Treball de Fi de Master

Master's degree in Automatic Control and Robotics

Gaze-tracking-based interface for robotic chair guidance

MEMORIA
Autor: Paula Olvera Marin
Directors: Alicia Casals Gelpi / Manel Frigola Bourlon

Convocatoria: Setembre, 2023

o
3 g
~ *;o-c..“'b
ETSEIB

Escola Tecnica Superior
d’Enginyeria Industrial de Barcelona

UPC



Pg. 1l

oo
Y t¥
ETSEIB



Gaze-tracking-based interface for robotic chair guidance Pg. Il

Abstract

This research focuses on finding solutions to enhance the quality of life for wheelchair users,
specifically by applying a gaze-tracking-based interface for the guidance of a robotized
wheelchair.

For this purpose, the interface was applied in two different approaches for the wheelchair
control system. The first one was an assisted control in which the user was continuously
involved in controlling the movement of the wheelchair in the environment and the inclination
of the different parts of the seat through the user's gaze and eye blinks obtained with the
interface. The second approach was to take the first steps to apply the device to an
autonomous wheelchair control in which the wheelchair moves autonomously avoiding
collisions towards the position defined by the user. To this end, the basis for obtaining the gaze
position relative to the wheelchair and the object detection was developed in this project to be
able to calculate in the future the optimal route to which the wheelchair should move. In
addition, the integration of a robotic arm in the wheelchair to manipulate different objects was
also considered, obtaining in this work the object of interest indicated by the user's gaze within
the detected objects so that in the future the robotic arm could select and pick up the object
the user wants to manipulate.

In addition to the two approaches, an attempt was also made to estimate the user's gaze
without the software interface. For this purpose, the gaze is obtained from pupil detection
libraries, a calibration and a mathematical model that relates pupil positions to gaze.

The results of the implementations have been analysed in this work, including some limitations
encountered. Nevertheless, future improvements are proposed, with the aim of increasing the
independence of wheelchair users.
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Chapter 1

1. Introduction

1.1 Origin of the project

This project arises from a reflection. If the future is moving towards a more autonomous world
where humans delegate repetitive and simple tasks in areas such as industry, transportation,
or health to automatic, computerised, or artificial intelligence systems, why not also use them
to assist people who, due to mobility impairment, cannot move and comfortably carry out their
daily routine?

This master's degree project is part of a research project that arises from the need to improve
the mobility of people with physical disabilities. Specifically, to create a robotic wheelchair that
can incorporate different control interfaces such as control of the wheelchair's movement
based on brain, voice or eye signals and a robotic arm to help users interact with the
environment. Furthermore, the use of sensors to perceive the environment and artificial
intelligence to move autonomously are also envisaged.

As can be seen, the research project attempts to cover different technologies, some more
innovative than others, but all with the peculiarity that they need time to be developed and
incorporated into an actual robotised wheelchair. As it is so extensive, this final master's degree
project focuses on the research, programming, and incorporation of a gaze-based interface for
the control of a robotized wheelchair.

1.2 Motivation

The personal motivation that has led me to carry out this project is to be able to contribute my
bit to such an important and interdisciplinary research project as the creation of a robotic
wheelchair and indirectly or directly to be able to influence a society that considers and assists
people with physical disabilities. In addition, the wheelchair control systems chosen for this
project are directly related to some of the subjects of the master's degree in Automation and
Robotics, such as computer vision, machine learning and medical robotics, helping me to
strengthen and improve my knowledge. Furthermore, it is convenient to know Python
language, as the software that incorporates the glasses that take images of the pupils and
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extract information is based on this programming language. This requirement has helped me
to practice and develop a project with this new language.

1.3 Project context

This master's thesis is part of a research project whose purpose is to implement different
devices that allow wheelchair users, especially users with upper and lower limb mobility
problems, to be able to control a robotic wheelchair. The type of control to be implemented in
the research project is an autonomous control system in which the user does not intervene
continuously in controlling the movement of the wheelchair but gives the desired position
where he/she wants to go, and the wheelchair performs the movement autonomously avoiding
any collision in an unknown environment. In addition, this robotic wheelchair also will have a
robotic arm that allows the user to reach and manipulate different objects with the wheelchair.

Considering the overall goal of the research project, this master's thesis primarily is focused
on integrating one of the devices that facilitates understanding the user's intentions for
wheelchair control. This device in question is a set of eye-tracking glasses.

Since this was the first time that this device was used in the robotic wheelchair, the first mission
of this master's thesis was to try to control the different parts of the wheelchair with the device
in a simple way, without considering the autonomous control system. Specifically, to control
the movement of the wheels of the wheelchair and the inclination of the different parts of the
seat. The purpose of this was to make a first contact as simple as possible to get to know the
eye-tracking glasses and the software they use.

Once this initial contact was established, the next step was to implement an autonomous
control system in the wheelchair with the eye-tracking device. To implement this control
system, it was necessary to know the position in which the user was looking with respect to
the wheelchair, as well as to detect obstacles in the environment, to calculate, plan and
execute the optimal route to reach the desired destination without colliding with any obstacles.
Since implementing an autonomous control system with the eye-tracking device requires a lot
of time and testing, this work aimed to take the first steps and obtain the necessary information
to calculate the optimal route in the future. The robotic arm was also considered in this master
thesis, but as in the autonomous control of the wheelchair movement, only the first steps were
taken. Only the object that the user was looking at, and therefore the object that he/she would
be interested in picking up with the robotic arm, was obtained from the detected objects.

Finally, it was observed that for the software of the glasses to work, it was necessary to display
the images captured by the device on a screen. This screen was not designed to be
incorporated into the wheelchair of the research project to which this work belongs, as it would
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not be useful for the user to observe the images and it would also be annoying to have to carry
the screen in the wheelchair. For this reason, it was proposed to carry out in this project the
initial steps for the adaptation of the software without the need to use the graphic interface.
This first step consisted of obtaining the user's 2D gaze.

1.4 Project objectives

Considering the explanation given in the context of the project, this master's thesis has three
objectives:

The first objective is to allow the user to easily control the movement and the seat positions of
the wheelchair using the eye-tracking device. The idea is that the user can steer the wheelchair
where he/she wants and change the inclination of the different parts of the seat.

The second objective is to take the first steps towards the implementation of an autonomous
control system for the wheelchair based on the eye-tracking interface. The aim is that in the
future the wheelchair will be able to move autonomously to the user's desired position without
requiring constant intervention. To advance in this implementation, objects or obstacles in the
environment will be detected and the position of the user's gaze in relation to the wheelchair
will be obtained. In addition, it is planned to incorporate a robotic arm to the wheelchair so that
the user can pick up different objects with the robotic arm, for this purpose, in the detection of
the objects, the object in which the user is interested will also be obtained.

The third objective is to estimate the 2D gaze of the user without the need to graphically display
the images captured by the glasses. This improvement of the interface software is oriented
towards the ability to use the eye-tracking device without the need to display information and
images on a screen.

In summary, the final master's thesis focuses on adapting the eye-tracking glasses for use in
a robotic wheelchair, allowing the user to control the movement and configuration of the chair
in an assisted control, taking the first steps towards implementing the device in an autonomous
control system and improving the software of the eye-tracking device to dispense with a
graphical interface.

1.5 Prerequisites

The prerequisites to be able to replicate, develop or have this project as a basis are:

o Knowledge in installing drivers to access the cameras and creating sockets to
exchange data flow.
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Intermediate knowledge of Python.

Knowledge of computer vision libraries such as OpenCV to detect features and apply
matching algorithms.

Basic knowledge of artificial intelligence and how to use the "torch" library since the
convolutional network, YOLOV5, is extracted from this library.

Although itis crucial to have the prerequisites mentioned above, it is not a mandatory condition

as this document tries to explain each of these points to allow someone with insufficient skills
to understand the project.

1.6 Document Outline

To understand how this document is organised, this section presents the general structure of
the document divided into different chapters. Each chapter provides a summary of what it
consists of. The structure is as follows:

Chapter 2 - State of the art

This chapter investigates current robotic wheelchairs and the architecture that most of
them follow. In addition, some communication interfaces between the user and the
wheelchair are explained and classified according to the type of user needs.

Chapter 3 - Project design
Chapter 3 discusses the design of the individual modules and their control architecture
as well as the hardware, software and algorithms used.

Chapter 4 - Project implementation
This chapter explains all the necessary steps to be able to implement each of the
modules.

Chapter 5 — Results and analysis
The results of the project are contained in this section. In addition, the results of the
individual module implementations are analysed.

Chapter 6 — Budget and time planning

This chapter presents the economic costs of the development of this project. This
budget contains staff, energy, material and rental costs. Furthermore, this chapter
presents the organisation of the different tasks necessary to carry out the project and
the time to complete them.
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Chapter 7 — Social, economic, and environmental impact

Chapter 7 analyses the social, economic and environmental impact of this project
during its implementation. In addition, it also analyses the impact it may have in the
future.

Chapter 8 — Conclusions and future work

In this chapter, the technical and personal conclusions of this work are made. Also,
some ideas are presented to improve the project and try to solve all the problems
observed during the implementation of the modules.

Finally, at the end of the document, there is a list of all the bibliographies used in this
master's thesis as well as a list of the tables and figures in the annexes. The code used
for the implementation of each of the modules can be found at the following link:
https://github.com/paulaOlvera/tfm.qit
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Chapter 2

2 State of the Art

2.1 Robotic wheelchair

Although it may be thought that people with disabilities and mobility problems represent a tiny
part of the population, the statistics show the opposite. The World Health Organization [4]
estimated that 16% of the worldwide population had a significant disability in 2020. In Spain,
the National Statistics Institute (INE) declared that the first cause of disability was mobility
impairment affecting 54 out of every 1000 people in 2020 [5]. In addition, the world's population
is ageing and there is an increase in the number of older people with mobility problems [6]. In
response to the demand this situation poses, it is necessary to provide solutions to the
limitations that this type of user has.

One solution that has been used and is used by people who are paralysed in all, or part of their
body is the use of wheelchairs. This mechanical device was invented a long time ago. The first
recorded wheelchair dates back to 1595 and was made for King Philip Il. The first self-
propelled wheelchair was invented by a person with paraplegia in 1655 [1]. The motorisation
of a wheelchair with electric motors and batteries was patented in the 1950s [2]. And in the last
decades, the robotisation of the wheelchair started to take place.

Normally, electric wheelchairs are controlled by the user via a joystick. The problem is that
some users, such as quadriplegics, cannot use this control interface because they cannot
move, or control dexter enough their upper limbs and a poor control can harm themselves or
the environment [7]. Studies have also shown that navigating with joysticks can cause fatigue
when users use them for long periods [8].

Emphasis is currently being placed on developing wheelchairs that merge the features of a
powered wheelchair with robotic technology to address the limitations or vulnerabilities that the
user has with a conventional power wheelchair [3]. Such wheelchairs, known as robotic
wheelchairs, demand user supervision and interaction. However, they offer the advantage of
being capable of semi-automatic or fully automatic navigation within the environment.

Robotic chairs are characterised by the fact that they are equipped with technologies that allow
the user to move around the environment without needing to control the wheelchair to move
continuously. For example, these types of wheelchairs detect the environment and the
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presence of obstacles employing sensors and, with the use of artificial intelligence, they can
move automatically [3]. In addition, integrating different technologies allows this type of
wheelchair to have greater interoperability and control. Other advanced technologies, such as
robotic arms or brain-signal control, can be integrated into robotic wheelchairs.

Robotic wheelchairs integrate several technologies that still have the potential for
development, such as vision, indoor navigation, outdoor navigation, mode selection, sensor
fusion and user interfaces. The integration of these technologies is a major challenge because
they do not have to fail for long periods and, in case of failure, do not endanger the user [9].

A search of the scientific literature on robotic wheelchairs shows that each research team
integrates different robotic technologies. However, they all have in common that they follow
the structure of Figure 1. There is human-computer interaction with multimodality of devices
such as voice, EMG signals, joystick or other interfaces such as gaze tracking, the one used
in this project. Then to move the wheelchair there is a planner, a controller, and actuators and
to capture the environment and possible obstacles, a fusion of sensors such as bumpers,
sonars, stereoscopic cameras or IR sensors [7] is used.

HCI i i Autonomous wheelchair
EMG signal P

| voice f—» planner > controller — actuators il
L : :
user —» wre] | e 5
= esture | ! !
9 | Sensors | Sonar sensors || ||
joystick Bumpers || ||
i . 1 |
gaze tracking| | ! § Stereoscopic cameras | i

Figure 1. Architecture of a robotic wheelchair.

One point to consider when designing a robotic wheelchair is the level of autonomy to give to
the user to control the wheelchair. Since both the user and the wheelchair make decisions, a
control strategy is needed. The most used control mode is shared control, where the user, for
example, gives a command and then the wheelchair automatically executes it in a safe way
avoiding collisions and choosing a possible optimal path [8].

The general structure of a robotic wheelchair that moves in an unknown or partially known
environment looks like the one shown in Figure 2. To enable movement and control of the
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wheelchair, there are different elements at play.

| User sensors | (Scene sensors|

A 4
User model———{ User Intention }x

¥

(écenario models| ) * —
| Planning and NaV|gat1onJ<7

/Chair model

| Motion Control }——safety Control|

l

Figure 2. Robotic wheelchair structure.

One of them is sensors that capture the environment. Some of the robotic wheelchairs that
have been created assume prior knowledge about the scenario or reduce the complexity of
the scenario from restricted spaces or have pre-calculated the path the wheelchair must follow
[8]. For a robotic wheelchair to navigate in highly changeable environments and unfamiliar
scenarios, sensors are needed to sense the environment and navigate around static and
dynamic obstacles. There are a wide variety of sensors that can capture the surrounding
environment: ultrasonic, infrared or pulsed laser light (LIDAR) sensors, cameras or vision
sensors such as stereo, depth or RGB cameras, tilt or acceleration sensors such as
accelerometers or gyroscopes, contact sensors such as sensors that can measure pressure
or retractable sensors such as bumpers and global positioning sensors such as GPS.

To obtain the user's intention on where they want to move or what action they want to perform,
sensors are needed to capture this intention. User sensors and this would also include scene
sensors, are responsible for capturing and providing information from the user and the
environment to the human-computer interaction interface (HCI) and transforming it into a
computerised output signal that captures the user's intention as closely and accurately as
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possible to the user's true intention. In addition, human-computer interaction interfaces need
the user model, which collects information about the user's characteristics, behaviours,
limitations, or capabilities and serves the interfaces to modify and transform the output
responses so that they are better tailored to the user to fulfil the user’s will. In Section 2.2 there
are explained in detail different human-computer interfaces: brain-computer, gesture-
recognition, eye-tracking, and voice user interfaces.

Once the user's intention and information about the environment is obtained, the global and
local path planners are executed. The global path planner is responsible for tracing the path
that the robotic wheelchair will use to move in the environment or to move the robotic arm from
a starting point to a destination while the local path is the path used to cope with face-to-face
situations such as obstacles and avoid collisions. The essence of a local path planner is that it
calculates small paths in real time and if there is any change in the scenario that makes
unfeasible the current path it finds a new one [10]. In the case of this project, there is no global
path planner because as the robot is used in unknown and highly changing environments it is
very difficult to calculate global paths. There are different local path planners such as A*
Dijkstra’s algorithm, Rapidly-exploring Random Trees (RRT), Potential Field Methods and
Probabilistic Roadmaps (PRM), Dynamic Window Approach (DWA), etc. Some of them can
be also used as global path planners.

For path calculation, the scenario model is used to obtain a snapshot of the current
environment and relevant information on navigation decisions in real-time. For the snapshot,
the scenario model is used to identify all nearby obstacles with their positions to generate and
calculate an obstacle-free and feasible route, as well as to predict the velocities or
accelerations of objects that are dynamic in the scenario with the help of sensors that capture
the environment. Also, having a model of the scenario allows for smoother and more
continuous routes, as well as the ability of the robot to quickly obtain a path when the current
one is not feasible due to a change in the environment.

Once all feasible paths have been obtained, the robotic wheelchair needs to determine the
trajectory and the path to follow. For this, the model of the wheelchair is needed, as it provides
information about its limitations, such as the maximum speed and acceleration of the motor or
the dimensions of the wheelchair. In addition, the model can provide information about the
user's preferences in terms of speeds, accelerations, or trajectories to be used depending, for
example, on weather conditions or time of day or any other factor that may affect the trajectory
decision.

After obtaining the trajectory, the motion control executes the required movements in the
wheelchair to follow the trajectory. For a safe user experience, a safety control unit is needed
to stop the wheelchair in case of an emergency. For this purpose, there are different safety
techniques. The best known is the emergency button which is usually mushroom-shaped and
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serves to stop the wheelchair in case of an emergency immediately. When the button is
pressed, priority is given to this button compared to other inputs, and it serves to stop any
operation or movement of the wheelchair. Next, the bumpers are sensors around the
wheelchair that are activated when the wheelchair touches an obstacle or a person due to a
collision or impact. The response when the bumper signal is activated is to stop or reverse the
robot's movement. The band sensor is practically the same as the emergency button, but in
this case, instead of the emergency button on the wheelchair, the user has a wristband with
an emergency button. Once the emergency button has been activated, a mechanism known
as a rearm switch is needed to reset the wheelchair and get it moving again. The emergency
sensors mentioned above do not have to be the same for all robotic wheelchairs but can be
different depending on the environment and the users in which the wheelchair is to be
operated.

2.2 Human-Computer Interfaces (HCI) for people with reduced
mobility.

Depending on the residual capacity of the user, the assistive technologies that can be applied
in the wheelchair to support the mobility of the user change. Therefore, to analyse assistive
technologies, a general classification is made of the motor abilities that wheelchair users may
have. In this classification, three types of users of robotic wheelchairs are distinguished:

e Users with full mobility in upper extremities and head.
e Users with partial mobility in upper extremities and head.
e Users with paralysis in all body.

For a robotic wheelchair the assistive technologies for the user are those based on human-
computer interfaces (HCI) due to the interaction of the wheelchair (computer) with the user
(human). Below, the interfaces that may be most appropriate depending on the motor skills of
the users are discussed in more detail.

2.2.1 Full mobility in upper extremities and head.

Users with full upper limb mobility can use their hands, arms, and fingers to move the
wheelchair. Therefore, this type of user can use a wide variety of HCI interfaces. The most
suitable may be a joystick, keyboard, touch screen and gesture recognition interfaces,
although other more complex interfaces may be used.

For example, the joystick, Figure 3, is a traditional input device that provides a fast interaction
to the user, and it is easy to use [11].
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Figure 3. Joystick control [12].

The keyboards and touch screens are used so that the user can control the direction of the
wheelchair and the speed of the wheelchair easily and intuitively by pressing the keys or the
screen.

Gesture recognition interfaces are devices or systems that interpret and recognise with
algorithms human gestures. A gesture is an expressive physical movement to provide
meaningful information to a receptor or interact with the environment [13]. There are different
types of gestures: hand and arm, head and face and body gestures. Furthermore, a gesture
can provide different information: spatial location, the path taken, and symbolic and emotional
expression. There are different devices to capture information about the human body: gloves,
magnetic and optical trackers, cameras, etc.

2.2.2 Partial mobility in upper extremities and head.

For this type of user, the most suitable interfaces are those in which the user does not depend
on the use of hands to control the wheelchair. The most suitable interfaces are sip/puff switch,
head array control, voice-user and eye-tracking interface.

The sip/puff switch, Figure 4, is a pneumatic device which depending on the air pressure
produced in the inlet and outlet sip the user can drive the wheelchair [16]. The number of sips
and puffs can be programmed depending on the user's capabilities.
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Figure 4. Sip/Puff Switch [18].

The head array control, Figure 5, is a type of driving method for an electric wheelchair that
uses the head of the user. The device design is pleasing since compared with other wheelchair
devices such as the sip/puff switch there is nothing in front of the face. The downside is that
the user needs to have good head control.

Figure 5. Head array control [17]

A voice user interface (VUI) is an interface that enables a person to interact with a device or
system through speech [19]. The advantages of this type of interface are that can be controlled
without the need to pay a lot of attention to the device since users can do another task at the
same time, and it can be used hands-free. Furthermore, speaking is much faster than other
types of inputs such as typing and it is flexible, there is a wide range of synonyms and
expressions that mean the same thing [20]. One disadvantage of this interface is that the user
does not have privacy. For instance, when a user speaks to a voice interface other people can
also listen. Furthermore, the VUIs can also overhear other conversations that are not
addressed to the interface. In this kind of interface is necessary to keep in mind that some
users with physical impairments have difficulties speaking clearly. Therefore, a voice interface
should understand broken speech and, be patient with the pauses of the speaker [21].

The eye-tracking interface is used to detect the movement of the eyes and extract information
about where and how long the user is looking at some point measuring the eye position, the
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movement, and the pupil size [22]. There are different techniques to track eye movement:
scleral search coll, infrared oculography (IOG), electro-oculography (EOG) and video
oculography (VOG). The scleral search cail is a contact lens that rests on the sclera of the
eye and has two magnetic fields and two coils to measure horizontal, vertical, and torsional
eye movements [23]. This technique is highly accurate but, it is an invasive method that needs
anaesthesia of the eye, the lens cannot be used for long periods, and it cannot capture head
movement [22]. Infrared oculography (I0OG) measures the intensity of the reflection of an
infrared beam to the sclera of the eye. It can be carried in dark environments but, it cannot
measure torsional movement. The electro-oculography (EOG) is a technique that measures
with sensors the electric voltage produced by the fluctuation of the skin when the eyes rotate.
This method cannot be used in daily life, and it is sensitive to other types of noise around the
eyes. And finally, video oculography (VOG) uses video cameras to detect the eye's movement.
This technigue allows head movement and recording but if the eyes are not close.

2.2.3 Full-body paralysis.

This type of user has the disadvantage that they cannot move their head, upper and lower
limbs. In this case, the interfaces that might be best suited are brain computer interfaces or
interfaces specifically created for the user's disability.

The brain-computer interface (BCI), acquires and interprets the user's intention from the brain.
There are different types of BCIls: non-invasive (electroencephalography (EEG),
magnetoencephalography  (MEG), electrooculography (EOG), partially invasive
(electrocorticography (ECoG) and invasive (microelectrode arrays (MEAs). The different
phases to acquire the brain signal are: first measure the brain activity or signal with the use of
a headset, cap or tiny electrode arrays implanted in specific regions of the brain to be able to
detect and record the signals. The second is to digitise, process and analyse the recorded
signals. With the use of algorithms, the brain activity is interpreted and therefore, the user's
intention. The third is to send the signal of the user's intention to an application or device to
execute the command. The last phase is the feedback that lets the user know if the command
sent matches the intended action [24].

2.3 Project’s interface

This final master project is based on an eye-tracking interface. Specifically, an eye-tracking
device that uses video cameras (video oculography) to capture the movement of the eyes to
move a wheelchair. This interface has been selected among others because the type of users
for whom the wheelchair is intended are users who have no mobility from the neck down and
therefore, need to move the wheelchair without using arms, hands, or fingers. In addition, the
eye-tracking device allows the wheelchair to be moved with a greater range of control,
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precision, and speed than other devices such as sip/puff, head array or voice interfaces where
control actions are more limited and the time for the user to indicate intent is longer. Another
reason for choosing this device is that the fatigue and effort for the user is less than using other
devices that require head, mouth or breathing movements. In addition, the interface used is
non-invasive for the user as the eye movement is done through video cameras which are
located externally to the user and are only attached to the glasses.
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Chapter 3

3 Project Design

As mentioned in the introduction, this master’s thesis aims to achieve three objectives. To meet
them, this work has been divided into four modules. Each of the modules is explained below,
following the outline of the project in Figure 6.

Movement and seat position control of the robotic wheelchair (M1)

The first module is responsible for making the first contact with the eye-tracking device. For
this purpose, an easy control system is created in which, through the position of the gaze, the
user can control the movement of the wheelchair as well as the different reclining positions of
the different parts of the seat. To be able to switch from controlling the movement of the wheels
of the wheelchair to the position of the different parts of the seat, the blinking of the eyes is
used so that the user can continuously control the wheelchair without having to use the limbs.

To obtain the user's gaze in 3D, following Figure 6, it is necessary to use the software of the
glasses. With this software, the pupil positions of the left and right eye images captured by the
cameras of the eye-tracking device worn on the user's head are obtained. To obtain the
corresponding gaze position using the pupil positions of each eye, a calibration routine is
required. The user must look at different markers that appear on the screen of a monitor to
obtain the corresponding gaze position. With this routine, the relationship between the position
of the user's pupils and the position of the markers (gaze) is obtained. Once the reference
positions have been obtained, the gaze is determined from the pupil positions. In addition to
gaze, eye blinking is also required, which is also detected by the software of the device.
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Gaze estimation relative to the wheelchair (M2)

Module 2, along with Module 3, are dedicated to fulfilling the second objective, which is to
initiate the development of autonomous wheelchair control. The primary role of this module is
to obtain the gaze position relative to the wheelchair, providing the groundwork for the use of
motion planners and controllers in the future. For the planner to effectively trace trajectories, it
needs to know the user's intended destination. The user's intended destination is obtained
from the gaze position provided by the eye-tracking glasses. This position needs to be
transformed to obtain it with respect to the wheelchair because otherwise the trajectories would
not be well calculated by the planner and therefore, the wheelchair could collide with obstacles,
people, or objects.

According to Figure 6, an external camera and an eye-tracking device are needed to obtain
this gaze estimation. This external camera is attached to the wheelchair as shown in the figure
and focuses on the environment. This external camera has two cameras, an RGB camera and
an infrared camera. The infrared camera captures depth images while the RGB camera
captures colour images of the scene. To obtain the gaze position with respect to the
wheelchair, a transformation of the reference system of the front camera of the eye-tracking
device is necessary, as it is the only device that captures the user's gaze, but not with respect
to the wheelchair. This transformation is a rotation and a translation of the reference system of
the front camera of the eye-tracking device. The translation is obtained by measuring the
distance between the cameras, while the rotation requires several steps.

The first step to be performed is to calibrate the front eye-tracking camera as well as the
external camera capturing the colour scene to obtain the intrinsic parameters of the cameras
that will be necessary to perform the trigonometric operations that will obtain the rotation
angles. This calibration is performed by capturing 20 or more images of a chessboard in
different positions. Once the calibrations are performed, the scene images taken by the
external camera are compared with the scene images taken by the eye-tracking device using
a local feature detector and a matching algorithm. With these algorithms, the most
characteristic points known as descriptor points shared by the two images are obtained. The
positions of these points in each image are used together with the intrinsic parameters and the
depth image, and by means of trigonometric operations, the rotation angles are determined.
Once the rotation angles have been obtained, the rotation matrix is constructed and, together
with the translation matrix, the estimation of the gaze with respect to the wheelchair is
calculated. As can be seen in the figure, the 3D gaze estimation relative to the eye-tracking
device is obtained with the same steps discussed in the previous module, using the device’s
software, and performing a calibration with markers before obtaining the gaze.
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Object detection (M3)

This module is a further step in the creation of autonomous control. To be able to know the
environment and apply autonomous control, it is necessary to detect entities such as objects
or people. Thus, in planning, if obstacles are considered, they can be avoided, or a different
route can be planned depending on the type of obstacles observed. In addition, in the case of
the robotic arm, the recognition of what kind of object it is or whether it is a person is
fundamental because it identifies whether it is something it can pick up or not.

As can be seen in Figure 6, for object detection only the front camera of the eye-tracking device
is used and after applying the detection algorithm the objects of the scene image captured by
the front camera are obtained. These detected objects can be considered obstacles if they
impede the movement of the wheelchair towards the target position given by the user. These
obstacles will be provided to the planner so that it can calculate the different routes to avoid
them. Once the objects have been detected, the object on which the user fixes his or her gaze
and is most interested is also obtained to in a future use this information in the control system
of the robotic arm. For this, the user's gaze is obtained with the software of the glasses and
the fixations are determined from the user’s gaze. If the user fixes his gaze on a detected
object, the result is the class name of the object.

2D Gaze estimation (M4)

This module is connected to the attainment of objective 3. This module has been created
because the software of the eye-tracking device needs to have an open graphical user
interface to work. As having a screen next to the wheelchair user does not add functionality
and can be uncomfortable, the code of the software has been adapted to estimate the 2D gaze
of the user without the graphical user interface.

Following Figure 6, to estimate the user's gaze without the software, first of all, images of the
eyes need to be obtained from the eye-tracking device. Once obtained, the position of the
pupils in these images is detected using pupil detection libraries. To apply the algorithm that
relates the pupil positions to the gaze, a marker calibration is needed to obtain the reference
positions between gaze and pupil positions. This marker calibration is the same as the one
used to obtain the gaze in the previous modules and is carried out with the glasses software.
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Chapter 4

4 Project implementation

4.1 Movement and seat position control of the robotic wheelchair
(M1)

4.1.1 Hardware
Pupil Labs Core headset

To control the movement and the seat positions of the wheelchair in this module, Pupil Labs
Core headset is used. These glasses have three cameras: one that observes the scene or
environment and two that capture the eyes. The Pupil Core headset is connected to the laptop
via USB. Some of the most important specifications of these glasses are:

e Pupil Labs Core glasses:

- Weight: 22,75 g

- Sampling Frequency:
Eye Camera: 200 Hz with a resolution of 192x192 px.
World Camera: 30 Hz with 1920 x 1080 px resolution, 60 Hz with 1280 x 720
px resolution, 120 Hz with 720 x 480 px resolution.

- Scene Camera FOV (world camera):
1920 x 1080 px: 139°x83°, 1280 x 720 px: 99°x53°, 720 x 480 px: 100°x74°

In this case, the sample frequency selected for the glasses is 30 Hz of sampling frequency
with a resolution of 1920 x 1080 px of the world camera. This resolution has been chosen
because the speed at which the data is obtained is good for this module and it is the maximum
resolution. The dimensions of the headset and how they look like are shown in Figure 7:
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Figure 7. Pupil Labs Core headset.

41.2 Software

Pupil Labs Software

To perform eye tracking and capture and extract information from a person's eye movement,
these glasses have an open-source software called Pupil Core. This software has two
components: Pupil Capture and Pupil Player. Pupil Capture is in charge of capturing, recording
and storing all the information related to the gaze, the pupil or recording specific events (for
example, performing an action on the screen) in real-time. Since the robotic wheelchair is used
in real-time, only the Pupil Capture component is employed. Pupil Player performs a post-hoc
visualisation and analysis of the data previously saved with Pupil Core. Running the Pupil
Capture programme through the app or from source generates two processes, the “Eye
Process” and the “World Process”. The “Eye Process” has three steps: grab eye images from
the camera video stream that records the eyes, identify the pupil position in the image and
finally, broadcast or stream the detected pupil position. The “World Process” is breakdown in:
first grab world camera images from world camera video stream, receive information about the
pupil positions from “Eye Process”, performs a calibration mapping (converts the pupil
positions to the corresponding gaze position), load plugins such as detect fixations, tracks
surface or the custom plugin and records video and data. The process that Pupil Player does
can be broken down in three steps: visualize the recorded data allowing users to view the
recorded data, perform post-hoc analyses and computations after the data has been recorded
and export video and CSV data to be able to share and save the results of the analysis.

For users who do not want to modify the code but want to perform basic functions that are
already provided by the Pupil Core software, they only need to download the app and launch
Pupil Capture where they will see the world window and the eye window on the screen. Then,
to obtain a correspondence between pupil and gaze position, a calibration is necessary. There
are different calibration routines such as one single marker or five markers. These markers are
visual labels, which in the case of Pupil Labs software have a circular pattern, see Figure 9.

On the other hand, if someone wants to create a specific program and the default Pupil Core
app does not have it, there are three different ways to interact with the software: using the



Gaze-tracking-based interface for robotic chair guidance Pg. 21

Pupil Core network API, creating a new Plugin or modifying the source code [29].

The Pupil Core network API allows to the user to remotely control the Pupil Core software and
access all the data that the Pupil Core software provides in real time, such as gaze, fixations,
or video data. In addition to receiving real-time data, you can also send data to the API. To
communicate with the Pupil Core network API it is needed to create a file containing any
programming language supported by zeromg and msgpack. Zeromq is a high-speed, low-
latency socket library that allows messages to be sent efficiently within a single machine or
across the network, while msgpack handles serialisation and deserialization of binary data.
This module 1, which consists of obtaining eye gaze and eye blink and transforming it into
control actions that modify the configuration of the robotic wheelchair and its movement, could
be implemented using the Pupil Core network API. This could be done by subscribing to the
topic that generates the eye blink and gaze information and transforming this information into
the necessary control actions in another file.

It can also be done by creating a new Plugin within the Pupil Core software and when the
software is running, the Plugin will run automatically in conjunction with the default plugins of
Pupil Capture or Pupil Player. This module has been implemented by creating a new plugin,
although the Pupil Core network API could also have been used. The source code has not
been modified because the module can already be created with the network-based API or the

plugin.

There are two ways to run the created plugins and the Pupil Labs software. The first is to
download the Pupil Labs desktop app and place the created plugin in the "plugins"
subdirectory. On the next run of Pupil Core the programme will load this file. The other option
is to download the Pupil Labs code and all its dependencies to run it from source. To add the
plugin, it is only necessary to access the "shared_modules" folder by navigating to
"pupil->pupil_src->shared_modules" and place the plugin file there. Also, inside “launchables"”
folder ("pupil->pupil_src->launchables"), in the "world.py" file, it is required to declare the name
of the class created in the plugin. The second option has been used for this master's thesis.
To be able to run the Pupil Labs code from source, it is important to note that Python 3.11 has
been used in this project although Python 3.7 or newer would also have worked. In both cases,
the information as well as the link to download the software can be found in [30].

Developing a plugin

A plugin in Pupil Core is a Python file that is loaded and executed in runtime [29]. To create a
new plugin and have it recognised by the Pupil Core software, it must follow the Pupil Core
framework. The new plugin is managed within the main process of the application that runs
the plugins (the new plugin and the default plugins of the software) via callbacks. The new
plugin has to inherit the Plugin class, which can be seen on Github [31].
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Then, the structure in Python is as Figure 8:

from plugin import Plugin

class MyCustomPlugin(Plugin):

pass
Figure 8. New plugin that inherits the root class Plugin [29].

Explaining all the possible options that exist within Pupil Core software to create a new Plugin
can be found in [29]. In this case, in order not to repeat the information that can be found on
the internet, only the elements that are used to program the plugin for the modules and that
are important are mentioned.

Plugin class attributes
The class attributes in this case determine how a plugin behaves in general.

Table 1. Plugin class attributes.

Name Values Selected | Description
for this
module 1
unigueness | “not_unique”, “by_class” | While “not unique” plugins can have multiple
“by_class”, instances, “unique by class” are restricted to
“by_base_class” have only one instance at a time.
‘by_base class” is a plugin that if another
share the same base class, only one can be
activated (mutual exclusion).

One-time callbacks
These types of callbacks are only called one time in the life of the plugin.

Table 2. One-time callbacks.

Callback name Description

__init__(self, g_pool, **kwargs) It's the first callback called when the plugin is
started. It is used also, to initialise the
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variables of the program. ‘g_pool’ provides
access to the application’s functionalities. In
‘kwargs’ the preferences of the user can be
stored.

init_ui(self) It is called after _init_ if the plugin has a user
interface. Allows the user to setup the setting
menu and quick access buttons. For
example, in this module it has been used so
that the user can activate or deactivate the
plugin created from the main programme by
means of a button

deinit_ui(self) This callback removes any Ul element
added during ‘init_ui’.

Processing callbacks

As it has been commented before, Pupil Core executes different processes at the same time,
such as plugins. In each process there is an infinite loop that processes the data in each
iteration called event cycle. The data is acquired, generated, and processed by invoking the
processing callbacks of Table 3.

Table 3. Processing callbacks.

Callback name Description

recent_events(self, events) It's called once per application event cycle.
The ‘events’ variable is a dictionary
containing string keys and values with built-
in Python data types, like lists, dictionaries,
and so on. In this module the variable
‘events' is accessed to obtain information
about eye blinking and 3D gaze direction.

gl_display(self) It's invoked once for every application event
cycle when the calling process has a user
interface. It renders the custom visual

elements declared in this callback using
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OpenGL.

Calibration routine

To obtain accurate gaze data, an eye-tracking calibration process is required [32]. This process
ensures that the gaze that is picked up by the glasses matches or is as close as possible to
the actual gaze of the user in the real world. The calibration process can be divided into five

steps:

1.

Setup: The user must place the Pupil Core headset on the head so that it is comfortable
and stable on the face, as well as position the cameras so that the eyes and the scene
are clearly visible in the camera images.

Selection of the calibration routine: As discussed above, there are different calibration
routines such as single marker or five markers. In this step, the user selects the
calibration routine that suits him best. In the case of the 5 markers, as can be seen in
Figure 9, the markers are in different parts of the screen.

Marker calibration: the user is asked to look at each marker in turn. The calibration
correlates the calibration markers' positions in the scene camera coordinates with
certain parameters of the eye like the pupil's centre position.

Gaze mapping: Pupil Labs has two approaches to obtain the gaze from the calibration
data: one obtains the gaze in 2D and the other in 3D. The 2D gaze mapper creates a
polynomial regression model with the data obtained during the marker calibration: the
input to the regression is the pupil location in normalised eye coordinates and the
reference target is the direction of the gaze in the coordinates on the screen. Once the
polynomial model is obtained to obtain the gaze in 2D it is only necessary to give as
input the pupil location in normalised eye coordinates to the model and it will give as a
result the gaze with respect to the coordinates of the scene camera in pixels. To obtain
the 3D gaze, the marker calibration in this case performs a bundle adjustment to
estimate the physical relationship between the eye and scene cameras and as a result,
gives two matrices (for the left and right eye) that transform the eye to world
coordinates. Out of the calibration, the 3D gaze is obtained using a geometrical method
that intersects visual axes. This requires the eyeball position and normalised gaze in
scene camera coordinates which are determined by having the eyeball position and
pupil location in normalised eye coordinates and the matrices calculated in the marker
calibration.

It is essential to note that gaze tracking accuracy is optimal only at the distance for
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which calibration has been performed. If the user moves or changes his/her position
with respect to the calibration set reference points, the accuracy of the gaze estimation
decreases, as the spatial relationship between the gaze and the calibrated reference
points is altered.

The 2D gaze mapping is explained in more depth in module 4 because instead of
getting the gaze directly through the Pupil Labs software as in modules 1, 2 and 3, the
gaze mapper had to be created from scratch in the fourth module, see Section 0.

Figure 9. Calibration method in Pupil Labs [32].

4.1.3 Implementation steps

As mentioned above, it is desired to extract two types of information from the user through the
eye-tracking glasses, the blinking of the eyes to change the wheelchair configuration and the
position of the gaze to control the movement and the seat position of the wheelchair.

In more detail and as can be seen in Figure 10, the wheelchair in this project has four
configurations or modes. The first of these, configuration "0", is the one that allows control of
the wheels. The other three, control the seat position of the wheelchair. Configuration "1"
controls the inclination of the backrest, configuration "2" the inclination of the middle seat and
configuration "3" the inclination of the lower seat.
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Figure 10. Modes of the robotic wheelchair in module 1.

Within each configuration, the wheelchair can perform different movements. In the case of
“configuration 0" if the user's gaze is upwards but centred in the central part of the FOV (field
of view), the wheelchair will move forwards. If the gaze is downwards, but centred in the central
part of the FOV, it will move backwards and if the gaze is centred the wheelchair will not move.
If looking up is looking to the left, the wheelchair will move forward but turning to the left. If
looking up is looking to the right, the chair will move to the right. And if the user looks down
when turning, the turn will be backwards. As an example, in Figure 11, the user looks up (F —
Forward) and to the left (L — Left) and this will cause the wheelchair to turn to the left but move
forward.

In the case of configurations "1", "2" and "3" which are used to control the positions of the
different parts of the seat, given that the inclination of the seat can only be forward or backward,
even if the gaze positions (left, right, neutral) are sent through a socket to the wheelchair, only
those related to forward, backward and neutral are the ones that the wheelchair will use to do
the motion control. For example, considering Figure 11, looking upwards to the left, if the user
is in configuration "2", it will mean that the seat in the middle position will move forward but not
to the left.

F - Forward

N - Neutral L-Left N - Neutral R - Right

B - Backward

<>

Figure 11. Gaze to control movement.
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The plugin created for this module 1 is a file wrote in Python as programming language and is
called or loaded by the "World Process" which is responsible for activating all plugins including
the one created in this module.

The class created in this plugin collects two variables inside "events" which is a dictionary with
string keys and values provided by the Pupil Labs app when executed. These two variables
are eye blinking and 3D gaze. The programme must detect both eyes well through the cameras
to provide the desired information, so if only one of the eyes is captured, no information can
be obtained.

To obtain the eye blinks, the variable "events['blinks"]" is accessed. This variable provides
different data such as the confidence of the blink or the time stamp at which the blink was
made. Voluntary blinks need to be distinguished from non-voluntary blinks because as human
beings our eyes need to blink. To know that the user is blinking voluntarily, he/she must blink
twice in a row, because with only one blink it is impossible to distinguish whether it is a
voluntary or involuntary blink. When the program is running, the wheelchair operates in
"configuration 0" by default. To switch to the next configuration (“configuration 1"), the
individual only needs to perform two consecutive blinks. However, if the person does not blink
voluntarily, they will remain in the current configuration. It is important to note that the user
cannot switch from one configuration to another that are not consecutive. For example, from
configuration 1 to configuration 3. Furthermore, when the user is in "configuration 3" and wants
to switch to the next configuration, he/she switches to the initial configuration, configuration 0.

The 3D gaze is obtained by accessing the variable "events['gaze"]. This variable gives
information about the user's gaze in x, y and z coordinates with respect to the front camera of
the Pupil Labs glasses in millimetres. To view the reference coordinates of the Pupil Labs front
camera, see Figure 16. In addition to obtaining the gaze, it is possible to obtain the confidence
of the gaze. The confidence gives information about how reliable the data of the gaze is. Low
confidence values suggest higher tracking errors and inaccuracies while higher confidence
values mean a higher degree of certainty about the accuracy of the gaze tracking. Because
the gaze data must be very reliable as the wheelchair moves directly with it and a mistake can
even cause a collision, only those gaze data with a very high confidence value are collected.
To translate the gaze coordinates into directions (forward, backward, neutral, left, right,
neutral), certain thresholds are defined. For example, if the gaze is to the right of a specific
threshold, it is labelled as "right”; if it falls between an upper and a lower threshold, it is
considered "neutral”, and so on. Figure 11 shows how the different segments have been
delineated.

Finally, the orders of the motion control are sent to the wheelchair control via a UDP (User
Datagram Protocol) socket, which is characterised as a fast communication protocol between
two devices in a computer network as it does not formally establish the connection before
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transferring the data [40]. Three pieces of data are sent to the wheelchair via the socket. The
first one is the direction of gaze if it has been Forward (F), Backward (B) or Neutral (N). Only
the capital letter in brackets is sent. The next letter sent is the gaze direction if Left (L), Right
(R) or Neutral (N). And finally, the number of the configuration mode that the wheelchair
currently has. These three data are encoded to bytes to ensure a correct transmission through
the communication channel. Apart from being sent over the socket these three data are also
displayed on the Pupil Labs "world" process screen using the processing callback “gl_display”.
This callback, as it has been seen in Section 4.1.2, renders visual elements which, in this case,
are of text type showing the current configuration of the wheelchair and the gaze directions.

4.2 Gaze estimation relative to the wheelchair (M2)

4.2.1 Hardware
Pupil Labs Core headset

In this module, two devices are needed in addition to the robotic wheelchair. The first of these
is the Pupil Labs Core headset, whose specifications in this module will be the same as in
module 1, see Section 4.1.1, except that the resolution of the front camera is 320 x 240 pixels
in order to get the images from this camera and send them as quickly as possible. Furthermore,
a calibration of the front camera is necessary to know the intrinsic parameters: the focal length
and the principal points in x and y.

Asus Xtion Pro Live

In addition of the Pupil Labs Core headset, it is also necessary to perform the camera
calibration of the other device used in this module, the Asus Xtion Live Pro camera. The focal
length and the principal points in x and y coordinates of both cameras are important because
after some mathematical manipulation together with other parameters, they give the rotation
angles (rotation matrix) of the Pupil Core headset front camera with respect to the scene
camera located on the wheelchair. This rotation matrix is used to transform the gaze, to
express the gaze with respect to the wheelchair. The implementation section discusses in
more detail how the intrinsic parameters have been derived, Section 4.2.4.1.

The Asus Xtion Live Pro camera, Figure 12, is positioned on the wheelchair and is used to
obtain images of the environment. The most important specifications of this camera are:

e Asus Xtion Live Pro Camera:
- Software: Open NI SDK bundled
- Dimensions: 180 x 40 x 25 mm
- Depthrange: 0.8t03.5m
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- Field of View (FOV): 58° H; 45° V

- Frame rate: 30 fps

- Resolution: SXVGA (1280x1024)

- Depth Image Size: VGA (640 x480); QVGA (320x240)

As can be seen in the specifications, the camera captures two types of images, one is the RGB
image and the other a depth image. The depth image is obtained because the camera has an
infrared sensor that emits the infrared light signal and then to know the depth it picks up the
time it takes for the light pulse to travel from the camera to the object and back. In this module,
the chosen resolution in this case is QVGA (320x240) at 30 fps, the same as the RGB image.
To obtain RGB images quickly because of the need for a fast process the camera resolution
is chosen to be as low as possible, the resolution chosen is 320x240px.

IR Emitter RGB IR Depth sensor

Figure 12. Asus Xtion Pro Live Camera.

4.2.2 Software
Pupil Labs Software

The software used for this module, as Pupil Labs Core glasses are used, is the same as in the
previous module, the Pupil Labs software. A new plugin has been created for this module,
which follows the same structure as mentioned in Section 4.1.2 above. The class attribute is
still "by_class". The difference with the previous plugin is that now the variable "events" is not
accessed to obtain the blink and the 3D gaze, this variable is accessed to obtain the images
made by the front camera of the glasses and the 3D gaze.

OpenNI2

In order to access the images taken by the Asus Xtion Live Pro camera, the installation of a
driver called OpenNI2 is required. To install it on Windows the following link is used: [33]. Once
installed, this project accesses the images via a file using the Python programming language.
This file is the same one used to develop and implement this module 2, which transforms the
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3D gaze with respect to the eye-tracking device to the 3D gaze with respect to the wheelchair.
The procedure to access the images first consists of declaring in the Python file to be accessed
the openni2 module inside the PrimeSense library. Once the module is declared, the first step
is its initialization, then search for and detect the Asus Xtion camera connected to the computer
and open a connection with the RGB camera and the depth camera. In addition, it is necessary
to specify the type of resolution desired which, as mentioned above, is 320 x 240 pixels in both
cases. Once these steps have been taken, the only thing left to do is to initialise the data
capture.

OpenCV

In order to compare the images and extract the information captured by the Asus Xtion Pro
Live camera with the Pupil Labs front camera, the computer vision library known as OpenCV
(Open-Source Computer Vision Library) is used to apply the different computer vision
algorithms: SURF (Speeded-Up Robust Features), RANSAC (RANdom SAmple Consensus)
and FLANN (Fast Library for Approximate Nearest Neighbors). The version of OpenCV used
is version 4.6.0. Pupil Labs software also uses this library, so the version chosen has to be
compatible with Pupil software and have the necessary algorithms. The problem is that for
newer versions of OpenCV the SURF algorithm is disabled due to licensing restrictions, so
“pip install opencv” with the specific version can’t be used to install it. To download the library,
it's necessary to acquire it from the source code by enabling the option of non-free algorithms.
After downloading, the OpenCV library is imported into the python file of module 2 using “cv2”.

VPython

VPython [34] is a library for the creation of three-dimensional animations that allow real-time
rendering. Since the syntax of this library is very simple, as it is written in Python, it allows an
easy and fast creation of three-dimensional objects and scenes. In this module 2, not only the
3D coordinates of the gaze with respect to the Asus Xtion camera attached to the wheelchair
are calculated, but by means of VPython this module also graphically displays the rotation of
the reference axes of the Pupil Labs front camera, the Asus Xtion camera and the user's head.
In addition, the position of the 3D gaze with respect to the Pupil Labs front camera is also
displayed graphically. This library allows the creation of different 3D objects: arrows, boxes,
cones, curves, cylinders, ellipsoids, pyramids, rings, etc. To create them inside a scene it's
necessary to indicate the position, colour, size and other characteristics. The renderization of
the scene in Vpython is done through a browser using WebGL [35].

Matlab

To calibrate the two cameras and obtain the intrinsic parameters needed in this module, the
programming and calculation platform known as Matlab [39] has been used. Matlab has
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different families of apps and one of them is the apps related to computer vision and image
processing. Specifically, the app used to perform the calibration of the Pupil Labs front camera
and the Asus Xtion camera was "Camera Calibrator". In the implementation section, Section
4.2.4.1, it is explained in more detail how the calibration was performed with this program.

4.2.3 Algorithms
This section explains the algorithms used for the implementation of module 2.
Speed-Up Robust Features (SURF) and matching algorithms.

Feature and matching algorithms are useful to extract image content and match images. They
are used for a variety of purposes in computer vision and image processing such as automated
object tracking, object detection, 3d reconstruction, etc [45]. The feature and matching
algorithms can be of two types: global or local. The difference between them is that global
features describe the entire image such as the colour, texture or shape while the local features
describe a set of regions or interest points called key points inside an image [46]. Global feature
detectors are much faster and require less memory than local feature detectors since they
don't detect a huge number of features, but they are variant to illumination, occlusions, noise,
and clutter and the performance is lower. Therefore, as in this project, the aim is to detect
features with the highest possible performance and be invariant to the presence of different
variations of an image, a local feature and matching algorithm have been chosen. There are a
wide variety of local feature detector and matching algorithms but some of the most common
are Harris Corner Detector, SIFT (Scale-Invariant Feature Transform), SURF (Speeded Up
Robust Features), ORB (Oriented FAST and Rotated BRIEF), FAST (Features from
Accelerated Segment Test, etc. Among all the possibilities, the algorithm selected to extract
local features and match the images is the Speeded Up Robust Features (SURF) since it is
real-time, scale and rotation invariant, robust and with good performance [47].

The SURF algorithm has two main parts: a feature extraction and a feature description [48].

Feature extraction

The feature extraction or detection is based on the determinant of the Hessian matrix [49]. The
Hessian is a matrix composed of all the second-order partial derivatives of a scalar function
[50] and for a pixel X = {x, y} in an image is represented as in Equation (1).
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The use of the second order derivate in X, y and x-y direction enables finding points with
maximum values, points that have a local change. With the determinant of the Hessian matrix,
the points of interest are maximal considering all the directions.

The image is convolved with a Gaussian second-order derivative instead of doing the second-
order derivate directly from the image, Equation (2). The use of a Gaussian kernel allows to
compute at the same time the location and the scale of a point when the determinant of the
Hessian matrix is applied. Therefore, the maximal points are obtained in any scale of the
image, with different resolutions.

Lix(X,0) Lyy(X,0)

H(X,0) = Lyy(X,0) Ly, (X,0) @)

In Equation (2), X = {x,y} is the location of the point and o the scale. L (X,0) is the

convolution of the Gaussian second-order derivative in the x direction with the image at
point X and scale o. The same in the y-direction and x-y direction with Lyy(X, o) and

L,y (X, 0), respectively.

What makes SURF faster than other local feature detectors and descriptors is that it uses box
filters as an approximation of the Gaussian second-order derivative and the calculation of the
convolution between the filter kernel and the image is done using the integral image.
Furthermore, this calculation can be done in parallel with different scales as it is explained in
the following paragraph.

Scale-space representation

As it had been seen the interest points can be found at different scales o or spatial resolutions.
The representation in all the scales, scale-space, is normally represented using an image
pyramid. In other methods, to obtain the pyramid, the images are repeatedly convolved with
a Gaussian second-order partial derivative filter and reduced to get the next pyramid level
and the next image to filter. Therefore, to reach a higher level of the pyramid, the previously
filtered image must be obtained. In SURF, different filter kernel sizes are utilised on the
original image to generate the image pyramid, enabling concurrent processing. In this
method, the lowest filter kernel size is a 9x9 filter which corresponds to the lowest scale o
equal to 1.2 and higher spatial resolution. The next masks have sizes of
15x15,21x21,27x27... due to the integral image and the approximation of the Gaussian
second-order derivative kernel nature. The next filter size is also double the scale of the
previous mask. For instance, if the mask size is 21x21 the scale is 0 =2x1.2 =2.4. To
detect interest points in images and over scales, the maximal point is selected over a 3x3x3
neighbourhood. Then, the maxima points are interpolated in scale and image space with
the method of Brown et al. [51] to accurately localise the key points at sub-pixel localisation
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using intensity and gradient information of the neighbour pixels.

Scale

Figure 13. Scale-space with other methods reducing image size (left), SURF method up-
scaling the filter (right) [52].

Feature description

Then, the feature descriptor is applied to obtain local image information such as structure,
gradients and intensity variations surrounding a key point. The process of creating a SURF
descriptor relies on two steps: assign an orientation and extract the descriptor [53].

Orientation Assignment

The orientation of the interest points must be identified to be rotation invariant. To accomplish
this, the first step is to convolve the image patches with Haar-like filters in both the x and y
directions within a circular area. The radius of this circle is determined by multiplying the scale
in which the interesting point was found by 6, and the centre of the circle is positioned at the
location of the key point. Since with higher scales, the size of the Haar wavelet is bigger, the
integral image is used again for fast computation. The result of applying the Haar-like filter is
then weighted with a Gaussian of o = 2.5 times the scale and centred in the key point. The
responses are represented as vectors in a two-dimensional space with the horizontal
response strength on the x-axis and, the vertical response strength on the y-axis. To
determine the dominant orientation, the wavelet responses are summed within a scanning
area that covers an angle of 60 degrees. The result is a local orientation vector. After
scanning all the circle, different local orientation vectors are acquired. The dominant
orientation of the key point will correspond to the longest vector.

Descriptor components extraction

To obtain a descriptor around a key point, a square region is constructed with a size of 20
times the scale in which the key point was found. The centre is around the key point, and it is
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oriented following the dominant orientation of the interest point. Then, this region is split into
smaller sub-regions of 4x4 square. In each sub-region, a set of sample points are divided into
a 5x5 grid pattern evenly spaced. For each sample point, the Haar-like wavelet is applied to
get responses in the horizontal direction d,, and in the vertical direction d,,. These responses
are weighted with a Gaussian of 3.3 times the scale and centre the interest point to increase
robustness to deformations and localisation errors. The responses and the absolute value of
the response are then summed up for each sub-region. The absolute value is analysed to have
information about the polarity of the intensity changes. The result is a vector of dimension four
in a sub-region, v = (X dy, 2 dy, Xldy|, Z|dy|) and for all the regions, a vector of length 64.

Z dx 4 .:::‘::..::.
> ldx| X%
2. dy %y

> |dy|

Figure 14. Haar wavelet convolution in a sub-region of the image [52].

Furthermore, the descriptor vector is not affected by a constant offset in the overall brightness
or intensity level of an image. If the descriptor vector is transformed to be unit length, the
descriptor is also invariant to scale or changes in contrast.

e Matching algorithms

As it has been seen, SURF can detect features and descriptors even if images are rotated,
scaled or a bias illumination has been applied to them. Furthermore, as the Gaussian weighting
is applied in the responses of the feature extraction, SURF is also more robust to deformations,
noise, and localisation errors. After having the key points and their descriptors for each image
(reference and query image) the library FLANN (Fast Library for Approximate Nearest
Neighbors) is used to obtain the most similar features between two images [54]. This library
contains different algorithms and the one being used in this project is the KD-tree (k-
dimensional tree) [55].
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K-d tree construction

As the name can suggest, it is a data structure that organises the descriptor vectors in a
hierarchical binary tree to search similar features faster [56]. The construction of the tree is a
recursive process, and the steps are shown in Figure 15.

Feature
point data

v
Expand k-d tree

Split area

Node-data

Segmentation

Y

Left subtree feature Right subtree
pomt data feature point data
Expand the left Expand the right
subtree subtree

Figure 15. k-d tree construction process SURF [56].

The first step is to determine the split domain. In SURF, each key point is a unitary vector of
dimension 64. The variance is calculated for each dimension of all the key points. The result
is a 64-dimensional vector that contains the variance of each dimension. Then, the dimension
with the largest variance of the vector is chosen as the split dimension. After obtaining the
dimension with the largest variance, the split position (node-data) is calculated by sorting the
descriptor vectors in an ascendant way in the split dimension and selecting the median value.
Next, the descriptor vectors are split into two subsets based on their values along the split
dimension. The left subtree will have values lower or equal to the split position and the right
subtree the rest values. These two first steps are repeated recursively until the tree is
constructed. The tree is only built for one of the images, the reference image.

Nearest Neighbor Search

After having the tree, the Nearest Neighbor Search is applied [57]. This method consists in
selecting a reference vector of the query image and finding the nearest neighbour among the
tree of the reference image. The nearest neighbour is obtained after calculating the Euclidean
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distance between the query descriptor and the descriptors of the reference image tree and
selecting the descriptor with the shortest distance. In this project and as OpenCV does in the
SURF algorithm, two nearest neighbours' references are selected for each query descriptor.

Lowe's ratio test

There are features in the images that were not correct match. Lowe’s ratio test is used to
discard these matches. It consists of using the two nearest neighbours' key points and applying
a threshold to the ratio between the distance of the closest neighbour and the second closest
distance since correct matches have a probability distribution function (PDF) centred in a much
lower ratio than false matches [58].

Random Sample Consensus (RANSAC)

Even though Lowe's ratio test tries to discard false matchings, there are still some key points
that remain incorrectly matched. For instance, maybe two key points are matched because
they have the same local appearance but, they do not correspond to the same feature [59].
Therefore, to filter the points that remain incorrectly matched, the Random Sample Consensus
(RANSAQC) is used [60]. It consists of selecting a minimum subset of matched key points and
estimating a mathematical model for them. In the case of estimating a model with the
homography transformation, the minimum sample of key points is 4. After fitting the
homography model to the randomly chosen points, the number of key points that fit the model
within a measuring error (inliers) are counted. This process of fitting the model to the randomly
chosen data points is repeated a fixed number of times. Then, the estimated model that has
the largest number of inliers is selected and the outlier points are disregarded.

4.2.4 Implementation steps

As mentioned above, this module aims to express the user's gaze in 3D with respect to the
wheelchair, specifically with respect to the Asus Xtion camera attached to the wheelchair. To
do this, it is first necessary to obtain the 3D gaze through the eye-tracking device that the user
wears on his or her head. This gaze is relative to the front camera of the Pupil Labs headset,
S0 a transformation is necessary to express it correctly. This transformation simply consists of
changing the reference system of the user's gaze. To do this, it is necessary to know the
distance between the two cameras and the rotation between them. Since the user wears one
of the cameras on the head (the front camera of the Pupil Core headset) and the user's head
moves with respect to the other camera attached to the wheelchair, the rotation is not fixed but
varies in real-time. The position and orientation of the Asus Xtion camera and the Pupil Labs
front camera reference frame can be observed in Figure 16. If the two references coincide with
the same orientation as it happens in Figure 16, it means that the head has not rotated, and it
is only necessary to make a translation between the two references since the positions of the
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cameras are different.

Figure 16. Position and orientation of the reference frames.

To obtain this rotation, the images from the cameras are needed and by applying computer
vision algorithms together with trigonometric operations, the yaw, pitch and roll angles are
obtained, which are actually the angles of rotation of the user's head with respect to the
wheelchair. These angles are needed to construct the rotation matrix while the distance
between cameras is used to construct the translation matrix. Once the matrices are available,
the transformation, Figure 17, can be obtained by multiplying the 3D gaze coordinates with the
rotation matrix and then adding the translation matrix. As a result, the 3D gaze in relation to
the Asus Xtion camera, and consequently, in relation to the wheelchair, is obtained.

Translation & Rotation

>

Figure 17. Transformation of reference frames.

The steps explained below are those followed in the implementation of the module and can be
followed through Figure 18. Two files with the Python programming language have been used.
Inthe first file called "module2_tfm.py" a plugin has been created using the Pupil Labs Software
framework. This custom plugin collects information about the Pupil Core headset by
performing two actions, the first one is to access the variable "events[gaze]" to obtain
information about the user's gaze in X, y and z coordinates. Also, from this variable, the
confidence values of the gaze are obtained, so only those gaze data whose confidence values
are high will be selected. The other action is to obtain the images from the front camera of the
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Pupil Core headset by accessing the variable "events[‘frame"]. These two data are sent to the
other file, called "module2_tfm_2.py" using a TCP (Transmission Control Protocol) socket that
establishes the connection between the sender and the receiver before sending the
information. In this other Python file, the first action to be performed is to obtain the data that
has been sent through the socket and, obtain the image that the Asus Xtion camera makes.
Afterwards, the images are compared using computer vision techniques and mathematical
operations are applied to obtain the rotation of the user's head (yaw, pitch, roll) with respect to
the wheelchair, see Section 4.2.4.2. With these angles, the rotation matrix is constructed and
with the distance between cameras, the translation matrix, see Section 4.2.4.3. Once the
matrices have been obtained, the user's 3D gaze with respect to the wheelchair can be
transformed. The second file is also responsible for graphically representing the reference
axes of the cameras, the movement of the user's head and the user's gaze using the VPython

Python file 1 - Capture image from front camera Pupil Core headset.

(Custom plugin) - Obtain 3d user's gaze w.rt Pupil Core headset

Send image
and gaze
data
- Capture image from Asus Xtion.
- Compare images using computer vision algorithms and apply
matemathical operations to obtain yaw, pitch and roll angles
(rotation of Pupil Core headset w.rt. Camera Xtion)
Python file 2 - Obtain translation matrix using distance between Xtion camera
and front camera of Pupil Core headset.
- Obtain rotation matrix using yaw, pitch and roll angles.
- Transform 3d user's gaze w.r.t Pupil Core headset to Asus Xtion
using the translation and rotation matrices.
- Graphical visualization using VPython of reference frames, gaze,
cameras and user's head.
Figure 18. Module 2 implementation process.
Q)\
A ey 2
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4.2.41 Camera Calibration

To calculate the rotation of the user's head, apart from other data, it is necessary to know the
intrinsic parameters of the Asus Xtion Live Pro camera and the front camera of the Pupil Labs
headset. These parameters are the focal length and the principal point and are obtained by
calibrating the cameras. The focal length is the distance between the optical centre of the lens
and the camera sensor [41], see Figure 19. Two focal lengths are obtained for each camera,
one in coordinate x and another in coordinate y. On the other hand, the principal point also
known as optical center is that point which is pixel (0,0), the pixel at the centre of the image. In
other words, it is the point from which the focal length is measured [42]. In Figure 20, the
principal point can be seen visually.
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Figure 19. Focal Length [41].
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Figure 20. Pinhole camera model [43].

The calibration has been performed using Matlab, the "Camera Calibrator" app. The calibration
consists of giving at least two images containing a chessboard in this case, with a square
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dimension of 25 millimetres, Figure 21. For best results, the more images given, the better the
calibration. The photos need to be captured using the same camera for calibration, and the
image resolution should remain consistent across all photos. The internal characteristics of the
camera, known as intrinsic parameters, adjust based on the image resolution. In this case,
more than 20 chessboard images have been taken for each camera.

Figure 21. Camera calibration using chessboard 25 x 25 mm.

As a result, the three-dimensional representation of the chessboard positions in the different
images is obtained (left Figure 22) as well as the mean pixel error of the calibration in each
image (right Figure 22). It is desired that the mean error of the calibration be as low as possible
for each image, so those images that have a large mean error must be deleted and must be
retaken.
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Figure 22. Camera calibration using more than 20 chessboard images.

In addition, the app also provides the intrinsic and extrinsic parameters of the camera. The
extrinsic parameters represent the location of the camera in the 3D scene and these
parameters are used to transform the world points to camera coordinates [44]. The intrinsic
parameters map the camera coordinates onto the image plane. Figure 23 shows the results of
the intrinsic parameters for the Pupil Labs core front camera and Figure 24 shows the intrinsic
parameters for the Asus Xtion Live Pro camera. The first column in the two figures are the
values in the x-coordinate values while the second column in the y-coordinate. Both cameras
have been calibrated with a resolution of 320 x 240 pixels. In addition, the application also
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provides the radial distortion of the camera that occurs when light rays are bent closer to the
edges than at the optical centre. As the radial distortion in our cameras is very small, it is not
considered for module 2.

Intrinsics

Focal length (pixels): [ 204.108%9 +/- 1.350494 205.2635 +/- 1.8297 ]
Principal point (pixels):[ 156.7208 +/- 0.5466 132.7568 +/- 0.7134 ]
Radial distortion: [ -0.4809 +/- 0.010% 0.2129 +/- 0.0120 ]

Figure 23. Intrinsic parameters of the front camera of Pupil Labs Core headset at 320 x 240
px resolution.

Intrinsics

Focal length (pixels): [ 287.0591 +/- 6.8453 286.5%34 +/- 6.8163 ]
Principal point (pixels):[ 156.6400 +/- 0.4%23 115.5049 +/- 0.9%9773 ]
Radial distortion: [ 0.1%56 +/- 0.0128 -0.76%6 +/- 0.0777 1

Figure 24. Intrinsic parameters of Asus Xtion Live Pro Camera at 320 x 240 px resolution.

4.2.4.2 Obtaining head rotation.

There are several ways to obtain the rotation of the user's head. One of them is through image
matching, which is what has been used for this module, see Section 4.2.4.2.1. Apart from this
alternative, two other alternatives were also thought of, which are through an inertial sensor,
Section 4.2.4.2.2, and the optical flow of the cameras, Section 4.2.4.2.3. Although the latter
were not developed, they have been presented in this work.

4.2.4.2.1 Obtaining head rotation from image matching

In this Section 4.2.4.2.1, the head rotation is obtained with the matching of images. An image
taken by the Asus Xtion camera is compared with an image taken by the Pupil Labs front
camera. The images are compared by applying the SURF algorithm, a local feature detector
and descriptor and then, matching algorithms. The results are feature points (key points) of the
reference and the query image. These key points have pixel coordinates in each image. These
key points will be used to get the head movement of the user in the wheelchair. The interest
point locations are averaged to obtain a mean key point that represents the descriptor cloud in
each image. In Figure 25 the key points are shown in green with their respective matches in
the two images and the mean key point as a big black dot in each image.



Figure 25. Image matching of front camera Pupil Labs image (left) and Asus Xtion Live Pro
image (right).

This mean descriptor point is represented in Figure 26 and Figure 27 with a star and with the
combination with some data and after doing trigonometric operations the bearing (yaw) and
the elevation (pitch) of the head can be obtained. For the bank (roll) angle the key points of
each image are used instead of the mean. The steps to obtain them are:

4.2.4.2.1.1.1 Bearing (yaw) angle

The data available before starting the trigonometry operations to obtain the bearing angle of
the head are the intrinsic parameters of the Asus Xtion Camera and Pupil Labs front camera
in pixels, the distance between the two cameras along the x-axis in millimetres, the location of
the mean key point in the image taken by each camera in pixels and the depth distance of the
mean descriptor point of the image taken by the Asus Xtion Camera in millimetres. Following
Figure 26, the process for determining the bearing angle involves these calculations:
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Figure 26. Representation of the angles and distances necessary to obtain the yaw angle.

aand b angle

The angles a and b are the angles between the centre of the cameras and the location of the
mean descriptor point in the x-axis of the images. Since there is no information about the
location of the mean descriptor point in distance units and the front camera of the Pupil Labs
does not have depth information, the intrinsic parameters of the cameras are used to obtain
the angles. The intrinsic parameters provided by the cameras are the focal length and the
principal point on the horizontal x and vertical y axes, see Section 4.2.4.1. Since the bearing
angle is a rotation around the vertical y-axis, the values on the vertical y-axis remain constant.
Therefore, the intrinsic parameters used for the head bearing are on the horizontal x-axis.
Then, a angle and b angle can be obtained following Equations (3) and (4).

x . —_— .
a = arctan < xtion ppx_xtlon) (3)
fx_xtion
x —
p = arctan( front ppx_front) (4)
fx_front
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Where in Equation (3), x,:0n iS the mean descriptor point in the x-axis of the Asus Xtion
Camera Image, ppy xtion IS the principal point in the x-axis of the Asus Xtion Camera and
fx xtion the focal length in the x-axis of the Asus Xtion Camera.

And in Equation (4), xs,on; is the mean descriptor point in x axis of the front camera Pupil Labs
image, ppx front @Nd fx rrone the principal point and the focal length in the x-axis of the Pupil
Labs front camera respectively.

c angle

Because a angle has been obtained previously, ¢ angle can be computed following Equation

(5).

c=90°—a (5)

T distance

The Asus Xtion camera can provide the depth in distance units of any pixel in the image.
Therefore, since the location of the mean descriptor point (mdp) is known, the depth distance
in millimetres of this point in the environment will also be known. To obtain T distance, Equation
(6), the depth in millimetres of the mean descriptor point is needed and the previously
calculated angle ¢ must be converted to radians.

T = cos(c) - depth distanceyion map (6)

d angle

d angle is computed doing the 2-argument arctangent in order to obtain an angle d between -
pi and pi radians. The arctangent is not computed because it omits the angles of the Il and 1l
quadrants. Equation (7) can be used to calculate d angle since it has been previously
calculated the depth in millimetres of the mean descriptor point, a angle, T distance and the
distance between the Asus Xtion camera and the front Pupil Labs camera along the x-axis.

()

distance x front xtion + T

depth distance,,; - sin(c
d = arctan? < p xtion,mdp ( ))

The d angle is then transformed from radians to degrees and Equation (8) is applied to obtain
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the angles between 0 and 360 degrees.

d = (d + 360) % 360 (8)

Bearing (yaw) angle

After applying the above steps, the yaw angle can be easily calculated by making the
difference between 90 degrees and angles b and d, Equation (9).

yaw =90°— b —d )

4.2.4.2.1.1.2 Elevation (pitch) angle

As it happened with the bearing (yaw) angle, the starting point to compute the elevation angle
is the data given by the intrinsic parameters of both cameras in pixels, the measurement of the
distance between them in millimetres, the coordinate of the mean descriptor point in the image
taken by each camera in pixels and the depth distance of the mean descriptor point of the
image taken by the Asus Xtion camera in millimetres.

Following Figure 27 as a reference, the steps to precede are the computation of:
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Figure 27. Representation of the angles and distances necessary to obtain the pitch angle.

e and f angle

e and f angles are the angles between the centre of the cameras and the location of the mean
descriptor point in the y-axis of the image. As before, the intrinsic parameters are needed but,

in this case, the focal length and the principal point of the vertical y-axis. Angles e and f can be
calculated with Equations (10) and (11).

(yxtion - ppy_xtion)
e = arctan

(10)
f y_xtion

f — arctan ()’front - ppy_front) (11)
f y_front

Where in Equation (10), y.:ion iS the mean descriptor point in y axis of the Asus Xtion Camera

Image, ppy xtion IS the principal point in y axis of the Asus Xtion Camera and f), ;o, the focal
in y axis of the Asus Xtion Camera.
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And in Equation (11), ¥fon: is the mean descriptor point in y axis of the front camera Pupil
Labs image, ppy rront @nd fy_rron: the principal point and the focal length in y-axis of the front
camera Pupil Labs respectively.

P distance

P distance can be calculated as the multiplication of the depth distance in millimetres of the
mean descriptor point given by the Asus Xtion Camera and the sinus of the e angle, see
Equation (12).

P = sin(e) - depth distancextionmap (12)

M distance

The computation of M distance is the same as P distance but with the cosine, Equation (13).

M = cos(e) - depth distanceyiionmap (13)

g angle

g angle is computed using the 2-argument arctangent to obtain a g angle between -pi and pi
radians. Equation (14) can be used to calculate the g angle since it has previously calculated
the M distance and P distance and it has measured the distance between the front of the Pupil
Labs and the Asus Xtion Camera along the y-axis.

= arctan? M ) (14)
g = arctan distance y front xtion + P

To obtain a g angle between 0 and 360 degrees instead of -180 and 180, it needs to be first
transformed from radians to degrees and then converted with Equation (15).

g = (g +360) % 360 (15)

Elevation (pitch) angle

After applying the above steps, the pitch angle can be easily calculated by making the
difference between 90 degrees and angles f and g, Equation (16).

pitch =90°—f —g (16)
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4.2.4.2.1.1.3 Bank (roll) angle

To obtain the roll angle, the descriptor points are used instead of the mean descriptor point
used in the yaw and pitch angle, as two points are needed to calculate the roll angle. The
points are taken in pairs and the roll angle between the two points is calculated as the 2-
argument arctangent of the distance between the two points on the y-axis with respect to the
distance between the two points on the x-axis, see Equation (17).

pOintxtion,y_j - pOintxtion,y_i
pontytionx j — POMLytion x i (17)

roll ytion,; j = arctan2

Then, the same pairs of points at which the roll angle is calculated in the image taken by the
Asus Xtion camera are used to calculate the roll angle in the image taken by the front camera
of Pupil Labs, see Equation (18).

pOintfront,y_j - pOintfront,y_i
point — point

T0ll front,i j = arctan2 (18)

ront,x_j front,x_i

The roll angles are transformed using Equations (19) and (20), to have ranges between 0 and
360 degrees instead of -180 and 180 degrees and be able to subtract them.

19
TOllxtion,i_j = (rouxtion,i_j + 360)%360 ( )

ro”front,i_j = (rOllfront,i_j + 360)%360 (20)

Then, by subtracting the roll angles, the final roll angle is obtained for each pair of points,
Equation (21).

(21)
roll; j =10oll fronei j — TOU xtioni j

It's necessary to have the angles expressed as the shortest rotation direction, Equation (22),
to be able to obtain the ultimate roll angle as the average of the final roll angles of each pair of
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points, Equation (23).

I 360° — |roll; ;| if roll; j < —180° (22)
roll; ; =
o =360°— |roll; ;| if roll; j > 180°

roll = Zrolli_j (23)

4.2.4.2.2 Obtaining head rotation with an inertia sensor

A different proposal was to obtain head rotation with an inertial sensor. The idea was to attach
an inertial sensor to the Pupil Labs headset and another one to the wheelchair and then
process the data provided by the sensors to obtain the head rotation. The problem for not
implementing this proposal was:

The inertial sensor is a bit bulky for the Pupil Labs headset and not comfortable for the user
wearing it. As in this project, the finality is to bring functionalities to the user that are comfortable
as well as useful, the possibility to put an inappropriate inertial sensor on the head of the user
is not a choice to consider. Therefore, the idea was not developed in this project.

4.2.4.2.3 Obtaining head rotation with optical flow

Another proposal at the beginning of the project was to obtain yaw, pitch and roll angle with
the optical flow. Optical flow is a pattern of the apparent movement of the image scene caused
by the movement of the camera that is taking the image or the movement of objects, people
or things that are within the scene [61]. The motion pattern in this case is expressed as the
sum of the motion derived from the rotation of the camera. With optical flow, there is no need
for image matching, as it uses consecutive images from the same camera.

The main idea was to calculate the optical flow of the images taken by the Asus Xtion camera
attached to the robotic wheelchair and the optical flow of the images taken by the front camera
of Pupil Labs that the user carries in his head and then, subtract the two optical flows. If the
derived movement is the same for the two cameras, it means that they have not moved relative
to each other and therefore the difference is zero, but if it is different, it means that there has
been a relative movement between them.

The problem and the reason why this proposal for head rotation was not developed further is
that if one camera is looking to one side and the other to the opposite side and there is a



Pg. 50

movement of an object in the scene only one of the cameras can capture it would result in a
relative movement between the two cameras when this is not the case because they have not
moved relative to each other.

4.2.4.3 3D user’s gaze

Gaze position with respect to the head camera

The gaze position given by the Pupil Labs camera is with respect to the Pupil Labs front camera
(the position and orientation of the reference frame can be seen in Figure 16) and it is
expressed in distance coordinates in millimetres, X = (x, y, z). To obtain this information, it is
required to subscribe to the topic "gaze point_3d" in "gaze" events in the Pupil Labs platform.

Gaze position with respect to the camera fixed on the wheelchair.

After obtaining the gaze position with respect to the Pupil Labs front camera X = (x,y,z), itis
necessary to do a translation and a rotation to have the gaze position with respect to the Asus
Xtion camera attached to the wheelchair X' = (x',y',z"),. As the head rotation angles (yaw v,
pitch @, roll ¢) have been previously calculated, they can be substituted in the rotation matrices
of Equations (24), (25) and (26). The rotation matrices are then multiplied by the gaze position
with respect to the Pupil Labs front camera and the result, is added to the translation matrix of
the distances between the cameras (distance between the center of the two reference frames),
Equation (27).

cos(p) —sin(p) 0

R; you = |sin(p) cos(p) 0 (24)
0 0 1
cos(yp) 0 sin(¥)]

Ry yaw = [ 0 1 0 (25)
—sin(y) 0 cos(y)l
1 0 0

Ry piten = [0 cos(6) —sin(6) (26)
_ 0 sin(@) cos(8) |

distance in x between O and O’
distance iny between O and 0’ (27)

distance in z between 0 and 0’

X' =[x',y,z']=R v, z]T +

Zrow RYyaw ’ Rxpitch
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4.2.4.4 Graphical representation.

As mentioned above, module 2 graphically displays the different reference axes that exist
between the cameras and the user's head and the movement of the user's head as well as the
position of the user's 3D gaze with respect to the Pupil Labs glasses. In Figure 28, it can be
seen the scene created in VPython. Different basic 3D objects have been used to create this
scene. For example, the user's head is represented by a sphere and several cylinders and the
wheelchair with two rectangles and two cylinders. Two reference systems appear on the user's
head. In these two systems, the origin is located in the same place, on the user's forehead and
would correspond to the centre of the front camera of the Pupil Core Labs Headset. Of the two
reference systems on the user's head, one is fixed (x-red, y-green, z-blue) and the other moves
with the rotation of the user's head (x-violet, y-magenta, z-orange). In addition, an additional
black line appears on the user's forehead This line corresponds to the user's gaze position
with respect to the front camera. Finally, in the VPython scene (top left), the camera attached
to the wheelchair appears and corresponds to the Asus Xtion camera. The camera's reference
system (x-red, y-green, z-blue) is represented.

Asus Xtion Camera

Asus Xtion axis “\‘
Front camera Pupil
l Labs Core

Front Camera axis

Gaze direction

Figure 28. Scene created in VPython.
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4.3 Object detection (M3)

4.3.1 Hardware
Pupil Labs Core headset

For this module, only the Pupil Labs Core headset eye-tracking glasses were needed, whose
specifications have already been seen in a previous module, Section 4.1.1. In this case, the
resolution chosen is 1280 x 720 px for the front camera of the headset and 192 x 192 for the
eye cameras.

4.3.2 Software
Pupil Labs software

The software used is the same as in the previous modules, Pupil Labs software. This software
in its execution shows and executes two processes "world" and "eye". In this module, a new
plugin has been created that accesses the variable events to obtain information about the
frame of the scene and the fixation of the user's gaze. In addition, it displays on the "world"
screen the detection of the different entities as well as the entity on which the user is gazing.

4.3.3 Algorithms

YOLOVS5 is the algorithm used for object detection. You Only Look Once (YOLO) is a fast and
simple deep convolutional neural network which performs all its predictions with only a single
fully connected layer allowing it to process the images in real-time. Among different detection
algorithms, this one has been chosen because it can be used in real-time. For this project
version, Yolov5 is used although, there are different versions of YOLO. Yolov5 was created as
an open-source project in 2020 by Ultralytics. Yolov5 uses the EfficientDet architecture that it
is based on the EfficientNet network achieving higher accuracy with fewer parameters, faster
processing on GPU/CPU and lower FLOPs (Floating point Operations Per Second) than its
previous versions [64], [65]. As can be seen in Figure 29, the EfficientDet network architecture
is composed of an EfficientNet as the backbone network, the BiFPN [65] as the feature network
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and a detection head with a class/box prediction net.

Py/2
nput

EfficientNet backbone

Figure 29. EfficientDet architecture [65].

Backbone network

The EfficientNet is a convolutional neural network (CNN) and scaling method in charge of the
feature extraction of the input image. The first layers of a backbone network extract low-level
features (low-quality features) such as lines, dots or curves while the layers on the top extract
high-level features that have more information about the input image based on the features of
previous layers [66].

The effectiveness of the EfficientNet depends on the baseline network and the scaling method.
The baseline network is similar to MobileNetV2 and MnasNet since it uses inverted bottleneck
convolutions (MBConv). The only difference is that EfficientNet is larger than mobile networks
due to an increase in Floating-Point Operations [67]. The architecture of the baseline-BO0 of the
EfficientNet can be observed in Table 4.
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Table 4. EfficientNet-BO baseline architecture [68].

Stage Operator Resolution | #Channels | #Layers
7 .ﬁ; fh x Wi Cn,; ﬁi
1 Conv3x3 224 x 224 32 1
2 MBConvl, k3x3 112 x 112 16 1
3 MBConv6, k3x3 112 % 112 24 2
4 MBConv6, k5x5 56 x 56 40 2
5 MBConv6, k3x3 28 x 28 80 3
6 MBConv6, k5x5 14 x 14 112 3
7 MBConv6, k5x5 14 x 14 192 4
8 MBConv6, k3x3 TxT 320 1
9 Convlix1 & Pooling & FC Tx7 1280 1

The compounding scaling method of an EfficientNet is that the dimensions of the network, the
width, the depth, and the resolution are uniformly scaled in all three dimensions by a fixed ratio.
Other methods scaled only one dimension of the network in improving accuracy, but the
accuracy gain diminishes for bigger models [68]. The use of a mobile-size EfficientNet model
that is easy to scale improves accuracy and efficiency with fewer parameters and FLOPS. The
dimensions of the EfficientNet are listed in a family of models with BO being the smallest
dimension model to B7 with the biggest.
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Figure 30. Model Scaling (a) baseline network. (b)-(d) conventional scaling only
increases one dimension of the network and (e) compound scaling for all three
dimensions with a fixed ratio [68].
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Feature network

With the feature network it is possible to capture characteristics of different resolutions and
combine all features. In other studies, they used Feature Pyramid Networks (FPN) as feature
networks to multi-scale features however, they sum up different input resolutions without
distinction. In EfficientDet, the feature network is a weighted Bi-directional Feature Pyramid
Network (BiFPN) where weights are applied to the inputs to equally contribute to the output
and at the same time, a top-down and bottom-up scale future fusion [65]. As can be seen in
Figure 29, the BiFPN is a bi-directional network with more than one input edge in each node,
there is an edge between the input and the output nodes of the same level and the bidirectional
path is treated as a one-feature network layer and repeated multiple times to allow higher-level
feature fusion. Furthermore, the feature network is also scalable but, instead of using a fixed
ratio as the EfficientNet network, the authors [65] of the BiFPN use a simple compound
coefficient to scale up the backbone, the feature and the class/box network at the same time
using a heuristic-based scaling approach. It can be seen in Table 5, how the compound
coefficient (@) determines the input size, the model of the backbone network, the number of
channels and layers of the BiFPN network and the number of layers of the box/class prediction
network.

Table 5. Scaling configurations for different models of EfficientDet [65].

Input  Backbone BiFPN Box/class
size Network  #channels #layers  #layers
Rin;ﬂuf, Wbij'pn Dbi]fm Dc:‘.ass
DO (¢ = 0) 512 BO 64 3 3
DI(¢p=1) 640 Bl 88 4 3
D2 (¢ = 2) 768 B2 112 5 3
D3 (¢ =3) 896 B3 160 6 4
D4 (¢p =4) 1024 B4 224 7 4
D5(¢p=>5) | 1280 B5 288 7 4
D6 (¢p=6) | 1280 B6 384 8 5
D7 (¢p="7)| 1536 B6 384 8 5
D7x 1536 B7 384 8 5

Detection head

After combining the features, the box/class prediction network is applied as a detection head.
The box/class predicts the bounding boxes and the class of each object.

In addition to the EfficientDet architecture that YOLOV5 has, there are two more features
compared to older versions of YOLO [64]. The first thing is that the bounding boxes are better
aligned to the object's size and shape since it uses a dynamic generator of predefined
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bounding boxes. And the second is that YOLOV5 uses a spatial pyramid pooling (SPP), a
pooling layer that allows using different sizes of input images instead of a fixed image size [69].

4.3.4 Implementation steps

For the implementation of module 3, only a Python programming language file is needed. This
file is a plugin created specifically for this module and it follows the Pupil Labs structure. The
first step in this file is to load the convolutional network model used for object detection,
YOLOVS5. In this case, instead of training a model with a dataset using the YOLOv5
convolutional network, a pre-trained model is used. YOLOV5 has different pre-trained models
that can be loaded using PyTorch Hub and used directly for inference: yolovsn, yolovss,
yolovs5m, yolov5l, etc. The pre-trained model chosen is yolovSm because it has a good trade-
off between detection capability and speed. The dataset used to pre-train the models is the
MS COCO dataset and these models can classify by default 80 classes [62]. These 80 classes
are of different categories and can be found indoors as well as outdoors: spoon, knife, cup,
laptop, keyboard, stop sign, person, etc. In [63] can be found all classes that can be detected
by YOLOVS. In the results section of this module, the accuracy of the model will be measured
with respect to the images taken by the eye-tracking device camera, see Section 5.3.

After loading the model, the next step is to obtain the image of the scene so that the model
can perform the inference. To access this image provided by the front camera of the Pupil
Labs Core headset, it is necessary in the recent_events part of the class created for the plugin
to access the variable "events['frame']". The resolution of this image is 1280 x 720 px. Once
the image is obtained, it is provided to the model every time a voluntary fixation of the user's
gaze occurs. To obtain the fixation, the variable "events[‘fixations"]" is accessed, which
provides information about the normalised position of the gaze with respect to the Pupil Labs
front camera, the fixation index, which is equal to the number of fixations so far and the
timestamp. In this project, two types of fixations have been distinguished: voluntary and
involuntary. Voluntary fixations are those in which the fixation lasts for a certain time and,
therefore, during an interval of time the fixation is the same, the fixation index does not change.
In this case, the time to discard an involuntary fixation is 1 second and the timestamp, fixation
confidence and fixation index are used to filter them out. Once a voluntary fixation is detected,
the model is provided with the image so that it can make the inference.

The result of the inference is 7 columns for each detected entity. The first four are the xmin,
ymin, xmax and ymax coordinates within the pixel image of the bounding box created for the
entity, the fifth is the confidence of the detection followed by the class and the last column, the
name of the class. All detected entities whose confidence is high are displayed on the Pupil
Labs "world" process screen, see Figure 31. To do this, bounding boxes are created by
drawing lines through the coordinates provided in the inference results in the process callback
"gl_display" created within the class.
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The purpose of this module, apart from detecting all the entities in the scene, is to obtain the
label or name of the entity on which the user is gazing. To obtain the position of the fixation of
the gaze within the scene image, the normalised position of the gaze with respect to the Pupil
Labs front camera obtained by accessing "events["fixations"]" is multiplied by the size of the
image in pixels. The result is the position of the fixation in pixels within the image. If this position
is inside the bounding box of one of the detected entities, a match is produced and as a result,
the name of the entity is obtained. When there are several detected objects and the gaze
fixation is within several bounding boxes, the one whose centre is closest to the fixation
position is taken as the matching object. In addition, every time there is a match, the "world"
process of the Pupil Labs app displays an "x" cross inside the bounding box of the entity the
user is looking at and the name of the detected class. To display the match, the process
callback "gl_display" is used once again. In Figure 31, the gaze fixation is on the keyboard,
although the algorithm also detects the cup and the screen. As a result, when a match is made,
a cross in "X" is shown inside the bounding box of the entity of the match and in the upper left
part it is indicated with which entity the match has been made, in the figure "Match with:
keyboard" is shown.
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Figure 31. Module 3 matching.

g =~ \|

4SS
Peact

E

-

SEIB



Pg. 58

4.4 2D Gaze estimation (M4).

4.4.1 Hardware
Pupil Labs Core headset

To obtain the gaze, the Pupil Labs eye-tracking device has been used, whose specifications
are the same as in Section 4.1.2 except that the resolution of the two eye cameras is 192 x
192 px and the scene camera is 1280 x 720 px.

4.4.2 Software
Pupil Labs software

Although the Pupil Labs software is not used to obtain the 2D gaze in real-time, it is used to
perform the calibration with the marker choreography. Calibration using marker choreography
with the Pupil Labs software is very easy. When the app is launched, two processes/displays
are executed "world" and "eye". In the "world" tab in the middle left, different markers appear,
one of them being the calibration marker. Once the calibration is executed, the user must look
at the different markers and once the calibration is finished, the software saves the data. The
software has the advantage that it automatically saves all calibration data in files with a "pldata”
extension that can be easily accessed using python.

libuvc

To use the Pupil Labs eye-tracking device without using the Pupil Labs software for real-time
gaze, it is first necessary to download the open-source libuvc library. This library allows to
interact with USB video capture devices using different operating systems, Linux and
Windows. It recognises headset cameras without the need to install specific drivers. More
information about this library is available at [36].

pyuvc

The second library that needs to be downloaded is pyuvc. This library allows to configure the
UVC video cameras such as resolution, frames per second or to list all detected uvc devices.
Also, it allows to capture the images taken by the cameras in mjpeg compressed format. More
information in [37].

pupil_detectors

Once the images of the eyes have been obtained, it is necessary to extract the position of the
pupils from them. To do this, the pupil-detectors library is used, which performs a 2D detection
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of the pupils. This library receives the image of the eyes and, as a result, obtains for each eye
the location of the pupil in the image space, the confidence of the detection, the diameter of
the pupil, as well as the exact parameters of the pupil ellipse, such as the angle and the axes,
see [38].

sklearn

sklearn, also known as scikit-learn, is an open-source machine learning library. The model that
is trained and used to predict the 2D gaze is extracted from this library, a linear regression
model, see [39].

4.4.3 Implementation steps

This module 4 has been implemented to obtain 2D gaze using the intervention of both eyes
(binocular vision), and therefore, if only one eye is used this module does not work. All the
steps mentioned below can be found in the Pupil Labs app only the 2D mapping within the app
is done with the user interface.

2D gaze

Obtaining the 2D gaze of the user outside the Pupil Labs software using the mathematical
model has two differentiated processes. The first is to train a model that does not have a
dependency relationship between variables. The second process is the prediction of new gaze
data from the previously constructed model. Since these are two different processes, they are
also divided when it comes to explaining the implementation:

Training the model

The first step in training the model is to perform and run the calibration routine provided by the
Pupil Labs app that uses the user interface. Once the calibration is done, the app automatically
saves a file called "notify.pldata" with all the calibration information.

The next step is to load the file and extract from "notify.pldata” all the calibration information
into the new Python file created for this module 4 and named "module4_tfm.py". In particular,
the calibration information needed to train the model is the gaze position in normalised
coordinates with respect the image taken by the scene camera, front camera of Pupil Labs
headset and the corresponding normalised pupil position of the left eye and right with respect
the images of the eye cameras of the Pupil Labs headset. Once the calibration data is
obtained, it is filtered by choosing only those data whose confidence is higher than a threshold
to avoid bad fitting. Since the normalised position of the left pupil and the right pupil with respect
the eye camera images and the normalised gaze reference data with respect the scene
camera image are obtained at different times, with different time stamps, the closest time
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stamps between the three data need to be matched. If there is a large time dispersion between
the three, they should be rejected.

Once the matches are obtained, the features to train the model are the independent variables:
the normalised position of the left and right pupil, and as a dependent variable the normalised
position of the gaze. The problem is that if the model is trained with these features, the
dimensionality of the feature space is very small and therefore the model is not able to capture
complex dependencies between variables. To increase the dimensionality of the feature space
for a good fit and to capture the non-linear relationships between variables, the independent
variables are transformed to be of polynomial type. For this purpose, the number of
independent variables is increased from two to six for each eye. The first two variables are the
normalised position in the x-coordinate and in the y-coordinate. The third variable is the
multiplication of the normalised x-coordinate and the normalised y-coordinate. The fourth and
fifth variables are the normalised x and y coordinates squared. And the last variable is the
multiplication of the fourth and fifth variables. Thus, there are 12 independent variables, 6 for
each eye.

After increasing the dimensionality of the feature space, the dependent and independent
variables are fitted into the model. Since polynomial features are used, the mathematical model
used is a linear model that can capture the relationships of the polynomial terms. Once the
model has been fitted for the first time, outliers need to be iteratively removed and therefore it
is necessary to iteratively refit the model on a subset of the data until a good fit is obtained. To
identify outliers, the difference between the dependent variable obtained in the calibration and
the dependent variable obtained by predicting the fitted model with the same independent
variable used to train it is calculated. The result is the difference in the normalised gaze position
of the two variables with respect to the screen and to obtain this difference in pixels, the result
is multiplied by the screen resolution. To obtain the error, the norm 2, the Euclidean distance,
is performed along the x and y coordinates, for each row. If this error is greater than a threshold,
the data are considered outliers and should therefore be discarded. All data whose error value
is below the threshold are stored as a subset of the data and are used to refit the model. This
process can be seen in Figure 32. After obtaining a good fitting of the model, the next step,
the prediction of the 2D gaze, can be taken.
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Figure 32. Model training for 2D mapping.
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Predicting the 2D gaze

To make the prediction, the calibration data is no longer used, only the previously trained
model. To make the prediction, it is necessary to provide to this trained model with input
variables, the independent variables. These variables are of the same nature as those used to
train the model, the normalised position with respect to the image size of the right and left pupil.
To detect these two positions, it is first necessary to access the Pupil Labs headset cameras
using the "libuvc" library, set the resolution and then, from these cameras extract the images
of the eyes using the "pyuvc" library. To detect the 2D position of the pupils in the left and right
eye images, the "pupil-detectors" library is used. If the confidence in the detection is high, the
prediction proceeds but otherwise the values are discarded. To perform the prediction, it is
necessary, as previously done in the model fitting, to increase the dimensionality of the
independent variables, the normalised position with respect to the image size of the right and
left pupil. To do this, it's increased from two to six independent variables for each eye: the
normalised position in x-coordinate, the normalised position in y-coordinate, the normalised
position in x-coordinate multiplied by the y-coordinate, the normalised position in x-coordinate
squared, the normalised position in y-coordinate squared, and the multiplication of the squared
normalised positions in x- and y-coordinate. The result is 12 independent variables. Once the
variables have been transformed, the dependent variable can be predicted. This variable is
the 2D normalised position of the user's gaze relative to the size of the front camera image of
the Pupil Labs headset. To obtain this position in pixels, it is only necessary to multiply the
normalised position by the size of the image. This process explained above to obtain the 2D
mapping can be seen in Figure 33.

Two things must be highlighted in the 2D gaze acquisition. The first is that the 2D gaze is only
obtained in pixels, as the data obtained in the calibration and used to train the model are in
pixel units. The second is that the 2D mapping is sensitive to slippage of the eye-tracking
device when the wearer wears the glasses for a long period of time because the headset can
move. Since the polynomial regressor is trained by giving as input variable the position of the
pupil eyes and the coordinates on the gaze screen, if a slippage of the eye-tracking headset
occurs, the correlation changes and therefore, the trained mathematical model cannot be used
again.
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Predicting 2d gaze

Left eye image
Detect UVC cameras of

the Pupil Labs headset
and capture eye images

Right eye image

o

Pupil detector

Normalised position of the left pupil with
respect the image ofthe left eye camera

Transform the data to increase

the dimensionality of the
feature space.
ormalised position of the right pupil with

respect the image ofthe right eye camera

Polynomial feature space:

+ Normalised pupil position in x

« Normalised pupil position in y

« Normalised pupil position in x * normalised pupil position in y
+ Normalised pupil position in X squared

+ Normalised pupil position in y squared

v

+ Normalised pupil position in x squared * normalised pupil position in y squared

g Size in pixels of
Fitted model s
Y Y
Left eye
s [ Normalised 2d gaze position | | Transformation to
Ri ! 9aZ€ 1 yith respect scene camera pixel units
ight eye o L

Figure 33. Model prediction for 2D mapping.

2D gaze position in pixels




Gaze -based interface for robotic wheelchair guidance Pg. 64

Chapter 5

5 Results and Analysis

5.1 Movement and seat position control of the robotic wheelchair
(M1)

The following video link shows the results of the implementation:

https://drive.google.com/file/d/1-4gMHfrDtcNh1PMDGVz861cNmDs9r5Ec/view?usp=sharing

This video shows three windows of the Pupil Labs software. On the right of all, the image of
the eyes in real-time (left eye up and right eye down). In the middle left, the image of the
environment is obtained in real-time with the Pupil Labs front camera. The position of the gaze
is shown in the environment image with a large red dot. At the bottom left of the image are
three lines of text, the top one in blue indicates the current configuration or mode the
wheelchair is in. The other two indicate the commands for controlling the wheelchair's
movement.

The user starts with configuration "0" of the wheelchair (the current configuration can be seen
at the bottom left of the video under "mode") which corresponds with the movement of the
wheels of the wheelchair. The commands given before moving to the next configuration are
the commands to move the wheelchair forward left as the gaze is in the upper left corner (the
commands can be seen in the lower-left corner of the video where F for Forward and L for Left
appear). Afterwards, the user fixes his gaze in the centre to give commands to the wheelchair
to stop the movement (two N's corresponding to neutral appear in the lower left corner of the
video). Later, the user changes the wheelchair setting to "1" through a voluntary blink. And
finally, he/she indicates that he/she wants to move the upper backrest backwards by placing
the gaze downwards to the right (in the lower left corner of the video an R for Right and B for
Backwards appear).

Two types of information are extracted in this module, the blinking of the eyes to change the
configuration of the wheelchair and the position of the gaze to control the movement of the
wheelchair in the environment or the different seat positions. The analysis of this module is
therefore carried out in two parts: the first is to check the blink detection system and the second
the control of the wheelchair with the gaze position.


https://drive.google.com/file/d/1-4qMHfrDtcNh1PMDGVz861cNmDs9r5Ec/view?usp=sharing
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As discussed in the implementation part of this module, blinks are filtered into voluntary and
involuntary blinks. Involuntary blinks are those that are made unconsciously by the user and
are usually 4 per minute. To filter them, the user must blink twice in a row in less than 0.5
seconds. If only one or two blinks are made but in a time interval longer than 0.5 seconds, it is
not considered a blink that the user makes expressly to change the wheelchair configuration.
To test the blink detection system, 110 voluntary blinks were analysed. As a result of the
analysis, 100 voluntary blinks were well detected while 10 were not, 90,9 % voluntary blinks
detected. At no time was involuntary blinking detected as voluntary. The detection system can
therefore be considered acceptable.

Two observations can be drawn from the analysis of the wheelchair control via the gaze
position. The first relates to the user's gaze and the second to the user's experience of
controlling the wheelchair.

To obtain a good gaze accuracy, a calibration must be carried out beforehand. In this module,
as in all the others, calibration is carried out with a computer monitor where the 5 markers are
shown on the screen at a fixed distance from the user. This type of calibration is a problem
when the user moves with the wheelchair, because to obtain a good gaze accuracy the user
must look at the objects in the environment at a similar distance to the one used in the
calibration. If the user moves, then the distance from the user to the objects changes and
therefore the accuracy is not good. This observation was obtained once this module was
finished being implemented, so as a correction and future improvement work on this module
would be to calibrate the system with different markers at different distances. For this, it is not
possible to use the calibration routine provided by Pupil Labs for 5 markers or single marker,
instead a new file would have to be created with the new specific calibration routine.

Although it has been concluded that the accuracy of the gaze is not good, the video shows
that the user can still obtain the different commands with the gaze (forward left, backward
right...) because, for the wheelchair control the user only must focus the gaze on the region
where he/she wants to obtain the command and stay there. These regions can be seen
delimited in Figure 11.

It has also been observed that the control of the wheelchair is uncomfortable for the user
because the module constantly captures the user's gaze. This means that the user can never
relax their gaze or look in any direction other than the direction in which the user wants to move
the wheelchair.
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5.2 Gaze estimation relative to the wheelchair (M2)

The results of the implementation of module 2 can be seen in the following video:

https://drive.google.com/file/d/luagb3mMKnBJULtZIXURzSNID8b7vijfpB/view?usp=sharing

In the video, on the left, the real-time images of the front camera and the eyes are shown with
the Pupil Labs software. In the middle, the scene built with VPython (see Section 4.2.4.4 to
see what is presented) and on the right, at the top, the terminal window with all the information
that has been measured from the module: the head displacement (yaw, pitch, roll), the position
of the 3D gaze relative to the front camera in millimetres, the distance between cameras
(translation matrix), the position of the 3D gaze rotated to the wheelchair reference system,
the position of the 3D gaze relative to the wheelchair and finally, the code processing time
(time between collecting the images from the cameras and obtaining the results). On the
bottom right, the real wheelchair user is shown with the eye-tracking device and the
environment camera attached to the wheelchair, the Asus Xtion. At the beginning of the video
the user keeps his head fixed and only moves his gaze, places his gaze in different positions
in the environment and as a result, in the VPython scene, the black arrow corresponding to
the 3D gaze position with respect to the front camera moves. The results obtained in the
terminal window for bearing, bank and roll angles in this case are close to zero because the
user has not yet rotated his head. Next, the video shows how the user starts to move the head,
first by doing a bearing clockwise and then counterclockwise. Later, the user performs the
head lift clockwise and then counterclockwise and finally, a head roll first clockwise and then
counterclockwise. All the values obtained of rotation and gaze are shown on the right side of
the video, terminal window.

To analyse this module and to be able to decide whether the values of the gaze position with
respect to the wheelchair are good, it is necessary to analyse the user's head rotation (bearing,
elevation and bank angles) that are used for the rotation matrix, the distance between the front
camera and the camera attached to the wheelchair (translation matrix) and finally, the accuracy
of the user's gaze position with respect to the front camera.

After testing and as shown in the video the head rotation angles are not exact but are close to
the actual rotation of the user. When the head is straight and looking straight ahead, the values
for all head rotation angles are very close to zero as there has been no rotation as can be seen
in the video. When the user moves the head and does a clockwise bearing rotation
approximately if it moves 20 degrees, the code approaches those values but with some offset
and the same happens with the rotation in elevation and bank. As can be seen in the video,
because the rotation is obtained through image matching, when the two cameras do not
capture similar images, no angle is obtained and, in the VPython scene, where the user with


https://drive.google.com/file/d/1uaqb3mMKnBJULtZIXURzSNlD8b7vjfpB/view?usp=sharing
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the wheelchair is shown, it stops. In this case, although nothing is shown in the scene, the
programme still analyses the images and when it finds two matching images, it shows the
result of the rotation of the head in the scene and in the terminal window. The impossibility to
obtain the rotation of the head and therefore the gaze with respect to the wheelchair at certain
times is a serious problem if the module were to be used in the autonomous control of the
wheelchair. Therefore, to always obtain rotation it is necessary to add other devices or
techniques. It is worth mentioning that, as can be seen in the video, at some moments the
calculation of the rotations is erroneous due to a failure in the matching of the images, for
example, it could be that false descriptor points have been obtained in the matching of the
images or that the value given by the Xtion camera for the depth of the middle descriptor point
is erroneous. This error causes the displayed user's head to make some unintended head
movement in the video.

The distances between cameras (translation matrix) are considered constant in this module
and in reality, the distance between cameras is not fixed. As soon as the front camera on the
user's head moves relative to the Asus Xtion camera attached to the wheelchair, the translation
matrix can no longer be considered constant. The movement of the user's head can be due to
different causes. For example, the user may move around in the wheelchair by changing
position because he/she does not find it comfortable or by changing the different inclinations
of the seat. It should also be considered that when the user rotates their head, whether they
want to or not, and even if they try to do a small movement, there will be a change in the
distance between the cameras. In this module it has been considered constant, although for
greater precision of the user's gaze with respect to the wheelchair it would be necessary to
consider implementing a system for measuring and monitoring the distance between the two
cameras in real time.

Finally, the accuracy of the gaze position with respect to the wheelchair will also be determined
by the accuracy of the gaze position obtained with the Pupil Labs Core eye-tracking device. In
order to obtain a good gaze position in this device, so that the gaze distance obtained from the
user is the same distance as where the user is actually looking, a good calibration has to be
carried out. In this case, as in the other modules, the calibration is carried out by means of 5
markers whose positions in the scene camera coordinates are related to certain parameters
of the eye such as the position of the centre of the pupils. This calibration has been performed
at a certain distance and through a computer monitor. Therefore, the accuracy of the gaze is
higher when the objects the user is looking at are at the same distance as the distance at which
the calibration was done. If the user, for example, chooses to look at distances further away
than the calibration distance, the accuracy of the gaze given by the device is lower. Since the
user's head rotates and when rotating the distances between the user and the objects can be
different, and if, in addition, the user moves around with the wheelchair in the environment, the
calibration that has been done so far using the computer monitor is not adequate.
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It can be concluded that obtaining the user's gaze with respect to the wheelchair does not give
a satisfactory value due to the influence of the multiple variables and factors discussed above.
However, it is important to note that the steps followed in the implementation, including the
mathematical equations applied, have been consistent with the established approach.

In addition, there are times when gaze information cannot be acquired due to cameras
capturing different images of the environment. This poses a significant challenge since it is
imperative to consistently obtain gaze data when implementing gaze tracking within an
autonomous wheelchair control system.

5.3 Object detection (M3)

The results of the implementation of module 3 can be viewed at the following link:

https://drive.google.com/file/d/LTURNOPMbOot8aVww69gkLMU 6fggqH7OTB/view?usp=shari
ng

In the video a large image of the environment taken by the front camera of Pupil Labs can be
seen and in the lower left corner the images of the eyes. The user's gaze is reflected in the
image of the environment with a large red circle. In addition, this image also shows in the upper
left corner the position of the gaze relative to the front camera in millimetres, the number of
objects detected and if a match has occurred, the name of the class of the object on which the
user's gaze was fixed. At the beginning of the video, the user does not fix his gaze on any
object until the user fixes his gaze on one of the cups. When the user fixes his gaze on the cup
for a second, several objects are detected, although the cup on which he fixes his gaze is not
detected. The user then decides to look at another cup, the cup whose design is all white but
is very close to another cup. Being very close, the algorithm detects both but matches the other
because the centre of its bounding box is closer to the gaze position. Later, it fixes its gaze on
a keyboard, a chair, a mouse and a computer in which they are well detected by the algorithm
and a match is made, with the name of the class in which it occurred being displayed at the
top left of the image.

First, as an analysis in this module, it is important to check whether the detection of entities in
the environment using the YOLOvV5 algorithm is acceptable or not. As seen previously,
YOLOV5 can detect eighty classes of entities. These classes are objects that can be found
both indoors and outdoors. Since analysing the detection of all eighty classes would be a very
extensive analysis, it is decided to analyse the detection of two classes of objects that can be
very frequent to see when the user uses the wheelchair. The first class of object analysed is
chairs, and it has been chosen because when the user is in a wheelchair and must move
around, one of the most common obstacles he/she will encounter is chairs.


https://drive.google.com/file/d/1URN0PMbOot8aVww69qkLMU_6fqqH7OTB/view?usp=sharing
https://drive.google.com/file/d/1URN0PMbOot8aVww69qkLMU_6fqqH7OTB/view?usp=sharing
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For the analysis, 46 images were taken with a total of 57 chairs, some images had more than
one chair. In Figure 34, four of the images used for the detection are shown. In the top left of
these images, a red number corresponding to the class number can be seen in some of them.
In the case of the chairs, the class number is 56. If no number appears, no object has been
detected. In the case of the upper and lower right image, the chairs have been detected
because they have the class number 56 in the image. On the other hand, in the upper left
image, another object class has been detected, whose number, 41, corresponds to the class
number of the cups. In the lower left part, no object has been detected because there is no
number.

The algorithm only detected 20 chairs out of 57 chairs, 35% of all chairs. This result is very
low. One positive thing is that at no time has any other kind of object been detected on the
chairs shown in the image. This result may be because not enough chair models with different
geometric shapes have been considered when training the neural network. In addition, in some
of the images used for the analysis, the chair was occluded by an object, or the full shape of
the chair could not be seen.

Figure 34. Four images with chairs used for YOLOvV5 analysis.

To check that the detection is not only bad with one of the classes, another object has been
used, in this case, cups. This object was chosen because if the robotic arm must pick up
objects, cups are very common. Fifty-four images of cups are analysed with a total of 96 cups,
some images have more than one cup. In Figure 35, four images of the 54 used are shown.
As can be seen in the figure, in the upper and lower right images no cup has been detected
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as there is no number. In the upper left image, the two cups have been detected because there
are two numbers 41. In the lower left image, the cup has not been detected but another object,
which corresponds to the class humber of the computer mouse.

The result of allimages is 33 cups detected, 34.4% of all cups. In none of the images were the
cups detected as another object. This result is still low and the reasons for it being so low are
the same as those due to the chair class.

Figure 35. Four images with mugs used for YOLOV5 analysis.

The proposal to improve this detection data is to train the neural network using a new data set
instead of using an already trained YOLOV5 model by default. In this new data set, | would add
images of the objects that | would be most interested in detecting and reduce the detection
problem by reducing the number of object classes to be detected.

Once the algorithm that detects the objects has been tested, a qualitative analysis of the
module is carried out. As explained above in the implementation part, if the user's gaze is fixed
for more than one second, the objects in the environment are detected. If the user's gaze is on
one of the detected objects, a match is made and the class name of the object on which the
user is gazing is obtained. If there are several objects whose bounding boxes have the gaze
position inside, the match is made with the object whose bounding box centre is closest to the
gaze position. This match is shown on the screen with a cross in "X". As can be seen in Figure
36, the user wants to fix his gaze on the computer but obtains as a match the cup. This is
because the gaze position was closer to the centre of the cup's bounding box than to the
computer. This can be considered a problem because the user is detecting another object that
he does not want to detect with his gaze. As can be noticed, when the detected objects are
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separated from each other, there is no problem with the match but if the objects are close
together and in the field of view some are occluded by others, the matching can be wrong.

&7 Pupil Capture - World

Figure 36. Object detection and fixation matching using module 3 code.

5.4 2D Gaze estimation (M4)

The results of the module 4 can be viewed in the following link:

https://drive.google.com/file/d/1SFKuBfG5VkXiopatNGKaaQCNwLNB4X Z/view?usp=sharin
o]

This video starts with the calibration of the Pupil Labs eye-tracking device using the Pupil Labs
software. The calibration consists of a choreography of 5 markers where the user has to fix the
gaze on each of the markers without moving the head. Once the glasses are calibrated, the
user's gaze position is displayed using Pupil Labs software. The position is shown with a red
circle and it can be seen how the user looks at different objects: first a cup, then a book, then
a bottle and finally a bottle of water. Specifically, the user focuses his gaze on the centre of the
crosses on each of the objects. This is intended to show the accuracy of 2D gaze acquisition
using the Pupil Labs software. As can be seen and given that the calibration has been done at
the same distance at which the user looks at the objects, the accuracy is very high, as the
user's gaze calculated by the Pupil Labs software remains in the centre of the crosses of all
the objects.


https://drive.google.com/file/d/1SFKuBfG5VkXiopatNGKaaQCNwLNB4X_Z/view?usp=sharing
https://drive.google.com/file/d/1SFKuBfG5VkXiopatNGKaaQCNwLNB4X_Z/view?usp=sharing
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The Pupil Labs program is then closed, and the accuracy of the gaze is compared with the
program that has been created for this module. To do this, the user performs the same action,
which is to look at the centre of the crosses of the different objects. As can be seen, the 2D
gaze obtained with the program created also provides good accuracy since the calculated 2D
gaze also remains in the centre of the crosses of each of the objects. Although the video shows
the image of the environment, the image of the eyes and the position of the gaze, the program
created has also the option of not showing any image and only obtaining the data of the 2D
gaze when the program is executed, which is the purpose of the creation of this module.

Next, a more detailed analysis of how accurate the 2D gaze is with the created program is
carried out. For this, the four objects shown in the video are used again: the two books, the
bottle and the cup. To perform the analysis, the error is obtained by comparing the position in
coordinates of the object's crosshairs in the environment image with the 2D position calculated
by the program when the user looks at the centre of the object's crosshairs.

As indicated above, the program created uses a polynomial model to predict the 2D gaze that
is trained with the data from the previous calibration performed with the Pupil Labs software.
For a rigorous analysis, the calibration of the device must be performed several times to check
whether the error obtained is due to the calibration or to the polynomial model used.

Table 6 shows all the measurements taken. It shows for each calibration and object, the
position of the object in the coordinates of the image (real position) and the position of the
user's 2D gaze calculated by the program in the same image (gaze position). The data is
displayed by first providing the x-coordinate of the position in the image (horizontal coordinate)
and then the y-coordinate (vertical coordinate) in pixels. As can be seen, the position of the
objects in the image (position of the centre of the crosses) changes because the image is
captured from a different perspective. This table also shows the error in each of the
measurements, the mean absolute error of the 2D gaze position for each object and the
average error obtained taking into account all the measurements. This last error was 12 pixels
of error in the x-coordinate and 14.5 pixels of error in the y-coordinate (12 x 14.5). A very small
error compared to the image size of 1280 x 720 pixels.

The results are therefore very satisfactory as good accuracy of the user's 2D gaze is achieved
as in the Pupil Labs software, but with the improvement that it is not necessary to have the
graphical user interface open.
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Table 6. 2D gaze error.

Calibration Computer
number Bottle Book Mouse Cup
N°1 Real position 693 x 419 640 x 363 642 x 357 625 x 370
(pixels)
Gaze position 670 x 420 632 x 370 630 x 350 610 x 360
(pixels)

Error (pixels) 23x1 8x7 12x 7 15x 10
N°2 Real position 678 x 384 735 x 370 747 x 348 704 x 362
Gaze position 680 x 380 730 x 370 740 x 320 690 x 336

Error 2x4 5x0 7x 28 86 x 26
N°3 Real position 738 x 389 738 x 389 687 x 364 672 x 395
Gaze position 750 x 400 720 x 380 680 x 360 670 x 390

Error 12x 11 18x 9 7x4 2X5

N°4 Real position 734 x 402 715 x 402 648 x 361 646 x 390
Gaze position 740 x 400 690 x 380 630 x 380 620 x 410

Error 6x2 25x 18 18 x 19 26 x 20
N°5 Real position 728 x 383 714 x 349 666 x 347 654 x 380
Gaze position 740 x 340 720 x 320 670 x 320 660 x 360

Error 12 x 43 6x29 4x 27 6 x 20

Mean absolute error 11x 12,2 12,4x 12,6 9,6 x 17 27 x 16,2
Total mean absolute error | 12 x 14,5

el
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Chapter 6

6 Budget and time planning

6.1 Budget

In this chapter, the cost incurred in the life of this project is split into four categories: rental,
material, energy and staff costs. Furthermore, the final total cost of the project is calculated. It
must be mentioned that the calculation is based on an estimation of the real cost.

Rental costs

The project has been developed in the Robotics lab which belongs to the Automatic Control
and Computer Engineering department in Campus Nord. The estimated cost of the work area
used is shown in Table 7.

Table 7. Rental costs final project.

Type Rental Cost | Usage Time (months) | Total Cost (€)
(€/month)

Area of work 200 7 1.400

Material costs

The equipment used for the project involves a computer and two cameras. The laptop is a
Lenovo IdeaPad 3 [70] and the cameras are an Asus Xtion Pro Live [71] and a Pupil Labs
Core [72]. In addition, the price of the robotic wheelchair is also included; although the exact
price is not known, an average price is chosen for wheelchairs with the same features: chair
batteries, motors, and seats. Because none of the cameras, the computer or the robotic
wheelchair has not been bought, especially for the project, the material costs are only the
depreciation costs, the costs incurred during the project for the use of the material. According
to Law 27/2014 on Corporate Income Tax defined by the Spanish Government [73], the
depreciation of cameras considered "Electronic equipment” has a maximum linear coefficient
of 20%. The computer considered "Information processing equipment” has a maximum linear
coefficient of 25%. In the case of the wheelchair, it has been considered an "internal transport
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element” with a coefficient of 10%. The depreciation costs are calculated based on a worst-
case scenario, considering the maximum linear coefficient.

The depreciation costs can be calculated following Equation (28).

o . . . Usage Time
Depreciation Cost = Maximum linear coef ficient - Purchase Cost - BT E— (28)
The material cost are shown in Table 8.
Table 8. Material costs final project.

Device Purchase Cost (€) Usage Maximum Depreciation

Time linear Cost (€)

(months) | coefficient

(Percentage)

Laptop 649 7 25 94,65
Asus Xtion Pro 300 7 20 35
Live Camera
Pupil Labs Core 2850 7 20 332,5
Camera
Robotic 3100 2 10 51,67
Wheelchair

Energy costs

The energy costs of this project are the costs of consuming electrical energy to charge the
batteries of the wheelchair as well as the energy consumed by the computer and the lighting
of the work area. As the robotic wheelchair was only used for the last two months before the
end of the project, the energy costs were broken down as the computer and workstation were
used for seven months. Completing this master's thesis required 20 working days per month
with four hours of work per day. In this case, the electricity consumption of the cameras is not
considered because the computer battery powers them. As the electricity is consumed at
specific times of the day, the use time has been counted in hours.
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According to the technical specifications of the laptop, the laptop consumes 38 W [70]. The
battery of the wheelchair, considering a similar wheelchair on the market, is estimated to
consume 320 W for each motor, considering two motors [74]. Finally, the lighting of the
workstation is provided by fluorescent lamps consuming 30 W each, with six lamps in the
working area.

The evolution of the PVPC tariff, Voluntary Price for Small Consumers, which follows the
regulated electricity tariff is 0.1105 € per kWh in 2023.

Therefore, considering all the above, the energy costs are shown in Table 9.

Table 9. Energy costs final project.

Power Months Time of Use | Energy Total Cost
Usage (W) (month) (hours) (kwh) (€)
Laptop 38 7 560 21,28 2,35
Working area 180 7 560 100,8 11,14
Robotic 640 2 160 102,4 11,32
wheelchair

Staff costs

Three people took part in the master's degree project. The person in charge of implementing
the interface to move the wheelchair worked for 7 months, 20 days a month and 4 hours a day,
in total about 560 hours. The average salary of a researcher at the Polytechnic University of
Catalonia[75] is €1,280.1 per month full-time, which is €8 per hour.

There were two lecturers in charge of tutoring this master's thesis. Assuming a dedication of
10% of this master's thesis, this would correspond to 56 hours each. The average salary of a
lecturer at the UPC is €21.47 per hour [75].

The staff costs are shown in Table 10.
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Table 10. Staff costs final project.

Staff Dedication (hours) | Average Salary | Total Cost (€)
(€/h)

Engineer 8 4.480

Professors 21,47 2.404,64

Final total costs

The total costs are a sum of all the costs described above. Since they are an estimate of the
real cost, a deviation of 25% has been considered, taking as the final cost the deviation that
would give the highest cost. Therefore, the final total cost of the project is shown in Table 11.

Table 11. Final total costs of the final project.

Type of cost Cost (€)

Rental costs 1400
Material costs 513,82
Energy costs 24,81
Staff costs 6.884,64
Total Cost 8.823,27
Cost deviation (percentage) 25%
Final total cost 11.029,09
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6.2 Time planning

Since a master's thesis takes months to complete, it is very important to plan and organise it
well. For the organisation of this project, the Gantt chart has been used, a tool widely used by
professionals who manage projects. A Gantt chart is characterised by visually showing the
division and relationship of the tasks to be carried out and the dedication needed for each task
to be completed. This project has been divided into three phases that include different tasks:
research, project development, and project draft. In the research phase, the best algorithms,
convolutional networks, cameras for the project, etc. are investigated. In the development
phase, the project is designed, created, programmed, and implemented and the last phase is
the documentation of the project, which is what can be seen in this report, and which is written
during the life of the project. Figure 37 shows the project phases and tasks.
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Final Project

* Research
Choose project
Research interfaces for people with mobility impairments
Research gaze tracking interfaces
Research object detection algorithms

Research local feature detectors and descriptors

* Project's development
Install Pupil Labs Software
Create new Plugin for Object Detection in Pupil Labs
Obtain Front Camera image and Gaze position
Program YOLOwWS for Object Detection in Pupil Labs
Create new Plugin for Gaze Tracking in Pupil Labs
Create socket for Gaze Tracking
Create python file to read and process gaze tracking information
Install Drivers for Asus Xtion Pro Live
Obtain Asus Xiion Image {environment camera)
Apply SURF and RANSAC algorithms
Obtain bearing (yaw) angle head tracking
Obtain elevation (pitch) angle head tracking
Obtain bank (roll) angle head tracking
Transform gaze tracking from front camera to environment camera
Create references and head in Vpython
Apply rotation head and gaze arrow to visualize in Vpython
Combine gaze tracking & cbject detection together
Visualize gaze tracking & object detection in VPython
Create new program as adaptation of Pupil Labs without GLUI

Review codes

Project's draft

Figure 37. Project's Gantt Diagram.
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Chapter 7

7 Social, Economic and Environmental

Impact

The social (Section 7.1), economic (Section 7.2), and environmental impact (Section 7.3) can
be viewed from two perspectives: the impact that the project has already made and the future
impact. Since it is not possible to test the project in a real scenario with people with physical
impairments since it is part of a research project that has not been finished yet, the present
and future impact can only be analysed in a general way without any quantification.
Furthermore, the future impact has been made by predicting what it is believed that it might
be.

7.1 Social impact

The social impact that this project generated was the opportunity for a master's student who
had no experience in working on a research project to work on it. This involvement in a
research environment has contributed to the student developing skill competencies and
knowledge in installing and programming software and in computer vision and deep learning
techniques. Furthermore, this project has helped me develop a research mindset and
empowered me towards the possibility of a research career.

In the future, this project will have a great impact on physically disabled people. It will bring the
opportunity for disabled people to be more independent when using the wheelchair, boosting
self-esteem and empowerment. Furthermore, it will help them in their day to day minimising
the emotional and physical burden they have.

7.2 Economic impact

The economic impact of the project is described in Chapter 6.

In the future, the economic impact of this master's thesis and the research project to which it
belongs is a saving for people with mobility problems in personal care costs, as the wheelchair
will offer greater autonomy to users, requiring less assistance from other people or
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professionals. Furthermore, if this type of robotic wheelchair is developed safely and reliably
for all users, it will allow the creation of a new assistive technology market with economic
opportunities for all types of professionals, especially those specialising in this type of
technology.

7.3 Environmental impact

The main environmental impact that this project has generated is related to the power
consumption of the equipment and the working area that this project has used for its
development. To quantify the impact of the project activity, the carbon footprint, an
environmental indicator that reflects the total amount of greenhouse gases emitted into the
atmosphere by the activity of a company or individual, is used as a measure. In this case, it is
an approximation of the carbon footprint generated by the consumption of electricity to charge
the batteries of the wheelchair as well as the consumption by the computer and the lighting of
the work area.

As it has been shown in Chapter 6 in the section of “Energy costs”, the energy consumption
was: 21,28 kWh for the laptop, 100,8 kWh for the fluorescent lamps and 102,4 kwh for the
robotic wheelchair batteries, a total of 224.48 kWh. Considering the electricity supply is from
non-renewable energy sources and using the Ecodes calculator [76] the estimated carbon
footprint is 92,045 kg of CO2.

The environmental impact this project may have in the future is the carbon footprint emitted
due to the electricity consumed to charge the wheelchair batteries.
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Chapter 8

8 Conclusions and Future Work

Globally, it can be concluded that the objectives of the work have been adequately met.

The first objective was to provide the user with a simple control to control easily the movement
of the wheelchair and the position of the different parts of the seat. This objective has been
achieved, although it has been observed that the accuracy of the gaze was not good. However,
the user could still move the wheelchair as he/she only had to look in different regions to obtain
the different commands to move the wheelchair. Furthermore, from the user experience, it has
been observed that the application was not very convenient to use by the user, as the user
had to always give instructions on where he/she wanted to move with his/her eyes and could
not be distracted.

The second objective was to take the first steps for the autonomous control of the wheelchair
by detecting the objects in the environment, the object on which the user was focusing the
gaze and obtaining the user's gaze with respect to the wheelchair to know the approximate
distance at which the user wanted to move. In terms of detection, it has been observed that
the pre-trained convolutional network used, YOLOV5, was not the most suitable because the
detection rate was very low. In addition, the matching of objects with the user's gaze gave
errors when the objects in the field of vision were very close and covered by each other.

In obtaining the gaze with respect to the wheelchair, it was observed that the result was
conditioned by three factors: the rotation of the user's head, the distance between cameras
and the 3D gaze with respect to the front camera of the headset. In the first of these, obtaining
the user's head rotation angles, it was noticed that the image matching technique used
presented a major challenge, if the cameras were looking at different areas of the environment,
obtaining the rotation angles was impossible. Secondly, it was found that taking the distance
between the cameras as constant could lead to errors. Thirdly, obtaining the 3D gaze with
respect to the front camera was assessed that to achieve good accuracy, the calibration, as in
the previous case, had to be carried out at different distances.

The last objective was to try to improve the Pupil Labs software to obtain 2D gaze data without
the need for a user interface when the program was running. To do this, the program created
took as input data the calibration performed with the Pupil Labs software and the images of
the eyes in real-time. With the calibration data, it trained a polynomial regression model and,
using software libraries, detected the position of the pupils. After training the model, the 2D
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position of the gaze was predicted. The results of the implementation of the improved software
were very satisfactory because the error obtained between the real position where the user
looks, and the calculated position was small.

Future work

As future work, the following ideas are mentioned to try to solve all the problems observed in
the implementation of the modules.

e Create a calibration routine in which the markers are at different distances from the
user. The aim of this improvement is to obtain greater accuracy of gaze with the Pupil
Core Labs device when the user is moving around with the wheelchair.

¢ Improve the user's experience in controlling the movement of the wheelchair and the
position of the different parts of the seat through gaze and blinking. To do this, instead
of continuously asking for the user's gaze, only obtain it when the user gives the order.

e For future autonomous control of the wheelchair and to correctly obtain the gaze with
respect to the wheelchair, a device should be added to know the distance between the
cameras in real-time. In addition, a technique other than image matching should be
applied to always obtain the rotation of the user’s head.

e Create a neural network with its own data set to increase the number of object
detections. In addition, apply other object detection techniques that do not use
bounding boxes such as semantic segmentation to improve, when there is occlusion
between objects, the match between the object that the user wants to detect and the
one detected by the module.

e Continue to improve the adaptation of the Pupil Labs software for gaze acquisition with
the Pupil Labs Core headset without the use of the user interface. For this, the next
step would be to obtain the gaze position in 3D.

Personal conclusions

During my master's thesis, | was faced with several challenges that demanded significant
effort. My research focused on the use of an eye-tracking device that was initially completely
unknown to me in terms of how it worked and how | could modify the device's software code
to suit the objectives of my study.

One of the first barriers | had to overcome was the installation of the camera drivers and
associated libraries. This task was complicated by incompatibilities between the different
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hardware and software elements. In addition, | had to find a way to provide a solution on how
to fix and replace one of the cameras of the Pupil Labs Core headset that had broken down.
However, | feel that this experience provided me with valuable knowledge in the field of
software installation and technical troubleshooting, skills that | consider fundamental in my
training.

In addition, during my research, | came across different techniques and algorithms that were
completely new to me, which | had never had the opportunity to use before. This allowed me
to expand my knowledge in computer vision, Python programming and artificial intelligence.

One of the most interesting aspects of my research was to learn how to go from obtaining raw
pupil position data to obtaining information about the user's gaze. This process led me to delve
into the inner workings of the eye-tracking device, an aspect we often take for granted.

Despite the many challenges | faced, and the effort invested, the master’s thesis has been an
extremely enriching experience as | have not only managed to broaden my technical skills and
knowledge but also gained greater confidence in my ability to tackle complex projects and
solve technical problems.
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