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Abstract

In vivo observation of cells in the Arabidopsis
thaliana root, by time-lapse confocal microscopy, is
central to biology research. The research herein de-
scribed is based on large amount of image data, which
must be analyzed to determine the location and state of
individual cells. Automating the process of cell track-
ing is an important step to create tools which will facil-
itate the analysis of cells’ evolution through time. Here
we introduce a confocal tracking system designed in
two stages. At the image acquisition stage, we track
the area under analysis based on point-to-point corre-
spondences and motion estimation. After image acqui-
sition, we compute cell-to-cell correspondences through
time. The final result is a temporal structured informa-
tion about each cell.

1. Introduction

Biologists study plant cells in vivo to attempt to un-
derstand the factors which control the cellular growth
and division mechanisms. Many studies focus on the
analysis of the Arabidopsis thaliana development. Cell
growth is analyzed using different approaches, such as
mathematical models [7] and motion estimation meth-
ods [12]. The relation between cell division and elonga-
tion in the regulation of organ growth rate is also inves-
tigated [1]. This research shows that in vivo imaging of
the root is a valuable tool. However, development biol-
ogists studying roots find difficult to cope with the lack
of suitable technology to analyze root meristem growth
in vivo [2]. The great amount of data produced requires
the development of image analysis tools to automati-
cally extract useful information, such as identifying cell
division and growth. Furthermore, cell features should
be extracted to be processed statistically, and an easy
way to track individual cells should be pursued.

In some studies it is possible to use the root’s tip
shape to base the tracking of the time-lapse imaging
system [4]. However, this is limiting since it requires

the whole root tip to be in frame, inhibiting the studies
along time of a particular cell region.

We present an approach to both track the root area
under study and track individual cells through time.
Tracking of the root area is designed to be as generic as
possible, so that it can supply accurate results under dif-
ferent imaging conditions, like protein markers, zoom
and time frame. Cells are detected by image segmenta-
tion, which is prone to errors due to noisy images. Indi-
vidual cells’ identity is tracked based on shape. We im-
prove cell detection by imposing a temporal cell stabil-
ity criterion, based on biology assumptions. The track-
ing process is fully unsupervised and can be adapted to
other types of image sequences.

This paper is organized as follows: Section 2 de-
scribes the in vivo image data acquisition. Section 3
explains the process of individual cell tracking. In sec-
tion 4 we present and discuss results. Finally, section 5
concludes this paper.

2. Real time root tracking

The database under analysis was obtained using a
confocal microscope with a motorized stage, which is
controlled to compensate the relative translation intro-
duced by the root’s growth. The time duration of the
experiments ranged from 10 hours to more than a day,
with images being acquired every 10/15 minutes. To
visualize the cell walls, Green Fluorescence Protein
(GFP) markers were used. When excited with a laser
wavelength of its excitation spectrum, GFP emits light
in the emission spectrum.

If no compensation is performed, the area under
study will grow out of the field of view. Depending
of the zoom this can happen in as little as 15 min-
utes. In Figure 1, we can see an example of images
acquired without motion compensation, in this case the
area under study leaves the frame in less than two hours.
Higher zoom causes the area under study to leave the
frame even faster. This makes it necessary to obtain au-
tomated tracking to releave the biology researcher from
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spending up to a day in front of the microscope per-
forming adjustments every 10 minutes.

Figure 1. Uncontrolled time-lapse in vivo
imaging.

In order to automatically track cells, we first follow
the area under study over time performing motion com-
pensation. This process is now presented.

2.1. Pre-processing

Images acquired by confocal-microscopy It
raw have

a high level of noise. To improve the quality of the im-
ages, prior to processing, we filter the noisy image, re-
sulting the image It

filt,

It
filt = F(It

raw, σ2
filt), (1)

whereF is the noise reducing filter, σ2
filt is the assumed

noise variance and f is the frame number. Larger σ2
filt

values will result in a smoother image. Based on the
comparison between several filtering techniques [9] we
choose to use denoising by sparse 3D transform-domain
collaborative filtering (BM3D) [3].

2.2. Motion estimation/prediction

Assuming that we have both the previous It−1
filt and

current It
filt filtered images. We want to measure the

relative movement between images to predict and com-
pensate root growth by moving the microscope stage.
Motion of the area under study is defined as the dif-
ference between its center coordinate x in consecutive
frames.

Motion between frames is limited to rotation and
translation. Equation 2 defines the coordinates trans-
form for this system [6].

[
x′

y′

]
=

[
cos(θ) − sin(θ)
sin(θ) cos(θ)

]
∗
[

x
y

]
+

[
tx
ty

]
(2)

where (x, y) are the coordinates for frame t and (x′, y′)
are the projected coordinates for frame t + 1.

The estimation/prediction of motion is performed as
an iterative process:

Estimation Relative image motion is estimated by
obtaining correspondences between images It−1

filt and
It
filt based on pixel information. For each image we

obtain a set of corner points:

L(I) 7→ P t = {pi, i = 1, . . . , n}, (3)

whereL is the Harris corner detector [5], P t is the set of
resulting n corner points pi = (xi, yi). Coordinates are
represented in the microscope stage coordinate system.

Based on cross-correlation distance we obtain puta-
tive correspondences between point sets from both im-
ages (P t−1 and P t) [6]:

Ct−1(pi, pj) =
{

1 Dcc(pi, pj) < Dcc(pi, pj′)∀j′ 6= j
0 otherwise

(4)
where Dcc is the cross-correlation distance [6], i and
j are indexes for point sets P t−1 and P t respectively.
Cross-correlation is performed over a 9 × 9 area, cen-
tered on each corner point. Search for possible putative
matches is limited to a 50 pixel window around the pre-
dicted point’s position.

Using a RANSAC estimator [6], based on Ct−1,
we estimate the motion parameters (tx, ty, θ). The
RANSAC algorithm is based on an exact solution to
equation 2, using random sample correspondences from
Ct−1. This results in a tentative solution for the motion
parameters: t̃x, t̃y, θ̃. Using this solution, we project
points in the previous image P t−1 in the coordinates
of the new image (P ′t). We then compute the distance
between the projected points P ′t and the corresponding
points P t, according to Ct−1. If the coordinate distance
between projected and putative matched points is within
a threshold (thransac = 15), we classify the correspon-
dence as an inlier of the tentative solution. This process
is repeated and the solution with the largest number of
inliers is kept as the estimate for the motion parameters:
t̂x, t̂y, θ̂. The estimate for the center of the area under
study xt can now be calculated.

Prediction We use a FIR 2nd order filter F to esti-
mate the next position of the area under study:

x̂t+1 = F(xt,xt−1,xt−2), (5)

where t is the current frame.
The filter coefficients are adapted using a Kalman

filter [11]. The Kalman adaptative process is based on
the previous positions of the area under study.

Using the knowledge from x̂t+1 and xt we can pre-
dict tx and ty, i.e., the parameters used to move the
microscope stage before the next image acquisition and
parameter estimation step.
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For the initial 3 frames no prediction is available, and
the stage is moved after the image acquisition, using the
motion measure (t̂x, t̂y).

After the end of the time-lapse experiment, having
acquired all images, we perform a final stabilization of
rotation between images. Due to some instability in the
estimation of the rotation parameter θ, we perform a 1D
Gaussian filtering step on θ before stabilization. The
final images It

st, are assumed to represent the same area
(the area under study).

3. Cell tracking

Assuming that we have the filtered and stabilized im-
ages It

st, we now want to follow each cell within each
image in other images of the same time-lapse experi-
ment. In this section we explain how to obtain cell
segmentation, cell-to-cell correspondence and how to
correct some inaccuracies that may exist in cell track-
ing/segmentation.

3.1. Segmentation

In order to segment image It
st into a set of possi-

ble cells, we apply a watershed transform [8]. The
resulting segmentation is the set of regions Rt

j =
{rt

j , . . . , j = (1, . . . , n)} obtained from the watershed
transform. These regions are possible segmented cells,
however may also be the result of noise or bad initial-
ization of the watershed process.

The direct application of the watershed transform to
an image usually leads to over-segmentation. This hap-
pens because there are more image minima than objects,
that is, not all minima really represent true objects,
due to noise [10]. We have the advantage of knowing
that cells evolve in a stable way, changing their shape
slowly. This will allow us to use temporal information
to prune some badly segmented regions.

3.2. Cell correspondence

We want to obtain the correspondence of each re-
gion rt−1

j to the best fitting region rt
j , for all t > 1.

We first obtain a tentative mapping based on pixel over-
lap between regions using the F-measure, also known
as coverage measure, defined by:

F (rt
j , r

t−1
j ) =

2ν(rt
j , r

t−1
j )ρ(rt

j , r
t−1
j )

ν(rt
j , r

t−1
j ) + ρ(rt

j , r
t−1
j )

, (6)

where ν is precision and ρ is recall defined from t − 1
to t by:

ν(rt
j , r

t−1
j ) =

rt
j

⋂
rt−1
j

rt
j

, ρ(rt
j , r

t−1
j ) =

rt
j

⋂
rt−1
j

rt−1
j

(7)

Region rt−1
j is mapped to rt

j if the F-measure be-
tween them F (rt

j , r
t−1
j ) is above a certain threshold

thoverlap. For the evaluation presented here, we con-
sider thoverlap = 0.6.

Since overlap is not a reliable similarity measure, we
use the region’s shape to prune the region mapping. For
each region rj , we obtain the contour cj by extract-
ing the regions border points, starting from the leftmost
one in a clockwise order. To characterize the contour’s
shape we use the Discrete Cosine Transform (DCT) of
the distance between each contour point and the con-
tour’s centroid. The contour’s descriptor vector is:

fj = DCT (‖cj − centroid(cj‖), (8)

where ‖cj−centroid(cj)‖ is the vector of distances be-
tween each contour point and the contour’s centroid. In
order to have the same descriptor dimension, we resam-
ple the contour to 40 points. This was found to describe
the cell’s shape with enough detail. Using this new de-
scriptor and Euclidean distance we prune the coverage
mapping. If the distance between the two regions’ shape
d(f t−1

j , f t
j′) is bellow a threshold (thshape = 50) they

are considered to correspond to the same cell.
Due to instability of the segmentation, regions can

change randomly in some isolated frames, which leads
to tracking failure since no correspondence is found. A
basic biologic assumption is that cells change slowly
through time, this means that rapid changes are most
likely due to segmentation errors. To correct for this
case, we search for a possible matching cell in the frame
at t + 1, if that exists we consider the cell to be tracked
across frame t. The region at frame t is approximated
by the previous region rt−1

j .
We also assume that since cells vary slowly a valid

cell should be tracked during a minimum number of
frames, and ignore small tracks. Tracks with less than 4
frames in length were removed from the final result.

The result is the definition of cell tracks Tcell = il,
l = 1, . . . , wj , where wj is the number of frames for
which a specific cell rj was successfully tracked.

4. Results

As the root tracking result, we obtained images from
the same root region, see Figure 2, correctly compen-
sating the situation showed in Figure 1. As the cell
tracking result, we can automatically follow the same
cell under study over a sequence of frames, as shown in
Figure 2(top). Furthermore we filter the segmentation
result using temporal stability criteria, selecting regions
more likely to be cells, as show in Figure 1(bottom).

In an experiment with 61 frames, our approach found
691 tracks with more than 4 frames each. The max-
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Figure 2. Images of the same cell tracked
over time (top) and filtering of the seg-
mentation result using temporal stability
criteria (bottom).

imum tracking length is 52 frames, and the average
length is 11.

We chose 40 of these tracks to analyze their valid-
ity. These were chosen randomly among those which
contained correctly segmented cells (based on user ob-
servation). Of these, 26 (65%) were completely correct
over time, 12 (30%) had some deformation in shape cell
(mostly in the beginning or in the end of the tracking)
and 2 (5%) had incorrect correspondences. Considering
individual frame correspondences between cells, 93%
of them were correctly tracked over time.

Regarding the criteria of discarding small tracks, we
found that 68% of the tracks with 2 or 3 frames corre-
spond to regions that do not represent true cells, due to
noise or segmentation error.

The biologist user can choose any tracked cell to
navigate through time and observe the cell’s evolution.
For each cell, characteristics like growth rate, elonga-
tion and relative movement can now be extracted in an
automatic and unsupervised way.

5. Conclusion
In this work we introduced an unsupervised ap-

proach to automatically track cells in plant confocal
microscopy. In a first step we track the region under
study in real time during acquisition so that root growth
can be compensated. This keeps the region under study
within frame for the duration of the experiment. Sec-
ondly, after acquisition we process the cell images to
obtain a cell-to-cell correspondence which can be used
to automatically study the change of cell’s characteris-
tics through time.

One major difficulty in this work is that the water-

shed segmentation from which we start contains a high
percentage of miss-segmented cells, which leads to cell
tracking errors (from which we cannot recover). Work
is underway to include temporal and neighborhood in-
formation at the segmentation stage, to improve stabil-
ity of the image segmentation. We also face the ambi-
guity problem of 2D imaging of a 3D structure, which
can eventually lead to loss of tracking of the specific
cell. This is a result of the small depth of focus from
confocal microscopy, which can only be solved by 3D
image acquisition/tracking.
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