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Abstract
Animal movement paths display substantial complexity and variability, leading researchers to seek
underlying rules that govern these patterns and mathematical models that best describe them. Using
high-resolution (≥ 10 Hz) movement from 43 vertebrate species across diverse taxa, mass, and
lifestyles, we show that movement paths are universally composed of straight-line steps interspersed
with sharp turns, echoing a pattern documented for lower taxa such as bacteria. We report how these
vertebrate ‘fundamental step lengths’ and ‘fundamental turn angles’, which are intrinsically different from
the straight-line paths detailed in studies using low resolution position data, vary with species’ mass,
lifestyle, behaviour, and environmental context. To explain these, we posit that animals inherently move
in a straight line until sensory information signals a perceived better heading, which instigates a turn.
The constellation of fundamental step lengths and turn angles over varying time intervals affects how
well different models of animal movement (such as random walk or Lévy flight) fit lower resolution data.
By examining turns as decision points, we can seek drivers of animal movement patterns and thereby
work to predict future paths under varying conditions.

INTRODUCTION
The routes that self-propelled animals take as they move around their environment have fascinated and
perplexed people for centuries1. Even today, understanding the drivers and rules behind animal path

complexity and variability across scales remains a major challenge, particularly in vertebrates2,3.
Fortunately, advances in animal-borne telemetry have made it possible to quantify movement of free-
living vertebrates4, providing a basis for describing and modelling movement mathematically. The
standard approach for describing animal trajectories uses straight lines to link locations acquired at
relatively large sampling intervals (e.g. minutes to hours – but see Nathan, et al. 5), generating movement

‘steps’, with corresponding turn angles between them6. This has produced results and theories that form
the bedrock of much of quantitative animal movement ecology6. Nonetheless, such step lengths and
turn angles remain an approximation of the true movement path and, lacking the necessary temporal
resolution, it is unclear how much true animal paths are structured by real turns that occur within the
‘straight line’ sections7. We do know though, that animals turn for a variety of reasons, for example if

constrained to do so by environmental structures or as they react to visual, chemical or auditory cues8.
Indeed, the idea that animals might have their movement paths structured according to such sequential
turn decisions is not new, with Aristotle suggesting that animal locomotion was based on ‘rational action’
over two thousand years ago1.

A fundamental feature of a turn is that it is normally brought about by an animal actively choosing to
change its heading as it moves. As such, determination of animal heading with appropriate sub-second
resolution should highlight all turns within any movement pathway. Accordingly, we used novel bio-
logging sensors (magnetometers) to derive true path properties for 43 species, based on sub-second
measurements of animal heading (≥ 10 Hz). Our study taxa include fish, reptiles, mammals, and birds
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that operate across the globe in highly varied habitats, and range in size from 0.3 to > 10,000 kg. We use
these data to assess how sampling frequency affects the resultant path properties (step length and turn
angle) and determine whether variation in “fundamental” step lengths and turn angles is linked to
functional traits such as body size, movement medium and lifestyle. Finally, in a case study with a
seabird, we demonstrate how the fundamental path properties can be used to predict space-use and
movement trajectories.

RESULTS

Fundamental steps and turning angles
Key to our analysis is the temporal resolution of animal heading, derived from onboard magnetometers9,
which, at 20 Hz (except for two species at 10 Hz, see Table S1), precludes the possibility of changes in
trajectory going undetected. Such data offer an essentially continuous representation of animal
movement, presenting a stark contrast to the traditional method that determines step lengths from
sparsely spaced locations - usually once every five minutes to a few hours10. In the standard approach,
multiple turns can be simplified into straight lines connecting infrequent, discrete locations, potentially
smoothing out important details in the path7. We used a turn identification protocol11 (for detailed
methods see Supplementary text 2) that generally revealed what were visually obvious straight lines and
turning points (Fig. 1A, B, C). We suggest that the associated step durations represent a precisely
defined animal behaviour – maintenance of a specific heading during travel for a defined period – which
we term ‘fundamental step durations’ (Fstepdurations). These are not necessarily directly proportional to
step ‘distances’ (lengths) commonly used in the literature although they equate directly if animals travel
at constant velocity. The same principle applies to the angles of the identified turns, which we term
‘fundamental turn angles’ (Fturnangles).

Newton’s First Law emphasizes the fundamentality of straight-line travel, stating that an object in motion
continues to move in a straight line unless acted upon by a net external force. In our case, turning forces
are produced by the animals, which explains why turns are energetically more costly than straight line
travel12,13 (see Supplementary text 3). So, all else being equal, straight line travel should be the most
efficient mode of movement for animals14, also providing the shortest distance between two defined
points and minimizing the number of turns. In keeping with expectations that selection pressure acts so
that animals manage their energy expenditure optimally15 and may also reduce cognitive load16, all
species examined spent > 90% of their movement time travelling in straight lines (which we define as
having an average deviation of less than 10% from a straight line – see Supplementary text 2), with 84%
(36 out of 43 species) spending > 95% in straight-line trajectories (Fig. 1G).

Unsurprisingly, sections defined as ‘straight line’ were usually not perfectly straight6 and followed one of
two fundamental patterns of wobble (where we define “wobble” as the ratio between the mean deviation
of a path segment from a straight line and the length of that line – ek in Eq. 4 of Supplementary text 2).
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There was a ‘general baseline wobble’ in most species (Fig. 1D), or the particular case of ‘systematic
wobble’ in many procellariiform species, notably albatrosses, which manifested as a long, flat, sine wave-
type pattern across 2D space (Fig. 1E). This is due to their dynamic soaring flight, which requires this
pattern to extract energy from the wind and waves to minimize costs of transport17. In both wobble
types, none of the species exhibited a mean wobble index above 0.05. Across all species, the mean
wobble index was 0.019 ± 0.009 (± 1 SD), although there was appreciable variation between species
(Fig. 1F). Thus, describing the paths between identified turning points as a straight line provided a good
approximation to all observed tracks. The ‘general baseline wobble’ is presumably due to minimal
navigational errors as well as animals being marginally affected by conditions en route, such as gusts of
wind for flying birds or minor changes in substrate or topography for terrestrial animals18.

Fstepdurations varied substantially within and between species, but frequency distributions were all left-
skewed and unimodal, even when viewed on a log scale (Fig. 2A). Mean step duration varied between 12
s (European pine marten, Martes martes) and 54 s (whale shark, Rhincodon typus), and were species-
specific (Fig. 2B). Mean step duration increased with animal mass except for flying birds (Fig. 2C): Linear
regression revealed strong and significant positive relationships for terrestrial (intercept = 2.608, slope = 
0.234 [scaling exponent = 0.102], R² = 0.458, p < 0.001) and aquatic species (intercept = 2.738, slope = 
0.314 [scaling exponent = 0.136], R² = 0.791, p = 0.018) but no relationship for aerial species (intercept = 
2.885, slope = 0.144 [scaling exponent = 0.062], R² = 0.021, p = 0.625).

Importantly, the relationship between step durations and turning rates (rate = 1/duration) meant that
turning rates were higher in smaller terrestrial- and aquatic species. This is presumably because larger
animals have decreased mass-specific muscle force19 so activities that require high mass-specific
power, such as climbing20 or turning21, result in them having a higher increment in energy expenditure

than smaller animals22, particularly when turns are acute and/or fast23. This rationale has been used to
explain the radical differences in athleticism routinely adopted by animals of different masses22. Notably,
while well-established relationships between animal mass and various biomechanical parameters, like
stride length and maximum speed, typically have scaling exponents greater than about 0.3, our findings
for scaling exponents for step duration - which inversely relates to turning rates - were considerably
lower for both terrestrial and aquatic species. Specifically, the scaling exponent for step duration in
terrestrial species is about three times lower than this benchmark, and for aquatic species about two
times lower, suggesting a marked deviation from the typical biomechanical trends. These significant
relationships underline a slower increase in step duration (and hence a faster turning rate) with
increasing size than is commonly observed for other biomechanical parameters. The difference may
illustrate the extent to which biomechanics relates to aspects of behavioural choice, particularly as
concerns decisions to turn. We suggest that animals pursuing prey or being pursued themselves would
indeed have scaling exponents much closer to those describing biomechanical parameters noted in the
literature. The smaller exponent detected here likely reflects the reduced extent of high-performance
activities in our data because most turns will not be high performance. In addition, the observed trends
(Fig. 2C) may stem from larger animals requiring more definitive cues to undertake turns due to their
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relatively higher energetic cost of execution (Supplementary text 3). This would lead to their generally
reduced incidence although, since the Fstepduration is remarkably consistent across a massive range of
body size (Fig. 2C), the case is far from compelling. The lack of a trend in step duration (and turning rate)
in flying animals may be because all the large bird species (> 1.5 kg) in our study use soaring flight which
requires regular changes in heading to extract energy from the environment, i.e. during thermal and
dynamic soaring24. This increases their turning rate disproportionately relative to mass. The inclusion of
large, obligate flapping bird species such as geese may alter this outcome.

In absolute terms, the identification of turns is important because they are not only energetically
costly12,13,21, but fundamental turns should represent decision points, where specific inputs have elicited
a change in heading7,25 resulting in movement to a different environmental space than if the animal had
not turned. Specifically, animals can incur the energetic costs of turning because the likely fitness
benefits of turning outweigh those of continuing in a straight line. Laboratory maze work tells us that
paths taken are driven by animal choice at every turn26. Similarly, animals free to move in two or three
dimensions, from insects to sharks, follow odour plumes to their source, altering heading in relation to
changing odour density27. Wild birds follow tactile and visual cues over mm and km scales,
respectively8. This highlights the value of identifying true turns, as it allows them to be linked to
environmental predictors over different scales, recognizing that the way animals respond to perceived
cues (including social information28) will be modulated by past experiences and their internal state such
as changing levels of hunger3.

The value of identifying turns is not just applicable to locating resources per se though. Although a small
proportion of turns may occur due to ‘spontaneous behaviour’ such as play29, we expect many turns to
occur when animals move around obstacles in cluttered environments, change heading to exploit
sources of environmental energy (such as birds in thermals30), and during execute escape manoeuvres
from predators23. Indeed, not only do obstacles induce turns, but they can also dictate prolonged
straight-line movement. For instance, the presence of barriers like fences, walls, roads, and streams can
constrain animals to travel 'along' them until they encounter a break, permitting a turn. These
confounding factors may tend to weaken relationships between turn angle and animal mass because the
spatial distribution of environmental cues (e.g. the location of obstacles or food) that elicit (or prevent)
turns is not expected to be animal mass-dependent. This, together with the wide variety of behaviours
that the movement data encompasses, could contribute to the variability in the relationship between
Fturnangle and mass (see also Table S3).

A simple rule-based framework for interpreting animal movement
Based on our empirical observations, we propose a simple framework to explain animal movement. On
initiating a particular movement behaviour driven by internal state, such as foraging elicited by hunger3,
an animal chooses its heading relative to the proximate goal3 by following a straight line. The animal's
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path continues along this line while the animal continuously samples environmental cues or other
sources of information, such as reactions to physical obstacles, to conspecifics, and other species31,32.
We also expect changes in direction to be modulated by memory which could be triggered by
environmental features33 or shifting internal state3. Once a change in trajectory appears beneficial, the
animal turns to the new heading and repeats the process. Given that movement associated with different
behaviours requires responses to different cues (e.g. foraging behaviour versus navigation back to a
central place), we expect different ‘movement behaviours’ to result in different compositions of
Fstepdurations and Fturnangles.

In his seminal work on animal movement, Turchin6 states ‘many organisms tend to move relatively
straight for a period of time, and then make a turn and move in another direction’. He underpins this with
examples using prokaryotes and invertebrates with limited cognitive complexity ranging from bacteria to
insects although he gives an example of a single bird. But our work now provides empirical evidence to
demonstrate that this premise holds for all the vertebrates we examined, covering fish, reptiles,
mammals and birds. This framework is fundamentally different from classic movement models because,
instead of incorporating random elements as a convenience34, it ascribes path changes to choices
based on external cues (or state changes), which may serve as attractors or repellers (of variable
importance)25,35. The range over which diverse animal sensory systems operate, even within one
species3, and the distribution of available cues over space and time is what determines the overall path
structure via step lengths that are curtailed by the animals’ angular responses to these cues.

This approach applies a precise formulation to the development of animal paths, emphasizing that minor
adjustments in turn angle can significantly influence downstream space usage. Although such decision-
based movement can, over a long period of time and with enough data, have similar statistical features
to diffusive movement (i.e. mean square displacement scaling with time), very different paths can exhibit
the same coarse features. For example, individual random walks with the same underlying random
process can end up taking very different individual trajectories. Similarly, different animals could display
movement patterns that resemble diffusive (or possibly super-diffusive) properties over extended
durations. However, such observations provide limited insight into the specific nature of their trajectories,
the precise locations they traverse, or the underlying reasons for their movement patterns. On the other
hand, if we consider fundamental turning points as decision markers, it encourages us to examine an
animal's movement behaviour both before and after these fundamental turns. This can provide insights
into the motivation or urgency behind each turn. A clear illustration of this concept is a predator like a
cormorant (a marine bird that forages underwater) altering its path upon sighting pelagic prey (e.g. Fig.
S6).

It would be illusionary to expect to be able to infer the reasons for all turns in our data due to the large
number of cues appealing to diverse sensory systems that might elicit an animal to turn. However, some
cases appear clear, including, but not limited to: (i) animals that turn to extract energy from a positive
energy landscape18 (Fig. 3A); (ii) animals faced with an obstacle that hinders or blocks movement
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(Fig. 3B); (iii) turns made by arboreal animals that have to choose between alternative branches in a
manner analogous to rats in a maze (Fig. 3C); (iv) species that use area-restricted search36 to exploit
patchy prey changing from ‘searching’ to ‘exploiting’ behaviour32,37,38 (Fig. 3D); (v) animals that turn to
reduce overall power requirements for movement in energetically onerous terrain (Fig. 3E); and (vi)
animals pursued by predators that execute acute, fast turns to enhance their chances of escape23

(Fig. 3F). As part of this, we expect, and observe, how Fstepduration and Fstepduration (or Fturnfrequency) change
over space as environmental context changes (Fig. 3G). These may also be different for animals moving
in groups.

Importantly, being able to observe Fstepdurations and Fturnangles means that we have access to the true
points at which animals alter their paths, which is a first step to recognizing turn elicitors (Fig. 3A-F) and
a critically important part of understanding what structures animal paths. This makes a case for plotting
turn points in space to help understand how movement patterns relate to the environment, which we
consider to be a key aspect of studying animal behaviour, ecology and conservation35. Spatial clustering
of particular step-lengths is already commonly used, e.g. to identify likely feeding areas, associated with
area-restricted search behaviour (ARS)37. Georeferencing Fturnangles goes beyond this, allowing scientists
to link true turn points to specific, and potentially fine-scale cues (e.g. Figure 3G).

Frequency distributions of F and their relationship to F

Many animal movement models adopt random turn angles between steps40 and so have a predicted
uniform step angle distribution between 0 and 360⁰. We show that there is support for this when using
turn angles derived from locations determined at typical sampling frequencies7, although there is no
support for uniformly distributed turn angles in highly resolved movement data (Fig. 4A, B). In fact, turn
angle magnitude follows a truncated gamma distribution (Table S4, Fig. S5). This indicates a
fundamental difference between quantifying animal movement based on Fturnangles from high-frequency,
continuously sampled data compared to estimates derived from temporally spaced discrete location
data (cf. black versus colored lines in Fig. 4A). Critically, it would seem that the constellation of
Fstepdurations and Fturnangles over space according to behaviour will affect how well different models of
animal movement fit lower resolution data. In support of this, we note how many fish have best-fit
models of movement that are best classified by either Brownian or Lévy depending on environmental
context, including species that switch as they move across habitats41.

How turn angles interact with step durations/lengths is important in shaping movement paths and, in a
manner similar to that reported for sparse location data42, we detected a correlation between
Fstepdurations and Fturnangles for many species (73%, Fig. 4C, D, Table S5). The proportion of terrestrial (and
arboreal) species with significant correlations (60%) was significantly lower than the combined
proportion for aerial (93%) and aquatic (83%) species, respectively (95%; χ² = 4.34, p < 0.05). We suggest
this is due to landscape features continually interrupting what would otherwise be longer straight-line
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step lengths for terrestrial animals. This would occur much less in aerial or aquatic species, and certainly
in our constellation of species, although it could occur in marine benthic organisms too.

Where correlations between step durations and turn angles do occur, they could be driven by specific
behaviours42. For example, animals engaged in directed travel should have long step durations and small
turn angles. Short step durations and more acute turn angles would, on the other hand, be expected
when animals exploit patchy food resources42. Since we assume that, at any given moment, animals
adopt specific, single behaviours, the distribution of turn angles and step durations should therefore vary
over time as animals switch from one behaviour to another. Our data typically show this, with both
Fstepduration and Fturnangle distributions changing over time, and consequently space, across species (e.g.
Figure 5A). Indeed, for 30 species, we found that the change in turning angle distribution over time was
significantly different from that exhibited by random fluctuations, exemplified by repeatedly drawing from
a uniform distribution (Fig. 5B, evidenced by the confidence intervals not intersecting with the 50% mark
along the y-axis; see Supplementary text 2 for detailed methodology). The other 13 species still show
visual changes in turning angle distribution over time, but our techniques were unable to distinguish
these changes from those that might occur randomly from an animal turning uniformly at random.
Interestingly, of the five arboreal species analysed, four exhibited 95% confidence intervals that did not
intersect the upper boundary - represented by the dashed line - with the semi-arboreal white-nosed coati,
Nasua narica, also positioned near the boundary of this confidence interval (Fig. 5B). This phenomenon
is marked by consistently larger turning angles compared to those expected under a uniform-random
turning model. Such behaviour might be particularly prevalent among dynamic arboreal animals that
frequently execute large directional shifts in the upper strata of wooded habitats, due to the constraints
imposed by the connectivity of the canopy43 (Fig. 3C). Note also, that the great frigatebird, Fregata minor,
has the highest degree of straight-line wobble (Fig. 1F) and the lowest proportion of straight-line travel of
any of our species (Fig. 1G). This species, along with the Andean condor, Vultur gryphus, is heavily
dependent on local thermals and so must spend a substantial amount of time turning and gaining
altitude within them.

Predicting animal movement
A vital aspect of understanding animal movement lies in our ability to predict animal paths under varying
conditions, including future scenarios44,45. This requires the movements of an animal to be documented
as a sequence of behavioural responses to spatially varying conditions. Our theory suggests that the
interplay between Fstepduration and Fturnangle distributions is indicative of varying travelling behaviours,

revealing how these distributions respond to particular spatial conditions (see Fig. 3G). However, while
these distributions provide valuable insights, they alone cannot independently generate realistic
movement paths due to the absence of overall directionality.

To address this, we used an agent-based model46 that integrates highly resolved empirical data. By
imposing general headings on projected movement path sectors—based on prior observations of animal
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movements where headings are associated with Fstepduration/length and Fturnangle distributions—the model
more closely resembles real-world paths. An example using Magellanic penguins foraging for their
chicks illustrates this approach. These penguins operate in open seas, with no obstacles and minimal
predators, making their turning decisions largely driven by prey availability and navigation needs. Real
data also show where prey are caught (Supplementary text 4) enabling metrics for prey density to be
allocated to specific spatial cells. These cells are then linked to the corresponding distributions of
Fstepdistances/lengths, Fturnangles and heading, allowing predictions of foraging success.

Our time- and space-specific distributions of Fstepdistances and Fturnangles used in our agent-based model

gives significantly better alignment with patterns observed in actual penguin tracks and markedly higher
prey harvesting rates than conventional animal movement models (correlated random walk and Lévy
flight; Fig. 6A). Importantly, observed changes in Fstepdistance and Fturnangle distributions in relation to prey
density facilitate the prediction of movements under various ‘what if’ scenarios. For instance, in the case
of the foraging penguins in Fig. 6, altering prey densities across foraging areas (see Supplementary text
4 for details) allows explicit predictions about the spatial extent the model birds will utilize (Fig. 6C), with
important implications for time and energy expenditure45.

Our proposal that agent-based models can utilize Fstepdurations/distances and Fturnangles to predict animal
movement can be further refined because Fturnangles may reflect behavioural responses as animals move

toward attractants or away from repellents25 (Figs. 3G, 5A). Specifically, incorporating both incentive and
repulsion mechanisms into models can enhance our understanding and prediction of how wild animals
react to specific features such as roads47 or wind turbines48. This approach may also aid in developing
cues to guide animals away from known threats. In our increasingly human-perturbed world, such
refinements are pivotal for assessing the consequences of conservation-oriented interventions, thereby
contributing to species protection and persistence44.

Our approach provides a compelling alternative to Step Selection Functions (SSFs) by focusing on
intrinsic movement metrics —such as natural step lengths, turn angles, and directional headings —
directly derived from empirical data. Unlike SSFs, which often assume static, environment-driven
choices49, our model dynamically adjusts movement at a fine scale, accommodating both spatial and
temporal variations inherent in real animal behaviour. By grounding movement in core behavioural
metrics rather than contextual habitat associations, this method more accurately captures the continuity
and directional persistence of animal paths. Consequently, it provides a more biologically realistic model
that is both temporally responsive and spatially detailed. This adaptability is particularly valuable for
understanding movement in complex or fluctuating environments, where rigid, static models may fail to
account for critical aspects of animal navigation.

Overall, we propose that the discovery that there are species-, behaviour- and environmentally specific
Fstepdurations/lengths and Fturnangles has significant implications for our understanding of animal
movements. This finding not only deepens our understanding of why animals move as they do but may
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also enhance our ability to predict their behaviour under changing conditions. In fact, trait-linked patterns
in Fstepdurations/lengths and Fturnangles may ultimately allow us to project what species are expected to do
even in the absence of direct movement data (cf. Table S4, Fig. S5). To date, researchers have made
remarkable progress in understanding animal movement using techniques that are temporally
constrained, with movement ‘steps’ dictated by technological limitatons50. However ongoing

advancements in instrumentation51 now enable us to determine the ‘steps’ decided by the animals
themselves, providing the potential for a greater understanding of the underlying movement rules.

METHODS

Data and code availability

Tag deployment details and analysis
We deployed Daily Diary (DD) tags52 on 43 species (15 birds, 3 fish, 3 reptiles and 22 mammals) covering
a size range of 0.3–10,000 kg to obtain data on their movement patterns. The tags contained tri-axial
magnetometers, tri-axial accelerometers and pressure sensors52, allowing travel headings over time to
be deduced9. Sampling rates ranged from 10 to 40 Hz, and derived tracks were sub-sampled to either 10
or 20 Hz for analysis. See Table S1 for detailed information on sampling rates, sample size, locations,
and deployment dates. Refer to Supplementary text 1 for ethical approvals, funding sources, and
acknowledgments pertaining to each species.

Tag data were first processed to exclude periods immediately following the tagging process to minimize
the probability of potential tagging effects; this exclusion period typically lasted a few days. Data were
then examined to identify extended periods of active movement (excluding non-travelling movement
behaviour), noting the travel medium, air, water or on land. From these periods, a single continuous
segment (usually between 5 and 36 h) was analyzed per individual animal. The variation in duration was
entirely due to the variation in activity patterns among species. For example, pine martens were typically
only continuously active for a few hours a day, whereas sharks swam continuously. The compass and
acceleration data were used to calculate headings following methods described in Gunner et al.9.
Additionally, for select case studies, absolute animal locations over time were determined via dead-
reckoning, incorporating periodic verified locations obtained through co-deployed GPS to correct for
drift10. In these instances, fundamental step distances/lengths (Fstepdistances/lengths) could be used to
quantify movement patterns.

Variations in turns within the heading data were identified using the protocol defined by Potts et al.11.
These variations ranged from an average minimum of 10 turns per hour across individuals for whale
sharks to an average maximum of 207 turns per hour for the European pine marten. Briefly, the algorithm
detects changes in the heading by sliding a small window across the time-series of headings and
calculating the squared circular standard deviation (SCSD) within the window. Spikes in SCSD indicate
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turns, and candidate turns were filtered based on achieving a threshold turn angle of 30⁰ for all
species7,11 within a species-specific time window (see Potts et al.11 and Supplementary text 2 for
details).

Agent-based modeling
We developed an agent-based model to predict the foraging movement paths of Magellanic penguins
(Spheniscus magellanicus) foraging at sea, by utilizing empirical data from GPS-corrected dead-
reckoned tracks of 27 individuals, including fundamental step length (Fstepdistance), turn angle (Fturnangle),
and associated compass heading (H). The foraging landscape was divided into equally spaced grid cells
with a resolution of 10 km2, enabling the calculation of unique frequency distributions (Empirical
Cumulative Distribution Functions, ECDFs) for Fstepdistance, Fturnangle, and H within each grid cell. These
distributions were further segmented by journey phase, defined as either outbound or inbound. The
transition from outbound to inbound was identified by the onset of a continuous downward gradient in
the penguins’ cumulative shortest distance to the colony. At the beginning of the simulation, each
agent’s movement parameters (Fstepdistance, Fturnangle, and H) were initialized based on the outbound
ECDF distributions from the grid cell corresponding to their departure point near the colony. Each agent
navigated a virtual 2D spherical coordinate system. At each time step, Fstepdistance and Fturnangle were
randomly drawn from their respective ECDFs, and the direction of each turn was selected to align with
the sampled H. At each movement step, the agent was dead-reckoned using this information to
recalculate its geographical position and cumulative (Haversine) distance traveled. Upon entering a new
grid cell, the agent recalibrated its Fstepdistance, Fturnangle, and H distributions using the ECDF data specific

to that grid cell. When the cumulative distance reached a user-defined proportion of the maximum
distance threshold, the agent updated its grid cell ECDF information to reflect the inbound phase of the
foraging trip. The simulation continued until each agent had traversed a user-defined total cumulative
distance traveled. The R code for this model is available as a customizable function on GitHub
[https://github.com/Richard6195/Agent-Based_Fundamental_Steps_and_Turns_Simulation-]. Users can
specify options, including (but not limited to) restricting the Fstepdistance and Fturnangle distributions to a
specific quantile range, adding first-order autocorrelation to movement metrics, refining journey-phase
segmentation of grid-cell ECDFs, filling empty grid cells with information from neighboring grids within a
given radius or from global distribution values, and selecting from multiple heading adjustment
strategies to balance turn angle and heading.
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Figure 1

Vertebrate movement paths are primarily composed of straight-line sections.(A-C) Examples of
movement trajectories reconstructed using data (>5 h) from species with different lifestyles and using
the lifestyle indicated when the data were taken; aerial (great frigatebird, Fregata minor), aquatic
(loggerhead turtle, Caretta caretta), and terrestrial (Indian elephant, Elephas maximus indicus). Identified
turn points are shown in the inserts as purple stars. (D and E) Minor deviations in path segments
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(wobble), defined nonetheless as straight-line, from a Eurasian beaver, Castor fiber and a wandering
albatross, Diomedea exulans, respectively, where the former illustrates general wobble, while the latter is
due to the sinusoidal movement that procellariforms use during dynamic soaring. (F) Mean (+ 1 SD)
straight-line wobble (for calculations see Supplementary text 2) of our study species and (G) mean
percentage of the total path duration that is estimated to be straight-line travel (defined as having an
average deviation of less than 10% from a straight line – see Supplementary text 2). The colour coding of
species in the last two figures is based on their dominant mode of locomotion/lifestyle (grey = aerial,
blue = aquatic, brown = terrestrial, green = arboreal). Note, however, there are exceptions in certain
cases. For example, data for the Eurasian beaver, Castor fiber, encompassed both terrestrial and aquatic
movement, white-nosed coatis, Nasua narica, occasionally engage in arboreal movement, and the data
for Magellanic penguins, Spheniscus magellanicus, and imperial cormorants, Leucocarbo atriceps, were
divided into aquatic and terrestrial phases (for the former), and aerial and aquatic phases (for the latter)
stages, each of which was analysed independently.
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Figure 2

Fundamental step durations vary with lifestyle and animal mass. (A) Frequency distributions of ln(step
duration) for the different species used in this study, color-coded according to their dominant mode of
locomotion; aerial, aquatic or terrestrial (arboreal species are combined with terrestrial species in panel
A). Distinct shades of each colour represent different species. (B) ln(step duration) by species and
lifestyle/travel mode (+ 1 SD). (C) Relationship between ln(step duration) and species body mass across
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different lifestyle/travel mode (+ 1 SD). Note, even though arboreal species (green) are represented with
a distinct colour to terrestrial species (brown), they are grouped together for regression analysis (panel
C) due to the limited sample size (for sample sizes of each species, see Table S1).

Figure 3

Unveiling the reasons behind turning point selection in animal paths. Path structures showing turns in
animals exhibiting different behaviours according to environmental context. (A) A red-tailed tropicbird,
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Phaethon rubricauda, changing direction to exploit thermals, (B) an African lion, Panthera leo, that had its
progression constrained by a fence bounding its National Park [the animal moves repeatedly up and
down the fence and eventually finds a way through], (C) a climbing kinkajou, Potos flavus, moves along a
branch until the branch ends with no vegetation allowing it to continue in its preferred direction [about-
turn points shown by arrows], (D) a whale shark, Rhincodon typus, terminates directional travel with
extensive turning to exploit a prey patch, (E) an Alpine ibex, Capra ibex, uses a zig-zag movement path to
ascend a slope, thereby saving energy39 and (F) a Mediterranean mouflon, Ovis gmelini musimon, in the
last few seconds of its life runs and turns in a vain bid to escape capture by a wolf, Canis lupus23. (G)
Shows how the incidence and extent of turns varies as animals (here Magellanic penguins, Spheniscus
magellanicus) move through an environmentally varied landscape [each track is derived from an
individual bird]. Landscape categorization (shown in G) is based on drone imagery processed via
Structure-from-Motion in Agisoft Photoscan version 1.4.3. The beach landscape was decrypted by eye
(characterized by steep pebble drop off), and the no-, low-, medium-, and high vegetation density types
were allocated based on estimates of pixel density per gridded cell (a proxy of shrubbery extent) with
~10 m by 10 m resolution. Boxplot (boxes encompass the 25~75 % interquartile range, horizontal bars
reflect the median, and whiskers extend to 1.5 times the interquartile range) were constructed using the
mean values per bird and vegetation type.
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Figure 4

Turning angles, step durations and step lengths/distance and their interrelationships depend on data
acquisition protocols. (A) Frequency distribution of step distances and turn angles for African lions,
Panthera leo as a function of location data frequency [where we had high resolution GPS location data
and could compare these to Fstepdistance and Fturnangle data (black lines)]. The insert shows the best fit
lines between Fstepdistance and Fturnangle juxtaposed with the GPS approach based on the level of under-
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sampling. (B) Frequency distribution of Fturnangle for the 43 species examined during movement
trajectories according to lifestyle, (C) examples of how Fstepdurations relate to Fturnangles in example aerial,
aquatic, and terrestrial animals and (D) best fit lines between Fstepduration and Fturnangle for those species

where the two parameters were significantly correlated (p < 0.05). The best fit lines are derived from
linear models, and the shading around these regression lines represents the standard error. Note, in
panels A, B, and D, turn angles are presented as absolute values (ranging from 0° to 180°), and in panel C,
turn angles are signed (spanning from -180° to +180°).
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Figure 5

Fundamental step durations and Fundamental turn angles do not occur uniformly at random over time.
(A) Examples of changing Fstepduration and Fturnangles over time consisting of 600 sequential steps in data
for three species representing aerial, aquatic, and terrestrial lifestyles/movement, showing how there are
clear periods of time when the animals adopt particular step durations and/or particular turn angles. (B)
The percentage of turns that are lower than the mean circular standard deviation (the y-axis shows
Cmean); species with 95% confidence intervals not crossing below the dashed line exhibit patterns
significantly deviating from uniform randomness (if a species is turning uniformly at random, we would
expect it to have about 50% of the CSD time series below Cmean [see Supplementary text 2 and Table S2

for details]).

Figure 6

Fstepdistance and Fturnangles incorporating spatially linked heading information enhance predictions of
animal movement paths. (A) The movement path of 300 agents simulating Magellanic penguins during
single foraging trips from their breeding colony, compared to agents using correlated random walk and
Lévy flight models. The black path represents an example of an actual penguin movement for
comparison. (B) The predicted total number of prey items captured by each movement model used in
(A). Boxes represent the interquartile range (25th-75th percentiles), horizontal bars indicate the median,
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and whiskers extend to 1.5 times the interquartile range. Asterixis denote significant pairwise
differences (P<0.001, Wilcoxon signed-rank tests). (C) Predicted foraging movements of 50 agents
simulating penguins using Fstepdistance and Fturnangle based on two different simulated prey density
distributions. Note that the low prey distribution results in reduced time spent per cell and a substantial
increase in the overall area prospected.
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