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Figure 1: VR scene. Participants traversed a virtual room, avoiding a moving cylinder with varying speed and entropy.

Abstract
Avoiding moving obstacles in immersive environments requires
adjustments in the walking trajectory and depends on the type of
obstacle movement. Previous research studied the impact of speed
and direction of motion but not much is known about how pre-
dictability of motion impacts human circumvention in terms of
distance to the obstacle (proximity). In this paper, we investigate
how participants navigate through VR collision avoidance scenar-
ios with obstacles of varying motion characteristics in terms of
speed and predictability. We introduce a novel concept of creating
unpredictable motion using entropy calculations. We anticipated
that higher entropy would increase the proximity distance which
we measured with several metrics related to the distance from the
obstacle and centre of the scene. We found a significant influence of
motion speed and predictability on proximity-related metrics, with
participants exhibiting a tendency to maintain larger distances in
scenarios where obstacle speed and entropy were higher. We also
outline two decision-making strategies for avoidance behaviour
and investigate the factors that influence individuals’ selection of
one strategy over the other.

CCS Concepts
• Computing methodologies → Perception; Virtual reality;
Animation.
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1 Introduction
The escalating prevalence of everyday exposure to virtual environ-
ments underscores the imperative to comprehensively investigate
their impact on individuals’ perceptual experiences and behavioural
responses within virtual worlds. In particular, as users can move
through the VR scene, explore objects or meet and interact with
agents, understanding how to effectively avoid such dynamic ob-
stacles is crucial for achieving collision-free path planning. Despite
a multitude of insights on how humans navigate dynamic environ-
ments [Berton et al. 2020, 2019; Bruneau and Pettré 2015; Rios and
Pelechano 2020; Wolinski et al. 2014; Yin et al. 2024] and efforts
to develop collision-free path planning strategies for autonomous
agents [Dutra et al. 2017; Helbing and Molnar 1998; Karamouzas
et al. 2014; Ondrej et al. 2010; van den Berg et al. 2011], we are still
far from fully understanding these complex avoidance behaviours.

Examining predictability, which also relates to complexity and
variance, is important when introducing natural and believable mo-
tions of virtual characters. Studies have explored how unpredictable
agent movement affects avoidance behaviours [Lee et al. 2018]. Au-
tonomous agents with randomized behavioural decisions mimic
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human unpredictability [Chittaro and Serra 2004]. Adjusting anima-
tion speed, joint rotations and predictability can also create natural
variations in personality behaviours for virtual agents [Durupinar
et al. 2016; Patotskaya et al. 2023; Souza Silva et al. 2018].

This paper presents findings regarding the influence of motion
predictability on individuals’ adjustment of their behaviour within
a dynamic 3D obstacle avoidance scenario (see Figure 1). To de-
sign an obstacle trajectory, we employed a Wiener process-based
model, affording partial control over both predictability and speed
of motion. Additionally, we outline a methodology for quantifying
predictability using Sample Entropy (SampEn). Within the frame-
work of our experimental design and user data analysis, our central
question is: How do individuals adapt their locomotion in response
to varying obstacle speed and predictability levels?

The primary objective of this experimental study is, therefore,
to investigate the influence of the entropy of the obstacle motion
on human perception within the context of Virtual Reality (VR).
The main contributions of this paper are: a) insights into how par-
ticipants modulate their responses in relation to key properties
of obstacle motion, such as speed and predictability, in dynamic
environments; b) outlining two distinctive circumvention strate-
gies: "avoiders" and "anticipators", and conclude on their relation
to obstacle motion properties; c) providing objective metrics and
approaches for the analysis of participant’s experience, obtained
by integrating user strategy analysis, trajectory analysis and, in
particular, proximity metrics; d) providing a paradigm to synthesize
the motion with a semi-controlled randomness and e) establishing
a methodology of entropy computation in relation to the avoidance
measure to obtain a quantitative representation of the relationship
between avoidance and predictability.

2 Related Work
2.1 Perception of Motion Properties
Investigating motion predictability and speed is of paramount im-
portance in simulation and animation domains. Considering the
research done onmotion predictability, Lee et al. [2018] showed how
the participants’ behaviour is influenced by different behaviours
of virtual and real humans, including idle standing, jumping, and
walking. They investigated potential rationales behind the differ-
ences in locomotion behaviour, emphasizing the influence of social
expectations. The predictability is also accounted in modeling of
gestures of virtual characters, e.g., using Perlin noise to model the
neuroticism of a conversational agent [Sonlu et al. 2021]. Patot-
skaya et al. [2023] used less controlled and predictable gestures to
model a neurotic personality of a virtual human. They found that
neuroticism in gestures of virtual characters affects participants’
avoidance behaviour, which may suggest that participants reacted
on unpredictability in character movements itself.

In the realm of designing of natural and believable motions for
virtual character animations, speed is a more commonly addressed
aspect in research compared to predictability. In the frequently used
OCEANmodel [Goldberg 1992] neuroticism is often associated with
speed [Chittaro and Serra 2004]. Early works [Brebner 1985; Lippa
1998] found differences between introverts and extroverts in speed
and frequency of movements, findings which have also been cor-
roborated in the context of virtual agent motion [Neff et al. 2011,

2010]. The latter research incorporated an approach to manipulate
timing, which also relates to speed, aiming to achieve a controllable
perception of emotional stability in virtual agents. The research of
Durupinar et al. [2016] based on the EMOTE system [Chi et al. 2000]
involved modifying the speed of an animation in a non-uniform
manner to implement Time Effort of Laban Movement Analysis [La-
ban 1950] (LMA) in a natural way. Alaoui et al. [2017] computed
Flow Effort of LMA via approximation by the shapes of speed and
energy curves, while Garcia and Ronfard [2020] demonstrated the
significance of natural motion descriptors such as equi-affine speed
and acceleration in Laban Effort recognition tasks.

We also briefly reference notable studies of Vesper et al. [2011]
and Glowinski et al. [2013] demonstrating that individuals can
adapt their behaviour to change or maintain their predictability in
specific social contexts. This serves as an additional motivation to
study motion predictability and develop a technical foundation for
it, targeting understanding of more advanced motion and behaviour
properties of virtual and real humans.

Our research is inaugural in addressing the impact of motion
predictability itself, while also advancing our comprehension of
the effects of obstacle speed on human behaviour and perception
within avoidance scenarios.

2.2 Behavioural Measures in VR
Locomotion-based experiments involving collision avoidance of
virtual entities, obstacles, or characters in VR [Berton et al. 2019;
Bruneau and Pettré 2015; Cutting et al. 1995; Darekar et al. 2015,
2017; Lynch et al. 2018], are extensively employed due to the rich
information contained in participants’ trajectories. These trajec-
tories offer valuable insights into individuals’ experiences while
performing everyday tasks encountered in physical reality. Investi-
gating the avoidance and maintenance of personal space around
virtual characters provides insights into how individuals navigate
social situations [Bourgaize et al. 2021; Mousas et al. 2021; Nel-
son et al. 2023], reflected in metrics like trajectory length, average
curvature, maximal deviation, and clearance distance. Similarly,
Darekar et al. [2015; 2017] measured dynamic clearance (DC) and
instantaneous distance from obstacle at crossing (IDC). It is also
shown that clearance distance [Argelaguet-Sanz et al. 2015; Souza
Silva et al. 2018] and critical point [Hackney et al. 2015] changes
when participants avoid virtual humans and virtual obstacles. Lee
et al. [2018] showed changes in walking speed, observation ratio,
clearance distances, and head movements, when avoiding a mov-
ing obstacle. However, the avoidance was shorter when passing
repetitive behaviour. Cinelli and Patla [2008] studied if participants
are changing their walking speed and heading in a consistent man-
ner independently of the spatial constraint location and object’s
approach speed. In their studies, Olivier et al. [2012] investigated
collision avoidance between two walkers and proposed a minimum
predicted distance (MPD) to predict collision risk, which was fur-
ther referenced in VR studies [Darekar et al. 2018]. Unrestricted
trajectories generated during virtual walking can be analyzed ge-
ometrically and temporally, with metrics such as task completion
time, distance traveled, and number of collisions [Cirio et al. 2013].
Perrinet et al. [2013] proposed metrics including walking speed,
interpersonal distances, and relative positions of real and virtual
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humans. Recent studies suggested more detailed participants’ tra-
jectory analyses by calculation of a deviation point [Bourgaize et al.
2021] and turning point [Patotskaya et al. 2023].

A distinct line of research endeavour to capture specific loco-
motion adaptations and locomotory patterns demonstrated by par-
ticipants [Bönsch et al. 2016; Hackney et al. 2018; Podkosova and
Kaufmann 2018; Snyder et al. 2022]. The participant’s selection
of the optimal strategy in each situation influences the types of
locomotion adjustments, thereby affecting both walking direction
and speed [Fajen and Warren 2003]. Fajen and Warren [2004] and
a subsequent study by Cinelli et al. [2008] classified the participant
strategies for reaching a target, identifying two predominant ap-
proaches: pursuit or interception. The recognition and integration
of variations in avoidance strategies are essential in the design
of autonomous agents in simulations, wherein agents possess the
flexibility to adapt their speeds or orientations, to effectively exe-
cute collision avoidance maneuvers [Dutra et al. 2017; Helbing and
Molnar 1998; Jovancevic-Misic and Hayhoe 2009; Karamouzas et al.
2014; Ondrej et al. 2010; van den Berg et al. 2011; Zeng and Bone
2012]. In summary, the investigation of strategies plays a pivotal
role in understanding human locomotion adaptations and patterns,
assessing user performance in VR.

Within the scope of VR experience evolution paradigms, we focus
on a goal-oriented locomotion scenario with obstacle avoidance,
analysing user behavioural responses using metrics derived from
their trajectories.

3 Experiment
We selected a scenario in which participants navigated through a
virtual room, strategically avoiding a dynamic obstacle animated
with different levels of predictability (i.e., entropy), within a spatial
environment conducive to circumvention.

In particular, we are outlining the following hypotheses:
H1: There is a direct relationship between the entropy of obstacle

motion and metrics related to preserved personal space. Specifi-
cally, we predict that as the entropy of obstacle motion increases,
individuals will exhibit a significantly greater avoidance distance.

H2: The speed of obstacle motion affects metrics related to pre-
served personal space. We suppose that the higher the speed of the
obstacle the higher avoidance distance.

H3: Individuals use various strategies for obstacle avoidance. The
choice of strategy impacts participants’ proximity across Conditions
characterized by different speed and entropy levels.

3.1 Stimuli Creation
As mentioned in Section 1, our primary objective is to investigate
the influence of the predictability of obstacle motion on human
perception within VR contexts.

Prior to our experiment, our objective was to generate signals
(i.e., motion trajectories) with controlled variations of their charac-
teristics, such as speed and predictability. To this end, we chose a
Wiener process (which produces continuous trajectories with par-
tially controlled randomness), described using a Geometric Brow-
nian Motion equation, capturing both the deterministic motion
drifts, represented with heavy-tailed distribution [Niu et al. 2021]
and the stochastic fluctuations inherent in its dynamics [Capasso

and Bakstein 2015; Kosowski and Neftci 2015]. By direct integration
of the Geometric Brownian Motion equation we obtain the lateral
obstacle displacement 𝑆 (𝑡) from scene center at time 𝑡 :

𝑆 (𝑡) = 𝑆 (0) · 𝑒 (𝜇−
𝜎2
2 )𝑡+𝜎𝑊 (𝑡 )

where 𝑆 (0) is the initial obstacle position,𝑊 (𝑡) is the Wiener pro-
cess representing random fluctuations, 𝜇 is the expected rate of
change and 𝜎 is the randomness in obstacle displacement. We sys-
tematically varied 𝜇 and 𝜎 to generate a multitude of signals which
represented the motion trajectories. We then empirically evaluated
the trajectories in a pilot study and selected those that exhibited
the desired range of visual unpredictability, were easily discernible
for users studies, and conformed to specified speed categories.

In order to create control conditions in the form of predictable
motion for comparison purposes, we also created sinusoidal signals
of both slow and fast speeds (see Figure 2). We added Gaussian
noise (𝜎 = 2) to generate two more obstacle trajectories, which
served to studying how noise affects users’ avoidance patterns and
to increase obstacle speed while maintaining a visually reasonable
motion as sinusoidal oscillations beyond 1 𝐻𝑧 become unnatural.

Following the two strategies described above, we generated a
collection of ten 10-s spatio-temporal signals, sampled at 40 Hz,
representing variations in both speed and entropy (Figure 2). Finally,
each obstacle trajectory was scaled (by a factor of 2) as to ensure
a total motion displacement within a 1m-radius from the center
of the virtual scene. The obstacle moved laterally perpendicular to
the observer’s path within the scene. Obstacle speeds range from
1.2 𝑚/𝑠 to 4.9 𝑚/𝑠 across different levels, aligning with human
walking [Bohannon 1997; Nelson et al. 2023] and running [Selinger
et al. 2022] speeds, which would facilitate future exploration of
virtual human movements and locomotion properties.

For the naming of the levels, we employ the following conven-
tion: ’P’ denotes periodic and ’Sto’ - stochastic. For periodic con-
ditions, ’LF’ signifies low frequency, ’HF’ - high frequency, and
’N’ indicates the addition of Gaussian noise. The decimal number
represents the average speed of the obstacle in m/s.

3.2 Apparatus & Task
Participants were immersed into the VE (implemented in Unreal
Engine, v. 5.0.1) using a HTC Vive Pro head mounted display with
a Vive Wireless adapter, and HTC Vive controllers. They saw a
virtual scene displaying a moving virtual entity (cylinder diameter
of 50 cm), as well as the controllers with realistic virtual hands
attached to them, as a reference of their body in the VE. They were
instructed to traverse the virtual scene from one specified target
𝐴 to 𝐵 located on the opposite side (denoted by green crosses, see
Figure 1 and 3), while avoiding collisions with the virtual obstacle
(if present). The trial ended upon reaching target 𝐵, and a new
trial was initiated starting from target 𝐵 towards 𝐴. This process
was repeated multiple times until completion of the experiment.
Participants started each trial positioned in front of virtual doors
(Figure 1, left), to open which, they were required to stand at the
center of the green cross and gaze straight ahead for 0.25 s. Once
the doors opened, participants had the autonomy to start walking.
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Sta�c Sta�c 0 0

P_LF_1.2 Periodic, Low Frequency 1,2 0,6

Sto_1.4 Stochas�c,  μ=1.34,σ=-0.23 1,4 0,83

Sto_1.9 Stochas�c, μ=1.34,σ=0.39 1,94 0,78

Sto_2.5 Stochas�c, μ=0.90,σ=-0.60 2,54 1,3
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PN_LF_3.8 Periodic, Low Freq., with noise 3,75 3,05

P_HF_4.0 Periodic, High Freq 4 1,92

Sto_4.6 Stochas�c, μ=1.18,σ=-1.34 4,58 2,87
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PN_HF_4.9 Periodic, High Freq., with noise 4,9 3,81
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Figure 2: Signals used for obstacle motion animation ordered in increasing average speed: periodic group (left) and stochastic
group (right); x-axis: time (s), y-axis: lateral displacement from center (m). Table of signals’ main characteristics: stochastic
(with specified 𝜇 and 𝜎 used for Wiener process) or periodic; average speed and standard deviation (SD) of obstacle.
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Figure 3: Top view of the VE: 1) Scene configuration; 2) Ob-
stacle displacement and example participant trajectory.

3.3 Experimental Design
As described above, we designed 12 conditions: 1 empty scene with-
out an obstacle, 1 with a static cylinder, and 10 conditions involving
a moving cylinder. To mitigate potential biases in user trajectories
within the VE, we imposed specific constraints on the configuration
of the virtual room (Figure 3). Walls were positioned at a consid-
erable distance from the user’s path, and passages were limited
to 3.6 m. The experimental setup, considering prior research find-
ings [Aravind and Lamontagne 2014; Cinelli et al. 2009], involved a
target-to-target distance of 6 m, with an obstacle positioned in the
middle of the optimal trajectory within an unobstructed space.

We opted for 3 repetitions per condition, arranged in 3 sepa-
rate blocks, with one repetition of each condition in each block,
presented randomly. Participants therefore performed a total of
36 trials: 12 Conditions × 3 Repetitions. The duration of the ex-
periment was ∼18 minutes. Before the experiment, participants
provided their gender, age, as well as their experience with VR
and we measured their height and shoulder size. They filled in a
post-questionnaire where we inquired about the moving entities
observed and participants’ feeling of presence in the VE.

3.4 Participants
Twenty-one participants took part in our experiment (9 male, 12
females), with an average (± SD) age of 28 ± 7 years. 8 participants
reported a high level of familiarity and experience with VR, 7 -
medium, 6 - no prior exposure to VR. All the participants willingly
participated in the study and provided informed consent.

Exclusion Criteria. Post-experiment discussions revealed that one
participant with no experience with VR misunderstood the task,
and perceived it as a game to deceive a moving object.

4 Analysis
The metrics we captured can be divided into categories: a) metrics
related to the center of the scene (Section 4.1), b) metrics related to
the center of mass of the obstacle (Section 4.2), and c) general met-
rics (Section 4.3). We additionally provide an approach to classify
the participants trajectories according their avoidance strategy in
Section 4.4. In Section 4.5, we propose a method to quantify obsta-
cle motion predictability using Sample Entropy. As a preliminary
step, we temporally resampled participants’ trajectories at 40 𝐻𝑧
to ensure a fixed timestep.

4.1 Metrics Relative to the Center of the Scene
These metrics are related to the distance from the center of the
scene, (𝑥,𝑦) = (0, 0), and quantify the degree to which a participant
deviated from the optimal trajectory in an ideal environment.

Average Distance from the center of the scene (m) is the average
of Euclidean distances from partial trajectory points bounded with
vertical lines 𝑥 = −1.2𝑚 to 𝑥 = 1.2𝑚 to the scene center ( ˜𝑑𝑆𝐶 in
Figure 7, top) [Argelaguet-Sanz et al. 2015; Patotskaya et al. 2023].

Clearance Distance from the center of the scene (m) is an Euclidean
distance from the scene center to the nearest point along the user’s
trajectory [Gérin-Lajoie et al. 2005; Sannier et al. 2023].

Maximum Lateral Deviation from the center of the scene (m) mea-
sures how far a participant’s trajectory deviates laterally from the
ideal path, represented by the line connecting the start and end
points of the task (marked with green crosses in the VR scene).

Side-by-Side Distance from the center of the scene (m) is a lateral
deviation from scene center when participant is side-by-side to the
obstacle (𝑑𝑆𝐶

��
𝑥=0 in Figure 7, center) [Nelson et al. 2023].

4.2 Metrics Relative to the Obstacle
These metrics are related to the distance to the center of the obstacle.
We applied a Gaussian filter (𝜎 = 1) to the obstacle displacement,
ensuring that the metrics reflect the overall participant movement
rather than noise introduced by the obstacles.

Average Distance to the center of mass of the obstacle (m) is com-
puted on a partial trajectory (𝑥 = −1.2𝑚 to 𝑥 = 1.2𝑚), similar to
dynamic clearance [Darekar et al. 2015, 2017; Perrinet et al. 2013],
as an average of the Euclidean distances from the trajectory to the
center of mass of the obstacle at each frame.



Entropy and Speed: Effects of Obstacle Motion Properties on Avoidance Behaviour in Virtual Reality , 15.00

Side-by-side Distance to the center of mass of the obstacle (m) is
computed similarly to the instantaneous distance from obstacle at
crossing [Darekar et al. 2015, 2017; Nelson et al. 2023]. We averaged
the lateral distance of the participant to the center of mass of the
obstacle within a 0.5 𝑠 window on crossing at the crossing of the
obstacle latitude, i.e. 𝑥 = 0 (𝑑𝑂𝐶

��
𝑥=0 in Figure 7, bottom).

4.3 General Metrics
We also analysed commonly used metrics as: a) Travel Time (s) –
time the participant spent traveling between the two green crosses
(from the start to the target) in the VE and b) Trajectory Length (m)
– length of the walking trajectory between the start and target
spots [Berton et al. 2019; Mousas et al. 2021; Patotskaya et al. 2023].

4.4 Strategies Classification
We observed, that some individuals appeared to opt for a strategy of
waiting for the obstacle to clear their path before proceeding, while
others chose to traverse the obstructed portion of the scene directly.
This observation highlights the diversity of approaches individuals
may employ when faced with obstacles, as described in previous
literature on pedestrian avoidance [Fajen and Warren 2003; Huber
et al. 2014] and motion strategy planning, wherein autonomous
agents were programmed to adapt their speeds or angles during
avoidance maneuvers [Bruneau and Pettré 2015; Dutra et al. 2017;
Helbing and Molnar 1998; Karamouzas et al. 2014; Ondrej et al.
2010; van den Berg et al. 2011]. Since these strategies could impact
the analysis of results, we decided to separate our data into two
groups: “anticipators” (adjusting the speed while circumventing)
and “avoiders” (adjusting the circumvention path).

To distinguish between these two strategies, we detect if par-
ticipants significantly decelerated to wait for the obstacle to move
away. First, we identify where their speed peaked along the trajec-
tory. Then, we backtrack to where their speed dropped below 25%
of its maximum, marking it as the final decision point. If the final
decision point’s 𝑥 coordinate is over 50 cm from the starting area,
it is categorized as anticipation. If 3 or more out of 10 levels with a
moving obstacle, participants exhibit anticipation, we classify the
repetition as anticipation; otherwise, as avoidance.

4.5 Motion Entropy
While average speed serves as a straightforward metric, the charac-
terization of motion in terms of predictability is more challenging
which we explore through the concept of entropy. First, it is im-
portant to clarify that the definition of entropy varies depending
on the specific task. This led to the definition of numerous entropy
metrics (e.g., Approximate Entropy [Chen et al. 2008], Distribution
Entropy [Li et al. 2018], Fuzzy Entropy [Li et al. 2018], Conditional
Entropy [Shi et al. 2019; Yan et al. 2022]). In this paper, we rely on
Sample Entropy (SampEn), which is widely used for quantifying the
predictability and complexity of time-series data in fields such as
neuroscience [Bhavsar et al. 2018; Glowinski et al. 2013; Yogarajan
et al. 2023], healthy physiology [Richman and Moorman 2000] or
biomechanics [Gates et al. 2022; McCamley et al. 2018].

Second, the quantification of signal complexity through SampEn
is contingent upon the appropriate selection of two parameters:
𝑚 (embedding dimension), which corresponds to the length of the

sequences to be compared, and 𝑟 (tolerance), which represents the
sequences’ similarity [Montesinos et al. 2018; Yentes et al. 2018;
Yogarajan et al. 2023]. While acknowledging the significance of𝑚
and 𝑟 in SampEn analysis, it should be noted that the prevalent
adoption of 𝑚 = 2 and 𝑟 = 0.2 in many studies lacks a strict
rationale [Glowinski et al. 2013; Ramdani et al. 2009]. For this reason,
we propose the systematic evaluation of these parameters and
investigate a selection of optimal parameters for SampEn within
the ranges of 𝑟 = [0.1; 0.3] and 𝑚 = [2; 100], based on values
observed in the literature [Castiglioni et al. 2013; Montesinos et al.
2018; Yentes et al. 2018]. Figure 8 illustrates how strongly the values
of entropy can vary depending on the parameters.

4.6 Statistical Analysis
The procedure of analysing results was the following. Where nor-
mality assumptions tested with Kolmogorov-Smirnov & Lilliefors
test were satisfied, we used parametric statistical analyses to ex-
plore potential differences between conditions (paired sample T-
test, repeated measures ANOVA), and used their non-parametric
equivalent otherwise. Sphericity was also assessed using Mauchly’s
tests, and Greenhouse-Geisser adjustments to the degrees of free-
dom were applied when appropriate to avoid any violation of the
sphericity assumption. We set the level of significance to 𝛼 = 0.05
and used the notations * (p-value < 0.05) to highlight significant
differences in the figures. Results are reported as mean ± standard
deviation. In case of a significant main or interaction effect, we
performed pairwise comparisons using Tukey post-hoc tests. The
Conditions were arranged in average speed of obstacle increase
order, to monitor the progression of p-values.

Additionally, we conducted a linear regression analysis to outline
the correlation between proximity to the obstacle and the entropy
of the obstacle’s motion (results presented in Section 5.2).

5 Results
As detailed in Section 3.1, our investigation focused on the ways in
which individuals circumvent static and dynamic obstacles moving
with various entropy. When referring to “metrics related to the
distance to the scene center”, we encompass all four metrics listed
in Section 4.1 as we identified several similar statistical patterns in
their analysis. We maintain consistent color codes for the levels as
described on the Figure 2 for both statistical results and trajectory
visualization.

5.1 Trajectory Analysis
Metrics relative to the center of the scene. For all four metrics
we found a main effect of Condition with a large effect size, i.e.
for Side-by-side Distance (𝐹7.2,425.9 = 178.1, 𝑝 < 0.001, 𝜂2𝑝 = 0.751),
Average Distance (𝐹4.62,90.8 = 90.8, 𝑝 < 0.001, 𝜂2𝑝 = 0.580), Clear-
ance Distance (𝐹11,209 = 131, 𝑝 < 0.001, 𝜂2𝑝 = 0.751) and Maximum
Lateral Deviation (𝐹4.91,93.37 = 122, 𝑝 < 0.001, 𝜂2𝑝 = 0.687) from
center of the scene. Overall, these results suggest that the factor of
Conditions with different speed and entropy of the obstacle motion
influenced the metrics related to the distance to the center of the
scene, that is why we proceed with a Tukey post-hoc to investigate
significant differences.
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Figure 4: Clearance from scene center: key significant differ-
ences highlighted in groups 1, 2 and 3. Full Tukey post-hoc
analysis provided in Table 1.

In most of the Conditions we observe that the increase of speed
and entropy tends to lead to the increase in avoidance distance to
the center of the scene, which validates the hypothesis H1 and H2.
However the p-value analysis shows that speed increase leads to sig-
nificant difference in avoidance distances within certain thresholds.
In particular, we can extrapolate two general conclusions, which
are adding essential clarifications to our hypothesis H2. First, for
the levels with similar speeds (the average obstacle speed differ-
ence < 1 m/s), no significant differences were found in individuals’
distance-related metrics. Second, for levels characterized by an av-
erage obstacle speed exceeding 3.1 m/s, no significant differences
were observed within the distance to the center of the scene met-
rics. In particular, analyses of average distance, maximum lateral
distance, clearance distance and side-by-side distance revealed no
significant difference across these higher-speed scenarios. There
are, however, several exceptions of these two observations, for ex-
ample Level 𝑃_𝐿𝐹_1.2 and 𝑃𝑁_𝐿𝐹_3.8, which we relate to impact
of entropy (hypothesis H1), which we are discussing in Section 6.

To validate the entropy-related hypothesis H1, we further pro-
vide a comparative analysis between periodic and stochastic levels.
Despite similar speeds between the periodic level 𝑃_𝐿𝐹_1.2 and
the stochastic level 𝑆𝑡𝑜_1.4, the Clearance distance to the center
was significantly lower (𝑝 = 0.04) for the former (Figure 4, group 1).
Clearance distance in Level 𝑃_𝐿𝐹_1.2 exhibited a notable decrease
compared to all other levels analyzed. Despite a marginal p-value
of 0.052 in comparison of Level 𝑆𝑡𝑜_1.9 and Level 𝑃_𝐿𝐹_1.2, indi-
cating a trend rather than statistical significance, participants still
appeared to take a larger space when navigating around obstacle
than in Level 𝑃_𝐿𝐹_1.2 (Table 1). For the other metrics such as
side-by-side distance (Figure 5 and Table 3 part 1 on the left) and
average distance we have noticed trends (𝑝 = 0.052 and 𝑝 = 0.084
correspondingly) that the participants tend to take a larger distance
to the center of the scene when the motion is less predictable in
comparison with a periodic one (Table 1). These findings highlight
the impact of predictability on participants’ behaviours when en-
countering obstacles, despite comparable motion speeds, which is
in line with hypothesis H1.

Exploring further the results related to hypothesis H1, we hereby
highlight the Level 𝑃𝑁_𝐿𝐹_3.8, where the obstacle followed a dis-
placement pattern characterized by low frequencies of sinusoidal
motion with added noise. Despite the high average speed of the
obstacle (due to added noise), individuals exhibited distinctly lower

avoidance distances compared to other levels with similar obstacle
speeds. Also, for 𝑃𝑁_𝐿𝐹_3.8 distance-related metrics were signif-
icantly lower than for 𝑃_𝐻𝐹_4.0, 𝑆𝑡𝑜_4.8, 𝑃𝑁_𝐻𝐹_4.9 (Figure 4,
group 2). Additionally, the same analysis revealed no differences
in the metrics between Condition 𝑃𝑁_𝐿𝐹_3.8 and the Conditions
where the obstacle speeds were notably lower (i.e. difference in
speed >> 1𝑚/𝑠), specifically Level 𝑆𝑡𝑜_1.4 and 𝑆𝑡𝑜_1.9. At the
same time, it also demonstrates that the mean of all of distances
metrics in Level 𝑃𝑁_𝐿𝐹_3.8, with low frequency periodic motion
with noise, is comparable to levels with lower speeds, thereby reaf-
firming the observation that participants approached this obstacle
similarly to how they approached obstacles with slower motion
speeds. This leads us to consider that speed, while important, is not
the sole determining factor influencing how the participant per-
ceives and avoids the moving object (Figure 10). This indicates that
the predictability of obstacles has a significant impact, supporting
hypothesis H1 and providing additional details for H2.

In levels 𝑃_𝐻𝐹_4.0, 𝑆𝑡𝑜_4.8, and 𝑃𝑁_𝐻𝐹_4.9, all distance met-
rics exhibited significant differences compared to levels 𝑃_𝐿𝐹_1.2,
𝑆𝑡𝑜_1.4, and 𝑆𝑡𝑜_1.9 (Figure 4, group 3). Specifically, the distance
to the center of the scene was significantly lower in slow obstacle
speed levels compared to fast ones (Figure 10), aligning with and
providing detailed support for speed-related hypothesis H2.

Metrics related to the distance to the dynamic obstacle.
For side-by-side distance to the obstacle, the repeated measures
ANOVA revealed a significant effect of the within-subjects factor
(𝐹72110,116 = 116, 𝑝 < .001, 𝜂 = 0.670). For average distance to the
obstacle on partial trajectory, the repeated measures ANOVA re-
vealed a significant effect of the within-subjects factor (𝐹31928,52.5 =
52.5, 𝑝 < .001, 𝜂 = 0.589).

Side-by-side distance from the participant to the obstacle gave
statistical significance for the levels (Table 2) as for side-by-side
distance from the scene center (Table 1), but the values behave
differently (Figure 10). Additionally, a significant difference (p-value
= 0.048) was observed between periodic and stochastic obstacle
motion at low speeds, i.e. in Conditions 𝑆𝑡𝑜_1.4 and 𝑃_𝐿𝐹_1.2. Side-
by-side distance to the scene center and to the obstacle the post-hoc
reveals a statistical difference for nearly the same levels. However,
we do not see a progressive increase in the mean value of the
distance to the obstacle with the rise of speed and entropy, as for
distance to scene center metrics (e.g. Figure 4 and 5 and Table 3
part 1), which serves as additional motivation to investigate the
strategies employed by individuals (Section 4.4 and 5.3).

The ANOVA analysis of the average distance to the obstacle
revealed minimal differences, probably attributed to the bias intro-
duced by the obstacle displacement.

Other results. For all the metrics ANOVA test revealed no sig-
nificant effect of repetitions. A repeated measures ANOVA found
no significant effect on task completion time across the 12 con-
ditions. For the travel distance, the same test revealed a signifi-
cant main effect of the factor of the obstacle speed and entropy
(𝐹5.16,97.97 = 24.2, 𝑝 < 0.001, 𝜂2𝑝 = 0.459).

For all the metrics, Tukey’s post hoc analyses, revealed an ab-
sence of distinctions in participant avoidance behaviour of a static
cylinder and of the one exhibiting periodic low-frequency oscilla-
tions with speed of 1.2 m/s (𝑃_𝐿𝐹_1.2). The analysis across various



Entropy and Speed: Effects of Obstacle Motion Properties on Avoidance Behaviour in Virtual Reality , 15.00

200

150

100

50

Si
d

e
-b

y-
Si

d
e 

D
is

ta
n

ce
 (

 in
 c

m
 ) 1) All participants                                                                                        2) Avoiders                                                                                          3) Anticipators

St
a�

c

P_LF
_1.2

St
o_1.4

St
o_1.9

St
o_2.5

St
o_3.1

PN_LF
_3.8

P_HF_
4.0

St
o_4.6

St
o_4.8

PN_HF_
4.9

St
a�

c

P_LF
_1.2

St
o_1.4

St
o_1.9

St
o_2.5

St
o_3.1

PN_LF
_3.8

P_HF_
4.0

St
o_4.6

St
o_4.8

PN_HF_
4.9

St
a�

c

P_LF
_1.2

St
o_1.4

St
o_1.9

St
o_2.5

St
o_3.1

PN_LF
_3.8

P_HF_
4.0

St
o_4.6

St
o_4.8

PN_HF_
4.9

Figure 5: Comparison of side-by-side distances to the scene center for: 1) all participants, 2) “avoiders” and 3) “anticipators”.

metrics indicates that participants avoided the cylinder in a similar
way when it was static or periodic with low frequency.

5.2 Regression Analysis: Impact of Entropy
We conducted the linear regression analysis to find the correlation
between obstacles’ speed and entropy versus proximity, in particu-
lar: 1) side-by-side distance to the center, 2) side-by-side distance
to the obstacle, 3) average distance to the center and 4) average
distance to the obstacle. Within the range of parameters𝑚 and 𝑟 ,
as described in Section 4.5, we computed SampEn and chose the
optimal values through regression against spatial metrics. We pro-
vide a systematic evaluation of 𝑅2 for various combinations of𝑚
and 𝑟 for distance metrics in Figure 9.

The regression of entropy against side-by-side distance to the
obstacle exhibits the highest coefficient of determination 𝑅2 value
of 0.8708, achieved with SampEn parameters 𝑚 = 84 and 𝑟 =

0.1800. The regression against the average distance to the obstacle
yields a notable 𝑅2 = 0.8156, attained with SampEn parameters
𝑚 = 5 and 𝑟 = 0.2975. When examining entropy in relation to the
average distance to the center, the highest 𝑅2 = 0.7265 emerges
with SampEn parameters𝑚 = 2, 𝑟 = 0.1400. Lastly, entropy against
side-by-side distance to the center reveals an 𝑅2 = 0.6790, where
parameters 𝑚 = 2, 𝑟 = 0.1375 are found to be optimal. These
results shows a strong correlation between entropy and avoidance
distance.

In comparison, regression analysis showed 𝑅2 of 0.7534 for ob-
stacle speed versus average avoidance distance to the scene center,
and an 𝑅2 = 0.7375 for side-by-side distance to the scene center.
However, the model poorly explains variability in obstacle distance:
𝑅2 = 0.5452 for average distance and 0.0308 for side-by-side.

5.3 Strategies Classification
Within the classification strategy proposed in Section 4.4, 2 out of
20 participants were classified as "anticipators" for all 3 repetitions,
while 3 of participants did so in the 2 first repetitions, and 3 only
in the first repetition. The more participants became familiar with
the VE, the more likely they were taking an “avoider” strategy.

The proposed classification revealed an illustrative performance
on the Side-By-Side deviation from the scene center (Figure 5 and
Table 3). Due to the relatively small sample size of “anticipators”, we
chose the non-parametric Friedman test, which yielded a significant
difference (𝜒2 = 66.8, df = 11, 𝑝 < .001). It is important to note
that the paired comparisons (Durbin-Conover) revealed additional
significant differences for the periodic levels in comparison with
stochastic ones. For example, in level 𝑃_𝐿𝐹_1.2, the side-by-side

distance was significantly lower in comparison with all the other
levels which contained a dynamic obstacle. Additionally, in levels
where average obstacle speed was in the range [3.1; 4.9] m/s, the
distance was significantly lower in Level 𝑃𝑁_𝐿𝐹_3.8, where the
obstacle moved periodically with noise, versus Levels 𝑆𝑡𝑜_3.1 and
𝑆𝑡𝑜_4.6, where obstacle moved more randomly (p-value 0.034 and
< .001 respectively). Side-by-side distance was also significantly
lower for Level 𝑃_𝐻𝐹_4.0, where participants avoided an obstacle
moving with high frequency periodic oscillations, than for 𝑆𝑡𝑜_4.6,
where the obstacle moved randomly (𝑝 = 0.024). At the same time,
the difference between periodic Levels 𝑃𝑁_𝐿𝐹_3.8 and 𝑃_𝐻𝐹_4.0
became less explicit (𝑝 = 0.143); however, we still observe the trend
that the distance is lower in the low frequency level.

For the sets which were classified as “avoiders” the repeated mea-
sures ANOVA revealed a significant condition effect on side-by-side
deviation from scene center (𝐹4.88,83.00 = 114, 𝑝 < .001, 𝜂2 = 0.748)
after applying the Greenhouse-Geisser correction for sphericity.
Tukey test revealed fewer significant differences compared to the
entire dataset. However, we still observe a consistent trend indi-
cating that the side-by-side distance increases as the speed of the
obstacle increases. These findings support our hypothesis H3, indi-
cating that the strategy individuals employ has varying effects on
distance across different Conditions (Figure 5 and Table 3).

6 Discussion
The principal finding of this study is that avoidance distance is
influenced by the movement pattern of the object. Both ANOVA
and regression analysis confirmed a significant correlation between
entropy and speed versus proximity, which supports the hypotheses
H1 and H2. In multiple conditions we observed that the increase of
speed and entropy in avoidance distance to the center of the scene.
This behaviour is likely associated with an anticipation of the risk
of collision when a user maintains safety margins. While existing
approaches for autonomous agents consider various factors, for
example locomotion energy [Bruneau and Pettré 2015], interac-
tion between individual agents [van den Berg et al. 2011], time-to-
collision [Karamouzas et al. 2014], there is a distinct absence of
methods that address the motion predictability of dynamic environ-
ments. Conversely, recent trends in introducing pedestrian hetero-
geneity in crowds [Yi et al. 2023] favor data-driven approaches [Mao
et al. 2022; Xu et al. 2022]. We highlight that entropy offers the
advantage of serving as an interpretable tool for quantifying mo-
tion predictability, which contributes to the long-term endeavor of
realistic and reactive crowd modeling. Programming agents with
an assessment of the entropy of obstacles in VEs may enhance
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Figure 6: Examples of 1) Avoider’s and 2) Anticipator’s paths and speed profiles.

their natural responsiveness and introduce variance in their mo-
tions. Moreover, considering the speed and entropy of virtual agent
gestures [Patotskaya et al. 2023; Sonlu et al. 2021] may contribute
to determining the space required by participants to maintain a
comfortable distance.

The proposed recognition and investigation of two strategies,
"avoiders" and "anticipators" (see Figure 6), aligns with our hypoth-
esis H3. This contributes knowledge to research on locomotion
adaptations and walking patterns [Bönsch et al. 2016; Cinelli et al.
2008; Fajen and Warren 2004; Hackney et al. 2018; Snyder et al.
2022]. On example of side-by-side distance to the scene center, we
demonstrated that "avoiders" progressively maintained greater dis-
tances as the obstacle speed increased. Conversely, "anticipators"
tent to react more to obstacle entropy, preserving significantly lower
distances while avoiding obstacles with periodic motion. In this
experimental context, we posit that the choice of strategy is likely
influenced by individuals’ specifics to evaluate the collision risk [Du-
tra et al. 2017] and their exposure to the scene. The participants may
alternate between both strategies over the experiment, with the
"anticipator" being more prevalent during initial repetitions, The
"avoider" strategy is more used when a participant becomes more
familiar with the scene. However, the limited representation of
"anticipators" in our dataset prevents us from drawing robust con-
clusions regarding their reaction to motion changes. Understanding
of the prerequisites for different strategies could serve as valuable
motivation for future investigation with a larger participant pool.

Recognizing the importance of selecting 𝑚 and 𝑟 in SampEn
analysis, for which there is no standardized approach [Glowinski
et al. 2013; Montesinos et al. 2018; Yentes et al. 2018] our goal was to
identify optimal parameters for computing obstacle motion entropy
that would have a stronger correlation with human reactivity. This
resulted in a new endeavour: can we explain, how people perceive
the motion stimuli within interpretation of the optimal parameters
of entropy? Based on our results, we assume that individuals not
only perceive local displacements and speed variations but also
may be attentive to the global trends in obstacle motion.

In general, we did not find differences between proximity met-
rics between levels which displayed an obstacle moving at similar
speeds (< 1 m/s difference), with several exceptions. These were
the cases when the obstacle moved periodically with low frequency
with and without noise applied. Participants maintained signifi-
cantly shorter distances to the scene center (confirmed for all four
metrics) when avoiding obstacles of periodic motions compared to
stochastic (i.e., more random) ones moving at the similar speeds.
At slower obstacle speeds (1.2 and 1.4 m/s), participants consis-
tently maintained shorter distances when avoiding obstacles with

periodic motion, which may signify that people are more sensitive
to the predictability when perceiving the motion at lower speeds.
However, when the obstacle moved with high speed (> 4 m/s) we
did not find the relation between proximity and obstacle entropy.

The regression analysis suggests that measures associated with
the distance between participant and obstacle itself display a no-
tably high correlation with entropy. Metrics concerning avoidance
distance between the participant and the center of the scene exhibit
a strong correlation with speed and entropy, with speed demon-
strating a slightly higher predictive accuracy. This finding suggests
that entropy more effectively explains the proximity concerning
the obstacle itself, whereas speed better accounts for the distances
related to the center of the scene. We conclude that, while speed is
an important factor, it is not the sole determinant influencing how
participants perceive and avoid the moving object.

The proximity metrics evaluation strongly suggests that when
periodic motion is complicated by noise, people’s reactions to it
tend to resemble reactions to periodic motion rather than to sto-
chastic motion of the similar speed. At the same time, we admit,
that individuals noticed the presence of noise in sinusoidal motions,
as their avoidance distance was significantly higher.

Future work. In addition to the future research questions out-
lined before, we acknowledge the necessity to explore alternative
methods for quantifying motion predictability beyond Sample En-
tropy, recognizing that it may not be the optimal or straightforward
measure to characterize obstacle motion predictability. The prox-
imity study of this experiment could potentially be enhanced by
exerting stronger control over the side of the scene where the ob-
stacle is. However in this experiment we solved this problem by
introducing sufficient amount of variances in obstacle motions, ran-
domizing the sequence of levels, and conducting repetitions, as we
still see a strong effect of the proposed stimuli, speed and entropy,
on proximity. We also recognize that our conclusions regarding
interactions and motion properties are derived from the obstacles
animated using a specific dynamic model. Extrapolating these find-
ings on the impact of speed and entropy to other motion models,
such as believable virtual humans’ gestures or walking trajectories,
may not be straightforward, posing a challenge for future research.

7 Conclusion
This research shows that the increase of speed and entropy of the
obstacle leads to the increase in avoidance distance to the center of
the obstacle motion, which validates our hypothesis. Participants
consistently maintained shorter distances to the scene center when
avoiding periodic motion obstacles compared to stochastic ones at
similar speeds, provided the obstacle speed did not exceed 4 m/s.
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The study also identified two avoidance strategies, "avoiders" and
"anticipators", where "avoiders" maintain greater distances as ob-
stacle speed increases, while "anticipators" tend to be more reactive
to obstacle predictability. The preference for avoidance strategy
appeared to be linked to individual participant traits rather than
the movement patterns of the obstacle and may change over time
as participants become more familiar with the virtual environment.
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Figure 7: Metrics calculated on participants’ trajectories: 1)
Side-by-side distance from the center of the scene at 𝑥 = 0:
𝑑𝑆𝐶

��
𝑥=0 = ∥𝑝 (0, 𝑦)−𝑆𝐶 ∥ ; 2) Average distance from the center of

the scene: ˜𝑑𝑆𝐶 = avg(𝑑𝑆𝐶𝑖
)
��
𝑖∈{0,1,...,𝑁 } ; 3) Side-by-side distance

to the center of mass of the obstacle at 𝑥 = 0: 𝑑𝑂𝐶

��
𝑥=0 =

∥𝑝 (0, 𝑦)−𝑂𝐶 ∥. Trajectory points 𝑃 = {𝑝 (𝑥𝑖 , 𝑦𝑖 )}, 𝑖 ∈ {0, 1, . . . , 𝑁 },
𝑆𝐶 = (0,0) - Scene center coordinate, 𝑂𝐶 - Obstacle center
position.

Figure 8: Sample Entropy calculation for various set of pa-
rameters m and r for obstacle motion in various conditions.
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Figure 9: Exploring the relationship between entropy esti-
mations and spatial metrics: A heatmap analysis of linear
regression 𝑅2 rates across parameter ranges: 1) Average dis-
tance to the center; 2) Average distance to the obstacle; 3)
Side-by-side distance to the center; 4) Side-by-side distance
to the obstacle.
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Figure 10: Side-by-Side distance to the obstacle. The signifi-
cant differences are shown on Table 2.
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Table 1: Tukey’s post hoc analysis, p-value summary for the
metrics related to the center of the scene: 1. Clearance dis-
tance; 2. Maximum Lateral Deviation; 3. Side-by-Side Dis-
tance; 4. Average Distance. Significant differences (p < 0.05)
in red font, absence of significant difference toned in grey.

1. Clearance distance
Conditions Empty Static P_LF_1.2 Sto_1.4 Sto_1.9 Sto_2.5 Sto_3.1 PN_LF_3.8 P_HF_4.0 Sto_4.6 Sto_4.8
Static .001
P_LF_1.2 .001 1.000
Sto_1.4 .001 .001 0.040
Sto_1.9 .001 .001 0.052 1.000
Sto_2.5 .001 .001 0.006 0.567 0.981
Sto_3.1 .001 .001 0.001 0.160 0.557 0.857
PN_LF_3.8 .001 .001 0.002 0.999 1.000 0.999 0.852
P_HF_4.0 .001 .001 .001 0.014 0.007 0.121 0.653 0.036
Sto_4.6 .001 .001 0.006 0.357 0.538 0.760 1.000 0.864 0.914
Sto_4.8 .001 .001 .001 0.006 0.008 0.034 0.122 .001 0.862 0.410
PN_HF_4.9 .001 .001 .001 0.020 0.004 0.055 0.425 0.012 1.000 0.563 0.929

2. Maximum lateral deviation
Conditions Empty Static P_LF_1.2 Sto_1.4 Sto_1.9 Sto_2.5 Sto_3.1 PN_LF_3.8 P_HF_4.0 Sto_4.6 Sto_4.8
Static .001
P_LF_1.2 .001 0.440
Sto_1.4 .001 .001 0.378
Sto_1.9 .001 .001 0.610 1.000
Sto_2.5 .001 .001 0.097 0.892 0.308
Sto_3.1 .001 .001 0.007 0.004 0.017 0.281
PN_LF_3.8 .001 .001 0.014 1.000 0.931 1.000 0.502
P_HF_4.0 .001 .001 .001 0.008 0.001 0.125 0.784 0.017
Sto_4.6 .001 .001 0.009 0.019 0.007 0.300 0.969 0.304 0.998
Sto_4.8 .001 .001 .001 0.004 .001 0.026 0.201 0.001 0.991 0.815
PN_HF_4.9 .001 .001 .001 0.021 0.009 0.189 0.838 0.023 1.000 1.000 0.930

3. Side-by-side distance
Conditions Empty Static P_LF_1.2 Sto_1.4 Sto_1.9 Sto_2.5 Sto_3.1 PN_LF_3.8 P_HF_4.0 Sto_4.6 Sto_4.8
Static .001
P_LF_1.2 .001 0.988
Sto_1.4 .001 .001 0.052
Sto_1.9 .001 .001 0.101 1.000
Sto_2.5 .001 .001 0.008 0.424 0.629
Sto_3.1 .001 .001 0.003 0.034 0.140 0.888
PN_LF_3.8 .001 .001 0.008 1.000 1.000 0.982 0.644
P_HF_4.0 .001 .001 .001 0.008 0.001 0.232 0.769 0.024
Sto_4.6 .001 .001 0.006 0.044 0.014 0.410 0.901 0.340 1.000
Sto_4.8 .001 .001 .001 0.002 .001 0.036 0.084 .001 0.883 0.819
PN_HF_4.9 .001 .001 .001 0.012 0.002 0.128 0.448 0.009 1.000 0.998 0.752

4. Average distance
Conditions Empty Static P_LF_1.2 Sto_1.4 Sto_1.9 Sto_2.5 Sto_3.1 PN_LF_3.8 P_HF_4.0 Sto_4.6 Sto_4.8
Static .001
P_LF_1.2 .001 0.901
Sto_1.4 .001 .001 0.084
Sto_1.9 .001 .001 0.158 1.000
Sto_2.5 .001 .001 0.017 0.670 0.826
Sto_3.1 .001 .001 0.003 0.070 0.214 0.448
PN_LF_3.8 .001 .001 0.002 0.999 1.000 1.000 0.819
P_HF_4.0 .001 .001 .001 0.005 0.001 0.050 0.539 0.010
Sto_4.6 .001 .001 0.008 0.108 0.060 0.347 0.998 0.639 0.960
Sto_4.8 .001 .001 .001 0.002 .001 0.014 0.101 .001 0.870 0.569
PN_HF_4.9 .001 .001 .001 0.027 0.008 0.078 0.608 0.016 1.000 0.951 0.788

Table 2: Tukey’s post hoc analysis of Side-by-side distance
from the participant to center ofmass of themoving obstacle:
p-values summary highlighting significant differences (p <
0.05) in red font, absence of significant difference toned in
grey.

Conditions Empty Static P_LF_1.2 Sto_1.4 Sto_1.9 Sto_2.5 Sto_3.1 PN_LF_3.8 P_HF_4.0 Sto_4.6 Sto_4.8
Static .001
P_LF_1.2 .001 0.985
Sto_1.4 .001 .001 0.048
Sto_1.9 .001 .001 0.111 1.000
Sto_2.5 .001 .001 0.007 0.357 0.405
Sto_3.1 .001 .001 0.003 0.036 0.119 0.880
PN_LF_3.8 .001 .001 0.006 1.000 1.000 0.984 0.644
P_HF_4.0 .001 .001 .001 0.014 0.002 0.378 0.936 0.040
Sto_4.6 .001 .001 0.005 0.039 0.006 0.444 0.943 0.367 1.000
Sto_4.8 .001 .001 .001 0.002 .001 0.046 0.137 .001 0.781 0.842
PN_HF_4.9 .001 .001 .001 0.012 0.001 0.141 0.529 0.010 1.000 0.998 0.802

Table 3: Comparison of side-by-side distances to the scene
center: Tukey’s post hoc p-values summary highlighting sig-
nificant differences (p < 0.05) in red font. Table 1 represents
all participants, 2 - "avoiders" and 3 - "anticipators".

1. All participants
Conditions Static P_LF_1.2 Sto_1.4 Sto_1.9 Sto_2.5 Sto_3.1 PN_LF_3.8 P_HF_4.0 Sto_4.6 Sto_4.8 PN_HF_4.9
P_LF_1.2 0.988 0.052 0.101 0.008 0.003 0.008 < .001 0.006 < .001 < .001
Sto_1.4 < .001 0.052 1.000 0.424 0.034 1.000 0.008 0.044 0.002 0.012
Sto_1.9 < .001 0.101 1.000 0.629 0.140 1.000 0.001 0.014 < .001 0.002
Sto_2.5 < .001 0.008 0.424 0.629 0.888 0.982 0.232 0.410 0.036 0.128
Sto_3.1 < .001 0.003 0.034 0.140 0.888 0.644 0.769 0.901 0.084 0.448
PN_LF_3.8 < .001 0.008 1.000 1.000 0.982 0.644 0.024 0.340 < .001 0.009
P_HF_4.0 < .001 < .001 0.008 0.001 0.232 0.769 0.024 1.000 0.883 1.000
Sto_4.6 < .001 0.006 0.044 0.014 0.410 0.901 0.340 1.000 0.819 0.998
Sto_4.8 < .001 < .001 0.002 < .001 0.036 0.084 < .001 0.883 0.819 0.752
PN_HF_4.9 < .001 < .001 0.012 0.002 0.128 0.448 0.009 1.000 0.998 0.752

2. Avoiders
Conditions Static P_LF_1.2 Sto_1.4 Sto_1.9 Sto_2.5 Sto_3.1 PN_LF_3.8 P_HF_4.0 Sto_4.6 Sto_4.8 PN_HF_4.9
P_LF_1.2 0.862 0.269 0.194 0.033 0.017 0.040 .001 0.033 .001 .001
Sto_1.4 .001 0.269 1.000 0.828 0.475 0.858 0.015 0.224 0.001 0.024
Sto_1.9 .001 0.194 1.000 0.963 0.456 0.999 0.018 0.082 .001 0.008
Sto_2.5 .001 0.033 0.828 0.963 0.969 1.000 0.312 0.833 0.058 0.117
Sto_3.1 .001 0.017 0.475 0.456 0.969 0.998 0.823 0.995 0.158 0.373
PN_LF_3.8 .001 0.040 0.858 0.999 1.000 0.998 0.249 0.942 0.004 0.118
P_HF_4.0 .001 .001 0.015 0.018 0.312 0.823 0.249 0.998 0.881 1.000
Sto_4.6 .001 0.033 0.224 0.082 0.833 0.995 0.942 0.998 0.630 0.863
Sto_4.8 .001 .001 0.001 .001 0.058 0.158 0.004 0.881 0.630 0.963
PN_HF_4.9 .001 .001 0.024 0.008 0.117 0.373 0.118 1.000 0.863 0.963

3. Anticipators
Conditions Static P_LF_1.2 Sto_1.4 Sto_1.9 Sto_2.5 Sto_3.1 PN_LF_3.8 P_HF_4.0 Sto_4.6 Sto_4.8 PN_HF_4.9
P_LF_1.2 0.557 .001 0.002 .001 .001 .001 .001 .001 .001 .001
Sto_1.4 .001 .001 0.107 0.143 0.057 0.825 0.212 .001 0.020 0.079
Sto_1.9 0.013 0.002 0.107 0.002 .001 0.164 0.005 .001 .001 .001
Sto_2.5 .001 .001 0.143 0.002 0.659 0.092 0.825 0.041 0.378 0.769
Sto_3.1 .001 .001 0.057 .001 0.659 0.034 0.508 0.107 0.659 0.883
PN_LF_3.8 .001 .001 0.825 0.164 0.092 0.034 0.143 .001 0.011 0.048
P_HF_4.0 .001 .001 0.212 0.005 0.825 0.508 0.143 0.024 0.271 0.607
Sto_4.6 .001 .001 .001 .001 0.041 0.107 .001 0.024 0.240 0.079
Sto_4.8 .001 .001 0.020 .001 0.378 0.659 0.011 0.271 0.240 0.557
PN_HF_4.9 .001 .001 0.079 .001 0.769 0.883 0.048 0.607 0.079 0.557
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