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Figure 1: The comparison of classic Redirected Walking (RDW) and our proposed Open Physical Spaces RDW (OPS-RDW).
The left side depicts classic RDW within a confined area, where obstacles are fixed and physical walking paths are well-
defined and predictable. In contrast, the right side presents the OPS-RDW scenario, which involves dynamic and unpredictable
obstacles, potential multi-user interactions, and without a predefined boundary model. The goal of OPS-RDW is to maintain
natural walking trajectories consistent with the intended navigation direction, while the redirection algorithm ensures real-time

avoidance of dynamic obstacles and guarantees user safety.

ABSTRACT

Redirected Walking (RDW) enables continuous locomotion in vir-
tual environments (VEs) within limited physical spaces. However,
classic RDW methods rely on static settings with tight boundaries,
which can reduce their applicability in large shared physical spaces
where boundary constraints are not dominant, especially under dy-
namic and multi-user conditions. To overcome this, we introduce
a new task: Redirected Walking in Open Physical Spaces (OPS-
RDW), which allows users to navigate expansive VEs safely and
naturally despite dynamic obstacles and without requiring a fixed
boundary model. We further propose Dynamic Control and Redi-
rection with Safety Constraints (DyCoRe), which formulates
OPS-RDW as a constrained optimization problem. DyCoRe uses
Dynamic Control Barrier Functions to model real-time collision
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avoidance constraints and solves an online Quadratic Programming
problem to compute optimal velocities that minimize path deviation
while ensuring safety. These velocities are mapped into real-time
redirection gains, guiding users along natural paths while reduc-
ing collision risk. A relaxation mechanism is incorporated to han-
dle infeasible scenarios. Extensive simulations suggest consistent
improvements in safety and obstacle clearance over state-of-the-
art methods. User studies demonstrate that DyCoRe significantly
improves navigation continuity, reduces the number of resets, and
tends to reduce perceived discomfort compared to classic RDW
strategies. DyCoRe provides an efficient and learning-free solution
for safe and natural VR locomotion in open physical spaces with
dynamic obstacles and multiple users.

Index Terms: Redirected Walking (RDW), Open Physical Spaces,
Dynamic Obstacles, Safety Constraints.

1 INTRODUCTION

Virtual Reality (VR) provides a deeply immersive virtual environ-
ment experience, but the constraints of physical space often limit
its full potential, especially when users wish to freely explore large-
scale virtual worlds. Redirected Walking (RDW) technology over-
comes this limitation by dynamically adjusting the user’s walking
direction and trajectory in the physical space, enabling them to walk
through expansive virtual environments within a confined physi-
cal space. RDW technology has been widely applied in various
fields, including virtual museums [6, 42], immersive entertainment



[19, 46], and emergency-response training [23, 13], providing rich
virtual experiences in space-constrained environments and advanc-
ing the application of VR technology across multiple scenarios.

Most existing RDW methods have been tested primarily in con-
trolled environments, where the physical space is typically static
and the distribution of obstacles is fixed. However, the increasing
demand for greater immersion and more complex user interactions
in VR has made isolated and constrained environments insufficient
for supporting users in freely and naturally exploring expansive vir-
tual worlds [44, 33]. This trend is already visible in location-based
VR venues, where users walk within large-scale tracked areas to
explore much larger virtual environments [28]. As deployments
move to larger and more complex open physical spaces, the per-
formance of existing methods in ensuring safe and natural walk-
ing remains underexplored in dynamic, complex, and multi-user
shared tracked spaces. In particular, users must not only interact
with surrounding objects but also avoid collisions with other users
in these large shared tracked spaces, considerably increasing the
difficulty of RDW methods [35, 21, 6] in handling such complex
environments. These methods typically rely on static or controlled
environments, where the movement of users and obstacles is more
structured or controlled, making it difficult to adapt to the complex-
ity and variability of real-world, multi-user settings.

In this work, we introduce a new task—Open Physical Spaces
Redirected Walking (OPS-RDW), which addresses RDW in large-
scale open physical spaces with dynamic obstacles, including co-
located users. The core objective of this task is to enable users to
engage in VR activities within expansive and dynamic open phys-
ical spaces, facilitating natural and free walking in these complex
environments. An overview of the OPS-RDW task is illustrated
in Figure 1. Specifically, this task must address several key chal-
lenges: ensuring real-time avoidance of dynamic obstacles without
requiring a fixed or predefined boundary model, guaranteeing the
user’s safety under dynamic, multi-user conditions, and maintain-
ing the naturalness of the user’s walking trajectory while ensuring
alignment with the intended navigation direction despite environ-
mental changes.

To this end, we propose a novel method, Dynamic Control and
Redirection with Safety Constraints (DyCoRe). Our insight is to
approach the OPS-RDW task as a dynamic safety constraint prob-
lem, which is addressed through a staged closed-loop process. First,
we utilize Dynamic Control Barrier Functions (D-CBF) to define
real-time safety constraints between the user and surrounding dy-
namic agents. Next, we apply online Quadratic Programming (QP)
optimization to minimize the deviation between the user’s walking
path and the desired navigation direction, while ensuring the safety
constraints are satisfied. Finally, the optimized velocity is mapped
to redirection gains, guiding the user along a safe and natural walk-
ing path, with a relaxation mechanism ensuring feasible navigation
even in dense or dynamic scenarios. Simulations provide support-
ing evidence, while a co-located user study shows that DyCoRe
significantly improves navigation continuity and reduces resets, and
tends to reduce perceived discomfort. By enforcing real-time safety
constraints, DyCoRe reduces disruptions in complex, dynamic sce-
narios.

Our main contributions are summarized as follows:

(1) We introduce the OPS-RDW, which aims to enable users to
engage in VR activities within shared tracked spaces, addressing
key challenges such as real-time avoidance of dynamic obstacles
and ensuring the safety and naturalness of walking paths in complex
environments.

(2) We propose DyCoRe, a method for OPS-RDW that uses D-
CBEF for safety constraints and QP optimization to minimize path
deviation. The optimized velocity is mapped to redirection gains,
guiding the user along a safe, natural path, with a relaxation mech-
anism for feasibility in dense or unpredictable environments.

(3) We validate DyCoRe through extensive experiments, show-
ing a 21.58% reduction in collisions with dynamic obstacles and a
20.12% increase in average distance from obstacles, demonstrating
its superior performance in complex, multi-user environments.

2 RELATED WORKS

Research on RDW can be broadly divided into three categories:
classic geometric methods, perception-driven approaches, and
learning-based or multi-user extensions [32, 25]. In the following,
we review works in each category and discuss their limitations for
large shared tracked spaces with dynamic agents, without explicit
boundary models.

2.1 Classic RDW methods.

RDW initially focused on geometric gains, with strategies such
as Steer-to-Center (S2C), Steer-to-Multiple-Targets (S2MT), and
Steer-to-Orbit (S20) [35]. These approaches assume a static, en-
closed, and fully known physical environment, redirecting users by
applying rotation, translation, or curvature gains within perceptual
thresholds. Comparative studies have evaluated and extended these
strategies, showing that S2C is generally more robust, whereas S20
performs better in long straight-line walking scenarios. Variants of
S2C have further been proposed to mitigate performance degrada-
tion when the angle between the walking and center directions be-
comes too large [47, 12]. Progress in threshold research has quan-
tified the imperceptible ranges of rotation, translation, and curva-
ture gains, establishing parameter foundations such as the relation-
ship between curvature radius, walking speed, and field of view,
as well as the independence of gain combinations [9, 31]. Never-
theless, these methods are intrinsically tied to static, pre-modeled
indoor settings, and their effectiveness diminishes markedly in dy-
namic or unstructured tracked spaces. Recent surveys emphasize
that the core assumptions of traditional RDW do not generalize to
real-world scenarios, underscoring the necessity of more adaptive
paradigms [1, 27, 41].

2.2 Perception-Driven RDW.

In recent years, research has increasingly focused on incorporating
human factors and perception-driven models into RDW [45, 38].
These approaches dynamically adjust parameters based on individ-
ual thresholds [24, 18], eye movements [7, 45], and physiological
signals [45], aiming to optimize redirection intensity and timing
without compromising user comfort. Early work explored the sup-
pression window induced by blinking or saccades, applying larger
rotations or translations when the user is not directly looking ahead,
thereby concealing redirection [38, 20, 3]. More recent studies have
integrated saccade prediction, attention masking, and dynamic gaze
modeling into online control systems [14, 15]. Gaze speed, blink
rate, and gaze stability have been identified as reliable predictors
of rotation-gain sensitivity, enabling real-time, user-specific adap-
tations. However, excessive gains can disrupt spatial memory and
path recall, necessitating a balance between efficiency and cogni-
tive load [4]. Despite the increasing sophistication of these percep-
tual models, many still rely on pre-sampling or offline calibration
of individual users. When environmental conditions change unex-
pectedly, both thresholds and attention patterns shift with context.
This makes it difficult for existing models to adapt in real-time to
such dynamic changes.

2.3 Learning-Based RDW.

With the rapid advancement of machine learning, particularly rein-
forcement learning, RDW research has increasingly explored data-
driven strategies to optimize user redirection. Lee et al. [21] in-
troduced Steer-to-Optimal-Target, which selects the optimal redi-
rection target from multiple candidates using Deep Q-Learning to
evaluate and score alternatives. This approach was later extended to



support multiple users in Multiuser-Steer-to-Optimal-Target [22],
incorporating pre-reset actions and additional refinements to im-
prove multi-user coordination. Similarly, Strauss et al. [37] lever-
aged Proximal Policy Optimization (PPO) to train deep neural net-
works that predict rotation, translation, and curvature gains directly
from a user’s real-time position and orientation. Chang et al. [5]
further advanced this paradigm by integrating a center-based trans-
lation gain strategy with a novel Turn-to-Furthest reset technique,
demonstrating enhanced redirection performance. Beyond rein-
forcement learning, recent works have also explored physics- and
alignment-inspired methods. Artificial Potential Function (APF)-
based controllers, such as TAPF [40] and subsequent multi-user
adaptations, use repulsive and attractive forces to guide users away
from obstacles and towards desirable virtual areas. Alignment-
based approaches, including REA [39] and ARC [43, 44], focus on
synchronizing physical and virtual environments via geometric or
visibility-based alignment to facilitate safer and more predictable
walking. While these methods demonstrate improved redirection
in constrained or semi-structured spaces, they often struggle with
efficiency and obstacle avoidance in large, tracked, and dynamic
environments.

2.4 Multi-User RDW.

The development of RDW for multi-user and tracked spaces has
advanced rapidly in recent years. Artificial Potential Field-based
approaches utilize repulsive and attractive forces for real-time ob-
stacle avoidance, with early work demonstrating reduced collisions
and fewer resets in multi-user room scenarios [2, 30]. Recent
advancements in this area include predictive APF and alignment-
based control methods, which reduce virtual-physical conflicts by
aligning environmental or visible domain information, thereby fa-
cilitating more natural walking in non-rectangular spaces [8, 43, 44,
10]. In the context of tracked spaces, researchers have integrated
cutting-edge exploration techniques with APF, allowing users to
expand tracking areas while preserving natural walking in irregular
physical spaces [29]. Moreover, joint optimization strategies that
address occlusion consistency and feasible domains have been in-
troduced, leveraging physical-virtual visibility polygons and obsta-
cle consistency constraints to enhance safety and immersion, par-
ticularly in augmented reality or semi-open environments [44]. The
evolution of multi-user interaction in RDW reached a significant
milestone with the introduction of AVF-RDW in 2025, which com-
bines vector fields with interaction constraints to support physical
interactions between multiple users, such as handshakes and object
transfers [36]. Additionally, spatial partitioning approaches have
been proposed, dynamically dividing physical areas for multi-user
environments to minimize interference [16]. However, these meth-
ods remain highly dependent on pre-existing environmental mod-
els, typically requiring prior mapping or stable boundary tracking.
Their performance often deteriorates significantly in dynamic pub-
lic spaces, where factors such as human movement patterns and
boundary changes introduce substantial unpredictability. Many of
these techniques still necessitate resets or predefined paths to en-
sure safety. Consequently, there is a pressing need for a solution
that can operate efficiently and naturally within large, unmodeled,
and dynamic tracked spaces.

In summary, because most prior RDW approaches still rely
on predefined environment models or structured layouts, their ro-
bustness degrades in large tracked spaces dominated by dynamic
agents; thus, we propose DyCoRe, which prioritizes real-time
safety constraints without explicitly remodeling the environment or
prescribing paths.

3 PROBLEM FORMULATION

To formalize our proposed task, Open Physical Spaces Redirected
Walking (OPS-RDW), we first outline the classic Redirected Walk-

ing (RDW) formulation and then extend it to tracked, dynamic,
multi-user spaces.

3.1 Classic Redirected Walking

RDW aims to enable users of VR systems, who are constrained
within a limited physical space, to walk naturally within expansive
virtual environments. This is achieved by applying subtle geometric
transformations to the user’s visual input. Formally, let the trajec-
tory of the user in the virtual environment at time ¢ be denoted as
V(t) € R", and the corresponding trajectory in the physical envi-
ronment as P(¢) € R". The relationship between these trajectories
is described by a mapping function:

P(1) = f(V(2)), )

where f(-) represents a mapping function, and it is required to
be continuously differentiable and locally injective. These condi-
tions ensure the smoothness and reversibility of the physical mo-
tion, which are crucial for maintaining a natural and uninterrupted
user experience in the physical space. In practice, such mapping
functions are typically implemented through gain models, includ-
ing translation gains g;, rotation gains g,, and curvature gains g.,
which geometrically adjust the user’s perceived motion. These ad-
justments are designed to remain imperceptible to the user, ensuring
that the transformations do not disrupt the natural walking experi-
ence.

3.2 Open Physical Spaces Redirected Walking

OPS-RDW extends Classic RDW to dynamic, complex, and multi-
user shared tracked spaces. We define the OPS-RDW task as a spa-
tial mapping problem under dynamic constraints, with the mapping
function given by:

P(t) = f(V(1),E(1)), ()

where E(t) represents the state of the physical environment at time
t, including the distribution of dynamic obstacles and the trajecto-
ries of other users. This mapping function f not only depends on the
virtual trajectory V (¢) but must also respond in real-time to changes
in the environment. Moreover, the user’s physical trajectory must
remain within a safe and feasible region:

P(t) e F(E(1)), €)

where F(E(r)) represents the safe, feasible region determined by
the environmental state at time . Additionally, the deviation be-
tween the physical and virtual trajectories must be kept within per-
ceptual thresholds to ensure that the user’s movement feels natural.
In summary, the mathematical formulation of OPS-RDW can be
conceptualized as solving the mapping function f under dynamic
environmental constraints, with the objective of maximizing the
natural consistency between virtual and physical motion while en-
suring safety.

4 DyNAMIC CONTROL AND REDIRECTION WITH SAFETY
CONSTRAINTS

Building on the problem formulation of OPS-RDW, our goal is to
realize the mapping function f such that the physical trajectory
P(r) satisfies both the safety constraint P(¢) € F(E(t)) and the nat-
uralness constraint ||P(z) — V()| within the perceptual threshold.
To this end, we propose Dynamic Control and Redirection with
Safety Constraints (DyCoRe), which approaches OPS-RDW as
a dynamic safety-constrained optimization problem. Specifically,
we employ Dynamic Control Barrier Functions (D-CBF) to encode
safety constraints imposed by dynamic obstacles, and solve an on-
line Quadratic Programming (QP) problem to minimize deviation
from the intended navigation direction under these constraints. The



o
-w
Linear 7
Constraints// £
’
’
’
/
7 .
Safe Set C // +  — — <) Optimal Path
7 VA
v & ‘ﬁ‘& R T Real Path
[ ::J Collision Risk Zone
X

Figure 2: Illustration of dynamic safety constraints with D-CBF.
The method ensures that each user’s safety set is maintained with-
out intersecting with others, thus preventing collisions in the open
physical space.

optimized motion commands are then translated into redirection
gains, ensuring a safe and natural walking experience. The fol-
lowing subsections detail the three main components of DyCoRe:
dynamic safety constraints with D-CBF, online optimization with
QP, and redirection gain mapping.

4.1 Dynamic Safety Constraints with D-CBF

In OPS-RDW, users are immersed in VR environments with fuzzy
physical boundaries and multiple co-existing users. To guarantee
safe locomotion, we employ D-CBFs to transform user—obstacle
interactions into linear constraints on user velocity, as shown in Fig-
ure 2.

Let the user position at time ¢ be p,(f) € R2, and the position of
obstacle o; be p,, (t) € R%. The minimum safety distance is denoted
by dsare > 0. We define the safety function as:

hi(l’uvpo") = Hpu*ptl,“z*dszafe? “
with the associated safe set:
C:{(Pmpa,») |hi(]7u7po,) >0, Vl} ©)]

To ensure that the safe set C effectively constrains the system state,
the safety function is required to satisfy the Zeroing CBF condition:

hi(Plnpo,-v”) + ahi(puapo;) >0, (6)

where u € R? is the user’s virtual control velocity and ¢ > 0 is
a hyperparameter regulating the system’s responsiveness when ap-
proaching the safety boundary. This inequality ensures that if the
system state starts inside the safe set C (i.e., h_i > 0), its future evo-
lution will not drive it outside, thereby guaranteeing safety at all
times. The time derivative of 4; is

hi :2(pu 7170,')T(M7Vo,-)7 (@)

where v,, € RR? denotes the obstacle velocity. Substituting this into
the Zeroing CBF condition yields a linear inequality in u:

aj u>b;, (8
where a; = 2(py — po;), bi = 2(pu — P(};)TVOi — ahi(pu, po;)- This
constraint defines a convex polytope for the feasible set of u, which
can be directly embedded into a QP solver to explicitly enforce
safety during optimization. The parameter ¢ controls constraint
conservativeness: larger values impose stricter restrictions near ob-
stacles, while smaller values allow greater freedom at the cost of
increased risk.

@® Relaxed solution \
® Desired velocity IEENEEE i
Optimal solution

Feasible region ~ S
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Figure 3: Illustration of QP-based online optimization with relax-
ation. The desired velocity may fall outside the feasible region; the
optimal solution is projected inside, and when infeasible, a relaxed
solution is obtained within the relaxed feasible region.

4.2 Online Optimization with QP

QP allows for the effective integration of dynamic safety constraints
derived from D-CBF. This ensures that the system adheres to obsta-
cle avoidance requirements throughout the optimization process. In
OPS-RDW, however, it is essential to not only consider safety but
also ensure the naturalness of the path. Specifically, the user’s tra-
jectory should closely follow the desired path to enhance immersion
and reduce motion sickness.

Based on Equ. 8, a straightforward solution would be to mini-
mize the Euclidean distance between the control speed u and the de-
sired speed uges using QP, while ensuring the satisfaction of safety
constraints. The optimal speed u* is formulated as:

w' =argmin|ju—uges|3 st af u> by, )
u

where||. |3 denotes euclidean distance. This formulation transforms
the path planning problem into a standard convex optimization
problem, which can be efficiently solved in real time using a solver.
However, in extreme cases, such as when the user is very close to
obstacles or when the goal direction conflicts with obstacles, the lin-
ear constraints may conflict with the objective, leading to an infea-
sible QP solution. we introduce a non-negative relaxation variable
8 > 0, which allows for the violation of certain constraints when
necessary, with a penalty applied based on the degree of violation.
The modified constraints are:

a(s)"u+8 >b(s), 6>0, (10)

where s denotes the system state vector. The optimization objective
is then extended as follows:

(14*,5):argmi(sn||1,tfudes|\%+/1527 (11)
u,

where A > 0 is the penalty coefficient, controlling the tolerance for
violating safety constraints; 6 represents the distance by which the
safety boundary is violated, with smaller values indicating greater



safety. The final optimization problem is:

Hu_udesH%'i'l(sz
(u*,8) = arg?%n s.t. a(pu,p,,;)TquS > b(pu, Poi), (12)
6>0.

To illustrate this relaxation mechanism, we visualize the relation-
ship between the desired velocity, the optimal solution within the
feasible region, and the relaxed solution when constraints become
infeasible in Figure 3.

In practice, the QP controller is embedded into the update loop
of each frame. After receiving the user and obstacle states, the re-
quired components for the QP problem are constructed, and the op-
timal control velocity u* is computed using an efficient solver. This
control velocity u* both satisfies the obstacle avoidance require-
ment and closely follows the desired path, forming the basis for
generating redirection gains in the system.

4.3 Redirection Gain Mapping

User motion is inherently voluntary in VR system, preventing di-
rect control over physical speed or trajectory. Consequently, the
ideal velocity u* serves only as an intention signal rather than a di-
rect command. Redirection Gain Mapping treats u* as the desired
velocity and dynamically adjusts user motion by combining three
types of gains g;,g,,8. based on the real-time user velocity vye,,
thereby guiding users along the intended path while preserving nat-
ural motion perception.

The scaling gain g; modulates the user’s step length to align vir-
tual locomotion with the desired speed while maintaining safety
constraints:

[l

=T (13)
HvrealH +e&

8t
where ||u*|| is the magnitude of the desired virtual velocity, ||veea||
is the user’s actual speed, and € is a small constant to prevent divi-
sion by zero. Curvature gain g. introduces subtle path deviations to
create a turning illusion, encouraging the user to naturally correct
their heading. We first compute the direction difference:

Oreal = arg(Vrea])7 Ocpt = arg(u*)7 AO = Ocpf — Oreal,  (14)

and then map this deviation to curvature gain using a linear approx-
imation:
ge=1+k-A0, (15)

where k is an empirically chosen coefficient controlling directional
adjustment sensitivity. The rotation gain g, adjusts the virtual head
rotation velocity to synchronize with the user’s actual head motion,
ensuring alignment between the user’s viewpoint and the planned
navigation direction:
gr= M (16)
Wreal + €
where @y is the user’s measured head angular velocity, and @cps
represents the desired virtual angular velocity, derived from the tra-
jectory planner or the rate of navigation direction change; if not
explicitly designed, @.ps can be set to a fixed value or smoothly
propagated from the previous frame. The three gains are applied in
a coordinated manner and updated in real time based on QP opti-
mization outputs. Each gain is low-pass filtered to suppress high-
frequency variations, ensuring that the resulting user trajectories are
smooth, safe, and perceptually natural. By modulating perceived
motion rather than directly controlling it, this mechanism enables
effective path guidance while preserving immersive and voluntary
navigation.
DyCoRe formulates OPS-RDW as a dynamic, safety-
constrained optimization problem, combining D-CBF-based

obstacle avoidance with online QP to generate control velocities
that balance safety and naturalness. These velocities are then
translated into real-time redirection gains, subtly guiding user
motion while preserving immersive and voluntary locomotion.
Together, this method ensures safe, smooth, and perceptually
natural VR navigation in complex, dynamic environments.

5 SIMULATION STUDY

We first conduct simulation experiments against seven state-of-the-
art RDW techniques to examine the behavior and robustness of the
proposed DyCoRe method. Simulation allows us to explore per-
formance trends and variability across diverse navigation paths and
dynamic obstacle configurations under controlled conditions.

5.1 Experimental Setup

We simulate user locomotion using the motion model of Razzaque
et al. [34]. The simulation defines a constrained physical workspace
of 15 x 15 m? to bound the virtual walker’s movement. This large-
scale finite environment serves as a testbed to evaluate the algo-
rithm’s performance in scenarios theoretically applicable to large
tracked spaces. The virtual walker moves at a constant speed of
1.0 m/s and initially faces the positive y-axis. We procedurally gen-
erate 50 random virtual navigation paths, each consisting of 10-15
waypoints. Inter-point distances are uniformly sampled from 5 to
15 m, and steering angles are constrained within [—90°,+90°], re-
sulting in an average path length of approximately 100 m.

Reset handling. A reset is triggered whenever the virtual walker
approaches within 1.0 m of the simulated workspace boundary or
the distance to a dynamic obstacle drops below 0.5 m. Upon such an
event, the system pauses the virtual walker and executes a standard
Stop-and-Turn strategy to reorient the user toward a safe direction.
This protocol is applied identically across all evaluated methods.
While all resets are recorded, only segments involving dynamic col-
lisions are retained for subsequent performance evaluation.

Dynamic obstacles. Dynamic obstacles are introduced to emu-
late other moving users. Obstacles are randomly generated along
the environment boundary and traverse the workspace in a straight
line towards a target on the opposite side at a constant speed of
0.9 m/s. Obstacles are continuously spawned such that at least one
dynamic obstacle is present at all times.

Evaluation and baselines. We evaluate performance using
three metrics: Reset Count (RC), Virtual Distance Between Re-
sets (VDBR), and Time Elapsed Between Resets (TEBR). DyCoRe
is compared against seven representative RDW methods, includ-
ing S2C, S20, T-APF, ZigZag, a DeepLearning-based approach,
MessAPF, and PassiveAPF. All methods are implemented within
the OpenRDW v1.0 framework [26] and evaluated on the same 50
paths with identical obstacle schedules using fixed random seeds.
Simulations are executed on a Windows workstation equipped with
an Intel Core i7-14700HX CPU and 64 GB RAM.

5.2 Results

In this simulation study, all methods are evaluated under identical
path and obstacle conditions, resulting in a paired experimental de-
sign for all simulation metrics.

Statistical Analysis. As all methods are evaluated under a paired
experimental design, we employ non-parametric repeated-measures
statistical analyses. For each metric, overall differences among the
eight methods are assessed using a Friedman test, followed by post-
hoc Wilcoxon signed-rank tests for pairwise comparisons between
DyCoRe and each baseline. Holm—Bonferroni correction is applied
to account for multiple comparisons, and results are considered sta-
tistically significant only when the corrected p < 0.05.

Reset Count (RC). Figure 4 (a) illustrates the distribution of
reset counts across all evaluated methods in the simulation study.
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Figure 4: Simulation results across eight RDW methods. (a) Reset Count (RC), (b) Virtual Distance Between Resets (VDBR), and (c¢) Time
Elapsed Between Resets (TEBR). | denotes lower is better, 1 denotes higher is better. * indicates statistically significant differences between
DyCoRe and each baseline after correction for multiple comparisons; non-significant comparisons are omitted for clarity.

DyCoRe yields the lowest median reset count with consistently re-
duced dispersion, indicating fewer interruptions and more stable
navigation under dynamic conditions. Statistical testing confirms
a significant effect of the redirection method on reset frequency,
with DyCoRe incurring fewer resets than all baseline approaches
after correction for multiple comparisons. Together, these results
indicate that DyCoRe provides a clear robustness advantage in mit-
igating reset events under dynamic disturbances, which is further
examined through real user experiments in the following section.

Virtual Distance Between Resets (VDBR). Figure 4 (b)
presents the virtual distance traveled between consecutive resets.
DyCoRe attains a higher median VDBR compared to most base-
line methods, indicating longer uninterrupted navigation in many
simulation trials. Statistical testing reveals that this improvement
is significant for a subset of baselines, while differences with oth-
ers do not reach statistical significance after correction for multiple
comparisons. Overall, these results suggest that DyCoRe tends to
improve spatial continuity in dynamic environments, although the
magnitude of this benefit varies across comparison methods.

Time Elapsed Between Resets (TEBR). Figure 4 (c) summa-
rizes the time elapsed between consecutive resets. DyCoRe exhibits
competitive median TEBR values relative to baseline methods, with
reduced variability in several trials. However, after correction for
multiple comparisons, differences in TEBR do not reach statisti-
cal significance across baselines. This indicates that, in simula-
tion, DyCoRe does not consistently extend the temporal duration
between resets, and that temporal robustness may be more sensitive
to scenario-specific factors than spatial or event-based measures.
As discussed in the following section, the practical implications of
these trends are further examined through real user experiments.

6 USER STUDY

We conducted a controlled virtual walking experiment with real
users to evaluate the applicability and user experience of the pro-
posed DyCoRe method, which provides direct evidence beyond
simulation-based analysis. The experiment aims to evaluate the
comprehensive performance of the method in terms of navigational
efficiency, robustness to dynamic obstacles, and user comfort, and
compare it with multiple typical redirection strategies to ensure the
comprehensiveness and reproducibility of the conclusions.

6.1 Participants

We recruited 30 participants, 15 male and 15 female, aged 22 to
28 years old, mean 25.1 years old. This study was approved by
the Medical Ethics Committee of the Northwest University (IRB
Protocol No. 241113089, approved on 2024-11-13), and all par-
ticipants provided written informed consent. Participants reported
normal vision, no history of severe motion sickness, and basic VR
experience, but no prior training in redirected walking. Participants
were organized into pairs to facilitate the study of dynamic obsta-

cle interaction. Within each trial, distinct roles were assigned: one
participant acted as the redirected walker, while the other acted as a
dynamic obstacle walker. We used a circular role rotation to assign
the tracked obstacle: participant n served as the obstacle for partic-
ipant n+ 1, and participant 30 served as the obstacle for participant
1. This design yielded one redirected walker session per partici-
pant, covering all conditions. Anonymized identifiers were used
throughout the study to protect privacy and ensure ethical compli-
ance in data collection. An experimenter continuously monitored
the sessions to ensure participant safety.

6.2 Experiment Design

The user study followed a paired, within-subject design in which
two participants simultaneously walked in a shared physical space
under four redirected walking conditions: DyCoRe, S2C, S20, and
T-APE.

Experimental conditions and design. We compare the pro-
posed method with representative reaction-based redirected walk-
ing algorithms, including S2C, S20, and T-APF, consistent with the
scope of this study. In each session, the redirected walker navigated
the virtual environment subject to the specific redirection algorithm,
while the dynamic obstacle walker acted as a dynamic obstacle en-
countered in the shared physical space. We fixed the obstacle tra-
jectory across the four methods to ensure comparability, generating
arandom path per pair for the dynamic obstacle walker and reusing
it unchanged across methods. To mitigate potential learning effects,
a short familiarization session was provided before the formal ex-
periment to allow participants to become accustomed to the virtual
walking task and redirection effects. In addition, all participants
followed the same sequence of virtual waypoints in each condition
to ensure consistent task difficulty across methods. The order of the
four conditions was fixed across participants due to logistical con-
straints. These measures were adopted to reduce potential learning
effects while maintaining consistency across experimental condi-
tions.

Apparatus and environment. The experiment was conducted
in a large, flat outdoor open space to allow unconstrained walking
and to ensure participant safety by avoiding external obstacles, as
shown in Figure 6. The experimental platform was built on Open-
RDW v1.0 [26]. A virtual boundary of 15 x 15 m? was config-
ured in software, while the available physical area was substantially
larger than this boundary. We used two Pico 4 Ultra head-mounted
displays (HMDs) with a binocular resolution of 2160 x 2160 pixels
per eye. Although both participants wore the same HMD model,
the devices served different roles. For the redirected walker, the
HMD rendered the immersive virtual environment and executed the
redirection algorithms. For the dynamic obstacle walker, the HMD
rendered a minimal virtual environment containing visual guidance
cues to direct the participant along the pre-defined path; the par-
ticipant’s pose was wirelessly streamed in real time to the walker’s
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Figure 6: Overview of the experimental environment and physical
setup. (a) The global view of the virtual environment constructed
in Unity. (b) The participant’s first-person perspective showing the
target waypoint. (c) The physical experimental site in a large out-
door open space, where two participants navigate the shared area
simultaneously.

system to represent the dynamic obstacle state in the shared virtual
environment. A networked architecture consisting of two laptop
computers and a dedicated wireless router supported the multi-user
system: each HMD was paired with a laptop serving as a rendering
workstation, and inter-device synchronization was established via a
dedicated Wi-Fi 6 router, forming a low-latency WLAN. To align
both devices to a unified global reference frame, we employed a
physical initialization protocol. Before each session, the two HMDs
were placed at a predefined floor landmark and oriented in the same
cardinal direction. Upon launching the application, each HMD’s
internal tracking initialized its virtual origin (0,0,0) and forward
vector from this physical pose, effectively aligning the two local co-
ordinate systems and enabling spatially consistent interaction and
collision detection. The application was developed in Unity and
ran at a locked frame rate of 60 Hz. At each frame update, the
system synchronized both users’ global coordinates in real time. A
collision event was defined purely by proximity: a collision was
recorded when the Euclidean distance between the two users’ pla-
nar coordinates (x,z) fell below a safety threshold of 0.5 m.
Virtual task and procedure. The virtual task required partici-
pants to navigate through a sequence of target waypoints in an open
virtual environment. The virtual scene was designed as a visually
open, large-scale flat grassland without explicit boundary cues re-

lated to physical space limits and to focus the evaluation on redi-
rection behavior under dynamic obstacles. Target locations were
indicated by a virtual crystal placed at the current goal position.
Participants were instructed to walk toward the crystal using natu-
ral walking. When a participant reached and touched the crystal,
the current target disappeared and the next target crystal appeared
at a different location in the virtual environment. Each trial con-
sisted of a sequence of 15 to 20 waypoints. Before the formal
experiment, participants completed a short training session in the
same virtual environment. This familiarization phase allowed par-
ticipants to become accustomed to the virtual walking task and the
redirected walking experience, thereby reducing initial discomfort
and learning effects during data collection.

Measures. We collected both objective locomotion metrics and
subjective user feedback to evaluate the performance and user ex-
perience of different redirected walking methods. RC measures
the number of times a participant was required to reset their walk-
ing direction during a trial due to safety constraints. A lower reset
count indicates fewer interruptions to continuous walking and is
commonly used as an indicator of redirection efficiency. We com-
puted the VDBR for each participant. This metric reflects how long
users can walk continuously without interruption. Larger distances
between resets indicate smoother redirection and improved loco-
motion continuity. We also recorded the TEBR during each trial.
This measure captures the temporal continuity of walking and com-
plements the distance-based metric. After completing each exper-
imental condition, participants completed the Simulator Sickness
Questionnaire (SSQ). The SSQ provides a subjective measure of
discomfort related to simulator sickness, with lower scores indicat-
ing better user comfort.

6.3 Results

In the user study, we compare the DyCoRe, S2C, S20 and T-APF
strategies across three key performance metrics under dynamic ob-
stacle conditions: RC, VDBR, and TEBR. Statistical analysis using
Friedman tests revealed significant overall differences among the
four methods across all metrics, as illustrated in Figure 5.

Overall statistical analysis. We conducted non-parametric sta-
tistical analyses on each objective performance metric to exam-
ine overall differences among the four RDW methods, given the
within-subject experimental design and the non-normal distribution
of the collected data. Friedman tests were applied separately to RC,
VDBR, and TEBR. The results indicate significant overall differ-
ences among the four methods across all three metrics, with large
effect sizes as measured by Kendall’s coefficient of concordance.
Based on these significant overall effects, we subsequently per-



Table 1: Overall statistical results of the user study based on Fried-
man tests.

Metric Test 22(3) p Kendall’s W
RC Friedman 53.34 < 0.001 0.71
VDBR  Friedman 48.79 < 0.001 0.65
TEBR Friedman 48.22 < 0.001 0.64
SSQ Friedman 15.53 < 0.01 0.21

formed pairwise Wilcoxon signed-rank tests to compare DyCoRe
with each baseline method, applying Holm—Bonferroni correction
to control for multiple comparisons. An overview of the overall
statistical results is summarized in Table 1.

Comparing DyCoRe with S2C. Pairwise comparisons using
Wilcoxon signed-rank tests with Holm—Bonferroni correction re-
vealed that DyCoRe achieved significantly better performance than
S2C across RC, VDBR, and TEBR (all p < 0.001). The DyCoRe
shows a significantly lower number of resets compared to S2C in
the left panel. The median reset count of S2C is nearly three times
higher, and its distribution shows a wider variance, indicating more
frequent interruptions in navigation and a less robust response to
dynamic disturbances. In contrast, DyCoRe exhibits tighter bounds
and a lower maximum, suggesting greater stability. The center fur-
ther supports DyCoRe’s advantage in terms of spatial performance.
The average virtual distance between resets for DyCoRe is sub-
stantially higher than that of S2C. The median value for S2C re-
mains clustered at the lower end, while DyCoRe not only achieves
a higher median but also exhibits a broader, upward-shifted range,
demonstrating that it enables more extended travel without requir-
ing recovery or reinitialization. The right panel further indicates
DyCoRe’s improved temporal continuity. It achieves a significantly
longer average time between resets, with a wider interquartile range
and higher maximum value compared to S2C. This indicates that
DyCoRe is capable of sustaining effective operation for longer du-
rations under dynamic conditions, reducing the frequency of dis-
ruptions over time.

In summary, the results highlight DyCoRe’s advantages over
S2C. DyCoRe consistently achieves fewer resets, longer travel dis-
tances, and extended uninterrupted operation times, indicating its
enhanced robustness, efficiency, and reliability in dynamic environ-
ments.

Comparing DyCoRe with S20. Pairwise Wilcoxon signed-
rank tests with Holm—Bonferroni correction showed that DyCoRe
performed better than S20 across RC, VDBR, and TEBR (p <
0.001 for all metrics). DyCoRe exhibits a lower median reset
count, with a narrower IQR and a lower maximum value compared
to S20. This suggests that DyCoRe is better at maintaining con-
tinuous operation, requiring fewer resets during navigation, even
under frequent dynamic disturbances. The more compact distri-
bution of reset counts for DyCoRe reflects more consistent navi-
gation behavior across participants. The middle panel illustrates
the difference between DyCoRe and S20 in terms of spatial con-
tinuity. DyCoRe achieves a substantially higher median and upper
quartile for VDBR than S20, indicating that DyCoRe can sustain
longer uninterrupted travel between resets. In contrast, S20’s dis-
tribution is tightly clustered around shorter distances, reflecting its
limited spatial continuity. This reflects improved spatial continuity
for DyCoRe compared to S20. The right panel illustrates the tem-
poral robustness of the two strategies, represented by TEBR. Dy-
CoRe shows a significantly higher TEBR than S20. This indicates
improved temporal continuity for DyCoRe under dynamic condi-
tions. The wider distribution of TEBR for DyCoRe reflects more
sustained operation across varied conditions compared to S20.

Overall, the results indicate that DyCoRe achieves better perfor-

mance than S20 across the evaluated metrics under dynamic obsta-
cle conditions. DyCoRe achieves fewer resets, longer uninterrupted
walking distances, and extended periods of continuous operation
across participants.

Comparing DyCoRe with T-APF. Pairwise Wilcoxon signed-
rank tests with Holm—Bonferroni correction indicated that Dy-
CoRe performed better than T-APF across all three metrics (all
p < 0.001). As shown in the left panel, DyCoRe results in a sub-
stantially lower reset count compared to T-APF. The median num-
ber of resets for DyCoRe is significantly lower, and the overall dis-
tribution is more compact, with a much smaller maximum value.
This indicates that DyCoRe enables more stable navigation behav-
ior, with fewer interruptions triggered by dynamic obstacles. In
contrast, T-APF exhibits a higher median and a wide variance in
reset counts, suggesting frequent failures and poor adaptability in
the presence of moving agents.

The middle panel highlights the spatial advantage of DyCoRe.
The VDBR for DyCoRe is markedly higher, both in terms of me-
dian and maximum values. DyCoRe is able to maintain extended
travel distances between resets, reflecting greater path continuity
and resilience. On the other hand, T-APF displays a narrow and
low-valued distribution, with almost all resets occurring within
short travel segments. This suggests limited capability in sustaining
navigation without interruption.

The right panel further indicates DyCoRe’s improved temporal
stability. The TEBR for DyCoRe is significantly higher than that of
T-APF, with both a broader interquartile range and a maximum ex-
ceeding 300. This indicates that DyCoRe can operate continuously
for much longer durations before resets are triggered. In contrast, T-
APF suffers from short operational intervals and limited temporal
endurance, making it less suitable for scenarios that require sus-
tained, robust control under dynamic conditions.

Collectively, these results support DyCoRe’s advantages over T-
APF. By achieving fewer resets, longer uninterrupted paths, and
greater operational durations, DyCoRe provides improved robust-
ness and continuity in the tested dynamic obstacle settings.

Simulator sickness questionnaire (SSQ) scores. The SSQ
score is a measure of the severity of symptoms experienced due
to simulator sickness, with higher scores indicating more severe
symptoms. We calculated the weighted SSQ Total Score for
each participant using the standard formula derived by Kennedy
et al. [17] Statistical analysis was performed on these Total Scores
to determine the significance of the differences between conditions.
Figure 7 illustrates the comparison of SSQ across different strate-
gies: DyCoRe, S20, S2C, and T-APF. The SSQ comprises 16 spe-
cific symptoms, including general discomfort, fatigue, headache,
eye strain, nausea, and various types of dizziness, providing a com-
prehensive assessment of participants’ subjective discomfort during
the experiment.

Figure 7 shows that the DyCoRe strategy, represented by the blue
line, consistently yields lower scores across most SSQ items com-
pared to the other strategies. In particular, DyCoRe shows consis-
tently lower scores in items such as Headache, Nausea, Eye Fatigue,
and the dizziness-related items, indicating reduced discomfort com-
pared to the baseline strategies. Moreover, the DyCoRe strategy
also shows lower scores in cognitively related symptoms, such as
Blurred Vision and Difficulty Concentrating, further supporting its
potential to enhance user comfort. In summary, the SSQ results
suggest that DyCoRe may improve subjective comfort by reducing
symptoms across multiple SSQ items.

6.4 Discussion

The experimental results from both the simulation and user studies
provide consistent evidence that the proposed DyCoRe constraint-
based field strategy improves performance compared to a wide
range of baseline methods, including S20, S2C, T-APF, ZigZag,
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Figure 7: Radar chart of mean SSQ item scores for four RDW
methods: DyCoRe, S2C, S20, T-APF. Larger radii indicate more
severe symptoms. Items A—P: A: General Discomfort; B: Fatigue;
C: Headache; D: Eye Fatigue; E: Difficulty Focusing; F: Increased
Saliva Secretion; G: Sweating; H: Nausea; I: Difficulty Concentrat-
ing; J: Feeling Heavy in the Head; K: Blurred Vision; L: Dizziness
(Eyes Open); M: Dizziness (Eyes Closed); N: Dizziness; O: Vomit;
P: Hiccups. * indicates statistically significant differences between
DyCoRe and each baseline after correction for multiple compar-
isons.

DeepLearning, MessAPF, Passive APF, and the user-tested counter-
parts S20 and S2C.

In simulation, DyCoRe achieved the lowest reset counts and
generally longer VDBR under dynamic obstacles. While TEBR
showed a descriptive upward trend, it was not statistically reliable
after multiple-comparison correction. Overall, DyCoRe exhibited
more stable behavior than T-APF and ZigZag, which showed higher
variability and failure rates in complex motion patterns.

The user study results provide further corroboration of these
findings. In all comparative evaluations involving S20, S2C, and
T-APF, DyCoRe consistently exhibited superior spatial continuity
and temporal robustness. Participants using DyCoRe experienced
fewer resets, covered longer distances without interruption, and
spent more time navigating successfully between dynamic colli-
sions. The statistical distributions of reset intervals were shifted
toward favorable values and showed lower variance, indicating not
only better average performance but also more predictable and sta-
ble behavior across runs. Moreover, DyCoRe outperformed tra-
ditional potential-field methods such as T-APF and learning-based
approaches such as DeepLearning without relying on heavy offline
training or extensive model tuning. Its interpretable structure and
lightweight computational requirements make it a practical choice
for real-world applications with strict resource constraints or strin-
gent safety and reliability demands.

Despite these advantages, several limitations should be acknowl-
edged. Although DyCoRe performed well in the tested dynamic
scenarios, its adaptability to highly cluttered or adversarial envi-
ronments with intelligent moving obstacles remains to be validated.
The current implementation also does not explicitly incorporate
learning-based feedback or global planning, which may further en-
hance performance in large-scale or partially observable settings.

In conclusion, results from both simulation and real-user exper-
iments demonstrate that DyCoRe is a robust, efficient, and stable
navigation strategy for dynamic environments, offering practical

advantages over existing solutions and opening new possibilities
for safer and more reliable autonomous systems.

7 LIMITATIONS AND CONCLUSION
7.1 Limitations

While DyCoRe demonstrates notable advantages in open physical
spaces, several limitations remain. First, DyCoRe’s scalability in
highly dense environments may be limited. Our experiments were
conducted under moderate obstacle densities; in more crowded set-
tings with highly dynamic or uncooperative obstacle behaviors, per-
formance may degrade unless more advanced risk modeling or ex-
plicit crowd-interaction mechanisms are incorporated. Second, Dy-
CoRe does not incorporate online learning or automatic parameter
adaptation, and thus relies on fixed, hand-tuned parameters. While
this design promotes stability and predictability, it may reduce ro-
bustness across varying environmental conditions, such as changes
in obstacle velocity, density, or scale. Third, although our user
study provides insights under controlled real-time interaction, fur-
ther validation is needed for uncontrolled real-world deployments,
where environmental noise, system latency, and operational un-
certainties may introduce additional challenges. In addition, fixed
condition order may introduce learning effects. DyCoRe assumes
a managed, co-located tracked space with low-latency state shar-
ing; untracked pedestrians and large-area network deployments are
not considered. Moreover, our simulation baselines use OpenRDW
v1.0 implementations that may differ from original descriptions;
therefore, simulation-based comparisons should be interpreted with
this toolkit dependency in mind [11].

7.2 Conclusion

In this work, we propose a novel RDW task, open physical spaces
RDW (OPS-RDW) to address the challenges of enabling safe and
natural VR locomotion in dynamic, large-scale tracked environ-
ments. To tackle this, we also propose the Dynamic Control and
Redirection with Safety Constraints (DyCoRe) method that inte-
grates Dynamic Control Barrier Functions with online optimization
to balance safety and natural walking in OPS-RDW scenarios. Un-
like traditional artificial potential field methods and modern data-
driven approaches, DyCoRe leverages geometric constraints and
dynamic risk evaluation to generate smooth and reliable trajecto-
ries without relying on learning-based policies or global maps.

We evaluated DyCoRe through a multi-tiered approach: while
preliminary simulations characterized broader performance trends,
a formal user study (N = 30) provided rigorous empirical valida-
tion, confirming our findings with high statistical significance. In
real-world trials, DyCoRe not only achieved substantially higher
VDBR and TEBR compared to state-of-the-art baselines (p <
0.001) but also exhibited a more stable and concentrated perfor-
mance distribution. The synergy of objective locomotion metrics
and lower SSQ scores confirms that DyCoRe provides a more reli-
able, consistent, and comfortable redirection experience.

Ultimately, DyCoRe offers a robust and scalable solution for VR
navigation in open physical spaces. Its ability to ensure real-time
safety and continuity without complex prior knowledge sets it apart
from existing methods. As immersive environments evolve, Dy-
CoRe provides a promising foundation for multi-user applications
and unpredictable dynamic scenarios.
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