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ABSTRACT Zebrafish serve as a key pre-clinical model for disease research. Studying disease progression
requires long-term tracking of fish motion, particularly when considering the function of the musculoskeletal
apparatus.While vision-based tracking has been studied, current approaches typically require substantial fine
tuning and often lack robustness, especially when multiple fish need to be tracked and motion occurs along
all three spatial dimensions.We propose a simplified setup and a 3D tracking method using only two cameras
and two convolutional neural networks (CNN) to localize and track multiple fish robustly. We separate the
localization of fish and their classification as an individual. This allows for simple training data acquisition
by placing fish into the basin individually, without the need for manual annotation. We evaluate the approach
on sets of two, five, and ten fish resulting in multiple object tracking accuracies (MOTA) of 0.997, 0.994,
and 0.966, respectively. The mean MOTA over all scenarios is 0.99 compared to a mean MOTA of 0.89 for
a state-of-the-art tracking algorithm (idtracker.ai). Finally, we present comprehensive data on the motion
activity of individual fish in a 30-minute video sequence, demonstrating robust tracking and unique activity
profiles of each fish.

INDEX TERMS Deep learning, fish tracking, fish trajectory dataset, locomotion pattern, physical activity.

I. INTRODUCTION
Zebrafish are widely recognized as a prominent model
organism in biomedical research. Compared to other animal
models, zebrafish allow for high-throughput genetic manipu-
lation and the generation of large numbers of offspring [1].
Their suitability for studying the dynamics of the muscu-
loskeletal system and how it can be affected by disease
conditions has been increasingly acknowledged [2], [3], [4],
[5], [6]. Due to the small body size of zebrafish, it is possible
to efficiently evaluate disease progression and rehabilitation
at high efficiency [7]. It is suggested that disorders affecting
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musculoskeletal function in the zebrafish model may exhibit
distinct patterns of physical activity and locomotion, e.g.,
swimming speed, agility, and maneuverability, stemming
from pathological changes in their skeletal structures and
tissues [8], [9]. Thus, the physical activity and locomotion
patterns of individual fish can correlate with disease severity.
Hence, the identification of individual fish within a group
and the long-term recording of quantitative motion activity is
strongly desired, as this allows correlating motion sequences
with musculoskeletal body markers, e.g., bone mass, muscle
mass, and morphology [10].

A widely used approach is camera-based tracking, which
has also been employed to study the collective behavior of
zebrafish [11], [12]. Typically, multiple cameras are used and

VOLUME 14, 2026

 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ 135135

https://orcid.org/0000-0002-5107-0864
https://orcid.org/0009-0003-9574-6429
https://orcid.org/0000-0002-3099-8073
https://orcid.org/0000-0001-9201-8854
https://orcid.org/0000-0002-0651-4278


M. Neidhardt et al.: Robust Motion Tracking and Classification of Zebrafish With Deep Learning

FIGURE 1. Data processing: The two camera streams are processed separately. (1) The location of all fish in the image frame is estimated by a fish
localization model O. Patches x̃ of size h×w px are cropped with the fish head positioned at the center. Example patch sizes x̃ are depicted at the bottom.
(2) Patches are classified by a classification model C . (3) 2D tracklets are estimated. (4) 3D trajectories are established through mid-point triangulation.

tracking consists of localizing and identifying individual fish
in each camera frame, matching individual fish over time,
and establishing the 3D trajectory by triangulation. Tracking
approaches on short sequences have been demonstrated
with conventional image processing methods, feature point
extraction [13], [14], feature descriptors [15], depth-resolved
cameras [16], adaptive segmentation algorithms [17], or blob-
contour identification [18]. However, these methods rely
partially on hand-crafted parameters and can be error-prone,
particularly in long-term tracking scenarios, e.g., due to rapid
body movements and frequent occlusions when multiple fish
are studied.

More recently, convolutional neural networks (CNN) have
been considered to detect and track zebrafish motion [12],
[14], [19], [20], [21]. Combining CNNs with conventional
image processing techniques has shown potential in 2D
tracking scenarios. For example, a conventional blob detec-
tion algorithm localizing the fish head has been combined
with a CNN for matching sequences of fish trajectories to
individual fish [20]. Also, object detector models have been
studied for fish detection from RGB images [12], [22], [23],
[24], [25]. Following, similarities between fish patches are
estimated to form trajectories of individual fish. Essentially,
a similarity score is computed from handcrafted features or
CNN based feature extractors [12]. Also, YOLOmodels have
been studied for efficient fish detection [19], [26] and applied
to classify different fish species [27], [28]. Also, transformer
based models have been studied for tracking larger fish
with complex background disturbance [29], [30]. The authors
of idtracker.ai [21] propose a conventional blob detection
algorithm to localize individuals, which are subsequently
classified by a CNN. Beyond detecting the presence of fish,
studies have shown that deep learning methods can classify

zebrafish individuals [20], even when their appearance
changes over time [31], [32]. Generally, idtracker.ai presents
a versatile tracker which has been demonstrated, e.g., for
tracking mice [21] or zebrafish [21]. To train the CNN,
so called tracklets, i.e., short term trajectories, are generated
ad-hoc. However, there are limitations of this approach,
including occlusions of fish limiting the length of tracklets
and hence reducing the amount of available training data [26].
Also, optimal parameter settings, such as the blob size,
may change during tracking, e.g., if the distance between
the camera and the fish changes. Overall, the algorithm
performs robustly for land animals [21] or in shallow water
tanks by limiting occlusions and restricting changes in image
features, e.g., the size of the fish body in pixels. Following,
the authors of idtracker.ai present an experimental setup
with a water depth of 25mm [33]. Particularly to track
zebrafish, the movement along the depth axis of the camera
can be limited by divider plates, e.g., to 35mm [34] or by
shallow water depths of 30mm to 100mm [35]. This strongly
limits the natural movement of the fish, which is crucial for
musculoskeletal motion studies.

In this study, we introduce an end-to-end fish-tracking
algorithm based on deep learning. Our approach is robust
towards low image resolutions, low frame rates, and tracking
in water tanks of up to 180mm in depth. The experimental
setup consists of a water tank and two RGB-cameras
imaging fish movements from the top of the water tank.
We decompose our tracking approach into four stages
depicted in Fig. 1: (1) we localize fish with a neural
network and crop patches surrounding the fish head, (2) we
identify fish individuals based on cropped patches with a
second neural network, (3) we create 2D tracklets, and
(4) we estimate 3D trajectories. Key contributions include
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(1) a simplified approach to acquire and extend the training
data, circumventing tedious manual annotation, (2) a tracking
approach robust with respect to low image resolutions, and
(3) a public dataset with 17.000 annotated labels of up to ten
zebrafish swimming freely in the tank.

We systematically evaluate the performance of our tracking
approach on videos featuring multiple fish (2, 5, and 10 fish),
different patch sizes, camera resolutions, and training data
augmentation. Furthermore, we evaluate the efficacy of our
3D tracking algorithm by tracking up to 10 zebrafish over a
30-minute time span and consistently outperform the state-of-
the-art tracking approach. Finally, we present activity profiles
for individual fish, including velocity, distance traveled,
turning angles, and occupancy maps.

II. METHODS
Our general data processing pipeline is shown in Fig. 1.
We first feed the acquired image data into a localization
model, which estimates bounding boxes (shown in blue)
containing the fish heads. Next, we feed image patches x̃
containing a fish head at the center into a classificationmodel,
which identifies the individual fish and labels the patches
accordingly. Using a sequence of labeled fish head positions,
we create 2D tracklets, i.e., sequences of positions for each
fish and each camera, separately. Knowing the position and
identity of each fish and the extrinsic and intrinsic camera
parameters [36], we reconstruct the 3D trajectory of each fish.

A. LOCALIZATION AND CLASSIFICATION
Let Df be a dataset containing only images showing one
individual fish f swimming in the tank. We consider f
representing the fish class, i.e., f ∈ F = {1, 2, .., k}.
As a baseline CNN model we use the YOLOv12 framework
[37], [38].

1) FISH LOCALIZATION
To generate target labels for training object localization,
we apply a blob detection algorithm [39]. These algorithms
are robust when there are no occlusions in the images [20],
which holds for the videos of fish swimming individually.
When viewed from above, a fish’s head is partially elliptical
and the white background increases the contrast of the fish,
resulting in a simple to detect blob. Note, each fish is placed
in the tank individually to acquire training data, i.e., only one
object is in the images. For each image in Df we estimate
the fish position and use it as the label for training the
object localization network. We leverage the training data
with image augmentation methods, e.g., rotations (±10◦),
horizontal and vertical flips, mixup, and mosaic with a
0.5 probability. After random shuffling, the dataset was
partitioned into 80:10:10 ratios for training, validation, and
testing, respectively.

2) FISH CLASSIFICATION
Based on the fish positions, we crop the images in Df to
obtain patches x̃ containing the fish head located at the center,

compare Fig. 1, bottom. As fish swim individually during
data acquisition, we readily know the fish class which we
use as the label for training a classification network. Each
patch x̃ is rotated incrementally to enable robust classification
of fish swimming in various directions. The following steps
are applied to represent all orientations uniformly in the
training data set. First, we estimate the fish head orientation
α in a crop x̃ through binarization of the image using
Otsu’s thresholding algorithm [40] and a principal component
analysis. Due to the shape of the fish head, the primary
component typically points in the direction of the fish head.
Second, we rotate the full resolution 4096 px × 3000 px
image by −α. Third, we rotate the image by θ = 5◦

counterclockwise for successive frames in D, i.e., frame
1 rotated by 0◦, frame 2 rotated by θ , frame 3 by 2θ and
so on. Finally, we extract a patch x̃ of size h × w around
the transformed head position, i.e., such that the head is
again centered with respect to the patch. We train a robust
classifier to handle all fish orientations. In contrast, previous
approaches rotate cropped patches of the fish to a specific
orientation before classification [20]. We train individual
classification networks on patches x̃ of different sizes, i.e., h
×w defined as 40 px×40 px, 80 px×80 px, 120 px×120 px,
160 px×160 px, 200 px×200 px, 240 px×240 px, 280 px×

280 px, and 320 px×320 px, respectively. Sample images are
depicted in Fig. 1. Further, we present an ensemble model
based on majority voting of the output of the classification
networks with patch sizes 120 px× 120 px, 160 px× 160 px,
200 px × 200 px, and 240 px × 240 px.

B. TRAJECTORY FORMATION
We define a tracklet as a segment of a trajectory that
represents the path of a fish over a specific period. A tracklet
T t→t+n
f , where f is the fish class, can be represented as an

ordered set of n detections {∂(t), ∂(t + 1), . . . , ∂(t + n)}
in image frames t . Each detection is formally described as
∂(t) = (xt , yt , ct , ft ), where xt and yt denote fish head
coordinates in pixels, ct the prediction confidence score
estimated by the model and ft the fish class. Multiple fish
are located inside an image frame leading to N detections
defined as Mf (t) = {∂N (t)}. In the most common case,
a single detection ∂(t) is given in Mf (t) for a fish class f and
∂(t) is added to the tracklet, as depicted in Fig. 2a. To limit
false associations during tracklet generation, we define a
confidence threshold ĉ and distance threshold d̂ . Consider
multiple detections for a fish class f in image frame t + 1.
Detections ∂f (t + 1) below a confidence threshold ĉ are
rejected, as depicted in Fig. 2b. Detections exceeding the
distance threshold d̂ are rejected based on the Euclidean
distance between ∂f (t) and ∂f (t + 1), as depicted in Fig. 2c.
These steps ensure the integrity of tracking, encompassing
solely high-confidence detections from the same fish while
within a reasonable distance. Further, we consider two
exceptions: (1) Consider multiple detections that fulfill the
distance threshold but have an identical confidence score.
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FIGURE 2. Tracklet formation: The Color of the bounding boxes represents the fish class, t denotes the frame number, detection objects are ∂ and the
corresponding confidence is given by conf (∂), green dashed lines indicate chosen trajectories by our algorithm while red dashed lines indicate rejected
trajectories. (a) The most common scenario in which a single fish is accurately detected and classified in consecutive frames. (b) Bounding boxes with a
confidence smaller than ĉ are rejected. (c) Bounding boxes with a distance larger than d̂ are rejected. (d) Configuration where two bounding boxes meet
the distance and confidence thresholds. In this unique case, the bounding box with the highest confidence score is chosen. (e) Missing detections (gray
bounding box) are linearly interpolated between frames.

In this very unlikely case the detection object ∂f with the
lowest Euclidean distance is chosen. (2) Consider the case
where no detection objects ∂f (t + 1) are present for a fish
f in subsequent frames, e.g., during an occlusion of fish as
depicted in Fig. 2e. In this case, a new tracklet Tf is initiated
and we apply a linear interpolation between tracklets of a fish
class f .

C. EVALUATION METRICS
Let k be the total number of fish and T the total number of
frames. All metrics are estimated with an intersection over
union (IoU) of 0.5.

1) TheMultiple Object Tracking Accuracy (MOTA) is
composed of three error ratios:

(I ) m̂ =

∑
t mt∑
t gt

, (II ) FP =

∑
t FPt∑
t gt

and (III ) mme =

∑
t mmet∑
t gt

(1)

with mt the number of misses in all time t , gt the total
number of objects present in time t , FPt the number of
false positives in time t , and mmet the total number of
incorrectly classified detections in time t . The MOTA
is then defined as given in [41] as

MOTA = 1−E with E =

∑
t (mt + FPt + mmet )∑

t gt
.

(2)

Overall, this metric intuitively quantifies the tracker’s
ability to maintain accurate trajectories, irrespective
of its precision in estimating object positions. MOTA

is considered a benchmark metric for multiple object
trackers [42].

2) The Multiple Object Tracking Precision (MOTP)
quantifies the localization precision of correctly
matched fish. It is estimated by the intersection-over-
union (IoU ) between the predicted and annotated
50 px × 50 px bounding boxes and averaged by the
number of matches ct found at time t:

MOTP =

∑
i,t (1 − IoUi

t )∑
t ct

, (3)

The MOTP is dimensionless and ranges from 0 to 1.
Lower values indicate higher localization precision.

3) The Recall is defined as the number of predicted fish
bounding boxes over the total number of bounding
boxes.

4) The Detection Rate is defined as the fraction of
correctly predicted bounding boxes bi over the total
amount of bounding boxes. The predicted bounding
box with the highest IoU is chosen if multiple bounding
boxes overlap with a ground truth bounding box.
Formally,

DetectionRate =

∑T
i=1 bi
k · T

. (4)

5) The Classification Rate is defined as the number of
correctly classified detections and is defined as

ClassificationRate =

∑T
i=1 ci
k · T

(5)

where ci is the total number of correct classifications.
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FIGURE 3. Experimental setup: (a-b) Our experimental setup for data acquisition consists of a water tank, two synchronized 4k cameras mounted on
the top, and an LED panel for homogeneous illumination. (c) Reflections in the water are minimized by a foil attached to the inside of the water tank.
(d) A checkerboard is placed at various positions inside the water tank to estimate the extrinsic and intrinsic parameters of the cameras.

TABLE 1. Image data complexity: The fish head positions are annotated in each frame by hand. We define this data as our ground truth data set.

6) The Identification F1 Score (IDF1) estimates the
identity preservation and how well a tracker maintains
the correct identity of each fish over time [43].

We further estimate activity metrics of individual fish, par-
ticularly distance traveled, velocity, acceleration, occupancy
maps, and turning angles. Estimates are performed between
two subsequent detections. We report 2D and 3D tracking
metrics for MOTA, MOTP, and Recall. A bounding box size
of 120 px× 120 px and 20mm× 20mm× 20mm is defined
for 2D and 3D tracking, respectively.

III. MATERIALS
A. EXPERIMENTAL SETUP AND DATA ACQUISITION
Our experimental setup is depicted in Fig. 3. The fish
are housed in a 300mm × 300mm × 300mm tank with
a 180mm water height. The tank interior was lined with
non-reflective foil to minimize internal reflections. An LED
panel was positioned above the tank in which two cameras
(acA4112-20um, Basler, Germany) with a fixed focal lens
of 8.5mm (C11-0824-12M, Basler, Germany) were mounted
in parallel 70mm apart. Both cameras were synchronized
with a trigger signal to capture frames simultaneously.
We record grayscale images with a spatial resolution of
4096 px × 3000 px and a temporal resolution of 20Hz.
The cameras were stereo calibrated with a checkerboard
consisting of 9 square× 8 square with a square size of 3mm,
as shown in Fig. 3d. We position the checkerboard inside the
water tank and acquire 20 image pairs at various locations.
We estimate all camera parameters with Zhang’s camera
calibration algorithm [44], provided by OpenCV (version
4.10.0). We report a mean reprojection error of 0.39 px.

Please note, 3D trajectory reconstruction can be inaccurate
due to waves at the water surface caused by fish motion.

B. EXPERIMENTAL EVALUATION AND DATASETS
We generate a training dataset D by recording videos of
individual fish placed inside the water tank. For each fish,
we record 10 000 images per camera. The fish are kept in the
water tank for 30 minutes prior to data acquisition to show
natural swimming behaviors. The training dataset D contains
data from 10 individual fish.

We evaluate the tracking performance on three individual
videos containing 2, 5, or 10 fish swimming in a cohort in
the water tank. For quantitative evaluation, we annotate the
position of each fish in 1000 images by hand, composing
50 s of video length for each scenario and a total of 17 000
manually annotated bounding boxes. We refer to this dataset
as our ground truth data set. In Table 1, we quantify
the complexity of our annotated dataset by reporting the
occlusion count and duration for 2, 5, and 10 fish videos.
Additionally, we record a 30-minute dataset of 10 fish
swimming in the tank to demonstrate robust tracking and
motion parameters estimated for individual fish.

C. COMPARATIVE STUDY
We estimate performance metrics for our tracking approach
with a by-hand annotated ground truth data set and compare
tracking performance to the state-of-the-art idtracker.ai.
Commonly, the parameters for idtracker.ai are defined
manually. For a fair comparison, we systematically evaluate
the parameters of the blob detection to determine the
optimal parameters for our video data. We substract the
background and perform all experiments with the idtracker.ai
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version 5.2.7 using Python 3.11.7 on a NVIDIA GeForce
RTX 4090 GPU. All trainings are performed on 30-minute
sequences of up to 10 fish swimming in the tank, which
exceeds the recommended 20 s video duration by the authors.
Since idtracker.ai tracks the fish body centroid, while our
approach tracks the fish head, we shift our ground truth labels.
First, we crop patches with the fish head positioned at the
center. Second, we segment the fish body with flood-fill
operations and refine the segmentation with an active contour
algorithm. Third, we define the centroid of the segmented fish
body as our ground truth tracking target. Segmentations that
exceed an area threshold are removed, e.g., during occlusions
of fish, and missing values are interpolated with a spline
function.

D. ANIMALS AND ETHICS STATEMENT
Ten adult zebrafish (wild type, AB strain from the Euro-
pean Zebrafish Resource Center, Karlsruhe, Germany) were
raised in the fish facility at the University Medical Center
in Hamburg (UKE) and used to perform the tracking
experiments. The animals were housed in a water tank
according to international housing standards and as pre-
viously described [45], [46]. The fish facility is equipped
with light sources that mimic natural light and are timed
(14 − 10 h light/dark) to promote natural circadian rhythms.
The recordings were conducted during the light cycle. The
experiment gained prior approval by the institutional review
board of the UKE and the ethics committee of the city of
Hamburg (No. N111/21), and the methods were performed
in accordance with the approved guidelines.

IV. RESULTS
Initially, we study the tracking performance in the context of
patch size x̃, distance threshold d̂ , and confidence threshold
ĉ. We report a MOTA above 0.91 for d̂ >200 px for all
tracking scenarios, as depicted in Fig. 4a. Similarly, a MOTA
above 0.91 is observed with a confidence threshold of 0.6 for
classification predictions Fig. 4b. We further study the IoU
threshold for estimating metrics and define an IoU of 0.5 for
all experiments to allow a fair comparison to idtracker.ai,
as indicated in Fig. 4c. The tracking accuracy in terms of
MOTA and recall for different patch sizes is given in Table 3.
Overall, a patch size of 120 px× 120 px provides the highest
MOTA of 0.97 and a recall of 0.99 for the 10 fish tracking
scenario. Only minimal deviations in performance are given
for the ensemble model.

We estimate the optimal parameters for idtracker.ai based
on the 10-fish video data set. We define a blob intensity
threshold of 45 and a blob size ranging from 1000 to 5000 pix-
els, based on the average blob size of 2737.12(72859) px,
as depicted in Fig. 5a and Fig. 5b, respectively. Further,
we study the choice of IoU, as the shifted ground truth
labels might deviate from predictions. Minimal deviations
in MOTA and Recall are given for an IoU smaller than
0.5, as depicted in Fig. 5c and Fig. 5d, respectively. The
performance metrics for our tracking approach in comparison

to idtracker.ai are presented in Table 2. We study the
tracking performance for unprocessed patches, i.e., the
natural orientation of the fish is maintained, vs. pre-processed
patches, i.e., patches are rotated to a defined orientation.
Our results indicate a similar tracking performance for 2 and
5 fish. It stands out that the tracking performance is increased
for tracking 10 fish with unprocessed patches. The MOTA
increases by 7.52% and the recall by 3.36% for this more
complex tracking scenario. A similar trend is observed for
3D tracking. Compared to idtracker.ai, we report a higher
accuracy for our tracking approach with an increase in
MOTA of 10.69% and an increased recall of 10.01% for
all tracking scenarios. The localization accuracy (MOTP)
is advantageous for our method, demonstrating that the
network can more accurately detect the center of fish heads
in comparison to fish body centroids. For 2 and 5 fish
the identification F1 score is similar. However, for 10 fish,
we report a higher IDF1 in direct comparison. Also, tracking
metrics deviate more between the two camera streams
for idtracker.ai, compared to our approach, limiting 3D
tracking.

We study the robustness in estimating motion activity
parameters of individual fish. The deviation between tracked
and annotated distances covered by each fish are depicted
in the Bland-Altman plot in Fig. 4d. Naturally, the deviation
decreases for larger distances covered. At a distance of 2m
we report an average discrepancy of 1.01(95)% between the
tracked and annotated distances covered by each fish. Further,
we present occupancy maps of each fish derived from tracked
and ground-truth data with only minimal deviations (Fig. 4e).
Overall, motion parameters can be estimated accurately with
our tracking approach. We also evaluate the robustness of our
approach for different image resolutions, studying potential
low-resolution tracking. As expected, tracking accuracy
decreases with lower image resolutions. We report a MOTA
of 0.83 for tracking 10-fish with a 50% reduced image
resolution with 1920 px × 1080 px, as depicted in Fig. 6a.
A similar trend is observed for the recall, as shown in Fig. 6b.
Further, our approach is robust towards fish head detection in
low-resolution images as shown in Fig. 6c. In contrast, the
classification rate decreases steadily for lower resolutions,
as shown in Fig. 6d. It can be assumed that classifying fish
in low-resolution image data is more complex than fish head
detection.

Multiple motion parameters are depicted in Fig. 7 for
tracking 10-fish over a 30 minute time span. Each fish
demonstrates a unique activity profile in terms of distance
traveled, velocity, acceleration, aggregated turns, and space
occupied in the tank. Fish 8 covers the most distance reaching
202.56m (Fig. 7a). The uniqueness of fish 8 can also be
observed in the occupancy maps (Fig. 7e), as it swims
predominantly at the border of the tank. In contrast, fish
7 covers the lowest distance with 90.53m and predominantly
stays at the center of the tank.We estimate a linear correlation
model (Fig. 7d) between the overall distance traveled and
the body length per fish. No significant correlation is given
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FIGURE 4. Tracking performance metrics All metrics displayed are estimated for tracking on 1000 frames. Ground truth annotations were performed by
hand. The red line indicates parameters defined for all experiments performed. Mean 2D MOTA of both camera streams (a) vs. distance threshold and
(b) vs. confidence threshold ĉ . (c) IoU vs. MOTA for our method in comparison to idtracker.ai. (d) Bland-Altman plot for distance estimation. (e) Selected
occupancy maps.

FIGURE 5. Parameter identification idtracker.ai: We estimate the optimal parameters for (a) the blob intensity threshold and (b) the blob area size.
To allow a fair comparison to our method, we define an IoU of 0.5 for all experiments; IoU vs. (c) MOTA and (d) recall. The red line indicates the set
parameters chosen for all experiments performed with idtracker.ai.

(P>0.05). A positive trend is indicated with an adjusted R2

value of 0.211.

V. DISCUSSION
We propose a tracking approach that differs from current
tracking strategies as we decompose the tracking problem
into a localization and classification task while each task
is managed by an individual neural network. Advantages
of this approach include three main aspects; (1) Fish can
be added and removed from the cohort while only the
classifier training set needs to be expanded. To this end,
we present a straightforward approach for training data
acquisition by recording short video sequences of individual

fish swimming in confinement within the tank. We apply
conventional image processing methods to localize fish and
generate robust training data labels without any tedious
manual labeling. Subsequently, a classifier is trained and
tailored to identify each specific fish. Please note that the
fish localization model remains unchanged. In contrast,
several existing tracking methods [20], [21], [47], [48] rely
on the ad-hoc learning of classification models. In these
studies, a training data set is created by identifying tracklets
where fish swim without occlusion. Finding occlusion-free
tracklets for the classification model can be particularly
challenging when group videos contain numerous fish and
consequently many occlusions. This limits their applicability
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TABLE 2. Comparative tracking performance metrics: Cropped patches x̃ are either pre-processed (aligned to a fixed direction) or unprocessed (cropped
patches are inferred directly). Results are given for a patch size of 120 px × 120 px for 2D tracking for camera 0 (C0) and camera 1 (C1) as well as 3D
tracking.

FIGURE 6. Low-resolution tracking performance: We estimate tracking metrics for scaled resolutions of the original 4096 pixels × 3000 pixels image
resolution; (a) MOTA, (b) Recall, (c) Detection Rate, and (d) Classification Rate.

TABLE 3. Tracking performance for different patch sizes: 2D tracking performance metrics for different patch sizes x̃. The arrows indicate which metric
values are desirable. Metrics are estimated for tracking 10-fish and patches are unprocessed (no pre-processing). Patch sizes with an asterisk (*) are
utilized for the ensemble model.

for complex tracking scenarios. In comparison, our training
approach is not limited by the number of fish swimming in
the tank. Recently, contrastive learning has been evaluated
in idtracker.ai to learn meaningful representations that
cluster animal identities [49]. (2) Our approach relies on
a simple linking algorithm of tracklets due to the robust
classifier. The classifier predicts the same fish identity in
both camera streams. Hence, we do not rely on complex

matching algorithms between 2D tracklets of the two
camera streams, and 3D trajectory formation is streamlined.
Recently, general deep learning-based tracking methods have
been proposed [50], [51]. However, these networks need
to be adapted to tracking zebrafish, as they have a unique
motion profile, e.g., abrupt changes in direction and strongly
fluctuating velocity. Finally, (3) we present an open-access
dataset for RGB stereo camera tracking of zebrafish. Our
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FIGURE 7. Motion profiles All experiments displayed are performed on a 30-minute video sequence. Given are: (a) total distance traveled, (b) velocity
(c) acceleration, and (d) distance traveled vs. body length of each fish. The red dashed line indicates a linear regression model’s 95% confidence interval.
(e) Occupancy map highlighting the areas occupied by each fish in the fish tank. (f) Percentage of slow (<7 cm s−1), fast (>15 cm s−1) and medium
movements of each individual fish. (g) Aggregated turns of each fish grouped in low (20◦−40◦), medium (40◦−60◦) and high (>60◦).

experimental setup allows tracking of fish movements with
two RGB cameras mounted at the top of the tank. Previous
open-access datasets recorded images from two different
viewpoints and at a lower spatial resolution [52]. Our dataset
includes 17.000 annotated labels of up to 10 zebrafish
swimming freely in the tank, along with a 30-minute
sequence including the predicted labels.

We perform an extensive analysis for our methods and
present robust default settings. Fig. 4a and Fig. 4b illustrate
that the tracking performance is not particularly sensitive
with respect to the distance and confidence thresholds, and
values of 200 px and 0.6 worked for all experiments and
different numbers of fish. Considering the size of patches
used to identify fish, our results indicate the highest tracking
performance for a size of 120 px×120 px. This size typically
contains the fish head and partial body while limiting the
amount of unrelated background in the patch. Note that
the size is related to the camera’s resolution and that the
fraction of a fish covered by a patch also depends on its
distance from the camera. Additionally, the proposed method
would robustly work with different image resolutions. The
detection performance is virtually independent down to half
the resolution of our cameras, with detection rates above 98%.
In contrast, the rate of correctly classified fish is reduced
from 93% to approximately 77% for tracking with half
the camera resolution. This shows that high resolution fish

features of the head, e.g., the shape, are crucial for robust
classification.

To illustrate the performance of our approach we directly
compare it to idtracker.ai, which is considered state-of-
the-art. Note, that we carefully tuned the parameters for
idtracker.ai to obtain a fair comparison, see Fig. 5. Further,
we carefully follow the guidelines for sufficient video quality
indicated on the idtracker.ai homepage. For 2D tracking
our proposed methods achieves a mean MOTA of 0.986 in
comparison to a mean MOTA of 0.890 for idtracker.ai.
Moreover, for the most complex case of tracking 10 fish, the
tracking performance between the two camera streams only
slightly differs by 0.52 percentage points for our approach in
contrast to 5.78 percentage points for idtracker.ai, compare
Table 2. This is crucial, as 3D tracking depends on robust
detection in both camera streams. The larger deviation for
idtracker.ai may be related to its sensitivity with respect to
some parameters, e.g., blob detection can fail if fish swim
closer to the camera. The authors perform their studies in
shallow water depth of 25mm which limits the number
of occlusions and allows consistent image features for the
blob detection algorithm [33]. Similar approaches have been
applied by installing divider plates limiting the width of
the tank to 35mm [34]. However, this also constraints the
fish motion substantially and to study natural swimming
behavior it would be desirable to track in deeper water.
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Pedersen et al. [52] use a setup containing a side and a top
camera for tracking 10 fish for 15 s and report a 3D MOTA
of 0.25. On the same dataset Wang et al. [48] developed an
ad-hoc tracking method and achieved an improved MOTA
of 0.67. With our setup and our method, we obtain a
substantially higher 3D MOTA of 0.90 for tracking 10 fish
in a water depth of 180mm. Still, it should be noted that the
experimental setups differ.

Further, we evaluate the amount of image pre-processing
required for successful tracking. Previous approaches pro-
posed a number of pre-processing steps, e.g., rotating
patches such that the head points to the same standardized
direction [20], [47]. In contrast, we propose to train the
classifier on various image patches containing fish swimming
in multiple directions. This allows cropping patches from
a video stream containing multiple fishes and performing
inference on these unprocessed patches directly. Table 1
shows only minimal deviations between unprocessed and
processed patches for 2 and 5 fish tracking. However,
tracking metrics increase by 7.52 percentage points for
10-fish tracking. Similar trends are also given for MOTP
and recall. Hence, more robust estimates are feasible with
unprocessed patches and fewer pre-processing steps are
advantageous.

So far, zebra fish tracking has often been evaluated on
shorter sequences, e.g., 15 s [52]. However, one of the
interesting applications of tracking fish are long term studies
of fish activity. Considering 17.000 manually annotated
bounding boxes, we estimate only minimal errors for distance
and precise occupancymaps, see Figures 4a and 4e. Note, that
these errors are small compared to the expected uncertainty
in the manual annotation.

Considering generalization, we expect the method to
work with similar setups, i.e., with cameras from top and
sufficient contrast between fish and background. Note, that
we decouple the trajectory generation, which will only
require conventional stereo camera calibration. As illustrated
by our analysis of the preferred patch size, the size of
the tracking setup may require adjustment depending on
the camera resolution and distance, e.g., higher resolution
cameras closer to the fish may require larger patches to cover
the fish sufficiently. Note, that we provide details of our setup,
i.e., for different setups it should be rather simple to estimate
suitable camera resolution and patch size settings from our
results. Also, the number of cameras can be increased to track
even larger volumes or different animal species.

Fig. 7e illustrates that different motion patterns exist.
In fact, our results for a 30-minute tracking sequence with
10 fish show distinct activity profiles for individual fish,
although all fish were raised from the same batch. For
example, fish 7 and 8 exhibit different swimming behavior,
the former swimming slow and remaining mostly at the
center of the tank, while the latter covers twice the distance
by swimming fast along the tank’s perimeter. While the
correlation between body length and distance is weak and
not significant, it illustrates that musculoskeletal features

and motion patterns may be related and need to be further
evaluated. In this context, the flexibility of our approach
provides a number of advantages, e.g., as fish can be removed
or added to the cohort, or fish could be temporarily removed
from the tank. Hence, the tracking performance and the
ability to effectively study motion patterns underline the
usefulness of the approach.

VI. CONCLUSION
In this paper, we introduce a deep learning-based 3D tracking
method of zebrafish by employing two CNNs, one for
detection and the other for classification. Our approach
utilizes an experimental setup with two top-view cameras to
establish 2D trajectories, simplifying the subsequent creation
of 3D trajectories. Our training data acquisition approach
involves capturing videos of individual fish. Despite training
exclusively on single fish videos, our network exhibits
robustness when applied to scenarios involving multiple fish
swimming in a tank, eliminating the need for re-training with
images from group videos. Our unique setup further enables
the addition of new fish to the cohort if required by simply
extending the training data set of the classification network.
We achieve a MOTA score of 0.97 in a 10-fish tracking
scenario, surpassing the performance of comparable tracking
methods.

DATA AVAILABILITY
The data analyzed in this study, the trained models, and a
video demonstrating the tracker’s performance are available
at https://hdl.handle.net/11420/63594
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