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Abstract— A variety of scienti�c and pharmaceutical stud-
ies require the observation and quantitation of cell responses
over extended periods of time. This is commonly performed
with time-lapse phase contrast video microscopy. Some of the
quantities that need to be measured are related to cell motility
and proliferation. The manual analysis of this data is tedious,
subjective, and restrictive. The automated analysis of the data
requires the interpretation of phase contrast images of cells
as well as the processing of time lapse sequences acquired
over extended periods of time. In this work the data is �rst
corrected for intensity non-uniformity. Subsequently, the phase
contrast images are processed with a variation of the medial
axis transform to convert them into a form easier to analyze.
The transformed images are then corrected for misregistration
between successive frames. The spatiotemporal paths of the cells
are subsequently formed together with the determination of cell
ancestry, detection of entry into mitosis, as well as exit from
mitosis. The performance of the system has been demonstrated
with the analysis of several image sequences of cells many of
which are undergoing mitosis.

I. I NTRODUCTION

Many scienti�c biological applications as well as experi-
ments for drug development require the observation of cell
responses to a variety of stimuli. Some of the responses that
need to be quanti�ed are cell migration, cell proliferation, as
well as cell differentiation. The extraction of experimental
conclusions require the observation of cells over extended
periods of time. An effective way to achieve this is with phase
contrast microscopy. The resulting data sets are large and their
manual analysis is tedious, subjective, and restrictive. Their
automated analysis requires an interpretation of phase contrast
images of cells and the processing of large data sets of time-
lapse images. The processing is complicated by the varying
shape of cells as well as the varying contrast of cells in phase
contrast at different stages of cell division. Also, cells may
enter or leave the �eld of view.

The segmentation of cells in phase contrast microscopy has
mainly been performed with morphological operations either
directly [1], [2], [3] or in combination with texture features
[4]. It has also been performed with explicit modeling of
the halo which surrounds cells imaged with this technique
using active contours [1], [3]. In some cases segmentation is
semi-automatic [1], [5]. Motion tracking of cells from phase
contrast microscopy image sequences has been performed in
a variety of ways. One method uses mean shift directly on an
image sequence and motion tracking is performed in reverse

time direction [6]. Motion tracking has also been implemented
with active contours for spatial segmentation propagated in
time with linear prediction based on Kalman �ltering [7], [8],
[9], [10], [11], [12]. Cell division has been represented by
linear programming [5] or linear programming combined with
level sets [13]. Estimation of cell divisions from an image
sequence has also been accomplished globally over an entire
image without the explicit detection of individual cells orthe
detection of individual mitotic events [14].

The algorithm developed in this study tracks cell motion
and cell division, which consists of the division of the nu-
cleus, namely mitosis, as well as the subsequent division
of the cytoplasm, namely cytokinesis. During mitosis a cell
rounds up and its contrast in phase contrast imaging increases.
The contrast of a cell in an image remains high during
cytokinesis as well. An image sequence is �rst processed to
correct intensity non-uniformity artifacts due to non-uniform
illumination. Subsequently, the halo surrounding the cells is
detected with pixelwise Hessian-based �ltering. The principal
components of the pixel Hessians and their eccentricity are
used to implement a transform which computes the medial
axis of the cells. The transformed images are then corrected
for possible misregistrations among consecutive frames. The
centroids of the cells are extracted with features computed
both from the medial axis transformed images as well as
from the original images. Pixels in successive frames are then
associated. The associations are used to extract cell trajectories
and to determine cell ancestry. The performance of the system
has been demonstrated with the analysis of several time lapse
phase contrast image sequences of HeLa cells undergoing
mitosis acquired over extended periods of time [15].

II. M ETHODS

A phase contrast image sequence is processed in a pipeline.
The �rst step is the restoration of intensity uniformity. The
images are then transformed with the medial axis transform.
Subsequent processing steps are using both the original as
well as the medial axis transformed images. The output is the
extraction of cell trajectories as well as the detection of cell
divisions and the determination of cell ancestry. A summary
of the algorithm is given in the block diagram in �gure 1.



Fig. 1. A block diagram of the algorithm.

A. Data

The image sequences show HeLa cells imaged as described
in [15]. All experiments were conducted under5% CO2,
with a 37oC incubator. The samples were mounted on a
motorized stage which was time sharing among several wells.
The imaging was performed using a Zeiss Axiovert 200M
microscope. The magni�cations of the objective lens were
10� , 20� , and40� , which imply actual image magni�cation
factors of100� , 200� , and400� , respectively. The size of the
images is462� 346pixels. Images were collected at intervals
of 6 min to give a total of� frames,t = 0 ; : : : � � 1. An
image sequence is represented byV(t) : D ! < , whereD is
the image domain.

B. Correction of Intensity Non-uniformity

The illumination across the sample is not uniform and hence
the acquired images suffer from intensity non-uniformity.The
non-uniformity is assumed to remain constant along time for
all the frames of a sequence. This artifact cannot be computed
directly from an image due to the multiplicative interference
between the intensity non-uniformity and the inherent variation
of the intensities in an image primarily in the foreground.
In the sequences considered in this work the foreground is
varying due to the motion of the many cells present. In some
frames a pixel can correspond to the background and at other
frames the same pixel can correspond to a moving cell. This
variability is used to detect the background and project it
along time. This is achieved by computing the variation of
the intensities along time for every pixel in the spatiotemporal
volume. The temporal variation of a pixel is the standard
deviation of the intensities in temporal windows of radius� .
The projection of the minimum standard deviation along time
is computed. The intensity of the pixel with the minimum
standard deviation along time gives the projection of the
background,B , for that pixel.

The projection of the backgroundB may still contain cells
or remnants of the foreground, particularly in regions occupied

(a) A frame from
the sequence.

(b) Projection of the
background,B .

(c) Correction of
nonuniformity,U.

(d) The correction of the
frame in (a).

Fig. 2. In (a) is a frame from the original sequence. The projection of the
backgroundB along time is in (b) and its intensity non-uniformity correction
U is in (c). In (d) is the intensity correction of the frame in (a).

by stationary cells. Thus,B must be further processed to
compute the spatial intensity non-uniformity. The restoration
is performed with a non-parametric algorithm based on the
image histogram [16], [17], [18]. The operations performedat
each iteration are:

1) Projection of the background along time to obtainB ,
2) Deconvolution of the non-uniformity from the histogram

of B to obtain a gain factor for each intensity,
3) Back-projection of the gain factors of the intensities of

each pixel to compute a gain image,
4) Spatial smoothing of the gain image with a Gaussian

�lter to compute the correction image,U. The correction
image is also normalized to unit average value,

5) Pixelwise multiplication of the correction imageU with
each frame in a sequence to getI t = Vt U, t = 0 ; : : : � �
1.

The iterations are terminated when the standard deviation
of the normalized correction image is very low, or up to a
maximum allowed number of iterations. An example of a
frame from the intensity correction of a sequence is shown in
�gure 2. This correction is the �rst step in the block diagram
of the algorithm in �gure 1.

C. Weighted Medial Axis Transform of a Phase Contrast
Image

The halo that phase contrast imaging creates at the boundary
of a cell is detected with pixelwise Hessian-based �ltering. It
involves convolving the image with second derivative �lters.
The principal components of the Hessian at pixels on the cell
boundary provide the tangent and normal eigenvectors with
respect to the boundaryet anden as well as the corresponding



eigenvalues,� t and� n , where the largest absolute eigenvalue
corresponds to the direction normal to the boundaryj� n (x)j >
j� t (x)j. The Hessian decomposition across the entire image
is used to implement a weighted medial axis transform [19].
The contribution of every pixel to the transform is localized
spatially by weighting it with a two-dimensional Gaussian
distribution centered at the pixel and aligned with the two
eigenvectors of the Hessian. The direction across the halo
en provides the medial axis of the cell and the Gaussian
aligned with that direction is assigned a standard deviation
� n several times larger than the expected cell radius,r cell ,
that is,� n = arcell , with a > 2. The Gaussian in the direction
along the boundaryet smoothes the transform and is assigned
a standard deviation,� t , of a much smaller value.

The contributions to the transform are modulated by the
eigenvalue of maximum magnitude. The eigenvalue must also
be negative so that it corresponds to the dark halo as it is
shown in �gure 4 immediately surrounding a cell:

wmagn (x) =
�

� � n (x) if � n (x) < 0;
0 otherwise:

(1)

In phase contrast imaging objects in the sample other than
cells and irrelevant to the experiment as well as water drops
on the lens can appear in an image as dots. These dots may
have a signi�cant contrast and large eigenvalues. The bright
spots are eliminated bywmagn (x) in equation (1). The dark
spots, however, can have a largewmagn (x) value. To eliminate
this undesirable artifact of the medial axis tranform the eccen-
tricity of the Hessian is used. The eccentricity is quanti�ed
by considering the absolute values of the eigenvalues and
penalizing pixels with a radially symmetric Hessian such as
those of spots. This is achieved by modulating the medial axis
transform with the fractional absolute anisotropy,wfa , which
is de�ned as:

wfa (x) =
1
2

(j� 1j � j � 2j)2

� 2
1 + � 2

2
: (2)

The modulating factor of the Gaussians for the medial trans-
form of an image is:

I w (x) = wmagn (x)wfa (x): (3)

The medial axis transform of an image is given by:

I m (x ; t) =
X

x 0 2 D

I w (x0) � Get (x � x0; � t ) � Gen (x � x0; � n ):

(4)
whereGet is the Gaussian alonget andGen is the Gaussian
alongen .

During mitosis the cells become rounded and their contrast
is very high in phase contrast microscopy. This makes their
medial axis transform very intense and the cell centroids in
the medial image have a much higher contrast. An image that
contains many mitotic cells and the transform of this image is
shown in �gure 4. After mitosis their contrast returns to low
levels. The medial axis transform is the second step in the
block diagram of the algorithm in �gure 1.

Fig. 3. A Gaussian is aligned with the direction of the largest second
derivative, or largest eigenvalue. Its standard deviationis larger than the
expected cell radius with� normal = ar cell , wherea > 2. It contributes
to the weighted medial axis transform.

(a) Intensity corrected
frame.

(b) Largest eigenvalue of
the Hessian image.

(c) Medial axis
transform.

Fig. 4. A phase contrast image is transformed with pixelwise Hessian-based
�ltering to the medial axis image.

D. Rigid Registration

In time lapse microscopy, over extended periods of time,
there can be a mechanical shift of the sample or the mi-
croscope may be interleaving among several samples. This
causes a misregistration among the frames of a sequence that
can be accumulating along time. This artifact is addressed
by registering consecutive frames rigidly. The �rst step is
to compute the relative transformationf t  t � 1 between two
consecutive frames. Several possible in-plane rigid translations
are considered in a window of length2h. The translations
tested are selected with a regular spatial subsampling factor
to improve ef�ciency. The translation selected is the one
giving the minimal cost. The cost of a candidate translationis
computed by �rst subtracting a frame with the subsequent one
under the translation and then computing the average absolute
value of the difference image over the domain in common
with the previous frame. That is, the relative transformation is



Fig. 5. A plot of the rigid registration between successive frames in an image
sequence. The overlap domain in green is considered.

given by:

f t  t � 1 = argmin f �

kI t � 1(f t � 1x; t) � I t (f � f t � 1x; t)k1

kf t � 1D \ f � f t � 1Dk1
:

(5)
wheref � is a candidate translation. The translation of the �rst
frameI 0 is the identityf 0 � I � (0; 0). The processing starts
with the second frame and proceeds by registering each frame
to the previous one. The translation of every frame is applied
to all subsequent frames in a sequence. That is, the translation
of a frameI t is the concatenation of the total translation of the
previous framef t � 1 together with the relative translation of
frame t to give f t  f t  t � 1f t � 1. This gives the total frame
registrationsf t � (� x t ; � yt ), t = 1 ; : : : ; � � 1.

The registrations along a sequence are repeated several
times. The extent of the maximum shift starts with the value2h
and is decreased gradually to smaller values. For each window
size for the shift the algorithm iterates over the spatiotemporal
volume, t = 1 ; : : : ; � � 1, up to the iteration at which the
percentage of translated to non-translated frames over the
entire sequence is very low or up to a maximum number of
iterations,i max .

The computed transformationsf t are applied to the cor-
responding frames in the sequence to giveI (f t x; t) and
I m (f t x; t). The intersection of the domain of all the registered
frames along time is the valid domain of the image sequence.
That is, the valid domain isD f = D \ (f 1D) : : : \ (f � � 1D)
and D f � D . The image sequence becomesI f (D f ; t) ! <
and I f

m (D f ; t) ! < . An example is shown in �gure 5. The
registration is the last step of the preprocessing as it is shown
in �gure 1.

E. Extraction of Cell Centroids

The cell centroids are detected using conditions both in the
original imageI f as well as in the medial axis transformed
imageI f

m . Most of the conditions are based on the intensity
of a candidate pixelx0 together with the intensities of the
immediately neighboring pixels as well as the average intensity
over a surrounding ring of radiusr cell =2, where r cell is
the expected cell radius. In the original image a centroid

Fig. 6. Conditions for cell centroid detection in the original image at the
top as well as in the medial axis transform image below.

pixel x0 must satisfy0:8 � I f (x 0 ;t )
<I f (x 0 ;t )> r cell = 2

� 1:2, where

< I f (x0; t) > r cell =2 is the average image intensity over a ring
of radius r cell =2 surrounding pixelx0 in I f . In the medial
axis transform, a centroid must be a local maximum within
a circular region of radiusr cell , I f

m (x0; t) > I f
m (x ; t), for

kx � x0k < r cell . Another requirement is that the variation
of the intensities satisfy1:5 � I f

m (x 0 ;t )
<I f

m (x 0 ;t )> r cell = 2
� 2:0, where

< I f
m (x0; t) > r cell =2 is the average image intensity over a ring

of radiusr cell =2 surrounding pixelx0 in I f
m . These conditions

are drawn in �gure 6.
The �nal condition is that a pixel must be in the foregound.

The foreground is segmented fromI f
m with a parameter�

of the algorithm to giveI f
m;g , where I f

m;g (x) = I f
m (x) if

I f
m (x) > � , otherwiseI f

m;g (x) = 0 . A pixel which satis�es
these conditions inI f andI f

m is a centroidx cent and a centroid
image is constructed so thatI f

cent (x cent ) = I f
m (x cent ), oth-

erwiseI f
cent = 0 . The centroid extraction is the segmentation

step and is the intermediate step of the algorithm describedin
�gure 1.

F. Interframe Associations Between Pixels

The �rst step in motion tracking is to establish associations
between pixels in successive frames. The primary objectiveof
this task is to enable the precise detection of mitotic events
in space as well as in time. This is achieved by directing
interframe pixel associations towards the centroids of thecells
or local maxima of the medial image. That is, the associations
are many to one. The mitotic events are detected from pixel
associations directed in the reverse time direction,t ! t � 1, so



that they can have the form of a function,S� . The association
from a pixel at timet, x t , in reverse time to a pixel at time
t � 1 is established with a search for a maximum ofI f

m locally
in framet � 1.

The association for pixelx t starts by extrapolating linearly
its position to framet � 1 if both pixel x t is a cell centroid
and a pre-existing association leading to it from framet +
1 is also from a centroid. A window of radiusr cell around
the extrapolated position is considered and is used to �nd the
starting point for the search to establish the association of x t .
The starting point is the pixel at timet � 1 which maximizes
the quantity:

cx (x ; t � 1) = � max I f
cent (x ; t � 1) + (6)

I f
m (x ; t � 1)

�
2:5 � 1:5

k� xk
r cell

�
;

where k� xk = kx � x t k � r cell , and � max is the weight
for the image with cell centroids. This weight is set to
a very large value,� max = max x ;t I f

m (x ; t) to select an
association to a centroid if it is present in the search window.
In windows without a cell centroid, the pixel of maximum
medial intensity with penalized displacement is selected in-
stead. That is, the position at timet � 1 is given byx t � 1 =
argmaxx s:t: kx � x t k� r cell cx t (x ; t � 1). Subsequently, starting
from x t � 1 the direction of the gradient ofI f

m (x ; t � 1), that
is r I f

m (x ; t � 1)=kr I f
m (x ; t � 1)k2 is followed. The search

stops at a local maximum or after a maximum number of steps.
Computing this throughout the image gives a functionS� for
the reverse time associationst ! t � 1, which are able to
represent cell divisions.

A similar process is used to compute associations in forward
time, t ! t + 1 , by optimizing costc(x; t + 1) . They are
equivalent to a functionS+ . This also provides many to one
interframe pixel associations. It favors the tracking of the
centroids of the cells. Thus, considering both functionsS� and
S+ the pixel relations are many to many. A �gure showing
example associations between pixels both in the forward as
well as in the reverse time directions is shown in �gure 7. This
is the �rst step of the motion tracking part of the algorithm
summarized in �gure 1.

G. Sequential Extraction of Cell Trajectories

The extraction of cell trajectories uses the interframe pixel
associationsS� andS+ , the medial transformed imageI f

m , as
well as the cell centroid imageI f

cent . The starting point for the
extraction of cell trajectoriesx t;start is the pixel of maximum
positive intensity inI f

cent , x t;start = maxx ;t I
f
cent (x ; t). The

trajectory is extracted by progressing both reverse in timewith
S� as well as forward in time withS+ . Moreover, tracking
towards positive time is continued as long as the moving
cell is at least a distancer cell =2 from a previously extracted
trajectory.

In tracking in reverse time withS� if the pixel associations
lead to a previously tracked pixel or approach a previously ex-
tracted trajectory within a distance less thanr cell =2, it merges
that trajectory to form a cell division. The cell centroids

Fig. 7. Interframe pixel associations in reverseS� and in forwardS+ time
directions. The cell trajectories are in red and the associations are in green.

Fig. 8. The interframe pixel associationsS� andS+ , the medial axis image
I m , and the centroid imageI cent , are used for the sequential extraction of
cell trajectories.

in I f
cent in the region around a newly extracted trajectory

within distancer cell are canceled so that no other trajectory is
initiated from that region. The voxel of maximum intensity in
the remaining valid spatiotemporal volumeI f

cent is selected
and used as a starting point for the extraction of a new
trajectory. The temporal correlations used for the extraction of
cell trajectories lead to improved cell centroid segmentation in
individual frames. For example, a cell centroid missed during
the segmentation stage may be part of the trajectory of the cell.
A �ow chart of the algorithm for the sequential extraction of
cell trajectories is shown in �gure 8. This is the last step of
the motion tracking of the algorithm summarized in �gure 1.

III. E XPERIMENTS

The algorithm was applied to several image sequences many
of which were acquired over several hours and have a large
temporal dimension. The analysis of the data is computation-
ally intensive and the implementation of the algorithm consid-
ers the need for ef�ciency. The processing is demonstrated as
well as validated with several representative image sequences.



A. Implementation

The algorithm is implemented in theC++ programming
language for ef�ciency. The algorithm also provides an option
to decrease spatial resolution of the data. To improve the
ef�ciency of the medial axis transform with minimal loss of
accuracy the set of pixels which participate in the transform is
pruned. This is achieved using the statistics of the histogram
of the modulating weight imageI w (x) given in equation (3).
This histogram for the sequences used in this work is unimodal
with the mode corresponding to the background and the inner
cytoplasm regions. The halos surrounding the cells correspond
to the sidelobe at the higher intensity range. That sidelobeis
detected as the intensity range above the mode intensity plus
two times the full width half maximum of the mode. The
pixels with intensities below that range are pruned and are
not considered in the transform. Also, the transform is further
expedited by contributing only over a subset of the image
domain by limiting both the extent of the Gaussian normal to
the boundaryGen to 1:75� n and the extent of the Gaussian
tangent to the boundaryGet to 1:75� t . The experiments were
performed on an Intel processor of1:66GHz and 2GB of
RAM.

The iterations for the intensity correction are repeated
until the standard deviation of the statistics of the correction
image are below0:3% as described is subsection II-B. In
the medial axis transform stage, described in equation (4),
the size of the Gaussian normal to the boundary is given by
� normal = 3 r cell , that isa = 3 . In the same equation the size
of the Gaussian tangent to the boundary is relatively small
with � t = MAX (0:2� n ; 3) pixels. The maximum registration
shift considered ish = 8 pixels, which is gradually re�ned
to smaller values. The maximum number of iterations for
each registration shift isi max = 9 . The renderings of the
spatiotemporal trajectories are produced with the Visualization
ToolKit library [20] and with Tcl/Tk.

B. Processing of Example Image Sequences

The output of the processing of three representative se-
quences are shown in �gure 9, �gure 10, and �gure 11. The
acquisition of the sequence in �gure 9 was performed with
an image magi�cation factor of400� and lasted for4 hours,
which gave41 frames. The acquisition of the sequence in
�gure 10 was performed with an image magi�cation factor
of 100� and lasted for4 hours and 48 min , which gave
49 frames. The acquisition of the sequence in �gure 11 was
performed with an image magi�cation factor of200� and
lasted for10 hours and42 min , which gave108 frames.

In the three images in �gures 9 (a), 10 (a), and 11 (a) the
annotated cells are in mitosis, during metaphase or anaphase.
Subsequent frames of the same sequences are shown in the
images in �gures 9 (b), 10 (b), and 11 (b), respectively. They
show the cells immediately after the division of the cytoplasm
during cytokinesis. The children cells in (b) in these �gures are
annotated with the same color and shape as the parent cells in
(a). In the three images in �gures 9 (c), 10 (c), and 11 (c) is a
viewpoint of the spatiotemporal plots of the trajectories.They

(a) The �rst frame of
the sequence.

(b) The sixth frame of
the sequence.

(c) Spatiotemporal
visualization.

Fig. 9. Cell tracking from a high resolution image sequence with an actual
image magni�cation factor400� .

show the cells in the �rst frame together with their trajectories
along time. In each of �gures 9, 10, and 11 the color of the
cells in the temporal sections in (a) and in (b) is the same as
that of their trajectories in (c).

The events considered for evaluation of the system are the
cell divisions, which happen in the spatiotemporal interval
imaged. A cell division is considered if the image sequence
contains at least the late phases of mitosis, namely anaphase
and telophase, as well as the early part of cytokinesis. The
performance of the system is quanti�ed in terms of its sen-
sitivity and speci�city. The sensitivity is the proportionof
cell divisions which are detected,sensitivity = T P

(T P + F N ) ,
whereT P is the number of true positive detections, andF N
is the number of false negative detections. The speci�city is
the proportion of cells not undergoing mitosis, which are not
detected,specif icity = T N

T N + F P , whereF P is the number
of false positive detections. The true negative cells,T N , is
the number of cells in the �rst frame of the sequence not
undergoing mitosis in the spatiotemporal interval observed.

The results of the evaluation of the system with �ve se-
quences, three of which were acquired with an actual image
magni�cation factor of400� and two of which were acquired
with an actual image magni�cation factor of200� are shown
in table I. Example frames of the sequences on the second
and fourth column of table I are shown in �gure 9 and in
�gure 11, respectively. In table I the fractional part 0.33 in
one of the false negative (FN) detections refers to an abnormal
cell division that led to three children cells two of which were
detected correctly and one of which was missed. The fractional



(a) The 33rd frame of
the sequence.

(b) The 37th frame of
the sequence.

(c) Spatiotemporal
visualization.

Fig. 10. Cell tracking from a low resolution image sequence with actual
image magni�cation factor100� .

(a) The second frame of
the sequence.

(b) the 56th frame of
the sequence.

(c) Spatiotemporal
visualization.

Fig. 11. Cell tracking from an image sequence with actual imagemagni�-
cation factor200� .

part 0.33 in one of the false positive (FP) detections refersto
a normal cell division that was detected as an abnormal one
to three children cells two of which were the correct children
cells and an additional cell that was a false detection. The
overall performance of the program, as is demonstrated in
table I is high, particularly the speci�city of the tracking.
The average time to process the sequences in table I with
magni�cation 400� and 41 frames was1h 12m and the
average time to process the sequences with magni�cation
200� and 108 frames was1h 43m.

TABLE I

DETECTION OF CELL DIVISIONS

Sequences

1 2 3 4 5

Frames 41 41 41 108 108

Duration 4h 4h 4h 10h 42m 10h 42m
Image
magni�cation 400� 400� 400� 200� 200�
True
positives (TP) 5 6 4 17 20
False
negatives (FN) 1 1 0 2.33 1

Sensitivity 83.3% 85.7% 100% 87.9% 95.2%
False
positives (FP) 0 1 0 0 1.33
True
negatives (TN) 17 16 7 7 18

Speci�city 100% 94.1% 100% 100% 93.1%

IV. D ISCUSSION

The objectives of the algorithm developed have been to
follow cell motility and division. The main issues addressed
have been the interpretation of dynamic cellular data from
phase contrast microscopy as well as the many to one inter-
frame pixel associations which enable the detection of cell
divisions. A parameter of the algorithm that must be speci�ed
is the expected radius of the cells,r cell . The prior knowledge
of its value is used to limit the spatial extent of the medial
axis transform and to improve its ef�ciency. It is also used
to restrict the motion displacement estimates since mitotic
and dividing cells have limited mobility. The value of the
radius is set by considering the approximate size of the cells
in the sample as well as the actual image magni�cation. The
algorithm is robust to the value ofr cell . It is also robust to cells
which have elliptical shapes, elongated shapes, or cells which
have a convex boundary. The second parameter,� , enables the
extraction of the foreground, which affects the identi�cation
of cell centroids. The more than two to one interframe pixel
associations necessary to model abnormal cell divisions as
well as the variable contrast of cells in phase contrast imaging
complicate the tracking of cell motility and proliferation. In
particular, they complicate the use of conservation principles
along time and increase the set of possible cell behaviors over
which a global cost functional would have to be minimized to
provide cell trajectories and cell ancestry.

The intensity correction algorithm computes the intensity
non-uniformity from the entire sequence. This does not allow
real time processing. In cases where real time processing is
desired the intensity correction algorithm can be modi�ed to
compute the background image only based on the preceeding
frames of the sequence. The motion tracking part of the
algorithm requires a delay of one to two subsequent frames
to establish interframe pixel associations. This corresponds
to approximately twelve minutes. A direct extension of the
algorithm would be to enable the more extensive quantitation
of the cell cycle, such as the estimation of the number of



cells in mitosis per frame as well as the duration of the cell
cycle. Another improvement would be to make it more robust
to artifacts such as defocused cells.

In cancer studies for abnormalities in the cell cycle, the
cell divisions can lead to more than two children cells. Such
abnormal cell divisions can be accommotated by the algorithm
for actual image magni�cation factors of200� and 400� .
It would also be informative to more extensively evaluate
the performance of the system with sequences having an
actual image magni�cation factor of100� such as the one
shown in �gure 10. In these low resolution sequences the
width of the boundary of the cells in phase contrast imaging
relative to the size of the cells is higher, that is the resolution
of the boundary is lower. This is expected to decrease the
rate of correct detection of cell divisions, particularly of the
abnormal ones that can lead to more than two children cells.
Abnormal cell divisions can also lead to cell death, namely
apoptosis. The detection of such events would be a very useful
extension of the algorithm and this could be achieved using
the characteristic texture of apoptotic cells. The algorithm can
be used to quantitate and study the response of treating cells
with compounds whose objective is to affect the cell cycle
by inhibiting mitotic progression or targeting abnormal cell
divisions.
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