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Abstract
Automated cell migration tracking is important in detecting the cell movement in order to
help in cell status analysis especially when there are a huge numbers of cells in one image
frame. Automated cell tracking processes involve detecting, segmentation and labelling
the cell. Each step is crucial and will affect the next step. The common problems are cell
proliferation, overlapping and clustering. Consequently, this review not only focuses on the
overview of current techniques used to complete the cell migration tracking tasks, but also
the comparison of these techniques and some suggested future work(s).
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1.0 INTRODUCTION
Over recent years, there has been an explosive
growth Cell migration is a translation process of cells
from one location to another. It is important for those
involve in biomedical field to understand cell
behaviour through knowing the migratory movement
of cell. Inappropriate migratory movement of failure in
migration of cells will lead to severe consequences
such
as
immunosuppression
and
tumour
dissemination. Therefore, cell migration tracking also
help in detecting embryonic development and
wound healing analysis [1], [2].
However, it is very hard for a doctor or related
person to track the cell by manually. There are a huge
numbers of cells in the image frames, consequently,
an automated cell migration tracking is needed to
complete this task [3]. This paper reviewed the
challenges and current techniques in cell migration
tracking. In session II, the challenges in cell migration
tracking are discussed and cell migration steps are
reviewed in session III. Apart from that, the strength,
weakness and future work of certain techniques are
also reviewed in the Table 1 as a comparison of the
existing techniques.

2.0 CHALLENGES
TRACKING

OF

CELL

MIGRATION

The first attempt of automated cell tracking was
implemented in 30 years ago [3]. But, the numbers of
researches in cell tracking has increased over the
years. From the previous work, the automated cell
tracking can be concluded in several steps, which are
cell detection, cell segmentation and cell tracking.
The intensity values in the images are the main
component to detect the cell [2]. It can be used to
identify the cell position by detecting the centre of the
nucleus and the centroid of different parts in the cells
[1]. This can be challenging if the intensity values of
cell itself is similar to the background. On the other
hand, the successful of cell detection helps to
produce a better segmentation results.
Thresholding is the common used method to
implement segmentation of the cell [1]–[5].
Thresholding determines the division region with an
intensity value called threshold [6]. If the pixels are
greater than the threshold, the pixels are grouped
together into one class, and all other pixels are
grouped into another class [7].
Since thresholding approach depends on the
intensity value of the image, the segmentation of the
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cell from background becomes challenging if noisy
image is used [2]. Apart from that, photobleaching,
autofluorescence, low contrast, halo artifacts and
gradients in the images also cause the thresholding
approach fail in segmenting the cell [3]. For this
reason, suitable filters should be applied to the images
before segmentation process in order to remove the
artifacts and noise. This enables the segmentation to
be done correctly[8].
In addition, the cell migration, cell density and cell
proliferation increase the difficulties in segmentation
[9], [10]. The position of a cell changed from frame to
frame depending on the movement of the cell. The
movements of cells make them enter the view or exit
the view as shown in Figure 1. The cells will also overlap
or cluster together. When the cells overlap together, it
is hard to detect the cell separately. Figure 2 illustrates
cell proliferation process. The process occurs

determination of relationship between the cells in
linking step.

3.0 CELL MIGRATION TRACKING PROCESS
There can be hundred of cells in a frame. It is very hard
for an expert to track the cell one by one due to the
time and energy constraint. Therefore, an automated
cell migration tracking is needed to replace manual
tracking [3]. Cell migration tracking is divided to two
steps, which are cell detection and cell tracking. Cell
detection is divided to two sections, based on
segmentation or evolution approaches. Cell
detection is the main step in migration tracking. If the
detection of cell is not accurate, it will lead to tracking
error. Cell labelling is the process to label the cell
frame by frame in order to track the migration of cell.
3.1 Cell Detection based on Segmentation

Figure 1 The cell exists the view of field is circled with red color
ellipse and the cell enters the view of field is circled with
green color ellipse [8]

Figure 2 Red color boxes highlight the mitosis event of a cell.
The cell is separated into two cells and they are indicated by
blue contours [11]

When a single cell enters the mitosis process and
divides to two cells. The segmentation results are very
important in cell migration tracking process. Therefore,
the segmentation of cell also need to consider the
changes of cell frame by frame since the tracking
process will start from the first frame to the last frame
of the cell migration video. Previous research also
proved that the frame by frame segmentation gave
better results compared to others [9], [11].
The tracking process is done by labelling each cell
from frame to frame and converting the image to a
video in order to observe the movement direction of
a cell. The main challenge of labelling is to connect
the cell from frame to frame, which is also called
linking of cell [3]. Each cell shall be connected in
different frames to show the migration path of the cell.
Besides that, the proliferation of the cell causes the
divided cell to become mother and children
relationship. This raises another problem which is the

Several cell detection based on segmentation
approaches are reviewed here. Currently, the
commonly used segmentation techniques are edgebased segmentation and thresholding. Frame by
frame segmentation is introduced to gain better
results [9], [11]. Edge-based segmentation is a fast
computation technique because it does not require
priori information [12]. As the name given, edgebased technique detects the edge of an image. The
boundaries between objects and background are
drawn in the segmented image, at which the image
brightness will be sharpened, and it may cause
discontinuous edges [13]. Number of boundaries is
equal to the number of objects in the image. This is
because the approach detects the boundary of an
object in image [7]. There are three steps in edge
detection process: filtering, enhancement and
detection [14].
The quality of images is often influenced by random
variations in intensity values, called noise. Filtering is
performed to reduce noise in an image. However,
noise reduction may cause a loss of edge strength. A
proper filtering approach shall be determined to
prevent loss of edge strength. The changes of intensity
in neighbouring pixels in an image facilitate the
detection of edges. The enhancement of pixels can
be implemented by computing the gradient
magnitude. Lastly, edge points are detected by
thresholding according the non-zero value for the
gradient since all points are edge for particular
applications.
Thresholding works with scalar images by creating a
binary partitioning of the image intensities.
Thresholding determines the division region with an
intensity value, called threshold [6]. The thresholding
approach can be used with Euclidean distance and
watershed transform to solve the problem of cell
nuclei clustering. The limitation of these approaches
are they cannot solve the cluster of cell problem if the
cells overlap on the top of one another [4].
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Otsu algorithm is one of the thresholding techniques
used in cell segmentation [15], [16]. Otsu algorithm
can segment isolated cells. Otsu selects threshold
automatically for its simple calculation and good
adaption. The algorithm involves separation of pixels
into two clusters according to threshold values. After
partitioning into two clusters, mean is determined and
the algorithm squares the difference between the
means. The last step is to multiply the number of pixels
in one cluster with the number in the other cluster [17].
The accuracy of segmented image depends on the
threshold value. If the threshold value is smaller than
the pixel value of desired part image, it leads to under
segmentation of the image. The produced image will
exclude some of the desired part in image. On the
other hand, a greater threshold may include
unwanted part in image due to over segmentation.
Besides that, failure to determine the threshold value
will gives a disconnected result in the edges of
segmented region [7].
The combination of H-maxima transform and
watershed is another approach used to detect and
segment the cell. H-maxima transform is the technique
used to detect the cell and watershed transform is
used to segment the cell [18]. Isolated regions are
extracted through 8-connectivity h-maxima transform.
If h is low, then it will produce many seeds and vice
versa. In the paper, Suresh and Jayalakshmi expected
the intensity of the seed is higher than h. Therefore, the
small and faint objects can be eliminated. In
watershed segmentation part, distance-transformed
image is the input of the algorithm to separate the
image to different meaningful regions. The intensity
values of each pixel are used to determine the
segmentation line. If the magnitude of current pixel is
lower than two different minima, then current pixel is
treated as segmentation lines to separate the cluster
cells.
3.2 Cell Detection based on Model Evolution
In this section, three model evolution approaches are
reviewed. These include mean-shift, active-contour
and level-set methods.
Mean–shift identifies a local mode of an image. The
process is implemented iteratively by moving the
kernel position from original position towards darkest
or brightest part of the image. Different kernel may
attract either dark or bright colour pixels. The sample
mean of current position is calculated and then the
mean found becomes the current kernel position [19].
In applying mean-shift to cell detection context, each
cell should have highest intensity at the centre of the
cell[20].
Active-contour approach requires an initial point
inside each cell. Therefore, the local maxima is found
to identify the location of the cell when the pixel
values of neighbour points are smaller than current
point[21]. One of the active-contour approaches is
sliding band filter (SBF), which is one of the
convergence index(CI) filters [16]. By using SBF, the
location and shapes of cell nucleus and cytoplasm

are detected based on the convex shape of cell. A
band of fixed width forms the support region of the
filter. The position of the support region may be
changed in different direction to maximize the
convergence index at each point. SBF approach is
proven to give better filtration function even when the
shapes of the cells are irregular.
A simple two-phase level set method is divided into
two regions, the region inside the cell, and the region
outside the cell which is treated as background. This
method can separate the cell from background if the
cell has distinct intensity value with background
colour[22]. The number of phases for level set method
depends on the need of the research.
All of these methods function with certain limitations.
Cell proliferation cannot be tracked through meanshift and active-contour while re-initialisation is
needed if the moving speed of cell is very fast or the
cell is beyond the field of view for level-set based
methods[23].
3.3 Cell Labelling
The challenge in cell labelling is to link the cell from
previous frame to next frame. This is because the cell
is moving from frame to frame, and cell could split due
to over segmentation [24]. The simplest form of
approach to solve the problem is to link the cell to the
nearest cell in the next frame. This method only works
well when the cells are well separated in the frame[3].
In contrast, neighbourhood relationship among the
cells is dependable in the tracking process even when
the density of the cell is high [15]. A cell is called
inactive cell if the cell moves in a short distance
between two consecutive images [25]. Therefore, an
active cell can be described as cell that moves a long
distance from frame to frame. The neighbourhood
relationship is used to track the active cell while
overlap method is used to track the inactive cell. A
graph is used to describe the relationship of the cells.
Cell ID, cell’s size and cell’s location are recorded in a
vertex subset. The cells are separated in different
region according distance limitation and are ensured
through correlation calculation. An overlap method
was introduced to track the cell based on overlapping
regions in two successive frames. The tracking result is
revised by detecting the cell in two contiguous
images.
A global data association which use tree structure
to define the relationship of the cells is introduced [26].
Each tree is a cell family that includes the ancestor
and its descendents. The algorithm assumes that the
cells among the family will not overlap with one
another. If the time and space distances of the cells in
previous frame with the considered cells in current
frame are less than thresholds, then it treats the cells
as a translation candidate. If birth event is detected
and the cell appears in the frame, then parent and
children relationship will be labelled [11].
There is another tracking approach which also
tracks the cell with mitosis detection. In the beginning,
the one-to-one correspondences are determined
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based on spatial distance and feature similarity. The
feature distance is calculated by the combination of
Euclidean and spatial distance. Three consecutive
frames are used to find the correspondence and
increase the robustness, compared to the traditional
way which is using only two frames. Final cost is
measured by sum up the distance between the
previous frame and current frame, and between the
current and next frame. After that, mitosis likelihood
measure is used to identify the mitosis events. Size and
mean intensity of parent and child cell nuclei are the
measuring components of mitosis likelihood measure
[4].

1)
2)
3)
4)
5)

Human
judgment
(threshold
value,
transform distance) should be eliminated.
Pre-processing is very important to
determine the cell detection result.
Cell detection needs consider the changes
of cell such as overlapping, clustering and
proliferation, including dead cells.
Frame by frame segmentation can help to
link the cell by using the position of the cell
within the frames.
Back-tracking can increase the accuracy
in cell tracking process.

In consequence, some suggestions are provided for
future research:

4.0
COMPARISON OF CELL MIGRATION
TRACKING TECHNIQUES IN PREVIOUS WORKS
Table 1 shows the strong point(s) and future work(s) of
different techniques in different papers. From the
papers, it can be concluded as below:

1)
2)
3)

All cell changes shall be considered in cell
detection process.
The features of cell should be identified and
the combination of features can be used
to detect the cell.
Back-tracking can be used while tracking
the cell, not only as a correction step in the
end of the tracking process.
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Table 1 Cell migration tracking techniques review
Title
Segmentation and tracking of
neural stem cell [25]

Tracking of migrating cells
under phase-contrast video
microscopy with combined
mean-shift processes [19]

Reliably tracking partially
overlapping neural stem cells in
DIC microscopy image sequences
[9]

The segmentation of
overlapping milk somatic cells
based on improved watershed
algorithm [26]

Techniques

Dataset

Segmentation based on fuzzy and watershed
segmentation, level set algorithm to construct
geometric active contour model and first frame is
validated interactively.
Active, inactive, dividing and clustered cells are
tracked individually.
Backtracking step is used to
correct the errors occur in initial frame for tracking step.

Captured from a computercontrolled microscope which
attached to a cell culture
system.

Combination of mean-shift processes with nested
kernels to detect the configurations of gray level of
image. Do not focus on border detection but position
of the centroids.

Captured under phasecontrast
microscope,
video
camera and acquisition board.

Contour shapes of cells is identified and updated
from frame to frame in the tracking process. If the cell
is overlapped, then it will undergo separation process
by using partial contour matching.

The main purpose of the technique is to separate
the overlapping cells to count the numbers of cells and
further analyse its characteristic. Therefore,
improved watershed technique is proposed to solve
over-segmentation problem of traditional
watershed algorithm. At first, one of the distance
transform algorithm, called chamferingm is used in

Remark
Future

More advanced shape analysis should be used
to give more accurate results in splitting the
cell in segmentation stage and the backtracking
step can be used in segmentation stage.

Weakness

Cluster cell can’t be separated accurately.

Strength

Backtracking step helps in tracking all cells.

Future

Automated initialization of cell centroid should
be adopted in different frame to detect new
cells enter the view of field.

Weakness

Manual detection of cell is required for
initialization detection.

Strength

Able to track large numbers of cell even when
cell proliferation, overlapping and changing of
shape occur; short computation time.

Data is captured every 5
minutes by using camera with
Zeiss Axiovert 135 TV microscope
to produce DIC microscopy
images. Each image size is
640x512 pixels and the number of
images is
800 frames.

Future

Enhance the current algorithm to track random
numbers of overlapping cells.

Weakness

Unable to differentiate more than 4
overlapping cells.

Strength

Able to track the cells that are partially overlap
from the initial contact to separation.

Institute of Animal Science
and Medicine

Future

More criteria to be included in merging the
seed points.

Weakness

Under-segmentation occurs after solving the
over-segmentation problem.

Strength

Success to solve over-segmentation of
traditional watershed algorithm even when the
overlapping cells do not have obvious
boundaries.

preparing to obtain the seed points. The redundant
seed points will be merged if both seed points are in
short distance.
Tracking of Cell Populations to
Understand their Spatio- Temporal
Behavior in
Response to Physical Stimuli
[27]

The authors propose image understanding methods by
observing the characteristic of cells. Adaptive
thresholding is used to produce binary image and
segment cluster from the background. Bigger groups of
pixels, which are more than 300 pixels,
are considered as cell. Then the boundaries and holes
of the cells are closed to give more accurate result in
segmentation. In tracking process,

Princeton Instruments D1299421
camera
is
mounted
with
microscope. The image size is
1300x1030 pixels and there are
82 images for each
image sequences. Once image
contains
15-30
cells
approximately

Future

More cost functions can be considered in order
to cope with different condition in tracking.

Weakness

Tracking accuracy decreases when cell density
is increasing.

Strength

High accuracy in detection and segmentation
processes. It also provides fast interpretation of cell
behaviour.
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iterative probabilistic data association algorithm is
combined with auction algorithm and two-phase
batch algorithm to solve data association problem.
Analysis of segmentation and
tracking algorithms for time
lapse microscopic progenitor
cell images [18]

Cell nuclei and cytoplasm joint
segmentation using the sliding
band filter [16]

H-maxima transform and watershed algorithm are
used to detect the cell while multiple matching
object method is used to track the cells from frame to
frame.

Sliding band filter detects the rugged topology to
detect the cell. Overlapping problem is corrected
and the shape of the cell is regularized to improve the
estimation of cell shapes.

The image sequences are
captured by CCD camera with
time-lapse
videocassette
recorder. The images produced
are 480x640 pixels and total of
700 frames. The depth of the
image is 8 bits.

Drosophila Kc167
dataset(400x400 and 512x512
pixels) and simulated cell culture
dataset(950x950
pixels)

Future

Cell shapes and division pattern can be use to
increase the accuracy in segmentation and back
tracking can be implemented to identify
incorrectly rejected of cells in previous frames.

Weakness

Tracking result is not accurate due to labelling
the false negative cell in previous frame as a
new cell in current frame.

Strength

Merging the over-segmentation parts increase
the percentage of true negative.

Future

The robustness in identifying a cell correctly
should be increased. Not only shape but other
characteristic of the cell should be considered.

Weakness

Parameters used in experiment are determined
by the user, it may lead to different result if the
dataset is different. Incorrectly rejected the
cells also decrease the percentage of precision
and recall.

Significantly improved
precision of cell migration analysis
in time-lapse video microscopy
through use of a fully automated
tracking system [28]

Automated and semi-automated
cell tracking- addressing
portability challenges [29]

Cell image analysis- algorithm,
system and applications [10]

Cell centroid extraction, Kalman filter cooperate
with unique neighbour algorithm to detect a cell from
frame to frame while estimates the state of cell.
Monitoring module was used to handle cell
proliferation and cell moving problem.

Centroid of cell is used to detect the cell. Linking
of the cell from frame to frame is done by
automatic calculating gating distance from frame to
frame. A semi-automated algorithm is proposed to
correct the error in post-processing stage.

Image restoration is implemented before
processing the image, then thresholding is used to
detect the cell. Mitosis and cell overlapping is solved
by cell-blob association approach. At the end, cell
behaviour is measured by labelling the ID of each cell.

Strength

Detect the cells even when it is a noisy image.

Future

Testing in different kinds of cell images to
obtain bigger view for the algorithm.

Weakness

The algorithm may only suitable for certain
cell type since the predefined threshold value is
based on cells’ size and cells’ growth
behaviour.

Strength

Can handle cell proliferation and cell moving
problem.

5 videos are used in
evaluation:
ak
hex.6
hex.16
hex.22
square
The numbers of the cells in the
videos are in range of 635.

Future

Automatic detection of cell’s status may use in
post-processing.

Weakness

Instead of full automated, semi-automated
approach is used to make the correction for
error detection. This may lead to time consuming if
there is a lot of frames need to be corrected.

Strength

Can handle noise, cell division and cell death.
The system is parameter-free.

16 image sequences are
recorded under four cell
culture conditions. Each
sequence consists of 1000
images with the size of
1392x1040 pixels.

Future

Trajectory pruning can be used to correct the
wrong lineage tree and cell-blob affinity model
learning is suggested to be included to increase
system performance.

Weakness

Some of the cells are not tracked due to wrong
lineage tree relationship.

Strength

If the mother is not detected in the beginning, it
is able to recover the lineage tress if the

-
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daughter cells are detected.
Large-scale tracking for cell
migration and proliferation
analysis and experimental
optimization of high-throughput
screens [4]

Adaptive thresholding is implemented to segment
the cell. Euclidean distance and watershed transform
are performed to resolve cell cluster and
cell splitting. Tracking stage is performed with
mitosis detection to increase the robustness.

4400 image sequences are
used as dataset with

Reliable cell tracking by Global
Data Association [11]

Global spatio-temporal data association is used to
track the cell. Different conditions of the cells are
considered. Thresholding is used to detect the cell and
frame by frame linking process is performed.

A novel cell segmentation,
tracking and dynamic analysis
method in time-lapse
microscopy based on cell local

Cell tracking is based on segmentation which able
to separate the touching cell by comparing the
position of the cells in several continuous frames.
The motion features of the cells are considered in

graph structure and motion
features [23]

local graph structure to track the cells and its end
product will be used in analysis of cell morphology
and the changing in movement of the cell.

Cancer cell detection and
tracking based on local interest
point detectors [30]

Blob like region in the images are considered cell
locations by using local interest point detector with the
enhancement of scale-normalized Laplacian of
Gaussians filter. The tracking step is based on the
speed and using SIFT descriptors.

Future

Develop algorithm to resolve the cell overlap
on the top of one another and cell behaviour
can be interpreted.

Weakness

Overlapping cell cannot be detected.

Strength

Detect abnormal mitosis and cell density
problem.

Phase contrast microscope is
used to record five sequences
with
1040x1392
pixels
in
resolution. Total of 124621
are annotated in five
sequences.

Future

Expert may need to be employed to detect the
cells manually or more suitable dataset shall be
found.

Weakness

Partially annotation of cells due to unable in
tracking the purity of the result.

Strength

Correctly detect relationship in lineage tress
among the cells after birth event.

Histone H2AFV cell
fluorescence sequence
imaging video. Image
resolution is 480x640 pixels.

Future

Use more criteria to determine the identity of
the cell within frames.

Weakness

Cell tracking result decreases after getting
more cells in one frame.

Strength

Proposed segmentation technique able to
segment 97% of cells.

Future

Other image enhancement technique may need
to use in order to get better image.

Weakness

Incorrectly rejected due to intensity value of
some of the cells are similar with the
background.

Strength

Consider both static and active cells by using
constant position and constant velocity as the
condition in algorithm.

1344x1024
pixels
in
resolution. Each image
contains around 100 to 300
cells.

156 brightfield images
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5.0 CONCLUSION
Automated cell migration tracking involves cell
detection and cell labelling. There are many kinds of
cell detection methods can be used to detect the cell
based on the location of cell nuclei, shape of the cell
or other criteria. The changes and status of the cell is
the main problem in cell migration tracking. More
researches should be conducted to achieve more
accurate result.
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