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ABSTRACT

This study aims at automatic construction of cell lineage from
time-lapse images of progenitor cells. In order to construct the
cell lineage it is very useful to have an efficient cell tracking
system. In this paper we have described a system for tracking
neural progenitor cells in a sequence of images using multiple
matching object method based on modified mahalanobis
algorithm. This system produces the results including the
position, shape, motility and ancestry of each cell in every
frame, which helps in construction of cell lineage. The
proposed method has been implemented to the sequence of
image frames and the computational results of cell tracking are
presented.

General Terms
Pattern Recognition, Image processing & Bioinformatics.

Keywords
Cell lineage, mapping, image segmentation, progenitor cell,
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1. INTRODUCTION

Any cellular organism development starts from single cell.
This cell divides into two cells and each of them divides into
two and so on. The relationship of parent cells and their
daughter cells is called cell lineage. Cell lineage helps to
understand the behaviour of the cell, which in turn helps in
understanding the tissue formation and in cell therapies. To
find the cell behaviour over time, the cells are to be recorded
in time-lapse images and then they have to be tracked.

Tracking refers to the process of identifying and linking
segmented cells from frame to frame in the image sequence to
obtain cell trajectories. The simplest approach is to associate
each cell in any frame to the spatially nearest cell in the next
frame within a predefined range. When dealing with many
cells or rapid cell movements, this may lead to mismatches.
In order to get better result, the definition of 'nearest' may be
extended to include similarity in intensity, area, and perimeter
or surface area, orientation of major and minor axis and other
features [1].

This paper starts with image preprocessing using
morphological techniques to remove non-uniform illumination
effects. The cells are located using h-maxima transformation
after removal of the blob-like objects, which does not belong
to a cell. Then the individual cells in a cluster are segmented
using watershed algorithm. This paper has adopted modified
Mahalanobis algorithm for tracking the cells. The results of the
tracking process help in construction of cell lineage, which in
turn helps the researchers in identifying the stem cells with
high quality to be suitable for experimental studies and
therapeutic treatments.

2. BACKGROUND

Medical researchers believe that stem cell therapy has the
potential to change the treatment of human disease and reduce
suffering [2]. They started using technologies derived from

adult and embryonic stem cell research to treat Cancer,
Parkinson's disease, Huntington's disease, cardiac failure,
muscle damage, neurological disorders and many others [3].
In stem cell treatments, the study says that the possible risk is
that transplanted stem cells could form tumors and have the
possibility of becoming cancerous, if cell division goes out of
control [4]. So, it is understood that the study of cell lineage
of stem/progenitor cells is essential before it is used for
treatment. Many basic methods [5,6,7] for watching cells
behaviour, are used to understand the tissue formation and
how they are changed due to disease. These studies used
manual lineage construction in which cells are treated by an
observer and followed as they migrate, divide, differentiate, die
and move out of the field.

Filtering in spatial domain performed in a controlled manner
decreases the effect of noise on images. The non-uniform
illumination present in the microscopic images is removed
using homomorphic filter [8], anisotropic diffusion method
[9], least square technique [10], Ridgelet transform method
[11] and Gaussian filter [12]. L.B. Dorini et al [13] and
Cecilia Di Ruberto et al [14] have suggested morphological
operators for blood cell segmentation, which is adopted in this

paper.

The difficulty of medical image segmentation has forced very
specific segmentation algorithms for each task or image being
analyzed [15] [16]. Kittler et al [17], Otsu et al [18] and Wu
et al [19] used thresholding methods. Markiewicz et al [20]
have used watershed for segmentation of the bone marrow
cells. This segmentation algorithm has produced over-
segmentation due to intensity variations within both object
and background [21]. Comaniciu et al [22] proposed a mean
shift method for cell image segmentation for diagnostic
pathology. Geusebroek et al [23] introduced a method based
on nearest neighbor graphs to segment the cell clusters. Meas-
Yedid et al [24] proposed a method to quantify the
deformation of cells using snakes (curve around the object).
Degerman et al [10] and Ryoma Bise et al [25] used dynamic
programming to segment the cells. Tscherepanow et al [26]
and llker Ersoy et al. [27] adopted active contour and multi-
feature level set methods respectively. Watershed segmentation
is adopted in this paper by overcoming the over segmentation
problem by region merging.

Braun et al. visualized a cell lineage but did not construct the
lineage automatically [28]. Yasuda et al. designed a semi
automatic algorithm for lineaging with human interaction for
correcting falsely detected cells [29]. For automated tracking
of sequence images there are two different approaches. One is
segmenting the cells from the images independently and then
tracking the cells between the frames based on their features,
followed by the association of cells between consecutive
image frames [8.19, 30, 31]. The second approach is
combining the segmentation and tracking process in each
frame i.e. segmenting the cells in the first frame and then
tracking these cells throughout the sequence by updating the
cell position. The methods based on active contours [31, 32,
33], auction algorithm [10], level set method [34, 25] and
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nearest neighbor and correlation matching technique [9]
adopted the second approach. This approach could not handle
cell division because additional heuristics are required to
handle the new cells produced by cell division [8]. The first
approach is simple and efficient; however, the cells have to be
made suitable for tracking by overcoming the over-
segmentation errors by merging. This paper has adopted the
first approach for tracking.

3. MATERIALS AND METHODS

The data set used for this study contains time-lapse
microscopic images of 'Swiss Webster mouse' at embryonic
day 'E10-E12'. The tissue consisting of 95% single cells is
processed and collected for plating. Plated cells are placed
under an Olympus inverted microscope in a humidified
chamber at 350C with 6% CO2. Phase images were captured
by CCD camera and recorded with a time-lapse video cassette
recorder. There are three image sequences chosen for this
study. Each one contains hundreds of image frames. For
example, the sequence-1 contains a total of 700 frames and
the size of each image is 480 X 640 pixels, and the depth of
each pixel is 8 bits. Twelve progenitor cells are present in the
first frame, which have divided into 42 cells by the last frame
65 hours later [35].

3.1 Preprocessing

Mathematical morphology [19] is well suited to biological and
medical image analysis. This system uses morphological
techniques for shape analysis and filtering. Mathematical
morphology is a non-linear process that operates the image
with a sub image called morphological structuring element
[36]. The morphological operations realized in this study are
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open, close, top hat and bottom hat [37]. These are used to
enhance the image and then they find the disk shaped objects
with disk size 15. The disk shape is chosen for structuring
element because the cells are curved in nature. Also the size
of structuring element is assigned as 15 because as long as the
structuring element is large enough so that it should fit
entirely within the cells during opening operation. Top hat
filtering with a disk-shaped structuring element is used to
remove the uneven background illumination from the image.
It subtracts morphological opening of the image from the
original image and bottom hat subtracts the original image
from a morphologically closed version of the image. The top
hat and bottom hat filtering together enhances the image well.
It is implemented by subtracting the bottom hat from the
addition of top hat with the original image. The original image
frame and the enhanced image are shown in Figure 1(a) and
1(b).

3.2 Cell Detection

The possible cell locations called seed points, in an image are
found using extended h-maxima transform method [38]. The
h-maxima transform suppresses all maxima whose height
compared to the surrounding pixels are smaller than a given
threshold h. The seed is expected to have the intensity above
h, so that small and faint objects are eliminated [38]. A low h
has shown the result with many seeds and a high h has left
some cells without seeding. The value of h that has given
satisfactory results is selected by visual inspection on some
test data and is kept fixed for all the images. Fig. 2 shows the
result of extended h-maxima transformation for different h
values, where a low h value marks the low intensity objects as
cells and high h value makes cell clusters.

®)

Figurel. Image Enhancement (a) Original Image (b) Enhanced image using morphological operators

Since the original image has many local maxima, there are
numerous regions not belonging to a cell. Fixing the
parameter for the cell size through trial and error method
has eliminated the regions not belonging to a cell. All seeds
are uniquely labeled by standard connected component
labeling. The extended h-maxima binary image in Fig. 3(a)
shows the places where the cells exist. Fig. 3(b) shows the
centroid points of the regions on the original image [39].

3.3 Cell Segmentation

Segmentation is the process of isolating objects in the image
from the background. The distance-transformed image where
the intensity of each object pixel corresponds to the distance to
the nearest background pixel is taken as the input to watershed
algorithm in order to divide the image into set of meaningful
regions. The distance image and its landscape representation are
shown in Fig. 4(a) and 4(b).The general idea is to consider the
image as a topographic surface and the magnitudes of the pixels

are treated as valleys and mountains. It is assumed that there is a
hole in each minima and the entire surface is submerged in
water. To avoid the water from two different minima to meet a
dam is built in between. These dams are the segmentation lines
between the regions.

When watershed segmentation is applied to image, water is
raised from every minimum in the image. All the cells may not
have single minimum; some may have more than one. This
result in over - segmentation i.e. objects in the image is divided
into several parts; see Fig 4(c). The over-segmentation problem
is avoided by merging the regions by preserving only the
strongest edges and having some approximate size for the cell.
The over-segmented regions are merged with one of its
neighbours or with the background based on the intensity. Fig
4(d) represents the cell positions after merging the over-
segmented cells.
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Figure 2. Extended h-maxima transformation (a) Original Image (b) extended h-maxima transform with h =20

(c) extended h-maxima transform with h =30 (d) extended h-maxima transform with h =5.
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Figure 3. Cell Detection using extended h-maxima transform (a) Extended h-maxima transform (b) Centroids of

extended h-maxima regions marked as dots on the original image.

() (b)

(c) (d)

Figure 4. Watershed Segmentation (a) Distance transformed image (b) The distance from each object to the
imagebackground is displayed as height in landscape (c) Watershed ridges (d) Positions of detected cells after merging over
segmented cells

4. CELL TRACKING

In the sequence of time-lapse microscopic images we have
observed the appearance of new cells. There are different
reasons for this and that has been recognized and dealt in our
tracking process. The main reason is that there can be a
biological cell division or the cells can be moved into the
scene from outside. Cell splits are of biological interest and
therefore some efforts have been made to identify when the
cell split has occurred. This has been found by comparing the
characteristics of consecutive images before and after the split
occurred.

Different features of the segmented cells are computed and
used for associating the cells between images. For each cell
in image at time t, we compute the centroid, major and
minor axis length, eccentricity and orientation. Area of the
cell is not taken into consideration because when the cell
splits the area of the parent cell is approximately equivalent to
the addition of daughter cells area. This creates problem in
cell mapping between images. The features of the cells are

collected and stored in a vector.

4.1 Cell Mapping

The distance measure for features is of critical importance for
all kinds of classification methods. The Mahalanobis distance
shows good performance for segmented images. Therefore
the Mahalanobis distance is used as the basis for our distance
metric. The modified Mahalanobis distance between the cells
labelled as p in frame t with feature vector fpt and q in frame

t+1 with feature vector fyt+1 with covariance S is found using

D(p,q) = j(f;+1 —f;)TS(ff;l _f;)

In the actual Mahalanobis distance algorithm the covariance
matrix is considered for the entire feature matrix. But in this
modified algorithm, the covariance is taken for the difference
of the feature vectors of corresponding cells in the frames at t
and t+1. Each cell in image at time t is compared to all other
cells in the image at time t+1. This process generates a two-
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dimensional distance vector between cell features. The cell in t
is mapped to cell in t+1, which are found to be closer in
distance matrix.

4.2 Cell Splitting

After mapping, the remaining cells in the image t+1 are
considered as newly appearing cells. The possibilities of
getting new cells are either through cell split or entry through
borders. The newly appeared cells that have come through cell
split are given more attention in this paper in order to generate
the cell lineage.

As a result of cell split, two daughter cells in image t+1 have
one parent cell in image t. To find whether the new cell p of
image t+1 has come from cell division, the distance is
calculated between p and the other cells with the minimum
expected difference between siblings. If any of the cells satisfy
the condition for sibling distance and it is not mapped with any
of the cell in the previous frame, it is considered as the sibling
of p. Then the siblings are mapped with the parent cell in
frame t. The mapping of individual cells in two consecutive
images and also the splitting of cell 9 into 9.1 and 9.2 are
shown in Fig. 5.

5. RESULTS AND DISCUSSION

An evaluation of performance of detecting cell position using
extended h-maxima transform and then segmenting the cells
using watershed algorithms is analyzed and found 96% of cells
are correctly located with 3.7% of false positive and 5% of
false negative. When false negative cell of image t is identified
in image t+1, it is considered as a new cell. This creates
problem in tracking. The successful application of the system
has created a complete trace of a single neural progenitor cell.
It is observed that cell 4 divides into two cells 4.1 and 4.2.
After some time 4.1 and 4.2 divide into 4.1.1, 4.1.2 and 4.2.1,
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4.2.2 respectively. In this lineaging, first division is indicated
by gray star and red stars indicate the second and third
divisions in Fig. 6(a), where x and y coordinate of the graph
represents the location of the cell in the image. Lineaging
results are to be real time with respect to image acquisition
speed.

The lineaging results are made immediately available while the
cells undergo division. Out of 14 cells in the initial frame of
the image sequence, there are only four active cells. The cell
lineages of these cells are represented in Fig. 6(b). The number
given at each branch represents the time of division in hours.
The results of cell mapping and splitting obtained by different
researchers is presented in Table 1.

Since the result of cell split is entirely based on segmented
cells, it is important to improve the image capturing technique
in order to avoid poor quality of image, which in turn reduces
the number of false positives. The false negatives are due to
the disappearance of cells into clusters. Though watershed
algorithm handles cells in clusters, disappeared cells behind
the group cannot be processed. Fig. 7 shows the consecutive
images in which there are two cells in the frame at time t
shown in Fig. 7(a) and in the next frame one cell is hiding
behind the other shown in Fig. 7(b), which is taken at time t+1.
Future work could solve this problem by back tracking the
analysis.

The cell mapping and splitting process proposed in this paper
successfully works for the well segmented images. This
system was implemented in Matlab 7 with image processing
toolbox, which has been convenient for the experimental
development.

Figure 5. Two labeled contiguous image frames before and after splitting
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Figure 6. Cell Division (a) Trace of cell 4 (b) Lineage trees of cells 1, 4, 6 and 8
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Figure 7. Two consecutive gray level images with one cell hiding behind the other.

(@ Image at time t. (b) Image at time t+1

Table 1. Comparison between tracking methods of stem cells.

S.No | Author Tracking Method Cell type Result Size No. of
Samples
1 Althoff K. et al. Nearest neighbour and | Neural stem | 79% - cell split 634x504 2592
correl_atlon matching | progenitor cells 95% cell to cell images
technique L
association
2 Omar Al Kofahi etal. | Gaussian classifier Neural stem | 100% with some | 480x640 4900
progenitor cells manual images
intervention
3 Yasuda.T et al. Euclidean method C-Elegans embryo | More false | 299x327 1780
positives were images
found
4 Amalka Nearest neighbour and | Neural stem | 71.3% of correctly | 634x504 8190
Pinidiyaarachchi etal. | correlation  matching | progenitor cells segmented cells images
technique
5 Nizamoddin. N et al. Extended Hungarian | Hematopoetic stem | 95% of cell | Not 7000
method cells association. Available images
Splitting is  not
identified.
6 Kirubarajan et al. Modified Probabilistic | Fibroblast  tissue | 95% - cell tracking | 512x512 30 images
data association filter cells
7 Ryoma Bise et al. Partial contour | DIC  microscopic | 97% - cell tracking | 640x512 800 images
matching cell images
8 Jayalakshmi.N et al. Modified Mahalanobis | Neural stem | 97.4% -  Cell | 480x640 4900
algorithm Progenitor cells association 95.8%-— images
Cell splitting

6. CONCLUSION

This study shows that the cell tracking can be automated with
accurate pre-processing methods and segmentation. The
effective algorithms for preprocessing, cell detection,
segmentation and cell tracking identified in this paper are
morphological techniques, h-maxima transform, watershed
algorithm and modified Mahalanobis algorithm respectively.
This approach can be used for examining very large amount
of data needed for neural stem cell investigations without
human intervention. The proposed approach can be extended
to be applied to 4D-tracking applications consisting of 3D

spatial and 1D temporal dimensions. Improved technology of
microscopy and digital image acquisition will make the
automatic lineaging more robust. Our approach will be useful
to quantitatively study the image sequence of objects that split
and migrate. The cell lineage constructed by the proposed
method helps to understand the cell behaviour, which in turn
helps in understanding the neurogenic process.
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