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Zebrafish are increasingly being utilized as a laboratory animal species to study various biological processes, both nor-
mal and pathological. It is crucial to comprehend the dynamics of zebrafish locomotion and put forth realistic models since
their locomotion characteristics are employed as feedback indicators in diverse experiments. In this study, we conducted
experimental research on the locomotion of zebrafish across various spatial sizes, focusing on the analysis of motion step
size and motion direction. The results indicated that the motion step exhibits long-range correlations, the motion direction
shows unbiased randomness, and the data characteristics are not influenced by spatial size. The dynamic mechanisms are
complicated dynamical processes rather than fractional Brownian or Lévy processes motion. Based on the experimental
results, we proposed a model for describing the movement of zebrafish in a circular container. Our findings shed light on
the locomotion characteristics of zebrafish, and have the potential to benefit both the biological outcomes of animal tests
and the welfare of the subjects.

Keywords: zebrafish locomotion, individual behavior, zebrafish modelling, stochastic process
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1. Introduction
As a vertebrate model species, zebrafish has great po-

tential in the research of genetics, neurophysiology, and
biomedicine.[1–4] Compared with other laboratory animals, ze-
brafish is rapidly becoming a popular laboratory species due
to its high reproductive rate, short metabolic time, highly so-
cial behavior, and high breeding density.[5–9] For instance, ze-
brafish have been utilized in neurobehavioral studies,[10] ge-
netic and biological investigations of both acute and chronic
drug effects, and addiction research,[11,12] as well as in the ex-
ploration of higher neural functions of the brain, such as mem-
ory and learning.[13] In addition, in order to generate high-
throughput behavioral data,[14–16] a lot of effort is being put
into combining computer-generated imagery and robotic mod-
els of the same species, other species, and predators.[17–22]

Understanding the dynamics of zebrafish locomotion and
developing accurate models is essential, as their locomo-
tion characteristics serve as feedback indicators in various
experiments.[23–25] Also, the necessity of comprehending the
influence of spatial size on the dynamics characteristics of ze-
brafish locomotion arises from the inherent variations in the
spatial and environmental contexts of individual subjects. The
capacity to simulate intricate behaviors can enhance experi-
mental protocols and hypotheses by facilitating in silico ex-
periments, which can predict potential experimental outcomes
without the need for animal testing. Within the framework
of the three Russell’s principle (replacement, reduction, and
refinement),[26] virtual experiments can be utilized to conduct

a priori power analysis to determine the required number of
subjects, optimize the biological yield of experimental obser-
vations, and mitigate the impact of biological confounders. All
these factors can contribute to reducing animal use and suffer-
ing. Additionally, models depicting the motion of individual
fish serve as a crucial foundation for the modeling and analysis
of collective fish behavior.[27–29]

Various models of individual animal locomotion have
integrated uncorrelated and unbiased random walks, where
the increments to an animal’s position are assumed to be
independent.[30,31] Recent studies have also investigated indi-
vidual animal movement through the use of correlated random
walks (CRWs).[28,32–35] In these studies, the assumption is that
the animal’s successive steps are correlated, as seen in the per-
sistent random walker (PRW) model proposed in Ref. [32] for
examining ant displacement and the CRW model proposed in
Ref. [33] for investigating caribou movement. Recently, these
processes have been adapted to characterize fish turn rate as
a persistent turning walker (PTW).[35] Modeling the turn rate
of the barred flagtail fish (Kuhlia mugil) as a stochastic mean-
reverting process with a tendency towards zero captured its
tendency to turn in both directions-left and right.[35]

Here, we conducted experimental research to investigate
the locomotion characteristics of zebrafish. Subsequently, we
developed a dynamic model to describe their movement, uti-
lizing the experimental data. The following is the layout of this
article. In Section 2, the methods are presented. The exper-
imental results, which include motion trajectory, motion step
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size and motion direction, are discussed in Section 3. The sim-
ulation results are outlined in Section 4. And the conclusion
and discussion are given in Section 5.

2. Methods
2.1. Experiment

The test subjects employed zebrafish that were more ener-
getic. Zebrafish were employed as the experimental model in
our research. The subjects were between 6 and 8 months old,
with an average body length of approximately 3 cm. The fish
were housed in aquariums measuring 40 cm×24 cm×25 cm,
with a maximum capacity of 25 fishes per tank. They were
fed standard small fish food daily at 7 p.m. The experiment
commenced following a 10-day acclimation period. The ex-
perimental apparatus comprised basins with radii of 9.5 cm
(space S), 11.5 cm (space M), and 16.5 cm (space L). The
water was consistently kept at a depth of 10 cm. The water
temperature was maintained at 25±1 ◦C, and the pH was kept
at 7.0. To observe the fish, a high-resolution wide-angle cam-
era (SONY FDR-AX60) was installed 100 cm above the water
surface. All experiments were conducted under natural light
during the daytime. For each experiment, a singular fish was
placed in the basin, enabling it to move freely. The duration
of each experiment was approximately 10 minutes. Before
each experiment, we randomly selected an individual from the
water tank, allowed it to acclimatize in the round experimen-
tal container for 30 minutes, and then commenced the exper-
iment. Additionally, the water in the container was changed
each time to prevent any influence from the previous fish on
the experimental conditions. Conduct 10 experiments in each
container, using different individuals for each experiment. The
experiments in containers S, M, and L are denoted as groups
S, M, and L, respectively. The individuals in the experiments
can be referred to as group–individual, with (group = S, M,
L) and (individual = 1, 2, 3, . . . , 10). We randomly selected
one experiment from each of the three groups (S, M, and L) as
examples and provided detailed descriptions in the text. The
corresponding individuals are denoted as S–s, M–s, and L–s,
respectively, and this group of 3 individuals is called group s.

2.2. Data

Our high-definition camera captures the experiments at
30 Hz, and the obtained videos were then processed using the
open-source software Tracker (Version 6.2.0), thus allowing
us to obtain the movement data of the zebrafish in each ex-
periment. By processing these data, we can get the swim-
ming track, step length, and movement direction of the ze-
brafish. The movement step of the fish at time t, which is
the displacement within 0.1 s, can be expressed as move-
step length(t) = |∆𝑋(t)| = |𝑋(n+3)−𝑋(n)|. 𝑋 repre-
sents the displacement of a single fish, t is (n/30 s), and n

(n = 3,6,9, . . .) is the number of frames of the video. We use
the angle between ∆𝑋(t) and the x-axis to represent the di-
rection of motion θ(t). Similarly, we can calculate the change
in direction of motion, ∆θ(t), by ∆θ(t) = θ(t + 0.1s)−θ(t),
which has a range of [−π , π].

2.3. Model

Based on the analytical results of experimental data, we
formulated a model that elucidates the movement of zebrafish
in a circular basin with a radius of r. The equation of the model
can be expressed as Eq. (1), where the vector 𝑄n denotes the
location of the zebrafish with the basin’s center as its origin.
The sequence {M1,M2,M3, . . .} and {𝑑1,𝑑2,𝑑3, . . .} denote
the time series of movement steps and directions, respectively.
And the dynamic mechanism of {M1,M2,M3, . . .} is fractional
Brownian motion (fBm) which can be either derived from ex-
perimental data or generated manually. To accurately simu-
late the motion of zebrafish in a basin, the magnitude of the
position vector should not be greater than the radius r. So,
whenever an individual is about to cross the boundary, the in-
dividual can automatically select an appropriate direction to
ensure that it does not cross the boundary. The rules for auto-
matic direction selection are Eq. (2). The symbol Z indicates
that the first gn,i is selected from the sequence Gn in order to
prevent Qn+1 from exceeding r. Moreover, gn,i is calculated as
shown in Eqs. (3) and (4)

𝑄n+1 =𝑄n +Mn𝑑n+1, (1)

𝑑n+1 = Z {gn,i; i = 1,2,3, . . .}= ZGn, (2)

𝑔n,i = ℎn,i, Qn < r− rr, (3)

𝑔n,i = ℎn,i +𝜒n,i, r− rr < Qn < r,

n = 1,2,3, . . . , (4)

with

𝜒n,i = 𝑒′n,i +𝑒′′n,i,

𝑒′n,i =
α

ρ
,

𝑒′′n,i = βρ,

Hn ≡ {ℎn,i; i = 1,2,3, . . .}
= ϕ (𝑑n,{ζ ·θn,i; i = 1,2,3, . . .})
= ϕ (𝑑n,(ζ ·Θn)) , (5)

where 𝜒n,i represents the boundary effect, and 𝜒n,i can be de-
composed into boundary tangential action 𝑒′n,i and boundary
normal phase action 𝑒′′n,i. ρ ≡ 1/r2, rr is the distance at which
the boundary effects. ϕ means to rotate the vector 𝑑n,i at an
angle θn,i. The movement of zebrafish can be regarded as con-
sisting of a large number of gliding processes, in which the
direction of motion remains unchanged. When two gliding
processes intersect, the direction change is a random process,
which can be controlled by noise. The duration tf of each glid-
ing process is also a random process, and tf follows a uniform
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distribution in the interval (0, τ). The value of parameter ζ is
0 or 1 to control whether noise affects the motion discovery of
zebrafish. Θn = ψ(W ) is noise, and W is noise that follows the
Weibull distribution of parameters a and b. The purpose of the
symbol ψ is to randomly multiply the noise W by −1 or 1.

To facilitate comparison with our experimental results,
we fixed all other parameters while only r was used as the con-
trol parameter, and the fixed values of other parameters were
α = 0.01, β = 2.57, rr = 0.3, τ = 16. Through experimenta-
tion, it was determined that the values of a and b are 0.29 and
0.76 respectively (see Fig. 7(d)).

2.4. Weibull distribution

By observing the distribution of movement steps and
movement direction, it is found that their distribution has the
characteristics of asymmetric distribution, and the Weibull dis-
tribution can flexibly depict this trend through its shape param-
eters and scale parameters. Therefore, in this paper, we use the
Weibull distribution to fit the distribution of movement steps
and movement direction.

The probability density function of the Weibull distribu-
tion is

f (y|a,b) = a
b

(
y
a

)b−1

exp

[
−
(

y
a

)b
]
, y≥ 0,

f (y|a,b) = 0, y≤ 0. (6)

The cumulative distribution function of the Weibull distribu-
tion is

p = F(y|a,b)

=
∫ y

0

b
a

(
y′

a

)b−1

exp

[
−
(

y′

a

)b
]

dy′

= 1− exp
[
−
(

y
a

)b]
. (7)

The probability p that a single observation from the Weibull
distribution with parameters a and b is within the interval [0,y]
can be obtained.

3. Experimental results
In our experiments, we investigated the movement char-

acteristics of zebrafish. To capture general patterns, we uti-
lized three containers of varying sizes (see Section 2 for de-
tails).

3.1. Movement trajectory

Movement trajectories are the basis for further analysis
and can also reflect the individuals’ movement characteristics
at a macro level (see Fig. 1). Each individual’s movement
trajectory in space S covers the entire space, as depicted in
Fig. 1(a) showing the movement trajectory of the individual

S–s. The trajectories of other individuals in group S are de-
picted in Fig. S1 (Figures S1–S30 are shown in the supple-
mentary materials). The distribution of trajectories in space S
are relatively dense. The trajectories in space M are mostly
distributed near the boundary [see Figs. 1(b) and S2], and the
trajectories in space L are almost distributed along the bound-
ary [see Figs. 1(c) and S3].

(a) M↩s L↩s(b) (c)S↩s

Fig. 1. Movement trajectories of the three individuals in group s. Trajecto-
ries in panels (a), (b), and (c) are those of zebrafish in basins with radii of
9.5 cm, 11.5 cm, and 16.5 cm, respectively.

We also calculated the distribution probability of distance
of the individual from the center of the container for the three
individuals in Fig. 1, as shown in Fig. 2. We find that indi-
viduals in different spaces occupy a larger proportion of the
distribution at the boundary of the container. As the space
size increases, the distribution near the center of the container
significantly decreases. These results indicate that the distri-
bution characteristics of trajectories in containers of different
sizes are completely different. The difference in these distri-
butions can reflect the attractiveness of the boundary to indi-
viduals, and this attractiveness decreases as the curvature of
the boundary increases. These trajectories are composed of a
series of line segments of varying lengths, indicating that the
movement of zebrafish is composed of a large number of glid-
ing movements. These features provide a basis for modeling
the movement of zebrafish.
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Fig. 2. The distribution probability of R for the three individuals in Fig. 1. R
denotes the distance of the individual from the center of the container.

3.2. Movement step length

We obtained the time series data for the step lengths (mea-
sured as displacement per 0.1 second) of individuals’ move-
ments. The time series of step lengths for the three individuals
in group s are depicted in Fig. 3(a) (corresponding to the tra-
jectories in Fig. 1). And the frequency distribution of the step
lengths of the three individuals are shown in Fig. 3(b). The
cumulative frequency distributions of the corresponding step
lengths are shown in Fig. 3(c). For other individuals in groups
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S, M, and L, step lengths’ frequency distributions and cumu-
lative frequency distributions are shown in Figs. S4–S9. The
results indicate that the step lengths series of zebrafish follows
the Weibull distribution.
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Fig. 3. Analysis results of the movement steps in Fig. 1. (a) The time series
of the movement steps of the three individuals in Fig. 1. (b) Frequency distri-
butions of movement steps in panel (a). The Weibull distribution was fitted
to the data, resulting in the red curve. Both parameters a and b represent the
parameters of the fitted curve. (c) Cumulative frequency distributions. The
fitting curves are Weibull cumulative distribution. (d) The relationship be-
tween ln(s) and ln(Fs) of the time series in panel (a). The solid red lines are
fitting curves, and the slope of fit curves are referred to as the Hurst index,
denoted as H.

Figure 3(d) shows the ln(Fs) as a function of ln(s) for
the step lengths series of the individuals in group s. Here, we
use the detrended fluctuation analysis (DFA)[36,37] method for
analysis. The value ln(s) represents the logarithm value of the
time scale s, where s is the length of the window, represent-
ing the analysis of the sequence at different scales. Fs is the
wave function of the time series calculated in the window cor-
responding to the step size s, which represents the detrended
fluctuation amplitude of the series under different scales. The
relationships of ln(Fs) and ln(s) for other zebrafish are de-
picted in Figs. S10–S12. Along a wide scale range, the data
points for the series are closely distributed along the fitting
lines, where the slope of the fitting line represents the Hurst
index, denoted as H. These results (H > 0.5) indicate that the
step lengths of individuals in all three containers exhibit long-
range correlation.

We also considered the correlation-dependent balance es-
timation of diffusion entropy (cBEDE) method[38–40] to ex-
amine the scale-invariance. The relationships between ScBEDE

and ln(s) for the individuals in group s are illustrated in
Fig. 4. Here, ScBEDE is the diffusion entropy derived from
each dataset using the cBEDE method. It serves as a quan-
titative measure to assess the scale-invariant behavior of time
series data by estimating the entropy associated with the tem-
poral dynamics across different time windows. This value not
only reflects the intrinsic complexity of the dataset but also
captures how the distribution of temporal patterns evolves with
the size of the time window s. The curves of other individu-
als can be seen in Figs. S13–S15. The data points are closely
packed along their respective fitting lines across a broad range,
and the curves observed to a great extent follow the power law.
The slopes of the fitting lines represent the scaling exponent,
denoted as α .

2 

1

2

3

4
S

c
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E
α=0.74 α=0.73α=0.84

ln(s↽
4 6 2 4 6 2 4 6
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(a) (b) (c)

Fig. 4. The curves of ScBEDE versus ln(s) of three individuals in group s.
Panels (a), (b), and (c) are the results corresponding to individuals in S–
s, M–s, and L–s, respectively. The slopes of fitting curves are the scaling
exponent, denoted as α .

To examine whether the size of the activity space has an
impact on the Hurst index and scaling exponent of the step
lengths, we compared the average values of all experimental
results in different containers (see Fig. 5). The results indicate
that the average values of Hurst index H for all containers are
around 0.66, and the average values of scaling exponent α are
around 0.80. It can be seen that although the characteristics
of trajectories in different containers show significant differ-
ences, there is no significant difference in the Hurst index H
and scaling exponent α .
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Fig. 5. The mean values corresponding to the Hurst index and scaling
exponent in spaces S, M, and L.
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The combined utilization of the scaling exponent α , as
estimated by the cBEDE, and the Hurst index H, as estimated
by the DFA, may illuminate the dynamical mechanisms under-
lying the series of step lengths of zebrafish. Specifically, the
dynamical mechanism is fBm when H and α satisfy the rela-
tionship α = H, and the dynamical mechanism is Lévy walk
when H and α satisfy α = 1/(3− 2H).[41] The relationships
between α and H corresponding to the groups S, M, and L

are shown in Fig. 6. For comparisons, we presented the curves
α = H (black solid line) and α = 1/(3−2H) (red dotted line).
The data points (H, α) of all individuals in the spaces S, M,
and L are basically not distributed on the curves α = H and
α = 1/(3− 2H). Therefore, the individuals’ step lengths in
the spaces S, M, and L are generated by complex dynamical
processes rather than Lévy processes or fBm.

0.5 0.6 0.7 0.8 0.9
H
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α=1/(3↩H↽
α=H
S
M
L

Lévy

α

Fig. 6. The relationship between the scaling exponent α and the Hurst
index H, which are obtained by the cBEDE and DFA methods, re-
spectively. Solid black line and dashed red line represent α = H and
α = 1/(3−2H), respectively.

3.3. Movement direction

The movement of zebrafish can be decomposed into step
length and direction. Here, we analyzed the changes in move-
ment direction ∆θ for individuals. As depicted in Fig. 7, the
experimental results of ∆θ for the individuals in group s are
presented. The experimental results of other individuals are
shown in Figs. S16–S24. Figure 7(a) shows the time series of
∆θ for the individuals in group s. The Hurst indexes and scal-
ing exponents are both around 0.5, indicating that the change
in direction is a general random process [see Figs. 7(b) and
7(c)]. Since the time series of ∆θ is a general random pro-
cess, and its frequency distribution is basically symmetric with
respect to ∆θ = 0, so a more convenient way to study the
change of direction is to consider |∆θ |. The frequency distri-
bution and cumulative frequency distribution of |∆θ | is shown
in Figs. 7(d) and 7(e), respectively. The results show that the
cumulative frequency distribution and frequency distribution
of |∆θ | obey a Weibull cumulative distribution and a Weibull

distribution, respectively, providing support for modeling the
movement of zebrafish.
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Fig. 7. Analysis results of changes in movement direction of the three individ-
uals in group s. (a) Time series of changes in movement direction ∆θ . (b) The
relationship between ln(Fs) and ln(s) of the time series of ∆θ . (c) Curves
of ScBEDE and ln(s). (d) Frequency distributions of ∆θ . The solid red curves
are the corresponding fitting results of the Weibull distribution. (e) Cumula-
tive frequency distributions of ∆θ . The solid red curves are the corresponding
fitting results of the Weibull cumulative distribution.

4. Simulation results
Based on the experimental data, we developed a mathe-

matical model to depict the movement of zebrafish within a
circular container. In comparison with the experimental re-
sults, we selected the radius r of the circular container as the
control parameter and examined its impact on the trajectories
of zebrafish. The simulation duration matches the experimen-
tal duration, which is 10 minutes. Figure 8 illustrates the sim-
ulation results obtained using various values of r. The trajec-
tory is evenly distributed in space when the radius r is equal to
9.5 cm [see Fig. 8(a)]. With a radius r of 11.5 cm, the trajec-
tories predominantly adhere to the inner wall of the container,
resulting in a substantial decrease in trajectory within the con-
tainer [see Fig. 8(b)]. When the radius r equals 16.5 cm, nearly
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all trajectories adhere to the inner wall of the container. The
Hurst index H and scale index α of the step sequence from the
simulation results under different radii were also calculated
[Fig. 8(b)]. The results indicate that the step of the simulation
at different radii is still generated by a complex process, rather
than Lévy processes or fBm. This aligns with the experimen-
tal results, further validating the effectiveness of our model in
describing zebrafish movement.

(a1)

r=9.5 cm
r=11.5 cm
r=16.5 cm

fBm

Lévy

0.5 0.6 0.7 0.8 0.9
H

0.5

0.6

0.7

0.8

0.9

1.0

1.0

α

α=1/(3↩H↽
α=H

(a2) (a3)

(b)

Fig. 8. (a) Simulation results of movement trajectories with different r: (a1)
r = 9.5 cm, (a2) r = 11.5 cm, and (a3) r = 16.5 cm. (b) The relationship
between the scaling exponent α and the Hurst index H of the step series of
simulation results with different r.

5. Discussion and conclusion
Our experimental research analyzed the locomotion char-

acteristics of zebrafish and then we established a dynamical
model to describe the movement of zebrafish, utilizing the
gathered experimental data. The results showed that the step
lengths of zebrafish in a circular container displays long-range
correlation. The change in direction of an individual during
movement is a general stochastic process. The dynamic mech-
anisms are complex dynamical processes, distinct from frac-
tional Brownian or Lévy processes motion, and the spatial size
does not impact the dynamic mechanisms.

Human observation-based methods play a crucial role
in behavioral studies of zebrafish, constituting an essential
toolset for analysis.[14,15] Together with newly implemented
tracking-based tools.[42,43] these methods have significantly
advanced our comprehension of zebrafish behavior. These
models can be utilized to conduct customizable exploratory in
silico experiments before resorting to animal testing. Compu-
tational trials can enhance the biological yield of animal tests
by optimizing the informational value of the trials. In addi-
tion, computational trials can contribute to subject welfare by
enhancing the reliability of power analysis and reducing the
influence of biological confounds.
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