
Short-term Path Prediction for Spontaneous Human Locomotion in
Arbitrary Virtual Spaces

Christian Hirt*
Innovation Center Virtual Reality

ETH Zurich, Switzerland

Marco Ketzel†

Innovation Center Virtual Reality
ETH Zurich, Switzerland

Philip Graf‡

Innovation Center Virtual Reality
ETH Zurich, Switzerland

Christian Holz§

Department of Computer Science
ETH Zurich, Switzerland

Andreas Kunz¶

Innovation Center Virtual Reality
ETH Zurich, Switzerland

ABSTRACT

Redirected Walking (RDW) contracts a large virtual environment
to fit small physical tracking spaces to enable natural locomotion
through the whole environment. Among RDW, predictive RDW is
one of the core concepts where algorithms rely on predicting users’
future paths to adjust the induced redirection that manipulates users’
perception, deviating their physical paths from the intended virtual
paths. General human path predictions either assume drastic sim-
plifications or build on complex human locomotion models, which
are unsuitable for real-time planning and thus unusable for predic-
tive RDW. Further, integrating existing predictive RDW algorithms
with virtual and unconstrained open spaces exponentially increases
their computational complexity, which risks collisions with physical
obstacles such as walls or other users when these algorithms fail.
To avoid computational complexity, virtual environments have been
simplified to constrain users by reducing or even inhibiting devi-
ation from predefined paths, particularly limiting the exploratory
component of virtual experiences.

In this paper, we derive and evaluate four short-term path pre-
diction models that are computationally inexpensive and provide
full support for virtual open spaces. We also include a simplistic
approach that resembles the virtually constrained path prediction
currently popular in predictive RDW as a baseline. We propose pre-
diction models that consist of two shapes: a drop shape represented
by the lemniscate of Bernoulli and a sector shape. Within these
shapes, we enable linear and clothoidic locomotion, represented by
two different types of trajectories. In our evaluation, we test our
models in seven different virtual environments on paths amounting
to 35 km total length, which we acquired from 54 study participants.

Index Terms: Human-centered computing—Human computer
interaction (HCI)—Interaction paradigms—Virtual reality;

1 INTRODUCTION

Redirected Walking (RDW) is a powerful tool to allow exploring
extensive virtual environments while really walking in a constrained
physical tracking space. Whereas real-walking implies that mo-
tion in reality is exactly mirrored in the virtual environments, RDW
situationally modifies this direct mapping between the two envi-
ronments [19] to actively deviate users from a real-world path that
would lead to collisions, while remaining on the intended virtual
path. Depending on the redirection application, RDW can be divided
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into three core concepts: scripted (i.e., fixed path), reactive (i.e., no
path knowledge), and predictive (i.e., path prediction).

Among previous work on RDW, predictive approaches have been
least investigated, supposedly due to their complexity and error-
proneness caused by human spontaneity. Predictive approaches
strongly depend on reliable and accurate estimation of future paths
to determine required and valid redirection over time. Therefore,
most predictive approaches so far operate on simplifications such
as limiting the potential virtual paths a user can follow or requiring
stationary virtual environments. The resulting virtual environments
thus often consist of sequences of static corridors or mazes with
little room for individual deviation or exploration, which conse-
quently excludes their use for multiple, simultaneous users. Because
of exponentially growing computational complexity of redirection
planning, previous efforts have not transferred and applied predic-
tive approaches to unconstrained, virtual open spaces. However,
given the discussed simplifications, predictive approaches have been
shown to consistently outperform their reactive counterparts [17,28].

In this paper, we present a novel approach to heuristic short-
term path prediction that uses a simple prediction model to support
real-time predictive RDW applications in arbitrarily complex and
open virtual spaces. In this initial evaluation, we derive and discuss
the geometrical constraints and highlight that despite the model’s
simplicity, a bundle of predictions can be reliably generated contain-
ing an adequate trajectory describing the user’s future path. Even
though these models can be applied to human locomotion in general,
their performance in this work has been balanced towards predic-
tive RDW’s main requirements, which dictates the prediction to be
lightweight and deployable in any kind of virtual environment, even
if they are randomly or procedurally generated.

2 RELATED WORK

Prediction in Redirected Walking
The user’s walking trajectory can be manipulated by applying redi-
rection techniques among others such as linear, rotational or curva-
ture gains in the virtual environment [19], which effectively com-
presses extensive virtual environments into small physical spaces.
The user does not notice these redirections as long as the correspond-
ing gains are below certain thresholds while mostly avoiding simu-
lator sickness [21]. An open question in RDW is which technique
to apply when and with which intensity, as this choice is strongly
depending on the virtual architecture [13]. Generally, there are three
core concepts for choosing redirection techniques: reactive [19],
predictive [17, 28] and scripted (or semi-predictive) [23].

The focus of this paper is on predictive approaches and we now
discuss related examples of predictive RDW. As a first example,
Zmuda et al. created a skeleton graph with probabilities assigned
to crossings [28], which are used to prioritize the final score of a
predicted and redirected path. The final score was calculated by
evaluating the distance a user could walk straight ahead at the end
of a redirected prediction multiplied by the path’s probability. Later,



Nescher et al. introduced MPCRed [17], a method that recursively
evaluates a cost function consisting of actions such as applying redi-
rection, while also following a predefined bi-directional skeleton
graph. Only recently, more approaches utilizing reinforcement learn-
ing have emerged (e.g., Lee et al. [15]) that have drastically reduced
the real-time calculations. However, these algorithms require sophis-
ticated setups with neural networks that need to be trained based on
previously recorded user data, which makes them less accessible for
more general use.

Human Locomotion in Virtual Reality
Arechavaleta et al. observed human locomotion and compared it
to basic robotic locomotion, introducing an early approach towards
estimating human walking behavior [1]. They derived a differential
system that describes human locomotion characterized by a non-
holonomic walking behavior that relies on the body orientation of
a person to always be tangential to the walking direction. The
evaluation of their model using a goal-directed study showed a
prediction accuracy of >87%. Hicheur et al. later investigated
the similarity of velocity profiles and the path geometries of goal-
oriented tasks [9]. In their controlled user study, they reported
stereotypical properties for human locomotion.

Roughly at the same time, Fink et al. compared real-world loco-
motion to locomotion in Virtual Reality [6] and suggested that even
though there are small differences between them, the deviations were
reliably consistent. Later, Arechavaleta et al. introduced another
locomotion model that consists of a system of differential equations
and a cost function [2]. They showed that human paths adhere to
certain optimality criteria that can be exploited by minimizing their
cost function using the path. Another locomotion model introduced
by Cirio et al. uses Euler integration for positional updates based on
the observation of the linear relation between position and walking
velocity [5]. Finally, Zank & Kunz [24, 26] introduced a locomo-
tion model relying on multiple predefined goals, creating a set of
predefined trajectories that are continuously compared against the
actual user trajectory. They later presented the use of eye tracking
and employed a user’s gaze to create such locomotion targets on
the fly [25]. Instead of directly predicting a human’s locomotion,
a different approach exploited the virtual architecture to determine
potential user paths. Accordingly, they also showed how skeleton
graphs can be effectively extracted from virtual environments, fur-
ther creating locomotion targets in a continuous manner for their
previously introduced locomotion model [27].

Overall, many locomotion models have been introduced so far, but
they either lack real-time capabilities due to computational complex-
ity or the approaches depend on virtual constraints (e.g., static mazes
or corridors) simplifying or even allowing the creation of more or
less reliable skeleton graphs. Finally, as Zank & Kunz pointed out,
either using models based on eye or gaze tracking or directly relying
on the heading of users in Virtual Reality is still error-prone and may
be misleading, especially for predictive RDW [25].

With an increased application of neural networks in RDW, re-
cent work in this area has also focused on predicting or estimating
locomotion behavior [4, 20, 22]. However, no such networks so
far work out-of-the-box without refinement and thus further train-
ing or without requiring significant simplifications of the virtual
environment.

3 MODEL DERIVATION

In our context, path prediction is divided into three time intervals:
very short-term (milliseconds), short-term (seconds), and long-term
(up to minutes) [18]. Predictive RDW approaches usually rely on
long-term prediction to maximize the effect of the planning proce-
dure [17, 28]. Even though Zank & Kunz showed that in mostly
confined virtual environments, long-term target predictions are pos-
sible to a certain degree and reliable, but applying such predictions

to larger open spaces renders them more error-prone and unsta-
ble [24–26]. To alleviate the effect of faulty predictions, we propose
reducing the prediction horizon to a short-term approach in favor of
increasing the frequency of calculations of redirection. By limiting
the horizon to the short-term, prediction is reduced to an immediate
specific region of interest around the user. According to Guitton et
al. [7], users primarily prioritize following their field of view while
navigating. The effective field can be further narrowed, since users’
saccadic gaze shifts are mostly limited to 45◦ to the left or right [7].
This means that a reduced region of interest only spans 90◦ in front
of the user, 45◦ clock-wise and counter-clockwise from the user’s
current view center. Having established this region of interest, we
focus on the immediate area in front of a walking user and seek
potential descriptions for the shape of the area and the trajectories
therein.

First, we develop a base shape that our prediction will assume
within the region of interest. Building on a conceptual and unval-
idated suggestion for short-term path prediction [10, 12], we for-
malize a drop-like shape using the mathematical description of the
lemniscate of Bernoulli. A common tool used in RDW is the Redi-
rected Walking Tool Kit, introduced by Azmandian et al. [3], which
includes synthetic path generation. The toolkit contains four dif-
ferent path generation environments that all rely on the assumption
that motion (i.e., translation and rotation) is executed sequentially.
Accordingly, simulated users do not turn while walking; they always
turn on the spot, move straight, and then turn on the spot again. Ap-
plying this concept to our prediction and pairing it with our region of
interest, we form a 90◦ sector of a circle with the origin coinciding
with the user.

Second, we specify the type of the trajectories within the region
of interest. Following conceptual suggestions [12] and Azmandian
et al.’s synthetic paths [3], we initially assume linear trajectories.
Because human locomotion generally shows a non-holonomic na-
ture [1], however, it is better approximated by geodesics from as-
sembled clothoidic arcs. Clothoidic trajectories linearly change their
curvature in relation to the length of the trajectory and are defined
by their origin, their initial curvature and their length. In our case,
we limit the initial curvature corresponding to the heading lying
within the bandwidth of ±10◦ for simplicity and cap the length at
the intersection with the respective prediction shape, resulting in
each trajectory’s endpoint. From the base shape and the trajectories
in the region of interest, we derive a 2×2 design for validation. The
corresponding shapes and the trajectories are illustrated in Fig. 1.

So far, our model does not consider the prediction horizon and the
number of trajectories which are enclosed in the prediction shape. To
identify the number of trajectories, we define the Euclidean distance
between the endpoints of the trajectories (i.e., the intersection with
the prediction shape) to be 0.25 m. This ensures single trajectories
are clearly distinguishable from each other through the course of the
complete trajectory. Further, given our short-term prediction horizon
to lie within a few seconds [18], we chose to use horizons between
1 m and 5 m in accordance with the preferred human walking speed
1.5–2.0 m/ s [16]. Between these bounds, we chose equidistant hori-
zons with 0.5 m step-size to roughly cover the step size variation of
average humans totaling in nine horizons. Finally, we aim to create
a baseline for better comparison and since applicable prediction
use-cases in RDW are fairly limited, we implement a straight predic-
tion, which essentially comes closest to the examples presented in
literature [17, 28], limited by the particular prediction horizon.

4 DATA ACQUISITION

To analytically validate our derived models, we acquired data from
real participants in a controlled user study. We recorded all trajecto-
ries in a tracking space spanning 5.5 m×8.5 m. Participants used a
wireless HTC Vive Pro driven by a desktop tower with an i9-10900K
and 64 GB of RAM and an NVIDIA GeForce RTX 3090.



(a) Lemniscate / Clothoids: LemCl (b) Lemniscate / Linears: LemLin (c) Sector / Clothoids: SecCl (d) Sector / Linears: SecLin

Figure 1: Lemniscate and Sector shapes. The shapes in green are filled with the different types of trajectories in black, linear and clothoid.
Here, an exemplary horizon of 3 m is used.

Procedure

During the data acquisition study, later to be used as ground truth
trajectories in the validation, participants walked in different virtual
environments with a variation of virtual architectural constraints. To
ensure versatility in later deployment of the path prediction models,
we designed seven environments with increasing amount of open,
walkable space, shown top-down in Fig. 2. The environments were
purposely designed bland, a plain-colored floor with obstacles and
walls being white (colored black in the top-down views for better
visibility), a ceiling was not installed, hence there was a direct view
to the default Unity skybox. For easier interpretation of the data
later on, the width and length was chosen to be aligned with the
real tracking space (i.e., 5.5 m×8.5 m). Some of these environments
were completely enclosed by walls, others provided some open
boundaries (i.e., without walls) that opened into infinite distances.
For open boundaries, participants were only held back by SteamVR’s
chaperone safety grid, which activated and faded in a distance of
0.2 m before colliding with real boundaries. Scenes 1–3 (top row)
had closed virtual boundaries around the outer walls of the tracking
space. Scenes 4 and 5 (bottom row, left to right) had two and three
open walls, respectively. Scene 6 was an open room (“openRoom”),
fully enclosed, and Scene 7 was an open space (“openSpace”).

In order to validate the increasing open space requirement, es-
pecially for Scenes 1–5, we inspected the top-down views of the
individual virtual environments and calculated the walkable area as
the percentage of the whole tracking space: The scenes offered 75%,
85%, 87%, 89%, and 92% of open area, respectively, adhering to our
increasing open space condition. Finally, openRoom and openSpace,
both without virtual obstacles in the walking area, only differed in so
far as one was enclosed by walls, whereas the other was completely
open, visualized with a walking plane extending indefinitely.

We split our user study into two parts, Study A and Study B, and
conducted them some weeks apart to avoid too much repetition for
participants.

In Study A, participants consecutively walked through the five
scenes (Scenes 1–5) that contained the increasing open space con-
straints. To avoid bias, participants were neither told any tasks to
accomplish during the study nor in any of the five environments.
Participants were guided by the virtual constraints and walked inde-
pendently around obstacles, for roughly five minutes.

In Study B, participants walked through either of the two re-
maining environments. This time, participants were incentivized to
actively navigate the openRoom or openSpace through a search task.
The task was to find 20 small virtual cubes that only became visible
when participants were close enough to reach out and touch them
with the HTC Vive’s handheld controller. The spawning locations of
these cubes were uniformly distributed over the whole environment
and there was never more than one cube active at any time. Finally,
we wanted participants to abstain from developing repetitive search
strategies to a certain degree, but did not enforce it to still capture
the natural behavior of participants. To encourage this behavior, par-
ticipants were informed at the beginning of the study that cubes are
more likely to spawn in the areas they had visited least, even though

Data Summary

Scene #Participants Path Mean Path
Length Length

1 28 4.30 km 153.6 m
2 28 5.19 km 185.4 m
3 28 5.40 km 192.9 m
4 28 5.29 km 188.9 m
5 28 5.47 km 195.4 m

openRoom 9 2.75 km 305.6 m
openSpace 17 6.38 km 375.3 m

TOTAL 54 34.80 km 208.4 m

Table 1: The distribution of the recorded walking trajectories divided
into the scenes and in a cumulative sum.

this did not affect cube placement. Admittedly, no such algorithm
was applied, but, when participants found a cube, a time delay of five
seconds prevented new search objects from spawning in the virtual
environment to reinforce participants’ intention to explore the space.
No participant noticed this circumstance, but many mentioned that
knowing about it aided them to avoid repetitive behavior and break-
ing search patterns resulting in more active coverage of the whole
virtual environment.

Summary of Collected Data
For Study A, we recruited 28 participants (9 female, age 27.5±6.5 y),
for Study B, 9 participants for the openRoom environment and 17
participants in the openSpace environment (26 participants, 6 female,
age 24±3.5 y). Both studies summarized contain data from a total of
54 participants (15 female, 26±5.8 y, 32 students), four participants
underwent both studies.

During all recordings, we logged the participant’s position and
heading along with timestamps. Fig. 3 visualizes example paths,
recorded from participants in Scene 1, Scene 5, openRoom, and
openSpace. For Scene 1 and 5, the paths distinctly route around
the virtual obstacles. In the case of Scene 5, some crossings are
further apparent over the more open areas. In both, openRoom and
openSpace, participants attempted to discover items through random
search and their paths thus covered the whole tracking space.

In total, we acquired 166 valid and unique paths over all seven
scenes amounting to almost 35 km of path length. Table 1 lists more
details on the distribution and individual path lengths.

5 DATA ANALYSIS

To evaluate the capability of our four models to predict participants’
trajectories, we implemented the models in Matlab R2021a. With
the help of Matlab’s Signal Processing toolbox, we used Dynamic
Time Warping (DTW) to compare trajectories, as DTW delivers a
coefficient stating path similarity. DTW handles vector descriptions
with unequal length, sampling times and time shifts by stretching
the vectors onto a common set of instances minimizing Euclidean
distances. Naturally, this means that the smaller the DTW score, the



Figure 2: The seven virtual environments we used to acquire path data from multiple participants. From left to right, top row: Scenes 1 – 3,
bottom row: Scene 4, Scene 5, OpenRoom, and OpenSpace. The walkable area is indicated in gray, obstacles are black.

Figure 3: Exemplified representations of typical paths recorded in the different environments (left: Scene 1, right: openSpace) surrounded by
the black tracking space spanning 5.5 m×8.5 m

better the model trajectory matches the ground truth. For the analysis,
given the complete path and direction of a participant, we examined
the paths on a point-per-point basis similar to a moving window. For
each recorded data point, we considered it the origin of a prediction
and extracted the following path according to the prediction horizon
forming an isolated path, see Fig. 4(a). This extracted, isolated
trajectory then becomes the ground truth path and the respective
prediction models are transformed to coincide with the prediction
origin, see Fig. 4(b). Here, we adjusted the rotation of the model
to the angular orientation between the origin and its consecutive
data point, since this describes the immediate walking direction.
Accordingly, for each individual evaluation, only the first two data
points were used for the prediction, whereas the rest of the isolated
trajectory only served as ground truth. Following this premise, we
applied the DTW algorithm between each trajectory of each model
and this isolated ground truth path resulting in a similarity coefficient
per model trajectory. For each model, we then stored the best scores.
Following this point-per-point procedure, we navigated through

all 166 recorded walking paths resulting in more than 4.25 million
isolated path pieces (i.e., 4,293,265 single evaluations), which on
average corresponds to an evaluation every 8 mm. Table 2 shows
the resulting average percentage deviations between the models’
predicted paths and the ground truth of the recorded paths. Although
our models are predefined and their fitting space is considerably
constrained, our error rates hold up well compared to literature with
87% respectively >90% accuracy [1, 2]. This is further accentuated
given that we employ such simple prediction models without task-
driven motion in virtual open spaces. Since prior work employed
substantially more complex models (e.g., [2, 5]), we abstain from
further comparison, since such complex approaches are, even though

Model Error Comparison

Horizon Prediction Model
LemLin LemCl SecLin SecCl Straight

5.0 m 22.4% 23.8% 30.4% 32.3% 38.4%
4.5 m 21.0% 22.3% 29.0% 31.0% 37.0%
4.0 m 19.6% 20.9% 27.6% 29.8% 35.5%
3.5 m 18.3% 19.4% 26.2% 28.5% 34.1%
3.0 m 17.1% 18.1% 24.9% 27.3% 32.7%
2.5 m 16.1% 16.9% 23.5% 26.0% 31.3%
2.0 m 15.4% 16.0% 22.2% 24.7% 29.8%
1.5 m 15.4% 16.3% 20.9% 24.0% 28.1%
1.0 m 16.7% 18.1% 19.6% 23.3% 26.3%

Table 2: Percentage based error comparison for each model for each
horizon with respect to the ground truth.

more powerful and accurate, intransferable to our application area.
Instead, we highlight and compare against the straight prediction

model, which is evidently outperformed across the board by all our
new models. The overall distribution of the DTW score is illustrated
in Fig. 5, visualizing the absolute errors (i.e., the cumulative DTW
score) for all horizons. Clearly recognizable in this representation
is the correlation between the increasing horizon and the cumula-
tive absolute errors. However, the lemniscate shape for both, linear
and clothoidic trajectories, generally outperforms the sector shape,
which in turn again performs better than the straight prediction. In
contradiction to the geodesics constraint discussed earlier, the lin-
ear trajectories seem superior to the clothoidic trajectories for both
shapes. We assume that this may be due to us neglecting partici-



(a) A section of a recorded path (blue) with an isolated path
(yellow). The dashes indicate the continuation of the path.

(b) The model (here: LemCl) is transformed to the origin of
the isolated path and the direction of travel. DTW will now
determine that the light blue trajectory (second from the bottom)
most accurately describes the recorded path.

Figure 4: The procedure used for the analysis.

pants’ heading along the trajectory for our performance evaluation.
However, given the similarity for all horizon depths between the
two trajectory types, we believe the performance of the clothoidic
trajectories to overtake the linear ones if the users’ heading along the
paths and especially in the final position is taken into consideration.

Finally, we analyzed how well our models performed depend-
ing on the virtual scene to identify particularly bad fits. As shown
in Fig. 6, although there are slight differences among the overall
accumulated DTW score, no scene stands out. Nevertheless, the pre-
viously discussed performance trend among shapes and trajectories
is distinctly pertaining over the seven environments, confirming that
the models grasp the locomotion, regardless of the environment.

6 CONCLUSION

The effectiveness of predictive RDW algorithms strongly depends
on precise and accurate path prediction. Since the planning proce-
dure itself demands significant computational power, the prediction
component should ideally be fast and versatile. However, existing
approaches rather rely on simplifications such as virtual constraints
(e.g., virtual mazes) to compel users to comply with intended paths,
which mitigates the issue of complexity by narrowing the prediction
down to skeleton graphs. These concepts are demonstrably insuf-
ficient when virtual constraints are removed. Outside of RDW, a
plethora of prediction models were introduced, but these incorporate
complex mathematical models to as closely as possible capture the
human locomotion. Accordingly, considering their application in
predictive RDW, they lack real-time capabilities due to their compu-
tational complexity and are thus also inapplicable.

In this paper, we proposed and evaluated four different short-term
prediction models on human walking to mitigate this prevalent issue
in human walking prediction for virtual open spaces used in predic-
tive RDW. The models only require two consecutive virtual positions
of the user to extrapolate a bundle of potential trajectories. As an
intuitive baseline to compare against, we implemented a straight

Figure 5: The DTW score distribution over all horizons, lower is
better. The trend is consistently visible for the DTW score over all
models. From left to right: Lemniscate Linear, Lemniscate Clothoid,
Sector Linear, Sector Clothoid, Straight.

Figure 6: The DTW score distribution over the different virtual
environments, lower is better. Even though there are slight differ-
ences in the overall accumulated DTW score, a similar trend in the
distribution is consistently visible.

prediction model that resembles popular path prediction in predictive
RDW literature. Two of our newly suggested models rely on a drop-
like base shaped modeled by a lemniscate of Bernoulli and two build
on a sector of a circle. Within these base shapes, we investigated
two trajectory types, linear and clothoidic trajectories. To validate
these models, we recorded almost 35 km of participants’ walking
data in a variety of virtual environments. Our study environments
featured seven virtual spaces that were designed increasingly more
open and unrestricted from scene to scene, starting from a maze up
to the final scene without any restrictions.The paths recorded from
participants were used as ground truth to analyze the performance
of our models at 8 mm steps, resulting in more than 4.25 million
evaluations. Overall, the drop shape outperformed the sector shape,
whereas the linear trajectory type concluded slightly better than the
clothoidic trajectories. Nevertheless, all four new models performed
significantly better than the straight prediction. Straight-line predic-
tion may be a reasonable, logical guess for simple path prediction,
especially in virtually constrained environments, but our model im-
proves up to 16% from that baseline. While the shape performance
was substantially different, there is unexpectedly less qualitative
room between the trajectory types, which could potentially change if
the user heading was also taken into consideration in the evaluation.



7 OUTLOOK

Given the different virtual environments were intentionally left non-
distracting and boring, it may be interesting to cross-validate the
proposed locomotion models in a goal- or task-driven virtual en-
vironment. Consequently, the proposed models could be enriched
with weights based on carefully crafted locomotion targets [24, 26].
Further, since humans tend to show a stereotypical walking behavior,
which may be particularly characteristic for certain individuals (e.g.,
veering [14], walking speed [8]), personalized weights could be
allocated to certain trajectories.

In accordance with our initial motivation of predictive RDW, we
envision to implement such a locomotion prediction into a predictive
RDW approach. Crucially for RDW, the predicted bundle of trajec-
tories requires to be broken down into a single prediction to ensure
planning algorithms maintain a reliably high calculation frequency.
We thus aim to isolate a single trajectory using a segment of the
previous, already walked trajectory, which is slightly extrapolated
into the prediction model. Applying a simple path fitting between
the predicted trajectories from the set and the extrapolated sequence
will identify the best prediction. Manipulating this single predicted
trajectory using redirection gains is a simple task which can then
be further processed based on the applied planning strategy. Since
RDW is currently pushing on artificial potential fields due to their
versatility with non-convex tracking spaces, such a strategy could
for example follow the suggestion of PreWAP [11].
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