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ABSTRACT

The random walker method [1] has many nice characteristics
for 3D image segmentation. However, it is computational
expensive and slow due to a massive linear system to be
solved. In this work, we take advantage of the probabilistic
output from the random walker method applied to a small
downsampled image. By using the original image and seeds
information, a novel edge-preserving method is introduced
to upsample the probability, which is used for final
segmentation. The running time is significantly reduced,
taking less than one second to segment a 180x283x12 image
stack on a normal laptop. Furthermore, the proposed method
performs better when dealing with noisy boundaries than the
original random walker method and the level set method.

Index Terms— Random walker, neutrophil cell
segmentation, 3D cell segmentation, edge-preserved
upsampling, cell motility

1. INTRODUCTION

Our current view of moving neutrophil cells is mostly based
on 2D cross-sections through the cell centre or TIRFM
studies of the substrate attached cell surface. To better
understand cellular mechanics and obtain an integrated view
of cell motion, a full 3D analysis is required, including 3D
segmentation, surface reconstruction, and local
measurements of membrane deformations. Spinning disk
confocal microscopy allows us to acquire time series of 3D
stacks within seconds, but because of short exposure times
signal-to-noise ratios are low. Further complications are
inhomogeneous labeling (e.g. the intensity of the cell interior
similar to that of the background in Fig. 1(b)), and
ambiguous boundaries, making segmentation non-trivial.

A variety of algorithms for cell segmentation have been
proposed in the literature, mainly in 2D. A popular
technique is the region-growing method [2], which works
well for homogeneous and separated cells. However, it
suffers from over-segmentation when intensities vary
spatially inside cells. Other methods are seeded watershed
algorithms [3], active contours [4], graphical models [5],
active mask [6], and graph Laplacian diffusion based
methods [7]. Most approaches are semi-automatic due to the
complexity of cell images, requiring users to draw scribbles

190

Fig. 1. A 3D stack (12 slices) of a neutrophil cell labeled with cell
mask orange dye. (a-c) are the 1st, 4th, and 7th slices. (d) The first
slice with scribbles as seeds for segmentation. (e) Segmentation
obtained by the random walker method [1]. (f) Segmentation using
our method. Scale bar: 10 micron.

as seeds or a window around the cell to be segmented.

Graph based methods have achieved impressive results
by constructing a graph where nodes correspond to image
pixels and edges connect nearby pixels with weights
reflecting similarities in image intensity. In this paper, we
use a random walker approach for cell segmentation [1],
which has many nice characteristics, including trivial
generalization to simultaneous multi-region and 3D
segmentation, robustness to noise, weak boundaries
detection, a sound theoretical basis, and a probabilistic
output that can be employed to identify areas of uncertainty.
However, since a massive linear system needs to be solved
when segmenting a 3D image stack, computational costs are
high. Other downsides are limited abilities to segment noisy
boundaries as shown in Fig. 1(e), which uses the seeds of
Fig. 1(d) and the code from the author's website for 2D
segmentation. Additionally, when extended to 3D
segmentation of the stack of Fig. 1(a-c), the random walker
method of [1] failed to produce reasonable results as shown
in Fig. 3.
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By taking advantage of the time that images are stored
on servers prior to an analysis, offline precomputation was
proposed to speed up this popular algorithm [8,12].
However, that is not an ideal solution. Besides the extra
offline precomputation time, large storage space is required
for precomputed matrices. In this paper, we downsample
images with a rate of 1/8 or less to obtain initial results by
making use of the probability outputs from the random
walker method. Our key contribution is to introduce a novel
quick edge-preserved method to upsample the probability
for segmentation by using the prior original image and seeds
information. Computational time is significantly reduced,
which takes less than one second to segment a 180x283x12
image on a normal laptop. Furthermore, the proposed
method deals better with the noisy boundaries as shown in
Fig. 1(f) that is segmented in 2D using our method (for the
reason of comparison with Fig. 1(e)).

2. FAST RANDOM WALKER

We begin by briefly explaining notations. Given an image
with N pixels, a weighted undirected graph G = (V,E, A)
with vertices veV and edges e e E is constructed. Each
pixel corresponds to a vertex v, and each pair of
neighboring vertices is connected by an edge e. The
connectivity will be 4 or 8 for 2D images, and 6 or 26 for
3D ones. AeR"™" is a weighted affinity matrix, which maps
changes in the image structure to edge weights. Let D be a
diagonal matrix with elements given by degrees of vertices

d, = z]ev A, . The weighting function is defined as
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where 1, is the image intensity value at vertex v, , and S,

indicates its spatial position. The graph Laplacian matrix is
then givenby L=D—-A.

2.1. Random walker method
The random walker method proposed in [1] finds the
probabilities of unseeded nodes by
min x' Lx = Z w, (x, —x/_)2 2)
e, €E

Based on the provided seeds, Eq. (2) can be decomposed
into

L, B || x,
min  [x], x;]{ . }[ } 3)
B LU X,

where x,, and x, correspond to the probabilities of seeded

and unseeded nodes respectively. The optimization problem
of Eq. (3) can be solved by the linear equation:

T
L,x, =-B x, 4)
This is a large linear system for 3D segmentation of a cell
image. Although Eq. (4) is a sparse, symmetric and
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diagonally dominant system, solving it directly will be still
slow requiring O(U) running time.

2.2. Downsampling

Obviously, if we reduce the number of unseeded nodes, the
time for solving Eq. (4) can be reduced. The problem is how
to reduce the number of equations without sacrificing the
accuracy of the algorithm. We first downsample the image
using the bilinear method to make it substantially smaller.
Since the resolution in z is much lower than in x and y, we
do not downsample in z. The random walker method is then
applied to the downsampled stack, with much fewer
equations to be solved.

2.3. Seeds propagation

Segmentation begins with the user roughly scribbling parts
of the image that belong to either cell or background. We
mark the seeds in the original image, and scale their
positions in the downsampled image for the initial
segmentation. Caution should be taken to remove duplicated
seeds, which end up in the same position. This should not
affect the final segmentation result. When scribbles are
placed inside an object, the scaled down seed locations
should still lie within the downsampled object.

Compared with 2D images, it will require considerably
more user effort to seed a noisy 3D image with many slices.
We propose to use only the bottom slice of the cell volume
for seeding in 2D. The seeds are then propagated to the
entire volume by a simple thresholding method. The
threshold value is calculated as

&)

are the intensity mean and standard

Tr=u,,+o,

seeds

and o

Where /Ll seeds seeds
deviation of seeded pixels of the cell in the bottom slice. We
only generate extra seeds for the cell, not for the
background. As shown in Fig. 1(b-c), the cell interior has
similar intensity values as the background. However, we are
confident that high intensity pixels belong to the cell.

In [9], Grady introduced regional intensity priors into
the formulation of Eq. (2) to segment disjoint regions, as the
segmentation of Eq. (4) is based on localized image data
only and disconnected regions must be seeded individually.
The prior probability A is derived from the seeded pixels
using a Gaussian kernel. The original random walker
problem solved on the augmented Laplacian becomes [8]

(L, +yl,)x, =yA—B'x, (6)
where y is a parameter to weight the prior probability, and
I, is an identity matrix.

Our method to propagate seeds is also based on density
estimation derived from seeded pixels. However, our
method is simpler and much faster. Furthermore, the prior
computation method of [9] is actually not so suitable for our
application due to the similar intensities of background and



cell interior. For other applications such as the images in [8]
where the intensity is different from background, our
framework can be employed to speed up the solution of Eq.
(6) as well.

2.4. Edge-preserved upsampling

The random walker method (Section 2.1) is applied to the
downsampled image (Section 2.2) with propagated seeds
(Section 2.3). The obtained downsampled probability is
extrapolated by a cubic method to the original image size.
The upsampled probability ¢ at pixel i is calculated in the
following form:

. 1 c ¢
g = > wl, )P (D
|neighb(i)| + 1 tctneighv (i) e
where c is the class indication of cell or background, I, is

the intensity at pixel i of the original image, p; is the
extrapolated probability of class c at pixel i, and 7 is a
parameter to balance the
w(l,, ,uscee ;) given by

A=, - o) |-

seed

importance of the weight

W(Ii ’ /usc"eed) = { (8)

where 7 is a scale parameter in the intensity domain. Eq. (8)
gives higher weight to pixels with intensities similar to the
mean intensity of seeds. If the intensity difference is bigger
than 7, the weight is set to zero. The final segmentation is
obtained by assigning the pixel i to the class corresponding

0 otherwise

to max_(p;).

The effect of Eq. (8) is similar to Tukey's biweight
edge-stopping function introduced in [10] for robust
anisotropic  diffusion. The discrete diffusion equation

governing the value 7" is

1+1 t [24
L' =I+———

|neighb(i)
where ¢ is the time step, o determines the rate of diffusion,
and g(-) is an edge-stopping function. The choice of g(:)

> g -1 -1I) ©9)

keneighb (i)

can greatly affect the extent to which discontinuities are
preserved. A variety of edge-stopping functions have been
used such as Lorentz, Gauss, and Tukey's biweight function
[10], which are plotted in Fig. 2. It is helpful to understand
how an edge-stopping function deals with outliers. We can
see that the Lorentz function gives more influence to outliers
than the Gauss and the Tukey functions. More robust results
can be achieved by Tukey's biweight function, as it
completely prevents diffusion across edges.

In [10], the intensity difference is calculated between
the pixel i and its neighboring pixels as seen in Eq. (9). For
regions of piecewise constant intensity, anisotropic diffusion
is equivalent to average intensities of neighbor pixels. For an
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Fig. 2. Comparison of edge-stopping functions.

image region that includes boundaries, the influence of
"outliers" is low as the value of g(-) is small for large

intensity differences. However, our method computes
intensity differences between the pixel i and the mean of
seeded pixels, instead of its neighboring pixels. To make it
more clear, Eq. (7) can be rewritten as

1
S w(l ) (p +
a (neighb(d)] +1)|seed" 2 2w
Here, the edge-stopping property is nicely kept, and
"outliers" can be explained explicitly as pixels belonging to
a class other than c.

The final segmentation result will contain some small
spurious objects due to few high intensity pixels in the
background. The morphological close operator was used to
remove those falsely detected small objects.

ke(neighb(i),i} jeseed”

3. RESULTS

The experiments were performed using unoptimized Matlab
code running on an Intel(R) Core(TM) 2.3GHz with 6GB of
RAM. Ten stacks of neutrophil images were tested, labeled
with cell mask orange dye to stain the plasma membrane.
The neutrophils are sitting quiescent, then are stimulated by
application of fMLP which prompts cell spreading and
movement. Cell movements are imaged by spinning disk
confocal microscopy. We use raw data to test our method,
which are more challenging than deconvolved data.
Although the deconvolution usually generates smoother
data, it is prone to generate artifacts.

We compared both the segmentation quality and the
time complexity of our method with the random walker [1]
and the level set method [11]. For the random walker
method, we propagated the seeds similarly as described in
Section 2.3 using the original image. We extended the code
from [1] to 3D image segmentation. For the level set
method, we manually set a region of interest with a right



prism and then run the algorithm with 50 iterations using the
code from [11]. We use the subsampling rate of 1/8 for all
the test image stacks.

Fig. 3 shows the results for the segmentation of the
stack shown in Fig. 1. The random walker method was
unable to obtain a proper result, possibly because of the
noise in the image and the inhomogeneous intensity
distribution. We also tried to use the bilateral filter to
denoise the slices first before segmentation, but still without
much improvement. Our method is comparable to the level
set method with respect to dealing with noisy cell
boundaries, but produces a cleaner output. Regarding
efficiency, our method took only 0.95s, while the random
walker method and the level set method took 12.3s and
32.09s, respectively. Fig. 4 shows the segmentation results
of three other stacks using our method. It can be seen that
currently our method struggles to segment very fine cell
processes (retraction fibers), which deserve further study.

The global F-measure [13] is calculated to evaluate the
segmentation results quantitatively. The ground truth of the
whole cell was obtained manually. As the random walker
method cannot segment the cell with enclosed boundary, we
only compare our approach with the level set method. Our
method achieves better F-measure value of 0.89, when
compared with the level set method of 0.83.

4. CONCLUSIONS

The method we propose is faster than the random walker
method and the level set method, while segmentation
performance is better for noisy 3D neutrophil cells. It
naturally inherits the characteristics of the random walker
method but deals better with noisy boundaries. The
techniques can be used to speed up other segmentation
methods such as the random walker with priors [9].
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