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ZebTrack Software

The data used in this paper was generated by the software Zebtrack, shown in
Figure 1, which was developed in Matlab with the help of its Image Processing
Toolbox. ZebTrack was created to track �sh, especially the Zebra�sh, however
it can be used to track any other animal. It is capable of tracking one or
more animals (the user must specify how many animals it wants to track),
producing data such as position and velocities. The produced data can be
manipulated, afterwards, in Matlab environment, or exported to Excel format.
For now, ZebTrack does not work at real time. A video of the experiment must
be previously recorded and then given as input to the software. The software
allows the de�nition of polygonal areas such as a processing area (movements
outside this area are ignored), excluding areas (movements inside this area are
ignored) and areas of interest (at the end of the experiment user will receive
data regarding each one of these areas, such as number of times each animal
entered the area, time spent inside the area, etc... ).

The tracking algorithm is based on background subtraction (Piccardi 2004).
We use the background subtraction method presented in (Wren et al. 1997),
which computes temporal statistics of individual pixels . This method consists
of creating a background model, IBG, associated with its variance Iσ2 (each
pixel at position (x, y) of the background model will have a value, IBG(x, y),
and an associated variance Iσ2(x, y)). After this, by comparing the background
model and the current frame we can determine foreground objects. ZebTrack
can work with colored or gray-scale images.

Often it is not possible to record the environment without any animals be-
fore the experiment starts (as this would stress the animal), the background
is created using footage of the experiment itself. In order to do so, the user
chooses an initial and �nal instant, and a sample period. By averaging the n
sampled frames fs of the video in the chosen interval, it is possible to compute
the background image along with its variance, as shown in Equations 1 and 2
(Kaehler & Bradski 2015). If the image is colored, this is done for each color
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Fig. 1: ZebTrack software. ZebTrack user interface showing starting and end-
ing frames (top left), estimated background model (bottom left), and
processing area - green - and areas of interest - blue - (right).

channel, generating a background and variance matrix for each channel. It is
important that the user chooses a high number of frames n to average, as well
as a part of the video and sample period such that the animals do not stay in
the same position for several sampled frames, as this would cause the animal to
became part of the background. By inspecting the background created the user
can check if it was successfully created.

IBG(x, y) =
1

n

∑
fs(x, y) (1)

Iσ2(x, y) =
1

n

∑
fs(x, y)2 − IBG(x, y) (2)

It is also possible to use a dynamic background, as presented in (Koller
et al. 1994). In this case, the background is updated using only the regions of the
current frame that are not classi�ed as foreground. We also tried the background
subtraction method proposed by (Stau�er & Grimson 1999), however, besides
being computationally more costly, it did not improve the results.

The segmentation process consists of subtracting the background image from
the current frame fk, and thresholding the resulting image, as shown in Equation
3 (V is 255 for an 8 bit image). This results in a black and white image, dstk,
where white regions represent foreground candidates. The threshold value, T ,
can be determined by the user or can be computed automatically (more on this
later). Once again, if the image is colored, this is done for each color channel,
and the �nal result dstk is obtained by taking an OR of each channel result.

dstk(x, y) =

{
V if |IBG(x, y)− fk(x, y)| > T

√
Iσ2(x, y)

0 otherwise
(3)
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The next step is to remove small noises (small white regions) by applying
morphological operations on the image. First we apply an erosion followed by a
dilation, using the same structuring element for both operations. After this, we
classify connected regions (blobs), computing for each one its area and center of
mass. After discarding blobs below a certain minimum area and above a certain
maximum area (both values are user de�ned), we will have two possibilities:
1) more (or equal) valid blobs than the number of animals we are currently
tracking or; 2) the opposite. In the �rst case, we will associate each animal to
the blob which is closest to its last tracking position (or next predicted position,
depending on the kind of �lter being used, as will be commented later), ignoring
the remaining blobs. In the second case, we associate each blob to the closest
animal last tracking position (or next predicted position). Notice that this will
cause some animals not being associated with a blob. In this case, we consider
the animals to be stationary or following a predicted trajectory (once again this
will depend on the kind of �lter being used). As said before, the threshold
value T can be computed automatically if the user chooses so. This is done by
comparing the number of valid blobs, b, found, and the number of animals, a,
selected by the user. During the tracking process, if b < a then the value of T
is decremented, if b > a, it is incremented.

To perform the �ltering of the tracking information the user can choose two
types of �lters: moving average or Kalman Filter. For slow and predictable
swimming style �sh, such as the Siamese �ghting �sh, the Kalman �lter gives
good results. However, for fast swimming and turning �sh, such as the Zebra�sh,
the moving average is recommended. When using the Kalman �lter, the state
vector X, at time instant k, of each tracked animal i, is composed of Xi[k] =
[xi yi ẋi ẏi]

T , where (xi, yi) represents the 2D position, in pixels, of the animal,
and (ẋi, ẏi) represents its 2D velocity in pixels/s. The system is modeled as
usual (Kalman 1960) : Xi[k + 1] = AXi[k], where the state transition model
matrix A is given by

A =


1 0 ∆t 0
0 1 0 ∆t
0 0 Bx 0
0 0 0 By

 , (4)

where ∆t is the time di�erence, in seconds, between the current frame being
processed and the last one processed by the software. The terms Bx < 1 and
By < 1 are slowdown factors for the velocity of the animal. They were used
so that the animals would come to a gentle stop while using the predicted
state estimate after a few iterations, avoiding the animal to leave (or come to
a sudden stop at the edge of) the processing area. The measurement model,
Zi[k] = HXi[k], consist of two-dimensional pixel measurement of the center of
mass of each animal i, hence H = [1 0 0 0; 0 1 0 0].

In order to validate the software developed, we compared it with EthoVision,
a well known and widely used tracking software. We compared the results
obtained in a 2 minute experiment with a single �sh, and they were nearly
identical, as shown in Figure 2. Also, ZebTrack has been used successfully in
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Fig. 2: Validation of the software. Comparison of the results obtained by Zeb-
Track (on the left) with the results of EthoVision (on the right) of an
experiment with a single �sh observed for 2 minutes. The camera is lo-
cated as the top of the aquarium. Notice that the tracked trajectories of
both softwares look nearly identical.

dozens of experiments.
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