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Diffusion and anomalous diffusion are widely observed and used to study movement across organisms, result-
ing in extensive use of the mean and mean-squared displacement,. However, these measures, corresponding to
specific displacement moments, do not capture the full complexity of movement behavior. Using high-resolution
data from more than 70 million localizations of young and adult free-ranging barn owls (Tyto alba), we reveal
strong anomalous diffusion as nonlinear growth of displacement moments. The moment spectrum function λt (q),
defined by 〈|x(t )|q〉 ∼ tλt (q), displays piecewise linearity in q, with a critical moment marking the crossover
between scaling regimes. This highlights the need of a broad spectrum of displacement moments to characterize
movement, which we link to age-specific ecological drivers. Furthermore, a characteristic timescale of 5 minutes
marks an unexpected transition from a convex to a concave λt (q). Using two stochastic models, a bounded Lévy
walk and a multimode behavioral model, we account for the observed phenomena, showing good agreement
with data, relating age-specific behavioral states to environmentally confined movement, and demonstrating how
Lévy-walklike patterns can arise from the underlying behavioral structure. Finally, we discuss the ecological
significance of our results, arguing that strong anomalous diffusion may be widespread in animal movement.
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I. INTRODUCTION

Understanding the movement of organisms is a central
challenge across scientific disciplines, playing an essential
role in a wide range of biological and ecological systems.
For over a century, diffusion models have been instrumental
in addressing this challenge. Karl Pearson first proposed the
random-walk model in a 1905 Nature letter to solve the chal-
lenge of mosquito dispersion in forests [1]. Lord Rayleigh
subsequently linked this model to the central limit theorem,
noting that for a moderately large number of displacements
the distribution of a random walker approaches a Gaussian
distribution [2]. These theories have since become central in
a wide array of scientific analyses, from error quantification
to the diffusion of diseases [3]. More recently, it has been
recognized that the random-walk model is applicable primar-
ily to Markovian processes, whereas many natural processes
do not exhibit Markovian properties [4]. Consequently, the
study of so-called anomalous diffusion has become crucial in
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biological and ecological systems [5–8]. Nevertheless, most
diffusion-based movement studies are still primarily focused
on the mean and mean-squared displacement (MSD), often
overlooking higher displacement moments [9–12].

Currently, diffusion and anomalous diffusion models
(see definitions below) describe the movement of particles,
molecules, and animals in a wide range of physical, chemical,
biological, and ecological systems [13,14]. In the context of
organism movement, diffusion models are used to explain how
individuals disperse over space and time, affecting popula-
tion dynamics, spatial distribution, and interaction with the
environment [15,16]. Diffusion is also relevant in ecological
settings, where dispersal and other movement phenomena de-
termine the structure and spread of the population, influence
the dynamics of metapopulation, and underlie predator-prey
interactions and the coexistence of competitors [17]. Under-
standing the diffusion processes that underlie the movement
of organisms is also crucial for addressing applied ecological
concerns related to habitat fragmentation, biodiversity con-
servation, species invasion, and the management of natural
resources [18–20]. Furthermore, within movement ecology
[11,21], models such as the random walk are essential to link
movement metrics such as mean displacement and travel dis-
tance to underlying biological and environmental drivers. By
employing a range of models, from minimal parameter mod-
els [22–24] to more sophisticated, parametrized simulations
that incorporate detailed ecological contexts and correlations
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[25–27], empirical field data can be parsed into meaningful
patterns and predictions. These models often offer insights
into the mechanisms that govern movement and predict how
organisms respond to environmental changes [28–30], thus
bridging between empirical observation and theoretical under-
standing of movement.

Common observables in movement studies are the mean
displacement and the MSD, both central to quantifying the
diffusive movements of organisms [31,32]. In ecological stud-
ies, MSD is used to characterize dispersal rates and movement
strategies, offering insights into the underlying mechanisms
of organism movement for both normal and anomalous diffu-
sion processes [10,33–35]. In normal diffusion, e.g., Pearson’s
random walk [1], the Gaussian central limit theorem results in
an MSD increasing linearly with time according to 〈x2(t )〉 ∼
2dDt , where x(t ) = �x(t ) − �x(0) is the position at time t , rel-
ative to the initial position, d is the spatial dimension, and D
is the diffusion coefficient. Although this is a useful model
for many natural processes, in many practical scenarios, the
statistical properties of particle motion deviate from the clas-
sical Gaussian behavior [9]. In these systems, with so-called
anomalous diffusion, the MSD exhibits a behavior inconsis-
tent with linear scaling with time according to 〈x2(t )〉 ∼ tα ,
with α being the diffusion exponent. Here, α = 1 corresponds
to normal diffusion, α < 1 to subdiffusion with slow spread,
and α > 1 to superdiffusion with faster-than-normal spread.

In many studies, the MSD is used to characterize the
motion, be it normal or anomalous. However, this may lead
to a wrong conclusion, as the MSD is a meaningful char-
acteristic for processes where the distribution scales like
(1/tα/2)F (x/tα/2) (e.g., Gaussian processes). Such a behavior
is called monoscaling, as x scales with tα/2. However, it has
been shown by the work of Vulpiani and colleagues [36–38]
that in a more general setting the MSD is only one point in the
spectrum of exponents describing the growth of the moments
of order q. Thus, a useful tool to analyze data is the moment
spectrum function λt (q) defined by

〈|�x(t ) − �x(0)|q〉 ≡ 〈|x|q〉 ∼ tλt (q), (1)

where q is a positive real number, and for the special case
of q = 2 we recover the MSD. For scale-invariant processes,
the scaling exponent is time independent and linear in q, e.g.,
for Brownian motion it follows λt (q) = q/2 and for fractional
Brownian motion [39] λt (q) = α/2 for all q. A nonlinear
dependence of λt (q) in q is termed strong anomalous diffusion
(SAND) [36] and entails that the MSD is not indicative of
displacement at varying spatial scales.

SAND is evident in diverse theoretical processes such as
transport in two-dimensional incompressible velocity fields
[36], dynamics in billiard systems [40,41], avalanche behav-
iors in sandpile models [42], cold atoms in optical lattices
[43,44], and more [45–49]. Many of these systems share a
piecewise linear scaling behavior, with two scaling exponents
and a transition at a critical moment value, showcasing bi-
linear scaling. Experimentally, SAND was found for tracers
in cancerous cells [50]. Recent experiments have also shown
non-monoscaling of moments for diffusion of light in a disor-
dered medium [51]. To the best of our knowledge, empirical
evidence of SAND is still limited and has not been shown in
ecological systems.

In this article, we study and model the movement patterns
of barn owls (Tyto alba) based on the displacement moments
of their movement. In Sec. II, we describe the tracking, nu-
merical, and analytical methods. Importantly, the same dataset
was previously analyzed in Ref. [52], and is revisited here
from a new theoretical and numerical perspective, applying
the SAND framework and identifying movement scales not
previously reported. In Sec. III we show empirical evidence
for SAND with bilinear scaling in the displacement moments,
revealing that the MSD can be situated at the transition be-
tween scaling regimes, such that it does not represent either
behavior accurately. Interestingly, SAND is found for both
adult and young barn owls during the first few month after
fledging (so-called fledglings) with a convex bilinear λs(q)
at times shorter than 5 minutes. Contrary to the convex mo-
ment spectrum function at short times, we find a qualitatively
different concave function λ�(q) at longer times. In Sec. IV
we employ two stochastic models with varying degrees of
ecological complexity to account for the bilinear scaling and
the transition from convex to concave moment spectrum func-
tions. First, in Sec. IV A a bounded Lévy-walk (BLW) model
is used as a zero-order model of the observed phenomena,
coupling large displacements to bounded movement within a
home range. Second, in Sec. IV B we use an ecologically ori-
ented multimode correlated velocity model [26,27,29,53,54]
to show that the observed phenomena can be attributed to
a mixture of two distinct ecological behaviors: local area-
restricted searches and large-scale commutes [52,55]. We
show that by parametrizing the multimode correlated velocity
model from data we account for the observed phenomena,
and for the similarities and differences between adults and
fledglings. In Sec. V we interpret the empirical SAND and
scaling transitions in relation to age-specific foraging strate-
gies and behavioral timescales [56], and discuss the generality
of our results with respect to animal movement in light of
the broader literature on scale-dependent movement [8,55].
Finally, in Sec. VI we summarize and establish the importance
of accounting for a wide and continuous range of moments in
movement studies.

II. METHODS

A. Tracking

Sixty barn owls were tracked in the Hula Valley, Israel
(33.10N, 35.61E) between May and December 2018, using
ATLAS (Advanced Tracking and Localization of Animals
in Real-Life Systems), a reverse GPS system that localizes
extremely lightweight, low-cost tags [11,57,58]. Each AT-
LAS tag transmits a distinct radio signal, which is detected
by a network of base stations distributed in the study area.
Tag localization is computed using nanosecond-scale differ-
ences in signal time of arrival to each station, allowing for
real-time tracking and alleviating the need to retrieve tags
or have power-consuming remote-download capabilities. The
individuals tracking frequency was 0.125 and 0.25 Hz, for
the fledglings and adults, respectively. Localization errors are
reported as a 2×2 covariance matrix per localization. In this
study we omit localizations with variance >502 m2, defined
in terms of the trace over the covariance matrix. Furthermore,
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FIG. 1. Results for the adult (a)–(d) and fledgling (e)–(h) barn owls. (a),(e) Thirty nights of ATLAS relocations of a (a) female and
(e) fledgling barn owls in the Hula Valley at a mostly constant frequency of 0.25 Hz. Tracks are split into observational time frames of
T = 4 h. (b),(f) Log-log plot of the average absolute displacement moments 〈|x|q〉/Rq

0 with R0 = 2.5 km representing the average maximum
displacement in a single night. Data points for moment orders q = 1, 1.5, 2, 2.5, 3 are shown (see legend). We omit data for other moments in
these panels, for clarity. Moments show distinct scaling regimes, with a transition at ∼5 min. (c),(g) Moment spectrum function λs(q) at short
times (<5 min, red triangles) exhibiting convex behavior. The dashed blue and orange lines represent the slopes of the bilinear fit for low and
high moments, respectively (see values in legends). Insets: λ(q) for commuting flights alone (omitting area-restricted searches) as identified
by segmenting the full tracks using behavioral change point analysis. The q values along the horizontal axis in the inset are identical to those
in the main panel and span the same range. In addition, the axis labels of the main panels apply also to the insets. (d),(h) Moment spectrum
function λ�(q) for long time intervals (>5 min, red triangles), exhibiting concave behavior. The dashed blue and orange lines represent the
slopes of the bilinear fit.

we filtered out nights in which many localizations are miss-
ing (>70%). Notably, in accordance with the typical error
reported by the system (σ � 5 m) [57], we assume 10 m to
be the noise limit in our measurements. While the noise is
practically much smaller, this is treated as an upper limit for
any significant results.

Eighteen adults, breeding in nest boxes [59], were tracked
both during and post breeding, and we used the hatching
date to define the breeding season by the 90 days following
hatching of nestlings, as for this period the nestlings still
depend on their parents [60]. In addition, 42 fledglings were
tracked up to 5 months after fledging. In total, our analyses
incorporated high-quality data for 7391 nights and more than
70 million localizations. We limited the analyses to movement
data collected during the nights—the activity hours of the
Barn Owl.

In Figs. 1(a) and 1(e), we present 30-night movement
tracks of an adult female and a fledgling, respectively, in the
Hula Valley. The movement patterns exhibit both localized
search behavior and long-distance commutes [52]. Addition-
ally, the spatial concentration of activity suggests a distinct
home range, while the fledgling appears to engage in more
long-distance commutes than the adult female. We elaborate
on these points below. Finally, we verified that the maximum
nightly displacement, max[|x|], is 2.6 ± 1.2 km, consistent
with previously reported values of 2.45 ± 0.93 km and 2.77 ±
0.25 km from other Barn Owl populations in Israel [61,62].

B. Segmentation

To separate long-distance commutes from localized search
behavior, daily tracks were segmented by detecting distinct
switching points separating the two modes. We used the
Penalized Contrast Method suggested by Barraquand and
Benhamou [63], a nonparametric method in which the initial
number of segments is unknown and estimated by minimizing
a penalized contrast function. First-passage time (FPT) was
used as the focal metric [63]. Each point was assigned an
FPT outside a radius of Rs and data was segmented such
that points with similar FPT that were close in time were
clustered together [64]. Data are then split into commuting
and searches according to a threshold on the mean FPT chosen
in accordance with the animal’s velocity. In our segmentation
we choose Rs = 100 m and a threshold of 50 s (see Ref. [52]
for additional details).

C. Data analysis

To calculate the displacement moments, we measure the
absolute displacement |x(t )| = |�x(t ) − �x(0)| of an owl at time
t from its initial position �x(0). We then raise this displacement
to the power of the moment order q, and take the average
of these values for each t across multiple observations. The
averaging is performed over all tracks of adults and similarly
over all tracks of fledglings to construct the empirical moment
curves for each group [65] and each q. Here, t ∈ [0, T ], where
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T = 4 h is the chosen observational time frame for this anal-
ysis. We choose 4-h windows to encompass multiple foraging
events, which are typically around 40 min long [52], while still
being shorter than a full night, which deterministically ends
with the barn owls returning to their nests. Nevertheless, we
have checked that the results shown below qualitatively hold
for T = 1, T = 4, and T = 8 h (see Supplemental Material,
Fig. S1 [66]).

Fits for all moments and for the moment spectrum func-
tions below were performed using SciPy library’s curve fit
(nonlinear least-squares method) in python 3.12. In accor-
dance with the observed bilinear trends, we have fitted a
piecewise linear function to the moment spectrum functions,
measuring the slopes at low and high moments and the tran-
sition point between the two slopes. As an error estimate we
took 1 standard deviation of the fitted parameter. In general,
across all panels shown below, the symbol sizes are larger
than or comparable to the errors. Notably, in several empirical
tracks we have missing data points; consequently, we only
include in our analysis, time series in which >90% of the
points are present. For any time series that has >90% of the
points present, we fill each missing data point with a NaN (Not
a Number), i.e., an empty placeholder, which is naturally not
included in the moment averaging. To verify that this choice
does not affect the statistics, we checked that our results do
not change when varying the 90% threshold between 70%
and 95%. Furthermore, we checked that in the simulations,
randomly replacing 10% of the data points in a simulated
ensemble with NaNs does not significantly affect the results.

III. RESULTS

Results for the barn owls are shown in Fig. 1. In Figs. 1(b)
and 1(f) we show the averaged displacement moments
〈|x|q〉/Rq

0 for q values between 1 and 3. Here, R0 = 2.5 km
corresponds to the average maximum displacement that barn
owls cover in a night (see Sec. II A), and Rq

0 is used to
normalize the data, plotting the moments in a unitless for-
mat. For each moment q, we have performed linear fits for
both short and long times, and for all moments we observe a
crossover between two regimes at ∼5 min. For example, the
MSD (q = 2) in Fig. 1(b) follows 〈|x|2(t )〉 ∼ t1.25 for t < 5
min, entailing superdiffusive dynamics with faster-than-linear
spread, and 〈x2(t )〉 ∼ t0.86 for 5 < t < 240 min, entailing sub-
diffusive dynamics with slower-than-linear spread. For the
fledglings Fig. 1(f)] we have similar superdiffusive scaling
〈x2(t )〉 ∼ t1.37 for t < 5 min, but diffusive scaling 〈x2(t )〉 ∼
t1.04 at 5 < t < 240 min. Importantly, the empirical 5-min
timescale separating the two regimes in Fig. 1(b) is directly
related to the birds’ behavior and finite home range (see Sec. V
below).

We repeated the calculations of the moments for q ∈ [0, 5]
at 0.5 intervals to measure λt (q) for both adults and fledglings.
In the following we focus on λt (q) = λs(q) at short times,
t < 5 min, plotted in Fig. 1(c) [returning below to λt (q) =
λ�(q) at long times, 5 < t < 240 min]. The convex behavior
of the moment spectrum function in Figs. 1(c) and 1(g) is one
of the main results of this article, entailing that free-ranging
barn owls exhibit SAND. As we observe in these figures a
bilinear trend, we fit a piecewise linear function to the moment

TABLE I. Fit results for λs(q) and λ�(q), for adults, fledglings,
Bounded Lévy Walk (BLW) model with α = 1.6 and bounding ra-
dius R = 2 km, and the multimode model parametrized for adults
and parametrized for fledglings. The errors for the adults and
fledglings are given in the text, and we have checked that all other
errors are <10%.

t < 5 min t > 5 min

s1 s2 qs �1 �2 q�

Adults 0.63 0.98 2.14 0.50 0.07 1.57
Fledglings 0.48 0.79 0.67 0.74 0.2 1.19
BLW 0.68 0.97 2.61 0.49 0.24 2.69
Multimode adults 0.67 0.95 2.08 0.53 0.22 2.16
Multimode fledglings 0.64 1.18 0.81 0.85 0.39 0.72

spectrum function λs(q), measuring the slopes at low and high
moments and the transition point between the two slopes. For
both adults and fledglings the displacement moments can be
described by

〈|x|q〉 ∼ tλs (q), λs(q)/q ∼
{

s1, if q < qs

s2, if q � qs,
(2)

where s1 < s2 are the exponents, such that λs(q) is con-
vex, and qs is the critical moment of the piecewise scaling.
For adults [Fig. 1(c)] we find s1 = 0.63 ± 0.06 and s2 =
0.98 ± 0.03 for low and high moments, respectively, with
qs = 2.14 ± 0.18. A qualitatively similar, but quantitatively
different, convex moment spectrum function is observed for
the fledglings, with s1 = 0.48 ± 0.05, s2 = 0.79 ± 0.03, and
qs = 0.67 ± 0.06 [Fig. 1(g)]. Here, the fledglings have lower
exponents for both low and high moments with a significantly
lower value of qs. The exponent values are summarized in
Table I.

A tempting explanation for the differences between adults
and fledglings is that the former display ballisticlike flights
while the latter do not fly in a straight path for prolonged
periods. However, this interpretation is incorrect. To show
this we analyze an ensemble of directed flights (commutes)
between distant locations. To obtain these commutes, we used
a behavioral change point analysis segmentation method [26]
termed the Penalized Contrast Method [63] (see Sec. II B).
The segmentation yields two different ensembles: an ensem-
ble of commutes and an ensemble of area-restricted searches.
Following this behavior-based segmentation, we repeat the
above analysis for only commutes, resulting in a single scaling
of 0.92 for the adults [Fig. 1(c), inset] and of 0.94 for the
fledglings [Fig. 1(g), inset], both suggesting near ballistic
monoscaling. Thus, ballistic commutes are similar between
adults and fledglings and cannot account for the difference
between their different exponents (see further discussion
below).

In contrast to the convex moment spectrum function for t <

5 min, at long times, t > 5 min, we find a concave moment
spectrum function for both adults and fledglings [Figs. 1(d)
and 1(h)]. This transition between a convex λs(q) and concave
λ�(q) is another key finding of this article. Here, the moments
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FIG. 2. Normalized PDFs for the displacement at different t , where different symbols correspond to different time windows, ranging
between 32 and 600 s (lower blue circles to upper green pluses, respectively). Panel (a) displays the PDF of the normalized variable |x|/t1/ξ ,
while panel (b) shows the PDF of the ballistic scaling |x|/t . In the insets, we plot a normalized histogram of the top 2% of the distances with
the x axis in linear scale, where the axis labels of the main panels apply also to the insets. These two panels exhibit biscaling: the scaling
in (a) for the bulk that corresponds to enhanced diffusion with ξ = 1.59 [see Eq. (4)] and the scaling in (b) for the tail that displays ballistic
scaling.

also follow bilinear behavior:

〈|x|q〉 ∼ tλ�(q), λ�(q)/q ∼
{
�1, if q < q�

�2, if q � q�,
(3)

with �1 > �2, resulting in a concave λ�(q). Fitting a piecewise
linear function to λ�(q) for adults [Fig. 1(d)], we find at lower
moments �1 = 0.5 ± 0.04, transitioning at q� = 1.57 ± 0.12
to �2 = 0.07 ± 0.02. Notably, the low value of �2 suggests
that the long-time moment function nearly saturates at high
moments. Similar transition between a convex and a concave
function are observed for the fledglings [Fig. 1(h)], with el-
evated values of �1 = 0.74 ± 0.04 and �2 = 0.2 ± 0.02, and
a lower value of q� = 1.19 ± 0.07. The exponent values for
adults and fledglings are summarized in Table I.

Revisiting the short timescale, t < 5 min, we note that
the adult bilinear moment spectrum function, λs(q), is in
agreement with a universal pattern previously identified for a
broad class of Lévy-walk models [37,67,68]. For these mod-
els, previous studies have established that the bilinear moment
spectrum function follows [37]

λs(q)/q ∼
{

1/ξ, if q < 2
1, if q � 2.

(4)

For the adults s1 = 1/ξ = 0.63 ± 0.06 resulting in ξ =
1.59 ± 0.17, where the physical meaning of the exponent ξ is
related to the broad tail of the flight time distribution (see de-
tails in Sec. IV below). However, (4) does not account for the
results of the fledglings (see Table I), or for the concave λ�(q)
at t > 5 min. These findings motivate the bounded Lévy-walk
model developed in Sec. IV A.

As discussed in Sec. I, the bilinear dependence of the
moment spectrum function λs(q) entails that the probability
distribution function (PDF) does not adhere to monoscaling
in a self-similar fashion, which would imply a linear depen-
dence of λs(q) with q [37]. As the empirical data exhibit a
bilinear form of λs(q), we expect two distinct scaling regimes:
a rescaled (self-similar) PDF t1/ξ P(|x|) versus |x|/t1/ξ for
smaller displacements (bulk) and a rescaled PDF t ξ P(|x|) ver-
sus |x|/t for larger displacements (the tails of the PDF) [37].
Both rescaled regimes directly follow from (4), whereas the

latter indicates a ballisitic scaling. As such, this biscaling has
important statistical consequences for the asymptotic behavior
of the underlying probability densities.

Analysis of the PDF of the displacements of the adult barn
owls shows good agreement with these predictions. The nor-
malized PDFs for different times t are shown in Figs. 2(a) and
2(b). In panel (a) we plot the PDFs of the normalized variable
|x|/t1/ξ for different times t , showing that the data at different
times in the bulk of the PDF collapse onto universal curves.
Here, ξ = 1.59 is not directly fitted for the collapse, but rather
obtained from analysis of the moments [see (4)]. At the tails
of the distribution, the scaling |x|/t1/ξ is no longer observed.
In panel (b) we plot the PDFs of the normalized variable
|x|/t , showing a collapse at the tails of the distribution. In the
insets of both panels we plot a histogram of the upper 2%
of the displacement for each time t , highlighting that only the
ballisticlike scaling |x|/t in Fig. 2(b), leads to a collapse of the
tail at large displacements. Thus, we find that biscaling with
ballistic motion for the tails of the propagator and |x|/t1/ξ for
the central part, are applicable to describe the dynamics.

As mentioned above, while SAND with a bilinear convex
λs(q) has been observed in several systems, to the best of our
knowledge, it has not been reported in ecological systems.
Moreover, existing models of SAND do not accommodate
the observed transition to a concave λ�(q) at long timescales.
Consequently, there is a need to both account for the underly-
ing mechanisms responsible for such behavior and to develop
an ecologically oriented model to understand the observed
phenomena. Below, we employ two stochastic models that
aim to meet these goals, enhancing our theoretical understand-
ing of SAND and its application to ecological data.

IV. SIMULATIONS

A. Bounded Lévy walk

The first suggested model is BLW, serving as a “zero-order
approach,” i.e., an effective model with a low-parameter phase
space. The BLW is constructed to account for the finite home
range of the animal and is based on the well-known Lévy-walk
model. Similarly to Lévy walk, the BLW is characterized
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(a) (b) (c) (d)

FIG. 3. Analysis of BLW simulations with parameters α = 1.6 and R = 2.5 gives results similar to empirical data. (a) 4-h simulated
tracks, sampled every 4 s. (b) Log-log plot of the average absolute displacement moments 〈|x|q〉/Rq

0 with R0 = 2.5 km representing the
average maximum displacement in a single night. Data points for moment orders q = 1, 1.5, 2, 2.5, 3 are shown, displaying two distinct
scaling regimes for each moment q, with a transition at ∼5 min. (c) λs(q) as a function of q for t < 5 min (red triangles). The dashed blue and
orange lines represent the bilinear fit slopes for low and high moments, respectively, where the slopes are denoted in the legends. (d) λ�(q)
as a function of q for t > 5 min (red triangles). The dashed blue and orange lines represent the bilinear fit slopes for low and high moments,
respectively.

by a power-law distribution of jump durations (the times
it takes the walker to move to a new location) according
to ψ (τ ) = 1/τ 1+α for τ > 1 and a constant velocity v [8].
We define BLW by constraining movement within a fixed
radius R from the initial position; any sampled jump exceed-
ing this boundary is resampled until a valid one is obtained
(see Appendix A), such that R serves to define a finite home
range. As it has been shown for the unbounded Lévy walk
that ξ = α [37,67], we use ξ = 1.59 ± 0.17 above [see below
Eq. (4)] and set α = 1.6. We have also checked that direct
flights of the adult barn owls follow power-law distributed
ψ (τ ) (Fig. S2 [66]), and note that in the BLW model, due
to the exclusion of steps beyond the predefined radius, the
jump-time distribution is cut off. In our simulations we set
v = 8 m/s, in agreement with empirical data (Appendix A).
In Fig. 3(a) we plot an example of a 4-h-long BLW for α =
1.6 and R = R0 = 2.5 km, where the latter is approximately
the birds’ average maximum displacement (see Sec. III). We
stress that the BLW model has two parameters, α and R, which
are chosen to match ξ = 1.59 ± 0.17 and R0 = 2.5 km, re-
spectively.

We next repeat the analysis of the empirical data for the
BLW simulations for α = 1.6 and R = 2.5 km, and the re-
sults are shown in Fig. 3 and summarized in Table I. The
BLW shares several key similarities with the empirical data
(Fig. 1), including (a) a shift in the moments at a characteristic
timescale of ∼5 min [Fig. 3(b)]; (b) convex moment spectrum
function for t < 5 min quantitatively similar to the empirical
results for the adult barn owls [Fig. 3(c); compare Fig. 1(c)];
and (c) a transition between a convex and a concave moment
spectrum function [Fig. 3(d)]. Notably, for t < 5 min, the
BLW model closely aligns with adult barn owls in terms of
s1, s2, and qs. For t > 5 min, �1 is similar and both �2 and q�

are larger in the BLW model, compared to adults; however,
the model still captures a concave λ�(q). When comparing
fledglings to the BLW model, we find more discrepancies. For
t < 5 min, fledgling values for s1, s2, and qs are lower, indi-
cating an overestimation by the BLW model. For t > 5 min,
we find a small difference in �1 and a larger difference in q�.

In addition to the results for specific values of α and R, we
have checked that for 1 < α < 2, variations in R, but not in α,

modify the form of the long-time λ�(q). Similarly, variations
in R affect the typical timescale for transitioning from convex
to concave (Appendix A). Thus, the results of the BLW model
with R = R0 = 2.5 km, suggests that the observed phenom-
ena are a mark of a finite home range, whose scale is given by
the maximum displacement scale R0 = 2.5 km (see further
discussion below). Finally, we note that for the BLW, qs > 2
for all values of R and α that we checked, in contrast to qs for
the fledglings. This suggests that the BLW model does not as
effectively represent fledgling movement compared to adults,
although it still successfully models the transition from a con-
vex λs(q) to a concave λ�(q). In the following, we employ a
more ecologically oriented model to better contextualize these
phenomena in an ecological setting.

B. Multimode biased random walk

We implement a multimode two-dimensional biased
random-walk process for animal movement, similar to
processes commonly used in the ecological literature
[16,27,53,69–71]. Our model consists of a random walker
that transitions between discrete behavioral states, where each
state is an Ornstein–Uhlenbeck (OU) process for the velocities
and corresponds to a different mode of stochastic evolution
[19,54,72]. Each state within the model is fully characterized
by a correlation time, τi, and a mean velocity, νi, where the
subscript i denotes different behavioral modes (e.g., feeding,
resting, or evading predators). The transitions between these
behavioral states are governed by a Markovian transition ma-
trix (M), dictating the likelihood of an animal shifting from
one behavior to another. Further details of the simulations are
given in Appendix B, and in what follows we limit ourselves
to two modes: commutes and local area-restricted searches.
An example of a 4-h multimode simulation, with two distinct
modes is given in Fig. 4(a). We note that here a bounding
radius is not directly incorporated, although the transitions
between modes have been reported to act as an inhibitor of
large displacements [71].

Although the model is parameter rich, estimation of the
parameters can be guided by empirical data. Here we esti-
mate the parameters by segmentation of the data into two
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(a) (b) (c) (d)

FIG. 4. Analysis of Multimode simulations shows results similar to empirical data. (a) 4-h simulated tracks. (b) Log-log plot of the average
absolute displacement moments 〈|x|q〉/Rq

0 with R0 = 2.5 km representing the average maximum displacement of barn owls in a single night.
Data points for moment orders q = 1, 1.5, 2, 2.5, 3 are shown, displaying two distinct scaling regimes for each moment q, with a transition at
∼5 min. (c) λs(q) as a function of q. The red triangles represent the values over short time intervals of the simulations. The dashed blue and
orange lines represent the bilinear fit slopes for low and high moments, respectively (see legends). (d) λ�(q) as a function of q for long time
intervals (>5 min, red triangles). The dashed blue and orange lines represent the bilinear fit slopes for low and high moments, respectively.

modes: searches and commutes (see Sec. II B and Ref. [27]).
Following the segmentation, we can derive a correlation time
for each mode by examining the autocorrelation function
of that mode [73]; the mean velocity is directly calculable
from the displacements between adjacent relocations; and the
transition matrix M is inferred from the observed transitions
between modes. This approach yields a direct estimation of
the parameters, providing a basis to explore the model’s be-
havior in relation to the empirical findings. The resulting
parameters are summarized in Table II, and see Appendix B
for more details.

In Fig. 4 and Table I we show the results for simulations
with parameters inferred from the empirical tracks of the
adults, applying the same analysis as performed for the empir-
ical data above. Similarly to the BLW model, the multimode
model reproduces (a) the shift in the moments at a charac-
teristic timescale of ∼5 min [Fig. 4(b)], (b) convex λs(q),
quantitatively similar to the empirical results for the adults
[Fig. 4(c)], and (c) the transition from a convex to a concave
function [Fig. 4(d)]. We have also done a similar estimation
for the fledglings (Table II and Fig. S3 [66]) and the resulting
exponents are given in Table I. As shown in Table I, for
adults, the comparison between model and data shows strong
alignment across most parameters, particularly for t < 5 min,
with s1, s2, and qs closely matching. Over longer timescales
(t > 5 min), there are variations in �2 and q�. For fledglings,

TABLE II. Simulation Parameters for multimode simulation
based on segmentation of the datasets. τi are the correlation times,
vi are the velocities, and M is the probability matrix to transition
between states.

Parameter Adults Fledglings

τ1 (s) 2 1
τ2 (s) 20 45
ν1 (m/s) 5 2
ν2 (m/s) 9 8

M (%)

[
99.85 0.15
0.62 99.38

] [
99.93 0.07
0.29 99.71

]

the model also mostly aligns with the empirical data where the
most notable variations are of elevated s2 and �2 values.

Importantly, some conclusions can be drawn from the mul-
timode model parametrization of adult and fledgling data.
In our parametrization (Table II) we have observed that
fledglings exhibit shorter correlation times during searches
(τ1 = 1 vs τ1 = 2 s), longer correlation times during com-
mutes (τ2 = 45 vs τ2 = 20), and tend to remain in a specific
mode, search or commute, for slightly longer periods. In ad-
dition, fledglings demonstrate lower velocities in both modes
(v1 = 2 and v2 = 8 vs v1 = 5 and v2 = 9 m/s). Taken to-
gether, these factors indicate a higher degree of separation
between modes in fledglings compared to adults; that is,
searches and commutes are more distinct from each other in
fledglings than in adults. Based on this result, we suggest that
the lower crossover points for fledglings (qs and q�), which
are accurately modeled in the multimode model, can indicate
a greater separation between modes.

V. ECOLOGICAL SIGNIFICANCE

As shown above, observing SAND in adults and fledglings
uncovered age-specific scaling regimes. At the same time, our
analysis also highlighted commonalities: bilinear scaling of
the moment spectrum function and a characteristic temporal
scale of approximately 5 min for both adults and fledglings.
This shared timescale illustrates that while the structure and
flexibility of movement modes differ ontogenetically, both age
groups are constrained by a common temporal scale.

To understand the significance of this 5-min timescale, we
note that the commuting velocity for these birds is between
8 and 9 m/s (Table II) and the maximum displacement per
night is ∼2.5 km as detailed above. Factoring both the max-
imum displacement and the velocity, a bird flying at 8–9 m/s
will cover 2.5 km in approximately 5 min. Based on this
observation and the models detailed above, we offer two in-
terpretations of this timescale. The first is a coupling between
the individual and the environment as supported by the BLW
model: due to the finite home range of the bird, straight long-
range flights are limited to ∼5 min, above which interactions
with the edges of the home range become important and
inhibit the increase of the displacement. This explanation is
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supported by direct analysis of the home range of the birds,
where in Appendix C and Fig. S4 [66] we show that indeed for
the adult barn owls, the home range during breeding is 2–3 km
wide. On the other hand, we have found that, on average, the
fledglings display significantly larger home ranges than the
adults (Fig. S4 [66]).

Another closely related explanation for the 5-min timescale
is based on the multimode correlated-velocity model, and does
not require incorporating explicit boundaries. In the multi-
mode model, mechanical or preferential behavior of the bird
limits its commuting behavior, resulting in SAND at short
times and successfully producing a transition from convex
λs(q) to concave λ�(q) without an explicit home range. No-
tably, the multimode model can result in a relatively short
(average) daily maximum displacement but would allow for
larger excursions, as found for the fledglings. Here, an im-
portant finding is that the straightforward parametrization of
the model, without detailed fine-tuning, accurately reflects
our qualitative results as well as the quantitative differences
between adults and fledglings, suggesting that our two-state
multimode model captures the dynamics to a significant
degree.

A. Differences between age groups

The differences in movement parameters between
fledglings and adults—namely, shorter correlation times
during localized search (τ1), longer correlation times during
commutes (τ2), and lower average velocities in fledglings
compared to adults (ν1 and ν2)—are consistent with docu-
mented patterns of age-specific foraging proficiency in birds.
Juveniles of several species exhibit lower capture efficiency,
less selective habitat use, and reduced foraging success
due to inexperience, underdeveloped motor coordination,
and limited spatial memory [56,74–77]. The more sharply
delineated behavioral modes observed in fledglings (stronger
separation in τ1, τ2, v1, and v2) may reflect a compensatory
strategy: discrete, simplified movement regimes may help
manage energy costs and reduce cognitive demands while
foraging proficiency is still developing. This interpretation
is supported by studies noting that juveniles often engage
in more stereotyped search patterns, rely more heavily on
trial-and-error or local enhancement, and are more vulnerable
to suboptimal foraging decisions (e.g., overexploitation of
poor patches or inefficient prey handling) [56,75,77]. It is also
consistent with the larger home ranges observed for fledglings
in our data and in other species, where adults tend to maintain
narrower home ranges, while juveniles continue to explore
and sample broader areas for varying reasons [76–79].

From an adaptive perspective, the distinct convex λs(q)
and lower crossover point qs observed in fledglings could
reflect limited flexibility in switching between exploratory
and exploitative behaviors, possibly due to a need for ex-
tended learning or increased sensitivity to predation risk.
Adults, by contrast, exhibit smoother transitions between
movement modes, higher velocities, and more integrated
search-commute patterns, likely facilitated by experience or
by spatial knowledge of resource distributions. These differ-
ences may therefore reflect a maturation process that enhances
both spatial and behavioral efficiency, ultimately conferring a

fitness advantage through improved prey detection, reduced
energy expenditure, and increased reproductive provisioning
success [56]. Our analysis and simulations provide quanti-
tative support for these patterns; however, we note that the
biological interpretations offered here are based primarily
on parallels with findings from other species. Our results
thus provide a biologically grounded framework for generat-
ing testable hypotheses about how developmental constraints
shape foraging dynamics.

B. Stochastic modeling

Further relating the two stochastic models to the data,
we suggest the following explanation for the emergence of
SAND: in a heterogeneous landscape, an animal may al-
ternate between an extensive commuting mode—search for
resource-rich patches—and an intensive, area-concentrated
searching mode—search for prey within a local patch [55].
Indeed, a major effort in the literature is to distinguish be-
tween local area-restricted searches and commutes [80,81].
Thus, an analysis of unsegmented trajectories results in a
mixture of directed flights and long stationary periods, which
might resemble BLW dynamics [8,55]. As discussed above,
this mixture occurs at short timescales, up to ∼5 min, either
due to interactions with the environment (at long timescales
commutes are limited by the animal’s home range) or due
to properties of the behavioral states such as energy con-
sumption or food availability. The BLW model thus acts as
a simple model for SAND, simplifying the more ecologically
inclined multimode dynamics. We further stress that while the
BLW does not aim to replicate specific behavioral processes,
it captures the key statistical features of strong anomalous
diffusion and serves as a useful reference point for inter-
preting the more complex, biologically grounded, multimode
simulations. In this sense, our findings offer another exam-
ple of how Lévy-walk-like movement patterns can emerge
from an underlying behavioral structure [82–84], helping to
explain the widespread reports of Lévy walks in ecological
systems [85].

Indeed, Lévy walks have been widely discussed in the
ecological literature [8,23,83,86], in the human mobility liter-
ature [84,87–89], and in the context of biological movement,
including Dictyostelium discoideum amoeba [90] and run-
and-tumble bacteria [91], where movement patterns have been
approximated by alternating sequences of relatively straight
trajectories and reorientations [8]. While these models are
highly simplified representations of complex behavior, they
are used to construct workable descriptions of motion in di-
verse systems [13]. They have also contributed to theoretical
discussions about the scales of movement, behavioral station-
arity, and how to interpret trajectory data across spatial and
temporal resolutions [11,55]. As shown above, one character-
istic of Lévy walks, and specifically our BLW model, is the
emergence of SAND, suggesting that SAND may be a broadly
relevant phenomenon.

Finally, our stochastic models highlight an important fea-
ture of movement analysis: the sensitivity of displacement
statistics to temporal scale. The observed crossover around
5 min in λt (q) reflects ecological timescales intrinsic to the
system and is consistent across our BLW and multimode OU
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process. Crucially, the agreement between simulations and
data arises from parametrizations that align these timescales,
such as the bounding radius R in the BLW model and the
transition matrix M in the multimode model. Modifying any
of the model parameters may shift the crossover point between
temporal regimes. Although a full exploration of this sensi-
tivity is beyond the scope of the present study, future work
should examine how high moments in multimode models,
including the OU process and other run-and-tumble dynamics
[92–94], respond to variation in temporal and spatial scales.

VI. DISCUSSION

Analysis of a large ensemble of 4-h movement tracks of
adult and fledgling barn owls (over 10 000 4-h tracks) revealed
that the dynamics are described by SAND, indicating that
monoscaling theories and analysis based on the MSD and
mean displacement are insufficient to characterize the dynam-
ics. Indeed, our first main result is that the moment spectrum
function at times t < 5 min follows SAND and is bilinear,
with a transition at qs � 2.18 and qs � 0.67 for adults and
fledglings, respectively, and with only adults showing ballistic
scaling at high moments. Here, the MSD only reflects the
tail of the distribution for fledglings and sits at the transition
between two scaling regimes for adults, thus failing to accu-
rately represent either the diffusive or the ballistic regimes.
This finding underscores the necessity of extending beyond
the MSD, a discrete value in a continuous moment spectrum,
when studying organism movement.

Another main result is the unexpected transition from con-
vex to concave behavior of the moment spectrum function,
pointing to a typical timescale of ∼5 min and a closely re-
lated spatial home-range scale. Importantly, this transition was
found for both adults and fledglings and was not previously
observed in mathematical models. Here as well, our qualita-
tive and quantitative results can be replicated using one of two
stochastic models, both capturing key features of the empirical
data.

This is the first time bilinear scaling and a transition from
convex to concave scaling have been observed in an ecological
system, where most previous works have found SAND only in
mathematical models. We therefore developed two stochastic
models that largely reproduce these features, although the
different crossover points (qs and q�) in adults and fledglings
are reproduced only by the multimode model, suggesting that
this model can be used to better account for the observa-
tion. In addition, based on the parametrization of data to the
multimode model, we found a higher degree of separation
between modes in fledglings, compared to adults, such that a
lower crossover point indicates greater intermode separation.
Notably, our models do not fully reproduce the fledglings’ bal-
listic scaling (exponent s2 = 0.79), and the near saturation of
moment spectrum function at long times (exponent �2 = 0.07
for the adults). Nevertheless, we stress that the parameters of
both the BLW and the OU models were chosen independently
[based on short-time scaling (BLW) or behavioral segmenta-
tion (OU)] and not optimized to fit the full empirical profile.
The fact that these models reproduce key features of the data,
including the crossover behavior and partial agreement with

long-time scaling, underscores the interpretive value of our
framework.

Importantly, many valuable approaches have been devel-
oped to analyze movement data, including step-length and
turning-angle statistics, first-passage times, fractal dimen-
sions, Hidden Markov Models, and composite or multiscale
movement models [16,24,95–103]. While SAND highlights
some limitations of MSD-based analyses, it does not replace
these existing methods. Rather, it offers a generalization of
the MSD framework that captures moment-dependent and
scale-dependent behavior. In parallel, we do not aim to cover
the full range of ecological models; instead, we focus on two
representative simulation classes, BLW and multimode cor-
related velocity models, to illustrate how SAND can extract
structural features across diverse regimes.

Finally, our findings highlight the significance of com-
puting a continuous range of displacement moments when
modeling animal movement. While MSD effectively captures
the behavior of monoscaling processes, for behavior modeled
by general processes it may only capture the bulk of the dis-
placement distribution, its tail, or can reside at the crossover
between the two regimes. Thus, by integrating the entire spec-
trum of moments, we can more accurately test hypotheses
in alignment with movement data, and develop stochastic
simulations to predict movement patterns and gain deeper
ecological insights. Moreover, the analysis of higher moments
revealed distinctions between adults and fledglings directly
relatable to their multimode and home-range behavior. As the
key features observed above can be effectively modeled using
two different models, an important finding of this article is
the connection between empirical data, the BLW model, and
an ecologically oriented multimode model. The fact that both
these general models reproduced empirical SAND suggests
the prevalence of SAND across animal movement behaviors,
extending beyond the movement of barn owls discussed here,
and offering a new perspective on understanding ecological
dynamics with multimode behavioral strategies.
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APPENDIX A: BOUNDED LÉVY WALK

We implemented a two-dimensional BLW simulation, con-
strained within a circular boundary of radius R. In our
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simulation, the time it takes the random walker to perform
a step follows a power-law distribution, given by

ψ (τ ) ∼ 1

τ 1+α
,

for τ � τmin, where ψ (τ ) is the probability of walking for
duration τ , and τmin is the minimum duration, which we take
to be τmin = 1 s in our simulations. During each walk, the
walker has a constant velocity of v = 8 m/s and the direc-
tion is determined randomly, ensuring an isotropic pattern of
movement across the simulations. During each iteration of
the simulation, a walk time is drawn and, together with the
walker’s velocity, used to calculate the distance of the next
step. Here, if the new position exceeds the boundary defined
by R, the step is recalculated until a valid position within the
confines is found. We note that the value τmin = 1 s establishes
the temporal scale for the simulations and is chosen arbitrarily,
while the value of τminv = 8 m sets the spatial scale and is
chosen as a reasonable estimate for barn owls, see main text.
We have checked that small variations in v do not qualitatively
alter the results shown in the main text. Importantly, in the
main text, we focus on variations in R, as it has direct physical
significance related to the animal’s home range, with constant
τmin and v. However, it is possible to define the model using
the dimensionless variable R/(τminv), such that lower veloci-
ties v would yield comparable results for smaller radii R.

In Fig. S2 [66] we present a comparison between the distri-
bution of jump times in the BLW model and the observed data
from adult and fledgling barn owls. To obtain the distributions
for the two datasets, we utilized the segmentation method
detailed in the main text and analyzed only the distribution of
direct flights, selecting those with straightness index (defined
as the ratio of net displacement to travel distance) exceeding
0.9. The distributions are normalized by τmin as to allow for
direct comparison between data and simulations.

APPENDIX B: MULTIMODE CORRELATED
VELOCITY MODEL

We implemented a multimode two-dimensional process as
a more ecologically reflective model for animal movement
(see main text). Each behavioral state within the model is
characterized by a correlation time, τi, and a mean velocity,
νi, where the subscript i denotes different behavioral modes
such as feeding, resting, or evading predators. The transitions
between these behavioral states are governed by a Markovian
transition matrix (M), dictating the likelihood of an animal
shifting from one behavior to another, thus capturing the
stochastic yet structured decision-making processes inherent
to animal behavior.

The velocity, v, of the animal is updated in each time step
according to its current state. The correlation time, τi, influ-
ences the velocity’s relaxation time, effectively guiding the
animal towards a baseline velocity appropriate for the current
behavior, while νi denotes the mean velocity for that state.
Random fluctuations around this mean velocity are introduced
through ξ , a normally distributed random variable, reflecting
the spontaneous variations in movement. The updating of the

velocity at each time step, dt , is governed by the equation

dv = − 1

τi
vdt + 2νi√

πτi
ξ dt, v = v + dv,

and the position x is then updated using the new velocity:

x = x + v dt .

In the simulations shown in the main text, although explicit
bounded movement is not directly incorporated, the transi-
tions between the modes can act as a natural inhibitor of the
animal’s movement, preventing it from straying too far. How-
ever, for situations where an explicit boundary is necessary,
one can introduce a bounding force that comes into effect
once the animal crosses a certain radius, R. This force acts to
steer the animal back towards a point of origin, x0, whenever it
wanders outside the bounds of R. The implementation of this
bounding force in the simulation is as follows: If the animal’s
position is outside radius R, a restoring force is applied. This
force is directed towards the origin and is proportional to the
displacement of the animal from x0, analogous to the restoring
force in a harmonic potential given by (1/2)k(x − x0)2. The
additional change in velocity due to this force, dv, is calcu-
lated and added to the velocity as follows:

dv = dv − k

R
(x − x0)dt .

Incorporating this force ensures that the simulated movements
remain within the designated spatial constraints, effectively
bounding the animal’s movement and providing a scenario
where geographical limitations are present.

As detailed in the main text, we parametrized the model
for both adults and fledglings. The resulting SAND proper-
ties for the adults are shown in Fig. 4 of the main text and
are discussed therein. For the fledglings we plot the results
of the parametrized multimode simulations in Fig. S3 [66]
(see discussion in the main text).

APPENDIX C: AREA ESTIMATION

To estimate home ranges for all individuals, we used two
methods: Kernel Density Estimation (KDE) [104] and Min-
imum Convex Polygon (MCP) [105,106]. The KDE method
applies a smoothing function to generate a continuous prob-
ability density surface from the recorded movement tracks,
indicating regions of varying usage intensity [104,107,108].
The MCP method calculates the smallest convex polygon that
encompasses all the animal’s recorded locations, offering a
simple area-based estimate [106]. Examples for KDE and
MCP estimations are shown in Figs. S1(a) and S1(b) for an
adult and a fledgling bird [66].

The MCP was used to estimate the area differences be-
tween adult and fledgling birds, where we chose the MCP
method over the KDE method because the MCP method
accounts for relatively rare long-range excursions, which
are significant in assessing the displacement moments for
higher moments and are omitted in the KDE method. We
assessed the normality of the area distributions for both
groups using the Shapiro-Wilk test, which yielded p val-
ues of 0.094 for fledglings and 0.098 for adults, both larger
than 0.05, indicating that the data distributions approximate

033020-10



STRONG ANOMALOUS DIFFUSION FOR FREE-RANGING … PRX LIFE 3, 033020 (2025)

normality. Further, Levene’s test for equality of variances
showed no significant differences in variance, with a p value
of 0.448. An independent samples t-test was subsequently
performed, showing a statistically significant difference in
MCP areas, with a p value of 0.002. This significant result
points to distinct spatial usage patterns between fledglings
and adults. The analysis is visualized in Fig. S1(c) [66],

where we present a boxplot of the square root of MCP
areas (

√
A) for the two groups. The square-root values pro-

vide a scale for comparison: for adults, the average square
root of the area was 4256 meters, while for fledglings it
was significantly higher at 6263 meters. Notably, for the
fledglings, some individuals’ home ranges’ square roots
exceeded 10 km.
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