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ABSTRACT

Automatic segmentation of bright-field cell images is important to cell biologists, but is difficult to achieve due
to the complex nature of the cells in bright-field images (poor contrast, broken halo, missing boundaries). The
standard segmentation techniques, such as the level set method and active contours, are not able to overcome
these features of bright-field images. Consequently, poor segmentation results are produced. In this paper,
we present a robust segmentation method, which combines the techniques of graph cut, multiresolution, and
Bhattacharyya measure, performed in a multiscale framework, to locate multiple cells in bright-field images.
The issue of low contrast in bright-field images is addressed by determining the difference in intensity profiles of
the cells and the background. The resulting segmentation on the entire image frame provides global information.
Then a local segmentation at different regions of interest is performed to obtain finer details of the segmentation
result. We illustrate the effectiveness of the method by presenting the segmentation results of C2C12 (muscle)
cells in bright-field images.
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1. INTRODUCTION

Time-lapse microscopy is an important tool for biologists to study the morphology and behaviour of live cells.
Images of the cells are taken at regular intervals for a fixed period of time. Each experiment generates hundreds
of image frames, with tens to hundreds of cells in each frame. Manual detection of a cell can be tedious and
error prone. Thus, a tracking method, that is robust and automated, has been of great interest in the study of
live cells.

Numerous image segmentation techniques, such as snakes,1 parametric active contours,2,3 and level set meth-
ods,4 have been developed to analyze cells of fluorescent images. The relatively simple shape and bright intensities
that fluorescent images exhibit (Figure 1 (left)), allow standard techniques, such as the level set method, to seg-
ment cells with high accuracy; see Figure 1 (centre right). However, studies have shown that the chemical agents
that are used to produce fluorescent images can cause unwanted damages to the cell. Another known issue with
fluorescent images is the occasional disappearance and reappearance of the cells in a sequence of image frames,
leading to potentially incorrect tracking of cell behaviour.5 Bright-field images, on the other hand, show more
details of the cells than fluorescent images (Figure 1 (centre left)). However, the small contrast between the cells
and the background, the halo artifacts caused by light microscopy, and the poorly defined cell boundaries, are
some of the features of bright-field images of cells that make it challenging to segment; see Figure 1 (right).

There are relatively few segmentation methods for bright-field images, due to the issues as described above.
Some previous work on this matter include combining the active contour method with the watershed techniques.6

Another approach is based on K-means clustering and spectral partitioning.7 Many of these approaches handle
images containing a single cell. Segmentation of multiple cells in an image frame pose additional challenges. In
a single image frame, different cells have very different shapes and intensity profiles. This makes it difficult for
any single model to capture all of the variations that are present on the same image frame. As a result, these
cells are often over- (or under-) segmented. One consequence is that nearby cells may be identified as one big
blob, rather than individual cells.

For further information, please contact Soo Min Kang: sm2kang@uwaterloo.ca, or Justin W.L. Wan:
justin.wan@uwaterloo.ca.
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Figure 1: Same cells using (left) fluorescent and (centre left) bright-field imaging. A level set
segmentation of a dividing cell from (centre right) fluorescent and (right) bright-field images.

2. METHODOLOGY

The approach presented here consists of two main techniques for bright-field cell segmentation. One is the use
of the Bhattacharyya measure with a graph cut algorithm, to address the issue of low contrast in bright-field
images. Another is a multiscale framework that we developed, to capture the fine details of multiple cells that
result from over-segmentation.

2.1 Segmentation

The segmentation procedure begins with a segmentation of the entire image that contains multiple cells. We
capture the difference in intensity profiles by applying the Bhattacharyya measure,8 defined as:

B(f, g) =
∑

z∈Z

√
f(z)g(z),

where f(z) and g(z) are two distributions of intensity z in a set of intensity variables Z. In general, the Bhat-
tacharyya coefficient has a value between 0 and 1, with 0 corresponding to no overlap between the distributions
and 1 representing a perfect match. This measure will be incorporated into the segmentation algorithm.

Let p be a pixel and Ip its intensity. Furthermore, let L be a binary array, where L(p) ∈ {0, 1} denotes the
label (1 = “background”, 0 = “object”) of p. Due to the issue of low contrast in bright-field images, we observe
that the intensities of the cells usually have more variations than the intensities of the background. Thus, we
formulate the image segmentation problem by searching for a label L such that the intensity distribution PL1

for
the region L1 ≡ {p|L(p) = 1} matches a learned distribution M of the background. Mathematically speaking,
the goal is to find an optimal L that would minimize the energy functional:

min
L

−B(PL1
,M). (1)

The minimization of (1), however, is computationally expensive and difficult to solve. Thus, we transform
(1) into a graph cut segmentation problem:

min
L

R(L) + λ · S(L), (2)

where R(L) =
∑
p∈P Rp(L(p)) and S(L) =

∑
{p,q}∈N S{p,q} represent the regional and smoothness terms, re-

spectively, in an N set of neighbouring node pairs. The presence of the λ ≥ 0 parameter in (2) allow users to
specify the relative importance of the smoothness property from the regional property. The regional property
incorporates the Bhattacharyya measure by defining R(L) as:

R(L) = (1− α)
∑

p∈RL0

−B(PL1
,M)

AL1

+
∑

p∈RL1

L(p)

(
−B(PL1

,M)

AL1

+
∑

z∈Z

Kz(Ip)

AL1

√
M(z)

PL(z)

)
, (3)

where α ∈ [0, 1] is some constant, AL1 is the area of L1, and Kz is the Gaussian kernel,

Kz(Ip) =
1√

2πω2
e−

(z−Ip)2

2ω2 ∀z ∈ Z,
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with ω > 0 representing the width of the kernel. The smoothness term S(L) in (2), again, is defined using the
Gaussian distribution:9

S(L) =
∑

{p,q}∈N

1

‖p− q‖e
− (Ip−Iq)2

2σ2 , (4)

with the constant σ > 0 determining the smoothness of the distribution.

The two terms that are used to define the regional property in (3), measures the likelihood of the pixels
connected to the object and background, respectively. The graph cut segmentation defines edge weights w{s,p}
and w{q,t} with a source node s (object) and a sink node t (background), respectively, using these two terms.
Together with the weights w{p,q} that are assigned between the nodes, which are represented by the smoothness
term S(L), a graph cut based on the min-cut/max-flow algorithm is able to separate the pixels of the cells from
the background; see Figure 2.CHAPTER 1. METHODOLOGY 5
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(a) Weighted graph:
w{s,p} > w{p,t} and w{q,s} < w{q,t}
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(b) Cut graph: p ∈ S and q ∈ T
where s ∈ S, t ∈ T , and S ∩ T = ∅

Figure 1.3: Min-cut. Thickness of t-links indicate the relative weights of each
edge.

Let P be a positional array of image I. If L is a binary matrix whose
elements Lp ∈ {0, 1} correspond to the labelling of image I at location p ∈ P
as “background” or “object,” then RL

0 = {p ∈ P|Lp = 0} and RL
1 = {p ∈

P|Lp = 1} are defined as the background and object regions that correspond
to elements in L, respectively.

A(R) denotes the number of pixels in region R, that is, A(R) =
∑

R 1,
and Kz(Ip) the Gaussian kernel of I, which is mathematically written as:

Kz(Ip) =
1√

2πσ2
exp

(
−(z − Ip)2

2σ2

)

where σ ≥ is the width of the kernel. The value of σ determines the smooth-
ness of the distribution. As σ → 0, the Gaussian kernel (??) approaches the
Dirac function:

Kz(Ip) =

{
∞ if z = Ip

0 if z 6= Ip
,

a discrete normalized histogram, while σ > 0 corresponds to a smooth, con-
tinuous normalized histogram. A higher σ value complements a smoother
gaussian distribution.
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Figure 2: The min-cut/max-flow algorithm cuts the graph based on the relative edge weights w{s,p}
and w{q,t}.

Despite the conversion into a graph cut segmentation problem, (2) remains to be a computationally expensive
optimization problem to solve. Thus, we follow Ayed et al.’s approach,8 and compute a sequence of labels {Ln+1},
which are the solutions to the minimization problems parametrized by αn:

Ln+1 = arg min
L

{
(1− αn)

∑

p∈L0

−B(PLn ,M)

ALn1

+
∑

p∈L1

Ln(p)

(
−B(PLn ,M)

ALn1
+
∑

z∈Z

Kz(Ip)

ALn1

√
M(z)

PLn(z)

)
+ λS(L)

}
. (5)

The labels Ln of (5) converge to the solution of (1) as αn → 0; see paper by Ayed et al. for proof of convergence.
The principle steps that are involved in the Bhattacharyya measure based graph-cut segmentation is outlined in
Table 1.

2.2 Multiscale segmentation

Experiments revealed that applying the algorithm presented by Ayed et al. on bright-field images containing
multiple cells often resulted in over-segmentation. We found that segmenting these images in multiscale fashion
would overcome this problem. In our algorithm, we refer to the application of the Bhattacharyya measure based
graph cut segmentation on a whole bright-field image as global segmentation. In global segmentation, the
main features of the image are revealed as cell blobs. Some of these blobs are isolated cells, and some are groups
of cells that are located close together. Each blob from global segmentation is segmented individually to obtain
the fine details of the cells. This step of refinement is referred to as local segmentation.

The main idea of multiscale segmentation is to “zoom in” at each of the cell blobs after every segmentation.
More precisely, after global segmentation, each connected piece is identified and fitted into a local rectangular
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Table 1: Main Algorithm. Ln+1 in the optimization step can be computed in low-order polynomial
time using the max-flow algorithm of Boykov and Kolmogorov.10

Main Algorithm

1. Initialize Ln: set Lnp = L0
p = 1 ∀p ∈ P

2. Initialize αn: set αn = α0 with 0 < α0 < 1
3. Optimize L:

Ln+1 = arg minL λ
∑
{p,q}∈N w{p,q} +

∑
p∈RLn0

w{s,p} +
∑
p∈RLn1

w{p,t}
4. If Ln 6= Ln+1,

i) Set n = n+ 1
ii) Decrease αn by a factor of ρ: αn = αρn−1 for some constant ρ > 1
iii) Repeat from step 3
If Ln = Ln+1,
i) Terminate. Ln+1 is the final mask of the image.

region (region of interest). The Bhattacharyya measure based graph cut segmentation is applied to each of
the local regions of interest again. If a blob from global segmentation contains a single cell, then the local
segmentation step is able to obtain a more precise result. If the blob contains multiple non-overlapping cells,
then the algorithm is able to separate these cells, due to change in scale. As a result, through the use of multiscale
segmentation technique, the graph cut segmentation algorithm is able to segment cells with high precision and
separate nearby cells.

For each cell blob, one may apply local segmentation recursively; i.e. for each new connected piece discovered,
an additional graph cut segmentation step can be applied. One may think of it as a telescopic zoom-in process.
In our experiments, only one local segmentation was performed because it produced sufficient results. The final
segmentation result is obtained by combining all the local segmentation results onto the original image frame.
The series of steps that are involved in the multiscale algorithm can be visualized in Figure 3.

original image global segmentation

localized
cell blobs

final segmentation

Figure 3: A schematic diagram of the multiscale algorithm. Grey objects represent the cells in a
given image. Red objects represent the “object” mask. Red-dashed boxes are the local regions to
be used for local segmentation.

3. NUMERICAL RESULTS

The proposed segmentation algorithm is applied to bright-field cell images with live C2C12 (muscle) cells obtained
from experiments performed at the Genomic Laboratory, McGill University. All computations were done using
MATLAB on a MAC with a 2.7GHz processor. The size of the image frame is 512× 512. However, it was found
that the Bhattacharyya measure based graph cut segmentation on lower resolution images, down-sampled from
the original image frame, improved the quality of the segmentation; see Figure 4. Experiments presented here
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were performed on a lower resolution image (1/4 of its original size) from the original 512 × 512 image frame.
The learned distributions M were obtained by measuring the frequency count of the intensities on the border of
the image of interest. Images whose borders contained cells, had to be excluded manually when obtaining M .

Quantitative results were evaluated by calculating the percentage of the pixels that were correctly classified
when compared to the ground truth. That is, accuracy = |L ∩ Ltrue|/|L|, where L denotes the segmentation
result from the proposed multiscale algorithm, and Ltrue is the ground truth, which can be computed using
manual segmentation.

Figure 4: Multi-resolution segmentation comparison. Left: The Bhattacharyya measure graph cut
segmentation applied to cells cropped from a 512 × 512 image. Right: Segmentation technique
applied to cells cropped from a 256× 256 image.

Figure 5: Segmentation results of the graph cut algorithm using the Bhattacharyya measure.

Figure 5 shows the results of the graph cut segmentation using the Bhattacharyya measure on a set of images
with different shapes of cells. The segmentation algorithm is able to capture cell images of low contrast.

Figure 6: (Top left) The given image frame, (top centre) initial segmentation, (top right) final
segmentation), (bottom) segmentations of five cell blobs.

Figure 6 illustrates the process of the multiscale segmentation on an image frame (top left). First, a global
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scale segmentation is performed on the image frame; see Figure 6 (top centre). It shows that the global segmen-
tation step is able to identify the five major regions of the image where cells exist. However, the cell boundaries
are not very precise and nearby cells are identified as one big blob. In the local segmentation step, each cell blob
from global segmentation is segmented locally; see Figure 6 (bottom row). Specifically, it can be seen that the
three nearby cells are segmented as a single blob in global segmentation, but identified as three individual cells
in local segmentation; see Figure 6 (bottom left). The final segmentation result shown in Figure 6 (top right)
has an accuracy of 92.89%.

Figure 7: Results of the multiscale graph cut segmentation algorithm on image frames with multiple
cells.

Figure 7, also, illustrates the multiscale segmentation algorithm. The global segmentation step (top centre)
is able to identify four blobs using the Bhattacharyya measure based graph cut segmentation method. Again,
the boundaries that are obtained via global segmentation are not very precise, especially those cells with low
contrast. However, local segmentation is able to identify the boundaries of the poorly contrasted cells in a
well-defined manner (bottom centre right). The final mask (top right) has an accuracy of 92.55%.

Table 2 displays the segmentation results of a sequence of frames in a single experiment. It illustrates the
ability of the algorithm to track the activity of the cells. Each frame is segmented independent of one another.

We note that when the contrast of the cell is very low, sometimes under-segmentation and sometimes over-
segmentation occur. In general, the algorithm does a good job of segmenting non-overlapping cells, even if they
may be close to one another. The segmentation results can be further improved by providing more information
to its initial mask. That is, instead of providing a mask, which is entirely labelled as 1s in step 1 of the algorithm
outlined in Table 1, providing some “hard constraints” prior to segmentation can improve results. This can be
done by manually identifying some cells as “object,” or by using the segmentation result from previous frames
as the initial mask of the current frame.

4. CONCLUSION

We have presented a robust segmentation method which is based on a multiscale framework. The global seg-
mentation step performs a graph cut method that is able to extract cells from the low contrast background
by utilizing the Bhattacharyya measure. We have explained how cells grouped as a blob can be resolved by a
“zoom-in” process, the local segmentation step. Segmentation results of live cell images have been presented.
Future work includes further investigation in identifying individual cells that overlap one another.
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Table 2: Sequence of frames segmented using the multiscale segmentation algorithm.

Original Image Global Segmentation Final Segmentation
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