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ABSTRACT
Tracking cell mobility analysis is essential process in many biology studies. Accurate and sensitive cell
tracking system is essential to cell motility studies. To improve the overall living cells tracking systems
performance and improve the accuracy, we focused on developing a novel algorithm for image
processing. The algorithm we propose presents novel image segmentation and tracking system technique
to incorporate the advantages of both Topological Alignments and snakes for more accurate tracking
approach. First we apply the Topological Alignments and then transformed the output into the input of the
active contour model to begin the analysis to the cells boundaries and determine the cells mobility. The
results demonstrate that the proposed algorithm achieve accurate tracking for detecting and analyzing the
mobility of the living cells. Our results indicate better segmentation and more accurate tracking for
detecting and analyzing the mobility of the living cells, also the ability of the system to improve the low
contrast, under and over segmentation.
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1. INTRODUCTION
Tracking cell mobility is an important part of many biological processes. Tissue cells of multi
cellular organisms mobilize during embryologic development, generation of new blood vessels,
cancer metastasis, and immune response. Understanding the mechanisms of cell motility is
essential part for curative and preventative treatments to many diseases. Cell tracking and
segmentation with high accuracy is important step in the cell motility research.
Segmentation is an essential part in many signal processing techniques and its applications.
Texture analysis is important in many areas such as image processing, determination of the
object shape, scene analysis. The process of segmentation depends on the determination of the
best positions of the points which represent the image.
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The purpose of image segmentation is to partition an image into meaningful regions based on
measurements taken from the image and might be grey level, colour, texture, depth or motion.
Usually the process to determine the image starts with image segmentation as initial step. In this
paper we introduce a new technique for image segmentation and cell tracking.

2. RELATED WORK
Cell mobility analysis is essential process in many biology studies. Tracking the number and
velocity of rolling leukocytes is essential to understand and successfully treat inflammatory
diseases as in Ray (2002). Sensitive tracking for moving cells is important to do mathematical
modeling to cell locomotion. Coskun (2007) used imaging data to solve the inverse modeling
problem to determine the mobility analysis of the cells. Li (2006) used a technique with two
stages; the first one is a tracker and a filter to detect the cell and also the cells which move in and
out of the image area. Another research by Mukherjee (2004), he developed a technique to
handle the segmentation process and the tracking problem simultaneously. Moreover, Zimmer
(2002) modified the snake model to track the movement of the cells and segment the first frame.
Recently, a number of researchers have been created automated techniques to track and detect
the cells mobility.

3. ALGORITHM
Topological alignments and snakes are used in image processing, especially in locating object
boundaries. Each method has its own advantages and also limitations. Active contour (snakes),
can locate the object boundaries dynamically and automatically from an initial contour. The
advantage of Snakes model is the ability of the model to give a linear determination of the object
shape at the convergence time, and no extra processing is needed. But Snakes model require
detecting strong image gradients to detect the contour. This actually limits the use of Snakes,
because weak boundaries of the image frames and also frames with low contrast will cause over
and under segmentation which responsible for decreasing the accuracy of the analysis. To
mitigate the effect of this problem with the Snakes model, to improve the performance of
segmentation and cell tracking, we apply the Topological Alignments method to increase the
accuracy of cell tracking and detecting analysis. The Topological Alignments method links
segments between every frame and the next one; that will decrease the number of false
detections and also the false trajectories.
In this paper, we introduce a novel technique based on active contour in conjunction with
Topological Alignments. We present tracking system and image segmentation algorithm to
incorporate the advantages of both active contour and Topological Alignments to get a tracking
system with high accuracy to detect and analyze the mobility of the living cells. The novel
technique proceeds in two steps: First we apply the Topological Alignments and then transformed the
output into the input of the active contour model to begin the analysis to the cells boundaries and
determine the cells mobility..

We have validated the novel technique by using an image protocol from Rodrigo (2007). We
used tests on 70 images of human blood cells. The novel image processing technique is based on
Open CV library (Bradski 2000). We implemented the algorithm in C++ under Windows XP
operating system.
3.1. Topological Alignments Method

The topological alignments method based on linking the segmentation of two frames in the
video sequence. Miura et al. [9]; Danuser et al.[17]; Zimmer et al.[8]; and Ersoy et al.[12]. From
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the output of the segmentation procedure, the method found the maximum weighted solutions
between two pairs of frames. Then match the segments.
The topological alignments method represent the segmentation of two images from the video
sequence as m and n, index set P = {1,…., m}, and an index set Q = {1,…., n}.
The method assume that cells move moderately between two consecutive frames, we assign the
relative overlap of p and q as their weight, formally defined as
w(p, q) :=| A(p) ∪ A(q) | / | A(p) ∪ A(q) |

(1)

We determine the notation of the topological alignments based on these weights. We denote
PL(M) for the set of all L-partitioning`s of a finite set M, and S as a family of sets and to identify
the L subsets as S = (S1,..., SL).
The method improves the cell tracking performance by improving the segmentation. The
topological alignments method links segments between every frame and the next one; that will
decrease the number of false detections and also the false trajectories.
3.2. Active Contour Models

Active contour (Snakes) method depends on segmenting an image using the deformation of the
initial contour towards the object of interest boundaries. The method deforming the initial
contour and minimizing the energy function for the contours, as in Kass et al. [3]; Ray et al. [6];
Zimmer et al. [7] and Sacan et al. [16]. We have here two components which represents the
energy function; the first part is the potential energy component, and the potential energy
component is small when the contour is aligned to the image edge, and the second part is the
internal deformation energy component, and the component is small when the contour is smooth.
The termination functional can be implemented with a gradient direction calculus in a slightly
smoothed version of the image.
An Active contour can be parametrically represented by v(s) = (x(s), y(s)) and its energy
functional can be written as:
1

1

1

E = ∫ Eint ( v( s ))ds + ∫ Eimage ( v( s ))ds + ∫ Eext ( v( s ))ds
0

0

(2)

0

Where Eint represents the internal energy of the spline due to bending, Eimage gives rise to the
image forces and Eext gives rise to the external constraint forces. However a(s) and B(s) will
control the spline energy. Therefore, the internal spline energy can be written as:

E int =

( a( s ) vs ( s )

2

+ B ( s ) v ss ( s )
2

2

)

(3)

We represent the generic total image energy as a combination of the three weighted energy
functions.
Eimage = wline Eline + wedge Eedge + wterm Eterm

(4)

Snakes can be represented by two models depends on the characteristics of the image; edgebased models and region based models. The advantage of Snakes model is the ability of the
model to give a linear determination of the object shape at the convergence time, and no extra
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processing is needed. But Snakes model require detecting strong image gradients to detect the
contour.
This actually limits the use of Snakes, because weak boundaries of the image frames and also
frames with low contrast will cause over and under segmentation which responsible for
decreasing the accuracy of the analysis.

4. RESULTS AND DISCUSSION
In order to obtain validation of our approach, we have tested the algorithms in by using two
different protocols, live cells video sequences were collected and stored in database, and we are
going to make comparison between automatic tracking and human controlled tracking. We got
images for 40 living cells to be used to test and evaluate our tracking system. The other protocol
contains a set of video sequences for leukocytes cells previously used in Jung (1998),
(cmgm.stanford).
The automated tracker was used to compute the corresponding 40 cell positions and the cell
shape change. Manual tracking measurements were obtained by allowing an operator to observe
the cells movement, its movements were tracked on the computer monitor with the help of a
tracking system as function of time and position. The cell velocity is calculated from the mass
center across the frames. Some results for both manual and automated tracking of the leukocytes
are given in Table 1.
Average movement velocity was υ = 4.2 ± 0.4 µm/min (manual) and 4.8 ± 0.5 µm/min
(automatic), consistent with earlier observations of Jung (1998). The RMSE between the manual
and the computed displacement was less than 12% on average. The active contour method gave
a velocity and change shape RMSE of less than 11%, improves to less than 7% by using the
novel algorithm presented here. The results indicates better mobility analysis for speed and
changing shape due to the improvement in segmentation performance by using the topological
Alignments, which leads to improve cell tracking results.
Our results indicate better segmentation and more accurate tracking for detecting and analyzing
the mobility of the living cells. We have achieved better tracking and detecting the cells, also the
ability of the system to improve the low contrast, under and over segmentation as shown in
Figure 1, Figure 2 and Figure 3. Figure 4 and Figure 5 show the novel velocity and the shape
index for the cells. The novel image processing technique used in the tracking system
successfully address the major problems associated with tracking cells, image with low contrast,
under and over segmentation; more accurate tracking for detecting and analyzing the mobility of
the living cells.

5. CONCLUSION
Tracking cell mobility is an essential part of many biological processes. Topological alignments
and snakes are used in image processing, especially in locating object boundaries. Each method
has its own advantages and also limitations.. Active contour, can locate the object boundaries
dynamically and automatically from an initial contour. The advantage of Snakes model is the
ability of the model to give a linear determination of the object shape at the convergence time,
and no extra processing is needed. But Snakes model require detecting strong image gradients to
detect the contour. This actually limits the use of Snakes, because weak boundaries of the image
frames and also frames with low contrast will cause over and under segmentation which
responsible for decreasing the accuracy of the analysis. To mitigate the effect of this problem
with the Snakes model, to improve the performance of segmentation and cell tracking, we apply
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the Topological Alignments method to increase the accuracy of cell tracking and detecting
analysis.
In our experiments, we made comparison between our algorithm and traditional snake. The
results show that the algorithm can demonstrate the segmentation accuracy under weak image
boundaries, low contrast, under and over segmentation of living cells, which the most cell
tracking challenge problems and responsible for lacking accuracy in cell tracking techniques.
The results show more accurate tracking for detecting and analyzing the mobility of living cells.
Our results indicate better segmentation and more accurate tracking for detecting and analyzing
the mobility of the living cells. We have achieved better tracking and detecting for living cells,
also the ability of the system to enhance the segmentation for low contrast, under and over
segmentation problem. In this paper we focused on solving the under and over segmentation and
low contrast problems, however in our future work we will consider other problems with image
segmentation such as images with high noise.
Table 1. Some mobility results for both manual and automated tracking of the leukocytes cells.
Cell

VelM (µm/min)

VelUN (µm/min)

VelUN (µm/min)

Shape.IndexU

Shape.indexUN

4.4

4.5

1

7.0

7.3

7.4

2

3.5

3.4

3.5

2.4

2.5

3

2.5

2.6

2.8

1.5

1.6

4

2.1

2.3

2.4

2.2

2.4

5

3.1

4.3

4.1

2.5

2.5

6

5.6

5.8

6.4

1.5

1.7

7

6.8

6.7

6.8

4.3

4.6

8

7.5

7.4

6.5

4.5

4.8

9

2.3

2.2

2.6

3.1

3.1

10

2.4

2.6

2.9

1.7

1.7

11

3.5

4.3

4.9

2.5

2.4

12

7.6

7.8

7.6

2.6

2.5

13

2.8

3.2

3.2

2.8

2.9

14

2.6

3.3

3.6

2.1

2.7

15

2.4

3.3

3.6

2.1

2.7

16

7.5

7.7

7.7

2.6

2.8

17

4.3

4.8

5.1

2.3

2.6

18

4.5

4.7

4.9

1.3

1.5

19

7.8

7.6

7.7

2.5

2.6

20

1.6

1.8

1.9

1.1

1.5

VelM : MANUAL VELOCITY

VelU : AUTOMATED VELOCITY

Shape.IndexU : CHANGE SHAPE INDEX

VelUN :AUTO. (NOVEL) VELOCITY

Shape.indexUN :CHANGE SHAPE INDEX (NOVEL)
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Fig. 1. Example images from image sequence.(a) Original capture Segmentation by using Active contour (b)
Better contrast and segmentation by using the Novel algorithm by using the Novel algorithm.

Fig. 2. Example images from image sequence (a) Under segmentation problem, (b) Under segmentation solved by
using Active contour by using the Novel algorithm.

Fig. 3. Example images from image sequence (a) Over segmentation problem by using Active contour (b) Over
segmentation problem solved, by using Active contour by using the Novel algorithm.
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Fig. 4. Cells Velocity ( VelUN )

Fig. 5. Shape.indexUN
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