
Real-time Powered Wheelchair Assistive Navigation
System Based on Intelligent Semantic Segmentation

for Visually Impaired Users
Elhassan Mohamed

School of Engineering
University of Kent

Canterbury, Kent, UK
enrm4@kent.ac.uk

Konstantinos Sirlantzis
School of Engineering

University of Kent
Canterbury, Kent, UK
k.sirlantzis@kent.ac.uk

Gareth Howells
School of Computing

University of Kent
Canterbury, Kent, UK

w.g.j.howells@kent.ac.uk

Abstract—People with movement disabilities may find powered
wheelchair driving a challenging task due to their comorbidities.
Certain visually impaired persons with mobility disabilities are
not prescribed a powered wheelchair because of their sight condi-
tion. However, powered wheelchairs are essential to the majority
of these disabled users for commuting and social interaction.
It is vital for their independence and wellbeing. In this paper,
we propose to use a semantic segmentation (SS) system based
on deep learning algorithms to provide environmental cues and
information to visually impaired wheelchair users to aid with the
navigation process. The system classifies the objects of the indoor
environment and presents the annotated output on a display
customised to the user’s condition. The user can select a target
object, for which the system can display the estimated distance
from the current position of the wheelchair. The system runs in
real-time, using a depth camera installed on the wheelchair, and
it displays the scene in front of the wheelchair with every pixel
annotated with distinguishable colour to represent the different
components of the environment along with the distance to the
target object. Our system has been designed, implemented and
deployed on a real powered wheelchair for practical evaluation.
The proposed system helped the users to estimate more accurately
the distance to the target objects with a relative error of
19.8% and 18.4% for the conditions of a) semi-neglect and
b) short-sightedness, respectively, compared to errors of 47.8%
and 5.6% without the SS system. In our experiments, healthy
participants were put in simulated conditions representing the
above visual impairments using instruments commonly used in
medical research for this purpose. Finally, our system helps to
visualise, on the display, hidden areas of the environment and
blind spots that visually impaired users would not be able to see
without it.

Index Terms—Convolutional neural networks, Practical im-
plementation, Semantic segmentation systems, Visually impaired
disabled users

I. INTRODUCTION

Powered wheelchairs are essential tools for disabled users
not only for the main reason, which is mobility but also for
other factors such as productivity, leisure, and independence
are involved [1]. However, disabled users with visual impair-
ment cannot be prescribed a powered wheelchair because of
their disability. Clinicians recommend against using powered
wheelchairs for this category of users because visual impair-

ment can result in serious accidents. Many injuries have been
reported for users hurting themselves or falling from powered
wheelchairs as they could not distinguish between pavement
edges and car routes or walls and doors [2]–[4].

Clinicians report that they saw almost the same number
of patients who cannot use a powered wheelchair as those
who can [5]. Patients find it extremely difficult to manoeuvre
powered wheelchairs indoors, especially in small areas and
while negotiating doorways. Clinicians also report that 40%
of powered wheelchair users find steering tasks difficult. At
the same time, five to nine per cent find them impossible.
On the other hand, the percentage of those who cannot use
a powered wheelchair due to visual impairment, cognitive
disorder or motor skills is 85%. An automated navigation
system is believed to half this percentage [5].

We propose to use a smart system based on deep learning
for computer vision tasks to act as a guide for the users.
The system does not interfere with the navigation process
(a non-intrusive system). However, it leads the navigation
process of the user by classifying the surrounding environment
into different classes, where every class has a distinguishable
colour to guide and smooth the user’s navigation process.

In addition, the system provides the distance to the target ob-
ject. The distance estimation and the annotated environmental
objects are shown on a display fitted according to the disabled
user’s need, where the information is shown and updated in
real-time. If the user has short-sightedness, the display is fitted
in front of the user to see far objects annotated clearly on the
display. On the other hand, if the user is suffering from semi-
neglect, the display is fitted in the visible location with respect
to the user’s condition (either centre-left or centre-right).

This paper presents the practical implementation of the pro-
posed semantic segmentation (SS) system for safe navigation
in the indoor environment. The contribution of this paper is
twofold: we practically deployed the semantic segmentation
system on a real powered wheelchair for the purpose of eval-
uation. Besides, healthy users are asked to try the system while
simulating visual impairment to assess the system performance
and its ability to help disabled users.



The paper is organised as follows: section 2 explores related
studies. Section 3 presents the system design. Experimental
protocol is presented in section 4. Results are discussed in
section 5. Conclusion are highlighted in section 6.

II. BACKGROUND STUDIES

Many powered wheelchair systems have been introduced
to help disabled users with navigation [6]–[8]. However,
these systems take the control away from the user, such as
autonomous obstacle avoidance systems where surrounding
object is categorised as an obstacle that needs to be avoided.
This might impact the user experience when trying to approach
a specific location or an object that the smart system has
classified as an obstacle. Also, user preference might be
overridden if the algorithm decides on a specific path to the
target object because it is the optimum one, while the user
wants to follow a different path. The only solution, in this
case, is to disable the system to be able to approach the object
or follow a preferred path.

Yoder et al. [9] propose a wheelchair system to guide
people with severe disabilities. The system is used to track
manually taught paths using optical encoders mounted on the
wheelchairs’ wheels and visual beacons placed throughout the
wheelchair surrounding environment. The main disadvantages
of such a system are as follows: it needs visual cues to be
deployed in the wheelchair environment. It needs manually
taught reference paths. Most importantly, the system needs
different setups for different environments. This means that if
the environment changes, new reference paths are needed to
be learned by the system.

In contrast to the fully autonomous systems that take full
control away from the users, the proposed method provides
environmental cues to aid the user with navigation. However,
it keeps the users in full control. Powered wheelchair systems
that provide collision avoidance support such as [10], [11] may
not be suitable for drivers who are unable to determine their
location and cannot navigate to a specific location, especially
visually impaired users.

Although the proposed system is not used for path tracking,
it is capable of detecting visual cues automatically using deep
learning methods, which means no need to add visual beacons
to the environment. Moreover, the proposed system can detect
the distance to a specific object using the Intel®RealSense
depth camera. Also, our system provides all the information
to the user on a display. This allows visually impaired users
to understand their surroundings and approach the target
object with the aid of the distance estimation capability. Thus,
the used system can be seen as an in-between system that
can provide environmental cues (scene understanding) while
giving full control to the users to avoid both limitations of
non-autonomous and fully autonomous systems. However, it
can be integrated with autonomous ones, and the users can
decide the level of assistance.
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Fig. 1: System building blocks.

III. SYSTEM DESIGN AND IMPLEMENTATION

The proposed system comprises a depth camera for image
acquisition and distance estimation followed by a semantic
segmentation system for pixels classification and a post-
processing step for distance estimation to the target object.
Fig 1 shows the main building blocks of the proposed system.

The system works as follows: the depth camera capture
images from the indoor environment. Then the semantic
segmentation system processes the images by classifying each
pixel into one of the nine predefined classes. Finally, the
system estimates the distance to the pixel in the centre of
gravity of the target object.

The user can choose the target object to approach. However,
an image may contain several objects of the same category.
The system is designed to estimate the distance to one object
at a time to avoid confusion. Thus, we exclude far objects
depending on the size since far objects are smaller than near
ones. Also, some pixels can be classified wrongly to the target
object category. Consequently, these pixels can confuse the
system. Applying a pixel score threshold value to the pixels’
confidence scores can elevate this issue [12].

Another challenge for distance estimation is to determine a
specific pixel on the target object that is not on its borders.
Indoor objects of interest have irregular shapes. Consequently,
the pixel in the object’s centre of gravity is the best choice.
The depth camera can then estimate the target object’s distance
with respect to the powered wheelchair. The user can monitor
the real-time update of the distance on a display customised
to the user’s need while approaching the highlighted target
object. Besides, other components of the indoor environment
are semantically segmented to provide guiding cues to the user.
This facilitates the navigation process of visually impaired
users who cannot estimate the target object’s distance or
location without the proposed system due to their disability.

In this study, the SS system introduced in [13] is adopted.
The SS system is based on DeepLabv3+ [14] to classify indoor
objects such as doors, fire extinguishers, different kinds of door
handles, switches, and walls. Basically, the objects a powered
wheelchair user needs to interact with or manoeuvre in a daily
life base [15]. The encoder-decoder SS system has proved high
performance and accurate segmentation compared to other
state-of-the-art SS systems [12]. The system is deployed on a
laptop with a GeForce RTX 2070 Graphics Card. The Laptop
is connected to an Intel®RealSense depth camera to estimate
the distance to the target object. A separate display is fitted
according to the user’s need to display the objects’ annotations
and the estimated distance to the target object.



(a) Glasses to simulate users with
semi-neglect.

(b) Glasses to simulate users with
short-sightedness.

Fig. 2: Visual impairment simulation.

IV. EXPERIMENTAL PROTOCOL

To assess the system, we conduct the experiments with
healthy users. We choose to conduct the initial trials with
healthy users to avoid any hazards that might impact the
disabled user’s experience and collect initial results until
we receive the ethical approval to experiment with visually
impaired disabled users. However, the used techniques to
simulate visual impairments are robust and have been approved
by institutions such as the university of Cambridge [16], [17].

Visual impairment is simulated using two glasses (Fig. 2)
to mimic typical use-case scenarios. The first pair of glasses
has a single covered lens to simulate users with semi-neglect
(Fig.e 2a). The second pair of glasses are used to introduce
vision acuity and contrast loss which simulate users with short-
sightedness (Fig. 2b). The Cambridge simulation glasses1 used
in the experiments provide insights into the effects of vision
loss on product use. Also, the glasses can be used to examine
the visual accessibility of products and services. Acuity and
contrast loss glasses have five levels. In the experiments, level
three is used as a median of the five levels. Ten users are asked
to drive a powered wheelchair in a controlled environment
with one objective. The goal is to approach a moveable door
handle. The target moveable door handle is approximately
12 m away from the starting point. Fig 3 shows a simple
sketch of the experiment route. Participants need to stop the
powered wheelchair half a meter (50 cm) from the target
object with and without the SS system. Then, the actual
distance is measured from the camera to the object using a
measuring tape. Lastly, the users need to continue driving for
another 12 m, rotate in place, and return to the starting point.

Initially, the user is given a couple of minutes to try the
powered wheelchair without any objective to familiarise and
understand the controlling process. Then, each user needs to
repeat the experiment five times. First, users need to approach
the target object with their bare eyes. Second, users need
to approach the target object using the one-eye-covered lens
glasses with and without the SS system. Third, the user needs
to use the acuity and contrast loss glasses to approach the
target with and without the SS system. The SS is used in
the second and third trials, where the user is asked to drive
the powered wheelchair to the target object depending only
on the display. Fig 4a shows the system setup used in the
trials. The display and the SS system are not used in the first
trial. The display is customised to the user’s needs (Fig 4b).

1http://www.inclusivedesigntoolkit.com/csg/csg.html
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Fig. 3: Experiment route.

As an example, if the user is using the one-eye-covered lens
glasses to simulate semi-neglect disorder on the right side of
the environment, the display is fitted on the user’s left side and
vice versa. The display is placed 30 cm from the user’s face at
all times. The display shows the indoor environment objects
classified on the pixel level where each object is annotated
with a different colour. Also, the system shows the distance
to the target object in the yellow box (Fig 4c).

Users’ information, such as user ID, age, powered
wheelchair driving experience, and use of glasses, are recorded
prior to the experiments. During the experiments, trial time,
the actual distance to the target object, and the number of
collisions are recorded. Users’ details are shown in Table I.

TABLE I: Users’ details.

User ID Age Gender
Height
(cm)

Weight
(kg)

Use of
glasses Exp*

1 40 M 170 95 Yes 1
2 22 F 160 48 No 1
3 24 F 170 70 No 1
4 23 F 164 52 No 1
5 30 M 178 75 No 4
6 32 M 175 100 No 1
7 29 M 178 61 No 1
8 26 M 180 80 Yes 1
9 32 M 180 78 No 1

10 28 M 187 115 Yes 2

* Powered wheelchair driving experience on a scale from 1 to 5, where 1
represents the least experience.

After the experiments, users are asked three questions: Did
you feel any stress or screen fatigue? Does the SS system help
in the navigation process, and How? Lastly, if they have any
comments or concerns?

V. RESULTS AND DISCUSSION

Table II shows the experiment results for all users. User 3
could not participate in the second experiment. It can be seen
that the duration of all experiments under different conditions
for all users is very similar, which means that the SS system



(a) System installation. (b) System in use. (c) Distance to the target object.

Fig. 4: Practical implementation of the system.

does not slow down the navigation process. There is a slight
increase in collisions when simulating visual impairment while
using the SS system. All the collisions happen when the
users rotate before going back to the starting point. The slight
increase in the total number of collisions while simulation
visual impairment conditions (4 and 3 collisions for semi-
neglect and short-sightedness, respectively, with the SS system
compared to 2 and 3 collisions without the SS system) can be
attributed to the restricted view shown on the display. While
users can rotate the head to check all the sides of the powered
wheelchair, it is challenging to check the sides and the back of
the powered wheelchair from the display. Also, all users except
user 5 have limited experience in driving powered wheelchairs.

Interestingly, the SS system has helped the users to approach
the target object accurately. While simulating the semi-neglect
condition, users could approach the target object with a mean
distance of 59.9 cm with the aid of the SS system compared to
73.9 cm without the SS system. For the short-sightedness case,
the mean distance using the SS system is 59.2 cm compared
to 52.8 cm without the SS system. The estimated distance
of the short-sightedness case without the SS system is better
than that with the SS system and even better than the estimated
distance in the normal case. It was observed that the users kept
approaching the target object until it becomes distinguishable
with the acuity and contrast loss glasses, which results in better
distance estimation. The consistency in the results of the SS
system is an indication of the system’s robustness. In addition,
the SS system results are significantly better than the normal
case without any glasses to simulate visual impairment, which
indicates the system’s efficiency in estimating the accurate
distance to the target object.

Fig 5 shows the impact of applying different threshold
values to the pixels’ confidence scores on the accuracy of the
SS system. As the threshold value increases, the number of
the rejected pixels increases, which results in discarding low
confidence noisy pixels. For a robust system, low confidence
pixels represent objects of non-interest. Rejecting these pixels
can result in a better definition of object shapes. However,
high values of threshold might result in discarding pixels of
interest. A threshold of 0.7 is used in the experiments to
achieve better object boundary definition without discarding

pixels of interest.
The post-experiment interviews reveal some interesting ob-

servations:
Simulation of semi-neglect condition
• 50% of the users felt some level of stress when they have

one eye covered, which is normal as they are not used
to that situation. As a result, they could not estimate the
distance correctly without the SS system. The one-eye-
covered lens glasses have also introduced limited vision.

• 80% of the users found the SS system with the display
helpful in estimating the distance because the system
displayed the distance to the object in real-time and
highlighted the target object. In addition, the system
helped the users to see the whole scene on the display,
especially the blind spots due to the usage of the one-
eye-covered lens glasses.

• User 8 and 9 suggested to use a high-resolution display
and a faster processing rate to achieve fast estimations.

• User 2 suggested that the display’s limited vision in tight
places may result in collisions.

• Without the SS system, user 10 was worried about hitting
any object on the covered side by the glasses. However,
the SS system greatly helps by showing these blind spots
and highlighting the components of the environment in
different colours. In contrast, user 9 suggests highlighting
only the target object and not all the environmental cues.

Simulation of short-sightedness condition
• 40% of the users felt stress because of the blurred and

foggy vision of the acuity and contrast loss glasses.
• 8 out of 10 users found the system helpful in under-

standing the surroundings and estimating the distance to
the target object. One user said the experience was easy
with and without the system because the path became
familiar (User 4). In contrast, user 9 said the system was
not helpful for distance estimation because the refresh
rate is slow but was helpful for segmentation.

• 6 out of 10 users found the display hard to use while
turning due to the limited vision of the sides and back of
the powered wheelchair.

• User 1 found the system very helpful in understanding
the surroundings and estimating the distance to the target



TABLE II: Experimental results.

User
ID Normal vision Semi-neglect Short-sightedness

Without SS system With SS system Without SS system With SS system
T C D T C D T C D T C D T C D

1 2:13 1 80 2:00 1 64 2:24 0 53 2:12 3 62 2:18 1 60
2 2:13 0 60 2:10 0 75 2:27 1 50 1:58 0 41 1:53 0 28
3 2:08 1 80 1:54 0 75 2:11 1 45 - - - - - -
4 2:05 0 90 1:54 0 92 2:13 0 73 1:49 0 65 1:52 0 75
5 1:45 0 75 1:42 0 70 1:44 0 66 1:45 0 62 1:39 0 55
6 2:25 0 88 2:07 0 103 2:21 1 80 1:52 0 83 2:03 1 64
7 2:00 0 41 1:49 0 62 1:57 0 60 1:44 0 46 1:49 0 66
8 2:01 0 92 2:05 0 67 2:14 0 42 1:42 0 33 1:51 0 60
9 1:50 0 81 1:45 0 70 2:00 0 55 1:51 0 36 1:46 1 60

10 1:47 0 77 1:59 1 61 1:56 1 75 1:41 0 48 1:51 0 65
Mean 2:02 0.2 76.4 1:56 0.2 73.9 2:08 0.4 59.9 1:52 0.3 52.8 1:56 0.33 59.2
Std ± 12 ± 0.42 ± 15.3 ± 9 ± 0.42 ± 13.5 ± 13 ± 0.51 ± 13.1 ± 11 ± 1 ± 16.2 ± 12 ± 0.5 ± 12.9

T : Time (min : sec), C : No# of collisions, D : Actual distance to the target (cm), Std: Standard deviation in seconds for time measurement.

object. With the blurred vision simulation, the user can
recognise the door but not the handle, the wall but not
the fire extinguisher. However, the SS system can give
accurate information and allow the recognition of the
door handle and the fire extinguisher.

• Three users highlighted that the distance estimation
would disappear from the display if you closely approach
the target object. This is understandable because the
camera has a theoretical minimum range of 28 cm.

Qualitatively, the SS system helped the users to visualise
blind spots covered by visual impairment simulation glasses.
Also, it allows the users to better comprehend the surrounding
environment.

Quantitatively, the SS system helped the users to better
estimate the distance to the target object with a relative error
of 19.8% and 18.4% during the simulation of semi-neglect
and short-sightedness conditions, respectively, compared to
a relative error of 47.8% and 5.6% without the SS system.
The overall all system speed is approximately 3 FPS. Thus,
the post-processing steps (discarding far objects and finding
the pixel in the centre of gravity) have a minor impact on
the system speed. However, they are important to achieve an
accurate segmentation.

VI. CONCLUSION

This paper presents a practical implementation of a seman-
tic segmentation system for pixel classification and distance
estimation to enhance the visually impaired disabled user’s
independence and wellbeing by allowing them to understand
and interact with their surroundings.

It can be concluded from the quantitative and qualitative
results that the proposed system can help visually impaired
users to estimate the distance to the target object accurately.
Besides, it can help the users to understand the surrounding
environment. However, the system’s display limits the vision
of the powered wheelchair sides in narrow areas. This can be
compensated using proximity sensors to alert the user when
turning. Also, increasing the processing speed of the proposed
system can enhance the overall experience of the system.
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