)hA(x− x′, y − y′)dx′dy′
∣∣∣∣2
(1)

Assuming that the amplitude PSF hA(x, y) can be ex-
pressed by

hA(x, y) = 1
2 exp(−iϕ0

2 )hσ(x−∆x, y −∆y)−
1
2 exp(iϕ0

2 )hσ(x + ∆x, y + ∆y)
(2)

with the PSF hσ(x, y) = δ(x, y) in case of pure geo-
metric optic model or hσ(x, y) = exp(−(x2+y2)/2σ2)
considering the diffraction due to microscope optics.
The inherent DIC shear is denoted by ~τ = (2∆x, 2∆y).
Assuming further an object transmission function
u(x, y) = u0 exp(−iϕ(x, y)) we finally can describe
the measured intensity by

I(x, y) = I0(1− cos(~τ ◦∇(hσ ⊗ϕ(x, y))+ϕ0)) (3)

with ϕ the phase to be reconstructed and ϕ0 denotes an
initial phase shift (bias retardation). Hence, we have a
nonlinear dependence between intensity and phase gra-
dient projected (◦) to DIC shear direction. Considering
a shear in x direction, a bias of π/2, assuming no in-
fluence of background or additional modulation and re-
stricting us at the beginning to weak phase objects what
is mostly valid in cell biology, we can linearise equa-
tion (4). The resulting intensity IM can be expressed as
a convolution of the phase with an differentiation oper-
ator h(x) by

IM (x, y) = h(x)⊗ ϕ(x, y) + n(x, y) (4)

with h(x) = hσ(x)⊗ (δ(x + ∆x)− δ(x−∆x)).

3 Reconstruction methods and results

3.1 Line integration approaches

Line integration is a standard technique for DIC
phase reconstruction, but causes well known streaking
artifacts. Including an exponential damping factor, us-
ing a Hilbert transform or including additionally low
pass filtering can reduce these artifacts to a certain de-
gree [2], Fig. 1b. We performed all these integration
approaches efficiently in Fourier domain.

3.2 Deconvolution

The deconvolution of equation (4) was performed by
a positive projection P+ based Landweber iteration [9]
adapted to the DIC problem by

ϕ̂(k+1) = P+

[
ϕ̂(k) + ω(H>d−H>Hϕ̂(k))

]
(5)

Figure 1. (a) DIC image (b) Reconstruc-
tion by integration (c) Reconstruction by
deconvolution (d) Detail of (c)

The matrix H contains the discrete differences of two
Gaussians and ω denotes the step size. As test we used
both a simulated phase image and a DIC imaged yeast
cell scan. The OPD map of the individual yeast cells
could be reconstructed, Fig. 1c. The expected higher
value for OPD at the membrane and for sub-cellular
structures e.g. lipid droplets due to the higher refractive
index can be recognised, Fig. 1d.

4 Seed Detection: Iterative voting

The first step for segmentation of these images is the
detection of the centres of the cells. In the second step
these locations are used as seed points for a PDE-based
region growing method that stops at the cell boundaries.

The shape of a cell has some characteristic proper-
ties, like symmetry, continuity, and closure. Therefore,
we apply an iterative method using oriented kernels to
detect the candidate position for the centre of the cell
[12, 7, 1].

The basic idea of this algorithm is a voting method.
It defines a series of cone-shaped kernels that vote iter-
atively along radial directions the likeness of the point
as being the middle of a rather homogeneous structure.
Applying this kernel along the gradient direction, at
each iteration and each grid location, the orientation of
the kernel is updated. The shape of the kernel is also re-
fined and focused as the iterative process continues. Fi-
nally, the point of interest is selected by certain thresh-
old. Full details on the methodology and comparison
with related methods can be found in [12, 13, 3].

5 Geometric PDE evolution using level
sets

In the next step, the detected centre is used to de-
fine the initial condition for detecting the boundary us-
ing PDEs in a level set framework. This allows one
a flexible setup, as it is able to split and merge curves
during the process. They also overcome the initialisa-
tion problem. Finally, fast methods are available for im-



plementation. It was initiated by Osher and Sethian [6]
and exploits mathematical properties of equations of the
form

φt + F · |∇φ| = 0, (6)

where F is a function that is user-defined. It can, for ex-
ample, contain edge information. This model is applied
in a wide variety of applications, see e.g. [10, 5, 4].

In cell segmentation, impressive results using this
methodology can be reached [4, 11, 1] when i) the cells
are no too clustered, and ii) they do not contain too
much sub-structures. However, when they do, these
methods fail. The optimal solution finds a set of clus-
tered cells, since in this case the length of the edge curve
is smallest. Relaxing the edge-length constraint results
in segmenting dark sub-structures. For an overview of
the ample literature on geometric pde models in image
analysis, one can consult the collections of papers in
e.g. [4, 5].

In the following, we use the detected centre to define
the initial condition for detecting the boundary. A
sequence of three level set functions are set up for each
cell. Full details on the methodology and comparison
with related methods can be found in [13, 3].

Phase 1: Initial expansion
Motivated by the traditional level set model, the follow-
ing level set equation is defined [11]:

φt + g · (1− εκ) · |∇φ| − β∇g · ∇φ = 0, (7)

where g = e−α|∇(G⊗I0(x))|, α > 0, G ⊗ I0(x) is the
convolution of the original image I0(x) with a Gaus-
sian function G. The function g · (1 − εκ) contains an
inflationary term (+1), which determines the direction
of evolution to be outward. The curvature term (εκ)
regularises the surface by accelerating the movement of
those parts of surface behind the average of the front
and slowing down the advanced parts of flow. The pa-
rameter ε determines the strength of regularisation. The
effect of g is to speed up the flow in those areas where
the image gradient is low and slowing down where the
image gradient is high. Because of this term, the front
slows down almost to stop when it reaches the internal
cell boundary. The parameter α determines the sensitiv-
ity of the flow to the gradient. The extra term β∇g ·∇φ
is a parabolic term that enhances the edge effect.

In this step, there is another restriction condition for
the equation: The growing front may not invade (and
merge with) other cells’ region when seed grows. By
using this level set equation, the internal boundary of
the cells is detected.

Phase 2: Free expansion
The initial expansion level set function usually causes

underestimation of cell area due to the thick boundary.
So a second and third step are added to compensate the
result. The second step is the free expansion, in which
the front is allowed to expand freely and the speed of
evolution doesn’t rely on the gradient of original image:

φt + |∇φ| = 0. (8)

Similar as the first step, the growing fronts may
not penetrate each other when the front expands. This
expansion only needs a small number of steps (≤ 5, the
size of the boundary) to ensure that all the fronts move
beyond the external boundary of cells.

Phase 3: Surface wrapping
After the free expansion step, the fronts are located out-
side the cells’ boundary. The last step is to move the
front inwards to get the exact location of the external
cell boundary using

φt + g · (−1− εκ)|∇φ| = 0. (9)

This is similar to initial expansion except for the shrink-
ing term (−1), which determines the direction of evolu-
tion to be inward.

6 Results

From a large database with yeast cells we show the
results for two characteristic images in Figs. 2 and 3.
In the top row one sees from left to right the original
DIC image, the transformed image using the deconvo-
lution described in section 3, and the votes for the lo-
cation of cell centres as described in section 4. Next,
the second row shows, from left to right, the seed points
are the most prominent (highest) votes, the result of the
edge evolution described in section 5, and the individual
cells.

The cells are not clustered, as desired. Furthermore,
the mother cells are segmented successfully. The not-
segmented child cells are marked with small red blobs.
Finally, one should be aware that the boundary is shown
on top of the gradient phase images. In such images
boundaries are rather ambiguous. For the biologists in
the project the location of the mother cells and a rough
estimation of their sizes is sufficient.

7 Summary and Conclusions

We discussed a method to segment individual mother
cells in gradient phase DIC images in three steps.
Firstly, they were deconvolved to obtain an intensity
based image. Secondly, the locations of the relevant



Figure 2. Example of the segmentation of
phase gradient DIC images.

Figure 3. Example of the segmentation of
a phase gradient DIC image - details.

cell centres were determined using a voting method.
Thirdly, using level-set based PDEs the areas of these
cells were found. The proposed methods overcome nu-
merous artifacts that often occur in deconvolving DIC
images and segmentation of clustered cells.

Performance of the methods is shown on different
types of cell images, with both regular and irregular
patterns, and overlapping cells and perform satisfactory
well. As long as the cells are distinguishable by the hu-
man eye, the method can segment individual cells prop-
erly.

The method requires a parameter setting that needs
to be determined once, as long as the intrinsic proper-
ties of the cell images are stable, i.e. when the images
are not too much out of focus. In the latter case, even

human observers are unable to segment the cells.
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