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Abstract

The Smart Condo™ is a model condo embedded with a wireless sensor network, developed by
an interdisciplinary team including researchers from Occupational Therapy, Industrial Design,
Pharmacy, and Computing Science. The Smart Condo™ aims to support older adults, including
those with physical and cognitive disabilities, to live independently longer [1]. Older adults with
complex needs are often limited in their ability to perform necessary daily activities and may require
task-specific supports. Continuous health-monitoring systems have the potential to enhance one’s
quality of life and help older adults live safely in their home. This thesis describes two studies in the
use of off-the-shelf wearable sensors in order to investigate the feasibility of using wearable devices

and usefulness in the Smart Condo™ .

In the first study, twenty-six participants spent a single two-hour session in the one-bedroom
living environment, either alone or in pairs, and performed a scripted protocol of activities of daily
living. Twelve of these participants wore the commercial smart eyewear device JINS MEME,
which collected electrooculography (EOG), accelerometer and gyroscope data throughout their
sessions. This study used an offline classification method to predict the participants’ activities. The
approach showed that this method yields equal or better results with a variety of activities compared
to approaches that involve more restrictive wearable device setups. The results demonstrate the
suitability of JINS MEME for recognition of activities of daily living and identify limitations

associated with the current model.

In the second study, twenty-one participants viewed a sequence of images from the International
Affective Picture System (IAPS) database. Using wearable sensor devices, we collected electroen-
cephalography (EEG), electrooculography (EOG), and kinematic motion data as participants viewed
the images; the participants also characterized their own emotional responses to the images. Partici-
pants then played the serious game “Whack-a-Mole,” wearing the sensor devices, and played three
levels of the game that required varying amounts of cognitive effort. This study describes the method
for emotion recognition (Ensemble Classifier and Random Forest) in participants as they played the
serious game. This approach showed that emotional state during a task can be determined accurately

using data collected from wearable sensor devices, with and without self-reported measures.
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Preface

This thesis is an original work by Dillam Jossue Diaz Romero. These studies received research ethics
approval from the University of Alberta Research Ethics Board. The first study is named Recognition
of Daily Activities Using Environment Based Sensing (No. Pro00073382) and the second study is
named Measuring engagement, emotional states and cognitive function with wearable sensors (No.
Pro00076184)

The first study with the paper named The Activity Classification in Independent Living Envi-
ronment with JINS MEME Eyewear presented in Chapters 2. The relative work and conclusion of
“Activity Classification in Independent Living Environment with JINS MEME Eyewear” paper were
written with the assistance of Nicholas Yee. Also, Yee contributed to the ethics propose and the

labelling of the data.

e Diaz, D., Yee, N. Daum, C. Stroulia, E. and Liu, L. “Activity Classification in Independent
Living Environment with JINS MEME Eyewear”. 2018 IEEE International Conference on

Pervasive Computing and Communications (PerCom) (2018): 1-9.

The related work presented in Chapter 3, as well as the conceptual framework presented in
Chapters 3.1, and 3.1.3 the evaluation of our emotion recognition framework in Chapter 3.5, will

be submitted as a journal paper.
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Introduction

Due to rising life expectancy and declining fertility rates in many countries, the population of older
adults relative to the total population is increasing rapidly. The number of people aged 65 years
and over in the world is expected to rise from 602 million in 2015 to 1.51 billion in 2050 [5]. Older
adults with complex needs are often limited in their ability to perform basic daily activities and may
require task-specific support. The detection of activity recognition, daily patterns, and emotional
states in an older adult can provide rich information on their capacities and functions. This thesis
presents two studies about the use of off-the-shelf wearable sensors in order to investigate the
feasibility of wearable devices in healthy participants at the Smart Condo™ for recognizing daily

activities, and measuring of emotional states.

An interdisciplinary team including researches from Industrial Design, Occupational Therapy,
Pharmacy, and Computing Science developed the Smart Condo™, a model condo embedded with a
wireless sensor network, and video cameras. The condo is located at the University of Alberta’s
Edmonton Clinic Health Academy (ECHA), to study how technology could be used to enable older

adults, including those with physical and cognitive disabilities, a longer independent living [1].

At the very first beginning, the Smart Condo™ was designed as a living space in an office space,
which was equipped with integrated sensors [6]. These primary devices had the potential to provide
several services such as controlling heating and air-conditioning, light switches, temperature and
light intensity [6]. Also, a software architecture for analyzing the recorded sensor stream, to extract
sensor reading patterns corresponding to the occupants’ activities, and information of interest to
patients, their caregivers, and their health care providers [7] was deployed. All the data obtained by

the sensors is transferred into a central cloud-based repository.



Today, the Smart Condo™ is a fully functional apartment with one bedroom, a bathroom, an
open kitchen, and living space. Several studies started which required the addition of various sensors
to the condo, such as radio-frequency identification (RFID), cameras, BLE stickers on appliances,
and wearables. In 2015, Azghandi et al. developed a location-and-movement recognition using
passive infrared (PIR) and RFID readers in the Smart Condo™. This approach is limited in terms of

efficient activity recognition because the RFID reader is required to be embedded in everyday items.

In 2017, Mohebbi et al. [8] equipped the Smart Condo™ with Bluetooth Low Energy (BLE)
beacons attached to different objects in the house and a service running in the background on the
occupants’ smartphones. The study reported problems on the indoor location, the use of BLE-
enabled stickers and beacons, and WIFI access points. The BLE beacons were used to transmit and
report signal strength measurements to a nearby smartphone. This technique has the advantage to
determine the location of two individuals accurately, but it is necessary to use BLE beacons in every

day items to detect activity recognition.

The first part of the thesis involves activity recognition through the use of wearable sensors,
intending to help older adults live safely in their homes and have an enhanced quality of life
[9]. The second part involves measuring emotional response with wearable sensors, helping to
build an understanding of the patterns of emotional states and cognitive difficulties in healthy
individuals. Wearable sensors allow to collect different types of data (electroencephalography
(EEG), electrooculography (EOG), acceleration, and gyroscope), store data on different aspects of
human movement under the independent-living conditions, and enable a richer understanding of a

person’s physical activities and mental state [10].

In our research, low-cost wearable devices JINS MEME and OpenBCI were used for collecting
EEG and EOG signals, respectively. JINS MEME is smart eyewear which can detect three types of
data. Within the frame of the glasses are three EOG electrodes, an accelerometer, and a gyroscope
[2]. This device represents eye movement velocity rather than a position as in conventional EOG
signals, but is easily adaptable and it can be possible requirement for older adults. Therefore, the
use of this type of technology can easily be integrated into daily life. On the other hand, OpenBCI
is an open-source system that collects EEG signal and motion data. Sixteen electrodes contained
within the headset collect data following the international 10-20 system, while an accelerometer
embedded in the device’s microcontroller board collects the motion signals. This device cannot
collect the high-frequency component of the brain signal and some extra channels, but the signal
is good enough for empirical studies [3]. Both devices are commercially available (JINS MEME
is almost EOG, and OpenBClI is almost EEG). Consequently, it was of interest to investigate their

balance of usefulness and practicality.



The first part of this thesis, Recognizing Activities of Daily-Living (ADL), focuses on the area of
activity recognition. In this study, twenty-six recruited participants had a one to two-hour session
in a one-bedroom living environment in the Smart Condo™, either alone or in pairs where they
performed a scripted protocol of activities of daily-living [11]. Twelve of these participants were
asked to wear JINS MEME. The study results have demonstrated the suitability of the JINS MEME
eyewear for activity recognition of daily-living and have identified some of the limitations associated
with the current model of the device [11]. Overall, previous research provides a more fine-grained

insight into a person’s activities.

The second part of this thesis, Measuring Arousal & Valence during Gameplay, focuses on the
area of emotional response to challenging cognitive activity. We collected data from twenty-one
recruited participants, where each was presented with a series of images from the IAPS database.
Wearable sensor devices collected EEG, EOG, and kinematic motion as participants viewed the
images; the participants also characterized their own emotional responses to the images [12]. Then,
the participants were presented with the serious game “Whack-a-Mole”. The serious game contains
few rules and features a simple touch-screen interface, making it appropriate for cognitively healthy
older adults as well as those with up to moderate dementia [13]. During gameplay, successive
levels require progressively greater cognitive skills. The software embedded in the game captures

gameplay data in an anonymized file.

In this case we used the game ‘“Whack-a-Mole”, developed for the assessment and training
of visuomotor, cognitive and mental health conditions [14]. While wearing the sensor device, the
participants played three levels of the game, each requiring different levels of cognitive effort.
A methodology was created to measure the emotional response by integrating diverse types of
wearable sensors, pre- & post-processing tools for data analysis, and machine learning algorithms.
This study shows that the extraction of indications for arousal and valence can imply the increase of

cognitive load.

The results obtained from these studies have the potential to lay the necessary groundwork for
identifying the emotional states in people through objective measures, and advancing the activity
and emotion recognition state of the art through off-the-shelf wearable sensors. The long-term
contribution of this work will be to enhance health monitoring systems for people with cognitive
disabilities by the integration of new wearable devices in the Smart Condo™. These devices
improve state of the art in some way such as, reducing costs, enhancing accessibility, improving the
quality of life, providing an alternative system of evaluation and enabling automated assisted living

systems, and providing suitable adaptive care for the caregiver and clinicians.

The remainder of this thesis is organized as follows. In Chapter 2, related work concerning the



JINS MEME device, and activity recognition with and without wearable sensors are summarized
(Chapter 2.1). Afterwards, the process of activity classification and the effectiveness of pre- &
post-processing techniques are discussed. The results are presented and compared to the literature.
In Chapter 3, the method of classifying valence and arousal during gameplay is described, followed
by the discussion of background information and related work using wearable sensors to measure
and recognize emotional states during gameplay (Chapters 3.1 and 3.1). Further, a comparison with
results obtained with and without self-reported measures are included. Finally, Chapter 4 concludes

the thesis and discusses future work.



Recognizing ADLs

Older adults with complex needs are often limited in their ability to perform basic daily activities,
and they may require task-specific support. With continuous health-monitoring systems, the
ability to recognize people’s activities in their homes can enable automated assisted living systems,
caregivers and clinicians to provide suitable adaptive care. With the advent of miniaturized sensing
technology, which can be wearable, it is now possible to collect and store data on different aspects
of human movement under realistic independent living conditions. In our Smart Condo™ study,
twelve participants wore the commercial smart eyewear device JINS MEME, which collected
electrooculography, accelerometer, and gyroscope data throughout their sessions. In this chapter,
we describe our method for offline classification of the participants’ activities. Also, this chapter
defines activity recognition, summarizes the related work, background, and is structured as follows.
Section 2.1 reviews similar researches about wearable sensors in combination with environment-
based sensors for activity classification. Furthermore, the chapter sets out questions, protocol, data
collection and analysis, and reviews findings for the study Recognition of Daily Activities Using
Environment Based Sensing. Additionally, activities, sensor-data collection, attribute extraction, and

proposed signal characteristic attributes are presented.

Older adults typically prefer to stay in their homes rather than enter a healthcare institution —
a survey undertaken in the United States indicated that 30% of those over 65 years of age would
“rather die” than enter a nursing home [9]. Placement in a care facility, particularly when it occurs
against an individual’s wishes, has been associated with depression, social isolation, and greater

dependency on others for self-care tasks [9].

The rise in the population of older adults has led to an increased burden on healthcare systems,



as the health of elderly persons deteriorates with age. According to the American Geriatrics Society,
complex needs are chronic conditions that frequently require services from different healthcare
practitioners in multiple settings including frequent hospitalizations [15]. In the United States, the
prevalence of older adults with multiple chronic conditions exceeds 60%. Older adults with complex
needs are often limited in their ability to perform basic daily activities, due to physical, mental and
psychosocial challenges requiring complex continuing care [16]. With continuous health-monitoring
systems, the ability to recognize people’s activities in their homes can enable automated assisted
living systems, caregivers and clinicians to provide suitable adaptive care. This can enable older
adults to live independently longer at home and reduce their reliance on caregivers while supporting
caregivers in providing better care. With the advent of miniaturized sensing technology, which can
be wearable, it is now possible to collect and store data on different aspects of human movement
under realistic independent living conditions [10]. These technologies have the potential to provide
a cost-efficient approach to enhance one’s quality of life and help older adults live safely in their
homes [16].

The recognition and classification of activities of daily-living can provide an important context
for caregivers, clinicians and assisted living systems to plan suitable methods of providing care.
Wearables have the potential to be used in automated activity profiling systems, which can produce
a continuous record of activity patterns over extended periods of time. While the vast majority of
activity classification systems have used inertial sensors such as accelerometers and gyroscopes
[10], activity classification has also been performed using electrooculography (EOG) [17]. Inertial
sensors are also often used in combination with ambient sensors placed in a smart home environment
[18, 19, 20] or with other wearable sensors [21, 22, 23, 24, 25, 26] in order to increase accuracy, or

recognize a greater diversity of activities.

JINS MEME is a commercial eyewear device that contains sensors — three EOG electrodes,
an accelerometer, and a gyroscope — embedded in a traditional eyeglasses frame, and transmits
data via Bluetooth Low Energy (BLE). The device can be outfitted with prescription lenses, and is
intentionally designed to be cosmetically suitable and non-restrictive [27]. Since 92% of people 70
years of age and older already wear glasses [28], this device has a high likelihood of being adopted
by older adult populations.

In the here presented Smart Condo™ study, twenty-six participants spent one two-hour session
in the one-bedroom living environment, either alone or in pairs, and performed a scripted protocol
of activities of daily living. Twelve of these participants wore the commercial smart eyewear device
JINS MEME, which collected electrooculography, accelerometer, and gyroscope data throughout
their sessions. These data from the JINS MEME was used to classify the activities of daily living.

This study aims to develop a method of accurately classifying activities of daily-living that is



2.1. Related Work

practical to set up and not restrictive to the user’s movements or social interactions.

The study investigates the benefits and limitations of using the JINS MEME glasses for activity
recognition, and identifies techniques and practices in signal processing and machine learning that

are most suitable for activity classification using data from this device.

This work contributes to the research area of activity recognition, examining the function of
EEG and kinematic motion data. The examination of the data collected using the sensors embedded
within the JINS MEME for the classification of activities of daily-living that was carried out. The
results showed that these data can be used to accurately classify both, motion-based and visual-based
activities. Also, a method for the calculation of information about eye and head movements collected
using the JINS MEME was developed, in addition to standard characteristics of EOG and kinematic

motion signals, to be used as attributes in the classification process.

2.1 Related Work

The development of wearable physiological sensors has made it possible to collect and store
information on different aspects of a person’s movement and activity throughout the day [10].
Sensor devices have provided opportunities for researchers to conduct studies that are more realistic

than studies conducted in highly controlled environments.

Researchers have investigated the use of wearable sensors in combination with environment-
based sensors for activity classification. In contrast to single-sensor systems, using wearable inertial
sensors to collect information about a person’s behaviour, in combination with sensors embedded
into a living environment to collect information about a person’s location [18, 20] or their use
of specific objects [19, 8], allows researchers to improve the detection of behavioural changes or

recognize a greater number of subjects [20].

The effectiveness of wearable sensors in collecting data for activity classification has also been
studied by using multiple wearable sensors in combination with each other. Past research has often
used additional wearable sensors to increase the accuracy of inertial sensors in collecting data for
classifying postures and motion-based activities [21, 22, 26], but studies have also combined sensors
with the aim of classifying a more diverse variety of activities of daily-living [23, 24, 27]. While
accelerometer data is often used to accurately classify motion-based activities, a key challenge

remains in the classification of visual-based activities performed while stationary.

Although the vast majority of activity-classification systems have used inertial sensors such as
accelerometers and gyroscopes [10], studies have also proposed the use of wearable devices with an

infrared proximity sensor [29] and EOG [17] to address both the limitation of inertial sensors (to



2.1. Related Work

detect motion-based activities) and the limitation of environment-based sensors (to detect location
and basic activities). These sensors detect information on blinks to be used in the classification of
visual-based activities like reading, writing, and watching videos. While the infrared proximity
sensor allows the detection of blink rate, EOG allows additional information to be drawn from eye

movements including the duration and amplitude of blinks [17].

Past research on subject and clinician preferences for wearable sensor systems suggests that
sensor systems should be compact, embedded, and simple to operate and maintain [30]. Therefore,
the use of sensors embedded within a single wireless device worn on the wrist [22, 23, 31] or on the

head [25, 29] has been proposed with the goal of increasing the likelihood of user acceptance.

Clinicians and subjects also indicated that wearable sensor systems should not affect daily be-
haviour [30]. Due to the widespread usage of smartphones, studies have proposed the use of inertial
sensors embedded within the smartphones for activity classification systems. It has been suggested
that their long battery life and non-obstructive nature will also contribute to increased acceptance
among potential users [32, 33]. Past research has achieved high accuracy in the classification of
motion-based activities using smartphones placed in the user’s hand [32], pocket [32, 33], and belt
case [34]. A drawback of systems that use sensors within smartphones is that they are limited to

situations where the smartphone remains in the same position relative to the user [35].

The present study proposes the use of JINS MEME, an eyewear device with inertial sensors
and three dry electrodes that detect EOG. This combination of sensors collects information that
may allow for the detection of a variety of motion-based and visual-based activities of daily-living.
The sensors are embedded within a traditional glasses frame that can be outfitted with prescription
lenses, thereby increasing the chance of user acceptance among elderly individuals who are likely to
already require corrective eyewear. The use of three dry electrodes makes the system less restrictive
and more convenient than conventional five-electrode EOG configurations, which typically require
adhesion of electrodes to the skin. Since glasses are typically only worn in one manner, the device
remains in a consistent position relative to the user for a distinct advantage over smartphone systems.
Previous research has used JINS MEME eyewear to accurately classify visual-based tasks [36],
drowsiness state during driving [37], and control mode according to the Hollnagel dynamic cognition
model [38].

Activity-profiling systems are also dependent on classification algorithms to interpret data
from wearable sensor data and identify different activities [10]. Past research has often performed
activity classification using support vector machine (SVM) [17, 18, 23, 25, 30, 32, 34], decision tree
[19, 20, 21, 22, 26, 31, 32, 34], K-nearest neighbour [20, 24, 32, 33, 34, 35], C4.5 [24, 29], Naive
Bayes [20, 33] and Multi-layer Perceptron [20] algorithms.



2.2. Protocol

In this study, the benefits and limitations to classify activities of daily-living using data collected
from EOG and the inertial sensors of the JINS MEME device are discussed. Furthermore, this study
identifies techniques and practices in signal processing and machine learning that are suitable for

activity classification using data from the JINS MEME.

2.2 Protocol

Participants: Twenty-six participants were recruited to spend a one to two-hour session, either
alone or in pairs (7 pairs), in the Smart Condo™. The participants were asked to follow a scripted
sequence of activities, i.e., an activity protocol. All participants provided informed consent approved
by the Health Research Ethics Board at the University of Alberta. Only participant information

required for this study was collected.

Equipment: Video footage was used to determine the ground truth of participant activities.
Twelve of these participants wore the JINS MEME eyewear while performing the activities, and no
participant-specific calibration or adjustments were made to the device. The data was stored in a

local machine at the Smart Condo™.

Activities: Within the goal of supporting older individuals to live independently longer, this
study aims to classify a range of activities of daily-living (ADLs) associated with independent
living. Similar to [23], we define two main types of ADLs, basic and instrumental. Basic ADLs
(BADLSs) are activities which are necessary for self-care, while instrumental ADLs (IADLs) are
activities that require slightly more complex skills and are important for independent living. In this
context, the Barthel Index [39] is a scale used to measure performance in BADLs and the ability to
live independently. The Barthel Index uses ten variables to describe activities and mobility. Our
activity protocol includes six of these variables: bathing, dressing, feeding, grooming, toilet use,
and walking. Wheelchair transfer, bowel control, and bladder control were excluded because this
study included healthy participants only. Stair ascension and descension were also excluded due
to the one floor design of the Smart Condo™. IADLs include cooking, exercise/stretching, low
and high intensity housework, typing/writing and watching television (see Appendix A.1). In total,
twelve ADLs are included in this study. A list of the ADLs and their descriptions are shown in
Table 2.1. The activity protocol was designed to realistically simulate daily-living. Therefore, the

tasks were performed for natural amounts of time rather than set, equal amounts of time.
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Table 2.1: Activities of daily living included in this study.

Activity Description

BADLs (Basic Activities of Daily Living)

Bathing Sitting down in the shower and pretending to bathe
Dressing Donning and doffing clothing

Feeding Eating food and taking medication

Grooming Washing hands and using sink

Toilet Use Sitting down on the toilet, retrieving toilet paper, flushing
Walking Walking on level floor

IADLs (Instrumental Activities of Daily Living)

Cooking Preparing a meal using kitchen appliances
Exercise Stretching
Housework

Setting the table and washing dishes
(Low Intensity)

Housework . . ] ) o
Sweeping with a broom, loading the laundry machine and ironing

(High Intensity)

Typing/Writing | Using a tablet to type and play games

Watching TV Sitting down and watching TV

2.3 Data Collection & Analysis

This section describes the activity recognition framework that was developed to synchronize the
collected signals from the JINS MEME with the video received data from the Smart Condo™,
which is depicted in the following flowchart (see figure 2.1).

Figure 2.1 depicts the approach used for the study Recognition of Daily Activities Using
Environment Based Sensing. The method contained four main steps to process the data collected to
features. The first two steps were used to collect and label the data, and the remaining steps were
used for feature extraction and data set construction. As a first step, the EOG and kinematic motion
data collected from the JINS MEME, and the video data collected from the Smart Condo™ were
inputted. Secondly, the data was labelled to define the activity mode. Then, MATLAB was used to
synchronize and extract 214 features from the EOG, ACC, and GRYO data. Finally, after balancing

the classes, the machine learning algorithms were evaluated using labelled activities.
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Figure 2.1: Illustration of the pipeline for activity recognition.

2.3.1 Sensor-Data Collection

The JINS MEME eyewear collects EOG and kinematic motion data at 100 Hz and transmits this
data to a nearby computer wirelessly via BLE. Three dry electrodes housed within the bridge
and nosepads of the glasses collect EOG signals in the horizontal and vertical dimensions. An
accelerometer and a gyroscope, housed within one of the arms of the glasses, collect kinematic

motion data. Figure 2.2 shows an image of the JINS MEME eyewear.

Electrooculography (EOG) electrodes —‘

L— Accelerometer and gyroscope
Figure 2.2: The JINS MEME eyewear and embedded sensors [2].

Because only three electrodes are used, rather than the more conventional use of five electrodes,
the EOG signal is calculated in a bipolar method rather than a monopolar method [27]. This means

that the signal collected represents the velocity of eye movements rather than eye position.

JINS MEME includes an accelerometer and gyroscope, but it does not include a magnetometer.
Therefore, the angular position of the inertial sensor along the user’s Euler angles cannot be
determined without drift about the longitudinal axis. Instead, we determine the angular velocity of
the inertial sensor along the user’s Euler angles by combining the accelerometer and gyroscope data

and correcting for the sensor orientation relative to the user with a subject-independent offset.

The Smart Condo™ includes multiple video cameras that record footage simultaneously. This
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video footage was used to determine the ground truth and label the data.

2.3.2 Feature Extraction

The data collected from the JINS MEME glasses was emitted to a collecting computer in the main
room of the Smart Condo™ with a timestamp for each data point. We used the timestamp to
synchronize the data with the video collected from the Smart Condo™, since it was found that
certain activities and locations in the Condo caused the device to temporarily lose connection with

the computer receiving the data. This resulted in some periods of data outage.

The raw sensor data was analyzed to extract 214 signal attributes (see Appendix A.4, and A.5).
To calculate these attributes over the time-dependent signal, the incoming data was sliced into
windows; the data in each window was analyzed as a unit, and one set of attributes was computed

corresponding to each analysis window.

Previous research has found that a window length of 5.6 seconds is most appropriate for activity
recognition in living environments, as it is either optimal or near optimal for many attributes, and
also allows for posture recognition [40]. Furthermore, for potential automated applications in
real-time, a window length of 5.6 seconds is short enough to enable timely intervention, since
a potentially risky activity would be recognized almost as soon as it occurs and the decision to
intervene is triggered. The same research also conceded that a disadvantage of such a short analysis
window is lower performance on activities with high motion variability, since these activities can be
performed in different ways depending on the situation [40]. Furthermore, previous research has

found that overlapping the windows is important in order to handle transitions more accurately [41].

In our study, we adopted an analysis window of 5.6 seconds and a sliding increment of 1 second
for an overlap of 4.6 seconds. As discussed, data outages occurred when a subject was further away
for the receiving computer. These outages caused some analysis windows to contain less than the
anticipated 560 data points (5.6 seconds of data at 100 Hz). Windows with at least 60% of this
number (336 data points) underwent an initial interpolation step to bring their number of data

points to the expected 560 before attributes were extracted from the data within those windows.

Signal Characteristic Attributes

The attributes calculated in this study include characteristics of the raw signal, emitted by the JINS
MEME device, identified by past research on activity classification using accelerometers [40]. 214
Attributes were calculated in the time and frequency domains: previous research using accelerometer
data has identified a relationship between the mean of the accelerometer signal in the time domain

and the subject’s movement intensity [42], while activities with a similar energy intensity can be
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identified in the frequency domain by the period of the accelerometer signal [43] (see Appendix
A.5). While [40] only extracted this set attributes from the three axes of accelerometer data, we
extracted these attributes from (a) accelerometer data, (b) three Euler angles of the angular-velocity
data, calculated as discussed above, and (c) three dimensions of EOG data (vertical, horizontal,

reference).

Low-pass filters (20 Hz) and band-pass filters (5-20 Hz) were used in the calculation of signal
characteristic attributes. Low-pass filters were applied to eliminate signal noise generated by
dynamic human motion and preserve the information generated by static human motion or posture
information [40]. A band-pass filter was applied to reinforce the effect of the low-pass filter and
eliminate the static signal component that contains posture information about the orientation of the

sensor with respect to the ground [40].

Higher Order Attributes

In addition to the attributes above, we also analyzed the JINS MEME signals to extract higher-order
attributes related to eye movements and head movements about Euler angles. A moving average over
a duration of 0.05 seconds was applied to the EOG and head angular velocity data to remove signal
noise and maintain the overall form of physical movements. Previous research in the identification
of eye movements from EOG data used the derivative of the EOG signal to classify the presence
of an eye movement as a blink or a saccade [44]. Because the raw signal from the JINS MEME
glasses already represents eye movement velocity rather than position as in conventional EOG, it

may be used in the same manner as the first derivative in [44].

For the initial detection of eye movement, we used the first derivative (eye acceleration) of the
EOG signal from JINS MEME rather than the raw signal because the difference between steady
periods of no eye movement and peaks during eye movement was more pronounced. In the first
derivative of the EOG signal, all eye movements are characterized by a local maximum and local
minimum. The direction of an eye movement in either the vertical or horizontal dimension can be
determined by whether the local maximum leads (positive direction) or lags (negative direction) the

local minimum.

Since blinks and saccades occur in the same vertical dimension of the EOG signal, there is a
need to distinguish between these movements. All eye movements in the horizontal dimension
are assumed to be saccades because blinks do not have a significant effect on the signal in this
dimension. Blinks typically cause the raw signal to develop local maxima followed immediately by
pronounced local minima as shown in Figure 2.3. Upward saccades cause the raw EOG signal to

develop local maxima followed by a gradual decrease to zero, while downward saccades cause the
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Figure 2.3: The effect of a blink (1 - blue), upward saccade (2 - red) and downward saccade (3 -
magenta) on EOG signal in the vertical dimension as detected by JINS MEME.

signal to develop local minima followed by a gradual increase to zero as shown in Figure 2.3.

While downward saccades can be identified from the fact that the local minima occur before
the local maxima in the derivative of the signal, there remains a need to distinguish between blinks
and upward saccades. Toivanen et al. [44] defined a variable, D, to distinguish between blinks
and saccades based on the differences in fundamental form of the EOG signal between these eye

movements. The calculation for this variable is shown in equation (2.1).

Dy = max(rawgog) - min(rawgog) - lmax(rawgog) + min(rawgog)\. 2.1)

Rawgog has to be replaced by the corresponding Horizontal or Vertical raw EOG signal. Using
equation (2.1) on eye movements detected in the EOG signal, we expect that Dy, for blinks would be
large due to the somewhat symmetrical form of the signal. D, for upward saccades would be close
to zero as the minimum is much less pronounced, i.e., the value of min in equation (2.1) would be a
value close to zero. We determined a threshold of D, for distinguishing between blinks and upward
saccades based on trial tests with the JINS MEME eyewear. Baseline drift and static noise during
eye movements was removed by subtracting an offset value from local maxima and minima. The
offset value was determined by calculating the mean signal value during the time between 0.07 and

0.02 seconds before the start of the detected movement.

We used a similar approach to detect physical head movements about Euler axes using data
calculated from accelerometer and gyroscope signals, as discussed above. The head velocity along
each Euler angle was used to identify head movements along that angle and determine the directions

of those movements.

The average amplitude, duration, and number of eye movements were calculated for left and

14



2.3. Data Collection & Analysis

right saccades, blinks, and upward and downward saccades. The same properties were calculated
for head movements in both directions along each Euler angle. These properties of eye and head
movements were used as higher-order attributes for each analysis window. Baseline drift and static
noise were eliminated in the calculation of amplitude for eye and head movements as discussed

above. Peak-to-peak amplitude was used as the amplitude for blinks.

The JINS MEME eyewear uses dry electrodes that merely contact a user’s skin, rather than
conventional gel electrodes that adhere to the skin surface. Because of this, the EOG signal tends to
exhibit large peaks during facial movements or adjustments of the eyewear that interfere with this
contact. Such peaks are significantly larger than those observed during regular eye movements. We
calculated the percentage of time covered by these peaks (when they were above a certain threshold)
as a measure of contact interference and included this as an attribute for each analysis window.

These peaks were ignored in the detection of eye movements.

To evaluate the usefulness of information extracted above, we used an existing technique to
balance the instances of each activity, then compared four algorithms for classifying data collected

through the JINS MEME eyewear through 5 fold cross-validation.

2.3.3 Class Balancing

Our activity protocol simulates a typical independent living scenario, with some activities (such as
typing/writing and exercise/stretching) performed for longer duration than others (such as grooming
and toilet use). This difference implies that the classification process must address the class-
imbalance problem. This is a phenomenon where uneven instances of classes in training data cause
classification results to be less favourable for classes with a smaller number of instances (minority
classes). Imbalanced classes can negatively affect the outcomes of activity classification, since many
machine-learning algorithms assume a balanced distribution of classes. Due to this assumption, they
roughly equate misclassification costs for each class and perform poorly in predicting the minority
classes [45, 46]. The implication for our study is that the accuracy of the classifier will be low for
activities that occur during a smaller number of analysis windows when included in a data set with
other activities that have a far greater number of windows. To mitigate this risk, activities with fewer

than 50 analysis windows, i.e., grooming and toilet use, were removed from our evaluation.

For the ten remaining activities, a technique called SMOTE (Synthetic Minority Over-sampling
Technique) was used to counteract the class-imbalance problem. Developed by Chalwa et al., [47]
SMOTE uses an algorithm to construct new data based on existing data in order to increase the
amount of data in underrepresented minority classes while avoiding overfitting. Similarly to [48],

the maximum number of samples generated using SMOTE per class was limited to 1,000 as another
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caution against overfitting the data.

2.3.4 Classification

In this study, classification was performed using four classifiers that were considered likely to yield
accurate results based on the success of past research and the relevance of their strengths to the

context of the present study. The parameters can be seen in appendix A.2.

IBk is a K-nearest neighbor classifier that has been shown to be accurate in activity recognition
for ubiquitous sensor environments such as the Smart Condo™ [49]. K-nearest neighbor classifiers
have been proven to yield classification accuracies greater than 90% for activity classification
[24, 31, 32, 33, 34].

C4.5 is a nonparametric classifier that is efficient in dealing with large, complicated datasets
without imposing a complicated parametric structure [50]. This rule-learning scheme induces an
initial rule set and then refines it through global optimization where individual rules are discarded.
PART is an algorithm that infers rules by repeatedly generating partial C4.5 decision trees and
avoids the post-processing stage that results in slow performance under the C4.5 method [51]. C4.5
classifiers have been shown to yield classification accuracies over 80% for activity classification
[24, 29].

Random Forest (RF) is a decision tree classifier that requires little data pre-processing without
normalization of attributes. This algorithm does not require attribute selection and is resistant to
overfitting [21]. Past research using JINS MEME for real-time detection of drowsiness during

driving used Random Forest for classification with 80% accuracy [36].

Sequential Minimal Optimization (SMO) is a simple algorithm designed to quickly solve
the SVM quadratic programming problem by decomposing it into smaller subproblems [52]. Past
research involving the use of wearable sensors for activity classification has suggested that SVM is
an accurate classifier [17, 18, 23, 31, 33].

Classification of the activities was performed in Weka using the four classifiers (IBk, PART,
Random Forest, and SMO). While 10-fold cross-validation is a standard way of measuring the
error rate of a learning scheme on a particular dataset [53], research on the effect of reduction in
cross-validation intervals has indicated that decreasing the number of folds to 5 reduces computation
time by half with no loss of power [54]. This suggests that performing cross-validation with 5 folds,
instead of 10, may allow the classification to be applied to larger data sets. Due to the large amount

of data involved in this study, 5-fold cross-validation was performed for each participant.
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2.4 Findings

Of the four algorithms tested, the most accurate classification results were obtained using the
Random Forest algorithm. Table 2.2 shows the classification accuracy and precision by activity

using Random Forest, with and without applying SMOTE.

After using SMOTE to balance the classes, the classification accuracy improved for all of the
activities except typing/writing. For most participants, this activity was performed for the longest
amount of time and therefore had more analysis windows. The decrease in classification accuracy
of typing/writing could be an indication of the elimination of bias in favour of the majority class.

This could also be a consequence of slight overfitting of other classes after applying SMOTE.

Bathing and dressing, activities that involve a high amount of movement, have the highest
classification accuracy. Typing/writing and exercise/stretching, activities that involve considerably
less movement, show the lowest classification accuracy. These results may indicate that the proposed

method is more effective at detecting motion-based activities than visual-based activities.

Table 2.2: Average Accuracy, Recall, and Precision from all participants by activity.

Activity Imbalanced (%) With SMOTE (%)

Accuracy | Recall | Precision | Accuracy | Recall | Precision
Bathing 80.20 | 73.86 87.75 98.97 | 100.00 97.97
Dressing 73.02 | 88.02 96.44 98.99 | 99.49 98.50
Feeding 81.78 | 81.76 81.81 94.08 | 95.08 93.09
Walking 59.40 | 39.19 72.01 93.01 | 93.25 92.79
Cooking 73.02 | 68.11 78.71 93.03 | 92.57 93.49
Exercise/Stretching 84.35 | 84.35 84.36 90.64 | 91.17 90.11
Housework (Low Intensity) 74.80 | 71.85 78.00 93.61 | 95.12 92.15
Housework (High Intensity) 82.15 | 84.04 80.35 95.42 | 96.12 94.73
Typing/Writing 89.27 | 93.20 85.67 9043 | 87.15 93.97
Watching TV 59.40 | 43.63 93.04 9248 | 95.80 92.48
Overall 76.37 | 72.09 83.83 94.23 | 94.58 93.93

Table 2.3 summarizes the results of our study and compares them to the results reported in
relevant previous research. It is important to note that this table is meant primarily as a summary
overview of the field and not as a valid comparative evaluation of the reported methods since these

methods have not been applied to a single shared data set and experimental scenario.
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Based on this table, our method seems superior in accuracy with respect to what has been
reported in the literature [21, 25, 36, 23, 17, 35, 18, 24, 22]. This further indicates that the JINS
MEME eyewear and the classifier Random Forest can be used to reasonably classify activities in
independent living environments. Additionally, the non-obstructive nature and convenient setup of

the proposed method may increase user acceptance.

As it can been seen in table 2.3, our results are slightly lower compared to the publications of
Ayu et al. [23], Lau et al. [33], Prekopcsék et al. [34], and Hong et al. [19]. This is due to the
number of sensors, participants, and activities used in this work compared to the literature. Ayu
et al. and Lau et al. [33] predicted five, and Prekopcsék et al. [34] predicted ten activities, using
only one participant. Overall, they used a significantly smaller sample size than chosen in these
studies, which leads to higher accuracies but less conclusive results. Hong et al. [19] achieved a
1.66% higher accuracy than our system, which is due to the use of two additional accelerometers,
and RFID sensors. Nevertheless, it has to be noted that our approach has the advantage that JINS
MEME is a non-restrictive eyewear device, requires fewer sensors, and does not use calibration

compared to the RFID sensors.

Table 2.3: Accuracy related work.

Year: Wearable Sensor # of #of | Types of Activities A
ccuracy
Author(s) Location: Sensor Type(s) | Subjects | Activities | M = Motionbased, V = Visualbased
2017:
Wrist: Accelerometer .
Pavey ) 21 4 M: Sedentary, Stationary, Walk, Run 90.30 %
Thigh: Accelerometer
etal. [21]
M: Walking, Ascending Stairs,
Descending Stairs, Drinking,
2014: Head: Accelerometer, Standing Up, Sitting Down,
2 12 90.38 %
Zhan et al. [25] Video Camera Sitting Still, Washing Hands,
Switching Water Tap
V: Reading, Watching TV, Writing
2014: M: Sawing
) Head: Accelerometer, . ) )
Ishimaru o 8 5 V: Watching Video, Reading, 82.00 %
Infrared, Proximity Sensor . .
etal. [29] Solving Puzzle, Talking
) M: Brush Teeth, Dressing, Feeding,
2013: Wrist: Accelerometer ) ) ]
Ironing, Sleeping, Sweeping,
Chernbumroong | Gyroscope, Magnetometer, 12 9 ] ) ) 90.23 %
. Walking, Washing Dishes
et al. [32] Altimeter, Temperature )
V: Watching TV
2012: S h M: Joseine. Jumpi
martphone: : Jogging, Jumping,
Ayu P 1 5 geing. umpng 98.00 %
Accelerometer Sitting, Standing, Walking
etal. [23]
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2011: V: Copying Text, Reading, Writing,
. Body & Head: . i .
Bulling 8 6 Watching Video, Browsing 70.50 %
Electrooculography
etal. [17] Internet, Null
M: Idle, Walking,
2010: Smartphone: Running, Jumping,
P 1 7 & Jumping 93.00 %
Das et al. [35] Accelerometer Ascending Stairs, Descending Stairs,
Phone Detached
W (Arm): Accelerometer,
Magnetometer, E: Infrared M: Sleeping, Cooking/
2010: Presence Sensors, Door Eating, Dressing, Resting, Hygiene,
1 7 86.20 %
Fleury ef al. [18] | Contacts, Temperature, Bowel Movement,
Hygrometry sensor, Communication
Microphones
M: Walking, Standing
2010: Smartphone: o )
1 5 Sitting, Ascending 99.27 %
Lau et al. [33] Accelerometer . . .
Stairs, Descending Stairs
M: None, Cutting,
Brushing Teeth, Taking Picture
W (Arm): Accelerometer ) o )
. Shaking Hands, Wiping with Cloth,
2010: W (Waist): Accelerometer )
15 10 Putting on an Umbrella, 94.69 %
Hong et al. [19] W (Leg): Accelerometer . .
Jumping Rope, Vacuuming
E: RFID Sensors ) )
Pushing Shopping Cart,
Applying Skin Conditioner
2009: M: Standing, Brushing Teeth,
N Thigh: Accelerometer, Ascending Stairs, Descending Stairs,
Maguire 6 8 90.07 %
. Heart Monitor Walking, Running, Vacuuming,
& Frisby [24] )
Sit-ups
M: Walking, Running,
2009: Working (Sitting), Cooking,
Smartphone: ] :
Prekopcsdk 1 10 Vacuuming, Stairs, 95.10 %
Accelerometer .
et al. [34] Elevator, Riding Bus,
Lying Down. V: Watching TV
2006: W (Wrist): Accelerometer M: Walking, Running,
Maurer Temperature Sensor, Light 1 6 Standing, Sitting, Ascending 92.80 %
et al. [22] Sensor, Microphone Stairs, Descending Stairs

2.5 Summary

This study examines the potential of an off-the-shelf eyewear device, JINS MEME, as a means of

sensing and accurately recognizing activities of daily-living and emotion recognition. Past research
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into subject and clinician preferences for wearable sensor systems suggested that they should be
compact, simple to operate and maintain, and should not affect daily behaviour. JINS MEME’s
convenient packaging of multiple sensors — three EOG electrodes, an accelerometer and a gyroscope
— within the frame of traditional eyeglasses, which the majority of older adults already wear, can
potentially offer a practical method of activity recognition to help older adults living independently

longer.

We conducted our study on data collected from twelve healthy adults who performed activities
of daily-living in the Smart Condo™ was conducted, an independent living suite, while wearing
JINS MEME. Video footage was used to determine when participants performed which activities. A
set of attributes — including signal characteristics and higher order properties of blinks, saccades
and head movements — was extracted from the collected data, calculated over 5.6-second windows.
The resulting data set was further processed to eliminate infrequent classes (i.e., activities) and to

balance the number of data points of the remaining imbalanced classes (with SMOTE).

Several machine-learning algorithms were used to classify each participant’s activities offline
using cross-validation; the Random Forest classifier resulted in the highest classification accuracy.
The results indicate the removal of bias in favour of windows with many windows of processed
data, but may suggest a slight reversal of this bias in favour of minority classes (activities with many
windows of data generated using SMOTE). Data with a more balanced distribution among activities

is needed for comparison in order to determine if overfitting occurred or if bias persists.

Overall, our method is capable of classifying the data collected with 94.23% accuracy for ten
activities of daily-living. These results are comparable to the best results achieved in past research
using wearable sensors for activity classification, with the advantage that JINS MEME may have a

higher likelihood of user acceptance.

Admittedly, there are some challenges to using the JINS MEME device. The Bluetooth signal
used to transmit data from the device to a computer was much less effective when participants were
not in the same room as the computer. This resulted in a loss of data from activities performed in
other rooms. A stronger Bluetooth signal would be needed to make this device effective for use in a
variety of living environments. As well, the inclusion of an accelerometer and gyroscope without
the inclusion of a magnetometer prevents the accurate determination of the angular position of the
user’s head without drift. The inclusion of a magnetometer would increase the effectiveness of the

other inertial sensors.
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Measuring Arousal & Valence
during Gameplay

Chapter 3 presents the emotion recognition framework, data-stream and synchronization, feature
extraction, and training, followed by questions/hypotheses, protocol, data collection and analysis,
and findings for the study Measuring engagement, emotional states and cognitive function. Finally,
related work for recognizing emotional states during gameplay by using physiological signals from
wearable devices is presented. For individuals with cognitive impairment, the cognitive demand of
certain activities of daily living can impose barriers for independent living. Performing activities
with increased cognitive demand can also increase postural sway and risk of falling [55, 56].
Improving the cognitive function of individuals with cognitive impairment can enhance their ability

to perform activities of daily-living, and, consequently, their ability to live independently [57].

Recent studies have shown that training using video games can improve cognitive function
[58, 59]. The premise for this research lies on the idea that the human brain retains considerable
plasticity with increasing age [60] that allows it to be trained by playing serious games. These brain
training games are expected to improve cognitive functions such as executive function, memory,
attention, and processing speed — not only during the performance of the serious games but also

during the performance of activities of daily-living.
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The proposed study uses Whack-a-Mole [14], a serious game in which a participant must hit
all moles shortly after they appear and avoid hitting bunnies. This game was developed for the
assessment and intervention of visuomotor, cognitive and mental health conditions [14]. The game’s
simple rules and touchscreen interface make it appropriate for individuals with cognitive impairment.
During gameplay, successive levels require a progressively higher cognitive skill. The software
embedded in the game captures gameplay data in an anonymized file. The Whack-a-Mole game has
already been pilot-tested with ten older adults with moderate dementia who attended a day program

at the Western Ottawa Community Resource Centre at Carleton University [13].

Emotional states are challenging to assess in individuals with cognitive impairment through self-
reported measurement tools such as questionnaires since the questions are generally too complex
to be understood. The study measures electroencephalography (EEG), electrooculography (EOG)
and kinematic motion data using wearable sensors while the participants are playing the game

Whack-a-Mole. This data will then be used to assess emotional states during gameplay.

This study aims to answer the following research questions:

o Q1: How accurately can the player’s self-reported valence and arousal be predicted based

on EEG, EOG, and kinematic motion data?
e Q2: How does the player’s emotional state changes as the game difficulty changes?

e Q3: How accurately can the players’ emotional states be predicted using pre-trained machine
learning models with the use of IAPS images during gameplay when the difficulty of the game

changes?

The study involved healthy individuals only. Participants filled out the positive and negative
affect schedule (PANAS) questionnaire as self-reported measures of emotional states. These and
cognitive difficulty in participants, which was identified by gameplay performance, were used to

characterize the features of the biosignals collected during gameplay.

This work contributes to the research area of emotion recognition, examining the function of the
EEG, EOQG, and kinematic motion as data sources, which can be used to classify emotional states
accurately. Further, we developed a method for the extraction of information from eye and head
movements using data collected from JINS MEME, a smart eyewear device, which were used as
attributes in the classification process. Based on our emotion recognition framework, we created

promising methods to predict emotion states during gameplay.
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3.1 Related Work

Researchers have been investigating the use of physiological signals for emotional states. In our
work, we adopt the two-dimensional valence-arousal model of Russel ef al. [61], which represents
emotional states as points in a two-dimensional space defined by the arousal and valence dimensions

of the Circumplex model.

3.1.1 Emotional State, Arousal & Valence

Arousal is the physiological and psychological state of being awake, active, alert, attentive, or
excited. From a perspective of dimensional emotions, arousal can be differentiated into emo-
tional states of low arousal (e.g., quiet) and high arousal (e.g., surprised, excited) [13]. Valence
represents the intrinsic attractiveness of an event. From a perspective of dimensional emotions,
valence differentiates emotional states of pleasure (e.g., happy) with those of displeasure (e.g., sad)
[13].

In this study, we considered two different approaches for the classification of human emotions,
from Russel and Watson specifically [62, 4]. Russell proposed the Circumplex model, which
suggests that emotions are distributed in a circular space with dimensions of valence and arousal.
Valence ranges from low (unpleasant/defensive) to high (pleasant/appetitive), and arousal ranges

from low (calm, sleepy) to high (excited, tense) [62].

Watson et. al. proposed the positive activation — negative activation (PANA) model, which is
commonly understood as a 45-degree rotation of the Circumplex model. The relationship between
the two models is shown in figure 3.1, with neutral arousal and valence at the center of the circular
space. Table 3.2 lists the emotional states associated with different positions in this circular space
[63].

Positive and negative affect are the emotional components of subjective well-being [64]. The
positive and negative affect of participants in this study was measured through the positive and
negative affect schedule (PANAS). PANAS asks the respondent about their emotional state in terms
of ten positive and ten negative emotions using a five-point Likert scale, which will be discussed in
more detail in Section 3.3.4. The sum of the ratings of positive terms and negative terms indicated

the participant’s level of positive affect score and negative affect score, respectively [65].

3.1.2 Recognizing Emotion from Biosignals through Wearables

Recent studies use wearable sensors to assess the emotional state, which requires external stimuli —

such as pictures, sounds, or videos — to induce emotions in participants [66]. Wearable technology

23



3.1. Related Work

+ | 90°
=
é o
g 2 .
< : %
= P
= S
4, = i
(> - &
A, S
@, -
P >
K &
S
K
=y &
= High Valence | +
— | Low Valence <
/r
o,
~ 4.
o o,
< S
@V’ /"’e
3 &
B QS g t
& £
=5 W =
f o>
z
g e
S )

Figure 3.1: Two approaches to classifying human emotions. Circumplex model and Positive
Activation - Negative Activation (PANA) model.

has the potential to be used in automated activity profiling systems, which can produce a continuous
record of emotion recognition over extended periods. Emotion recognition has been performed
using multiple physiological signals such as electroencephalography (EEG), electrooculography
(EOGQG), and inertial sensors such as accelerometers and gyroscopes. The EEG signals are the primary
sources of emotions in our body. According to Liu et al., EEG features can be used for positive
emotion recognition, but are less efficient for the detection of negative emotions [67]. Hence,
to improve the accuracy of the system, it is required to integrate other signals such as EOG and
kinematic motion. In negative emotion recognition, EOG features show high accuracy. Following
Liu et al. using the properties of both, EEG and EOG features, improves the efficiency of emotion
recognition [67]. Additionally, gyroscopes are known to enhance valence and head pitch to enhance

arousal [68].

Physiological signals can be collected continually and precisely by using wearable sensors. The
effectiveness of wearable sensors in collecting data for emotion recognition has also been studied by
using multiple wearable sensors in combination with each other. In 2015, Cruz et al. [12] developed
an automated recognition of facial expression based on EOG signals. In future research, this method
can be used for the prediction of emotional states. This research used a traditional four channel
EOG electrode to predict six movements of the eyes (namely, up, down, right, left, blink, and frown).

The recognition algorithm extracted time and frequency domain features from EOG signals, which

24



3.1. Related Work

were then classified by a multiclass linear discriminant analysis (LDA) classifier.

In 2017, Wei et al. [66] developed a real-time emotion detection system based on EEG signal
measurements. An emotion detection headband coupled with printed signal acquisition electrodes,
and an open source signal processing software (OpenViBE) were used. The binomial classification
of positive and negative emotions was performed using naive bayes (NB) and support vector machine.
With the use of linear discriminant analysis (LDA) as a classification algorithm, the highest achieved

subject-dependent accuracy was 86.83%, and the highest subject-independent accuracy was 64.73%.

Wiem et al. [69] reported in 2017 a classification of emotional statements using an arousal-
valence evaluation for peripheral physiological signals, ECG, respiration volume, skin temperature,
and GSR specifically. This paper aimed to identify the human emotional states arousal and valence.
They defined emotions using three different models: the first and second model utilizing two (in the
first model) or three (in the second model) classes using 1-9 discrete self-rating scales, and the third
model using 9 emotional keywords to establish the three defined areas in arousal-valence dimensions.
Then, 169 features were extracted from the MAHNOB-HCI multimodal tagging database, and the
emotional statements were classified by using SVM. The obtained results, 64.23% and 68.75%
accuracy for arousal and valence respectively, suggested that SVM could be a promising classifier

for emotion recognition.

A recent study from Liu ef al. [70] in 2018 used a simple wearable system to acquire a single
channel EEG signal, a respiration (RESP) signal, an ECG signal, and the body postures (head
posture was tracked by a digital gyroscope and accelerometer) to explore the relation between
these signals in human emotions as neutral and non-neutral. The study was performed with six
participants. Videos provided by the Shanghai Jiaotong University SEED laboratory were used
to stimulate the different emotions (positive, neutral, and negative) of each subject [70]. A main
difference to our study is, that Liu et al. did not define the emotional state based on arousal and
valence. They defined emotion as either neutral or non-neutral; non-neutral emotions were further
classified positive or negative. To predict emotion, firstly data processing was applied to remove
the baseline drift of the signals and a bandpass filter was applied to suppress the high-frequency
interference. Then, power spectral density was applied to extract the most important features from
the EEG data, standard deviation, average power, mean of the absolute values, and blink frequency
(an EOG feature collected as an artifact from the EEG signal). On the other hand, three features
from ECG and six from RESP were extracted. Additionally, for head posture stability one feature
was extracted. In order to classify emotion, a linear super vector machine (SVM) was used to

achieve approximately 87% accuracy.

In 2018, Wang et al. [71] proposed an emotion recognition method combining EOG and eye
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movement videos by using eight healthy subjects. Firstly, the time-frequency eye movement features
were extracted by applying the short-time fourier transform (STFT) to raw multi-channel EOG
signals. Then, three emotional states (positive, neutral, and negative) were classified by using SVM
with a polynomial kernel function. The average accuracy of the obtained results, around 88% to

89%, showed that eye movement information could adequately reflect the emotional states.

Wang et al. [72] experimented in 2018 on the Amigos database for binary classification for
valence and arousal. The Amigos database has a total of 40 subjects and 16 short-length emotional
videos, where each data has 14 channels for EEG, two channels for electrocardiography (ECG) and
one channel of galvanic skin response (GSR) collected from wearable sensors. Wang et al. proposed
an emotion recognition framework based on physiological signals. This framework has three main
blocks. Firstly, a pre-processing block used low- and high-pass filters to clean physiological signals.
Secondly, feature extraction methods were implemented per each biosignal. For the GSR signal
32 features, for the ECG signal 77 features, and for the EEG signal 105 features were extracted,
with a total of 214 features. The last step proposed a block with entropy domain features and a
XGboost classifier [72]. Overall, this method achieved 80% (valence) and 68% (arousal) accuracies
of prediction for two affect dimensions. We used this paper as a groundwork for pre-processing
EEG signals and extraction features from them. As a difference to previous studies, the present
study proposes the use of JINS MEME for the detection of EOG, 281 extracted features (from
EEG, EOG, kinematic motion data), feature selection, and classifier models (Random Forest and

Ensemble Classifier).

On the other hand, another recent study showed the use of accelerometer data collected from
wearable sensors, such as a SmartWatch, to detect emotion recognition. Quiroz et al. [73] performed
their investigations as a mixed-design study: within-subjects (emotions happy, sad, and neutral) and
between-subjects (stimuli: audio-visual and audio) by using 15 healthy adults. In their procedure,
they divided the accelerometer data using sliding window, followed by feature extraction from each
window. Then, the majority class was predicted using the classifiers Random Forest (RF), Logistic
Regression (LG) and Baseline (BL). The highest achieved median accuracy of these studies was
78% for the binary classification of happiness vs sadness. The results confirmed that changes in
emotional states and behavioral responses can be detected with a SmartWatch. Hence, accelerometer

data can be used for emotion recognition.

Furthermore, the accelerometer data can be used to measure head movements. A recent study
[68] investigating the correlation between head movements and self-report measures showed that
individuals who displayed more side-to-side head movements gave higher ratings of pleasure. This
experiment used a library of immersive virtual reality (VR) clips that were created by paralleling the

design used in IAPS. In this study, the participants rated clips on valence and arousal dimensions.
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The results showed a significant positive correlation between the standard deviation of head pitch
and arousal , suggesting that people who tend to tilt their head upwards while watching immersive
VR clips reported being more excited. Furthermore, a positive relationship between the standard

deviation of yaw and valence was found.

3.1.3 Emotion During Gameplay

In the context of computer games, engagement has been defined as task involvement and describes
the player’s subjective perception of a game’s reality and their degree of involvement on the task
[74].

Affective gaming, the detection of emotion during gameplay, is of great research interest and
exploits human emotion for the enhancement of the player’s experience during gameplay. Yang
et al. [75] showed in 2018, that the use of physiological signals can enhance the understanding of
emotional states and that they can be applied to affective gaming. In their study, 58 participants
with different skill levels played a football simulation game (FIFA 2016) to stimulate emotions.
To identify the biosignal response during gameplay, they recorded and created a multimodal
database (DAG) that contains biosignals (electrocardiography (ECG), electrodermal activity (EDA),
respiration, electromyography (EMG), temperature), facial and screaming recordings, accelerometer
signals, and the player’s self-reported event-related emotion assessment. To recognize emotion
detection during gameplay Yang et al. presented a feature extraction from physiological signal
segments. Then, each feature per participant was normalized by using standard and min-max
normalization. Additionally, a feature selection was applied. To classify the emotions, they used a
linear SVM that achieved the best average accuracy with 50.4% for arousal and 50.7% for valence.
Overall, they addressed the common challenges for physiological-based affective model such as
signal segmentation, feature normalization, and relevant features, but their classifier has a lower
performance. This paper shows that the most relevant features for emotion detection derive from

EMG and acceleration signals.

Alhargan er al. [76] established, that playing the same game with different difficulty levels
makes the player feel different emotions. The paper aimed to use eye tracking to recognize emotions
(arousal and valence) during the gameplay. Fourteen healthy students played the game Speedboat,
where each participant played five affective game levels and completed a questionnaire after each
attempt. The methodology used in this paper included pre-processing, feature extraction, feature
normalization, and classification. The pre-processing was used to eliminate the noise from the
pupillary response, to isolate pupil light reflexes (PLRs) and to remove the artifacts before extracting
affective features. Besides, standard features in the time-frequency domain, e.g. mean, standard

deviation, mean deviation, spectral entropy, and the power spectral density (PSD), were extracted

27



3.2. Research Questions

from the pupillary response. Max-min normalization was applied to all features for their scaling
between 0 and 1. Then, a classification was applied using SVM to recognize up to 76.0% and 61.4%
on arousal and valence, respectively. These results show that the use of eye and pupillary responses
are highly promising for emotion recognition, but the accuracy for valence is lower compared to
previous research. This is due to the fact that they are not using features from blink, saccade and

gaze distance which have been shown to associate with valence.

According to Huynh et al. [77], the decision to keep playing a game is based on how they
feel in the first few plays. In order to enhance the game experience, game designers need to
understand emotions and to use them as one of the design factors for triggering positive game
experiences. Huynh et al. [77] developed a system that evaluates the emotional experience of
gamers based on physiological changes. They used 22 participants to explore the relation between
the level of difficulty and the player’s emotion (excitement and happiness), and the association
between emotions and the physiological signals. They demonstrated the use of wearable devices
for the detection of physiological signals (electroencephalography (EEG), photoplethysmogram
(PPG), and galvanic skin response (GSR)) to identify emotions during gameplay using the game
Tank 1990 HD. The emotion recognition in this research had three main steps (pre-processing,
feature extraction, and emotion classifier); firstly, a signal processing was applied by computing
the beat-to-beat interval series and the heart rate from PPG signals. For the GSR signal, a low-pass
filter with a cutoff frequency of 0.4 Hz was applied, and for the EEG a band-pass filter (1 Hz
-30 Hz) was applied to eliminate linear trends in signal recording and to cut off high-frequency
noise. Secondly, feature extraction was applied to calculate features such as heart rate variability,
geometric features, standard deviation, mean value, the fractal dimension of each EEG channel.
Last, they ran a correlation-based heuristic search algorithm to select the best features and used
the Random Forest and J48 classifier algorithms to create the classification models (one for each
emotion). The results show the high potential of using biosignal such as EEG, Random Forest , and
wearable devices to predict game experience with classification accuracies of 77.38% and 73.21%,

respectively, for excitement happiness.

3.2 Research Questions

The study helps to build an understanding of the patterns of engagement, emotional states and
cognitive difficulty of healthy individuals while playing computer games. Therefore, we followed

the three main hypothetical questions :

e Q1: How accurately can the player’s self-reported valence and arousal be predicted based

on EEG, EOG, and kinematic motion data?
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o Q2: How does the player’s emotional state changes as the game difficulty changes?

o Q3: How accurately can the players’ emotional states be predicted using pre-trained machine
learning models with the use of IAPS images during gameplay when the difficulty of the game

changes?

3.3 Protocol

Participants: 21 healthy participants (11 Females and 10 Males) over the age of 18 were recruited
from the University of Alberta. All participants provided informed consent approved by the Health
Research Ethics Board at the University of Alberta

Equipment: Two devices were used to collect biosignals. Both devices transmitted data to a
nearby computer via Bluetooth. The OpenBCI headset collected EEG and motion data at 125 Hz [3].
16 electrodes contained within the headset collect data in accordance with the International 10-20
system (Fp1, Fp2, C3, C4, T5, T6, O1, O2, F7, F8, F3, F4, T3, T4, P3, P4), while an accelerometer
embedded on the device’s micro-controller board data collected about kinematic motion as it can be

seen in figure 3.2.

Figure 3.2: Open-source brain-computer interface(OpenBCI) is an affordable bio-sensing system,
this device can collect electrical activity of human body such as EEG, EMG, EOG and ECG.[3]

The JINS MEME eyewear collected EOG and kinematic motion data at 100 Hz. Three dry
electrodes housed within the bridge and nose pads of the glasses collected EOG signals in the
horizontal and vertical dimensions. An accelerometer and a gyroscope, housed within one of the

arms of the eyewear, collected kinematic motion data.

3.3.1 Study Procedure

Our study involved three sessions. The first session served as a baseline assessment to recognize

distinct levels of individual gameplay performance. The second session was used to learn how
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to classify emotion states with EEG, EOG and kinematic motion data. In the last session, the
participants played a modified version of the Whack-a-Mole game with the three difficulty levels
(Too Easy, Optimal, and Too Difficult) in a random order defined in the first session. While
the participants were wearing the OpenBCI and JINS MEME devices during all the sessions for

symmetry, collection of sensor data only occurred in the second and third session.

Session 1: Identifying Gameplay Levels of Distinct Difficulty The objective of this session

was to associate each participant with three game-play levels of three distinct difficulty levels.

Participants played the Whack-a-Mole game through a sequence of 15 levels of increasing
cognitive demand. Each level contained the same number of targets, but displayed them at a speed
that increased by 12% each level. Based on each participant’s gameplay performance, three levels
were defined for each participant: Too Easy, Optimal, and Too Difficult. The very first level of
the game was completed with ease by every participant, and was thus defined as Too Easy for all
participants. Optimal was defined individually for each participant as the highest level in which they
achieved a perfect score by hitting all moles and avoiding all bunnies. Too Difficult was defined as

two levels above Optimal — approximately 25% faster in speed.

Session 2: Learning to Classify Emotions with EEG, EOG and kinematic motion The objec-
tive of this session was to collect self-reported emotional-state data in response to viewing IAPS
images, as well as biosignals during viewing these images, in order to evaluate how accurately the
participants’ self-reported emotional responses can be inferred from the biosignals collected from

our chosen wearable devices.

In the second session, sensor data was continuously collected as participants viewed a random
sequence of images from the international affective picture system (IAPS). Participants were shown
36 images from the IAPS library that were selected to evoke a range of emotional responses.
Participants indicated their emotional response to each image by filling out a questionnaire shown in
the figure B.1 in which they assigned scores for valence and arousal on a scale from 1 to 5. Images
were shown for 6 seconds after the presentation of a fixation cross for 4 seconds. Each image was
followed by a prompt to fill out the questionnaire in the figure B.1 (Appendix B ), and participants

were given 6 seconds to do so after each image.

Session 3: arousal and valence at Different Game-play Levels The objective of this session
was to collect self-reported emotional-state data in response to playing the Whack-a-Mole game
at the three distinct difficulty levels, as well as biosignals at the end of each game-play session, in
order to analyze how difficulty levels correlate with the player’s self-reported emotional state and

the emotional state inferred by the biosignal classifier.
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The third session started after a short break after the second session. Participants played a
version of the Whack-a-Mole game that presented the three levels (Too Easy, Optimal, and Too
Difficult) in a random order. Each level was presented for a consistent duration of 60 seconds. This
differs from gameplay succession in the first session, in which each level displayed a consistent
number of targets. After the end of each level, participants filled out the PANAS questionnaire
shown in the figure B.2 (Appendix B).

3.3.2 Image Selection Procedure

The IAPS system assigned average valence (V) and arousal (A) scores to each image based on the
average participant response. Separate scores were assigned for male (M) and female (F) participants

on a scale from 1 to 9.

For this study, we wanted to present the participants with images that would evoke strong
responses and would give us clear, unambiguous emotional-state labels to analyze against the

participant self-reported emotional responses.

We overlaid the Circumplex Model of Affect (see figure 3.1) over a grid separated into 9
categories (see table 3.1). Each of these 9 categories represented a region on the Circumplex Model
of Affect. This would allow us to use simple formulas to determine which images fit most clearly

into each grid section.

First, the following formula was used to normalize the IAPS scores from -1 to 1, placing the

origin in the centre of the Circumplex Model of Affect:

:VIAPS_l_l A:AIAPs—l_
4 4

\% 1 (3.1)

Each image was ranked according to its value for each of the formulas, and the 4 images with
the highest ranking for each formula were placed in the corresponding category. For categories
where the selected images overlapped with selected images from other categories, the image was
placed in the category where it had a higher ranking. For example, if an image had the fourth highest
ranking in category 7 and the second highest ranking in category 4, it would be placed in category 4.

Since participants in this study assigned valence and arousal scores on a scale of 1-5, the IAPS

image scores were normalized to the same scale for the sake of comparison.
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Table 3.1: Image selection procedure and used formulas for the selection of 4 images from each of
the 9 categories.

Category | Position Valence | Arousal | Formula Selection

1 Left Top Low High -V+A Highest Values
2 Centre Top Neutral | High -Vas + A Highest Values
3 Right Top High High V+A Highest Values
4 Left Centre Low Neutral | -V - Aups Highest Values
5 Centre Centre | Neutral | Neutral | - Vs - Agps | Highest Values
6 Right Centre High Neutral | V - Agps Highest Values
7 Left Bottom Low Low -V-A Highest Values
8 Centre Bottom | Neutral | Low - Vs - A Highest Values
9 Right Bottom | High Low V-A Highest Values

3.3.3 Ground Truth for Arousal & Valence

Following Wang et al. [72], in this work, we used two different classification systems: Multi-
classification for arousal and valence with three classes (low, neutral, and high) and two binary

classification with two classes (low and high).

For the training labels, the Circumplex self-assessments of each subject on two dimensions were

used as can been seen in figure B.1 in Appendix B.

As shown in figure 3.3, all original label values from Circumplex self-assessments are between
[1,5] and needed to be transformed into binary classes. The way to determine the threshold 3 is
intuitive, but the distinction between high and low emotion of one subject is difficult. The rating of
high and low values is highly related to personal tendencies; hence, the labelling system decreases
in performance [72]. To compensate this imbalance, we determined subject-dependent mean values
to define labels for all reactions to 36 images for each of the 21 participants. The usage of mean
values instead of median values led to less ambiguity even if the median was labelled positive or

negative. The z represents the assigned scores for valence and arousal on a scale from 1 to 5.

Following equation represents an example calculation of the subject-dependent mean value of

participant 1 depicted Figure 3.3.

242 44+4+4
arz:( + +3+3+31453+ +4+ +5):33 32)
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Figure 3.3: Visual explanation of Binary Classification.

The mean values are visualized for each subject 1, 2, and 3 (see figure 3.3). It is to be noted,
that figure 3.3 is just an illustrative example and shows the hypothetical reactions of 3 subjects to 10

images.

3.3.4 Arousal & Valence From PANAS Questionnaire

Past research has often used PANAS to asses the subjects’ emotional state after completing playing
a serious game [4, 78]. As can been seen in figure B.2, the PANAS questionnaire is separated
in positive and negative affect. Each of the affected sub-scales contains ten adjectives. Further,
each of the ten items was designed to be internally consistent and to have convergent correlations
with lengthier measures of the underlying mood factors [4]. In session 3, the participants filled out
the PANAS questionnaire (see Appendix B.2) as self-reported measures of emotional states after
playing each level of the game Whack-a-Mole. The gamers were asked to rate the extent to which
they have experienced each particular emotion on a 5-point scale (1 = “Very slightly or not at all” to

5 = “Extremely”).

For the calculation of positive and negative affect, further additional scores were required.
Hence, the following ten scores were added to calculate positive affect: Interested, Exited, Strong,
Enthusiastic, Proud, Alert, Inspired, Determined, Attentive, and Active. By rating each score on
a 5-point scale, the results (sum of all ratings) can range between 10 to 50, where a higher score
indicates a higher level of positive affect. On the other hand, to calculate negative affect the ten
scores Distressed, Upset, Guilty, Hostile, Scared, Hostile, Irritable, Ashamed, Nervous, Jittery, and
Afraid had to be added, where a lower score represents a lower level of negative affect. According
to Watson et al. [4], the mean scores for momentary positive affect is 29.7 (SD = 7.9) and the mean

momentary negative affect score is 14.8 (SD = 5.9). As a result, a positive affect score equal 30
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represents Neutral, higher than 30 High, and lower represents Low affect. On the other hand, a
negative affect score equal 16 represents Neutral, higher than 16 High, and lower represents a Low

affect.

The pre-trained machine learning models in session 2 were based on the two-dimensional
arousal and valence Circumplex model of the IAPS image responses. Therefore, after calculation of
the resulting scores, the positive and negative affect was also mapped as two-dimensional arousal
and valence Circumplex model (see image 3.1). [4]. Exemplary, a positive affect score of 35 (High)
and a negative affect score of 15 (Neutral) result in High valence and a High arousal. Table 3.2 lists
the emotional states associated with different positions in the Circumplex model shown in figure
3.1.

Table 3.2: Relationship between Circumplex and PANA models of classifying human emotions.

Angle Position Valence / Arousal (Russell) Positive / Negative Affect (Watson & Tellegen)
90° Top Valence, Arousal Positive Affect, Negative Affect
45° Top Right Valence, Arousal Positive Affect, Negative Affect
0 Right Valence, Arousal Positive Affect, Low Negative Affect
315°  Bottom Right Valence, Low Arousal Positive Affect, Low Negative Affect
270° Bottom Valence, Low Arousal Low Positive Affect, Low Negative Affect
225° Bottom Left Low Valence, Low Arousal Low Positive Affect, Negative Affect
180° Left Low Valence, Arousal Low Positive Affect, Negative Affect
135° Top Left Low Valence, Arousal Positive Affect, Negative Affect

3.4 Data Collection & Analysis

Figure 3.4 shows our approach in this study. The emotion recognition starts with the collection of
the reactions to the IAPS images using biosignals and the self-assessment questionnaire. As a first
step, we input the EEG, EOG, Accelerometer (ACC), and Gyroscope (GYRO) to the synchronized
frame. Secondly, the signals were cleaned and pre-processed. We calculated 281 attributes to
evaluate the relevance of our input signals. Then, imputation, feature selection, and standardization

were applied to enhance the training process.

On the other hand, the self-assessment questionnaire was used as ground truth for arousal and
Valence by using subject-dependent mean values. This is explained in more detail in section 3.3.3.
The machine learning models were trained corresponding to the ground truth defined previously

using Random Forest (RF) and Ensemble Classifier (EC) (Support Vector Machine (SVM), Random

34



3.4. Data Collection & Analysis

Forest (RF) and Logistic Regression (LR)). Next, an evaluation of our machine learning engine was

applied using 10-fold cross-validation to compare the proposed approach to related works.

[] Ensemble Classifier
Collected from. EEG Data Pre-processing Data Set Construction All Data Set o
IAPS images andom Forest
reactions — Support Vector Machine
. Logistic Regression
EOG sl Strea'm . 1 Imputation
Synchronization l
— .
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Accelerometer [— Cross-Validation
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\_/_
‘ Best Pre-Trained Model
Gyroscope Selection
J

Figure 3.4: Flowchart of the approach for training the model using IAPS images and 10-fold cross
validation.

Figure 3.5 shows the use of the pre-trained machine learning models for the emotional state
prediction of the participants while playing the game. The new data set (biosignals collected
from playing games and PANAS questionnaire) was inputted, as shown in figure 3.5. PANAS
questionnaire input was mapped into a Circumplex model of affect corresponding to the ground
truth of our new data set. This is explained in more detail in section 3.1.1. Following the steps
depicted in figure 3.4, first, the data was cleaned, and features were extracted from the time series

data. Finally, the machine learning engine was pre-trained with the used IAPS images.

EEG Data Pre-processing Data Set Construction
\_/_
. EOG Stream || q
Synchronization IR
\_/—_
Data Cleaning Feature Selection
Accelerometer ||
Feature Extraction Standardization
\_/-
New Data Set
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Figure 3.5: Flowchart of the proposed approach to predict the emotional state of the participants
while playing the game.

3.4.1 Data-Stream Synchronization

Collected data from OpenBCI (OBCI) and JINS MEME (JM) were emitted to a collecting computer
in the Service Systems Research Lab at the University of Alberta.

We used the timestamp of the initial appearance of each IAPS image on the subject’s display

as sentinels for synchronizing the data collected from the two wearable devices. Since the OBCI
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and JM devices had different sample rates (OBCI - 125 Hz, JM 100 Hz), one signal had to be
oversampled, and the other had to be undersampled. The oversampling approach can amplify the
noise, and therefore, the topological characteristics of the signal can be deformed. On the other
hand, the undersampling can remove essential features from the original signal. To avoid these
issues, we designed an emotion profile per participant, which contained a synchronization based

on the stages ("start of image display", "fixation cross appearance”, and "PANAS questionnaire

response").

Python was used to slice and organize the data using an associative array. In this case, four main
key-values (IDs, stages, data types, and event counters) were used. IDs are unique identifiers to
protect the identity of the participants. The stages were defined as "start of image display"”, "fixation
cross appearance”, and "PANAS questionnaire response”, with a predefined time of 6s, 4s, and 6s,
respectively. The data types were based on wearable devices such as OBCI and JM, and the event
counter was defined as the number of displayed images. We used the timestamp to slice the data

with the events from the displaced images without the need for over- or undersampling the signals.

In the third session, the timestamps collected by playing the game Whack-a-Mole were used to
synchronize the data obtained from wearable devices, using the same approach. These timestamps
corresponded to player’s start and end time of each the three levels (Too Easy, Optimal, Too Difficult)

in random order.

3.4.2 Feature Extraction

Feature extraction started from an initial set of measured data and derived values from the time series
of the raw signals were built. The feature extraction intends to be informative and non-redundant, to
facilitate the subsequent learning, and to generalize the processing steps. For the evaluation of the
participant’s reactions to the shown images, Python was used to calculate 281 attributes using EOG,
EEG, H-ACC, G-ACC and G-GYRO data, which is shown in table 3.3. These attributes contain
information about head movements, neurofeedback, and eye movements, as well as attributes
calculated from the raw signals based on a set of attributes used for emotion recognition with EEG

known from previous researches [72, 79, 80].

EEG: Based on the literature [66, 72, 70, 69], a 50 Hz Notch filter and a band-pass filter with
0.3-60Hz on the 16 channels were applied. The extraction of the EEG Power Band was carried out
via Fourier transformation. Therefore, the high-frequency signals (Theta, Alpha, Beta, Gamma)
were calculated for each of the 16 EEG channels. Also, the asymmetry of the average power spectral
density of the band relations Delta/Theta, Delta/Alpha, Delta/Beta, Theta/Alpha, Theta/Beta, and
Alpha/Beta were extracted.
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Table 3.3: Feature extraction per signals.

Extracted Features

Electroencephalography
(EEG)
(112 features)

Mean, Standard Deviation (Std) of the Average 5 Bands (Theta, Alpha, Beta,
Gamma, Delta) and Delta to Theta, Delta to Alpha, Delta to Beta, Theta to
Alpha, Theta to Beta, Alpha to Beta and Power Spectrum Density (PSD) in 16
channels

(112 features from 16 ch x 7 features per channel)

Electrooculography
(EOG)
(63 features)

Horizontal and Vertical Saccade Movement, Peak of FFT Horizontal and Ver-
tical, Horizontal and Vertical Maximum, Maximum, Blink Mean, Std, Max,
Min, Sqr, Kurtosis, Skew, PSD, Mean Jerk, Std Jerk , Max FFT, Total Saccades
Movements (Up, Down, Left and Right), Total Number of Blinks

(63 features from 3 ch (Horizontal, Vertical and Result Vector) x 21)

Head Acceleration
(H-ACC)
(66 features)

Glasses Acceleration
(G-ACC)
(66 features)

Mean, Standard Deviation, Max, Min, Sqr, Kurtosis, Skew, Power Band, (PSD),
Energy, Mean Jerk, Std Jerk , Max FFT, Periodogram

(66 features from 3 ch (X,Y and Z) x 22)

Glasses Gyroscope
(G-GYRO)
(40 features)

Mean, Standard Deviation, Max, Min, Sqr, Kurtosis, Power Band, Periodogram

(40 features from 4 ch (Pitch, Roll, Yaw, and Normal Vector) x 10)

EOG: Based on the literature [11, 12, 71], a 20 Hz low-pass filter and 0.5 Hz high-pass filter

were applied to remove the DC noise of the signal. A 0.05 seconds moving average filter was

used to smooth the EOG signal and to remove signal noise and to preserve the overall structure

of the eye movements. The most characteristic feature was the difference between steady periods

without eye movements and periods with eye movements. Hence, to detect the eye movements,

the eye acceleration was extracted by using the first derivation of the EOG signal from JM. The

first derivative of the EOG signal characterizes all eye movements by a local maximum and a local

minimum. The maximum and minimum lag-lead characterization determines the direction of an eye

movement in either the vertical or horizontal dimension. This leads to the extraction of features such

as horizontal and vertical saccade movement, the peak of FFT horizontal and vertical, horizontal

and vertical maximum, minimum, and blink mean.

Accelerometer & Gyroscope: Following the literature [68, 70, 12, 73], a 0.5 Hz high-pass
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filter was used to eliminate the dynamic human kinematic motion while preserving the static human
kinematic motion or posture information. A 5-20 Hz band-pass filter was applied to extract the
components of the static signals and to remove the DC components of the signal. Then, standard
features were calculated, such as mean, standard deviation, jerk, and skewness in the X, Y, and Z

directions of the accelerometer.

Imputation

Imputation is the process of estimating and replacing missing data with synthetic values [81]. In
our study, missing values occurred due to Bluetooth communication issues. Therefore, we used
the median value imputation to determine the missing values from the EOG features mean jerk
and peak of FFT horizontal and vertical. According to Setz et al. [81], in cases where the applied
classification model employs a feature whose value is missing in the test sample, imputation is

required.

Feature Selection

Feature selection is required, in order to eliminate redundant features and reduce the model com-
plexity of machine learning algorithms [72]. Previous research proved that using feature selection
for emotion recognition based on Random Forest (RF) can enhance the sadness recognition (low
arousal and valence) and improve the classifier performance. RF is constructed out of many un-
pruned decision trees on several bootstrap samples and uses the OUT-OF-BAG (OOB) error to
measure the prediction error. As shown in table 3.4, we selected the 30 most important features
based on the feature importance score using the Random Forest method as known in the literature
[82].

1
number of trees

FI(X)) = > (lerr(X]) —err(X]_,,))) (3.3)

Feature importance (FI) is defined as the increment of the mean error while changing the feature

value X{ randomly by one of its values from the OOB set (see equation (3.3)) [82].

Standardization

After the feature selection, feature scaling was applied. The two common ways for scaling are
min-max scaling and standardization. In this study, we chose the latter due to less affection by
outliers. In the case of min-max scaling, the min value was subtracted and divided by the difference

of max and min. The shifted and rescaled values ended up ranging from O to 1. For standardization,
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Table 3.4: 30 Features selected for emotion recognition based on Random Forest. (The common
features between Valence and Arousal are underlining and bold).

Valence

Arousal

Mean of Theta P4, Alpha to Beta C4, Mean
of Alpha F7, Standard Deviation of Delta O1,
Delta to Beta C4, Delta to Alpha C4, Theta to
Beta C4, Average Band Power of Beta T6,

Standard Deviation of Gamma Fp1, Standard
Deviation of Beta T3, Alpha to Beta Fpl,
Theta to Alpha P3, Theta to Alpha F4, Stan-
dard Deviation of Delta T5, Standard Devia-
tion of Delta C3, Delta to Theta P3, Average

EEG Standard Deviation of Alpha O1, Average Band Power of Alpha Fpl, Standard Devia-
Band Power of Beta Fpl, Mean of Gamma tion of Delta Fp2, Mean of Alpha C3, Theta to
Fp2, Delta to Theta C3, Delta to Beta T6, Delta  Alpha T3, Average Band Power of Delta Fp2,
to Alpha T6, Mean of Beta T5 Theta to Alpha TS5, Theta to Alpha C4, Theta
to Alpha 02, Standard Deviation of Delta T6
(15 features)
(17 features)
Horizontal Saccade Movement, Peak of
FFT Horizontal, Horizontal Maximum, . . .
EOG Peak of FFT Vertical, Maximum of Result Vertical Maximum, Peak of FFT Vertical
Vector (2 features)
(5 features
Peak' of FFT of Acceleration in Z-Direction, Median of Acceleration in Z-Direction, Maxi-
Median of Result Vector, Peak of FFT of Ac- .. . .
.. . . mum of Acceleration in X-Direction, PSD of
H-ACC celeration in Y-Direction, Peak of FFT of Re- .o L
Acceleration in Y-Direction
sult Vector
(4 features) (3 features)
Energy of Result Vector,
PSD of the Acceleration in Z-Direction, Peak of FFT of Result Vector, Standard
Peak of FFT of Acceleration in Z-Direction, Deviation of Jerk, Energy of Acceleration
G-ACC Peak of FFT of Result Vector in Y-Direction, Energy of Acceleration in
(3 features) Z-Direction
(5 features)
Minimum of Pitch Axis, Maximum of Pitch g{:zé?;;n];:fiaﬁgieé?ﬁ;%n AlxnisYI_QDllQrionthOZ:
G-GYRO | Axis, Standard Deviation of Pitch Axis ’

(3 features)

sult Vector

(3 features)

the mean value was subtracted and then divided by the variance. Hence, the final distribution had a

unit variance [83].

39



3.4. Data Collection & Analysis

3.4.3 Learning a Classifier Model

In the literature, machine learning algorithms such as Support Vector Machine (SVM), Logistic
Regression (LR), and Random Forest (RF) were successfully applied to classify biosignal data
associated with affective/emotional states [84, 85, 86]. On that basis, in this approach, we used

machine learning approaches mentioned previously, and created our hard voting classifier.

Support Vector Machine is a machine learning model suitable for linear or nonlinear clas-
sification, regression, and outlier detection. According to Sohaib et al. [84], SVM is predicted
to classify EEG data accurately. The kernel function will be applied for data, which cannot be
separated linearly. The most common kernel functions are linear, poly, radial basis, sigmoid, etc.

Following Chen et al. [87], in this work, we used a linear kernel function for the SVM method.

Logistic Regression is commonly used for the estimation of the probability that an instance
belongs to a specific class. With a binary labeling system of 1 (positive class) and O (negative class),
the instance will belong to that class where the estimated probability is higher than 50%. Therefore,
a weighted sum of the input features is computed. The final result is their logistic output, where
logistic is defined as a sigmoid function giving a number between 0 and 1 as output [83]. LR can

also be used for brainwave classification, according to the literature [87].

Random Forest is a method generally used in the classification of EEG signals and based on the
decision-tree method. Multiple trees are integrated as an algorithm following the idea of machine-
learning-integrated learning methods [87]. The randomness of the Random Forest algorithm
increases with growing trees. The algorithm finds the best feature among a random subset of
features. This yields in general in a better model, due to greater tree diversity, which lowers the

variance for a higher bias [83].

Ensemble Classifier Given a set of classifiers (SVM, LR, and RF) trained on the same data, a
potentially better classifier can be constructed by combining their predictions to identify the class
with the most votes. The resulting hard voting classifier can obtain higher accuracy, in comparison
to the best classifier in the ensemble [83]. According to Schuller et al. [88], emotion samples are
hard to access, especially at a higher number of emotion samples. Hence, even if each classifier is a
weak learner by itself, the ensemble can be a strong learner [83]. This technique is called ensemble
learning, and its algorithm is called ensemble method. Nevertheless, it has to be noted, that this
is only true if all classifiers are perfectly independent. This will provide an improvement of the

ensemble’s accuracy [83].
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3.5 Findings

3.5.1 Recognizing the Self-Reported Emotional States Through Biosignals

In this section, we present the classification results for the detection of the degrees low, medium, and
high of valence and arousal, achieved by biosignal features while participants were observing IAPS
images to response our first research question Q1. First of all, the feature set and the classification
system were evaluated. The comparison of the classifiers SVM, LR, RF, and EC was carried out

using 10-cross-validation for each subject.

To investigate our first research question, Q1: How accurately can the player’s self-reported
valence and arousal be predicted based on EEG, EOG, and kinematic motion data?, we exper-
imented with different machine-learning methods for learning classifier on different feature vectors.
Each different feature-vector+algorithm combination was evaluated with 10-cross-validation for

each subject.

For the evaluation of our machine learning approach, four experiments were conducted.

1. For the first experiment, the defined pipeline shown in figure 3.4 was used. Therefore, no

feature selection was applied to train the machine learning algorithm with all features.

2. For the second experiment, 281 features and SMOTE (Synthetic Minority Over-sampling
Technique) were used in order to balance the learning, and no feature selection was applied.
SMOTE was applied for the counteracting of the class-imbalance problem. Therefore, an
algorithm to construct new data based on the existing data was used. This procedure increased

the amount of data in underrepresented minority classes while avoiding overfitting.

3. In the third experiment, the 30 most important features were used for the classifier construc-

tion.

4. For the last experiment, we used the 30 most important features and applied SMOTE.

The tables 3.5 and 3.6 show the average values for each participant. As can be seen in table 3.5,
all classifiers learned from the original pipeline exhibited fairly low performance. One possible
explanation for this is the high number of feature vectors, which results in the need for more
complex decision boundaries. Furthermore, the complexity of the learning algorithm increases with

additional dimensions. Another explanation can be the unequal representation of the classes.

Reviewing the results of experiments 2 and 4, an improvement by using SMOTE of the classifi-

cation performance for arousal and valence can be observed. As described before, classification
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build on class-imbalanced data favors the majority class. With an increasing dimension of the data,
this tendency is even more significant, due to a higher number of variables than several samples.

Nevertheless, it has to be noted that SMOTE is less efficient for high-dimensional data [89].

Of the four tested machine learning algorithms, the better overall performance was obtained
using the 30 most important features and SMOTE. Using the 10-cross-validation across all subjects,
the arousal and valence accuracy ranges from 70% to 94% for the binary classifier, and from 62%

to 89% for the multi-classifier (see table 3.5).

The Ensemble Classifier and Random Forest showed the best results. While their performances
are similar, the Ensemble Classifier obtained a more efficient recall, indicating that it returned most
of the relevant results. Moreover, further evaluation based on the SMOTE data with the 30 most
important features showed a two times better performance in comparison to the other feature set as
it can be seen in table 3.5. Overall, it can be said that the emotional state can be recognized based
on EEG, EOG, and kinematic motion data.

Table 3.5: Comparison of mean performance across 10-fold user’s average of the classifiers Logistic
Regression, Random Forest, polynomial liner SVC, and Ensemble Learning.

Multi-Classifier Binary Classifier

F1-Score Recall Accuracy F1-Score Recall Accuracy

Features v A |V A \% A v A \% A v A
All (281) 0.40 | 0.41 | 040 | 0.41 | 041 | 043 | 0.49 | 0.41 | 0.51 | 0.46 | 0.58 | 0.58
All (281) + SMOTE 0.68 | 0.70 | 0.70 | 0.71 | 0.69 | 0.71 | 0.70 | 0.76 | 0.74 | 0.87 | 0.70 | 0.79
SVM Important (30) 0.66 | 0.73 | 0.67 | 0.74 | 0.67 | 0.74 | 0.51 | 0.48 | 0.51 | 0.50 | 0.58 | 0.66
Important (30) + SMOTE | 0.63 | 0.72 | 0.64 | 0.73 | 0.64 | 0.74 | 0.66 | 0.81 | 0.69 | 0.87 | 0.66 | 0.81
All (281) 0.37 | 0.41 | 0.37 | 041 | 0.37 | 043 | 0.47 | 0.42 | 0.49 | 0.43 | 0.55 | 0.58
All (281) + SMOTE 0.65 | 0.68 | 0.66 | 0.69 | 0.67 | 0.69 | 0.67 | 0.81 | 0.71 | 0.88 | 0.65 | 0.79
Logistic Regression | Important (30) 0.64 | 0.67 | 0.65 | 0.69 | 0.61 | 0.70 | 0.51 | 0.53 | 0.52 | 0.53 | 0.59 | 0.73

Important (30) + SMOTE | 0.61 | 0.71 | 0.62 | 0.72 | 0.61 | 0.73 | 0.65 | 0.82 | 0.66 | 0.86 | 0.64 | 0.82

All (281) 0.40 | 045 | 043 | 0.49 | 040 | 0.43 | 0.44 | 0.31 | 0.40 | 0.30 | 0.61 | 0.68
All (281) + SMOTE 0.60 | 0.68 | 0.43 | 0.68 | 0.61 | 0.69 | 0.65 | 0.78 | 0.65 | 0.81 | 0.66 | 0.79
Random Forest Important (30) 0.61 | 0.68 | 0.43 | 0.68 | 0.61 | 0.67 | 0.57 | 0.48 | 0.52 | 0.47 | 0.69 | 0.76

Important (30) + SMOTE | 0.73 | 0.78 | 0.75 | 0.77 | 0.75 | 0.79 0.75 0.85 | 0.74 | 0.86 | 0.75 | 0.84

All (281) 039 | 043 | 045 | 042|039 | 049 | 038 | 0.31 | 036 | 0.32 | 0.61 | 0.69
All (281) + SMOTE 0.66 | 0.70 | 0.66 | 0.71 | 0.67 | 0.71 | 0.69 | 0.82 | 0.79 | 0.88 | 0.65 | 0.80
Ensemble Learning | Important (30) 0.65 | 0.71 | 0.67 | 0.71 | 0.66 | 0.71 | 0.47 | 0.44 | 0.44 | 0.43 | 0.64 | 0.76

Important (30) + SMOTE | 0.67 | 0.77 | 0.72 | 0.78 | 0.73 | 0.79 0.75 0.85 | 0.83 | 0.88 | 0.72 | 0.84

Table 3.6 shows the comparison of f1-score and accuracy using the three signals, EEG, EOG,
and kinematic motion between subjects. Following four scenarios were tested: using only EOG,

EEG, or kinematic motion, and using all three signals. As can be seen in table 3.6, high accuracies
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across all users for the classification of arousal and valence were achieved. This provides further
evidence for the hypothesis that movement sensor data can be used for emotion recognition. For
the creation of a personal model as future work, we can avoid EEG signal features due to their
complexity for measuring and tracking emotions, and focus on EOG and kinematic motion data.
Overall, the best accuracies for valence (75%) and arousal (84%) were achieved using the binary
classifier.

Table 3.6: Comparison of Valence and Arousal for the signals EEG, EOG, kinematic motion and
their sum using the 30 most important features and SMOTE.

Binary Classifier

F1-Score Recall Accuracy

DataSet | V A \'% A A% A

EOG 0.68 | 0.80 | 0.69 | 0.82 | 0.69 | 0.79

EEG 0.71 | 0.80 | 0.70 | 0.69 | 0.72 | 0.81

Random Forest
Motion 0.70 | 0.82 | 0.70 | 0.81 | 0.70 | 0.84

All 0.75 1 0.85 | 0.74 | 0.86 | 0.75 | 0.84
EOG 0.67 | 0.80 | 0.66 | 0.82 | 0.67 | 0.79
EEG 0.67 | 0.80 | 0.69 | 0.83 | 0.68 | 0.80

Ensemble Learning
Motion | 0.69 | 0.83 | 0.75 | 0.85 | 0.68 | 0.83

All 0.75 1 0.85 | 0.83 | 0.89 | 0.72 | 0.84

Table 3.7 summarizes the overall final results of the presented analysis and compares it to similar
research found in the literature. Due to a high overall performance, it is possible to state that our
method is able to predict emotional states accurately. These results suggest that the JINS MEME
glasses, EEG, kinematic motion, and Ensemble Classifier can be used to classify emotional states
reasonably. It has to be noted that this table is primarily meant as an overview and not as a valid

comparative evaluation of the reported methods.

3.5.2 Correlation between Gameplay Difficulty and Self-Reported Emotional
State

To identify the dependency between the three Whack-a-Mole levels (Too Easy, Optimal, and Too
Difficult), and the self-reported emotional states (arousal and valence) of the players during these
sessions, chi-squared tests were performed. Chi-squared tests were inputted using emotional states
mapped from PANAS to a 2-D (arousal and valence) Circumplex Model (see section 3.1.1), and the

game levels. The result of emotional states mapped from PANAS is shown in figure 3.6.

Following, the next research question we set to examine was Q2: How does the player’s
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Table 3.7: Accuracy between proposed method and similar works using Databases (DB).

Accuracy
Year: Wearable Sensor: # of Binary Classifier
Author(s) Sensor Type(s) Subjects A\ A
2019: Electrooculography, Accelerometer,
21 72.02% | 84.30%
Our method Gyroscope, Electroencephalography
2018: Galvanic Skin Response, Electrocardiography,
33 (DB) | 80.01% | 68.40%
Wang et al.[72] Electroencephalography
2017: Electrocardiogram, Galvanic Skin Response,
24 (DB) | 68.75% | 64.23%
Wiem et al.[69] Skin Temperature, Respiration Volume

emotional state changes as the game difficulty changes?. To answer to this question, we tested
three different Null Hypotheses (NH). The first hypothesis assumed that there is no association
between the game levels (Too easy, Optimal, Too hard) of the game and the player’s arousal (high
and low). The second hypothesis assumed that there is no association between the levels and the
valence (high and low). The third hypothesis assumed that there is no association between the

emotional state (arousal and valence) and the game levels.

Correspondingly, the alternative hypotheses posited that there is an association between the

levels of the game and the player’s arousal and valence.

The chi-square analysis revealed a correlation between the game levels and arousal with x> =

7.843, rejection of the first NH with p = 0.020, no correlation between the game levels, valence with
x>® =2.471, and a failure to reject the second NH with p = 0.291. The result of the chi-square
analysis was determined by a 0.05 level of significance and two degrees of freedom. This result
confirms that the players’ arousal emotional state changes while playing the game Whack-a-Mole
and their change of difficulty as can be seen in figure 3.6. The arousal decreases with increasing
difficulty of the game levels. On the other hand, the players’ valence emotional state increases with
increasing difficulty of the game levels, but there is a lack of association between the valence and

levels difficulty.

To examine the third hypothesis, a chi-squared test between emotional state (arousal and
valence) and the game levels was performed. The chi-square analysis revealed a correlation between
emotional state and the game levels Too easy, and Too difficult with x> = 10.255, rejection of the
third NH with p = 0.017, but not for the Optimal level. The disassociation between the Optimal and

(Too easy, and Too difficult) levels reveals a significant difference between the difficulties Too Easy
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Figure 3.6: Mapping of PANAS as 2-D Russell diagrams for all participants. The y-axis presents
the overall participants emotional states. For each participant, scores for valence and arousal for
each level based on their self-reported emotional response (high = 1 and Low = -1) were assigned.

and Optimal.

3.5.3 Predicting Player’s Arousal & Valence Through The Pre-trained Ma-
chine Learning Models

Finally, we used the pre-trained Random Forest and Ensemble Classifier models which have been
used for the classification of arousal and valence based on IAPS images in order to predict the
emotional states after the participants were playing the game Whack-a-Mole. This section answers
Q3: How accurately can the players’ emotional states be predicted using pre-trained machine
learning models with the use of IAPS images during gameplay when the difficulty of the game
changes?. The results of arousal and valence predicted by playing the game are presented in table
3.8. We used the transformation of the PANAS to the Circumplex Model as ground truth. First
of all, we can observe that the performance of the Ensemble Classifier is better than the Random
Forest. Hence, our hard voting system can be more robust to predict emotions. On the other hand,
our results show that the predictions for valence are 7% higher than the predictions for arousal.

Table 3.9 summarizes results obtained in this work compared to the literature.
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Table 3.8: Obtained results of arousal and valence predicted by playing the game Whack-a-Mole.

Binary Classi-
fier
Accuracy
Level A\ A
Too easy 0.65 0.65
Optimal 0.71 0.70
Random Forest
Too difficult 0.90 0.70
Overall 0.75 0.68
Too easy 0.70 0.80
Optimal 0.75 0.65
Ensemble Learning
Too difficult 0.95 0.75
Overall 0.80 0.73

It has to be noted that this table is primarily meant as an overview and not as a valid comparative

evaluation of the reported methods since these methods have not been applied to a common data

set and experimental scenario yet. Nevertheless, our approach seems to show high performance in

accuracy concerning the literature.

Table 3.9: Accuracy between proposed method and similar works using different games.

Accuracy
Recognized
Emotions or Affects
Author(s) Physiological Signal(s) or Sensor Type(s) Game Su#:)j(:efc ts \% A
Electrooculography,
2019: Electroencephalography, Whack-a-Mole | 21 80.32% | 73.02%
Our method Accelerometer,
Gyroscope
ECG, EDA, EMG,
2018: respiration and body movement
’ with a 3-axis accelerometer, FIFA 2016 58 50.70% 50.40%
Yang et al. [75] . R
facial recording,
game screen recording
2017: Pupil responses o
Alhargan et al. [76] with HT (eyes tracking) Speedboat 14 61.40% 76.00%
Excitement | Happiness
2016: Galvanic Skin Conductance (GSR),
Huvnh ef l (7] Photoplethysmography (PPG), Tank 1990 HD 22 77.38% 73.21%
uyni et ak Electroencephalography (EEG)
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Our results are also consistent with previous physiological signals based on affect recognition
studies (see table 3.9). Our results are relatively lower on arousal. This could be a result of the
similarity of the difficulty of the game levels Too easy and Optimal. Hence, a strong enough stimuli
can not be achieved. Thus, this game design will investigate the maximizing of the recognition

performance on the valence dimension.

3.6 Summary

In this work, we proved that emotion could be recognized based on EEG, EOG, and kinematic
motion data. We verified the effectiveness of 4 classifiers (SVM, LR, RF, and EVC) in subject
emotion recognition, including 3 kind of data sets (all-features, all-features and SMOTE, the 30
most important features and SMOTE) and emotion prediction for 3 levels (Too easy, Optimal, Too
hard) of the game Whack-a-Mole. We adopted a 10-cross-validation method for each subject to
verify the performance of the proposed features. Feature extraction methods were enhanced by
using the random forest to evaluate the complexity of physiological signals. The proposed method
reaches 83% and 73% accuracy for valence and arousal, respectively. These results are comparable
to those achieved in past research using biosignals for emotion recognition, with the advantage that

JINS MEME may have a higher likelihood of user acceptance.

We evaluated the players’ emotional state changes while playing the game Whack-a-Mole and
their change of difficulty. We found a strong correlation between arousal and the levels, but no clear
relationship between valence and level difficulty was observed. This can be a result of missing
stimuli of the activity performed. Furthermore, our study predicted that the players’ emotional state

increases during gameplay when the difficulty of the game changes.

On the other hand, the study suggests that it is possible to detect emotions based on eye
movements and kinematic motion data. Using wearable devices such as JM and OBCI, is an
excellent complement for collecting data, to provide biofeedback, and for intervention. On the other

hand, playing the game Whack-a-Mole can raise emotions based on the difficulty of the levels.
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4.1 Conclusion

This thesis presents two studies designed to examine the potential of an off-the-shelf eyewear device,
JINS MEME, and OpenBClI, as a means of sensing and accurately recognizing activities of daily
living (first study) and emotion recognition (second study). Additionally, this thesis contributes
to the state of the art of the use of non-traditional EOG signals for activity recognition, and the

extraction of indications for arousal and valence which can imply the increase of cognitive load.

In the first study, twenty-six participants spent a one to two-hour session in a one-bedroom
living environment, either alone or in pairs, and performed a scripted protocol of activities of
daily-living. Twelve of these participants wore the commercial smart eyewear device JINS MEME,
which collected electrooculography, accelerometer and gyroscope data throughout their sessions. In
this study, we demonstrated that both motion-based and visual-based activities can be classified
accurately, but we cannot differentiate specific activities such as taking medication and eating
food. This study shows that our method yields equal or better results with a variety of activities
compared to approaches that involve more restrictive wearable device setups. Furthermore, we
develop a method for calculating information about eye and head movements from JINS MEME,
in addition to standard characteristics of EOG and kinematic motion signals. The results demonstrate

the suitability of JINS MEME for recognition of activities of daily-living.

In the second study, 21 participants viewed a sequence of images from the International Affective
Picture System (IAPS) database. Wearable sensor devices collected electroencephalography (EEG),
electrooculography (EOG), and kinematic motion data as participants viewed the images; the

participants also characterized their own emotional responses to the images. Participants then played
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the serious game “Whack-a-Mole", wearing the sensor devices. They played three levels of the game
that required varying amounts of cognitive effort. This study demonstrated that the emotional state
during a task can be accurately determined using collected data from wearable sensor devices,
with and without self-reported measures, and we found a strong correlation between arousal and
the levels, but no clear relation between valence and level difficulty was observed. Further, we

created promising methods to predict emotion states during gameplay.

The usefulness of these devices can be seen in many aspects. Their application can reduce costs,
enhance accessibility, improve the quality of life, provide suitable adaptive care for the caregiver
and clinicians, and provide an alternative system of evaluation and enable automated assisted living
systems. Prior research into subject and clinician preferences for wearable sensor systems suggested
that they should be compact, simple to operate and maintain, and should not affect daily behaviour.
JINS MEME’s convenient packaging of multiple sensors — three EOG electrodes, an accelerometer
and a gyroscope — within the frame of traditional eyeglasses, which the majority of older adults
already wear, makes it a promising and practicable device in this field of research. On the other
hand, the OpenBClI is not a cosmetic and compact device, but it can be useful to record brain signals
for the evaluation of different factors which change as the patient progresses (such as the emotional
state), and grow from day to day. Our approach could help to test the usefulness of other daily
activities, to determine their validity and potential as tools for assessment in rehabilitation for people

with cognitive impairment.

4.2 Future Work

Future research shall focus on the creation of an on-line framework that is able to predict activity
recognition and emotion recognition at the same time, for individuals with mild cognitive impairment
using data collected from wearable sensor in the Smart Condo™. In order to create an on-line
system it is necessary to conduct a follow-up experiment that includes a period of training activities,
in which participants will perform the protocol activities for short but equal amounts of time.
This would mimic the user-specific training that may be necessary for the setup of the proposed
method in living environments, remove the problem of imbalanced classes, and allow the current
method, including the application of SMOTE, to be validated in classifying the protocol activities
based on the training data only. In the case of emotion recognition it is necessary to conduct a
follow-up experiment that includes the use of more biosignals such as electromyography (EMG),
electrocardiogram (ECG), galvanic skin response (GSR), and the performance of the machine
learning classifiers. Furthermore, a deep learning approach and transfer learning shall be used to
pre-train a more complex emotional state classifier. Additionally, the system shall be evaluated

in different activities such as watching videos, playing video games, reading books, and listening
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4.2. Future Work

to music. To study the classification of more contextually realistic activities and emotions, and to
further investigate the degree of user acceptance of the device, future research may be conducted
with older adults. The long-term contribution of this work will be to integrate multiple wearable

sensors to enhance health monitoring systems in the Smart Condo™.
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Appendix Activity Detection

A.1 Activity Classification

Activity Mode 1 — Literal Activities

This activity mode includes labels for every activity explicitly performed by the participant, including

all activities outlined in the protocol. See Table A.1 for a list of all literal activities.

Activity Mode 2 — General Activities

This activity mode includes labels for every activity explicitly performed by the participant, translat-
ing some of them into the corresponding Basic Activity of Daily Living (BADL) on the Barthel
Index [39] while grouping some of the Instrumental Activities of Daily Living (IADLSs) into more
broad categories. This activity mode was included in order to define a level of detail which might be
more reasonably expected to yield accurate activity classification results than the literal activities in
activity mode 1, but which would still contain the same amount of useful information for a caretaker,

clinician or assisted living system. See Table A.1 for a list of all general activities.

Activity Mode 3 — Posture and Motion

This activity mode identifies the posture of the participant as either lying down, sitting, standing
or walking and indicates whether the participant is either in motion or relatively stationary. This
concept is similar to the body state recognition that has been performed in past work involving

activity recognition [19]. See Table A.1 for a list of posture and motion labels.
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A.1. Activity Classification

Each participant performs a set of tasks outlined in a protocol over a period of approximately
1.5 - 2.5 hours. The participant performs these tasks while wearing the JINS MEME glasses, which
continuously transmit data via Bluetooth to a computer located within the Smart Condo™. No

participant-specific calibration or adjustments were made to the JINS MEME glasses.

A.1.1 Manual Label-Activity Mode

Based on video recordings collected from cameras embedded in the ceiling of the Smart Condo™,

the actions of each participant are manually time-stamped. Three different activity modes are

defined for use in analysis: See table A.2

Literal

General

Washing hands

Grooming (Barthel Index)

Toilet use

Toilet use (Barthel Index)

Eating meal

Taking medication

Feeding (Barthel Index)

Making eggs and toast

Walking Mobility (Barthel Index)
Dressing Dressing (Barthel Index)
Bathing Bathing (Barthel Index)
Virtual Gym Stretching/Exercise
Questionnaire Typing/writing
Preparing coffee Cooking

Setting table

Cleaning dishes

Housework - Low intensity

Sweeping

Laundry

Ironing shirt

Tablet games

Housework - High intensity

Watching TV

Still sitting

Figure A.1: List of Activities
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A.2. Classifies models — Parameters

Posture / Motion

Lying down - Low Motion

Lying down - High Motion

Sitting - Low Motion

Sitting - High Motion

Standing - Low Motion

Standing - High Motion

Walking - High Motion

Figure A.2: List of Posture and Motion Characteristics

A.2 Classifies models — Parameters

IBK’s Scheme: Weka.classifiers.lazy.IBk -K 3 -W 0 -X -A "weka.core.neighboursearch.LinearNNSearch
-A "weka.core.EuclideanDistance -R first-last” Ramdon Forest’s Scheme: Weka.classifiers.trees.RandomForest
-P 100 -O -attribute-importance -1 100 -num-slots 1 -K 0-M 1.0 -V 0.001 -S 1 -B

SMO’s Scheme: Weka.classifiers.functions.SMO -C 2.0 -L 0.001 -P 1.0E-12 -N 0 -V -
1 -W 1 -K "weka.classifiers.functions.supportVector.PolyKernel -E 1.0 -C 250007" -calibrator

"weka.classifiers.functions.Logistic -R 1.0E-8 -M -1 -num-decimal-places 4"

C45’s Scheme: Weka.classifiers.trees.C45-R-N3-Q1-B-M 2 -A

A.3 Data Analysis Framework

Figures A1, A2 and A3 show the activity classification rates by activity under each activity modes
1, 2 and 3, respectively. Although the overall classification rate varies between activity modes,
the Random Forest classifier has the highest PRC area and recall rate in each activity mode. This
indicates that the Random Forest classifier may be the most For further results, only the Random

Forest classifier will be used.

A.4 Data-Stream Synchronization - MATLAB

The data JINS MEME glasses includes a timestamp for each data point. Although the 100 Hz
sample rate of the device is known, the timestamp was used to synchronize the data with the video

collected from the Smart Condo™ since it was found that certain activities and certain locations
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A.4. Data-Stream Synchronization - MATLAB
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Figure A.3: Mean activity classification rates by activity (literal activities). This Figure shows the
activity classification accuracies by activity under activity mode 1 (literal activities). The mean
recall rate and area under the PRC curve are shown across all classifiers for each activity. This
graph gives a general overview of which activities within the protocol performed by the participants
are reasonably able to be classified using data from the JINS MEME glasses and machine learning
algorithms.

caused the device to lose connection with the computer receiving the data, resulting in a skipping or

loss of data.

For times when participants were performing activities, MATLAB was used to calculate 214
attributes using EOG, Accelerometer, and Gyroscope data. These attributes include information
about eye movements and head movements, as well as attributes calculated from the raw signals
based on a set of attributes used for activity recognition with accelerometers in past research [40].
This set of raw signal-derived attributes includes those calculated from the time domain as well
as the frequency domain. For accelerometer data, previous research has suggested a relationship
between the mean of the signal in the time domain and the intensity of movement [42]. It has
also been shown that activities with a similar energy intensity can be identified in the frequency
domain by the period of the signal [43]. While past research only used this set of raw signal-derived
attributes on accelerometer data, the same attributes were calculated in the present study using

EOG data, accelerometer data, and angular velocity of the head along Euler axes as determined
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A.4. Data-Stream Synchronization - MATLAB
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Figure A.4: Mean activity classification rates by classifier (literal activities), all classifiers + activi-
ties.

from accelerometer and gyroscope data. Angular position along Euler axes could not be accurately
determined without drift due to the exclusion of a magnetometer in the JINS MEME glasses. A

complete list of attributes used in the present study are shown in List A.5 (Appendix A).

Past research determined that a window length of 5.6 seconds was most appropriate for activity
recognition in living environments, as it is either optimal or near optimal for many attributes and
also allows for posture recognition [40]. For real-time applications, a window length of 5.6 seconds
is also short enough to allow fast interventions at the point of decision that could be triggered almost
as soon as the activity of interest is recognized. Tapia et al. [40] also concede that a disadvantage of
a short window duration is expected lower performance on activities with high motion variability

since these activities can be performed in different ways depending on the situation.

The 214 attributes were calculated for each activity over a sliding 5.6 second-long window
that moved incrementally by 1 second in order to capture information within the duration of the
overlap. Due to the missing or skipped data in certain activities, windows containing at least 60%
of the expected data (according to the sample rate) were interpolated to contain 560 (5.6 s x 100
Hz) data points. Low-pass filters and bandpass filters were used in the calculation of many of the

attributes. Low-pass filters eliminate most of the signal generated by dynamic human motion while
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A.4. Data-Stream Synchronization - MATLAB
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Figure A.5: Mean activity classification rates by activity (general activities), all classifiers +
activities.

preserving the information generated by static human motion or posture information [40]. Bandpass
filters eliminate the static signal components containing reference information. For accelerometers,
bandpass filters remove DC components with posture information about the orientation of the sensor

[40]. Applying these filters allows for clarity in the attributes calculated for activity classification
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A.4. Data-Stream Synchronization - MATLAB
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Figure A.6: Mean Activity Classification Rates by Activity (Posture and Motion),All Classifiers +
Activities, this figure shows the activity classification accuracies by activity under activity mode
3 (posture and motion). The labels of Sitting (High Motion) and Walking (Low Motion) had the
lowest classification accuracies. For both of these posture and motion labels, this could be attributed
to a lack of data due to the fact that participants did not spend much time doing activities with
motion while in a sitting position. For Walking (Low Motion), the low classification accuracy could
also be due to inconsistent attributes caused by inconsistent walking styles at this low motion state,
as well as the short amounts of time that participants walked at a time
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A.4. Data-Stream Synchronization - MATLAB
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Figure A.7: activity classification rate and available data. All activities are plotted for each
participant, including the three modes of activity definition. Trendline is determined from Recall
values only. PRC Area data is included to emphasize the trend.
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A.5. Extracted Attributes

A.5 Extracted Attributes

Uses raw EOG data
1  Ratio of “good” data to all data
2 Number of blinks
3 Mean peak amplitude of blinks
4 Mean length of blinks
5  Number of saccades
6  Mean peak amplitude of saccades
7  Mean length of saccades
A.5.1 EOG Attributes
Uses raw EOG data
Mean EOG (Reference)
9  Mean EOG (Horizontal)
10 Mean EOG (Vertical)
11  Mean EOG (All)
12 Area under EOG (Reference)
13 Area under EOG (Horizontal)
14 Area under EOG (Vertical)
15 Mean distance (Reference - Horizontal)
16 Mean distance (Reference - Vertical)
17 Mean distance (Horizontal - Vertical)
18 Mean EOG absolute (Reference
19 Mean EOG absolute (Horizontal)
20 Mean EOG absolute (Vertical)
21 Cumulative sum absolute (Reference)
22 Cumulative sum absolute (Horizontal)
23 Cumulative sum absolute (Vertical)
24 Cumulative sum absolute (All)
25 Signal vector magnitude (All)
26 Entropy (All)
27 Skewness (Reference)
28 Skewness (Horizontal)

29 Skewness (Vertical)

30 Kaurtosis (Reference)

31 Kaurtosis (Horizontal)

32 Kaurtosis (Vertical)

33  Quartile 1 (Reference)

34 Quartile 2 (Reference)

35 Quartile 3 (Reference)

36 Quartile 1 (Horizontal)

37 Quartile 2 (Horizontal)

38 Quartile 3 (Horizontal)

39  Quartile 1 (Vertical)

40 Quartile 2 (Vertical)

41 Quartile 3 (Vertical)

42  Variance (Reference)

43  Variance (Horizontal)

44 Variance (Vertical)

45 Coefficient of variation absolute (Reference)
46 Coefficient of variation absolute (Horizon-
tal)

47 Coefficient of variation absolute (Vertical)
48 Interquartile Range (Reference)

49 Interquartile Range (Horizontal)

50 Interquartile Range (Vertical)

51 Interquartile Range of maximum signal am-
plitude (Reference)

52 Range of maximum signal amplitude (Hori-
zontal)

53 Range of maximum signal amplitude (Verti-
cal)

54 Power Spectral Density Estimate (Refer-
ence)

55 Power Spectral Density Estimate (Horizon-
tal)

56 Power Spectral Density Estimate (Vertical)
57 Power of frequency peak (Reference)

58 Power of frequency peak (Horizontal)
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A.5. Extracted Attributes

59 Power of frequency peak (Vertical)

60 Power of frequency peak (All)

61 Frequency peak (All)

62 Total energy (Reference)

63 Total energy (Horizontal)

64 Total energy (Vertical)

65 Activity band energy (Reference)

66 Activity band energy (Horizontal)

67 Activity band energy (Vertical)

68 Energy of low intensity activity (Reference)
69 Energy of low intensity activity (Horizon-
tal)

70 Energy of low intensity activity (Vertical)
71 Energy of moderate intensity activity (Ref-
erence)

72 Energy of moderate intensity activity (Hori-

zontal)

73 Energy of moderate intensity activity (Verti-

cal)

A.5.2 Accelerometer Attributes

Uses raw Accelerometer data

74
75
76
77
78
79
80
81
82
83
84
85
86

Mean accelerometer (X)

Mean accelerometer (Y)

Mean accelerometer (Z)

Mean accelerometer (All)

Area under accelerometer (X)
Area under accelerometer (Y)
Area under accelerometer (Z)
Mean distance (X - Y)

Mean distance (X - Z)

Mean distance (Y - Z)

Mean accelerometer absolute (X)
Mean accelerometer absolute (Y)

Mean accelerometer absolute (7))

100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
120
121
122
123

Cumulative sum absolute (X)
Cumulative sum absolute (Y)
Cumulative sum absolute (Z)
Cumulative sum absolute (All)
Signal vector magnitude (All)
Entropy (All)

Skewness (X)

Skewness (Y)

Skewness (Z)

Kurtosis (X)

Kurtosis (Y)

Kurtosis (Z)

Quartile 1 (X)

Quartile 2 (X)

Quartile 3 (X)

Quartile 1 (Y)

Quartile 2 (Y)

Quartile 3 (Y)

Quartile 1 (Z)

Quartile 2 (Z)

Quartile 3 (Z)

Variance (X)

Variance (Y)

Variance (Z)

Coefficient of variation absolute (X)
Coefficient of variation absolute (Y)
Coefficient of variation absolute (Z)
Interquartile Range (X)

Interquartile Range (Y)

Interquartile Range (Z)

Range of maximum signal amplitude (X)
Range of maximum signal amplitude (Y)
Power Spectral Density Estimate (X)
Power Spectral Density Estimate (Y)
Power Spectral Density Estimate (Z2)
Power of frequency peak (X)
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A.6. Euler Angle Features

124 Power of frequency peak (Y)

125 Power of frequency peak (Z)

126 Power of frequency peak (All)

127 Frequency peak (All)

128 Total energy (X)

129 Total energy (Y)

130 Total energy (Z)

131 Activity band energy (X)

132 Activity band energy (Y)

133 Activity band energy (Z)

134 Energy of low intensity activity (X)
135 Energy of low intensity activity (Y)
136 Energy of low intensity activity (Z)

137 Energy of moderate intensity activity (X)
138 Energy of moderate intensity activity (Y)
139 Energy of moderate intensity activity (Z)

A.5.3 Head Movement Features

Uses the derivative of Euler Angle data (Ac-

celerometer and Gyroscope)

140 Number of head movements (Phi)
141 Number of head movements (Theta)

142 Number of head movements (Psi)

143 Mean peak amplitude of head movements

(Phi)

144 Mean peak amplitude of head movements

(Theta)

145 Mean peak amplitude of head movements

(Psi)
146 Mean length of head movements (Phi)

147 Mean length of head movements (Theta)

148 Mean length of head movements (Psi)

A.6 Euler Angle Features

Uses the derivative of Euler Angle data (Ac-

celerometer and Gyroscope)

149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179

Mean Euler angle (Phi)

Mean Euler angle (Theta)
Mean Euler angle (Psi)

Mean Euler angle (All)

Area under Euler angle (Phi)
Area under Euler angle (Theta)
Area under Euler angle (Psi)
Mean distance (Phi - Theta)
Mean distance (Phi - Psi)

Mean distance (Theta - Psi)
Mean Euler angle absolute (Phi)
Mean Euler angle absolute (Theta)
Mean Euler angle absolute (Psi)
Cumulative sum absolute (Phi)
Cumulative sum absolute (Theta)
Cumulative sum absolute (Psi)
Cumulative sum absolute (All)
Signal vector magnitude (All)
Entropy (All)

Skewness (Phi)

Skewness (Theta)

Skewness (Psi)

Kurtosis (Phi)

Kurtosis (Theta)

Kurtosis (Psi)

Quartile 1 (Phi)

Quartile 2 (Phi)

Quartile 3 (Phi)

Quartile 1 (Theta)

Quartile 2 (Theta)

Quartile 3 (Theta)

71



A.6. Euler Angle Features

180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214

Quartile 1 (Psi)

Quartile 2 (Psi)

Quartile 3 (Psi)

Variance (Phi)

Variance (Theta)

Variance (Psi)

Coefficient of variation absolute (Phi)
Coefficient of variation absolute (Theta)
Coefficient of variation absolute (Psi)
Interquartile Range (Phi)

Interquartile Range (Theta)

Interquartile Range (Psi)

Range of maximum signal amplitude (Phi)
Range of maximum signal amplitude (Theta)
Range of maximum signal amplitude (Psi)
Power Spectral Density Estimate (Phi)
Power Spectral Density Estimate (Theta)
Power Spectral Density Estimate (Psi)
Power of frequency peak (Phi)

Power of frequency peak (Theta)

Power of frequency peak (Psi)

Power of frequency peak (All)

Frequency peak (All)

Total energy (Phi)

Total energy (Theta)

Total energy (Psi)

Activity band energy (Phi)

Activity band energy (Theta)

Activity band energy (Psi)

Energy of low intensity activity (Phi)
Energy of low intensity activity (Theta)
Energy of low intensity activity (Psi)
Energy of moderate intensity activity (Phi)
Energy of moderate intensity activity (Theta)

Energy of moderate intensity activity (Psi)
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Appendix Questionnaires

B.1 Questionnaires

Participants wore the sensor devices as they view a random sequence of images. The images
were selected from the International Affective Picture System (IAPS) and were represent different
emotional states. After each image, participants were indicate their emotional response through a
questionnaire (see figure B.1). The participant have then be given a version of the Whack-a-Mole

game configured based on their performance in the first session.

This version of the game display only the Too Easy, Optimal and Too Difficult levels in a random
sequence. Each level has a consistent length. Note that this differs from gameplay succession in the
first session, where each level displayed a consistent number of targets. After the end of each level,

the participant will be asked to fill out the PANAS questionnaire [4] (see in figure B.2).
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B.1. Questionnaires

Emotional Response Form

Valence
Indicate how thiz image made you feel, ranging from
unpleasant (1) to pleasant (5). 3 is neutral.

1 2 3 4 5

Unpleasant Fleasant

Image Valence Arousal

[

[}

in

=7}

=2}

15}

10

Participant Mumber:

Arousal
Indicate how this image made you feel, ranging from calm
(1) to excitedintense (5). 3 is neutral.

Calm Excited / Intense

Image Valence Arousal
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Figure B.1: Self-assessment of Emotion Response form
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B.1. Questionnaires

PANAS

This scale consists of a number of words that describe different feelings and emotions. Read
each item and then marks the appropriate answer in the space next to the word. Indicate to
what extent you feel this way right now, that is, at the present moment.

1

Very slightly or

not at all

2

A little

Interested
Distressed
Excited
Upset
Strong
Guilty
Scared
Hostile
Enthusiastic

Proud

3

Moderately

4 5

Quite a bit Extremely

Irritable
Alert
Ashamed
inspired
Nervous
Determined
Attentive
Jittery
Active

Afraid

Figure B.2: Self-assessment of PANAS gameplay experience [4]
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