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Abstract. In 2015 a powered wheelchair system that can detect and
avoid objects was enhanced with a Raspberry Pi to extend the num-
ber of inputs the system could use to infer information about its envi-
ronment. Wheelchair users are not always able to use simple controls
such as joystick to drive, they may have to control the wheelchair using
tongue, head or feet. This can make it much more difficult to learn how to
drive and therefore is important to know how a user is progressing. The
research described in this paper employs machine learning to uses wire-
less access points and predict its location, and with prolonged use will
learn routes between rooms and buildings. The system uses location and
accelerometer data to present information about driving patterns and
collisions behaviour, to inform the wheelchair user and carer of issues
while driving the wheelchair.

Keywords: indoor location, powered wheelchair, IMU, collision detec-
tion, carer interface, user interface, machine learning

1 Introduction

In 2015, an existing powered wheelchair system that can detect and avoid objects
was enhanced to broaden and extend the number of sensory inputs the system
could use to infer further information about its environment, as well as the
wheelchair users progression and ability. Some users do not have the ability
to effectively manoeuvre a wheelchair, this can make it difficult to control a
wheelchair without an object avoidance system. The aim of this project is to
develop a system that will provide a carer with information about how the users
driving ability is progressing. To achieve this the project will collect information
about collisions, indoor movement and global positioning system (GPS) location.
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It will combine this information and present it to the user and carer via a user
interface. This paper is sectioned as follows: a literature review on the current
technologies is followed by a methodology section. Results and discussions can
be found in Section 4.

2 Literature Review

In 2015 a control system was developed to help users to control and manoeuvre
their wheelchair [1–4]. This system aims to provide driving support by reducing
hand jitter and actively avoiding obstacles. Although Sanders et al. [1] claim
that most powered wheelchairs are controlled using a joystick as this can be
a very ‘simple and intuitive way’ of controlling a wheelchair [5], this is not a
suitable option for all users. Some users may not have enough control in their
hands to use a joystick therefore it may be appropriate to control the wheelchair
using another part of their body such as the tongue [6] foot or head [7]. Steering
a wheelchair using one of these less sensitive control methods can be especially
difficult as it does not lend itself to fine control of the vehicle therefore the
implementation of a control system was necessary.

The project uses a BobCat II powered wheelchair which has been modified
with three ultrasonic sensors, one above each front wheel and one at the front of
the wheelchair [4]. Additional sensors have been fitted to the motors to be able
to measure distance and the joystick has been digitally interfaced so it does not
directly control the wheelchair.

The three ultrasonic sensors on the front of the wheelchair send and receive
ultrasonic pulses which are used to calculate distances to nearby objects, these
distances are used to build a simple representation of the surrounding environ-
ment [2].

Following this, the information from the sensors is used to make recommen-
dations about how to avoid obstacles or prevent collisions. This recommendation
is then sent to a module called Fuzzy Mixer [2] which will afford more control to
either the user input or sensor recommendation. “Low joystick confidence meant
the system needed to avoid obstacles and drive safely in the direction set by
the joystick. High confidence in the joystick meant it accurately reflected user
wishes and the sensor system had less influence.”. The sensor system will also
allow the wheelchair to align itself with narrow spaces such as doorways with-
out the user steering. After testing, noted that on average the expert system
outperformed current wheelchair systems. In a more complicated scenario where
there are “items on the walls (radiators and door surrounds), doorways to pass
through and five or more obstacles” the expert system performed faster than
having no system. The research had shown that as the environment got more
complicated, the expert system became more effective. Another set of testing
focused on how drivers adapt to driving the wheelchair over time and whether
using sensor control to learn how to drive will build the skills needed to remove
or reduce sensor support later. It was concluded that it is most effective to use
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the sensor system during training and once a user is proficient the support can
be reduced or removed entirely.

As stated previously, learning to use the sensor system takes time especially
if the user is unable to use a joystick. A carer will therefore need to monitor the
progression of the users driving ability as they are learning to use the wheelchair.
However it is not always possible to observe the user in person and constant
monitoring can take away the feeling of independence. An ideal solution would
be to have an on-board system that will monitor e.g. location and collision as the
wheelchair is being used every day. As a result the on-board system could use a
Raspberry Pi (RPi) computer fitted with a touchscreen to run a programme. A
RPi has built in WiFi and can have modules attached to it for extra functionality.
The portability of the RPi lends itself to being used on a wheelchair.

In the United Kingdom, over 90% of people aged 16+ have a WiFi router in
their home [8]. With this level of availability, using WiFi signals for localization is
already possible in most buildings and does not require any specialist hardware.
However, tracking movement using WiFi is a relatively new concept as most
public literature was published within the last 4 years. Some researchers [9, 10]
combined WiFi and GPS to track mobile devices whilst others used only WiFi
signals [11].

Sapiezynski et al. [9] focused on using mainly WiFi signals to locate a person
at points throughout the day whereas Zhang et al. [10] aimed for high precision
tracking of a person while moving both inside and outside. Zhang et al. [10]
found that by using WiFi signals they could accurately monitor the movement
of a moving device whilst reducing GPS usage by up to 90% compared with using
GPS alone. Sapiezynski et al. [9] concluded that by using information from less
than 10 WiFi routers throughout a day, they could describe a devices location
97% of the time.

Biswas & Veloso [11] used WiFi signals for localization and navigation with
autonomous robots. The research used an advanced WiFi localization algorithm
to track small movements from changes to signal strength.The researchers con-
cluded that by using their algorithm they could locate a robot with enough
precision to use it for navigation indoors for an autonomous robot which went
on to travel over 6.5km indoors without issue.

Whilst [11] used their own algorithm for WiFi localization, others have used
Machine Learning (ML) to predict a position based on taught locations. In Oc-
tober 2015, an open source library called ‘find’ was started [12] and after this in
September 2016, a copy of find was made called whereami [13] which is written
in Python and uses a different ML algorithm. The find library is much more
advanced than whereami as it supports multiple devices and users and can use a
central server to run the ML process. Both find and whereami are aimed at being
used for personal or small scale applications or for the automation of location
based tasks [14].

Machine learning WiFi localization as used in the find [12] and whereami [13]
software libraries works by telling a computer what room it is in, it then collects
all nearby access points and their signal strengths and associates the data with
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the given room. When a prediction is made the system detects WiFi signals
and attempts to pick a room with the most similar signals associated with it.
With enough learning the software can be used for distinguishing between small
distances of 2-10m [13].

Collision detection using an IMU has been used for healthcare monitoring
[15] as a fall detection aid. The paper showed that an IMU can be used to
detect a variety of collision situations. The researchers used accelerometer data
to detect and confirm if an elderly person had fallen on the floor by using devices
mounted on the waist and ankle. They used the magnitudes of accelerometer
and gyroscope data to determine whether a fall had occurred, and found that a
double validation system was required to confirm every fall otherwise some false
alarms were recorded.

3 Methodology

This projects methodology is structured using the ‘data, information, knowledge,
wisdom’ concept [16]. The data comes in various forms from WiFi signals, IMU
values and GPS readings, at this stage the data has no meaning beyond its raw
value. When the data gets processed and input into a database, it will become
information, the grouping of processed data gives it more meaning and context.
The information stored in the database table is then processed and displayed to
the user in a way that provides more meaning. By showing underlying groups,
connections, interactions and context the information is converted to knowledge.
The last stage is to convert knowledge to wisdom, as Ackoff [16] notes, wisdom is
an explanation or answer to a query, he suggests that wisdom cannot be gener-
ated by computers but instead must be made by man. To provide an explanation
to the carer, the system must show how and if the user is progressing with the
system, at this stage knowledge has been presented and the carer must use it to
develop wisdom.

3.1 Collision Detection

Collisions can be detected by analysing acceleration data from an IMU. The
magnitude of acceleration is calculated (Equation 1) using each axis, when the
magnitude is above a threshold or limit it can be counted as a collision. Once a
collision is detected it will be gathered by the main data manager before being
inserted into the database.

|𝑎| = √𝑎2
𝑥 + 𝑎2

𝑦 + 𝑎2
𝑥 (1)

Once a collision is detected, it is categorised into one of three levels which
denote the level of severity. These are labelled from least to most severe; ‘bump’,
‘hit’ and ‘collision’.
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3.2 GPS Tracking

The system uses a GPS module attached to the RPi to obtain GPS readings, it
also has an external antenna which improves precision. Once the GPS module
has got enough data from satellites to determine a location it will deliver readings
to the RPi’s GPS daemon. The GPS daemon will act as an intermediate layer
between the hardware and software by parsing the raw data and providing a
structured interface for the software to access.

The GPS location provided by the antenna gives an accuracy of 1.8m [17].
When the GPS does not have a signal it will not register and will instead report
that the RPi is stationary. When on the move a time step of 10 seconds will
maintain a coherent path even when at speeds of up to 10mph. Once the GPS
worker is polled it will provide the current location which will be used as the
database entry, this data will later be used to display a path on a map to the
user.

The quality of a GPS signal can be determined from the error or number
of satellites, the error is the horizontal and vertical distance in metres that the
location is accurate to [18].

3.3 WiFi Tracking

The system uses a library called whereami [13] to track the wheelchair based on
nearby WiFi signals. The whereami library works by being taught the room or
area you are currently in and records WiFi signal strengths related to the routers
Basic Service Set Identifier (BSSID). When whereami is predicting a location it
will use ML to compare the nearby WiFi signals to the collected database of
taught locations, it then predicts the most likely location based on WiFi signal
strengths.

The whereami library uses random forest [19], a classification method used
in ML to predict location based on nearby WiFi routers. Breiman describes a
classifier tree as a number of vectors which all have the same dimensions but
contain random elements ℎ(𝑥, Θ) for1 ≤ 𝑘 ≤ 𝑁. After a large number of trees
have been generated (a forest) they vote for the most popular class based on the
input 𝑥. The random forest classifier is used in machine learning because it can
correct overfitting of the training data (Figure 1).

Each room will have to be taught to the computer system manually, however
it would be most efficient if the system could automatically determine different
buildings. The system should also be able to automatically detect whether a
movement between two different rooms is possible. This could be done by man-
ually telling the system all possible movements within a building, however it
would be time consuming and would enforce a rigid structure that would be
difficult to adjust later.

The WiFi worker module is spawned in a separate thread which allows it
to run constantly so it can instantly return a value when requested. When the
system is running it will record every movement and begin to create a probability
network which will naturally filter out false movements. When a movement is
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Fig. 1. Left: Ideal fit to data from randomised sine wave. Right: Overfitting for the
training data [20].

recorded that the program deems to be impossible, it can recalculate a route
using route prediction.

3.4 Route Network

When the WiFi module gets a prediction from the whereami library, it uses the
prediction to adjust a route network database. This route network data is stored
as a text file, representing every recorded path between each room and how often
each path is traversed. The probability of each path can then be determined as
the number of moves of a path divided by the total moves from the parent room.

Fig. 2. Example of the route network data file.

The route network is used for room grouping and room movement algorithms.
This allows for a basic set of data to be used to provide much more complex
information about the network.

Room Grouping When performing room grouping, each room and its ‘subrooms’
are collected into a set (a mathematical collection of unique values), the program
then checks for an intersection between both sets and if so will merge the sets.
The remaining sets at the end are the collections of rooms in the network.
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Fig. 3. Room grouping algorithm and Equation 2.

⋃
𝑖=1

(𝐴𝑖 ∩ 𝐴𝑖+1) (2)

The groups can be defined as the union of any intersecting sets, if any sets or
groups do not intersect with any other group then it is a new collection. After
grouping each separate collection can be assumed to be a different building as
they have no common rooms.

Fig. 4. Conversion from sets of rooms to grouped collections of rooms.

As seen in Figure 4, room1 is in both #1 and #3 and room2 is in both
#2 and #3, they must therefore all be in the same collection. No room in #4
appeared in any other set, therefore #4 will remain the same. If #4 contained
a room that was in #1, they would be merged and only one collection would
remain. Using sets allows the procedure to be carried out efficiently and without
traversing the linked tree.

As can be seen no duplicate values are present this is because sets contain
only unique values. Sets can be used to efficiently merge and check for intersec-
tions, using sets instead of traversing the linked tree reduces the time needed to
generate the groups.

Room Movement The room movement algorithm uses a recursive depth first
search to traverse the path from a start node to an end node. When a start
and end node are supplied to the program it will begin to use each ‘subroom’
of the start node as the new start argument. If the start and end values are
the same, then the program must have reached the end. If the start value is
in the accumulated path then it must have looped back on itself and must be
ended. Once the function is completed, it will return all possible paths and their
probabilities, the path with the highest probability should be trusted.

Using a depth first method means that the time and computing power re-
quired to determine all possible paths is directly affected by the number of nodes
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in the network, therefore a large network will take much longer to compute than
a small network. The number of paths possible within a node network is calcu-
lated using the catalan formula [21] and the number of paths between two nodes
is found using Equation 3.

Paths(𝑢, 𝑡) = {
1 𝑢 = 𝑡
∑𝑒𝑢,𝑣∈𝐸 Paths(𝑣, 𝑡) 𝑢 ≠ 𝑡 (3)

To reduce the number of routes, the paths are only checked if they are valid,
however this could be improved further by using the room grouping algorithm.
This will only check nodes that are within the same building thus reducing
the number of nodes to be checked. If the start and end rooms are in different
buildings then the route can be deemed impossible without doing any checks.

Path probability can also help to determine and correct movement data whilst
it is being recorded. Using the most probable path means that a fixed threshold
does not have to be applied to the probabilities of connections between rooms
to confirm it is valid.

Fig. 5. Network graphs showing possible paths and the probability of taking each path.

Figure 5 shows the possible routes between the bathroom and the living
room. Below each graph is the probability associated with that route. It shows
that the path through the bedroom is the most likely route to be taken, in this
scenario all other movements are physically impossible due the layout of the
building. The probability of taking a path can be represented as the product of
the probability of each edge 𝑒𝑖,𝑗in a route 𝑅 as shown in Equation 4 [22].
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𝑃(𝑅) = ∏
𝑒𝑖,𝑗∈𝑅

𝑃(𝑒𝑖,𝑗) (4)

3.5 User Interface

The interface will have two targets; one will be for the user of the wheelchair, the
other will be for the carer which will display more information. The interfaces
will have several shared components, this means that they will be accessed by
both user and carer interfaces. The user page will be displayed on the RPi’s
screen when the system is running, the browser is started by the web server and
will run in borderless full screen to improve immersion for the user. The carer
interface will also have some extra features such as the ability to predict the
current room and teach new rooms to the system. The carer page can also be
used to show a table of raw data, this is useful for more specific information.

As described in Section 3 the user interface must provide knowledge to the
carer that can be used to gain understanding about how the users driving is
progressing. Therefore it is important that the information is provided in a way
that is as easy to understand as possible, to achieve this the user interface will
contain mainly graphical elements which are easier to understand than tables
and values.

Route Map The route map is a component that displays a google map as its
base. Information from the database is passed into the component which will
then use the data to create overlays.

The first overlay to be rendered is the movement paths, when the map has
loaded the data will be grouped by date this will allow the paths to be separated
and given individual styles for each day. The paths are then made into a polyline
on the map and each path is given a random colour.

The next overlay is to show where the buildings are on the map. This is simple
to do because the data can be filtered to select points with both a GPS location
and a room name and then can be plotted. However this will show every room
point regardless of duplicates, therefore the coordinates for each room name are
first filtered to remove outliers and then averaged to give a mean coordinate
which can then be made into a map marker. To show the spread of a building,
a circle is also rendered to the map which encompasses all the rooms within the
same building.

The last overlay to be added are the collisions which are added to the map
at the position of impact, they are presented as a marker with an information
window which provides detail about the severity of the collision.

Network Graph The network graph component is an interactive graphical repre-
sentation of the route network data. The component will make a request for the
route data which will be returned from the web server. The data is then con-
verted into a form that can be used by a library called ‘vis.js’ which generates
network graphs, an example is shown in Figure 6.
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Fig. 6. Network graph with movement probabilities.

The other part of the component is the route selector, this can highlight a
route on the graph when given a start and end point. To manage this the room
movement algorithm is implemented to find the max probability path. It will
then highlight all graph nodes and edges in that path.

Room Teaching The carer will have access to a page which can be used to teach
new rooms to the ML room predictor. The function of this page is to learn new
rooms or reinforce old rooms with new lessons. The carer will move into the
room in question and will type the name of the room into an input field and
the number of teaching iterations will be selected. When the room learning is in
progress the page will display some information to inform the carer about what
to do whilst the teaching takes place. Moving slowly around the room will mean
the software will get various possible points within the room which will improve
reliability. After the learning takes place the page will display the input again
which will allow another room to be taught.

3.6 Software Structure

The data manager module will poll three workers for data about collisions, WiFi
and GPS. The collision worker will detect the most severe collision since the last
polling and return it on request. The GPS worker module will return the current
data from the GPS sensor on the RPi. The WiFi worker module will request a
prediction from the whereami library, it will also populate a movement table
that will be used later for room grouping and path prediction, as described in
3.4. When the data manager has received the data from workers it will parse
and insert it into the database as a new record as shown in Figure 7. To reduce
unnecessary database expansion, the data manager will reduce the number of
operations per minute when it only receives GPS data. The web server module
contains a ‘flask’ micro framework [23] which delivers the user interfaces via
webpages. The client side code is entirely self-contained as website files, when
the client-side needs to access data from the server-side it will send a post method
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Fig. 7. Structure of the software, showing movement of data.

with a query to the server which will be handled by the framework. When the
requested data has been fetched it returns the data to the client, this procedure
can be used to access both SQL data and call python functions. The client can
then use the data for whatever it needs and as the server is running locally it
can return the data quickly.

Fig. 8. Example of a database query, requesting data values for entries after given date.

Using a database to store information means that a large number of entries
can be stored in a compact form and do not require files to be opened and closed
to read information. Another benefit to using a database is that each request
can have a customized query to efficiently limit the selection to necessary data
columns which minimizes the memory usage. The client-side code is a web app
which uses standard web technology to present an interface to display the data
that is requested. The interface provides controls to limit the data to a specific
number of minutes, hours, days or weeks. This then fetches specific data from
the SQL database from that time period.

4 Results

Throughout the last section, key components were described which could poten-
tially have been implemented to develop a powered wheelchair system. Following
an investigation into the functionality of these components, the software for the
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project was developed. This section is going to summarise the focus of the project
and the areas which have been identified as major elements of the system. These
elements will then be analysed and the advantages and disadvantages of their
implementation will be discussed.

4.1 Indoor Navigation

When tracking the indoor location, the system will rely on WiFi to monitor the
position of the wheelchair. During testing the system was taught four rooms
within a building, however it was not taught corridors or hallways as it seemed
unnecessary and added an extra level of complexity. When transitioning between
rooms within a building it is important that the system can distinguish which
room it is in. Most rooms are joined by a doorway which allows WiFi signals
to pass through far easier than a solid wall, this means that at a doorway there
will be most uncertainty in the predictions. To determine how well the system
will operate near doorways, an experiment was carried out, the procedure was to
have two rooms connected by a doorway taught with the same number of lessons.
The RPi was then moved from 1.5m inside the doorway in the first room to 1.5m
inside the second room, this was done in 10cm increments. At each point the
number of predictions for each room were recorded and the results were compiled
into Figure 9.

Fig. 9. Graph showing the percentage of predictions for rooms on either side of a
doorway.

The graph in 9 shows that as expected as the RPi got closer to the doorway
the predictions became less certain. Another feature of Figure 9 is that the
prediction probabilities meet at 0.3m inside second room. As both rooms have
an equal number of lessons it must mean that this is caused by; the geometry of
the rooms, position of the WiFi routers and the position of each lesson. Due to
using machine learning it is not possible to pinpoint one variable as the cause,
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instead each variable is to blame. This means that predictions less than 1m from
a doorway or opening may not be reliable, this could be improved by teaching
the system positions near the doorway, however if the system is taught too close
to the door it could affect the neighbouring rooms predictions. As the program
uses machine learning, the user can only make an input by teaching the system
its current location. This means that it is imperative that it receives enough
lessons in enough locations to make accurate and reliable predictions. To test
the impact that the number of lessons has on prediction accuracy an experiment
was carried out in which the RPi was moved around a room as it recorded 200
predictions. The first test involved 50 lessons being carried out in every room
and the second involved 100 lessons. In both tests, the lessons were evenly spread
across the area of the room.

Fig. 10. Graph showing the number of incorrect predictions in each room at 50 lessons
and 100 lessons taught to the system.

The results from this experiment are displayed in Figure 10, it shows the
percentage of predictions which were incorrect for each room. The key theme in
Figure 10 is that for every room the number of incorrect predictions decreased
with additional teaching, the number of incorrect predictions reduced by over
half for the bathroom and living room.

Another theme in Figure 10 is that after the second test the number of
incorrect predictions in the living room were significantly lower than any other
room, the reason for this is most likely due to the real world position of the living
room within the building. The floor plan of the building in which the testing
took place is displayed in Figure 11 and it is clear that the bedroom, kitchen
and bathroom are all close to each other whereas the living room is separated by
a corridor. This suggests that rooms that are closely grouped will have a lower
prediction rate, in this case the average prediction accuracy is 90%. This is why
the WiFi worker will use a second prediction to ensure the first is the same
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and therefore not an anomaly, this will decrease the probability of an incorrect
prediction to 1% on average.

Fig. 11. Floor plan of the testing environment.

When a change of room is predicted it could be validated using the movement
path predictor to ensure that the suggested movement is possible and has a
reasonable movement probability. This would further improve the probability of
correct predictions.

4.2 Outdoor Navigation

While the wheelchair is outside, the system is using GPS for tracking. As Zhang
et al. [10] notes, the main technology used for localization is GPS as it is known
to be accurate. While GPS is accurate, it can be unreliable depending on sur-
roundings, weather conditions or antenna position, “signals from GPS satellites
can be blocked not only by buildings but also by canyon walls, trees, and even
thick clouds”. This can cause the accuracy of the GPS to be significantly reduced.

Fig. 12. GPS tracking with good reception (left) and poor reception (right).
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Figure 12 shows how important a properly positioned antenna is to ensure
that the GPS readings are accurate. As can be seen on the right of Figure 12, the
path jumps between readings and it is hard to distinguish the real movement on
the map. The left image has identical settings but the antenna is well positioned
and is therefore receiving reliable signals, tracing a clear path on the map.

4.3 Collision Detection

The collision detection system uses an IMU to calculate the magnitude of acceler-
ation, this means that the relation to physical direction is lost. Using magnitude
is necessary because it corrects any vertical offset caused by gravity calibration.
As the value of magnitude has no real world meaning it is not possible to deter-
mine a threshold at which a collision has definitely occurred and as described
in 3.1, the collisions will be categorized into three intensity levels which will
each require a threshold. Each threshold limit must be experimentally selected
by testing what the IMU readings are when a real collision is simulated. The
thresholds that were selected were 2.75g, 2.95g and 3.15g for bump, hit and col-
lision respectively, however this will differ depending on the wheelchair model.
To address the loss of physical direction, a continuous time noise filter such as
the Kalman filter [24] can be applied to the accelerometer readings in each axis,
this will reduce the noise, as shown in Figure 13, and make it possible to detect
a collision in each axis.

Fig. 13. Rotation data output from accelerometer and Kalman filter [25].

Currently the collision testing has not been carried out using the wheelchair,
the testing so far has been monitoring walking or cycling movement. This is
because the system has been developed separately to the wheelchair, therefore
when the system is added to the wheelchair it must be calibrated.

4.4 Building Boundaries

The system uses dynamic grouping to collect linked rooms into buildings. The
reason for using dynamic grouping is that it requires no input or help from the
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user or carer to correctly position the buildings because it determines the position
from the incoming data. If the grouping were static then each building would
have to be given a GPS coordinate by the user and the rooms associated with
the building would have to be provided. This means that static grouping would
require a lot more work from the user, however it means that the buildings can
be given names of some meaning whereas dynamic grouping can only associate
a number or ID to the building. As the building is being visually displayed on a
map it does not necessarily need a name at all. The building boundary is centred
at the average of all the rooms and the radius is the distance to the furthest
room. Therefore the worst prediction has the most effect on the boundary, this
is something that should be considered by either rejecting outlying rooms or
bringing all points towards the centre.

Fig. 14. Building boundary grouping with anomalous result.

The problem shown by Figure 14 occurred because the room ‘kitchen’ had
been incorrectly predicted along the route. This skewed the calculation of the
building boundary, to fix this the room ‘kitchen’ was given more teaching to
strengthen the prediction model. By strengthening the model it does not fix the
initial problem but will help prevent the issue from occurring again, this could
have been avoided by setting a minimum number of lessons for each room to 100.
This provides more reliable predictions, as explained in 4.1. The introduction
of the default unknown room will also help to reduce the number of incorrect
predictions.

4.5 Database Capacity

The number of records a database can hold is usually limited by the operating
system it is running on, which will be 2GB on the RPi. If the database reached
the maximum size then it would not be able to record any information and
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would break the software, therefore it would be advised to remove data once it
has exceeded a certain age e.g. 1-2 months. The rate at which the database gets
propagated depends on how often new data is input, which is controlled by the
polling rate of the main data manager. To save space in the database the polling
rate is decreased when it is not in a WiFi network from 5 to 10 seconds however
this can be adjusted if space becomes a concern.

4.6 Internet Connectivity

The system does not require an internet connection to collect and process data,
this means it can continue to run in remote locations which have no WiFi or
mobile internet. While the data processing will work without internet, the web
server does require internet to display the map and initially load resources. Once
the page has loaded it only needs internet if the map is scrolled or zoomed and
new data will continue to be displayed on the map correctly. Currently the web
page is loaded using WiFi and will continue to be responsive even while the
wheelchair drives outside without internet.

If the system is able to connect to the internet using a mobile network then
it would improve the usability of the interface, especially when the wheelchair is
driving between buildings, however it would also increase the cost to run each
wheelchair.

5 Discussion

In conclusion, there have been several key findings presented throughout this
dissertation. The main purpose of this project was to collect information about
driving patterns and collision behaviour; the aim of this was to enrich the infor-
mation that will inform the user and carer of the driver’s capability and potential
issues whilst using the wheelchair. Throughout this report, the key points have
been identified as indoor location tracking, collision detection and the presenta-
tion of the user interface. Indoor location tracking has been achieved using WiFi
signal, WiFi is readily available and accessible, making it a desirable option for a
localization system. During testing the accuracy of the tracking predictions that
has been achieved is 90% and 99% after a double validation. On the other hand,
the prediction accuracy is reduced when within 1m of a doorway. When using
GPS to track the wheelchair outdoors, the system can run effectively. However,
the reliability of the GPS tracking is dependent on its surroundings and whether
the antenna has been positioned correctly. The GPS has also made it possible to
associate a physical position to the WiFi rooms, giving the data more real world
meaning. Collision detection has been achieved using the IMU, this allows the
wheelchair to successfully detect bumps, hits and collisions. However, the colli-
sion detection can record some false positives due to threshold limit calibration
issues which have been detailed in 4.4. In addition to this, the collision detection
is unable to understand how the collision occurred, it is only able to identify
the severity of the collision. Throughout this project, it has been important to
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develop a user-friendly interface which is fit for purpose for both the user and
the carer. A key feature of the interface developed for the wheelchair user is a
map which continuously updates to display current information about the user’s
location, movement and collisions. This interface has been enhanced for the use
of the carer. In addition to the map, this interface has the ability to follow and
predict the wheelchair movements inside a building as well as teach new rooms
to the system. Overall, the project’s aims and objectives have been met with a
functional system that provides constant monitoring of a powered wheelchair.
The movement and collision data gathered from WiFi, GPS and IMU is provided
in a way which is easy to understand, therefore improving the experience of the
wheelchair user.

6 Conclusions

As of 2017 Ofcom reports [2] that over 90% of adults in the UK have a WiFi
router at home. With this availability of WiFi signals inside buildings it makes
it the perfect option for indoor localization, as well as being free to use they
also do not require specialist hardware. Over time as the wheelchair is driven
indoors the route network will learn from movement patterns and is able to make
predictions about how the wheelchair will move through a building. The system
is also able to use the route network to determine which rooms are grouped
together and thus which rooms are part of the same building. The described
system is able to adapt to new rooms as they are taught-in to the system.
Over time as the system learns more about the users movements patterns the
movement prediction and room grouping algorithms will become more accurate.
The current implementation has following capabilities:

– Information is displayed to the user and carer with separate interfaces.
– Outdoor movement is displayed on an interactive map.
– The system uses GPS to track the wheelchair outside to an accuracy < 3m.
– Any room that the system has been taught is displayed on the map.
– Rooms that are in the same building will be grouped to show where the

building is located.
– When the system detects a collision it will show its location on the map.

The research project’s aims and objectives have been met with a functional
system that provides constant monitoring of a powered wheelchair’s movements.
The movement and collision data gathered from WiFi, GPS and IMU is provided
in a way which is easy to understand, therefore improving the experience for the
wheelchair user and carer.
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