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Simulation of zebrafish group behaviour us-
ing a stochastic vision-based model

Understanding how individual sensory perception
generates collective motion in animal groups re-
mains a fundamental challenge. By implementing
and validating a stochastic vision-based model of
zebrafish behaviour, we provide a computational
tool to explore how environmental structure influ-
ences group dynamics across diverse conditions
that would be difficult to test experimentally.
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In this project, we simulate zebrafish group behaviour using a stochastic vision-based model. Our
primary goal was to reproduce experimentally observed collective dynamics and extend the origi-
nal model through an interactive simulation that enables real-time manipulation of individual fish
and environmental features. We implemented and tuned the full stochastic vision-based model
to match experimental presence-probability patterns and extended it to support irregular wall ge-
ometries. The resulting interactive tool provides real-time control of fish and environmental stimuli
while remaining consistent with experimentally observed spatial distributions.

zebrafish | stochastic model | vision-based model | environmental heterogeneity

Collective behaviour in animals demonstrates how simple individual actions can give
rise to complex group dynamics. The zebrafish (Danio rerio) is a prime model for

studying such behaviour because of its social tendencies and compatibility with controlled
experiments. Different strains exhibit varying levels of cohesion and responsiveness to
their environment. In this project, our goal is to recreate these collective behaviours in
a simulation, allowing us to explore how subtle differences at the individual level can
generate distinct group patterns. By reproducing observed behaviours computationally,
we aim to uncover the underlying mechanisms that drive collective motion in zebrafish.

Related work

Collective motion in fish schools has been extensively studied through computational
models, beginning with zone-based approaches where individuals follow simple rules of
repulsion, alignment, and attraction [1]. While these classical models successfully repro-
duce emergent collective patterns, they often lack biological realism in sensory perception.
Recent advances have shifted toward vision-based approaches, with Strandburg-Peshkin
et al. [2] demonstrating that visual perception networks are crucial for information
transfer in animal groups and outperform metric or topological models. Pita et al. [3]
further characterized zebrafish visual capabilities, revealing wide coverage and acute
fronto-dorsal vision that influences schooling behaviour. In parallel, Gautrais et al. [4]
developed stochastic, data-driven methods using probabilistic frameworks rather than
deterministic force summations to model animal interactions.

Our work will build upon previous research on the collective behaviour of zebrafish
conducted by Collignon et al. [5, 6]. Their studies systematically investigated how
environmental heterogeneity and genetic strain influence group dynamics and cohesion in
zebrafish populations. Through a combination of controlled experiments and quantitative
analysis, they demonstrated that distinct strains exhibit measurable differences in spatial
distribution, interaction strength, and collective decision-making. The insights and
experimental frameworks established in these works provide the foundation upon which
our simulation study is developed.

Methods

We implemented the stochastic vision-based model described by Collignon et al. [5] in
Python, using pygame for real-time two-dimensional visualization. The model simulates
zebrafish group behaviour in bounded, heterogeneous environments containing walls, other
fish, and regions of interest in the form of floating disks. The original implementation
supported only a square tank environment, which we extended to include irregular wall
geometry, alongside several smaller general improvements to the model. We validated
the final model by comparing simulated presence probabilities with experimental data
from real zebrafish collected by Collignon et al.

To make the simulation more interactive, we also added the following features to the
pygame visualisation:

• add or remove fish,
• add or remove spots of interest,
• move fish or spots of interest by dragging,
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• orientation PDF display which displays the influence of the surrounding stimuli on
the currently selected / last dragged fish,

• draw walls to create irregular geometry.

Stochastic Model. The model simulates zebrafish agents moving in a bounded two-
dimensional environment. Each agent’s position Xi and velocity vector Vi is updated in
discrete time steps δt:

Xi(t+ δt) = Xi(t) + Vi(t) δt, [1]
Vi(t+ δt) = vi(t+ δt) θi(t+ δt) [2]

where vi is the agent’s linear speed and θi is its orientation. The time step used in the
simulation is δt = 1/3, which approximately corresponds to the experimentally obtained
tail-beat period of real zebrafish allowing a change of direction and speed with each
tail-beat.

The linear speed vi is drawn randomly from the empirical speed distribution measured
from real zebrafish experiments. This approach captures the natural variability in
zebrafish motion while focusing computational effort on the orientation decision-making
process.

The model treats orientation selection as a stochastic decision. The agent’s new
orientation θi(t+ δt) is drawn from a circular probability distribution function (PDF),
ranging from −π to π. This PDF is constructed using von Mises distributions (the
circular equivalent of Gaussian distributions) characterized by a location parameter µ
(comparable to mean) and concentration parameter κ (inversely related to variance). The
von Mises PDF for the angle θ and parameters µ and κ is given by:

f(θ | µ, κ) = 1
2πI0(κ) exp[κ cos(θ − µ)] [3]

and

I0(κ) =
∞∑
k=0

(
κ
2

)2k

k!Γ(k + 1) [4]

where I0(κ0) is the modified Bessel function of the first kind. All dispersion parameter κ
values in the model are constant and determined experimentally, and can be found in
Table 1 alongside any other unchanging values.

For a fish in a bounded tank without perceptible stimuli, Collignon et al. observed
two behaviours: basic-swimming, where the fish goes mostly forward and a wall-following
behaviour, where the fish follows nearby walls. These behaviours are modelled with the
PDF f0:

f0(θ) =


f(θ | 0, κ0), if d ≥ dw
n∑
i=1

Wi
n
f(θ | µwi , κw), if d < dw

[5]

and
Wi = exp(κd · cos(µwi )), [6]

where d is the distance to the closest wall, dw the threshold distance where the fish
begins wall-following behaviour, κ0 and κw the dispersion parameters for each behaviour
type respectively, µwi the possible tangential directions along the nearest walls. In
addition to the original formulation of f0, we introduced a preference for wall-following
directions which is closer to the forward facing direction of the fish by adding a weight
Wi component which amplifies the forward-facing directions by κd which we determined
experimentally.

Model extension: Irregular environments. While the original model only considers square tank
boundaries, we extended the stochastic vision-based model to allow fish to interact with
walls that can be freely drawn into the environment. These walls are stored as a binary
grid, enabling the creation of irregular environments.

To find the tangential directions a fish take to follow drawn walls we implemented a
ray casting-based wall detection method. Where multiple rays are cast radially around
each fish. When a ray intersects a drawn wall, the intersection distance is recorded, and
contiguous angular sections of ray hits are grouped into wall segments. For each detected
segment, the model estimates two possible tangential movement directions corresponding
to motion along the wall surface.
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Information gathering. Following the approach of Collignon et al. [5], each zebrafish agent
perceives its surroundings through a biologically informed vision model. Although the
fish move in a two-dimensional plane, their bodies are represented as three-dimensional
polygons with six vertices, reflecting average dimensions of real zebrafish (3.5 cm in
length and 1 cm in height and width). Visual sensing is modelled as a single cyclopean
eye providing a forward-directed 270◦ spherical field, with perception distance limited
only by walls.

Stimuli within this field of view are evaluated based on the solid angle that their
projection takes up on the perceptual sphere. This measure captures both size and
distance of an object, as further away objects will have a smaller solid angle, resulting in
more accurate visual discrimination than planar angular metrics. Two stimulus types are
included: other fish and spots of interest. The latter are represented as circular discs of
radius 10 cm suspended 5 cm above the swimming plane, mimicking the floating shelters
used in the original experiments. For each visible stimulus, the model computes the
solid angle it occupies, which serves as the basis for determining its influence on the
agent’s orientation decision. To improve performance, we approximated the solid-angle
calculations using fitted functions.

Information processing. Once perceptual information is gathered, the model determines
a probability distribution over all possible movement directions. For every perceived
fish or spot of interest, a von Mises distribution f(θ | µ, κ) is computed, centred on the
direction µ of that stimulus. The concentration parameter κ controls how strongly an
agent tends to align with a given target: high κ values produce tightly focused orientation
preference, while low values result in wider, more diffuse responses.

For each stimulus category, the individual von Mises distributions are summed,
weighted by the proportion of total visual field each stimulus occupies. Thus, stimuli
capturing a larger solid angle exert proportionally greater influence.

The PDF for perceived fish ff and spots of interest fs are given by:

ff (θ) =
nf∑
i=1

Afi

ATf

f(θ | µfi , κf ), ATf =
ns∑
i=1

Afi

fs(θ) =
ns∑
i=1

Asi

ATs

f(θ | µsi , κs∗), ATs =
ns∑
i=1

Asi

where µfi , µsi are the directions of the perceived fish or spot of interest and Afi , Asi the
solid angle taken up by the perceived fish or spot of interest. κf and κs∗ the dispersion
parameters, where κs∗ changes depending on if the fish is under or outside a spot of
interest.

The final orientation probability distribution is obtained by combining these compo-
nents through a weighted mixture:

f(θ) =
f0(θ) + α∗AfT fF (θ) + β∗AsT fS(θ)

1 + α∗AfT + β∗AsT

The weighting parameters α∗ and β∗ encode experimentally fitted behavioural priorities
and change according to proximity to walls and whether the fish perceives other fish,
spots of interest, or both.

The resulting probability distribution is numerically integrated using trapezoidal
integration to form a cumulative distribution function. A new movement direction is
then sampled using inverse-transform sampling, ensuring stochastic behavioural choices
while preserving sensitivity to relevant visual cues. An example of the orientation PDFs
can be seen on Figure 2.

Additionally, the speed probability distribution changes depending on the environment.
Depending on if a fish perceives other fish, or spots of interest or is under a spot of
interest, the speed is sampled from six different PDFs seen in Figure 1.
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Figure 1. Speed distributions in different environments and conditions from experimental recordings of real zebrafish,
used to sample simulated fish speeds at each time step. (a) Speed distribution of zebrafish in a homogenous environ-
ment. (b) Speed distribution of zebrafish in a homogenous environment with other fish present. (c) Speed distribution of
zebrafish in a heterogenous environment. (d) Speed distribution of zebrafish in a heterogenous environment with other
fish present.

Figure 2. Example of the three orientation PDFs and their combined orientation PDF plotted in Cartesian (left) and polar
coordinates (right). The basic-swimming case of the f0 PDF centred around 0 radians can be seen coloured in blue, the
PDFs from perceived stimuli in red and black and the final composite PDF in green.

The fish’s position is updated accordingly based on the sampled orientation and speed.

Results and Discussion

We validated the final extended model by comparing the probability of fish presence
within a given environment over a 10-hour period with experimental recordings of real
zebrafish of equal duration, made available by Collignon et al. on Dryad [7]. A screenshot
of the interactive simulation is shown in Figure 3.
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Figure 3. Screenshot of the full perception-based stochastic zebrafish model simulation with 10 zebrafish and two spots
of interest, depicted as circles, in an irregular environment. On the right, a sidebar displays fish, spot, and drawing
controls, alongside the polar plot of the orientation probability density function of the selected fish.

We ran 10-hour long simulations for 4 different environments:

• homogeneous environment with 1 fish,
• homogeneous environment with 10 fish,
• heterogeneous environment with 1 fish and 2 spots,
• heterogeneous environment with 10 fish and 2 spots,

The comparison of the probability of presence for each environment with their corre-
sponding experimental data can be seen on Figure 4 and Figure 5 for the homogeneous
and heterogeneous environments respectfully.

Figure 4. Probability of presence for experimental data (a,b) and simulated data (c,d). Experimental data was obtained
from ten 1-hour recordings, while simulated data was obtained from single 10-hour simulations for each environment.
The environments are homogeneous, as they contain only fish. (a) Probability of presence of a single experimentally
recorded zebrafish. (b) Probability of presence of ten experimentally recorded zebrafish. (c) Probability of presence of a
single simulated fish. (d) Probability of presence of ten simulated fish.
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Figure 5. Probability of presence for experimental data (a,b) and simulated data (c,d). Experimental data was obtained
from ten 1-hour recordings, while simulated data was obtained from single 10-hour simulations for each environment.
The environments are heterogeneous, containing two floating discs marked with red circles. (a) Probability of presence
of a single experimentally recorded zebrafish. (b) Probability of presence of ten experimentally recorded zebrafish. (c)
Probability of presence of a single simulated fish. (d) Probability of presence of ten simulated fish.

To determine the optimal values of the weights α∗ and β∗, we performed simulations
with varying values and selected those that produced presence probabilities closest to
the experimental recordings, the final values alongside other parameters can be seen in
Table 1.

Table 1. Parameters of the stochastic zebrafish model.

Parameter Value Description
κ0 6.3 Basic-swimming dispersion
κw 20 Wall-following dispersion
κf 20 Perceived fish dispersion
κ0

s 10 Spot of interest dispersion (outside spot)
κs

s 0.5 Spot of interest dispersion (under spot)
κW B 3 Forward-facing amplification parameter
α0 7 Weight of perceived fish during basic-swimming when only fish are present
αw 2 Weight of perceived fish during wall-following when only fish are present
β0 0.25 Weight of perceived spots during basic-swimming when only spots are present
βw 0.125 Weight of perceived spots during wall-following when only spots are present
αB

0 9 Weight of perceived fish during basic-swimming when fish and spots are present
αB

w 2 Weight of perceived fish during wall-following when fish and spots are present
βB

0 0.25 Weight of perceived spots during basic-swimming when fish and spots are present
βB

w 0.125 Weight of perceived spots during wall-following when fish and spots are present

To illustrate fish behaviour in an irregular environment, we ran the following 1-hour
simulations:

• Irregular environment with 1 fish and 2 spots,
• Irregular environment with 10 fish and 2 spots.

The resulting probability of presence for each environment can be seen on Figure 6.
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Figure 6. Probability of presence for simulated data (a,b) from two 10-hour recordings per environment. The environ-
ments are heterogeneous, containing two floating discs (red circles), and irregular due to additional wall geometry (black
lines). (a) Probability of the presence of a simulated singular fish. (b) Probability of the presence of 10 simulated fish.

Discussion

We successfully implemented the stochastic zebrafish behaviour model presented by
Collignon et al. and reproduced presence probabilities for both homogeneous and
heterogeneous environments, which closely match experimentally recorded data. We
also developed an interactive simulation that allows control over fish and spots, and
improved its performance by approximating the solid-angle calculations in the perception
model using fitted functions. The model was further extended to irregular environments,
which can contain arbitrary wall configurations drawn directly within the interactive
simulation. The resulting presence probability images, shown on Figure 6, clearly display
fish navigating around the irregular wall structures.

Future work would focus on adding more stimuli to the environment, such as food
and acquiring experimental zebrafish data in irregular environments to evaluate how well
the model reproduces real fish behaviour in non square-walled environments.

CONTRIBUTIONS. AA and OK developed the method for detecting tangential wall directions
in irregular environments, which was implemented solely by AA. UV implemented the original
perception model for presence probability, improved its performance by approximating functions
and helped OK clean up speed distribution data. OK implemented the improved stochastic
model and the interactive simulation. MR determined the parameter values presented in Table 1.
AA and MR focused on the first half of the report (Introduction and Methods), while OK wrote
the second half (Results and Discussion). All authors contributed to writing and revising the
report within their respective areas of work.
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