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ABSTRACT

CONTEXT-AWARE GAZE-BASED INTERFACE FOR SMART WHEELCHAIR

TIEN PHAM, M.Sc.

The University of Texas at Arlington, 2023

Supervising Professor: Manfred Huber

Human-Computer Interfaces (HCI) is an essential aspect of modern technology
that has revolutionized the way we interact with machines. With the revolution of
computers and smart devices and the advent of autonomous vehicles and other ma-
chines, there has been a significant advancement in this area that brings convenience
to users to interact with technology intuitively and efficiently. However, the impor-
tance of HCI goes beyond the convenience of everyday technology. It has become
crucial in the development of assistive technologies that empower people with disabil-
ities to live more independently. Person with disabilities, who lack control of one or
more parts of their physical body or who have mental limitation have to interact with
the machine in a special often very custom way that match their individual capabil-
ities. One common machine that many people with severe physical disabilities have
to interact with every day is the wheelchair which has been used for decades to facil-
itate their lives. While many times the common simple interfaces which are usually
available on wheelchairs, such as joysticks or sip and puff interfaces, are sufficient,
they are difficult to use for persons with severe disabilities who do not have proper

control of their hands or are inconvenient and hard to utilize. This need as well as



the quest for more intuitive, less overhead control leads to research for other ways
to interact with a wheelchair in the context of partially autonomous navigation. In
this thesis, a context-aware gaze-based interface is developed to allow users to con-
trol the wheelchair naturally without translating the user’s eye gaze input to specific
commands. The system can estimate eye gaze directions and analyze the location
users are looking at to obtain the context for inference of user navigation intention.
A navigation detection model is also embedded into the system that can distinguish
between users’ navigation intention, navigation-related attention or non-navigation

attention to serve as a driver of semi-autonomous smart wheelchair systems.
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CHAPTER 1
INTRODUCTION

1.1 Motivation

How can a computer system understand what we want to do? This
is always an interesting question in the research of Human-Computer Interaction
(HCI), an area that has been developing over the few recent decades with the explo-
sion of electronic smart devices and the advancements in computing systems. HCI has
been deployed in various application domains, from smartphones to virtual assistants,
from television to autonomous vehicles, to facilitate the convenience of our daily life.
However, the effect on and importance for people with disabilities has often been un-
derestimated. They account for a large segment of the human population andand can
often significantly benefit from specialized ways to interact with assistive devices due
to their physical limitations. An interesting example of this problem is the way dis-
abled persons interact with the electrical wheelchair which has been investigated by
various research efforts. The simplest way is to ask the user to give the machine dis-
tinct commands from various means such as joystick input or vocal commands so that
the machine could understand the intention of users. However, those approaches are
limited by transferring the intentions into commands which causes the users a certain
amount of cognitive load and forces them to divert attention towards the command
generation task. This raises a research problem of how the smart wheelchair
can understand the navigation intention of the user without requiring an
additional cognitive task. In order to achieve that, the smart wheelchair needs

to (1) get the navigation signal from users and (2) understand the intention of those



navigation activities directly from the normal user behavior. This leads to a research
statement for this thesis: A navigation intention detection system applied on smart
wheelchairs.

Attention detection is an emerging technology that has the potential to rev-
olutionize the way we navigate through our daily lives. By incorporating attention
detection into navigation systems, we can create more efficient and safer routes that
take into account the user’s level of engagement with their surroundings. For smart
wheelchairs, this would allow users to operate the device more intuitively while keep-
ing their attention on the surrounding, but its significance goes beyond this to all
types of driving, as distracted driving is a leading cause of accidents on our roads.
With attention detection, navigation systems can monitor the driver’s level of focus

and provide alerts or rerouting recommendations when necessary.

1.2 Related Work

A Smart Wheelchair is an advanced type of wheelchair that uses sensors, cam-
eras, and other technologies to help individuals with disabilities navigate their sur-
roundings with greater ease and independence [5]. These wheelchairs are equipped
with a range of features and capabilities that make them different from traditional
manual wheelchairs or motorized wheelchairs. Smart wheelchairs may have features
such as obstacle detection, automatic braking, and advanced navigation capabilities.
There are several interfaces that have been developed for smart wheelchair ranging
from joysticks [6, 7, 8], air pressure [3], tongue-based [3, 9], physiological signal-based
[3], voice-based [10], head movement and eye tracking [11]. This section discusses
some of the existing Human-Wheelchair Interface types with their advantages and

disadvantages.



1.2.1  Joystick Interface

Joystick interfaces are one of the most common types of input devices used
in smart-wheelchair systems and have been commercialized into real products for
decades. A joystick is a lever that can be moved in different directions, and its position
is used to control the movement of the wheelchair. Due to its popularity, the joystick
interface is easy to use, requiring minimal training and experience. This makes them
an ideal input device for individuals with limited mobility or cognitive impairments.
Furthermore, the joystick can be customized in terms of sensitivity, speed, and other
parameters, providing users the ability to precisely control the wheelchair with safety
assurance. However, users have to have relatively good control of their hands and have
to always focus on controlling the wheelchair with the physical effort of holding the
joystick, which often limits the maneuvering ability and imposes additional cognitive

tasks. Figure 1.1 shows an example of a smart wheelchair with a joystick interface

1].

Figure 1.1. Joystick Interface for Smart Wheelchair. Ottobock XENO [1].



1.2.2  Voice-Based Interface

Due to the recent advanced achievement in Natural Language Processing (NPL),
Voice-Based Interfaces have gained increasing popularity and have been widely used
for a wide range of smart devices such as Alexa from Amazon, Google Home, Siri,
and have been made available through multiple commercial and open source software
systems to use voice command. Voice Command systems for smart wheelchairs have

been developed and tested by multiple research groups [12, 13, 14].

The kitchen is
own the hall £

Figure 1.2. MIT Intelligent Wheelchair Project|[2].

A voice-based interface for smart wheelchairs is a type of assistive technology
that allows users to control their wheelchairs using their voice. This technology uses
speech recognition software to understand the user’s voice commands and convert
them into actions that the wheelchair can perform. The voice-based interface can

be used to control various features of the wheelchair, such as steering, speed, and
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braking. The development of a voice-based interface for smart wheelchairs involves
several challenges. One of the biggest challenges is designing a speech recognition
system that can accurately recognize a wide range of accents, dialects, and speech
patterns. Another challenge is designing a natural language processing system that
can understand the user’s intent regardless of the ambient noise which is very common
in real-life settings. In particular the latter has generally limited the deployment
of such systems to very limited and controlled environments to avoid unintended
movements due to mistakes of the recognition system. Figure 1.2 shows an example

of an intelligent wheelchair with a voice interface [2].

1.2.3 Physiological Signal Interface

Physiological Signals are signals generated by the human body activities such as
brain signals (Electroencephalogram - EEG), muscle signals (Electromyogran - EMG),
and eye signals (Electrooculogram - EOG) which have been used for a significant
number of experimental and research HCI applications recently [15, 16, 17]. One of
the primary advantages of physiological signals is that they can provide more natural
and intuitive interaction between humans and computers, which can lead to improved
user experience and increased efficiency. For instance, instead of using a traditional
keyboard and mouse, physiological signals such as muscle tension and eye movements
can be used for gesture recognition or to control a cursor on a screen, allowing for more
intuitive and efficient navigation. Another advantage of using physiological signals
in HCI applications is their ability to provide real-time and objective feedback on
the user’s emotional and cognitive states. By measuring physiological signals such as
heart rate, brain waves, and skin conductance, the interface can provide insight into
the user’s stress levels, attention, and engagement with the system. This information

can be used to adapt the system’s interface to the user’s needs and preferences, leading
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to a more personalized and effective user experience. An example of Brain-Computer

interface for a smart wheelchair is shown in Figure 1.3 [3].

Figure 1.3. Brain-Computer Interface for Smart Wheelchair [3].

However, there are also some disadvantages to using physiological signals in
HCI applications. One of the main challenges is the variability of physiological sig-
nals across individuals, which can make it difficult to develop a universal model for
interpreting the signals. Additionally, physiological signals can be affected by various
factors such as medication, illness, and environmental conditions, which can lead to
noisy or unreliable data. This can make it challenging to accurately interpret the
signals and use them as reliable inputs for HCI applications. Furthermore, physiolog-
ical signals are relatively small (pV level) which makes the system very sensitive and
prone to environmental noise. A final complication with the use of most physiological

systems for interfaces is that they usually require specialized sensors to be worn by
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the user, thus increasing the overhead of activating the interface each time the user
enters the wheelchair and frequently requiring a new calibration even for the same

user to address the precise location of the sensors.

1.2.4 Head Movement and Eye Tracking Interface

A head movement and eye-tracking interface for a smart wheelchair is a human-
computer interface (HCI) that enables individuals with limited mobility to control the
movement of a wheelchair using their head and eye movements. This technology works
by detecting the user’s head movements and eye gaze direction through a combination
of sensors and cameras and then translating these movements into commands for the
wheelchair’s movement. The head movement interface typically consists of a small
sensor attached to the user’s forehead or glasses, which measures the orientation and

movement of the head in different directions. The eye-tracking interface, on the

Figure 1.4. Gaze-Based Interface for Smart Wheelchair [4].

other hand, uses a camera to track the user’s eye movements and gaze direction. By
combining these two input modalities, users can control the direction and speed of
the wheelchair’s movement by simply moving their head or looking in the desired di-

rection. For example, turning the head to the left could cause the wheelchair to turn
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left, while looking straight ahead could cause it to move forward. This type of inter-
face can provide significant benefits for individuals with limited mobility, including
those with spinal cord injuries, cerebral palsy, or other physical disabilities that limit
their ability to use traditional joystick-based wheelchair controls. However, there are
also some challenges to consider when using head movement and eye-tracking inter-
faces for smart wheelchairs. For example, users may experience fatigue or discomfort
after prolonged use, as the constant movement of the head and eyes can be tiring.
Additionally, the accuracy and reliability of the interface can be affected by various
factors such as lighting conditions and the user’s physical condition, which can lead
to errors or misinterpretation of the user’s movements. Moreover, as most of these
interfaces define a set of specific movements or eye blink responses to identify com-
mands, the use of these interfaces can interfere with and be influenced by common
gaze and head movements that happen during common activities during navigation,
such as the head movements or gaze changes when encountering a known person or
when hearing an unexpected sound, causing additional cognitive load and requiring

heavy concentration on the gaze-based navigation commands [18, 19].

1.2.5 Analysis
Each type of interface has its own advantages and disadvantages which raise
the idea of using a hybrid approach with a priority on an intuitive, effortless, and
reliable interface. Within this it is important that such a system does not generate
incorrect or additional navigation instructions and that it can correctly and reliably
identify the navigation instructions or intentions of the user.
e Trigger interface. A smart wheelchair is a vehicle which needs to be safe
for the user to use. The trigger mechanism of the wheelchair that determines

whether to run or be idle needs to be reliable and comfortable for the user
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to use. Electromyogram (EMG) seems to be the most suitable option when
it relates to the lightweight cognitive, conscious task of the user, and can be
embedded into multiple places on the user’s body depending on the user’s pref-
erence and availability of the muscle. EMG is the strongest and most reliable
physiological signal which can be easily captured from the outer skin. The user
can easily squeeze the leg, calfor muscles in the shoulders to generate a strong
signal. While this still requires the wearing of special purpose sensors, its signal
tends to be relatively robust with respect to small placement variations, at least
if only a small number of commands are extracted.

Navigation Interface. In addition to determining when to move and when
not, the system also needs to identify the user navigation intention to move
accordingly. Most of the prior works translate the inputs from the user into a
new set of commands for a joystick interface following pre-defined rules. Take a
hand gesture interface [20, 21] as an example. Here 4 gestures of the hand are
set to 4 navigation commands such as turn left, turn right, forward and stop.
While the signal variation between gestures can make the classification task
easier and the system more reliable, the translation of gestures into commands
places a significant cognitive burden on the user as this use of gestures for
continuous navigation is not intuitive. This can make long-term usage of the
system more difficult and may require users to undergo a significant training
process to become familiar with the gesture-to-command translation rule. In
the research presented in this thesis, eye gaze, one of the least effort signals
for navigation, is chosen due to its intuitive relation to and use in navigation
behaviors of humans. Users who look for longer periods to the left side will
normally not want to turn to the right side and vice versa. However, eye gazing

is not always used for navigation. Users may look at some distraction factors
9



such as their friendsor a picture on the sidewall while continuing to go straight.
That challenge raises an important issue which is the main scientific problem of
this thesis: Could the system differentiate the pattern of navigation and non-
navigation related eye gazing behavior? This will be discussed in the following

sections and throughout the remainder of this thesis.

1.3  Human Visual Attention Detection and Navigation

The human visual system is the complex network of structures and processes
that allows us to perceive and interpret visual information from our environment. At
a high level, the human visual system can be divided into two main components: the
eyes and the brain. The eyes are responsible for capturing light and converting it
into neural signals that can be sent to the brain for processing. The brain, in turn, is
responsible for interpreting these signals and generating visual perceptions. as one of
the most salient senses, humans, as well as other creatures in the world, use eye gazing
for a wide range of purposes, including navigation. This leads to the complicating
factor for gaze-based navigation that humans will not always focus on the destination
while moving. Instead, they can look around to see if anything happens that can
affect the navigation intention, or if something attracts their attention. In order
words, eye gazing, on the one hand, is one of the most intuitive factors representing
navigation intention; on the other hand, it is difficult but imperative to distinguish
navigation intention from other attention activities.

To solve this problem, the second part of the human visual system - ”the brain”
- needs to be analyzed in order to understand the gaze activities of users. However,
it is very difficult to capture the brain signal from the user due to the weak and
prone-to-noise characteristics of brain signal sensing technologies as mentioned in

the previous section. However, the intention could often be indirectly inferred from

10



gazing behaviors as well as the environment settings. For example, it is unlikely a
navigation intention if the user is looking upward or if they are looking at a wall. It is
probably not a navigation intention if the users quickly look to the left or right side.
Those logical interpretations give a promising motivation for navigation intention
detection by analyzing the eye-gazing directions along with environmental perceptions

representing the context of the gaze.

1.4 Context-Aware Interfaces

Eye gazin Gaze
ye gazing direction
estimation
Region-of-Focus » Navigation Intention
Localization > Detection
Object Detection Context
Perception

Figure 1.5. Context-Aware Gaze-Based Interface.

To capture the previously mentioned intentions, the smart wheelchair needs to
be able to capture the eye-gazing signals from users and has to have the capability
to interpret those signals. Firstly, the eye-gazing direction has to be measured as the
basic input of the interface. There are several eye tracker systems in both wearable
and non-wearable form factors such as Eyetribe [22], Tobii Pro Glass 3 [23], etc. They
have the ability to detect eye pupils using RBG or Infrared Cameras and estimate the

gaze direction. In this thesis, an RBG-based eye tracker component is implemented to
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estimate the eye-gazing direction of users, which is discussed in Section 2.2 in detail.
Secondly, the system has to be able to capture the environmental context and analyze
the position and objects that users are looking at. The objects, such as a person, a
chair, or a car, to which the user is paying attention might have information regarding
the navigation intention. From the eye gaze direction the region where the user is
looking is identified and the system only needs to analyze the objects around that
region. A feasible approach to solve this problem is to use a camera that has a similar
view to the user and infer the region of user attention in the image captured by this
camera. Using this concept, the context-ware interface used in this thesis has been
built which facilitates the capability of interpreting the user navigation intention by
measuring the gaze direction, localizing the region of user focus, and detecting the
object in that region. An overview of the proposed context-aware gaze-based interface

is shown in Figure 1.5.
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CHAPTER 2
SYSTEM IMPLEMENTATION

2.1 Overview

The system proposed in this thesis was built in order to track the user’s eye
gaze as well as to detect if there is an object that they are looking at and what type
of object it is. The system includes (1) one RGB camera placed towards the user’s
face, which plays a role as an eye tracker system, (2) one camera that has a relatively
similar viewing angle to the user view to identify the region they are looking at and
detect whether there is an object in that region. The two cameras are connected to (3)
a computing device that receives the input from both cameras and runs the processing
logic. In this project, a wheelchair is utilized as a use case for the system, although
it is not limited to this particular device and can be applied to other machines as
well. One of the reasons for this setup rather than the use of a wearable eye tracker
is the goal to have a system that requires minimal activity from the user to operate
as target users will often have limited dexterity and might not be able or forget to
put on any wearable devices. The constructed wheelchair prototype is shown on the
left in Figure 2.1 with a high level software architecture overview shown on the right
of the figure.

Due to the intensive computational load of both the eye tracker and object
detector, a processing pipeline is developed that leverages the multi-processing capa-
bilities of the computing device by developing the eye tracker and object detector in
different ROS nodes. The eye tracker node will publish the face topic, including head

pose and eye gaze vector messages, while the object detector node will subscribe to
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Forward Forward Image
[ Camera } ________________________
/ N\
Facial Landmark
Tracking
Eye Landmark
Tracking
Head Pose and Eye
Gazing Estimation

( Eye-Cam Mapping )

Face Message

( Object Detection )

— —
—_—
p—
-
——

Navigation Intention
Detection

ROS-neotic Dense Neural Network
Figure 2.1. Overview of the System.

that topic and perform the detection algorithm. For the sake of being portable and
easy to use, a Microsoft Surface Pro 4 is used as the main computing component.
It has a relatively strong computing capability (4th Gen Intel Core 15-4300U proces-
sor, 2 physical CPUs 1.9GHz) compared to other tablet form factor devices. However,
ROS is not well supported on Windows OS, while Linux OS is not officially supported
by Microsoft Surface Pro 4. A customized Linux Kernel is developed to enable the
peripherals as well as touch screen and camera of the Surface Pro 4 that follows the
tutorials in [24]. We also adapt the system architecture at [25] to run different soft-
ware components which serve different hardware devices and synchronize them using
ROS messages. This architecture helps the system work with multiple communica-
tion protocols like USB or Ethernet, allowing high connectivity and synchronization

126].

2.2 Eye Tracker Component
The eye tracker component consists of an RBG camera that connects to a Linux

machine running ROS-noetic and runs a series of computer vision processes to detect
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the head orientation and eye gaze. A PVC-piped prototype addition to an electric
wheelchair is manufactured that can mount the camera in front of the user and
capture the user’s face. The distance between the camera and the user’s face needs
to be reasonable to balance stability which would favor short mounts and the need to
have sufficient angle and distance to capture the face and both eye when the user turns
the head. If the camera is too close, it can not see both eyes when users turn their
head, which makes the following processing difficult. On the other hand, mounting
the camera far from the face would lead to a smaller face and eye image in the camera
frame, which also degrades the performance of the system. After capturing the face
image, a series of facial analyses using computer vision are implemented, including:
facial landmark location estimation, head pose estimation, and eye gaze estimation.
The overall gaze estimation system works as a semi-pipeline process that gives us the

result of eye gaze as shown in Figure: 2.2.

Head pose
_____Estimation

Landmark

Localization

Eye gazing
Estimation
Head pose

Raw Image Facial Landmark Eye Gaze

Figure 2.2. Eye Gaze Estimation Process.

2.2.1 Facial Landmark and Head Pose Estimation

Facial Landmark Detection. Facial landmarks are located using the Convo-

lutional Experts Constrained Local Model (CE-CLM) to robustly detect the facial

15



landmarks with the pre-defined constraints on the alignment of landmarks and the
shape of the face using a distribution model [27]. The CE-CLM uses a Convolutional
Experts Network to compute a response map that is used to localize the landmarks
with the probability for each individual pixel [27]. While updating parameters, a
Point Distribution Model with Regularized Landmark Mean Shift is used to update
the positions of all landmarks and penalize misaligned or irregular shapes.

Convolutional Experts Network (CEN). The given image is used to extract a
Region of Interest (ROI) based on the estimated position of the landmark. This
ROI goes through a Contrast Normalizing Convolutional layer which performs Z-
score normalization before the correlation operation, which outputs a response map.
Next, the response maps are fed into a convolutional layer with ReLLU units, followed
by a Mixture of Expert Layer (ME-layer) to learn an ensemble that captures ROI
variations. The ME-layer uses a convolutional layer with sigmoid probability decision
kernels. The output response map is a non-negative and non-linear combination of
neurons in the ME-layer using a sigmoid activation [27, 28|.

Point Distribution Model. Active Appearance Model [29] and Deformable Model
Fitting by Regularized Landmark Mean-Shift [30] are used to regularize the shape of
the face constructed by the landmark positions. This stage will help to avoid local
optima, to reduce the complexity of evaluation and to enhance the outlier detection
by penalizing irregular shapes [27]. Additionally, the landmark detector relies on an
initial parameter py which is usually the result of the face detector. The optimal
solution p then will need to have an update dp which can be solved by Regularised
Landmark Mean Shift [30].

Head Pose Estimation. From the landmark locations, a 3D representation of
facial landmarks is established in the projection of the camera using the Direct Least-

Squares (DLS) approach [31]. In this approach, an n point perspective problem
16



is formulated as the constrained non-linear least square minimization problem and
solved by directly computing the local minima with the use of the Macaulay matrix
[32]. The head pose, therefore, can be accurately estimated in the camera perspective

efficiently.

2.2.2 Eye gazing estimation

In order to estimate the gaze vector, the eye landmarks, including the iris,
eyelids, and pupils, are localized in 3D using a Constrained Local Neural Field (CLNF)
[33]. The eyeball center location is calculated from the eyelid landmarks for each eye
and considered as the origin of the eye gaze vector. The intersection between the image
plane and the eye-ball sphere that contains the center of the pupil is calculated and
the vector from the eyeball center to the pupil center that lies on the intersection is the
estimated eye gaze vector. As a result, each eye gaze vector is estimated individually
in 3D with respect to the camera coordinates. This is an efficient approach for eye gaze

estimation that is proven to work accurately in screen-based settings [34].  However,

a) Unreliable Case b) Reliable Case
Figure 2.3. Example of Reliability and Unreliable of Eye Tracker.
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due to the rotation of the head which distorts the landmark locations, especially with
the constraint on the pupil-eyelid alignment, the eye gaze vector is not reliable n the
presence of large head rotations with respect to the camera. An example of the errors
that can occur in the context of larger head rotations is shown in Figure 2.3. As such,
a compensation technique is suggested here to mitigate the effects of head rotation on
eye gaze estimation accuracy. This involves applying a rotation matrix, corresponding
to the head pose, to the estimated eye gaze vector. This intuitive and efficient error
correction method aims to reduce the impact of head rotation on the estimated eye
gaze vector. The final eye gaze vector of the user is computed by averaging the two
gaze vectors for the two eyes in order to improve accuracy.

There is another major problem that can be observed in the context of individual
estimates of the gaze for each eye in that sometimes only one vector is reliable while
the other one is too far off (see Fig. 2.3 for an example). This problem is caused by
errors in eye landmark localization (in this case the upper eyelid) which results in the
error in gaze direction. Naturally, human eyes normally are not controlled differently,
which can be applied as an additional constraint for eye gazing estimation. The rule
of final eye gaze estimation is illustrated in Algorithm 1, which performs the angle

corrections outlined above.

2.2.3 Eye Tracker ROS Node Performance

The eye tracker ROS node can fully utilize one virtual core of the CPU. Its
computational load varies depending on the number of faces that appear on the image
frame. The more faces appear in the frame, the more processing time needs to be
spent, degrading the performance of the whole system. Furthermore, the resolution
of the image is also a factor that affects the performance. In order to speed up the

eye tracker performance, the region of interest is calibrated in both hardware (by
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Algorithm 1 Correction Algorithm for Eye Tracker
1: Input: L, R, H > Input left gaze, right gaze vector and head angle

2: Output: gaze_angle > Output
3: if |L.x — R.x < 0.15] and |L.y — R.y < 0.1] then

4: gaze_angle < #
5: else

6: if H.x > 0 then

7: gaze_angle < R

8: else

9: gaze_angle < L
10: return gaze_angle > Return the final gaze angle

adjusting the camera angle so the user face position is n the center of the frame)
and software (by cropping the image so it contains only the face with a resolution of
640x480). With this configuration, the eye tracker ROS node can operate at around

12fps which is adequate for this application.

2.3 Object Detection Component

The information about the object that the user is looking at contains important
context information whether it is a distracting object or something related to naviga-
tion. For example, it is frequently a distraction if the users are looking at a person,
a television, or a chair while they are moving. By contrast, if the users are looking
at a door or a person moving toward their path, there is a high chance that their
gaze is related to the navigation activity. Therefore, object detection in the direction
of the gazing orientation is very important. An Object Detection Component will

receive the gaze information from the Eye Tracker Component via ROS messages and
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analyze the region of interest that the user is focusing on. Thus, a second camera
in the system that has a similar view as the user needs to be designed in order to
capture the frontal view and analyze the user attention region.

Without the use of wearables, it is generally impossible to place the camera so
it has the exactly same viewing angle as the user. This introduces a problem of image
plane mapping between the user and camera perception addressed in Section 3.2.4.
In a practical application, the camera can be either mounted at the same height as
the user’s eyes, which mitigates the distortion on the up-down angle, or above the
user’s head to reduce the left-right angle error. However, it is not possible to align it
in both angles and thus at least one orientation alignment needs to be sacrificed and
the angle difference needs to be compensated for. As in the context of wheelchair
navigation horizontal accuracy is generally more important than vertical one where
the viewing range and the operational range are limited, the camera is mounted above
the user’s head as closely as possible. A PVC-pipe/Wooden prototype is fabricated
that attaches to the back of the wheelchair and has the Tripod mount on top to adjust

the angle.

2.3.1 Object Detection Model

The Object Detection Component needs to recognize whether there is an ob-
ject in side the user ROI. There are several available object detection models that
can work reliably, namely You Only Look Once (YOLO) [35, 36, 37], Region-Based
Convolutional Neural Network (R-CNN) [38, 39|, Single Shot Detection (SSD) [40],
MobileNet [41] and so on. Due to the constraint on computing resources, MobileNet
is used here due to its efficient, lightweight model, as well as its ability to work well
on mobile devices. MobileNet is based on SSD with the optimization on resource con-

straint devices and has comparable performance with other models [41]. The model
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is trained on the COCO dataset [42] as it contains a rich variety of labels (90 com-
mon objects)and can thus provide good context information for navigation intention

identification.

2.3.2 Object Detection ROS Node

OpenVINO (Open Visual Inference and Neural Network Optimization) is an
open-source toolkit developed by Intel for optimizing and deploying deep learning
models for computer vision applications [43]. It is designed to accelerate the inference
(or prediction) phase of deep learning models on a wide range of Intel hardware,
including CPUs, GPUs, FPGAs, and VPUs (Vision Processing Units). A ROS node
that uses the OpenVINO toolkit [44] has been built to capture the image in a forward
camera and analyze a region of interest that the system identifies based on the gaze

direction.

1280

- »

720

Figure 2.4. Configuration of Images in the Object Detection ROS Node.
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The ROS node will operate based on the input of the face message received from
the eye tracker component, then execute an eye-camera mapping algorithm to localize
the region of interest that the user is looking at. A etailed description of the eye-
camera mapping algorithm will be presented in Section 3. The expected processing
rate of the ROS node would be the same as the Eye Tracker Component ROS node
which is around 10fps. There are two main factors that can affect the performance
of the system, namely the image size of the forward camera and the size of the ROI.
The maximum resolution of the camera used is 1920x1080 which is relatively high
and requires a remarkable amount of processing time, reducing the processing rate
to around 5fps. The second highest resolution (1280x720) of the camera is chosen to
balance resolution and processing time. The question of the size of the ROI is more
complex, as it depends on the angle range of the camera and the size of the object
that appears in the image, and its choice is directly related to the operational range
of the system. A big ROI will result in less directional information but can tolerate a
larger error of the eye-camera mapping function, while a smaller ROI provides better
directional information but is more sensitive to gaze direction errors. After testing
with various configurations, a ROI size of 240x240 is found as the balance trade-off

between the aforementioned criteria.
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CHAPTER 3
EYE-CAMERA MAPPING

3.1 Eye Gaze Estimation For Out-Of-The-Screen Usage

The performance of eye gaze estimation has previously been evaluated on MPI-
[Gaze data [34, 45] which is collected based on a screen-based application. This,
however, might not be a correct estimate in the context of the wheelchair navigation
application and turns out to be problematic when the user has a large head rotation
relative to the camera, which distorts the landmarks that appear in the image. In
evaluations in this application we observe that when the user turns the head too
much, the landmarks detected have a higher error, which leads to wrong head pose
and eye gazing estimation in some cases (see Figure 2.3). Therefore, a performance
test on eye gaze estimation under large screen usage has been conducted. A big screen
is placed in front of the user with a defined distance to displace multiple objects in
fixed positions. A user is asked to sequentially look at the objects 10 times to get cor-
responding eye gaze estimates. The averages of gaze angles compared to the ground

truth are shown in Figure 3.1.

Parameter Description Value
Hipmage Height of image from camera 720 pixel
Ye Height of camera 1.7m
Ye Height of user eye 1.28 m
To Nearest Proximity of Camera 3 m
T Furthest Proximity of Camera 50 m
T ealib Distance of calibration plane 1.1m
L Length of calibration plan in camera view | 1.05 m

Table 3.1. Configuration of Wheelchair System
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Figure 3.1. Comparison between Gaze Estimation and Ground Truth.

As can be seen in Figure 3.1, the performance of eye gaze estimation in practice
is significantly off from the ground truth. This is explained by the large turning angle
in head pose which degrades the landmarks detected in the face. Additionally, there
is a distortion problem for the sample that has the same up-down angle which leads
to curving in the detected image. The curving problem increases when the up-down
angle increases. This is because the intersection between the image plane of the eye
tracker camera and the user’s visual plane is a curve. As a result, it is necessary to
correct the eye gaze to the ground truth. The end goal is to map the gaze estimation

to the forward camera which needs to take into account the image plane of the camera.
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3.2 Calibration to the On-Screen Image Plane
3.2.1 Calibtation procedure

To calibrate the gaze predictions to the object camera in a practical way that
could be utilized in the field, the setup in Figure 3.2 is used with the object appearing
in the camera instead of relying on ground truth. The forward camera is adjusted to
cover the view 3 meters away from the user. The screen will display the gaze target
used for calibration so that the object detection algorithm can recognize it and obtain
its coordinate in pixel coordinates (Zpizer and Ypizer). An ROI will slide over the whole
image from the forward camera to get all points of interest. First of all, a rule is
defined to pick up the right target for calibration. The target detected in the ROI is
considered valid for calibration if it satisfies the following criteria:

e There is a target object (in this example label 59) detected in the ROI with the

bounding box R

e The bounding box R and the ROI must have sufficient margin (4 pizels) to
assure that the target object is fully inside the ROI.

To increase the performance of the detection algorithm on the target object for
calibration, a picture of a pizza in the COCO dataset is chosen here as it yielded high
recognition rates across all viewing angles in the image. Furthermore, the size of the
ROI is tightened to reduce the number of detections from one specific sample. The
calibration process is implemented as follows:

e Forwarding Camera Calibration. A ROI will sequentially slide from left to
right and from top to bottom in the image with a sliding window of 60 pixels.

For each step, the detection algorithm will detect whether a target object is fully

inside the ROI and record the center of the object in image coordinates (Zp;ze

and Ypizer). There are multiple data points collected for each specific sample
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Figure 3.2. Data from Calibration.

(see Figure 3.2.b). After the sliding window detection process is complete, 25
points are kept for calibration algorithm estimation.

e Eye Gaze Calibration. The 25 points representing the centers of the calibra-
tion targets are shown on the screen. Users will be asked to sequentially look at
them from left to right and top to bottom. When they are looking at the point,
they were asked to confirm by typing 1 in the computer so that the sample will
be recorded. In the end, 25 samples of eye gaze angles are collected (see Figure

3.2.¢)
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3.2.2  Mapping Algorithm Model

After the calibration process, 25 eye-gaze directions will be mapped to the
25 data samples for the corresponding screen coordinates. In order to estimate the
mapping function, the Gauss-Newton Method is deployed [46]. Gauss-Newton is
an optimization algorithm commonly used for solving least squares problems, which
involve minimizing the sum of squared residuals between observed data and a model
function. The algorithm iteratively updates the parameters of the model function to
find the optimal values that minimize the residuals. At first, a model of the mapping
function needs to be established. While an analytic model could be established to
capture pure optical distortions related to the camera angles, the mapping function
sought here should also address gaze direction estimate distortions which are much
harder to predict as they are the result of the feature extraction and estimation
approach, and thus the form of the mapping function has here to be determined
empirically based on observations in the data. Once the structure of the mapping
function has been set, there are several ways to interpret the class from the profile
by lightweight methods: optimizing the mean square error on impedance profile [47]
and Gaussian and regression filtering on on-machine measurement profile [48].

Let Testimate, Yestimate denote the estimation of a sample in image coordinates
with respect to a and S, which are left-right and up-down angles, respectively. In
order to address distortions, and accounting for the difference between the two direc-

tions, 2 models need to be established for T simate, Yestimate as below:

Testimate = fa:(aa B) (31)

Yestimate = fy(aa 5) (32)

Horizontal model. As can be seen in Figure 3.1 and Figure 3.2, the eye

gaze data exhibits a curve when the data has the same hight or the same ypize
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coordinate which has been mentioned in the previous section. Therefore, a second-
order polynomial component of « is added into f, to unwrap the data into a straight
line as in Figure 3.2.b. Nevertheless, the more the user turns the head to the side, the
smaller the step is, which suggests a sine component. The data in angle space also
tilted compared to that of pixel space which is indicative of a first-order polynomial
component of o x 5. As a result, the model for horizontal mapping chosen here has

the form:
Testimate = Du1 * 02 + by % sin(@) + byz * % B+ by * a0 + by (3.3)

Vertical model. The curving problem can also be observed here in angle
space while there is a straight line in pixel space. That would suggest a second-order
polynomial of 3 in f,. Secondly, the 3 angle has increasing step size while the step
size in Ypiger remains the same. This is due to the translation from the angle to the
pixel, and the fact that the eye tracker is looking upward at the user’s face, which
causes the distortion with the higher 5 angle. A cosine component and second-order
polynomial components of o and « * 8 are also added to the function. Finally, the

model for vertical mapping is chosen as:

Yestimate = Dy1 * B2+ bya * B+ byg * o’ + bya * cos(B) + bys * a5+ bys (3.4)

3.2.3 Mapping Algorithm Estimation

In Eq. 3.3 and Eq. 3.4, the model of eye-camera mapping has been estab-
lished. In this section, the details of the Gauss-Newton Estimation are provided
which is used to determine the parameter vectors b, = [by1, by, be3, by, bys] and
by = [by1,by2, bys, bya, bys, by]. For this, a Non-Linear Least Square problem is de-

fined as below:
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Find n unknown parameters b=(by,bo,bs, ..., b,) for a none-linear model y =
f(z,b) that fits m-observations (x1,y1), (T2, Y2), -, (Tm, Ym) Such that the sum square
ErroT 1S MINIMUM

A residual function R is established as follows:

R =y; — f(2;,0) (3.5)

Where R; is the residual value of sample ¢, y; is the value in pixel space that we need
to estimate, and b is the parameter vector. The problem now is to minimize the Sum

Square Error which is stated as S = > | R?. The gradient of S is given by:

VS = 22&% (3.6)
=1

To find the optimal value of b; iteratively, an update procedure of b; is defined

as:

bigr1 = by + A (3.7)

At this stage, the b; need to be adjusted to satisfy Newton’s method for mini-

mizing a function S [46]:
bi,tJrl - bi,t - H*1VS (38)

where H is the Hessian matrix which is defined as the square matrix of second

partial derivatives of a multivariable function and ignoring the second-order derivative

terms.
[ orz  orz  om} |
81)% Ob10bo 0b10by,
ORZ OR2 OR2
Bb20b b2 T Obydby
H= | %% 9% 2 (3.9)
_ORY  ORE = OR}
| 9b,0b;  Oby,0bz on |
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To solve the derivative, the Jacobian matrix is introduced as the matrix of

derivatives of the residual over the parameter vector which results in H = J x 2J7.J

and VS =2JTR
ORy OR1 .. ORy
oby Oba Obn
OR2 ORy . OR2
ob ab by,
J= | (3.10)
ORn ORm ... ORnm
L Oby Oba Obn |

From equations 3.7,3.8, 3.9 and 3.10, an update of b; is formulated as:

A=—J"N) IR (3.11)
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Figure 3.3. Estimation Result.

Put together, a procedure for finding the optimal value of the parameter vector
is defined as:

e Step 1: Initialize the parameter vector b.
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e Step 2: Calculate Jacobian Matrix J and Residual R over m observations.
e Step 3: Calculate the update step A and update the value of parameter vector

b.

e Step 4: Continue Steps 2 and 3 until the Sum Square Error S is converged or
until a specific iteration to avoid an infinite loop.

The estimations for horizontal model f, and vertical model f, are implemented
separately. The performance of the mapping function is shown in Figure 3.3. Note
that this calibration process is done for specific users due to the effect of user height.
There is still an error in estimation value which is caused by the uncertainty of eye gaze
prediction. However, the overall performance seems good enough for pixel estimation

in our application.

3.2.4 Approximate Compensation

In the previous section, eye-camera mapping functions are established to map
the eye-gaze input to the camera pixel on the image plane at a specific distance.
However, there will be a shift in the vertical dimension (y,i.e;) When the object ap-
pears at a farther distance (see Figure 3.4). This problem is caused by the vertical
displacement between the user’s eye and the camera which is mentioned in Section
2.3. Specifically, different image planes at different distances will result in different
Ypizel- Therefore, the estimated ROI is always below the point that the user is look-
ing at in the first few experiments. It is impossible to precisely adjust ypizer Without
knowing the distance between the user and the context of focus. While this could
be addressed by using a depth sensor, we are interested here in keeping the system
as simple as possible and thus want to limit the sensors to standard cameras due to

their lower cost and superior capabilities in outdoor situations as compared to depth

31



cameras. Thus no precise compensation is possible here. However, an approximate

compensation is analyzed based on the camera’s range of operation.

Calibrated __
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Figure 3.4. Distortion on Image Plane in yp;ze;-

The object is assumed to appear at distance x from the camera and at height
of y from the ground. When the user looks at the object, the mapping algorithm
will estimate the ROI at pixel py as the algorithm is calibrated at the image plane
at T.qp distance. However, the object will actually appear at pixel p; in the camera
image. Therefore, there will always be an error of Ap = py — p; in Ypize estimation.

Depending on the location of the object, the distance between p; and py would be:

T — Lealib T — Lealib
d=(ye—y) ——= = (ye —y) - ———
t t (3.12)
Ye=Ye) —

where y. and y. are the vertical position of the camera and the users eyes,

respectively. As a result, the displacement in pixel would be:

Himae
Ap=d- g

(3.13)
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where Hp,qg 1s the image height and L is the vertical dimension of the calibrated
image plane. The pixel displacement is a function of x which is the distance of the
object. The camera can theoretically see the object at a distance from xg to oo , or
xo to x1 more practically depending on the size of the object, which limits the pixel

displacement as:

To — Tealib 'Himae L1 — Tealib 'Himae
(0~ o) Hmage _ 5 (00 = Toutn) - i

3.14
l'o‘L l‘l'L ( )

(yc - ye) ’

The configuration for the wheelchair setup is shown in Table 3.1. As a result, Ap

After
compensation

Before
compensation

Figure 3.5. Effect of compensation.

will vary in the range of (217,335) pixels. The variation is 118 which is relatively
small compared to the ROI size of 240x240 pixel. Thus a compensation of Ap =
217 + 118/3 =~ 257 pixel is added to the Y,z estimation model to shift up the ROL

The compensation value will be one-third of the range due to the fact that the closer
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the distance, the bigger the object is captured in the image frame which needs to be
precisely compensated in the model to cover the whole object. Another reason is that
the compensation value will shift up the upper edge of the ROI more than 360 pixels
which already covers the area with the distance of co. The effect of compensation is

indicated in Figure 3.5 where the ROI can capture the object and detect it.
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CHAPTER 4
NAVIGATION INTENTION DETECTION

4.1 Motivation

Eye gaze for navigation is one of the most intuitive and natural approaches and
has been investigated in previous chapters. Navigation activities are categorized into
2 classes: navigation intention and navigation-related attention.

e Navigation intention is defined as a short-term intention of humans to move
toward a particular place with a specific condition or environment [49]. This
means that the person looks at the locations such as the end of the hall, the
entrance of the building, or potentially a person because they want to move to
that place. The navigation intention is short-term because the intention can be
changed due to the change of the environment such as when the way is blocked
by a wall or one person stepping into the path, causing the need to change the
navigation path temporarily.

e Navigation-related attention does not refer to the activities of moving to
a particular place, but something related to the navigation intention. For ex-
ample, humans look around to recognize the environment near the navigation
path without intending to move toward that place. However, the location they
are looking at still has a relation to the path and can thus allow inferences
about the place an individual wants to navigate to. For example, if a person
is looking up and down a street from the sidewalk, this might ndicate that the
navigation objective is to cross the street. Navigation-related attention can be

the activities of looking at the ground to see if it is possible to reach the end
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goal, if there is anything coming from the side of the street, or if a person steps
into the original path. If can also be a situation where the attention is on a
better path to reach the navigation place instead of continue moving on the

current route.

Original Navigation Temporary Navigation
ntention

a) Navigation intention b) Navigation-related attention

Figure 4.1. Examples of Navigation Activities.

Figure 4.1 shows two examples of these intention categories. The two behaviors
vary in terms of their gazing activities and movement objectives. Regarding gaz-
ing behavior, humans intermittently look at their intended destination, irrespective
of what’s happening in their surroundings. The gaze direction should also match
the head orientation during movement. Conversely, during movement, humans only
glance once to recognize the environment for navigation-related attention. The eye-
gazing direction for navigation-related attention is typically towards the sides or
ground, which exhibit distinct patterns. Regarding movement, humans will move
toward their intended navigation direction rather than the navigation-related direc-

tion.
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Humans also have more distinct gazing behaviors which do not relate to navi-
gation. As we are interested in navigation here, we group all of these into one class.
For example, during movement, humans can look at one person to try to recognize
him or her or look at the advertisement flyer on the wall. This type of activity is clas-
sified as Non-Navigation Attention. The probability of non-navigation attention
will increase if there is an object in the focus ROI of the user. In addition to that,
the user will only focus on the non-navigation object for a certain amount of time.

Examples of non-navigation attention scenarios are shown in Figure 4.2.  For the

Figure 4.2. Examples of Non-Navigation Activities.

HCI purpose, navigation intention is the most important and needs to be classified
correctly so that the system can control the wheelchair accordingly while identifica-
tion of the other attention types is not as important. Therefore, it is important to
embed the navigation intention detection model into the system. In this section, a

neural network is developed to classify the three aforementioned classes.

4.2  Experimental Setting
First, a series of experiments are conducted to collect the data of user gaze

as well as corresponding object detection videos. A joystick is used to control the
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wheelchair while moving around the campus (see Figure 4.3). Two videos are cap-
tured from both cameras with the UNIX timestamp for synchronization purposes. In
addition, a log file is recorded, including UNIX time stamp, gaze angles, head angles,

ROI coordinates, object coordinates, and object size.

UNIX time stamp

Gaze angles

Head angles

Object labels

Object coordinate

]
]
]
ROI coordinates ]
]
]
]

/Y Y ) Y )

Object size

Joystick for control

Figure 4.3. Experiment Setup.

For better generalization, each experiment is recorded for three to five minutes
at different places on campus including indoors and outdoors, on the sidewalk or on
the road, from indoors to outdoors, and vice versa. The data with two videos are
saved on the Surface Pro 4 for later processing. Figure 4.4 shows examples of the

large diversity of scenarios included in the data collection experiments.

4.3 Data Preparation

After being collected, the data is then labeled based on the synchronized video.
The video is decompressed into multiple image frames. A data engineer looks at each
image frame and labels the sample whether it is navigation intention, navigation-

related attention, or non-navigation attention. Those three classes are tokenized by:
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d) Building Hall e) In-lab f) Class room

Figure 4.4. Experiment Settings.

e 0 as Navigation Intention.
e 1 as Navigation-Related Attention.
e 2 as Non-Navigation Attention.

One problem in the data is that the number of objects detected in the ROI
varies from zero to six, which can lead to inconsistency in the data format. In the
analysis of the data, less than two objects are detected in the ROI most of the time.
Therefore, only the two biggest objects detected are kept for further processing. If
there is a Null value in the data sample due to fewer than two objects being present,
-1 will be added to avoid the computational complication of variable-length feature
vectors. To avoid overfitting, one set of data which is recorded by one experiment is
kept back for testing; the remaining data is used for training which makes the training

and testing data entirely independent.
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4.4 Navigation Attention Model

The data has 16 features, including angles, pixels, and object labels. A neural
network is proposed to classify the data into the three classes mentioned in the pre-
vious section. A dense neural network is proposed that includes 5 hidden layers with
down-scale node distribution as shown in Figure 4.5. The five hidden layers use Recti-
fied Linear Unit (reLU) activation functions to reduce the computational complexity,
while the output layer has softmax activation so that it gives us the probability of

each class. The overall architecture of the network is shown in Figure 4.5.

Input Layer Hidden Layers Output Layer
|

: : Navigation

. Q Intention

Q Q 256 128 64 32 16 Navigation-related
nodes nodes nodes nodes nodes .

OO Attention

8 : Non-Navigation

O . Attention
RelLU RelLU RelLU RelLU RelLU Softmax

Figure 4.5. Architecture of Navigation Intention Model.

This network architecture was determined experimentally by testing a range
of different layer and node combinations, incrementally refining the architecture to
achieve the highest accuracy without overfitting. Table 4.1 shows a set of the network
architectures evaluated with the corresponding accuracy results.

The model is trained for 500 epochs with a SparseCategoricalCrossentropy loss
function to optimize the cross entropy between the classes. A spare categorical is

suitable for classes tokenized by integers. The metric to evaluate the performance of
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Number  of | 1st 2nd 3rd 4th 5th 6th Performance
hidden layers | layer | layer | layer | layer | layer | layer
70 70 70 N/A | N/A | N/A | 93.79
70 70 70 70 N/A | N/A | 97.04
128 64 32 16 N/A | N/A |95.6
256 128 64 32 N/A | N/A | 96.62
32 64 128 256 N/A | N/A | 95.36
70 70 70 70 70 N/A | 96.44
256 128 64 32 16 N/A |97.83
16 32 64 128 256 N/A | 93.97
70 70 70 70 70 70 88.36

o o] o x| ] i ]

Table 4.1. Network Configurations and Performances

the model would ultimately be sparse categorical accuracy so that it will be consistent

with the loss function.
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a) Sparse Categorical Cross Entropy b) Sparse Categorical Accuracy

Figure 4.6. The Convergence of the Model During the Training Process.

As can be seen in Figure 4.6, the Sparse Categorical Cross Entropy is reduced to
around 0.55 n this model while the Sparse Categorical Accuracy converges to around
0.79. This demonstrates that the data used for training has distinct representations

for each class. Multiple hyperparameter turnings are also implemented with different

41



values for the number of epochs, the number of hidden layers, different activation
functions, and the number of nodes in one layer. The optimal values have been
reported in this thesis with the configuration in Table 4.1. With that configuration,

each step of requires around 1 ms of training time.

4.5 Performance

To determine the generalization ability of the learned model, the pre-trained
network is then evaluated on the test data representing one specific experiment which
is not included in the training data. The test data is being processed in the same way
as the training data. Each inference step requires around 20ms, which is fast enough

to assure real-time operation of the system. The confusion matrix is shown in Figure

4.7.
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Figure 4.7. The Confusion Matrix.

In terms of classification accuracy, the model can predict correctly 81.89% of the

time during the one test. In addition, the most critical case is the false positive sample
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when the system predicts the Navigation Intention. This accounts for 7.08% of all
predictions. While this might be an acceptable performance for the first attempt at
building the context-aware gaze-based interface with navigation intention detection,
it might be too high for a practical system and ways to further reduce this were

investigated.

4.6 Gaze Behaviour

In the previous section, only a single sample point is used which lacks informa-
tion on various aspects of gazing behavior. In particular, it makes it impossible for
the model to consider the length of a gaze and the dynamics of the change in gaze
direction, which can contain important information regarding user intention. The
model might need to see the change in gaze angle such as quickly gazing to the side
or continuously focusing in a specific direction. A new way for the learning system to
look at the data needs to be formed in order to improve the performance of the model
and to allow it to consider gaze dynamics. A data concatenate schema is proposed as
illustrated in Figure4.8 to represent the relationship in the time series of the gazing
activities. The data for the prediction of label ¢ will be the concatenated sequence
of data sample ¢ and the four prior samples. The first four samples of each experi-
ment will be removed because there are not sufficient prior samples. However, this
should not be a problem since this corresponds only to the first half second, a time in
whihc likely no wheelchair movement would have happened yet. With this scheme,
the program can assure the real-time property that is necessary for real-world usage
and include information on gazing behavior.

With the additional information on gazing behavior, the model can predict a

much better result with 97.2% of accuracy (see Figure 4.9)
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Figure 4.9. The Confusion Matrix Using the New Data Representation.
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CHAPTER 5
CONCLUSION AND FUTURE WORK

5.1 Conclusion

In this thesis, a complete system for a context-aware gaze-based interface has
been built using an eye gaze estimator and an object detector connected through ROS.
The system can reliably detect the user’s face, estimate head pose and eye gaze angles
and then capture the region of focus to analyze the navigation behaviors. A Gauss-
Newton Estimation approach has been employed to build the mapping functions
from eye gaze to the region of focus in the image coordinate system. Additionally, a
multi-process ROS-based C++4 program has been built to assure the ability of real-
time operation for two image processing tasks in constrained computing resources.
A PVC-pipe/wooden prototype has been integrated into the electric wheelchair for
the in-the-wild setting evaluation. The system has been used to conduct a series
of experiments for data collection, calibration, system training, and evalaution. A
Navigation Intention model has been developed using a dense neural network that
can accurately predict the navigation behaviors of users based on a short time series

of gaze and object detections with a confidence of more than 97%.

5.2 Future Work

While the system developed shows promise, there is still a lot of room for
improvement and extensions to further increase the performance of the system, in-

cluding:
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e Re-train the facial landmark model. As the wheelchair is a personalized
device, it is feasible to re-train the facial landmark model so that it will be
fitted to the individual user’s face and localizes the landmarks more accurately.
As a result, the performance of the algorithms for eye-gaze estimation could be
improved.

e Re-train the object detection model. The current system uses a model
trained on the COCO dataset which is largely used to evaluate the performance
of object detection models. However, there are various objects which are criti-
cal for navigation intention such as roads, pedestrian crossings, a tree, and so
on that are not represented to a sufficient degree in this data set. The more
relevant objects the system can detect, the richer the information captured for
the navigation intention detection model which could improve the performance.

e Improve the model to navigation intention localization. The end goal of
the Context-Aware Gaze-based Interface is to localize which direction the user
wants to go so that the wheelchair can move accordingly. This can be imple-
mented by adding the destination location (in pixels) to the data labeled and
reconstructing the architecture of the neural network so that it has the ability

to localize the intention direction in addition to the classification problem.
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