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Abstract

A major challenge for robots that provide physical assistance is adapting to the needs
of different people. To overcome this, personalised assistive models can be created by
observing the demonstrations of help provided by an assistant, a setting known as Learning
Assistance by Demonstration (LAD). In this work, the case of robotic wheelchairs and
drivers with hand control disabilities, which make navigation more challenging, was
considered. To better understand LAD and its features, a simulator capable of generating
repeatable examples of the triadic interactions between drivers, robots, and assistants
was developed. The software is designed to be modular and parametrisable, enabling
customisation and experimentation with various synthetic disabilities and scenarios. This
approach was employed to design more effective data collection procedures and to enhance
learning models. With these, it is shown that, at least in simulation, LAD can be used as
follows: for different disabilities; to help consistently; to generalise to physically different
environments; and to create customised assistive policies. In summary, the results provide
further evidence that LAD is a viable approach for efficiently creating personalised assistive
solutions for robotic wheelchairs.

Keywords: assistive robotics; learning by demonstration; learning assistance by demonstration;
robotic wheelchair

1. Introduction
Robotic wheelchairs are powered wheelchairs with added sensors and a computer [1,2].

The sensor data are used to assist in navigation, usually to achieve safer or faster driving or
to reduce the driver’s cognitive workload [3–5]. This can occur in the form of autonomous
navigation [6] or reactive approaches, such as collision or obstacle avoidance [7,8], which
can help in preventing loss of residual skills [9].

A great deal of research has been carried out with these robots, also known as smart
wheelchairs. However, the focus is usually on drivers who have complete hand control to
manipulate a joystick [10,11], or no control, in which case, alternative input interfaces are
needed [12–16]. Less attention has been given to those who, besides needing a wheelchair
for personal mobility, also struggle with hand control impairments. Although significant,
this application is challenging due to the large variations in the type of support that may
be needed. For example, besides difficulty in walking, cerebral palsy can lead to muscle
weakness or spasms in the upper limbs, whereas Parkinson’s disease usually leads to
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tremors of the hand [17]. In each case, a custom assistive policy should be employed,
as using a generic solution can lead to more frustration than support [18,19].

When personalised assistive solutions are needed, Learning Assistance by Demon-
stration (LAD) can be employed [20], which is a subset of Learning by Demonstration
(LbD) [21,22]. With LAD, demonstrations of help are provided by a human assistant
(ideally, someone familiar with the driver and their disability, such as caretakers or phys-
iotherapists), recorded, and then used to train an algorithm that maps user input and
sensor data to the assistance that should be offered. If good generalisation is achieved,
this mapping can be used as a personalised assistive policy, allowing the robot to help the
driver autonomously.

In a previous work, Schettino and Demiris [23] used a custom wheelchair teleoperation
platform to run preliminary tests with LAD, achieving encouraging results [24]. Validating
this technique on a broader scale, however, is complicated by the limited number of driver–
assistant interactions that can be recorded due to cost, time (especially for healthcare
workers [25]), and space constraints. Additionally, human drivers are naturally susceptible
to factors such as concentration, fatigue, and mood, which act as confounding variables in
experimentation. To temporarily circumvent these issues, simulations can be employed,
speeding up research development and allowing a more comprehensive understanding of
LAD before conducting larger trials with humans.

Therefore, in this work, a simulator was developed, as depicted in Figure 1, which
reproduces the experience of navigating a wheelchair with a hand control impairment:

Human or 
autonomous driver

Human or 
autonomous assistant

Figure 1. Simulation environment, where drivers with artificial hand control impairments can interact
with a robotic wheelchair and a remote assistant. Humans can take up the roles of driver and/or
assistant, or the full triadic interaction can be autonomously simulated. Configurable impairments
allow for the quick testing of LAD performance against different driving behaviours.

Human drivers and assistants can share control of a robotic wheelchair, or the entire
triadic interaction can be simulated without human intervention. Repeated runs with
the latter setup were used to assess how variations in data collection, model architecture,
and training procedures affect assistive performance. The results enabled advancement
in the development of the LAD models, with a special focus on improving generalisation.
Lastly, this platform was used to verify whether the claimed features of LAD hold true,
such as generalisation to unseen environments, applicability to generic disability types,
and creation of personalised assistive models. Although fundamental in motivating the
usage of LAD, the validity of these claims had not been demonstrated before.
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The text is organised as follows: Section 2 reviews the works most closely related to
this study. Section 3 describes the software developed for simulating indoor wheelchair
navigation. Section 4 details the architecture of the model used for learning from the
demonstrations of assistance, as well as the hyperparameter optimisation procedure and
data preprocessing techniques employed. Section 5 discusses the experiments that were
conducted to deepen the understanding of LAD and its application to robotic wheelchairs.
Conclusions and future work are presented in Section 7. A preprint of the work presented
here, especially Sections 4 and 5, can be found in the first author’s PhD thesis [26].

2. Background
2.1. Target Population

In this manuscript, the term “individuals with hand-control impairments” refers to
people who experience motor control deficits that reduce their ability to perform voluntary,
precise hand or wrist actions needed to operate joystick-based or other manual wheelchair
interfaces. Examples include, but are not limited to, action tremors (e.g., essential tremors or
Parkinsonian tremors); involuntary spasms or spasticity (e.g., following spinal cord injury,
stroke, or cerebral palsy); restricted range of motion or joint mobility; and reduced grip
strength or coordination. These impairments can be heterogeneous (varying in frequency,
amplitude, and temporal characteristics) and may be intermittent or progressive, which
complicates the use of static controller settings and motivates adaptive solutions.

2.2. Limitations of Commercial Solutions

Commercial-powered wheelchair controllers provide useful, commonly applied op-
tions, such as dead zone (deadband) adjustment and reduction in sampling or control
update frequency to mitigate involuntary micro-movements. While these options can help
reduce the incidence of false or jittery commands, they have important trade-offs. Increas-
ing a joystick dead zone reduces sensitivity to small intentional movements and can make
fine manoeuvring difficult; additionally, lowering sampling frequency or applying heavy
temporal smoothing reduces responsiveness and introduces latency, degrading the user’s
control over rapid voluntary commands. Moreover, these settings are typically static and
require manual re-tuning by clinicians or technicians; they do not automatically adapt to
intra-session or day-to-day changes in symptom severity. Taken together, these limitations
show a gap between what current commercial settings can achieve and the needs of users
with variable or mixed motor impairments.

2.3. Related Works

Using demonstrations to teach robots how to provide physical assistance is an inter-
esting concept, offering a direct approach to creating custom assistive policies. It has been
employed in rehabilitation training [27–29] to teach the execution of new movements [30,31]
and to simplify the control of a robotic arm [32–34].

The concept of shared control has been explored in robotic wheelchairs. Goil et al. [35]
proposed an algorithm for the collaborative control of an assistive semi-autonomous
wheelchair. The objective was to blend human and robot controls using machine learning to
learn task variability from demonstration examples. The results showed that the algorithm
was effective in learning task variability from demonstration examples, allowing for safe
traversal of challenging driving scenarios, such as doorway navigation. The conclusion
was that the approach provides a promising solution for assisted wheelchair navigation.

Matsubara et al. [36] proposed a framework for intelligent navigational assistance in
mobility aids. The objective was to estimate the user’s intention sequentially to provide
intelligent assistance. The results demonstrated that the framework could effectively
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estimate the user’s intention, leading to improved navigational assistance and achieving
an accuracy of ~80% in near real-time. The conclusion was that the proposed framework
enhances the effectiveness of intelligent navigational assistance in mobility aids.

Poon et al. [37] presented a framework for local driving assistance from demonstration
for mobility aids. The objective was to provide active short-term navigation assistance by
learning from demonstrations. The results indicated that the framework could provide
effective local driving assistance, improving the mobility aid’s responsiveness to user
inputs. The conclusion was that learning from demonstrations enhances the effectiveness
of local driving assistance in mobility aids.

Casado and Demiris [38] evaluated federated learning from demonstration for active
assistance to smart wheelchair users. The objective was to develop a model for active assis-
tance using federated learning from demonstrations. The results showed that the model
could provide effective active assistance, improving the smart wheelchair’s performance.
The conclusion was that federated learning from demonstration is a viable approach for
developing active assistance models for smart wheelchairs.

Bozorgi and Ngo [39] presented a roadmap from shared autonomy to full autonomy
for human-in-the-loop mobile robot navigation systems. The objective was to incorporate
joint perception and action to enhance the practicality and applicability of mobile robot
navigation. The results indicated that the proposed framework could enhance the prac-
ticality and applicability of mobile robot navigation systems. The conclusion was that
incorporating joint perception and action is essential for advancing mobile robot navigation
systems towards full autonomy.

All these works, in common, attempted to use expert driving demonstrations to
generate policies that assist with navigation. However, suppose the assisted person operates
differently from the expert, due to a hand control impairment, for example. In such a case,
it can be infeasible to match the expert and non-expert inputs, thus reducing the usefulness
of the assistive policy.

To circumvent this, LAD was proposed in Soh and Demiris [20]: “LAD augments
LbD by focusing on the assistive element . . . Instead of deriving a policy for ‘how-to-
drive’, it extracts a policy for ‘how-to-help-a-user-drive’.” LAD was further developed in
Soh and Demiris [40], where subjects exposed to a simulated hand control impairment
controlled a robotic wheelchair with a joystick. An assistant observed the scene and
intervened as needed, providing demonstrations of how to help that particular driver.
The demonstrations were recorded and used to train a learning model, which should,
subsequently, be capable of autonomously assisting the driver.

The concept was also explored in Kucukyilmaz and Demiris [41] and Kucukyilmaz
and Demiris [42]. Still, these seminal works did not demonstrate or fully study some
of the key features that make LAD an attractive approach: Can LAD models trained
on a training course be used outside of it? Can these models significantly and consis-
tently help drivers? Can they be used with generic disabilities? Are they indeed offering
personalised assistance?

The question of generalisation to unseen environments was better explored in Schet-
tino and Demiris [23] since the assistive performance was tested in a separate location
from where the training data were recorded. Although promising results were observed,
experiments were carried out considering only a single disability type and assistant–driver
pair. To fully validate LAD, more statistically robust experiments are needed. This, how-
ever, is an expensive and time-consuming endeavour, and before taking this road, it is
essential to understand better the features and limitations of LAD. One way to achieve
this is through simulations, which can accelerate research development and eliminate
confounding variables from experimentation, thereby enhancing the analysis of results.
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Many research groups have taken this approach to accompany the study of assistive
robotics, developing both domain-specific [43–45] and general-purpose [46,47] simulators.
The literature also shows extensive usage of simulators in research with both regular [48–50]
and robotic wheelchairs [51–53]. But their purpose is to be used by humans without sim-
ulating the driver’s input. In particular, no open-source simulator was found that can
autonomously mimic the triadic interaction between a driver, their wheelchair, and a
remote assistant.

For example, in Morère et al. [51], a robotic wheelchair simulator was used to test the
effectiveness of combining haptic feedback and obstacle avoidance. In Devigne et al. [52],
a simulator was used to test a simplified obstacle avoidance algorithm based on the readings
of low-cost sonar sensors. A similar setup was used in Di Gironimo et al. [54], where
the usability of different joysticks for controlling a robotic arm mounted on a powered
wheelchair was tested. All these simulators were, in common, developed for use by humans.
This is useful for allowing new ideas to be tested more quickly and safely.

However, sometimes it is also constructive to simulate the human. For example,
in Reddy et al. [43], a model-free reinforcement learning algorithm for shared control was
explored. Using a simulated navigation environment and a simulated impaired driver
allowed the authors to extensively test their method and make the necessary improvements
before moving on to user studies. More recently, a general-purpose simulator for assistive
robotics was developed [46]. It allows for the simulation of six different manipulation tasks
to assist with activities of daily living, including scratching, bed bathing, drinking water,
feeding, dressing, and arm manipulation.

Additionally, four different types of robots can be employed. The simulator is primarily
designed for reinforcement learning applications, and the human is typically simulated
in a passive pose, i.e., without active movement, but still constrained by realistic joint
movements. In Erickson et al. [47], the simulator was taken one step further, allowing
people to control the virtual human by using virtual reality headsets and controllers. This
enabled the researchers to smoothly transition from simulated humans to real people using
a virtual environment, and finally to test their assistive robots on a physical platform safely.

2.4. Summary

In summary, previous works have shown that demonstrations can be successfully
employed in rehabilitation and movement training, robotic arm control, and wheelchair
navigation. However, approaches based on expert demonstrations often fail to accommo-
date the variability introduced by hand control impairments, limiting their applicability for
personalised assistance. LAD has emerged as a promising alternative. LAD is designed to
learn a personalised assistive policy from user demonstrations. This allows the system to
generate a tailored solution that understands and adapts to the nuanced complexities of a
user’s unique motor control limitations, offering a significant advantage over the manual
configuration of commercial systems or one-size-fits-all algorithms.

Still, existing studies remain constrained to a few disability types, small-scale ex-
periments, and controlled environments, leaving open questions regarding their robust-
ness, generalisation, and ability to provide truly personalised support. Furthermore,
although simulators have been extensively used in assistive robotics, no open-source plat-
form currently exists that autonomously reproduces the whole triadic interactions that
occur between drivers, assistants, and wheelchairs. These gaps motivate the present work,
which develops a dedicated simulator, explores improved data collection and learning
strategies, and validates the key motivations behind LAD.
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3. Simulator Design and Implementation
A robotic wheelchair simulator provides a controlled platform for systematic exper-

imentation with software, control algorithms, and learning techniques, enabling rapid
iteration while reducing both development time and experimental costs. It also facilitates
the generation of synthetic datasets for training learning algorithms and the evaluation of
navigational strategies in scenarios that would be unsafe or impractical with real users,
such as extreme perturbations or rare collision events.

Importantly, this simulator is not intended to substitute experiments with human
drivers, but rather to serve as an initial validation and risk mitigation tool. By simulating
user behaviours (including artificially induced noisy or distorted control inputs), the plat-
form allows researchers to detect failure modes in assistive policies before deployment.
Policies that exhibit instability, unsafe trajectories, or poor responsiveness under these sim-
ulated conditions can thus be refined or discarded, ensuring that subsequent testing with
real users is both safer and more efficient. In this way, the simulator functions as a critical in-
termediary step, bridging theoretical development and practical, user-centred evaluation.

3.1. Wheelchair Navigation

The simulator is built on top of Gazebo (http://gazebosim.org, accessed on 24 September
2025), which handles both the Robot Operating System (ROS) interface and the physics
simulation [55]. The wheelchair model is based on a real robotic wheelchair used in the
Personal Robotics Lab (PRL) (http://www.imperial.ac.uk/personal-robotics/, accessed on
24 September 2025), which uses velocity command inputs to actuate two back wheels with
differential drive and also has two caster wheels at the front for stabilisation.

The number and type of sensors available also mimic the PRL wheelchair: three
planar laser scanners covering 360 degrees around the robot and an Inertial Measurement
Unit (IMU). The characteristics of the sensors and the noise present in their readings
are modelled based on the nominal values defined by the manufacturers. The relative
position of the sensors was calibrated using an optical motion capture system. The model
graphics were created by scanning the real wheelchair using 3D technology. To reduce the
computational load, the collision properties were simplified to a cube covering the entire
model. The ROS interface for the simulated wheelchair is identical to the real one, thus
allowing for a seamless transition when testing assistive navigation algorithms.

A person can control the simulated navigation using a regular joystick, as shown in
Figures 1 and 2 (a joystick with force feedback capability can also be used, but the force
feedback mechanism was not used for this work):

Figure 2. Dedicated visualisation window for a remote assistant (who can interact in the same
simulation as the driver).

http://gazebosim.org
http://www.imperial.ac.uk/personal-robotics/
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To increase the variability of data that can be collected in simulation and to better
test the robustness of assistive models, a few fictitious worlds were created. These worlds
were designed as abstract generalisations of common indoor environments, as depicted in
Figure 3:

5 5 5

Figure 3. Custom, simulated environments were created for collecting synthetic data, but other
general-purpose worlds (https://github.com/aws-robotics, accessed on 24 September 2025) can also
be easily incorporated into the simulator.

It is noted that third-party users of the simulator can easily expand this initial set of
wheelchair and world models to accommodate specific needs.

3.2. Hand Control Impairments

The focus here was on exploring the use of LAD to assist drivers who struggle with
hand control impairments. These impairments hinder dexterous joystick manipulation,
occasionally rendering wheelchair navigation impractical. The simulator allows people
with such impairments to safely attempt navigation with a virtual wheelchair before
moving on to tests with a physical system.

From a developer’s perspective, however, it might be helpful to simulate the hand
control impairment. An example use case would be to continuously test the efficacy of an
assistive policy without requiring the impaired person to drive the wheelchair continuously.
In this case, the developer could test drive the wheelchair with the simulated disability
over-imposed and assess the impact of the assistive policy. Another application would be
to quickly test whether an assistive policy developed for one type of impairment could be
helpful for other types.

In this sense, simulated hand control impairments were also included in the software,
where the mapping drivers’ standard control signals simulate them to noisy and distorted
ones. The distortions are created using 2D maps, where linear and angular velocity com-
mands are used as input, and the output is a distortion value that can be superimposed,
making navigation harder. For example, if a driver suffers from weak arm supination
movements (a common post-stroke symptom) and thus struggles with right hand turns,
a map like Figure 4-left could be employed to roughly simulate this impairment. In this
case, whenever the driver tries to turn right (negative angular velocity), a positive value is
added to their command, limiting their maximum turn rate.

Rarely, however, is an impairment clean. Usually, the movement restraints are more
complex and vary from person to person. To generate more natural simulations of impair-
ments, Perlin noise was employed [56]. This is an algorithm traditionally used in the film
industry to compose natural-looking, computer-generated textures (e.g., fire and smoke).
These textures are multidimensional, pseudo-random noise maps, where the algorithm’s

https://github.com/aws-robotics
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parameters control the level and interplay of details. Examples of these maps are also
shown in Figure 4:
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Figure 4. Examples of distortion maps that can be imposed over a driver’s input commands to
simulate a disability. Colour values indicate what was added to the driver’s desired angular (or
linear) velocity. Weak pronation: a synthetic example, where the driver would have difficulty in
performing left hand turns. More natural distortion maps can be procedurally generated using Perlin
noise. Perlin Map Base 5: a driver that tends to overshoot when doing forward-left or backward-right
turns (used in the experiment in Section 5.3). Perlin Map Base 6: a driver that pulls to the right when
attempting to go straight (used in the experiment in Section 5.4).

Because Perlin noise is only pseudo-random, the same output can always be ex-
pected for a given input (impairments that vary over time, although common, are not
yet supported). And if a different impairment must be simulated, the distortion map
can be deterministically changed simply using a different seed (known as base in the
Perlin algorithm). This allows different disabilities to be procedurally generated and easily
switched between.

In addition to the distortion mapping, white noise can also be added to the driver’s
input, thus emulating both the deterministic and random components of a generic impair-
ment. The Perlin base and the relative levels of deterministic and random distortions can
be easily adjusted, even during simulation.

It is noted that, currently, this simulator does not aim to mimic any specific real-world
hand control impairment. Instead, it offers the simulation of generic disability types, which
can be used to test the robustness of an assistive policy.

3.3. Triadic Interactions

For some individuals, hand control impairments may not be debilitating enough
to prevent wheelchair navigation entirely, but they can still pose challenges in specific
situations. For example, a driver might navigate open areas with ease but struggle with
dexterity when passing through narrow doorways. In such cases, a remote assistant may
be called upon to help via a teleoperation platform [24]. This assistance can be provided
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either sporadically or as part of wheelchair training. Due to its relevance, this interaction
feature is incorporated into the simulator.

An assistant can join the same simulation session as the driver and provide alternative
driving commands using a separate joystick. Since the assistant is assumed to be operating
from a remote location, a dedicated visualisation interface is provided, allowing them
to observe the driving scene solely through the wheelchair’s onboard sensors, as shown
in Figure 2.

Because both the driver and assistant can generate control commands concurrently,
a shared control strategy is required. This strategy includes an “ask-for-help” mechanism,
where the driver decides when to relinquish control of the wheelchair by pressing a button
on their joystick [23]. This technique aims to enhance user satisfaction by granting the
driver as much autonomy as desired [18,57].

3.4. Repeatable Interactions

A challenging aspect of running experiments with robotic wheelchairs is the be-
havioural variability that drivers may exhibit over short periods due to factors such as
fatigue and learning effects. These variations act as experimental noise, potentially obscur-
ing trends in the data that could distinguish effective from ineffective assistive models.
The typical solution to this issue is to conduct large-scale human trials, where confounding
effects tend to cancel each other out. However, before committing to such studies, it can
be beneficial to test assistive models more systematically. This is possible through the use
of simulated drivers, which behave consistently across trials. Our simulator features this
capability through a fundamental autonomous driver that can follow predefined waypoints
while avoiding obstacles.

To implement this functionality, localisation, path planning, and local control are
combined to simulate a driver without hand control impairments. The process begins
by creating 2D maps of the environment using Simultaneous Localisation And Mapping
(SLAM). The localisation and path planning modules then use these maps to guide the
wheelchair to predefined target locations, while the local control module ensures obstacle
avoidance. All algorithm parameters are tuned specifically for the modelled wheelchair
to guarantee smooth and realistic navigation. Once the unimpaired autonomous driver
is in place, an impaired version can be simulated by applying the method described in
Section 3.2, which involves adding distortion and random noise to the control signal.

The assistant can be simulated simply by using the original (pre-distortion) control sig-
nals. Since local control is used to follow designated trajectories, the assistant’s commands
remain effective for aiding navigation, even when the impaired driver deviates from the
planned path.

Figure 5 illustrates the various modes of operation available in the simulator:

Human driver 
no impairment

Human driver 
w/ impairment

+ simulated
impairment

Autonomous
driver

OR

Human 
assistant

Autonomous
assistant

OR

Shared 
control

First person view
Third person view 
from sensor data

+ simulated
impairment

Figure 5. Possible modes of operation when using the simulator.

For instance, a researcher could have a human driver with a real hand control impair-
ment operate the virtual wheelchair independently to better understand the functional
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limitations imposed by the disability. Alternatively, a researcher could drive the virtual
wheelchair themselves under simulated impairment conditions to evaluate an autonomous
assistive policy. Another option is to allow both an autonomous driver and an autonomous
assistant to share control of the virtual robot. This final setup was used to simulate the
triadic interaction required for LAD, enabling repeatable and controlled experiments.

To provide more information of the developed software, Figure 6 illustrates the shared
control scheme:

DISABILITY 
SIMULATION

MULTIPLEXER 1

mux_control

ZERO POINT

EXTRACT 
CMD_VEL

/base/falcon/position

/wheelchair/falcon/target

/wheelchair/falcon/force_offset

/selected/position /wheelchair/cmd_vel

/wheelchair/falcon/position/base/falcon/target

/base/falcon/takeover

MULTIPLEXER 2

mux_control

/wheelchair/falcon/position

/base/falcon/position

/base/falcon/takeover

Figure 6. Illustration of the shared control architecture, which integrates driver input, disability simu-
lation, and remote assistance through multiplexers, enabling teleoperation, autonomous takeover,
and mixed control strategies.

The architecture is based on a shared control scheme, in which multiplexers manage
the signals coming from the driver, the simulated disabilities, and the remote assistant.
This modular design enables the simulation of various assistance strategies, including
direct teleoperation, autonomous takeover, and mixed control modes. The software is fully
implemented in ROS and designed to be extensible, allowing for the easy integration of
new modules and interaction modes. For reproducibility and to support future research,
the complete source codes are open source (https://github.com/vbschettino/wheelchair_
assist_simulator, accessed on 24 September 2025, https://github.com/vbschettino/lad,
accessed on 24 September 2025).

4. Learning to Assist
In a LAD context, triadic interactions are used to collect training data. This data is

then used to fit a learning model that automates the assistance previously demonstrated by
the human assistant. In this section, the neural network architecture developed for learning
from demonstration is described, along with the data preprocessing techniques adopted.

4.1. Data Preprocessing

During training, the laser scan readings and the command velocities from both the
driver and the assistant are recorded (during testing, the wheelchair’s position on the
map and the planned paths are also recorded, but only for performance evaluation—see
Section 5.1). These data sources operate asynchronously and at different frequencies, where
a unified sampling rate of 10 Hz (matching the slowest source (the laser scanners)) is taken
and uses a nearest sample strategy to synchronise the data streams. During inference,
incoming data is similarly buffered and synchronised to the same rate.

https://github.com/vbschettino/wheelchair_assist_simulator
https://github.com/vbschettino/wheelchair_assist_simulator
https://github.com/vbschettino/lad
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A common issue with laser scan data, even in simulation, is the presence of invalid
readings when values fall outside the scanner’s nominal minimum or maximum range.
Additionally, the laser data is high-dimensional, with up to 720 channels used to cover
a full 360-degree scan. To address both problems, a “valid average” approach is needed.
Neighbouring channels are grouped, and the average of valid values within each group is
computed. This not only reduces the dimensionality of the laser data, but also simplifies the
machine learning task. It was found that reducing the number of channels to 72 provided
a good balance between resolution and learnability. If all channels in a group are invalid,
the average is replaced with the scanner’s maximum range.

Next, the values are inverted and normalised to the [0, 1] range (so that nearby
obstacles yield values close to 1, while distant ones result in values near 0). Although this
constitutes a non-linear transformation, it was observed that it facilitates the learning
process in converging on better solutions.

The command velocities from both the driver and the assistant are derived from
their joystick inputs. These signals are low-dimensional, naturally bounded, and free of
invalid values, so they are used directly for training without further preprocessing. Since
the simulated impairment affects only the angular component of the driver’s velocity
commands, the target signal is defined solely as the angular velocity commands issued by
the remote assistant.

4.2. Model Design

In this application, the learning model takes as input the command velocities from the
driver and the laser scan readings from the wheelchair, and it uses the assistant’s command
velocity as the target signal. In an earlier work (Schettino and Demiris [23]), an autoencoder
was used to reduce the dimensionality of the laser scan input, and a Gaussian process
model was used to predict the assistive control signal. In the present study, after evaluating
several alternatives, a fully neural network-based approach was chosen, as it yielded the
best performance in preliminary tests [26]. This section provides a concise description of
the model architecture and the procedure adopted for hyperparameter optimisation.

A schematic representation of the model architecture is shown in Figure 7:
After preprocessing, the laser scan readings are processed through a series of 1D

convolutional layers interleaved with MaxPooling layers. Although this approach requires
more memory, it was observed that using a relatively large kernel size (15) in the first
convolutional layer significantly improved performance. This enables the model to detect
coarse environmental features, such as doorways, corners, and extended walls, in corridors.
As the signal progresses deeper into the network, the kernel size is reduced and the number
of filters is increased, allowing the model to extract finer-grained spatial details.

Following the convolution and pooling stages, the laser data is compressed and
flattened before being passed through a recurrent layer, which captures temporal patterns
as the wheelchair moves. The recurrent layer operates on a time window of 20 samples,
equivalent to 2 s at the 10 Hz sampling rate.

The driver’s command inputs, consisting of linear and angular velocity components,
follow a separate recurrent pathway, also with a 2 s window. After temporal processing,
both input pathways are merged and passed through a sequence of fully connected layers
interleaved with dropout layers to produce the predicted assistive signal.

The model was implemented and trained using TensorFlow. The Adam optimiser is
used for backpropagation, with a batch size of 128 samples and Mean Squared Error (MSE)
as the loss function (penalising larger deviations more strongly than absolute error). ReLU is
used as the activation function in the convolutional and fully connected layers. In contrast,
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the recurrent layers use hyperbolic tangent as the main activation and as a sigmoid function
for the recurrent step. Early stopping is applied to mitigate overfitting.

Laser input
2s at 10Hz
(20x72x1)

Conv1D
16@15

Conv1D
32@7

Velocity input
2s at 10Hz

(20x2)

Conv1D
64@3

MaxPool MaxPool

Flatten

MaxPool

GRU
256

GRU
64

M

e

r

g

e
Dense

512
Dropout

Dense
32

Dense
1

Dropout

Figure 7. Architecture of the neural network model developed using simulation data and hyperpa-
rameter optimisation.

Hyperparameter Optimisation

A multi-stage process was employed to arrive at the final network architecture. Ini-
tially, a heuristic approach was taken, selecting hyperparameters commonly found in
related literature. This was followed by manual exploration, where the effects of substan-
tial changes in hyperparameters to identify general performance trends were evaluated.
The objective function employed was validation loss, specifically the Mean Squared Error
(MSE) between the predicted and true outputs on the validation set. Once plausible ranges
were identified, it was used with automated methods for fine tuning.

For instance, multiple training runs were performed on the same base architecture,
varying the number of dense layers (from one to five), to assess the impact on performance.
This helped eliminate suboptimal hyperparameter choices and to reduce the search space,
and it was guided by general heuristics for neural network design.

Automatic optimisation was then applied. Due to the high computational cost and
the large number of possible hyperparameter combinations, a grid search was not feasible.
Instead, the Hyperband algorithm was used, accelerating the search process by terminating
unpromising runs early and reallocating resources to better-performing configurations [58].
However, the goal was not exhaustive optimisation but to identify trends in hyperparameter
combinations that improve model performance.

Once the search space was sufficiently narrowed, Bayesian optimisation was used to
select the final hyperparameter values [59]. This method leverages Bayesian inference to
balance the exploration and exploitation within the search space, enabling more efficient
convergence to optimal configurations than random or exhaustive search strategies.

Taking the optimisation process into account, the final set of hyperparameters were
obtained, as reported in Table 1:
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Table 1. Hyperparameters selected for automatic optimisation.

Name Type Range/Values Description

conv_blocks Int 1–3 Number of convolutional blocks

conv_block_style Choice 1, 2, 3, 4 Conv block type: 1 = Conv, 2 = Conv-Conv, 3 = Conv-Pool,
4 = Conv-Conv-Pool

conv_filters1 Int 16–48 (step 16) Filters in 1st convolutional block
conv_filters2 Int 48–96 (step 16) Filters in 2nd block (if conv_blocks ≥ 2)
conv_filters3 Int 64–128 (step 32) Filters in 3rd block (if conv_blocks = 3)
conv_ksize1 Int 7–15 (step 2) Kernel size in 1st block
conv_ksize2 Int 7–9 (step 2) Kernel size in 2nd block (if conv_blocks ≥ 2)
conv_ksize3 Int 3–5 (step 2) Kernel size in 3rd block (if conv_blocks = 3)
conv_batchnorm Boolean True/False BatchNorm after conv block
conv_drop Boolean True/False Dropout after conv block
conv_drop_rate Float 0.1–0.3 (step 0.1) Dropout rate (if conv_drop is True)
rnn_type Choice SimpleRNN, LSTM, GRU Type of recurrent layer
rnn_layers Int 1–2 Number of recurrent layers
rnn_units_scan Int 16–512 (step 248) RNN units for scan input
rnn_units_vel Int 48–90 (step 16) RNN units for velocity input
rnn_batchnorm Boolean True/False BatchNorm after RNN layers
merge_batchnorm Boolean True/False BatchNorm after merging scan/vel paths
dense_layers Int 1–2 Number of dense layers before output
dense_units1 Int 256–768 (step 256) Units in first dense layer
dense_units2 Int 8–32 (step 8) Units in second dense layer (if dense_layers = 2)
dense_batchnorm Boolean True/False BatchNorm after dense layer
dense_drop Boolean True/False Dropout after dense layer
dense_drop_rate Float 0.1–0.3 (step 0.1) Dropout rate after dense layer
learning_rate Float 0.001–0.005 (step 0.001) Learning rate for Adam optimiser

5. Investigating Features of LAD
In this section, the data collected from simulated drivers and assistants are used to

investigate various aspects of LAD, right after introducing the evaluation metrics.

5.1. Metrics

The MSE was used as the main metric to compare the predictive performance of
different models. The error was computed on a test course by comparing the driving
commands generated by the autonomous assistant to the corresponding model predictions.
However, a lower predictive loss does not necessarily imply better assistive performance.
For instance, a model that slightly mispredicts during straight-line driving in open areas
but performs accurately during narrow doorway navigation is arguably preferable to one
that performs accurately during straight-line driving in open areas but mispredicts during
narrow doorway navigation. Yet, such nuance may not be reflected in the total predic-
tive error, especially when the training dataset is biased towards straight-line navigation
(a common scenario).

For this reason, predictive and assistive performance were distinguished: the former
is helpful for rapid model comparison, while the latter is the primary metric of interest
from the driver’s perspective.

To evaluate assistive performance more comprehensively, it was necessary to consider
multiple dimensions. An assistive model that increases navigation speed but also causes
frequent collisions may not be beneficial to the user. Therefore, four distinct metrics
were employed:

• Time to complete a lap: the total time required to complete one lap of a dedicated
test course;
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• Average distance from the planned path: the absolute distance between the
wheelchair’s current position and the closest point on the planned path, sampled
every 0.1 s and averaged over the lap;

• Fraction of time spent clearing collisions: the ratio of time spent in autonomous
collision recovery behaviour to the total lap time;

• Number of instructor interventions: If the autonomous driver remains stuck for
more than 10 s, a human instructor supervising the test intervenes to guide the
wheelchair back to the planned path manually. This metric counts the number of such
interventions per lap.

Predictive performance results were averaged over 10 training runs with different ran-
dom seeds. Assistive performance results were averaged over five laps on the test course.

5.2. Generalisation

This section explores the issue of model generalisation to unseen environments. Al-
though this capability has been demonstrated in the related field of autonomous cars [60],
assistive robotics presents a distinct challenge, as significantly less training data is typi-
cally available. This limitation is especially true for LAD, where data collection must be
performed on a per-user basis and requires the full attention of an expert assistant.

It started by contrasting the performance testing procedures used in previous work
with our approach. First, data on a training obstacle course were collected, and then three
different validation sets were built, all of equal size. The first set consisted of a second
lap on the same training course, following the same trajectory (similar to the approach
in [40]). The second set consisted of a run on the same course, but following a different
trajectory, as seen in Kucukyilmaz and Demiris [42]. The third validation set was recorded
on a dedicated obstacle course that was physically distinct from the one used for training.
Then, it fit the LAD model to the training data and, as training progresses, evaluated the
predictive loss on all three validation sets. The results are shown in Figure 8:

0 10 20 30 40 50
Epoch

0.04

0.05

0.06

0.07

Lo
ss

Validation set
Same track
Same course
Dedicated

Figure 8. Impact of using a separate course to collect data for a validation set. A single model was
trained, and at each epoch, its performance was tested against three distinct validation sets. Only the
set recorded on a separate course (green line) indicated overfitting. Without this, previous approaches
(blue and orange lines) would be unable to apply early stopping to improve generalisation.

As is shown, the first two validation sets (blue and orange) indicated good perfor-
mance, even though the model was actually overfitted. In realistic scenarios (where the
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wheelchair must operate in previously unseen environments), this assistive model would
likely perform poorly. This overfitting occurred because, as training progressed, the model
increasingly relied on spatial features (from the laser scanners) specific to the training
environment. At inference time, when spatial features differ, the model fails to produce
appropriate assistive signals.

This is not merely an issue of measuring performance. The use of a suitable validation
set is crucial for proper model regularisation via early stopping, particularly when training
deep neural networks. Therefore, this experiment demonstrates how a simple adjustment
in the data collection procedure can significantly improve predictive performance.

Next, it assessed how collecting training data in multiple environments affects gener-
alisation. Figure 9 presents the predictive performance of our LAD model when trained on
three different datasets:

Course 1 Course 2 Combined
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Figure 9. Impact of using multiple courses for training data collection. The ’Combined’ dataset
includes assistive demonstrations from physically distinct courses, as opposed to repeated laps
on the same course. This approach improves performance when predicting assistance in an
unseen environment.

All datasets were of the same size, but the first two (blue and orange) were derived
from a single obstacle course. This strategy, employed in previous LAD studies, again
leads to overfitting. Instead, following the principle of improved data quality [61], we set
it to combine the data from both courses to encourage the model to learn more generic
environmental representations. As expected, this approach yielded better results when
tested in a novel obstacle course. Once again, a simple modification in the data collection
process can enhance generalisation.

Finally, Figure 10 presents a plot of the angular velocity commands recorded while the
simulated driver navigated a dedicated test course not seen during training.

The plot compares the driver’s control signal (input), the assistant’s control signal
(target), and the model’s prediction. The assistive model used here was trained with the
improved data collection and preprocessing strategies described above. Note how the
predicted velocity correctly tracked the target signal trends while filtering out most of the
noise and distortion from the input.
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Figure 10. Example plot showing the input, target, and predicted velocity signals on a dedicated test
course. The predicted signal successfully followed the target’s trends while filtering the noise and
distortion from the driver’s input.

5.3. Assistive Performance

Predictive performance helps compare different model architectures and training
procedures, especially when the goal is to enhance generalisation. However, for the driver,
the important aspect is how and to what extent the final model can assist with navigation.
Hence, this section discusses different facets of LAD’s assistive benefits.

Moreover, five distinct simulation worlds were employed (Figure 3), with three used
for training, one for validation, and one for testing. The proposed methodology facilitates
a straightforward transition between environments, as new scenarios can be seamlessly
incorporated by following the same procedure described in this work.

In this set of experiments, Base 5 from the Perlin map (Figure 4) was employed to
model the driver’s impairment, ensuring that the assistance provided by the LAD model
was evaluated under consistent and repeatable distortion conditions.

Then, as shown in Table 2, the driving performances for three different simulated
drivers were recorded: one without a hand control disability, one with it, and one with
a driver with the same disability but autonomously aided by the LAD model. Driving
performance was then reported using the metrics described in Section 5.1:

Table 2. Assistive performance results (reported as average (standard deviation)) when comparing a
driver without hand control disabilities, with a disability, and with the same disability but aided by
a custom LAD model. The recovery (0–100%) shows how much, on average, the performance gap
between ‘No disability’ and ‘Disability’ was recovered by using LAD. LAD led to a positive impact
across all metrics.

No Disability Disability LAD Recovery

Time to complete a lap (s) 179.3 (4.8) 325.7 (23.8) 247.9 (11.6) 53.2%
Avg. dist. from planned path (cm) 8.7 (0.3) 23.0 (1.6) 16.2 (1.1) 47.5%
Frac. of time clearing collisions (%) 2.0 (0.8) 23.3 (1.4) 3.6 (0.8) 92.4%
Num. of instructor interventions 0.0 (0.0) 3.2 (1.2) 0.2 (0.4) 93.8%

As expected, the imposition of impairment had a significant negative impact on all
measures. The disability makes driving more erroneous, which increases the average
distance from the planned path. It can also lead to under or overshooting turns, which
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increases the chance of collision with obstacles. In turn, this leads to a surge in the number
of collision clearance manoeuvrers required and the frequency at which the wheelchair
becomes stuck. All of these contribute to an average increment of 82% in the time it takes
for the simulated driver to complete a lap on the test course.

However, providing this driver with autonomous assistance from a LAD model
improved all (measured) aspects of navigation. In two of the metrics, the number of human
interventions needed and the relative amount of time spent clearing collisions, the driver
was capable of nearly recovering their original performance (last column of Table 2). While
the performance recovery was not as pronounced for the other two metrics, the results
were still significant. To put it in context, these results suggest that a wheelchair equipped
with LAD autonomous assistance would enable this driver to navigate 24% faster, while
also having a far smaller chance of collisions.

5.4. Robustness

The primary motivation for using LAD is that it offers a straightforward approach to
creating custom assistive models that can aid individuals with various disabilities. Hence,
testing if this promise holds is paramount, but it has not been performed before. Previous
work in this field [20,23,40] carried out experiments with a single disability type. But with
the approach proposed in Section 3, it can be tested whether LAD is indeed robust and
applicable to more general types of impairments.

We began by repeating the experiment of Section 5.3 for a second driver, who had
a different simulated disability (distortion map at the right of Figure 4). The results are
shown in Table 3:

Table 3. Assistive performance results for a driver with a different disability. LAD still helped
the driver without requiring any hyperparameter tuning. The experiment was repeated for more
disabilities, as shown in Figure 11.

No Disability Disability LAD Recovery

Time to complete a lap (s) 179.3 (4.8) 298.7 (26.9) 252.8 (9.8) 38.4%
Avg. dist. from planned path (cm) 8.7 (0.3) 20.8 (0.2) 15.0 (1.3) 48.0%
Frac. of time clearing collisions (%) 2.0 (0.8) 21.8 (5.2) 5.4 (1.8) 82.8%
Num. of instructor interventions 0.0 (0.0) 2.0 (0.6) 0.8 (0.4) 60.0%

As can be seen, the LAD model was again capable of significantly helping across all
metrics, even though a different driver was operating and the same model architecture
and hyperparameters were kept. However, a smaller part of the gap to the original
performance was recovered in this case. This highlights a limitation of LAD: as a data-
centric approach, the same level of improvement cannot be expected for all types of
disabilities. The experiment was conducted with another three drivers.

The results are summarised in Figure 11, where it is shown that, in all cases, LAD
provided useful assistance, indicating the robustness of the approach.

Then, in the experiments summarised above, five different disabilities were considered,
corresponding to Perlin Map Bases 0, 2, 5, 6, and 99. The results demonstrate that the
proposed LAD methodology performs consistently well across multiple scenarios and
impairment types. Importantly, by following the methodology presented here, additional
disabilities and environments can be easily integrated into the evaluation pipeline, making
the framework extensible and adaptable to future studies.
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Figure 11. Assistive performance metrics for drivers with five different hand control disabilities,
compared with and without LAD assistance. Each dot represents a lap on a test course. LAD
consistently improved performance for all tested metrics and disabilities, indicating the robustness of
the approach.

5.5. Personalisation

This section examines whether LAD models can provide personalised assistance, that
is, whether they are tailored to the unique needs of each user and their specific impairments
(or if they are merely offering generic help). Personalised assistance could potentially be
replaced by simpler alternatives, such as low-pass filtering of driver inputs or off-the-shelf
obstacle avoidance algorithms [62].

To investigate this, both the simulated drivers from Tables 2 and 3 were used to re-run
the test course with LAD assistance. However, this time, each driver was assisted by the
model trained on the other driver’s data, where Driver 1 received assistance from the model
trained for Driver 2, and vice versa. Table 4 presents the resulting performance, showing the
percentage improvement (or deterioration) relative to each driver’s performance without
assistance. Negative values indicate a drop in performance.

Table 4. Personalisation experiment. The improvements achieved when using a custom model versus
a generic one were compared. The results show that LAD generates personalised assistive solutions.

Time to Complete a Lap (s) Avg. Dist. from Planned Path (cm)

Model 1 Model 2 Model 1 Model 2
Driver 1 23.9% −35.5% Driver 1 29.4% −47.1%
Driver 2 −31.2% 15.3% Driver 2 −42.7% 27.8%

Frac. of time clearing collisions (%) Num. of instructor interventions

Model 1 Model 2 Model 1 Model 2
Driver 1 84.6 58.9 Driver 1 93.8% −31.2%
Driver 2 42.3 75.2 Driver 2 −10.0% 60.0%

The results clearly show that using the incorrect LAD model leads to a significant
deterioration in navigation performance. In many cases, the drivers performed worse
than they did without assistance. This supports the claim that the models are indeed
personalised as they are optimised for the specific driving patterns and limitations of
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individual users. These results also indicate that simple, generic solutions can be insufficient
for individuals with hand control impairments and reinforce the fundamental motivation
for using LAD to create personalised assistive models.

However, subjective observation of these mismatched runs reveals that most of the
degradation occurred due to the model’s difficulty in correctly inferring the driver’s inten-
tion. The assistance frequently guided the wheelchair into incorrect rooms, deviating from
the planned path. Despite this, the models still managed to offer some degree of collision
avoidance, especially in narrow passages, such as doorways. This is reflected in the metric
“Fraction of time clearing collisions”, where performance did not degrade as severely as
when using the incorrect model.

This finding aligns with an intuitive understanding of the problem. The simulated
disability only affected a subset of the model’s inputs (namely the driver’s velocity com-
mands). The other input, the laser scan data, depended solely on the environment. While
velocity inputs convey intent (e.g., wanting to turn left or right), the laser scans constrain
the range of viable options (e.g., not going straight into a wall). This means that although
the mismatched models failed at intention prediction, they still provided practical reactive
safety assistance.

These results suggest that both models independently learned to use the laser data
to avoid obstacles. This highlights an opportunity for transfer learning, where a shared
feature representation (such as obstacle avoidance via laser scans) could be reused across
users, potentially improving training efficiency. This line of research remains open for
future exploration [63,64].

6. Discussion
The experiments reported previously provide evidence that the proposed simulator

and LAD models advance the state of the art in assistive robotics. Regarding generalisation,
this approach extends the previous investigations by Soh and Demiris [40,65] and Kucukyil-
maz and Demiris [42], where assistance in limited environments was validated. The results
presented here confirm that, with improved data collection procedures, LAD can maintain
performance even in unseen courses, an essential requirement for real-world deployment.

In terms of assistive performance, the presented findings align with earlier studies
showing that demonstrations can improve wheelchair navigation [23,35,36,65]. However,
while prior work has only validated LAD on a small scale or with restricted scenarios,
the present results systematically quantify improvements across multiple performance
metrics, confirming consistent benefits of assistance.

Concerning robustness, earlier LAD studies evaluated only one type of
impairment [23,40,65]. By contrast, the experiments reported here demonstrate that LAD
remains effective across several distinct simulated disabilities, albeit with variable recovery
rates. This supports the claim that LAD offers a general strategy for creating customised
assistive models.

Finally, the personalisation experiments showed that models optimised for one driver
fail when applied to others, leading in some cases to worse results than no assistance at
all. This corroborates the intuition behind personalised models and is consistent with
previous work on shared control adaptation [42]. Such evidence highlights the importance
of tailoring LAD models to each user’s driving behaviour and impairment profile.

Taken together, these results showed that the simulator developed here not only vali-
dates the core motivations behind LAD, but also provides a research platform to investigate
open challenges. Nonetheless, it is important to acknowledge that the simulator simplifies
several aspects of human–robot interaction. Therefore, while indicative, the results should
be interpreted with caution and complemented by future studies with real users.
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Furthermore, some remarks about limitations can be highlighted. The primary goal of
the simulator developed in this work was to enable rapid experimentation with variables
that impact LAD models. It is not intended to fully replicate the complex nuances of
human–human interactions mediated through a robotic platform. As such, the results
presented in the section before, while indicative, should be interpreted with caution.

Another limitation is that the physical models of the wheelchair and its sensors are
simplified. Although this enables efficient experimentation, it restricts the fidelity of the
simulated interactions. In addition, scalability has been assessed only for a few simulated
drive-increasing situations; further validation is needed to confirm robustness in larger-
scale scenarios considering the methodology proved here.

Finally, the simulator is being adapted for support with hardware-in-the-loop exper-
iments. This limits its immediate applicability to real-time testing and integration with
physical platforms. These limitations present opportunities for future work, particularly in
enhancing the fidelity of the dynamic models, extending scalability to larger user groups,
and expanding compatibility with robotic hardware for experimental validation.

7. Conclusions
This work advances the understanding and validation of LAD as a viable approach

for enabling robots to provide personalised assistance. To this end, a custom simulator was
developed; one that is capable of mimicking the experience of driving a robotic wheelchair
while affected by hand control impairments, as well as of autonomously reproducing the
whole triadic interaction required by LAD. The simulator enabled the collection of extensive
data through repeated runs across varied environments, which, in turn, allowed for the
exploration of alternative data preparation techniques, model architectures, and training
procedures. These experiments led to improved generalisation capabilities (a critical
requirement for real-world assistive applications).

With the improved model, several features typically attributed to LAD could be
examined in greater depth. The results demonstrate that, at least in simulation, LAD
models are capable of generalising to previously unseen environments while still offering
meaningful navigational assistance. Moreover, the findings confirm that these models can
support a variety of impairment types, reinforcing one of the central arguments for using
LAD: the ability to create personalised assistive solutions tailored to the specific needs of
each user.

In summary, it is also possible to highlight the contributions that this work brought
out: (i) the development of a modular and extensible simulator for wheelchair navigation
and triadic driver–robot–assistant interactions (which is to be released as open-source
software); (ii) the investigation of new data collection procedures and learning models,
resulting in improved training setups for LAD; and (iii) the validation of fundamental
motivations for using LAD, demonstrating its ability to generate personalised assistive
policies, handle generic disabilities, and generalise beyond training environments.

Future Works

The limitations discussed above highlight several directions for future research, all
aimed at bridging the gap between simulated and real-world assistive wheelchair operation.
Enhancing the fidelity of the simulator, particularly in modelling wheelchair dynamics
and hand control impairments, will be crucial to ensure that the behaviours learned in
simulation are relevant and transferable. Additionally, assessing the scalability of the
framework in scenarios with larger user groups and multiple assistants will help guarantee
that the system remains robust under more complex and varied conditions. Integrating
hardware-in-the-loop also represents a key step, allowing the simulator to interact di-



Robotics 2025, 14, 136 21 of 24

rectly with physical devices and real-time controllers, thus providing a practical bridge
between simulation and deployment. These improvements are essential to ensure that
the assistive policies developed in a virtual environment can be reliably applied to actual
wheelchair systems.

Building on these advancements, the next step involves evaluating the developed
LAD models with real human users, for example. This process will begin with controlled
simulator-based experiments that include participants with diverse impairment profiles,
providing a safe and adjustable environment to test and refine the policies. Once validated
in simulation, the learned policies will be implemented on a real robotic wheelchair through
real-time control interfaces. Furthermore, suppose a policy identifies that a user tends to
understeer when navigating tight corridors. In such a case, the system can subtly augment
the turning input to improve trajectory tracking while preserving the user’s sense of control.
Similarly, if the system detects hesitations or inconsistent input patterns, it can provide
adaptive speed modulation or predictive path assistance to maintain safety and comfort.
By blending user inputs with autonomous corrections in real time, the wheelchair can
respond dynamically to the user’s intentions while mitigating potential errors.

This staged approach ensures that the benefits observed in simulation (such as im-
proved navigation efficiency, safety, and user comfort) are effectively translated to real-
world scenarios. Ultimately, these steps will support the development of assistive systems
that are both adaptive and responsive and capable of providing personalised assistance
that accommodates individual user behaviours and impairments.
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