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Cell Tracking Under Dense Cell Culture Conditions for
Cell Behavior Analysis
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Yoichi Sato1,b)

Abstract: Automated cell tracking in populations is important for research and discovery in biology and medicine. In

this paper, we propose cell-tracking methods to address diﬃculties under dense culture conditions where cell detection
cannot be done reliably since cells often touch with blurry intercellular boundaries. The main contributions in this
paper are follows. First, we propose a global spatio-temporal data association method to reduce a bad eﬀect from false
positives. This method first generates reliable tracklets then the tracklets are linked using global temporal information.
Second, we propose a tracklet generation method which uses the cell region information from the previous frame to
help segment the blurry cells, rather than relying on only the image appearance at the current frame. This method
jointly solves both selection of an optimal set of cell regions from the redundant candidates and association of cell
regions between successive frames. In the experiments, we show the eﬀectiveness of the proposed methods.

1. Introduction
Analysis of cell behaviors in populations is important for research and discovery in biology and medicine. For example, in
biological research, Nikolic et al. [31] manually tracked cell migration in wound healing assay to understand how multiple cells
execute highly dynamic and coordinated movements during the
healing process. In addition to individual cell trajectories, the
analysis of cell lineage is important, in particular, to study cell
diﬀerentiations. Ravin et al. [36] developed an in vitro system that allows analysis of the fate transitions from central nervous system (CNS) stem cells to diﬀerentiated neurons and glia
cells. In their system, the cells are manually annotated for identifying mother-daughter relationships and when and which stem
cells are diﬀerentiated to other types of cells. To eﬀectively obtain quantitative measurements of cell behaviors, many automatic
cell-tracking methods have been developed. However, in biology
and medicine, cells are often cultured under a variety of cell culture conditions, such as low-to-high density, as shown in Figure 1.
For example, in regenerative medicine, the cells are cultured until
they densely fill in the dish in order to mature them. Cell behavior metrics, such as migration speed and cell shape information,
in high density are important to assess the quality of cells in noninvasive images before transplantation. Cell tracking under such
high-density conditions still remains a non-trivial task. The main
diﬃculty arises from the following aspects of this problem.
• Touching and partially overlapping: When multiple cells
touch or partially overlap, they form a cell cluster with
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Fig. 1

Example images in cell populations. Cell density increases from left
to right.

blurry intercellular boundaries. Such touching and/or partially overlapping cells present a performance bottleneck
with most current cell-tracking methods; they may either
lose track of one or more of the cells or confuse their identities.
• Cell division: The number of cells may change due to cell
division and cells entering or leaving the field of view.
• Similar appearance: Neighboring cells often have similar appearances. This makes it diﬃcult for appearance-based association methods to properly work.
• Large displacement: Cell movements between successive
frames are often larger than the distances to the nearby cells
when it takes time to obtain 3D volume data for a wide range
of specimens. This makes it almost impossible to associate
cells between frames based on their proximity.
In this study, we propose several cell-tracking methods for addressing these challenges. Figure 2 shows the framework of all
the proposed cell-tracking methods including the following five
functions: detecting cell positions at each frame (cell detection);
identifying cell division events in sequences (mitosis detection);
associating detection results between successive frames to identify cell behaviors including migration, division, enter, exit, and
overlapping (frame-by-frame association); segmenting cell cluster regions to their member cells (re-segmentation); and linking
1
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Overview of framework of proposed tracking methods. The proposed methods contribute to four
functions: cell detection, frame-by-frame association, re-segmentation and global association.

tracklets globally to obtain entire cell trajectories (global association). In particular, our methods contribute four functions,
cell detection, frame-by-frame association, re-segmentation, and
global association. For mitosis detection, we use a current
method ’EDCRF’ [17].
Before addressing the tracking of cells under dense conditions,
we propose cell-tracking methods for reliably tracking cells under low-to-middle density conditions in which several cells touch
and make a cluster with blurry inter-cellular boundaries. We first
propose a tracking method for identifying touching-cell clusters
in the frame-by-frame association step (frame-by-frame association), then re-segmenting the clusters to their member cells by
partial contour matching to reliably track individual cells even
when they partially overlap (re-segmentation).
A disadvantage of frame-by-frame association methods is that
they use only local temporal information to optimize an association in each successive frames. This often causes mistakes in
which a cell trajectory is associated with a false positive detection error, such as tips of cells, when a false positive appears near
the cell. Global temporal information is important in solving this
problem. If cells are observed for several frames, such mistakes
can be easily corrected since false positives usually quickly disappear. This allows to correct the relationship. Current global
spatio-temporal data association methods [49] for tracking nondividing objects cannot be applied to cell tracking directly since
they do not take into account cell division i.e., a mother cell divides into two daughter cells to form a tree structure in the trajectory. We propose a global spatio-temporal data association
method for a tree structure to track dividing objects (global association). This method first generates reliable tracklets by frameby-frame association, then the tracklets are linked using global
temporal information. To the best of our knowledge, this is the
first attempt at formulating tree structure global association to
track dividing objects. This method was quantitatively evaluated
on sequences with thousands of cells captured over several days.
Under high-density conditions, the performance of the abovementioned methods drastically declines because cell detection
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cannot be done reliably in such conditions. For better cell detection in such high-density conditions, we propose a cell-detection
method for selecting an optimal set of cell regions from redundant candidate regions (cell detection). The method first detects
redundant candidate regions by allowing candidates to overlap to
avoid miss detections. Then, to avoid over detections, an optimal
set of cell regions is selected from the redundant regions under
non-overlapping constraints, where a selected region looks like
a single cell and does not overlap with other cells. This celldetection method improves the performance of cell detection and
tracking. This idea of selecting an optimal set from redundant
candidates is expanded to tracking.
A disadvantage of typical detection-and-association tracking
methods is that the tracking process heavily depends on detection results since the detection step is independent of the associate step, and the detection errors directly propagate to the association step. To solve this problem, we propose a cell-tracking
method which uses the cell region information from the previous frame to help segment the blurry cells, rather than relying on
only the image appearance at the current frame (joint problems
of cell detection and frame-by-frame association). This method
concurrently solves both selection of an optimal set of cell regions
from the redundant candidates and association of cell regions between successive frames for generating reliable tracklets. The
generated tracklets are linked to obtain entire trajectories by using global spatio-temporal data association method. This method
achieves better tracking performance compared with above proposed methods. Moreover, we extended this method to solve the
joint problem of optimal tracklet selection from redundant candidate tracklets and global association in order to track cells more
robustly under dense conditions (joint problems of cell detection
and global association).
To address the large displacement problem, in which cell
movements between successive frames are often larger than the
distances to the nearby cells when a wide are is observed in 3D
volume, we also propose a tracking method for exploiting an
observation in which nearby cells under high-density conditions
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exhibit similar motion patterns (frame-by-frame association for
large displacement problems). This is done by introducing global
motion estimation and local pairwise spatial relationships of cell
positions. Finally, we discuss the eﬀectiveness of our methods in
biological research by analyzing cell behavior in scratch wound
healing assays.
In this paper, we introduce two main contributions of this
study: global data association and jointly solving cell detection
and association. First, reliable tracklets are generated by jointly
solving detection and association. In this step, the detection results are determined in the association step by using both image
features in the current frame and the tracking results in the previous frame (Section 3). Mitosis detection module locates birth
events where and when one cell divides into two cells. After generating reliable tracklets and detecting cell division events, global
tracklet association for the tree structures is then formulated as
a maximuma-posteriori (MAP) problem. The MAP problem is
solved by a linear programming to provide the cell trajectories
and lineage trees (Section 4).
This method was evaluated in two data-sets: four time-lapse
sequences where cells were cultured under low-to-high density
conditions (Section 5) and four time-lapse sequences where cells
were cultured under high density conditions (Section 6). The experiment results show that our method significantly improves the
tracking performance comparing with state of the art methods. Finally, we demonstrate the eﬀectiveness of our methods in biological research by analyzing cell behavior in scratch wound healing
assays (Section 7).

2. Related work
As recently reviewed in [15][30][37][29], many cell-tracking
methods have been proposed, which can be classified into three
groups: those based on filtering-based sampling, those with
model-based contour evolution, and those based on detectionand-association.
The first group uses sequential Bayesian filters, such as
Kalman filters and particle filters, that are widely used in object
tracking [39][32]. Particle filter tracking maintains a probability distribution as a set of weighted particles. Each particle is
an estimate representing one possible location of the object being
tracked. This group requires other initialization methods to define
the prior distributions of object states in the first frame. One of the
disadvantages of this group is that cells may be diﬃcult to track
when they are closely located and exhibit a similar appearance.
The second group, in particular those using the level-set, is
widely used in cell segmentation and tracking [42][41][23][13]
[48][11][29]. Segmented contours in the previous frame are given
as initial contours to identify the cell contours in the subsequent
frame by minimizing the energy function. The advantage of levelset tracking is that it can easily follow shapes that change the
topology. Traditional level-set methods have several shortcomings, such as their sensitivity to the energy weights and how they
handle (initially) touching cells and cells entering the observation
frame. Li et. al. proposed a tracking method that involves using
both level-set and detection-and-association methods to handle
cell entering and exiting [23]. To handle contact between cells
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in a sequence, Zhang et. al. proposed a method for assigning
a single level-set function per cell by minimizing the overlap region between these level-sets [48]. Dzyubachyk et. al. proposed
a tracking method for overcoming all the shortcomings of traditional level-set methods [13]. The method uses the watershed
transform to refine the results of a level-set method for closely
located cells. The method also uses Radon transform, which
decouples the active surfaces by means of separating planes,
making it possible to apply the stopping criterion to each levelset function separately. For 3D volume data, Dufour et. al. [12]
proposed a 3D cell-tracking method for expressing a surface as
a discrete triangular mesh and minimizing the energy functional
accordingly to reduce computational cost. A disadvantage of this
group is that tracking cells would fail under densely populated
conditions due to the problem of local minima in energy minimization, such as part of an active contour being incorrectly assigned to the boundary of a neighboring cell.
The third group, based on detection-and-association, has also
been frequently used. Al-Kofahi et. al.[22] proposed a method
for first segmenting the cell regions using the adaptive thresholds
then solving the association between the successive frames using integer linear programming. However, this method cannot
handle cases in which multiple cells frequently overlap and split.
Padfield et. al. [33] used the min-cost flow to solve the association problem. This method can handle various cell behaviors that
include migration (cell movement), mitosis (cell division), overlapping, entering, and leaving. For 3D data, this third group can
be straightforwardly extended using 3D cell segmentation methods [26][28][19] for the detection step. However, such frame-byframe association methods face a problem when a false positive
appears near a cell because the false positive may be associated
with a track.
Recently, global spatio-temporal data association methods
have been proposed for tracking general objects that do not divide [8][49]. Zhang et. al. [49] proposed a minimum-cost
flow network to solve the global data association of multiple objects over time. Global data association methods for tracking
dividing objects have been also proposed [38][21]. Schiegg et.
al.[38] proposed a tracking method for identifying a cluster consisting of touching cells in the global association step then resegmenting the touching cells. These global association methods
are known to exhibit higher accuracy of tracking general objects
than frame-by-frame association methods since the method uses
global spatio-temporal information for association. The disadvantage of this third group is that the detection results are independently produced with the association step, where the detection
results are directly used. Thus, these methods are susceptible to
errors in the detection step.
Identifying cell division events is an important task in cell
tracking. we briefly summarize related work on detecting cell
division, though it is not our main target in this thesis. Several
mitosis detection methods, which use temporal shape dynamics
in cell division without tracking, have been proposed. Li et. al.
[24] applied a fast cascade Adaboost method to volumetric Haarlike features to detect mitosis events. Liu et. al. [27] applied
the Hidden Conditional Random Field (HCRF) model to detect
3
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patch sequences containing mitosis. This method cannot localize division timing in the sequence, though it determines if the
patch sequences contain cell division. Huh et. al. [17] proposed
a graphical model called ’EDCRF’, which identifies the temporal
localization of birth events as well. They also demonstrated that
the functionality of this recent mitosis detection algorithm significantly improves state-of-the-art cell tracking systems [18]. In
this study, we used EDCRF to detect cell division events.

3. Tracklet generation
Since a long trajectory obtained via frame-by-frame association may include more failures, such as drift and occlusion, than
a short trajectory, the detected blobs are first associated to make
reliable tracklets. A tracklet is considered reliable when cell blobs
in consecutive frames are close enough. To generate such reliable
tracklets, typical detection-and-association methods has a disadvantage that the tracking process depends heavily on the detection
step because these method first detect cell regions then associate
them; in other words, the detection step is independent of the associate step and the errors of the detection step directly propagate
to the association step.
To mitigate this problem, we propose a method which uses the
cell region information from the previous frame to help segment
the blurry cells, rather than relying on only the image appearance at the current frame. The overview of the tracklet generation
method is shown in Figure 3.
Our method first detects cell region candidates in a process
that may include many false positives but also features very few
false negatives. Next, the optimal cell regions are selected from
among the candidate regions by solving the association problem
between the candidate regions at the current frame and the tracking results from the previous frame. Since the candidate regions
may overlap, conventional association methods [22],[16] and [33]
cannot be directly applied to this problem. We therefore formulate this problem as a binary linear programming problem containing constraints to avoid conflict associations. In addition, a
re-initialization step starts the tracking process for a candidate region only if the boundary of the cell has been clear for several
frames continuously. This process is iteratively performed for
each frame until the end of the sequence to make tracklets. This
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Fig. 4 Example results of candidate region detection [5]. Where the number
of threshold N is 30. The bigger threshold level indicates the higher
intensity threshold.

method can create more reliable tracks under high-density conditions. The tracklet generation method is described in more detail
below.
3.1 Candidate cell region generation
The goal in this step is to produce a set of candidate regions
that may include many false positives but in turn very few false
negatives. We used the preconditioning methods developed for
phase contrast images [44] and for DIC images [25]. In preconditioned images, a large pixel value indicates the foreground and
a small pixel value indicates the background as shown in the topright image of Figure 4. After preconditioning has been applied,
non-invasive microscopy images can be treated the same as fluorescent images.
Our method is based on the fact that cell regions appear bright
under preconditioned images and on the fact that the intensities on
the inside of a cell are slightly higher than those at its boundaries
among touching cells. Candidate regions are identified by segmenting all regions by using multiple-level thresholding as shown
in Figure 4. We set K level thresholds T = {T i |i = 1, ..., K}, that
are equally spaced, and each threshold is used to segment images at a particular level of intensity. The holes of the foreground
region are filled since a cell does not have holes. Finally, the seg4
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mentation results are registered as candidate cell regions. A set
of candidate cell regions is denoted as At = {Ati , i = 1, 2, ..., N},
where Ati represents the i-th candidate cell region, and N is the
number of candidate regions.
3.2 Optimal region selection and association
After generating the candidate cell regions, the method determines optimized cell regions by solving the association between
candidate regions in the current frame t and cells that have been
tracked up to frame t − 1. This problem is formulated as a binary
linear programming problem.
Let N1 be the number of cells at the frame t − 1, let N2 be the
number of candidate cell regions at the frame t, let vector ρ store
the scores of every possible hypothesis, and let matrix C store the
constraints to avoid conflict hypotheses, where each row of C has
N1 + N2 columns and each column on 1 to N1 indicates cell index and each column on N1 + 1 to N1 + N2 indicates candidate
region index on the association between track results and candidate regions. Ω(Ati ) is a set of candidate region indexes that are
all descendant node indexes of Ati in the tree. The set includes
Ati . For example, in Figure 5, Ω(At1 ) is {1, 2, 3, 4, 5, 6, 7} since the
candidate region At1 is overlapped with all of the other candidates.
Ω(At2 ) is {2, 3}. If the region of cell l at t − 1 overlaps with candidate m at t, cell migration hypothesis celll → Atm is added to the
hypotheses set. Let h be the index of a new hypothesis, where a
new row to C and a corresponding score to ρ are appended:



 1, if i = l or i = N1 + mr , mr ∈ Ω(Atm )
C(h, i) = 
(1)

 0, otherwise.
ρ(h) = Pmig (Atm |celll )PT P (Atm ),

(2)

where Pmig (Atm |celll ) is the score of migration hypothesis celll →
Atm . PT P (Atm ) is the score in which the region of Atm is a single cell
region. For the implementation, since the cells do not move fast
under high-density, we use ’relative overlap’ between cell region
celll and candidate region Atm , i.e.,

Pmig (Atm |celll ) =

Candidate ID

Examples of a constraint matrix and score vector for jointly solving detection and association [5].

celll ∩ Atm
celll ∪ Atm

(3)

We assume that the area surrounded by a clearer edge is more
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likely to contain a single cell since the intensity gradient of the
cell boundaries is usually higher than the intensity gradient of the
boundaries of the cell nucleus in precondition images. For the
implementation, we compute the score in which the candidate region Atm is a single cell region as
−E

PT P (Atm ) = e

1
1
edge σ

1
Eedge (Atm ) =
length(ΦAtm )

(4)

∫
ΦAt

e(ΦAtm )dl,

(5)

m

where the edge energy Eedge measures the edgeness along the region boundaries. ΦAtm is the region boundary of candidate region
Atm . The function e(·) is the edgeness metric, which takes a large
value if the intensity gradient on ΦAtm is large. length(ΦAtm ) indicates the length of the region boundary. When the edgeness of the
region boundary takes a larger value, the score PT P (Atm ) closes to
1. After computing the score vector ρ and constraint matrix C
of all H hypotheses over N1 cells and N2 candidate regions, the
association problem can be formulated as the following binary
linear programming:
x∗ = arg max ρT x,
x

s.t. C T x ≤ 1,

(6)

where x is a H × 1 binary vector and xk = 1 means the kth hypothesis is selected in an optimal solution.
Figure 5 shows a simple example of a binary linear programming problem in which the number of tracking results at the previous frame is 2 and the number of candidate regions is 7. In the
1 → At1 , the set of descendant candidates with At1
hypothesis cell⃝
is {1, 2, 3, 4, 5, 6, 7}. This constraint indicates that the candidates
{2, 3, 4, 5, 6, 7} are not associated with any cells if the region At1
is selected as an optimal solution. In this example, the hypothe2 → At4 are selected as the optimal
1 → At2 and cell⃝
ses cell⃝
solution. Based on this process, a set of tracklets X = {Xi } is generated. The term Xi = {Ri j } is a trajectory consisting of an order
list of associated cell regions where the associated candidate region is registered as Ri j , which indicates the jth detection result
on tracklet Xi .
3.3 Initialization of cell regions for tracking
The initialization of cell regions is a key stage for tracking
methods. If the detected region at the previous frame is not
5
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reliable, the tracking result at the current frame is also unreliable since the tracking method uses the results from the previous
frame. In a sequence, a boundary of a cell is sometimes clear
and sometimes blurry while the cell migrates under high-density.
Generally, it is diﬃcult to segment cell regions that have blurry
boundaries. However, we can make informed guesses about the
blurry regions by consulting the cell regions from the previous
frames if they have clearer boundaries than the target frame. The
initialization step is based on this idea. As we discussed in the
previous section, the proposed method terminates the tracking
process if the reliability is less than a threshold. This means that
some cells are not tracked. Here, the initialization process is intended to determine which cell regions are reliable in the set of
candidate cell regions and which are not tracked. The proposed
method only initializes cell regions and starts the tracking process if the boundary of the cell has been clear for several frames
continuously.
Since the targets of the initialization are the cells that are not
tracked, to initialize tracklets at frame t, the method first removes
candidates that are overlapped with selected optimal cell regions
in the process described in section 5.2.2 at each frame t − 1 and
t. Here, the rest of the candidate blobs is denoted as A2t = {A2ti }.
Next, the method determines which cell regions have boundaries
that are continuously clear in several consecutive frames, as these
are considered reliable. The candidates A2t and A2t−1 are associated by using the same method proposed in section 5.2.2, where
the only diﬀerence is the association score ρ(h) of the hypothesis
A2t−1
→ A2tm .
l
t
t−1
ρ(h) = Pmig (A2tm |A2t−1
l )PT P (A2m )PT P (A2l )

(7)

Using this score, the optimal candidate regions and associations
are solved by linear programming. Here, the high value of the
score indicates that both boundaries of the regions A2tm and A2lt−1
are clear and that these regions appear to be the same object. The
purpose of this step is to initialize the tracker for clear cell regions. Thus, the associated candidate region is linked to a trajectory if and only if its score is higher than a threshold. These
selected regions are tracked until the reliability of the association
is less than threshold by using the method proposed in the previous section. Then, if the length of the generated tracklet is longer
than a threshold (default is 5), the tracklet is registered as reliable.
Cell mitosis event detection
To detect the birth events (time and location at which one cell
divides into two cells), we have adopted the mitosis detection
technique recently developed in [17]. Firstly, as a mitosis event
generally exhibits an increase of brightness, bright regions are
extracted as patches, and then candidate patch sequences are constructed by associated patches. Next, the gradient histogram
features are extracted from the patches. Finally, a probabilistic
model named Event Detection Conditional Random Field (EDCRF) is applied to determine whether each candidate patch sequence contains a birth event and which frame the birth event is
located in. The set of the detected mitosis events is represented
as M = {Mi } where Mi is a detected mitosis event.
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4. Global data association
4.1 Global data association for tree structures
After generating tracklets, the tracklets are linked to obtain entire trajectories. Temporal local association for linking tracklets
has a disadvantage. For example, when a false positive tracklets
appears near a mitotic cell, the local temporal association methods may result in a mother-daughter relationship error. Global
temporal information is important to solve this problem. If we
observe the cells for several frames after the birth event, we can
easily determine that one of the children cells is false positive
since false positives usually quickly disappear. This allows us to
correct the relationship.
Recently, global spatio-temporal data association methods [49]
have been proposed for general object tracking as discussed in
Section 2. However, these methods cannot be applied to cell
tracking directly since they do not take into account cell division
(a mother cell divides into two daughter cells to form a tree structure in the trajectory). In this section, we propose a global data
association method which addresses the tree structure association
problem. The global tracklet association for the tree structures is
formulated as a maximum-aposteriori (MAP) problem. The MAP
problem is solved by linear programming to provide the cell trajectories and lineage trees.
Let T = {T k } be a hypotheses set of cell trajectory trees over
the entire video. Each tree T k , corresponding to a cell family
from the ancestor to all of its descendents, is formed by associated tracklets. We define a tree structure hypothesis on T k using
the following notations (Figure 6):
( 1 ) Ek = {Eki }: a set of edges of tree T k . Each edge is defined
as an order list of tracklets, i.e., Eki = {Xkji } where Xkji is j-th
tracklet on edge Eki . Specifically, Ek0 denotes the root edge
of the tree.
( 2 ) Bk = {Bki }: a set of branch nodes of tree T k . Each
branch node Bki defines a parent-children relationship, Bki =
{Ek pi , Ekci1 , Ekci2 } (Ek pi is a parent, and Ekci1 , Ekci2 are chil6
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dren.)
( 3 ) Lk = {Ekli }: a set of leaf edges of tree T k .
Given the observation tracklet set X, the posteriori probability
is maximized to solve for the best hypothesis T∗ .
T∗ = arg max P(T|X)
= arg max P(X|T)P(T)
T
∏
∏
= arg max
P(Xi |T)
PT ree (T k )
Xi ∈X

(8)

where PT P (Xi ) is the probability for Xi being a true positive, and
PFP (Xi ) is the probability for Xi being a false alarm. Ptree (T k ) is
modeled as a Markov chain:

Pedge (Eki )

Eki ∈T k

∏

×

{Ek pi ,Ekci1 ,Ekci2 }∈Bk , Bk ∈T k

∏

×

Ekl ∈Lk , Lk ∈T k

Pdiv (Ekci1 , Ekci2 |Ek pi )
(10)

i

where Pini is an initialization probability on the root of the tree,
and Pterm is a termination probability on a leaf of the tree.
Pdiv (Ekci1 , Ekci2 |Ek pi ) is an edge dividing probability in which edge
Ek pi divides into two edges Ekci1 , Ekci2 . Under the Markov assumption, the edge probability can be formulated as:
∏
Pedge (Eki ) =
Plink (Xkji |Xkj−1
)
(11)
i
j=1:Nki −1

where Plink (Xkji |Xkj−1
) is the probability to link tacklets Xkji and
i

Xkj−1
together, Nki is the number of tracklets on the edge Eki . Let
i
Xk0i be the first tracklet of Eki , and Xkend
be the last tracklet of Eki .
i
Under the Markov assumption, the initialization, termination, and
dividing probabilities can be formulated as:
Pini (Ek0 ) = Pini (Xk00 ),

(12)

Pterm (Xkend
),
li

(13)

Pdiv (Ekci1 , Ekci2 |Ek pi ) = Pdiv (Xk0c , Xk0c |Xkend
)
p

(14)

i1

i2

i

After substituting Eqs. 9-14 into Eq. 8, we take a logarithm on
the objective function:

T∗ = arg max{
T

∑
∑

+

log PFP (Xi )

Xi <T k , ∀T k ∈T

log PT P (Xi )

Xi ∈T k , ∀T k ∈T

∑

+
Xk0 ∈Ek0 ,
0

log Pini (Xk00 )

Ek0 ∈T k , ∀T k ∈T
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Xk0c
i1

,

Xk0c
i1

log Pdiv (Xk0c , Xk0c |Xkend
)
p

}∈Bk , Bk ∈T k , ∀T k ∈T

∑

i

i1

i2

i

log Pterm (Xkend
)}
l
i

(15)

i

The above MAP problem is solved by binary linear programming. Let NX be the number of tracklets in the entire sequence,
vector ρg stores the likelihoods of every possible hypothesis and
matrix Cg stores the constraints to avoid conflict hypotheses,
where each row of Cg has 2NX columns and each column indicates tracklet index on the association between two tracklets. The
entries of ρg and Cg are computed based on the following hypotheses.
( 1 ) Initialization hypothesis:
If the first blob of tracklet Xk appears in the beginning of the
sequence or appears near the boundary of the field of view,
the tracklet is a candidate of a initial tracklet. Let h be the
index of a new hypothesis, we append a new row to Cg and
a corresponding likelihood to ρg :



if i = NX + k
 1,
Cg (h, i) = 

 0,
otherwise.
ρg (h) = log Pini (Xk ) + 0.5 log PT P (Xk )

Pterm (Ekli )

Pterm (Ekli ) =

{Xkend
,
pi

log Plink (Xkji |Xkj−1
)
i

∀Eki ∈T k , ∀T k ∈T

∑

+

li

In Eq. 8, we assume that the likelihoods of input tracklets are conditionally independent given T, and T k ∈ T can not overlap with
each other, i.e., T k ∩ T l = ϕ, ∀k , l. The likelihood of observed
tracklet Xi is



 PT P (Xi ), if ∃T k ∈ T, Xi ∈ T k
P(Xi |T) = 
(9)

 PFP (Xi ), otherwise

∏

Xkj−1 ∈Eki ,
i

Xkend ∈Ekl , ∀Ekl ∈Lk , Lk ∈T k , ∀T k ∈T

T k ∈T

PT ree (T k ) = Pini (Ek0 ) ×

Xkj ,
i

+

T

T

∑

+

( 2 ) Termination hypothesis:
If the last blob of tracklet Xk appears in the end of the sequence or appears near the boundary of the field of view, the
tracklet is a candidate of a termination tracklet. New entries
for Cg and ρg are defined as:



if i = k
 1,
Cg (h, i) = 

 0,
otherwise.
ρg (h) = log Pterm (Xk ) + 0.5 log PT P (Xk )
( 3 ) Translation hypothesis:
If the time and space distances between the last blob of tracklet Xk1 and the first blob of Xk2 are less than thresholds,
Xk1 → Xk2 is a candidate of a tracklet translation. New entries for Cg and ρg are defined as:



if i = k1 or i = NX + k2
 1,
Cg (h, i) = 

 0,
otherwise.
ρg (h) = log Plink (Xk2 |Xk1 )
+ 0.5 log PT P (Xk1 ) + 0.5 log PT P (Xk2 )
( 4 ) Dividing hypothesis:
If the last blob of tracklet X p is near a birth event detected by
the mitosis detection step, the tracklet is a candidate of the
parent tracklet, and if the first blobs of some other tracklets
Xc1 , Xc2 are near the candidate parent tracklet, these tracklets
are candidates of the children tracklets, New entries for Cg
and ρg are defined as:



if i = p, i = NX + c1 , i = NX + c2
 1,
Cg (h, i) = 

 0,
otherwise.
ρg (h) = log Pdiv (Xc1 , Xc2 |X p ) + 0.5 log PT P (X p )
7
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Hypotheses

Space

1

2

3

5

7

4
6
time

ini->1

0.7

1->2
1->3
3->term
ini->4
4->5
4->6

0.8
0.8
0.8
0.9
0.5
0.6

4->5,6
5->7

0.6
0.7

6->term
7->term
1 is FP
2 is FP

0.8
0.8
0.2
0.8

7 is FP

0.1

࣭࣭࣭ ࣭

0 0 0 0 0 0 0
1 0 0 0 0 0 0

0
0
0
0
0

0
0
0
0
0

1 0 0 0 0 0 0
0 1 0 0 0 0 0

0
1
1
0
0
0
1 0 0 0 0 0
0 1 0 0 0 0

0
0
0
1
0
0
0
0

0 0 0 0 0 0 1

0 0 0 0 0 0 1

1 0 0 0 0 0 0
0 0 1 0 0 0 0
0 0 0 0 0 0 0
0 0 0 1 0 0 0
0 0 0 1 0 0 0
0 0 0 1 0 0 0
0 0 0 0 1 0 0
0 0 0 0 0 1 0
0 0 0 0 0 0 1

࣭࣭࣭

Tracklet ID: 1 2

Fig. 7

( 5 ) False positive hypothesis:
All of the tracklets can be false positive. When Xk is a candidate of a false positive on hypothesis h, New entries for Cg
and ρg are defined as:



if i = k or i = NX + k
 1,
Cg (h, i) = 

 0,
otherwise.
ρg (h) = log PFP (Xk )
A true positive tracklet appears in two and only two associations in the optimal solution: the first blob of the tracklet appears
in an initialization, translation or dividing hypothesis, and the last
blob of the tracklet appears in a translation, dividing or termination hypothesis. Thus, log PT P (Xk ) in the second term of Eq. 15 is
divided into two halves that are integrated into the two neighboring transition hypotheses respectively, as described in hypotheses
1-4.
After making M hypotheses over NX tracklets, the MAP problem in Eq. 15 can be considered as selecting a subset of rows of
Cg such that the sum of corresponding elements in ρg is maximized, under the constraint where any trees can not overlap with
each other. This can be formulated as the following binary optimization problem:
x

3 4 5 6 7

0 0 0 0 1
0 0 0 0 0
0 0 0 0 1
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0

1 or 0
1 or 0
1 or 0
1 or 0
1 or 0
1 or 0
1 or 0
1 or 0
1 or 0
1 or 0
1 or 0
1 or 0
1 or 0

࣭࣭࣭
1 or 0

1 2 3 4 5 6 7

Example of binary linear programming where the optimal solution is highlighted by orange [3].

+ 0.5 log PT P (Xc1 ) + 0.5 log PT P (Xc2 )

x∗ = arg max ρTg x,

1 0 0 0 0
0 1 0 0 0
0 0 1 0 0
0 0 0 0 0
0 0 0 1 0

s.t. CgT x = 1

(16)

where x is a M × 1 binary vector, and xk = 1 means the k-th
hypothesis is selected in the global optimal solution. The term
1 is a M × 1 vector in which all elements are 1. The constraint
CgT x = 1 guarantees that each tracklet ID appears in only one
associated tree or false positive tracklet. Figure 7 shows a simple
example of the linear programming where the number of tracklets
is 7 and the number of hypotheses is 18. In the optimal solution,
initial tracklet 1 is linked to tracklet 3 (i.e., tracklets 1, 3 are associated as a single edge tree). Initial tracklet 4 divides into 5
and 6, tracklet 5 is linked to tracklet 7, and tracklets 6 and 7 are
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termination tracklets (i.e., tracklets 4, 5, 6 and 7 are associated as
a binary tree).
4.2 Implementation details
In this section, we describe the estimation of the probabilities
in our method. Let α be the miss detection rate of the cell detector, and |Xi | be the number of total detection responses in a
tracklet Xi . The probabilities of false positive and true positive
are defined as:
PFP (Xi ) = α|Xi |

(17)

PT P (Xi ) = 1 − PFP (Xi )

(18)

The initialization probability is defined based on the time distance between the beginning of the sequence and the first appearance frame of the tracklet, or the spatial distance between the
boundary of the field of view and the cell centroid for the cell
entering case.

dt0 (Ri )
0

−


e λ1 , if dt0 (Ri0 ) < θt



ds(Ri )

0
−
Pini (Xi ) = 
(19)

e λ2 , if ds(Ri0 ) < θ s





ξ
otherwise (ξ is small)
where Ri0 is the first detection response of tracklet Xi , dt0 (Ri ) is
a time distance between the first frame of the sequence and the
frame when the detection response Ri appears. ds(Ri ) is the distance between the centroid of detection response Ri and the image
boundary. λ1 and λ2 are free parameters to adjust the distribution.
If the first detection response of the tracklet appears in both beginning of the sequence and near the boundary, a maximam one
is taken for the probability.
The termination probability is defined in a similar way as the
initialization probability.

dtend (Ri
)
end

−

λ1

e
, if dtend (Riend ) < θt



ds(Ri
)

− λ end
Pterm (Xi ) =
(20)

2
e
, if ds(Riend ) < θ s





ξ,
otherwise (ξ is small)
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Fig. 10 Evaluation of mitosis branching [3].

Fig. 8

Example images of tracking results [3]. Green contours are segmented cell boundaries. Red color boxes are detected mitosis events.
The numbers in the images are cell ID. The number on the top and
bottom of the images are frame indexes. The colors of cell IDs indicate their family identity. Cells with the same color have the same
ancestor.

Li et al. [23]
Proposed

Track
Purity
0.62
0.81

Target
Eﬀectiveness
0.70
0.87

Mitosis Branching
Correctness
0.46
0.65

Table 1 Comparison of our method with [23] on a sequence with all cells
annotated.

exp1
exp2
exp3
exp4
average

Target
Eﬀectiveness
Proposed
Li et al.
0.96
0.75
0.87
0.7
0.87
0.68
0.78
0.6
0.87
0.68

Mitosis Branching
Correctness
Proposed
Li et al
0.75
0.25
0.65
0.63
0.59
0.39
0.57
0.2
0.64
0.37

Table 2 Comparison of our method with [23] on four sequences.

Fig. 9 Example of space-time trajectories of a cell family [3]. (a) Tracklets.
(b) A tree in which tracklets are associated by global data association.

where Riend is the last detection response of tracklet Xi , dtend (Ri )
is a time distance between the last frame of the sequence and the
frame when detection response Ri appears.
The link probability between two tracklets and the dividing
probability that one tracklet divides to two tracklets are defined
as:
Plink (X j |Xi ) = e−|g(R j0 )−g(Riend )|/λ3

(21)

Pdiv (Xc1 , Xc2 |X p )
= e−(|g(R pend )−g(Rc10 )|+|g(R pend )−g(Rc20 )|)/2λ3

(22)

where g(·) computes an object’s feature vector in which diﬀerent
types of features can be incorporated such as appearance time and
motion history. λ3 is a free parameter to adjust the distribution.
Based on the cell movement history, these parameters are set as:
λ1 = 5, λ2 = 30, λ3 = 25, θt = 15, θ s = 40.

5. Experimental results under low-to-middle
density conditions
5.1 Tracking results
For tracklet generation under low-to-middle density conditions, we used a typical frame-by-frame association method described in [3] since the typical method is enough to generate reliable tracklets under low-to-middle density conditions. After generating tracklets, proposed global data association method is applied.
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Figure 8 shows an example sequence of tracking results. The
cell 771 on the center of the image spreads out and the boundary
is ambiguous, thus, from frame 580 to 585, the cell are segmented
to multiple regions some of which are false positives. These false
positives disappear in several frames, and only one region can
be associated with the tree. Since our global association method
uses not only space and appearance information but also temporal
information, our method tracks the cells well and recognizes the
false positives. Using the detected mitosis event information (red
box in Figure 8), the proposed method makes a hypothesis of cell
division, thus, the two children cells 1928 and 1929 are correctly
associated to the parent cell 771.
Figure 9(a) shows the tracklets before the global association
and Figure 9(b) shows the associated tree after the global association. There are 38 tracklets in Figure 9(a) including false positives
and false negatives. The true positive tracklets are well associated
to a tree and false positive tracklets are removed by global data
association as shown in Figure 9(b).
5.2 Quantitative evaluation
5.2.1 Data
Five sequences were captured at the resolution of 1040 × 1392
pixels where C2C12 muscle stem cells growing from 30+ to 600+
are imaged every 5 minutes by ZEISS Axiovert 135TV phase
contrast microscope at 5X magnification over 65 hours (780 images). For one image sequence, all cells are annotated. Since it is
extremely time-consuming to annotate all cells, for the other four
image sequences, three cells are randomly selected in the initial
frame and their progeny cells are manually tracked. The total
number of annotated cells in the five sequences is 124, 621.
9
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Fig. 11

Example of tracking result image with track IDs and segmented
regions [3].

5.2.2 Metrics
We use three quantitative criteria to assess the system performance: track purity, target eﬀectiveness [7], and mitosis branching correctness [3].
To compute target eﬀectiveness, each target (human annotated)
is first assigned to a track (computer-generated) that contains the
most observations from that ground-truth. Then target eﬀectiveness is computed as the number of the assigned track observations over the total number of frames of the target. It indicates
how many frames of targets are followed by computer-generated
tracks. Similarly, track purity is defined as how well tracks are
followed by targets.
The mitotic branching correctness measured the accuracy of
mother-daughter relationships between tree branches. Figure 10
shows an example of a mitosis branch, black lines indicate ground
truth trajectory, and red dotted lines indicate tracking results. In
the ground truth, there is a birth event at time t in which cell i
divides into cell j and k. If the automatic tracking results include
a birth event of the cell i′ that corresponds to cell i, and children
j′ ,k′ of the cell i′ are also corresponded to cell j and k, and the
time distance between the two birth events, ϵ = t-t’\, is close
enough (i.e., ϵ < θϵ ), it is considered as a correctly detected mitosis branching. The correctness of mitotic branching is the number
of the correctly detected mitosis branching over the total number
of the mitotic events. In this evaluation, we set the parameter as
θϵ = 10.
5.2.3 Performance evaluation
Figure 11 shows an example image of cell tracking with track
IDs and segmented regions. Cells are well segmented and tracked
in the population. Figure 12 shows the space-time trajectory plot
of the whole sequence. It represents the complete history of the
cell population: motions of all the cells and their lineage information. Figure 13 shows examples of the lineage trees compared
to human annotated ones. Horizontal red lines indicate tracks that
follow the ground-truth, vertical red lines indicate that the mitosis
branching is correctly detected on the branch nodes of the lineage
tree. The results show that the lineage trees are well constructed.
As shown in Table 1, our method achieves higher accuracy on
all of the performance metrics than the state-of-the-art method in
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Fig. 12

Examples of space-time trajectories of the whole sequence [3]. X
and Y axes represent 2D space, Z axis represents time.

Fig. 13

Lineage trees and performance evaluation (thin black lines: three
human annotated lineage trees; overlaid thick red lines: correctlytracked cells by the proposed method) [3].

[23] on the full-annotated sequence. Table 2 summarizes the target eﬀectiveness and mitotic branching correctness comparison
on four image sequences*1 . On average, the proposed method improved 19% on target eﬀectiveness and 27% on mitosis branching
correctness compared with [23].

6. Experimental results under high density
conditions
For tracklet generation under high density conditions, we applied our tracklet generation method jointly solving detection and
association proposed in Section 3. After generating tracklets, proposed global data association method is applied.
6.1 Data
Our collaborators cultured retinal pigment epithelium (RPE)
cells for 30 days. Since it is an enormous task to analyze the
entire data, we used four sequences captured at a resolution of
320 × 320 pixels (1.03 µm/pixel). The cells were imaged every
*1

We are not able to compute track purity for the four partially-annotated
sequences because it needs all cells to be annotated.
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Fig. 14

Example images of tracking results [5]. Top: Original images with manual annotation. The red
points are annotated cell positions. Bottom: Tracking results. The numbers in the images are cell
IDs. The red outline indicates the cell contour.

Fig. 15 Examples of tracking result images with track IDs and segmented regions in the (a) day 1 and (c)
day 21 sequences [5]. Space-time trajectory plot of entire sequences in (b) day 1 and (d) day 21.
X and Y axes are 2D space and Z axis is time.

2.5 minutes by bright field microscopy at 7.5X magnification over
4 hours (100 images) and we evaluated them at day 1, day 7, day
14, and day 21. The population of the cells ranged from 100 to
200 and the density ranged from 90% to 100%. For each image
sequence, 100 cells were randomly picked in the initial frame and
their progeny cells were manually tracked.
6.2 Tracking results and evaluation
Figure 14 shows an example sequence of the tracking results.
In this sequence, the cells migrated and became more blurry as

c 2015 Information Processing Society of Japan
⃝

time went by. At frame 60, it is diﬃcult to segment the cells
even manually if an annotator does not use the previous frame
information since the boundaries of the cells are so blurry. Despite such challenging images, the cells were well segmented at
the beginning of the sequence and then eﬀectively tracked over
all the frames. Figure 15 (a)(c) shows example images of cell
tracking with track IDs and segmented regions, and Figures. 15
(b)(d) shows space-time trajectory plots of the entire sequence for
days 1 and 21. These results show that the cells were accurately
tracked.
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frame-by-frame
association
global association
frame-by-frame
association with
improved detection
global association
with
improved detection
Proposed without
global association
Proposed with
global association

Day 1

Day 7

Day 14

Day 21

Average

0.689

0.407

0.427

0.546

0.517

0.701

0.414

0.445

0.551

0.528

0.690

0.706

0.743

0.859

0.749

0.833

0.718

0.768

0.87

0.796

0.827

0.794

0.835

0.977

0.858

0.848

0.840

0.848

0.977

0.878

Culture cells

Fig. 16

scratch for
“wound”

Process of making wound [4].

Table 3 Comparison of target eﬀectiveness of the proposed method with
the current methods on four sequences.

Fig. 17 Example images of the wound healing process [4]. (a) The initial
image on the healing process. (b) An image at which cells move to
wound area. (c) An image at which cells fill the wound area.

We used target eﬀectiveness [7] to assess the tracking performance. Here, we did not evaluate branching correctness since
almost cells do not divide in this experiments.
For the quantitative evaluation, we compared the proposed
method with four methods: frame-by-frame association [2];
global data association [3]; frame-by-frame association with improved detection ([2]+[6]); global association with improved detection ([3]+[6]). Since both of methods proposed in [2] and [3]
use a simple threshold method after preconditioning in the detection step, they cannot perform well when it comes to images
under a dense condition, and segmentation errors harm the tracking accuracy. To ensure a fair comparison, we used the detection method which detects cells from redundant candidate regions
under non-overlapping constraints [6]. The segmentation results
were better than the original simple threshold method in frameby-frame association and global data association. To better highlight the advantages of the tracklet generation step proposed in
Section 3, we used it without global association.
As shown in Table 3, the proposed method achieved the best
performance on all of the sequences compared with frame-byframe association method, and global association method. The
global association method performed slightly better than the
frame-by-frame association method. In the results of global association, tracklets were not reliably generated since the highdensity conditions caused many segmentation errors. Even
though the accuracies of frame-by-frame association and global
association with the improved segmentation were much better
than those with the original segmentation results. The proposed
method performed better than both. The proposed method with
post processing was only a little bit better (2%) than the method
without post processing. These results indicate that the tracking
method for jointly solving detection and association has a greater
eﬀect on improving the accuracy under high-density conditions.
On average, the proposed method improved the target eﬀectiveness over 8% compared with the other methods.

for critical analysis, because the cell culture conditions vary with
time and space on the dish. For example, the eﬀect of a medicine
may change with time and space since cell density can diﬀer in
a diﬀerent space. We present an application of automatic celltracking for wound healing assay in vitro under three diﬀerent
culture conditions to demonstrate how easily and eﬀectively automated cell-tracking systems can provide detailed spatio-temporal
cell behavior measurements for biological research.
The wound healing assay is an easy and low-cost method to allow for observing cell migration in vitro [10]. In this assay, cells
are firstly grown to form a confluent monolayer in vitro. An artificial wound is generated by scratching and displacing a group
of cells at the center as shown in Figure16, and then the healing
process is observed while neighboring cells fill in the wound area
as shown in Figure 17(a-c). This healing process takes 3 to 24
hours, depending on cell types and culture conditions. The healing process is monitored by a sequence of microscopic images.
Liang et al. [10] compared several migration assays in vitro and
described advantages of using the wound healing assay that mimics cell migration in vivo. For example, endothelial cells (ECs) in
vitro mimic the process in which ECs in the blood vessels migrate
into the denuded area to close the wound. Yarrow et al. [43] measured the healing speed by observing the size of the wound area in
order to analyze the eﬀectiveness of diﬀerent culture conditions.
For further analysis of the eﬀectiveness of the cell culture condtions, more detailed measurements of the cell behaviors are often
required. For example, Abbi et al. [1] analyzed the cell migration path to assess the eﬀects of expression of exogenous genes
on migration of individual cells. Nikolic et al. [31] manually
tracked cell migration in wound healing assay in order to understand how multiple cells execute highly dynamic and coordinated
movements during the healing process.
Cell tracking allowed them to analyze how individual aspects
of the wound contribute to the coordinated dynamics of cells.
Zahm et al. [47] used a computer-assisted technique to quantitatively study the cell proliferation and migration during the wound
healing process. Citing the diﬃculty of tracking cells in phasecontrast microscopy images, they used chemical compounds to
create fluorescent images to track cells and count proliferative
cells. Such chemical compounds generally interfere with the eﬃcacy of drug candidates.

7. Biological applications
In this section, we aim to show how easily and eﬀectively
our automated cell-tracking system can provide detailed spatiotemporal cell behavior measurements for biological analysis.
Spatio-temporal measurements of cell behaviors are important
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Measurement 1
Image sequence A

Condition A

Condition B

Microscope
take time-lapse
images

A

Tracking
result A
Image sequence B

Cell
tracking
system

Tracking
result B

C
Calculating
measures

Image sequence C

Condition C

B

Measurement 2
A
B
C

Tracking
result C
Fig. 18

Flow of the wound healing assay experiments under three culture conditions [4].

Fig. 19 Right: Example image of the tracking result. Left: Example image
sequence of the zooming images that correspond with the white dot
rectangle in the right image [4].
Fig. 20

We applied our automatic cell-tracking system [20] to sequences of phase-contrast microscopy images of a wound healing assay in vitro under three diﬀerent culture conditions (i.e.,
three diﬀerent amounts of medicine “Latrunculin B ”that interferes with cellular activity). Our system can locate cell regions
and track more than hundreds of cells individually under noninvasive imaging. It allows us to compute spatio-temporal measurements including the cell density, migration speed and direction, statistics of mitosis events, and their mutual dependency in
order to analyze how the cell culture conditions (i.e., amount of
the medicine) eﬀect the cell behaviors over time and space. These
measurements can provide critical information for investigating
the healing process.

Example of the jet map of cell density changes over time with tracking results, each row of which represents the density [4]. In the jet
map, red color shows higher density, blue color shows lower density.

Fig. 21

7.1 Space-time analysis of cell behaviors of wound healing
Cell migration inhibitor is important for inhibiting the migration ability of cancer cells [43][35]. In general, cell behaviors
where cells move toward to an open wound in a cellular monolayer is thought to predict their migratory ability. Figure 18 shows
the overall flow of wound healing analysis experiment. Firstly,
the culture dishes with wound area are prepared under diﬀerence types of culture conditions. These dishes are observed by
microscope, generating a time-lapse image sequence. The image sequences are inputted to the automatic cell-tracking system.
From the tracking results, various measurements that characterize the cell behavior are calculated. In the experiments, we applied our automatic cell-tracking system to sequences of phasecontrast microscopy images of a wound healing assay in vitro under three diﬀerent culture conditions (i.e., three diﬀerent amounts
of medicine “Latrunculin B ”that interferes with cellular activity). Figure 19 shows an example of the tracking result where
the cells are well tracked in high confluence. The tracking system assigns a positive integer ID to each cell that is being tracked
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Example of the space-time transition of the cell density [4].

as its unique identifier. As its descriptor, each cell has its parent identifier Parent-ID for maintaining its lineage information
(Parent-ID=0 for cells with no parent, i.e., those cells that appear
in the very first frames) and its state information (i.e., its centroid
and contour shape of the cell region) at each frame. Using this information, various cell behavior measurements can be computed.
It allows us to compute spatio-temporal measurements including
the cell density, migration speed and direction, statistics of mitosis events, and their mutual dependency. These measurements
can provide critical data for investigating the healing process.
7.1.1 Cell culture conditions and imaging modality
The followings are how we prepared the cell culture dishes and
how the image sequences were obtained for the experiments.
7.1.2 Cell culture conditions
On three dishes, BAEC(bovine aortic endothelial cells) were
cultured under three diﬀerent culture conditions. For each dish,
a group of cells at the center of the dish was scratched and displaced on a confluent monolayer. Diﬀerent amount of medicine
13
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L3 L2 L1

Fig. 23

Fig. 22

R1 R2 R3

Local areas [4].

Average speed of the cell migration
over the time [4].

was added to each dish.
Condition A : control (no medinine)
Condition B : 10nM (nano molar) of Latrunculin B
Condition C : 100nM of (nano molar) Latrunculin B
7.1.3 Time-lapse imaging
The area around the wound area in each dish is observed with
a Leica DMI 6000B inverted microscope using a 10X objective
with phase optics until neighboring cells fill completely. Images
were acquired every 5 minutes for 17 hours using a 12-bit CCD
camera with each image of 1040 × 1392 pixels.
7.2 Cell behavior characteristic measurements
Using tracking results, various measurements of cell behavior characteristics were calculated. In cell behavior analysis, the
change of the cell density over time on the whole area is a useful
index [9][40]. To investigate how the cell culture conditions affect the cell migration, speed and direction of the cell migration
are often measured [9][14]. Cell culture condition usually aﬀects
both migration and proliferation. To separate these aﬀects, the
statistics of the mitotic events are important. Our system allows
us to compute all of these spatio-temporal behavior characteristics in detail, including cell density, the speed and the direction of
cell migration, and the statistics of mitosis events.
7.2.1 Cell density
Figures 20 and 21 show how the cell density changes over time
and location. Since cells generally migrate horizontally in the
experiments as shown in Figure 17, the cell density is computed
over narrow vertical window (the width of the window is 40 pixels, i.e., 36.5 µm) as shown in Figure 21 (a). The vertical lines
show that the 95% cell migration front of left and right sides,
which is defined as the 95th percentile line of the total cell count
of each side. Red color lines indicate the 95% line at the inital
frame, blue dotted lines indicate the 95% line at the current frame.
Figure 21 (b-d) show the comparison of the space-time transision
of the cell density under three diﬀerent conditions. At the second
row (condition A), the cell density in the wound area is low at
frame 1. Then, cells in the left and right regions migrate into the
central area and the density in the wound area increases until it
becomes flat in frame 200. We observe the similar behaviors for
the other conditions, but cells on condition C (100nM) migrate
more slowly than those in condition A and B. The density in the
wound area is still low at the end of the sequence.
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Fig. 24

Average speed of the cell migration at each
local area [4]

7.2.2 Speed of cell migration
To analyze how the speed of cell migration changes over time,
the average speed of the cell migration was computed over the
whole area in each frame. The results presented in Figure 22
show that the speed in the condition A (control) is consistently
higher than those in other conditions, and the speed in the condition C (100nM) is the slowest. The migration speed firstly increases until frame 50, and then it continuously decrease with the
time.
It is conceivable that the speed of the cell migration depends
on the distance from the wound area. To know whether this is the
case, the filled area (i.e., the left and right side of the wound area)
is divided into six local areas as shown in Figure 23. These local
areas were defined based on the distance from the wound area,
from L1 to L3 at the left side and from R1 to R3 at the right side
away from the wound area. The cells on the edges of the wound
area migrate toward the center, therefore, these local areas also
move toward the center with the time. For each local area, the
average speed of the cell migration is computed as shown in Figure 24. Understandably, the cells in condition A (control) move
faster than the others in every local area, and the cells in condition
C (100nM) are the slowest. The graph indicates another interesting phenomenon in that the order of speeds are L1, L2 and L3
for the left side, and R1, R2 and R3 for the right side; that is,
the speed of cell migration decreases with the distance from the
wound edge.
7.2.3 Direction of cell migration
To quantitatively analyze the direction of the cell migration,
the distribution of cell migration directions on each condition was
plotted by an angular histogram (rose diagram) as shown in Figure 25. The first three rows show the distributions of the direction
on each local area, respectively, for conditions A, B and C, and
the bottom row shows the distributions on the whole areas left
and right. We can observe that the cells tend to migrate toward
the wound area in every local area on condition A and B. The
cell migrations in L1, R1 (nearest area to the wound) are most
highly directional to the direction to the wound. Also the graphs
indicate an interesting phenomenon that cell migration in condition C (100nM) is less directed to the wound area (0◦ for the left
side, 180◦ for the right side). This means that the speed of the
cell migration toward the wound area is the slowest in condition
C (Figure 21 (d)) not because the migration speed is slow, but
because the migration direction is less directed.
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Fig. 25

Rose diagrams of cell migration directions on each local area [4].

7.2.4 Density slope and migration direction
It is conceivable that the direction and speed of the cell migration depend on the density slope. For example, when the density
slope is high, the cells on the area may move from high-density
area to low density area. To confirm the hypothesis, the graph, in
which shows the relationship between density slope and migration direction, was computed as shown in Figure 26. Th horizontal axis indicates the cell density slope which is computed as how
the cell density change over x axis on Figure 21. As shown in the
illustration described below the graph, minus density slope indicates the density decreases from left to right direction on the image, plus density slope indicates the density increases. As shown
in the illustration described at left side of the graph, vertical axis
indicates the directional migration speed in which the cells move
toward to the same direction as the slope. When the value of the
vertical axis is 0, the cell migration direction on the area is less
directed. When the absolute value of the vertical axis is high,
the cell migration is highly directional to the direction from highdensity to the low density. We can observe that cell migration
direction is highly directional on the area where the density slope
is high, and migration direction is less directed on the area where
the density is flat.

8. Conclusion
We proposed a tracking method to address diﬃculties under
dense culture conditions where cell detection cannot be done reliably since cells often touch with blurry intercellular boundaries.
To reduce the problems evident in conventional methods based on
detenction-and-association methods under high-density culture
conditions, which heavily depend on the detection results, our
tracklet generation method determines the detection results in the
association step by using both image features in the current frame
and the tracking results from the previous frame. This method is
enable to generate more reliable tracklets under high-density conditions comparing with typical detection-and-association methods. After generating tracklets, the proposed global data association method links these tracklets. The proposed method can
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Fig. 26

Relationship between density slope and migration direction [4].

reliably link the tracklets even though these contain false positive
tracklets by using global spatio-temporal information for association. We evaluated the proposed method using challenging image
sequences in which cells were cultured under a high-density condition and had blurry boundaries. Results show that the proposed
method significantly improves the tracking performance on target eﬀectiveness. Finally, we demonstrate the eﬀectiveness of
our methods in biological research by analyzing cell behavior in
scratch wound healing assays
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