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ABSTRACT

We present a gaze-based augmented reality control interface for
electric wheelchairs, addressing the challenges faced by individuals
with mobility impairments. The development transitions through
three stages: model training with offline evaluation, Virtual Reality
(VR) simulations, and physical deployment.

First, we trained deep learning models, comparing Transformers
and LSTMs, to predict locomotion intentions based on gaze data.
While gaze predicts steering intentions well, it sometimes diverges
from locomotion goals. To tackle this, we classify gaze movements
as either indicative of locomotor intention or not. This novel ap-
proach addresses the Midas Touch Problem of gaze. Datasets were
collected in controlled VR environments featuring different tasks.
We find that data sets with tasks that encouraged diverse navigation
and gaze behaviors enable strong generalization.

The online VR simulation evaluation phase enabled safe and im-
mersive testing, allowing the assessment of system performance
and the integration of feedback for user guidance. Our ap-
proach provided smoother navigation control compared to tradi-
tional ”Where-You-Look-Is-Where-You-Go” methods. Feedback
improved user ratings of the system.

In the final stage, the system was deployed on a physical
wheelchair equipped with an augmented reality (AR) device to pro-
vide feedback about the predictions to the user, allowing real-world
evaluation. Despite differences in user behavior between VR and
physical environments, the system successfully translated gaze in-
puts into precise and safe navigation commands. Users were able
to steer the wheelchair solely using their eyes while simultaneously
being able to look at destinations at the side of the path.

Index Terms: Virtual Reality, Eye Tracking, Eye-Tracking, Loco-
motion, LSTM, Transformer, Path Prediction, Machine Learning,
Deep Learning, Gaze, Wheelchair, Feedback, Augmented Reality,
Assistance.

1 INTRODUCTION

Electronic Wheelchairs for patients with limited mobility are usu-
ally steered with a joystick or similar handheld device that allows
the adjustment of direction and speed. These wheelchairs rely on
user input via hand movements but reach their limit when it comes
to patients with motor impairments that limit mobility of the upper
limbs as well.

The muscles responsible for moving the eye are directly con-
nected to the brain through oculomotor nerves and bypassing the
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spinal cord [28]. This unique anatomical pathway allows eye move-
ments to remain largely unaffected by motor disabilities that impair
other parts of the body. In individuals without disabilities, gaze
plays a critical role in locomotion, serving as more than just a tool
for focusing on a destination. For instance, when navigating un-
even or challenging terrain, people not only fixate on obstacles but
also frequently shift their gaze to the ground several steps ahead
[15, 14, 46, 36]. This behavior helps identify short-term waypoints,
providing essential visual cues that inform immediate movement
decisions.

Gaze patterns are also closely tied to changes in navigation di-
rection. When following curved paths or making turns, individuals
tend to adjust their gaze inward, aligning it with the curvature of the
path [10, 16, 43]. Similarly, gaze behavior is intricately linked to
decision-making processes, as people often shift their focus when
evaluating options or planning their next move [53, 50, 21]. While
these gaze patterns offer valuable insights into upcoming motor ac-
tions [27, 11], accurately predicting locomotion based on gaze data
remains a complex and unresolved challenge. This difficulty arises
from the dynamic and context-dependent nature of gaze behavior,
which varies significantly across individuals, situations and tasks.
Nevertheless, understanding the relationship between gaze and lo-
comotion continues to be a key area of research, with potential ap-
plications in fields ranging from robotics to rehabilitation.

Another potential input signal for motor-impaired patients is
brain data. Brain signals that can be gathered through non-invasive
methods, such as EEG, often are noisy and provide limited infor-
mation about locomotion intention. Nevertheless, research con-
nects EEG signals to shifts in walking speed, direction, and obstacle
avoidance, shedding light on the neural processes involved in mo-
tor planning and execution [9, 22, 19]. Progress has been made in
recent years and with consideration for patients who cannot move
their hands freely, such methods should be evaluated, not least as
an addition to eye tracking.

Effectively utilizing these signals requires advanced predictive
methods. One straightforward approach for using gaze to control
a wheelchair is the ”Where- You-Look-Is-Where-You-Go” method.
This technique has been tested in both VR simulations and actual
wheelchairs [24, 47, 2]. However, not every eye movement is di-
rected towards a motion target, as our eyes also serve broader visual
purposes. This leads to what is known as the "Midas touch prob-
lem” [17, 49], where gaze shifts that are directed at objects that are
not motion targets can interfere with control. To address this, hu-
man computer interfaces need a way to differentiate between gaze
movements that can be used for control and those for viewing other
objects in the scene. Interfaces based on eye movements can tackle
this problem in different ways [42, 33], but the system needs some
method to distinguish between these two cases of eye movements.

We propose the use of a predictive model for this distinction. By
incorporating such a model, an electronic wheelchair could antici-
pate a user’s intended movements, allowing the system to use eye



positions indicative of locomotion intention to autonomously adjust
its trajectory in real-time. Recent advances in locomotion predic-
tion have increasingly utilized artificial neural networks. In the field
of human motion forecasting, Long Short-Term Memory networks
(LSTMs) [13], have emerged as a common approach. Deep learn-
ing models that use LSTM:s to predict locomotion based on egocen-
tric data have shown increasing success [6, 5, 38]. Gaze tracking,
in particular, has proven to be a valuable feature for these models
[4, 43, 29, 5], underscoring its importance in accurately forecast-
ing user movement. LSTMs have even been used to address the
Midas touch problem of motion prediction from gaze specifically,
although not in the context of locomotion [7]. Alternatively, Trans-
former networks [48, 3] take a different approach by utilizing at-
tention mechanisms to predict human trajectories. They have been
effectively used for predicting pedestrian locomotion behavior[52].
Even in the field of eye tracking, transformers deliver promising
results [34].

If such a predictive system can accurately determine locomo-
tion intentions from gaze, a further necessity is an interface to
collect gaze data and present feedback about decoded intentions
to the wheelchair user. The integration of model predictions into
Augmented Reality (AR) systems presents a compelling possibil-
ity for enhancing control interfaces in assistive devices. AR could
project information about intentions predictions directly into the
user’s field of view, offering immediate visual feedback on the
wheelchair’s anticipated movement. This feedback loop between
user intention, system control, and AR visualization creates a dy-
namic human-computer interaction: the user’s cognitive inputs
guide the wheelchair’s actions, while AR continuously updates the
user on forthcoming movements. Such a system promises to signif-
icantly enhance navigation by promoting a transparent and intuitive
interaction, thereby improving user autonomy, comfort, and safety
in diverse mobility scenarios.

As users observe the projected path of their wheelchair in real
time, they gain greater confidence in the system’s decisions, fos-
tering trust and a deeper connection with the assistive device. This
closed-loop bi-directional system, where user intentions are seam-
lessly translated into action and visually reinforced by AR, has the
potential to optimize assistive wheelchair control. It enhances both
mobility and user satisfaction by ensuring that the device responds
accurately to the user’s cognitive directives, all while providing
real-time feedback to ensure safe and efficient navigation. That sys-
tem feedback in User—Al collaboration can enhance efficient strate-
gies by the user has been shown in other motor tasks [31].

1.1 Related Work

Eye-gaze-controlled wheelchairs have been built since the 2000s
[35, 30]. The most straightforward paradigm is a direct action
”Where- You-Look-Is-Where-You-Go”-approach, where the move-
ment direction is continuously aligned with the user’s gaze [35, 2].
Speed is typically kept constant, although it can be reduced dy-
namically when users look around or break fixation [35]. Start and
stop commands can then be implemented through additional sig-
nals, such as head gestures (nodding or shaking) [35], intentionally
shutting the eyes for a short duration [47], or by looking towards
and away from predefined gaze regions [30, 2, 23]. In some sys-
tems, automated obstacle detection via external sensors assists with
stopping or avoiding collisions [47, 45]. Backward motion is com-
monly excluded to reduce user confusion but can be enabled by
gazing at specific areas designated for reversing [30, 23, 2].

Since these early systems, numerous improvements have been
proposed. Various gaze tracking methods have been implemented,
ranging from rule-based algorithms [47] to deep learning models
[51]. Some systems also integrate additional physiological data,
such as EEG signals, to enhance intention recognition and control
robustness [8, 25]. In parallel, VR has become a powerful testbed

for gaze-based control system design. It allows researchers to sim-
ulate diverse environments and rapidly iterate interaction models
[44, 23, 2]. However, transfer to real-world scenarios could reveal
new mechanical problems and usability issues. In contrast, using
AR in real-world gaze-controlled systems opens up promising pos-
sibilities for see-through graphical user interfaces [41] and intuitive
system feedback. This is particularly relevant to systems like ours,
where feedback loops are essential for safety and comfort.

However, few implementations directly address the Midas Touch
problem of gaze. Most proposed solutions rely on additional user
inputs to confirm relevant fixations. These inputs can come from
outside the eye-tracking system, for example, using hand gestures
[39]. However, such approaches are unsuitable for users with
upper-body motor impairments. Thus, we need a solution that op-
erates solely within the eye-tracking domain. One option is blink
classification [32], but the most common strategy is to apply a
dwell-time threshold: the wheelchair is activated only after the user
intentionally fixates on a target or gaze region for a set duration
[1,44, 41, 2]. While effective in preventing unintended commands,
the dwell-time method introduces a noticeable delay, making con-
trol less intuitive and responsive.

Araujo et al. [2] compared three gaze-based control approaches
in VR simulations, evaluating them in terms of intuitiveness, con-
trollability, and reliability. The study included: (1) a direct con-
tinuous control system, (2) a dwell-time method with a complex
graphical overlay to define low-level locomotion targets, and (3) a
dwell-time method that allowed users to select higher-level way-
points, which were then followed using automated path planning
algorithm. They conclude that users slightly prefer gaze-defined
waypoints over a direct continuous control system. The low-level
movement command dwell-time method with the large overlay was
rated poorly. However, in the real wheelchair user evaluation, par-
ticipants felt uncomfortable with defining waypoints and then hav-
ing the wheelchair follow that path. All solutions to the Midas
Touch problem that require the users to use their eyes to define
targets impede a natural way of steering, as their eye movements
have to be used in an unnatural way. Users slightly preferred the
waypoint-based method over the direct control approach. The low-
level dwell-time system with the graphical overlay was rated least
favorably. However, in a follow-up evaluation with real wheelchair
users, participants reported discomfort using the system with a real
head-mounted display. Collectively, solutions to the Midas Touch
problem that rely on users explicitly selecting targets with their eyes
tend to constrain natural steering behavior, forcing users to employ
their gaze in an unnatural or cognitively demanding way.

Recently, predictive modeling with deep learning has been ap-
plied to address the Midas Touch problem in gaze-based interfaces.
Subramanian et al. [45] proposed a method that uses deep com-
puter vision to identify objects and then used K-Nearest Neighbor
and Support Vector Machines to decide whether users want to ap-
proach an object that they looked at. Their binary classification ap-
proach relies on contextual environmental information rather than
eye movement patterns alone. In contrast, Higa et al. [12] focus
on decoding user intent directly from gaze dynamics. They de-
fine four discrete movement commands—Stop,” “Forward,” “Left
Turn,” and “Right Turn”—and employ Long Short-Term Memory
(LSTM) networks to classify these intentions based on temporal se-
quences of head and eye data. This approach leverages the sequen-
tial nature of these signals and represents a more direct method of
intention decoding. These works illustrate the growing role of pre-
dictive models in enabling more intuitive gaze-based that can reflect
user intention implicitly rather than requiring explicit commands.

While the intended user group remains individuals with motor
impairments affecting the hands, Maule et al. [37] found only mi-
nor differences in driving kinematics when comparing gaze-based
control to traditional joystick-based wheelchairs.



1.2 Aim of this Work

This work envisions a wheelchair that can be steered by decoding
the user’s intended direction of movement from their eye move-
ments. Feedback about the decoded intention is then communicated
back to the user through an augmented reality (AR) interface. The
paper aims to develop and evaluate such a system in virtual simu-
lations, employing Virtual Reality to gather the gaze data, develop
the intention decoder and test the gaze-based locomotion control
and interface in a controlled setting. Our approach can be divided
into three key steps:

First, we want to create a deep neural network capable of dif-
ferentiating gaze movements that are directed at a future waypoint
from those gaze movements that are not related to the intended lo-
comotion. This is different from the approach of Subramanian et
al. [45] as we don’t define target objects but locomotion targets
that enable continuous locomotion as well. Our approach will suf-
fice with egocentric features instead of detecting objects. Instead of
predefined locomotion types [12], we will continue to use the gaze
direction as our predictor of movement. Thus, we tackle the Mi-
das Touch problem, without using explicit movement commands,
dwell-defined waypoints or target objects. As EEG has been found
to be a useful addition to eye-tracking data [8, 25], we aim to eval-
uate the potential benefits of enhancing eye-tracking-based models
for wheelchair control by incorporating EEG data. Additionally, we
compare LSTM and transformer architectures to determine which
is more effective for predicting intended movement. A useful deep
learning network will also need a suitable data set for training. Our
locomotion intention decoder will be based on two data sets that we
collected: one allowing free locomotion and eye movement, and an-
other contrasting fixed paths and a visual search task. We will also
compare the model performance for these two data sets to assess
generalizability.

Second, we employ VR as a method to simulate wheelchair loco-
motion and to test both, the model and user’s performance in nav-
igating the simulated wheelchair in the virtual world exclusively
by gaze. We believe that providing users with feedback about the
model’s predictions will increase their trust in the system and result
in a more positive and pleasant experience compared to when no
feedback is given. Third, we evaluate the system’s usability in a
real wheelchair with gaze-based navigation and AR feedback.

2 DEEP LEARNING MODEL
2.1 Data Collection Experiments

To develop our deep learning models, we used datasets gathered
from two separate Virtual Reality (VR) experiments, each designed
to encompass a diverse range of locomotor behaviors. These exper-
iments, conducted in controlled environments, employed joystick-
based navigation. The resulting datasets have been made publicly
available to support further research. Researchers can access the
Forest Task dataset at https://osf.io/ney6v/ and the Course and Vi-
sual Search Double Task dataset at https://osf.io/4g9pw/.

2.1.1 Participants

Twenty individuals without motor impairments (12 females, 8
males) participated in the experiments, ranging in age from 18 to
50 years (M = 24.4, SD = 7.09). All had normal or corrected-to-
normal vision, with four participants being left-handed. The partic-
ipants, who were naive to the experimental objectives, provided in-
formed consent and were compensated either through course credit
or a payment of €10 per hour. Ethical approval for the study was
granted by the Ethics Committee of the Department of Psychology
and Sports Sciences of the University of Muenster.

2.1.2 Material

The VR experiments were conducted using an HTC Vive Pro Eye
Head-Mounted Display (HMD), which provided a resolution of
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Figure 1: Screenshots of our data collection experiments. a) The for-
est experiment. Participants had to gather the red balls by approach-
ing them. Participants were free to choose a ball. b) The course
experiment. Participants had to follow the black bath while counting
the stripes on the objects to the side of the road.

1440x1600 pixels per eye, a refresh rate of 90 Hz, and a field of
view of 110 degrees. The VR setup was augmented with six Vive
Lighthouses 2.0. The virtual environments were developed using
Unity3D, and the system was powered by an Intel Core i9 proces-
sor and an NVIDIA RTX?2080 graphics card.

EEG data were recorded using a 32-channel mobile and wireless
EEG system produced by Brainproducts, employing an Easycap
recording cap with a 10-20 montage. Eye tracking was collected
by the Vive Pro Eye, which offers a spatial accuracy ranging from
0.5° to 2° depending on the field of view. Delays in eye tracking
data were observed between 50 ms and 60 ms, which, however, did
not impede the goals of our study. A critical aspect of the method-
ology was the synchronization of EEG and VR data streams to en-
sure coherence between the brain and motor data collected. This
was achieved using LabStreamingLayer, a system that enabled real-
time data streaming to Python from both the EEG system and the
VR environment, including eye tracking data. This setup allowed
for accurate and temporally aligned data collection, crucial for de-
veloping real-time models.

2.1.3 Procedure

Before beginning the VR tasks, participants received detailed in-
structions about the tasks and provided demographic information.
An EEG cap was fitted to each participant, with impedance checks
conducted to ensure signal quality. After fitting the cap, participants
donned the HMD, and eye tracking calibration was performed. The
quality of the eye-tracking data was assessed using a custom valida-
tion tool that prompted the user to fixate on five designated points.
Calibration was repeated until the user could accurately fixate on
all five points. To minimize motion sickness and ensure stable head
positioning, participants were asked to use a chin rest while con-
trolling the joystick with their dominant hand. Additionally, when
developing assistive systems for patients with severe motor impair-
ments, a stable head position is more appropriate.

In the Forest Task, participants navigated a procedurally gen-
erated virtual forest with the objective of collecting red balls scat-
tered throughout the environment. These balls were presented in
four variations: near the ground, high in trees, at mid-levels, or as
double balls on plants (see Figure 1 a)). Participants approached
a ball until it turned grey, indicating that it could be collected by
releasing the joystick. This task allowed participants to engage in
a wide range of natural navigational behaviors, such as turning, re-
versing, and avoiding obstacles. There were no speed or accuracy
requirements, allowing participants to move at their own pace and
select their own gaze and movement targets, thus allowing us to
capture diverse locomotor patterns and decision-making processes.

The Course and Visual Search Double Task combined loco-
motion with a visual search task. Figure 1 b) shows an image from
that experiment. Participants followed a black path in a minimalist
virtual environment while simultaneously counting grey cylinders
with blue stripes that appeared along the path. The paths were gen-



erated using data from the Microsoft Geolife dataset [54, 56, 55],
ensuring a varied and realistic navigation experience. Participants
were tasked with identifying and counting cylinders with three blue
stripes, which were interspersed among cylinders with two stripes.
This task required participants to divide their attention between
navigating the path and performing the visual search, simulating
real-world multitasking scenarios. Each participant completed five
different paths, with a marked endpoint indicating the end of each
trial. This experiment provided a controlled environment to exam-
ine the interplay between locomotion and visual attention.

2.2 Model Training

We developed models to predict locomotion intentions by identify-
ing gaze positions directed at future motion targets, utilizing the two
distinct datasets. The datasets were evenly distributed between two
experiments: 52.7% from the forest experiment and 47.3% from
the course and visual search experiment. Multiple prediction mod-
els were created, all following a consistent preprocessing pipeline.

2.2.1 Preprocessing

We wanted to predict whether the current gaze position is directed at
a future locomotion target or directed at another point in the world.
Thus, our labels were created by marking whether the gaze posi-
tion at each time point was close to any point along the subsequent
10 seconds of the walking trajectory. We calculated the Euclidean
distance between gaze and future path for each time point and stan-
dardized it by dividing by the time until that position is reached,
as points further into the future are further away and gaze positions
will be less accurate. The threshold was set to 0.5.

Motion and eye tracking data were segmented into 100 ms in-
tervals, using the past 2 seconds for prediction. Positions were
transformed into a unified reference frame, resetting the origin and
aligning the forward axis with yaw orientation [4]. Velocities were
calculated separately for each axis, and eye tracking remained head-
centered. Velocities, eye tracking data (head-centered), and EEG
features were included in our models. EEG data was downsampled
to 250 Hz, high-pass filtered (1 Hz), low-pass filtered (80 Hz), and
analyzed for frequencies between 1-30 Hz using multitaper spectral
density estimation.

In total, the available input features thus consisted of the two-
dimensional velocity from the preceding 20 time steps, yaw and
pitch eye tracking data, and optionally preprocessed EEG data. All
data were z-score normalized. After excluding data with missing
values, 166,685 input-output pairs were obtained.

2.2.2 Model Design

We implemented two main model architectures, LSTMs and Trans-
former models, to capture the temporal patterns in the data. For the
models using EEG data, two one-dimensional convolutional layers
with ReLLU activations were applied to the EEG data before being
fed into a model. The LSTM had 16 hidden units and a dropout rate
of 0.1. The Transformer model included a linear embedding layer,
positional encoding, four attention heads, two encoder and two de-
coder layers. A linear dense layer produced a single output, which
was passed through a sigmoid function to create the final model out-
put, allowing for rounding. During training, the sigmoid activation
and binary cross-entropy loss function were integrated into a single
layer. The models were optimized using Adam [20] with a learning
rate of le —4. Training occurred over 25 epochs with a batch size
of 128, and the model with the lowest validation error was selected.

2.3 Results

Our primary objective was to assess the performance of various
classification architectures and features. To facilitate a fair compar-
ison, we employed leave-one-out cross-validation. Before training,

Table 1: The performance of different models for classifying gaze
movements indicative of locomotion intention. Weighted averages
are given for sensitivity and specificity. Between-Subject Standard
Deviations are given in brackets.

Model Accuracy Sensitivity Specificity

Transformer T8 % [3 %) | 77 % [17 %] | 78 % [10 %]
LSTM 76 % (3 %] | 77 % [8 %] 74 % [14 %]
Log. Regression | 71 % [3 %] | 63 % [23 %] | 78 % [23 %]

both features and labels underwent z-score normalization. Predic-
tion errors were calculated for each participant, and a paired t-test,
adjusted with the Nadeau and Bengio correction [40], was used to
determine whether one model significantly outperformed another
(ot = 0.05). The Benjamini-Hochberg correction was applied to
control for multiple comparisons across objectives.

The transformer architecture demonstrated the highest average
prediction accuracy (77.67 %), outperforming the LSTM model
(accuracy = 75.49 %). Figure 2 shows a visualization of these
results, which indicated that the transformer model achieved a
significantly higher average prediction accuracy than the LSTM
model (T = 4.94, p < 0.001). While the transformer model re-
quired fewer floating-point operations than the LSTM (14 thousand
vs. 77 thousand), the LSTM achieved faster inference times on
an NVIDIA RTX 3080 laptop GPU (2.0 ms vs. 0.2 ms). Both
models are lightweight enough to run effortlessly in real-time on
older consumer-grade hardware. To further contextualize the per-
formance, we also report the results of a simple comparative model
that uses a logistic regression. As summarized in Table 1, logistic
regression performed notably worse than both the transformer (T =
5.46, p < 0.001) and LSTM models (T = 4.14, p < 0.001). This
logistic regression fit can be further simplified by only using the
pitch values of the eye tracking system as the single input feature.
A model that classifies glances to the ground as a movement target
based on pitch direction and separates other gaze positions using
that method reaches a very similar accuracy of 71.34 %. As look-
ing to the ground is indicative of movement intention [14, 36], this
method serves as a baseline approach.

To assess the contribution of different input features, we used the
transformer architecture as it reached the best overall performance.
Models using gaze as well as positional features reached the high-
est accuracy (Transformer with 77.67 % accuracy). With an accu-
racy of 75.78 % the model using only gaze came close to the best
model. However, this small difference was statistically significant
(T =5.65,p < 0.001). The model using only positional data showed
lower prediction accuracy (57.24 %). As Figure 2 shows occasional
predictions below chance level, overfitting might have been a mi-
nor issue. Adding EEG data did not further improve prediction
accuracy (average accuracy = 75.79 %). The positional model was
significantly worse than both the model using both features (T =
9.74, p < 0.001) and the model only using eye data (T = 8.56, p <
0.001).

Figure 3 a) shows the precision recall curve for our main trans-
former model. The curve indicates a favorable trade-off between
precision and recall. Even at higher recall levels, precision remains
above 70%, highlighting the model’s robustness in identifying true
positives without sacrificing much precision.

Generalization was tested by comparing errors in two distinct
datasets: the forest and the course tasks. The accuracy of the mod-
els was nearly identical, when training on all data (see Figure 3 b)).
When models were trained on one dataset and tested on the other,
the model trained on the course dataset performed worse in the for-
est task (accuracy 54.91 %) than the model trained on the forest
dataset, which achieved an accuracy of 61.79 % in the course task.
The variances were just small enough for this difference to become
statistically significant (T = 2.17, p = 0.022).
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2.4 Discussion

With our model, we showed that it is possible to accurately classify
gaze movements indicative of locomotor intention and eye move-
ments directed at different targets. We evaluated multiple archi-
tectures. The results of our study underscore the efficacy of the
transformer architecture in accurately predicting locomotion inten-
tions. Notably, the transformer model demonstrated superior per-
formance when compared to both the LSTM model and a tradi-
tional logistic regression baseline. This performance advantage can
be attributed to the transformer’s unique ability to leverage its self-
attention mechanisms, which excel at capturing complex patterns
and relationships within sequential data. Specifically, the archi-
tecture’s strength lies in its capacity to process and interpret dy-
namic features such as eye tracking data, which often contain rapid
fluctuations during saccadic movements. Unlike traditional mod-
els that may struggle with such abrupt transitions, the transformer’s
attention-based approach allows it to effectively weigh and prior-
itize relevant temporal information, making it particularly well-
suited for tasks involving erratic or non-linear data patterns char-
acteristic of biological signals.

Our findings identify the history of gaze behaviour as the central
feature in predicting whether our gaze is aligned with a locomo-
tion target or future waypoint. Models that integrated eye track-
ing information with other features like the history of positional
data yielded a higher accuracy. This finding aligns with existing
research, which emphasizes the predictive power of gaze data in
locomotion tasks [4, 29], as human gaze typically precedes move-
ment targets and encodes directional information before actions are

executed [27, 11, 26]. Incorporating EEG data alongside eye track-
ing did not significantly improve the prediction accuracy, likely be-
cause eye tracking alone captures sufficient information regarding
gaze direction and locomotor intention. Future work could explore
optimizing EEG live preprocessing techniques to better handle ar-
tifacts and assess its potential in scenarios where eye tracking data
is unavailable or unreliable

We also examined the generalization capabilities of our classifi-
cation model using two distinct datasets: one derived from a for-
est navigation task and the other from a course-following and vi-
sual search task. Despite the differing constraints on locomotion
and gaze behavior in these tasks, both datasets demonstrated sim-
ilar predictive accuracy. However, the model trained on the for-
est dataset exhibited superior generalization when applied to the
course task, compared to the reverse scenario. This suggests that
the more varied and naturalistic movements in the forest task pro-
vided a richer set of training data, enabling better generalization to
different locomotor scenarios.

3 VIRTUAL REALITY EVALUATION EXPERIMENT

To test the performance of the trained model and three possible
control systems for steering, a real-time evaluation experiment was
conducted. Subjects were asked to steer through a virtual environ-
ment using their gaze and three possible control systems. Two of
these systems used our trained model as an intention decoder. The
environment matched the scenario of our Course and Visual Search
Double Task experiment.

3.1 Method
3.1.1 Participants

The evaluation study included 18 volunteers with no motor impair-
ments (15 women, 3 men) between the ages of 19 and 27 (M =
21.84, SD = 1.98), four of whom were left-handed. To prevent
bias, participants were unaware of the study’s purpose. Prior to tak-
ing part, all provided informed consent. They were compensated
with either course credit or a payment of €10 per hour. Data from
one additional participant had to be discarded due to severe motion
sickness. The study was approved by the Ethics Committee of the
Department of Psychology and Sports Sciences of the University of
Muenster.

3.1.2 Material

This VR experiment utilized an HTC Vive Pro Eye HMD as well.
Two Vive Lighthouses were used to track the participants. The vir-
tual environment was created using Unity3D, and the system ran
on an NVIDIA RTX4090 graphics card. The deep learning model
was running in python. Unity and python communicated with a
TCP-connection with each other. Latencies were below the 90 Hz
refresh rate of the HMD. Similar to the data collection experiment,
the subjects were asked to position their head straight on a chin rest.

A questionnaire was completed for each control system in order
to obtain the opinions of the participants. Here, the participants
were able to rate the control system on a scale of 1 to 10 and assess
trust in the system and their own experience of control.

3.1.3 Procedure

While the translation speed was fixed at 1.5 meter per second, three
locomotion control systems were used by the participants, which
we wanted to test and compare:

1. The first system followed a “Where-You-Look-Is-Where-
You-Go-approach. Whenever a participant was looking to
the left or to the right, a respective angular velocity was ap-
plied. This way it was possible to directly control the direc-
tion of locomotion. The angular velocity was proportional to
the yaw angle of the eye tracking. We refer to this system as
”direct action” control system.



a)

First Condition

- ,— Path1 —— Path2 — Path3 — Questionnaire

Second Condition

—Q

L Third Condition

vy Path7 —— Path8 —— Path9 — Questionnaire

|

Final Rating

Figure 4: a) Our experimental procedure. Participants would com-
plete three runs with each system before answering the question-
naire. b) A screenshot of the evaluation experiment with feedback
shown as a pink circle. The pink circle would only show up, when
the system was positive that gaze was on a locomotion target. We
reused the visual setup from the course experiment.

2. The second control system used our trained model to decode
user intention, i.e. differentiate between gaze movements to
a locomotion target and gaze movements to a different tar-
get (e. g. one of the objects to count the stripes). Angular
velocity was applied only when the model confidently iden-
tified the user as fixating on a future locomotion target. To
operationalize this, a prediction threshold of 53% was set for
identifying locomotion targets, while a separate threshold of
46% was then used to classify gaze toward non-locomotion
targets. This 7% gap (i.e., a confidence buffer) was introduced
to avoid rapid toggling of classifications near the 50% mark,
thus ensuring more stable control.

To prevent abrupt halts in movement, a smoothing mechanism
was applied when the model detected a saccade to a different
target. Specifically, the angular velocity @ was exponentially
reduced over time using the following decay function:

o; = 0.95'ay )

where @y is the angular velocity at the moment the model
stopped detecting a valid fixation, and i is the number of
frames since that moment. At a frame rate of 90 Hz, this
results in a rapid but smooth decay of velocity.

3. The final system also employed the trained model and func-
tioned identically to the second system. However, when the
model detected a gaze position indicative of locomotor inten-
tion and adjusted the virtual direction accordingly, it addition-
ally displayed a pink circle in the peripheral visual field (see
Figure 4b)). This served as feedback to communicate the sys-
tem’s current classification state to the user.

Participants were instructed on the tasks and provided demo-
graphic information. The experiment was divided into three blocks,
each corresponding to a different locomotion control system. Each
block consisted of three paths that had to be completed with the re-
spective locomotion control system. Thus, every participant com-
pleted a total of nine paths during the experiment (see Figure 4 a)).
After each block, participants completed a questionnaire about that
particular control system. The order of the three locomotion control
systems was counterbalanced across participants to mitigate order
effects. Additionally, the same set of randomly generated paths
was reused across participants, with each path assigned to a differ-
ent control system, ensuring that path variability did not bias the
results.

The objectives and visual setup were similar to those in the
course experiment from the initial data collection. The task was
always to follow a black path and at the same time count the num-
ber of objects with exactly three stripes next to the path (see Fig-
ure 1 b)). Participants were instructed to keep the distance to the

black line as small as possible while counting the objects with three
stripes. As before, paths were randomly generated from Geolife
[54, 56, 55].

The speed of movement was constant. Each system used the
participant’s gaze position to determine the direction of movement.
Participants were informed that intentional blinking or unnatural
eye movements would not improve the system’s performance.

3.2 Results

During the evaluation experiment, we employed our intention de-
coder as a real-time motion controller driven by gaze input. Partici-
pants navigated a virtual environment solely by directing their gaze,
while our trained model predicted whether the current gaze direc-
tion was indicative of locomotion intention and adjusted movement
accordingly. We benchmarked its performance against a straightfor-
ward direct action system (”Where-You-Look-Is-Where-You-Go”-
approach), which directly translated gaze direction into movement.

Regardless of the navigation system used, in every run all par-
ticipants successfully arrived at the final locomotion target. Using
the model with feedback, participants’ eye movements exhibited
by the lowest average absolute yaw values of 8.98 degree (without
feedback 11.67 degree, direct action 9.02 degree) and the lowest av-
erage pitch values of -8.69 degree (without feedback -6.50 degree,
direct action -5.45 degree). The model gave similar predictions in
the three conditions (70.77 % of gazes on path for the model with
feedback, 63.43 % for the model without feedback and 62.65 % for
direct action), although in the direct action system these were not
applied.

3.2.1 Steering Performance

We used three metrics for the steering performance: first, the close-
ness to the path, second the difference between participants ori-
entation and the direction of the given path ahead and, third, the
smoothness of the steering. Measures like this are known to vary
with gaze control during car driving [18].

We tested the hypothesis that our intention decoder performs bet-
ter than the direct action control steering system by using both ver-
sions of the decoder: the intention decoder without feedback and
the intention decoder with feedback (where a pink circle indicated
the classification result). We compared the results from these two
steering systems to those of the direct action system using three
paired t-tests (& = 0.05). The assumption of normality was as-
sessed using Shapiro-Wilk tests and could not be rejected for any of
the comparisons. To account for multiple comparisons, we applied
the Benjamini-Hochberg procedure to control the false discovery
rate.

To assess the closeness to the path, we excluded the first and last
15 seconds of each run to minimize artifacts. We then measured the
median distance of the virtual wheelchair to the black path. With
14.07 cm on average for the feedback condition and with 12.15
cm on average for the intention decoder without feedback, the use
of our intention decoder resulted in lower distances than the direct
action control system (average distance 15.07 cm). Although this
difference between our intention decoder and the direct action sys-
tem did not reach statistical significance (T = 1.2, p = 0.14), most
participants performed better with our model (see Figure 5 a)).

The difference between the virtual wheelchair’s orientation and
the optimal wheelchair orientation defined by the direction of the
black path was also lower for our intention decoder (6.20° without
feedback and 6.59° with feedback) compared to the 7.81° of the di-
rect action system (see Figure 5 b). This was statistically significant
(T =2.60, p=0.014).

To assess steering smoothness, we analyzed the adjustments re-
quired to stay on the intended path. We examined changes in steer-
ing angles over a 500 ms time frame. The inverted angle in serves
as our measurement of smoothness. The smoothness scores were
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Figure 5: Participants performance in the simulation experiment. Er-
ror bars denote standard errors. a) The average distances to the
path for all three conditions. b) The average difference between the
wheelchair’s orientation and the path direction observed in the differ-
ent conditions. c) The smoothness for all three conditions d) A bar
plot showing the number of difference between the true number of
target objects and the number of target objects as counted by the
participants. e) and f) real examples of paths with the two navigation
systems. A birds eye view is depicted. e) shows the back-and-forth-
steering adjustments with the direct action system.

0.202 deg™! (o = 0.053 deg™") without feedback and 0.205 deg ™"
(6 = 0.043 deg™ ") with feedback, compared to the much lower
0.131 deg™! (6 = 0.028 deg™") smoothness result of the direct ac-
tion approach. The difference between our intention decoder and
the direct action model was significant (T = 12.65, p < 0.001). The
smoothness produced by our intention decoder also came closer to
the smoothness score produced by the joystick data from the Course
and Visual Search Double Task data collection experiment (0.189
deg™! (0 = 0.046 deg’1 )). On average, participants needed an
absolute steering angle of 5.19° (¢ = 0.96°) when using our in-
tention decoder, allowing for more subtle directional changes com-
pared to the 7.97° (o = 1.68°) observed with the direct action sys-
tem. Our intention decoder produced smoother, smaller turning an-
gles, whereas the direct action system required sharper, more abrupt
turns. Figure 5 c) illustrates that difference.

3.2.2 Counting Task

Additionally, we measured the counting task performance. We de-
termined the difference between the number of objects the partic-
ipant reported with the actual number of target objects in all three
runs (see Figure 5 d)). Participants made the least errors in the feed-
back condition, with 2.06 errors on average (¢ = 1.68). The direct

Direct Action
5 @® Intention Decoder
Intention Decoder with Feedback

Z L

Performance Agency Trust

Score

Figure 6: Participants ratings of different models. We show average
scores of the answers to our questionnaire regarding general perfor-
mance, agency and trust. Most questions were asked on a 5-point
Likert Scale. The error bars show confidence intervals.

action control condition came in second with 2.67 errors on aver-
age (0 = 2.00) and participants made the most errors in the model
without feedback condition with 3.28 errors on average (¢ = 2.02).
We investigated these differences using a repeated measures
ANOVA (o0 = 0.05). The assumption of normality was assessed
with Shapiro-Wilk tests and was not violated. The main effect
of the control system narrowly reached statistical significance (F
= 3.95, p = 0.043). Post-hoc comparisons were performed using
two-sided paired t-tests with Benjamini-Hochberg correction for
multiple comparisons. The differences between the direct action
condition and the intention decoder with feedback (T = 1.38, p =
0.23), as well as the direct action condition and the intention de-
coder without feedback (T = -1.26, p = 0.23), were not statistically
significant. While the difference in mean values was the largest,
the comparison between the decoders without feedback and with
feedback narrowly missed significance (T = 2.65, p = 0.050).

3.2.3 Ratings

To gain additional exploratory insight, we asked our participants to
rate each model and their respective experience. Figure 6 shows
scores for the different models. Given the large variances typi-
cally seen in questionnaire data of this sample size, no definitive
statistical conclusions can be drawn, as we lack statistical power.
Nevertheless, we can observe some general trends. Additional sta-
tistical analyses of the questionnaire data are provided in the sup-
plementary materials. First, the score for general performance was
calculated by averaging over a 1-to-10 rating of the system, the 5-
point Likert Scale item “The control system made it easy to solve
the tasks.” and a doubled inverted relative rating in which the par-
ticipants could assign placements to the different models. The
model with feedback received the best rating of 4.52 points, the
model without only received 3.93 points, whereas the direct-action-
approach got 4.11 points. Second, agency was measured through
the items I had control over the movement” and “The direction of
movement was caused by me”. The direct action system came in
first with 4.36 points, the model with feedback received 3.97 points
and the model without received 3.69 points Finally, trust was mea-
sured by rating ”’I could trust the control system”. The respective
average ratings for the direct action system, the intention decoder
with and the intention decoder without feedback were 4.17, 3.61
and 3.50.

3.3 Discussion

Our experiment compared the intention-decoding model to the di-
rect action ”Where-You-Look-Is-Where-You-Go” approach. While
both enabled successful navigation, our intention decoder provided
smoother movement with fewer corrections. This outcome indi-
cates that our intention decoder enabled users to complete search
tasks more efficiently, avoiding the common pitfall of inadver-
tently steering the virtual wheelchair toward peripheral objects,
which typically necessitates additional turns to realign with the



path. Participants were more aligned with the path using our in-
tention decoder. By reducing the frequency of such errors, our in-
tention decoder significantly diminished the need for participants to
make repetitive back-and-forth steering adjustments. These results
demonstrate the intention decoder’s potential for improving user ex-
perience and efficiency in locomotion control. While choice of sys-
tem showed a significant difference in the counting task, the result
should be interpreted with caution due to high variances, marginal
p-value and non significant post-hoc tests. The intention decoder
with feedback resulted in the least errors, while the intention de-
coder without feedback resulted in the most errors. If not spurious,
however, this finding would highlight a potential benefit of provid-
ing real-time system feedback.

The integration of our intention decoder with an AR interface
could provide real-time feedback to users, creating a symbiotic rela-
tionship between the system and the user, facilitating bi-directional
communication. We asked participants to rate their subjective sense
of successful navigation, sense of agency and trust in the system.
When comparing our intention decoder without feedback with the
direct action system, participants rated the direct action system bet-
ter for every category. However, feedback to the user made a dif-
ference. The intention decoder with feedback was rated better than
the model without feedback for every category. For the general per-
formance ratings, the model with feedback could even beat the di-
rect action model. However, no statistically significant conclusions
can be drawn from the questionnaire data as we lack the statistical
power to handle questionnaire data. More research with a much
larger sample sizes is needed here to contextualize these initial ex-
ploratory numbers.

4 WHEELCHAIR DEMONSTRATION

To evaluate our intention decoder in a real physical environment,
we developed a hardware prototype consisting of a motorized
wheelchair whose speed and direction could be adjusted from a
computer. For eye tracking and to be able to display feedback sig-
nals to the user, an augmented reality (AR) display, the Microsoft
HoloLens 2 was connected to the system.

The hardware has been built from off-the-shelf components but
is equipped with computing hardware and device drivers to allow
the chair to be steered using our model. To control the robotic
prototype, ROS (Robot operating system) has been adopted as a
software architecture. Whenever our intention decoder predicted
that the current gaze direction aligns with the intended movement
direction, an angular velocity was applied until gaze direction and
wheelchair orientation aligned. Figure 7 b) shows the wheelchair.

4.1 Electrical and mechanical modifications to the
Wheelchair

A commercially available electric powerchair was modified exten-
sively to meet the requirements of the proposed use case. The
original control system was removed, and the brushed DC motors
were replaced with open-loop stepper motors and their respective
controllers. An electrical cabinet was installed on the backrest to
house the computing platform (NVIDIA Jetson Orin Nano), a 24 V-
to-12V DC/DC converter, and the electrical system. Additionally,
an emergency stop button was integrated to cut power to the mo-
tors, enhancing safety. A LiDAR scanner and an overhead RGB
camera were also added, alongside a robot base frame securely at-
tached to the wheelchair’s main frame. These modifications allow
the system to operate for several hours using its onboard sealed
lead-acid (SLA) batteries.The onboard batteries are rechargeable
with the wheelchair’s original charging system.

A custom mechanical interface was designed and constructed
from aluminum and steel to support the equipment. It included steel
attachment brackets and a 10 mm thick aluminum mounting plate

with a 9x9 grid of 9 mm diameter holes spaced 20 mm apart, offer-
ing flexibility in mounting configurations. A robotic arm equipped
with an anthropomorphic hand (7-DOF Franka Emika Panda) was
attached to the wheelchair via an aluminum frame made from stan-
dard 40x40 MISUMI profiles. However, for this work we did not
use this feature and focused on locomotion entirely.

4.2 System Testing

The user interface incorporates an augmented reality (AR) head-
set. A custom software solution was developed to enable TCP com-
munication between the HoloLens 2 AR headset, the Python-based
model, and the wheelchair’s ROS (Robot Operating System) frame-
work. Predicted system outputs were visualized in real-time on the
HoloLens 2 display. When the model predicted that the current
gaze direction corresponded with the users movement intention, a
pink circle was presented on the AR device while an angular veloc-
ity was applied to align the wheelchair orientation. This pink circle
was shown in the visual periphery and resembled the pink circle
that was used in our VR simulation experiment (see Figure 4 b)).

To align the wheelchair orientation, we added the head-centered
yaw direction of the eye tracking system integrated in the HoloLens
2 to the wheelchair-centered head angle. The wheelchair-centered
head angle could be determined with the overhead RGB camera and
an ArUco glued on top of the HoloLens 2.

4.2.1 Participants

Eleven participants without motor impairments (4 female, 7 male)
provided informed consent to evaluate the wheelchair system. The
mean age was 43.18 years (SD = 11.05). Nine participants had no
prior experience with the wheelchair. All had normal or corrected-
to-normal vision. The study was approved by the Ethics Committee
of the Department of Psychology and Sports Sciences of the Uni-
versity of Muenster.

422 Task

The evaluation task required participants to navigate the wheelchair
in circular paths around minor obstacles (see Figure 7a)). These
obstacles were placed to increase the difficulty of accurately steer-
ing along the intended path. Before starting the task, participants
were told that they could take small detours within the circle or
turn around and drive in the opposite direction of the circle if they
wanted. This flexibility was intended to encourage more natural
and varied driving behavior and to evaluate the system’s robustness
under varied conditions. However, they were instructed not to leave
the testing area. They were also encouraged to look around the
room in a natural way, rather than keeping their gaze fixed on the
path, to assess how the system handled varying gaze patterns. Each
participant drove the wheelchair for 4 minutes.

Figure 7: a) The room in which participants drove the wheelchair
around the red barrier in circular paths. The small cabinets were
obstacles that had to be avoided. b) The wheelchair with the robotic
arm attached.



Table 2: Different Metrics for the three stages of development.

Measurement Experiment Evaluation
Joystick VR Sim. Wheelchair
Errors per Minute None 0.01 0.02
Subjects without Errors | 100 % 78 % 91 %
Smoothness 0.19deg "' [0.20 deg™" | |0.18 deg™!
Eye Pitch -4.90° -9.04° -30.48°
Abs. Eye Yaw 9.81° 7.41° 6.47°
Pred. Locomotion Int. |50.82 %* | 66.05 % 91.38 %

*The true amount of eye positions with locomotion intention in the training data was
52.46 %.

4.3 Results

For safety, the wheelchair operated at a reduced maximum speed of
approximately 0.2 m/s. The highest recorded speed was 0.228 m/s,
while the average participant speed was 0.144 m/s.

We used three measurements to quantify the wheelchair perfor-
mance: First, we count the number of collision or near collision in-
cidents where we had to stop the wheelchair. Second, we count the
number of navigation errors produced by the system. Navigation
errors are defined as straying from the given path in a significant
way. Given a somewhat consistent smoothness, this can be defined
as 4 standard deviations. Third, we measure the smoothness. From
our experimental data, we measured an average smoothness of 0.19
deg™! in the joystick data and 0.20 deg™' in the VR simulation
driving. While this evaluation is not an experiment, we would ex-
pect the smoothness to be similar.

Across all trials, a near-collision incident occurred only once,
during which the wheelchair was manually stopped. The subject
involved in this case exhibited highly exploratory behavior. Second,
while there was no significant straying in the wheelchair evaluation,
we count the one near collision incident as a navigation error, as it
might have led to a significant deviation from the intended path (and
possibly a collision) if we had not intervened. Third, we measured
an average smoothness of 0.18 deg™!.

Table 2 compares measurements in the three stages of system de-
velopment regarding gaze behavior, smoothness, error rate and how
often our system predicted a gaze position indicative of locomotion
intention.

4.4 Discussion

Our system, trained exclusively on VR simulation data, demon-
strated successful transfer to a real wheelchair. While steering
was easy, participant behavior differed from both the VR simula-
tion and prior data collection. Participants looked at the ground
more often, showing eye movements linked to stronger locomotor
intention. Unlike in VR, there was no visual search task, reducing
upward glances, as we prioritized safety. This could also reflect
greater caution in the real world, where users may have feared col-
lisions. Additionally, participants had limited time to adapt to the
wheelchair, which may have influenced their behavior. Future tests
should allow more practice.

Despite these behavioral differences, the system maintained high
control fidelity and generalization without fine-tuning the weights.
Users navigated through the obstacle course while being able to
look at other objects without the wheelchair turning in the wrong
direction, demonstrating strong real-world transfer.

5 GENERAL DISCUSSION

We introduce a three-stage framework for gaze-based wheelchair
navigation — offline evaluation, VR simulation, and real-world de-
ployment — integrating machine learning, immersive simulation,
and assistive technology. It systematically bridges research and
real-world application to improve mobility control.

Our intention decoder acts as a filter for gaze inputs, ensuring
only eye movements indicative of locomotion intention adjust the
wheelchair’s direction. Unlike previous deep learning approaches
to the Midas Touch problem [45, 12], our method preserves raw
gaze direction as a movement cursor, allowing for intuitive control.

The framework also highlights the importance of training mod-
els with diverse and naturalistic datasets to ensure generalizability
across different environments. The combination of predictive mod-
eling with intuitive user interfaces holds promise not only for assis-
tive mobility but also for broader applications in human-machine
interaction.

A key finding was the critical role of AR feedback in enhancing
user trust and scene awareness, demonstrating that bi-directional
interaction between the system and user is crucial for successful
adoption. Displaying system feedback to the user led to fewer
counting errors and more favorable ratings when surveying our par-
ticipants.

5.1 Limitations

A key limitation of this study is that all participants were able-
bodied individuals without motor impairments. While this popu-
lation is appropriate for initial prototyping and feasibility testing,
it does not fully reflect the end users for whom such gaze-based
wheelchair control systems are intended. Individuals with motor
impairments may exhibit different gaze patterns, attention dynam-
ics, or cognitive strategies, particularly in real-world environments
where fatigue, involuntary movements, or co-occurring conditions
could influence system usability and performance. As such, the
generalizability of our findings to the target population remains
limited. Future studies should include participants with motor im-
pairments to assess the system’s practical applicability, adaptability,
and robustness in real-world conditions. Another limitation lies in
the statistical power of the questionnaire-based data. Given the rel-
atively small sample size, the resulting variance is high, and defini-
tive statistical conclusions cannot be drawn from the subjective rat-
ings. While our analysis revealed trends that may inform future
design decisions, these results should be viewed as exploratory and
hypothesis-generating rather than confirmatory. Larger-scale stud-
ies are required to validate these observations. Additionally, the
focus on egocentric features, those related to the user’s body and
gaze movements, was a deliberate choice to ensure that the models
could generalize across different environments. However, incorpo-
rating additional data, such as optic flow or environmental context,
could further improve model performance. While the current study
used standard implementations of transformer and LSTM models,
further refinements and the inclusion of more diverse environments
could enhance prediction accuracy.

6 CONCLUSION

This study presents a novel interface for gaze-based wheelchair
navigation, achieving seamless learning transfer from offline eval-
uation to VR simulation to physical implementation. The use of
advanced predictive models, AR feedback, and a stepwise devel-
opment approach ensured robust performance and user satisfac-
tion. Deep neural networks are able to distinguish gazes to fu-
ture waypoints from gazes directed at other targets in the scene.
Wheelchair simulations show that a system like this enables accu-
rate and smooth steering control without expendable course correc-
tions.
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