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Abstract 

Commercially available smartphones, smart glasses, smartwatches, and smart rings are just 
a few examples of sensor-packed devices that are enabling the technological revolution 
currently underway. To further extend the successful applicability of wearable devices in 
sectors such as mobile health, methods for accurate measurements of psycho-physiological 
information are required. However, accessing psycho-physiological information using 
wearable devices remains challenging. One reason is that the relationship between sensor 
data and human psycho-physiological states is not as unambiguous as the relationship 
between sensor data and individual physical states is. Thus, we are facing a question: How 
can we transform wearable sensor data into valuable human health and behavior 
information? Such information has the potential to improve healthcare, decrease healthcare 
costs, enhance the automotive industry, enhance sports performance, improve the quality 
of life and, ultimately, save human lives. 

For a decade, deep learning (DL) has dominated the AI world by achieving a 
breakthrough in several areas such as image processing, natural language processing, and 
reinforcement learning. Thus, a successful fusion of classical machine learning (ML) and 
DL methods could lead to beyond state-of-the-art (SOTA) results for mobile health and 
behavior monitoring. 

This thesis proposes a general method for combining expert knowledge, classical ML, 
and DL to enable the transformation of wearable sensor data into valuable health and 
behavior information. The method includes: (i) learning from a large-body of expert-defined 
features using classical ML; (ii) a novel DL architecture, named Spectro-Temporal ResNet, 
which learns directly from raw sensor data with the potential to discover useful patterns, 
previously unknown to experts; and (iii) a fusion of classical ML and end-to-end DL 
approaches, which utilizes meta-learning. The method is applied in seven domains of mobile 
health and behavior monitoring. These include chronic heart failure detection from heart 
sounds, locomotion recognition from smartphone sensors, distracted-driving detection from 
physiological and video-based sensors, stress, emotion, and cognitive-load monitoring from 
physiological sensors, and blood pressure estimation from ECG sensors. In all these 
experimental domains, the proposed method achieved better performance than the baseline 
and the SOTA methods, which were analyzed in the studies.  

The combination of a variety of sensors enables better modeling of the human psycho-
physiological states as different sensors provide information about different parts of the 
human nervous system. For example, a sweat sensor can measure the activation of the 
sympathetic nervous system, and a heart sensor can measure the activation of the 
sympathetic and the parasympathetic nervous system jointly. Additionally, the 
combination of a variety of sensors and models enables enhanced robustness to noise in the 
data. Finally, the proposed meta-learning enables performance optimization, 
personalization, and can consider temporal dependence in the data, improving the 
performance of monitoring the human physical, physiological and psychological states.
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Povzetek 

Komercialno dostopni pametni telefoni, pametna očala, pametne ure in pametni prstani so 
le nekateri primeri naprav, opremljenih s senzorji, ki omogočajo tehnološko revolucĳo, ki 
jo doživljamo. Za nadaljnjo razširitev uspešne uporabe nosljivih naprav v sektorjih, kot je 
mobilno zdravje, so potrebne metode za natančno merjenje psiho-fizioloških informacĳ. 
Vendar pa je dostop do psiho-fizioloških informacĳ z uporabo nosljivih naprav še vedno 
izziv. Eden od razlogov je, da odnos med senzorskimi podatki in človekovimi psiho-
fiziološkimi stanji ni tako nazoren, kot je odnos med senzorskimi podatki in posameznimi 
fizičnimi stanji. Tako se soočamo z vprašanjem: kako naj senzorske podatke pretvorimo v 
dragocene informacĳe o zdravju in vedenju ljudi? Dragocene informacĳe, ki lahko izboljšajo 
zdravstvo, zmanjšajo stroške zdravstva, izboljšajo avtomobilsko industrĳo, izboljšajo 
športne zmogljivosti, izboljšajo kakovost življenja in na koncu rešĳo človeška življenja. 

V zadnjem desetletju je globoko učenje (GU) prevladovalo v svetu umetne inteligence, 
saj je doseglo preboj na več področjih, kot so obdelava slik, obdelava naravnega jezika in 
spodbujevano učenje. Tako bi lahko uspešen spoj klasičnega strojnega učenja (SU) in 
metode GU pripeljal do vrhunskih rezultatov za mobilno spremljanje zdravja in obnašanja 
z nosljivimi senzorji.  

Ta disertacĳa predlaga splošno metodo za združevanje strokovnega znanja, klasičnega 
SU in GU, da se omogoči pretvorba nosljivih senzorskih podatkov v dragocene podatke o 
zdravju in obnašanju. Metoda vključuje: (i) učenje iz velikega števila strokovno 
opredeljenih značilk z uporabo SU; (ii) novo arhitekturo za GU, imenovano Spectro-
Temporal ResNet, ki se neposredno uči iz surovih senzorskih podatkov s potencialom za 
odkrivanje uporabnih vzorcev, neznanih strokovnjakom; in (iii) spoj klasičnega SU in GU, 
ki uporablja meta-učenje. Metoda je bila uporabljena na sedmih področjih mobilnega 
spremljanja zdravja in obnašanja. Sem spadajo kronično odkrivanje srčnega popuščanja s 
pomočjo srčnih zvokov, prepoznavanje premikanja s senzorji pametnih telefonov, 
odkrivanje motenj vožnje iz fizioloških in video senzorjev, spremljanje stresa, čustev in 
kognitivne obremenitve s fiziološkimi senzorji ter ocena krvnega tlaka iz senzorjev EKG. 
Predlagana metoda je na vseh eksperimentalnih področjih dosegala boljše rezultate kot 
izhodiščne in najsodobnejše metode, ki so bile analizirane v študĳah. 

Kombinacĳa različnih senzorjev omogoča boljše modeliranje človekovih psiho-fizioloških 
stanj, saj različni senzorji dajejo informacĳe o različnih delih človeškega živčnega sistema. 
Na primer senzor, ki spremlja potenje, lahko meri aktivacĳo simpatičnega živčnega sistema, 
senzor, ki spremlja srce, pa lahko skupaj izmeri aktivacĳo simpatičnega in 
parasimpatičnega živčnega sistema. Poleg tega kombinacĳa različnih senzorjev in modelov 
omogoča boljšo robustnost na šum v podatkih. Predlagano meta-učenje omogoča tudi 
optimizacĳo uspešnosti, personalizacĳo in lahko modelira časovno odvisnost podatkov ter 
izboljša uspešnost spremljanja človekovih fizičnih, fizioloških in psiholoških stanj. 
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Chapter 1 

1 Introduction 

In the European Union (EU), 1.7 million persons aged less than 75 years died in 2013. 
Among them, nearly 34% of such deaths could have been avoided with better healthcare.1 
Similarly, in 2010, the World Health Organization (WHO) accredited 63% of deaths to 
non-communicable diseases that are largely preventable [1]. These numbers demonstrate 
that there is significant room for improvement in personal healthcare in the EU. The 
scientific field that has the potential to influence future personal healthcare considerably is 
Mobile Health (mHealth), which refers to the usage of mobile, wearable, and wireless 
communication technologies to improve healthcare delivery, outcomes, research, and data 
collection [2][3].  

For example, fifteen million Europeans suffer from heart failure (HF) [4], which results 
in an estimated annual cost of 2% of the annual healthcare budget in the EU [5]. 
Additionally, HF is the most common cause of hospitalization among the over-65 age group 
[6]. As the EU population continues to age, i.e., the average lifespan continuously increases, 
more people will be at risk of HF, placing even more substantial burden on healthcare 
systems. Remote solutions that allow early detection of HF would allow a treating 
physician to adjust the patient's medical management promptly and thus avoid health 
complications and the need for hospitalization. Another example includes the one hundred 
million Europeans who are currently experiencing mental health problems, including 
anxiety disorders, depression, drug/alcohol use, and bipolar disorders. The mental-health 
costs amount to €600 billion, which is more than 4% of the EU's GDP. Remote solutions 
for timely detection and improved management of mental disorders can positively impact 
the lives of those one hundred million people and can reduce the healthcare costs. 

In addition to the medical application of wearable technologies, another domain that 
can benefit from their application is that of human behavior monitoring. Human behavior 
is defined by the actions and mannerisms made by individuals in conjunction with 
themselves or their environment [7]. For example, on the EU roads, 25,000 lives are lost 
annually, with a vast majority of the accidents caused by human error, often by a distracted 
driver. Solutions that detect, measure, and analyze human affective states (e.g., driving 
attention, emotions, stress, cognitive load, sleepiness, etc.), can decrease the loss of human 
lives and can contribute to the EU's long-term goal of zero fatalities and severe injuries by 
2050.2 

On the bright side, the proliferation of wearable devices equipped with a variety of 
sensors allows monitoring human behavior and health. Commercially available 
smartphones, smart glasses, smartwatches, smart shirts, smart rings, fitness trackers, and 
dedicated physiological sensors are just a few of such sensor-packed devices. Even video- 
                                                                                                                                                                                                         

1 Amenable and preventable deaths statistics: http://ec.europa.eu/eurostat/statistics 
2 https://ec.europa.eu/commission/presscorner/detail/en/IP_19_1793 
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and sound-recording devices can serve as sensors. These devices, in combination with 
advanced machine learning (ML) methods, can bring significant improvements to our lives. 
While wearable devices have already achieved commercial success, several issues hamper 
their potential to improve our everyday lives: (i) lack of labeled data for ML; (ii) lack of 
ML methods for monitoring subtle physiological changes; (iii) lack of ML methods for 
monitoring psychological states. 

How can we transform wearable sensor data into valuable human health and behavior 
information? Such information has the potential to improve healthcare, decrease healthcare 
costs, enhance the automotive industry, enhance sports performance, improve the quality 
of life, and ultimately save human lives. 

1.1 Challenges 
The availability of small, wearable, low-cost sensors combined with advanced signal 
processing and information extraction is driving the revolution in the domain of mobile 
behavior monitoring. This technological drive enables novel approaches and technologies 
for accurate measurements in sports analytics, wellbeing, and lifestyle monitoring [8].  

To further extend the applicability of wearable sensors in sectors such as mobile health 
systems and the automotive industry, methods for accurately extracting subtle 
psychological and physiological information from the sensors are required. However, 
accessing psycho-physiological information in everyday life remains challenging [9]. One 
reason is that the relationship between the wearable sensor data and the human psycho-
physiological states is not as explicit as is the relation between the wearable sensor data 
and human physical states. For example, smartphones can count steps and recognize 
human physical activities (e.g., running vs. walking), but cannot recognize emotions and 
related affective states (e.g., cognitive load). Even humans cannot recognize psycho-
physiological states perfectly. For example, the average accuracy achieved by humans in 
emotion recognition from speech is 86% [10].  

Thus, we are faced with a challenging problem that contains uncertainty at several 
levels: uncertainty in the ground truth, e.g., the labels that human annotators provide for 
specific situations may differ; uncertainty in the sensor data, i.e., some wearable devices do 
not provide reliable sensor data continuously because the wearable-sensor revolution is 
quite recent and the sensing systems are not mature enough; and, uncertainty in the 
methods, i.e., for many psycho-physiological tasks, it is not evident which sensor 
combination with which processing methods would produce the most reliable results. On 
top of that, labeled datasets are limited. In some cases, they do not even exist because 
collecting and labeling human- and health-related data is expensive, and it often requires 
the expertise of medical specialists.  

For a decade, deep learning (DL) has dominated the AI world by achieving 
breakthroughs in image processing [11], [12], [13], [14], natural language processing [15], 
[16], [17], and reinforcement learning [18], [19]. Conversely to these domains, DL methods 
for sensor data are quite scarce, and the appropriate DL methods and architectures have 
yet to be discovered [20]. Thus, studying state-of-the-art machine-learning methods and 
the possibility of using end-to-end deep learning on wearable sensor data is an open research 
question. A successful fusion of classical and DL methods could lead to significant advances 
for mobile health and behavior monitoring. 
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1.2 Approach and Hypotheses 
This thesis developed a general method that combines expert knowledge, classical machine 
learning (ML), and deep learning (DL) to enable the transformation of the wearable sensor 
data into valuable health and behavior information. The method includes: (i) learning from 
a large-body of expert-defined features extracted from the processed data using classical 
ML; (ii) end-to-end DL that learns directly from the sensor data with the potential to 
discover useful patterns in the data, previously unknown to experts; and (iii) a fusion of 
classical ML and end-to-end DL approaches, which utilizes meta-learning. 

The main hypotheses that are proposed, investigated, and confirmed in this thesis are 
as follows: 

Hypothesis 1: Combining data from a variety of wearable sensors improves the 
performance of monitoring human physical, physiological and psychological states using 
machine learning. 

Hypothesis 2: Our method for combining machine-learning models, including end-to-
end deep learning, enables an additional meta-learning layer that can combine models to 
maximize performance, can learn personalized models and can learn models that take into 
account the temporal dependence in the data, which improves the performance even further 
for monitoring human physical, physiological and psychological states, compared to the 
existing state-of-the-art methods. 

1.3 Scientific Contributions 
This thesis generated the following original contributions: 

1. A novel general method that combines expert knowledge, classical machine 
learning (ML), and deep learning (DL) for extracting human physical, 
physiological and psychological information from wearable sensor data. The 
novelty of the method relies on the fusion of classical ML and end-to-end DL 
approaches, which combines models to maximize performance, can learn 
personalized models, and/or can learn models that consider the temporal 
dependence in the data. 

2. A novel DL architecture for end-to-end learning specialized for multimodal sensor 
data.  

3. Unified application of the method on seven problem domains: chronic heart failure 
detection from heart sounds, locomotion recognition from smartphone sensors, 
driving distractions detection from physiological and video-based sensors, stress, 
emotion and cognitive-load monitoring from physiological sensors, and blood 
pressure estimation from ECG sensors. 

4. Four new labelled datasets for mobile health and behavior monitoring, and 
software available for research purposes.  

1.4 Impact and Publications 
The work in this thesis resulted in the development of ML systems that are used in two 
European projects: Fit4Work [21] and STRAW [22]. In the Fit4Work project, a context-
based stress monitoring module was developed to monitor the mental fitness of older 
workers using a wrist device equipped with physiological and inertial sensors [23]. The 
module combined ML models for stress and activity recognition (AR) [24] to improve the 
accuracy in real-life scenarios. In the second project, the context-based monitoring served 
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as a basis for the development of an improved ML system that will be used to investigate 
how day-to-day stress experiences relate to events and activities in a natural office 
environment. 

Additionally, the methods developed in this thesis were incorporated in JSI-Deep 
[25][26], a method that combines classical ML and DL models for AR from smartphone 
sensors. JSI-Deep won the international competition for AR, SHL 2018,3 which was a part 
of the international conference UbiComp 2018. The SHL dataset [28] is the largest dataset 
for AR collected in real-life settings, which indicates that JSI-Deep is applicable in real life. 
The experience gained during SHL 2018 was used to win three more international ML 
competitions, all of them organized as part of A-ranked conferences (UbiComp and 
ĲCNN): SHL 2019,4 EMTEQ-AR 20195 [32] and Challenge-UP6 2019 [32]. SHL 2019 was 
similar to SHL 2018, with one additional hurdle: the competitors had to develop models 
for different body locations (e.g., hand-worn and pocket-worn smartphones). EMTEQ-AR 
2019 was an AR challenge based on inertial measurements (acceleration and gyroscope 
sensors) derived from head-worn devices. In the Challenge-UP competition, the 
participants developed ML pipelines using sensor data from wearable sensors, ambient 
sensors, and vision devices. The competitive success of the ML systems also received 
significant media coverage and appeared in several national papers and TV news in 
Slovenia,7 N. Macedonia,8 and the UK.9 

A number of publications underlie this thesis: nine journal articles (eight in journals 
included in a science citation index – SCI), 16 conference papers, two book chapters and 
nine workshop papers. We started our research by developing methods for monitoring stress 
using wrist-worn devices equipped with physiological and inertial sensors [23][24]. The 
analysis showed that stress can be recognized in laboratory settings, with decent accuracy, 
using standard ML approaches. However, more advanced ML approaches were needed to 
recognize stress in real life. For that reason, we developed the context-based ML models. 
The research on monitoring stress resulted in a master’s thesis and two journal 
publications. One publication in the journal Sensors [24], presenting the AR used by the 
context-based approach; and another publication in the Journal of Biomedical Informatics, 
presenting the overall context-based stress recognition [23]. Encouraged by the satisfactory 
results achieved by combining several ML classifiers, we continued developing combined 
approaches for other similar domains. We explored the possibility for cuff-less blood 
pressure estimation from ECG sensors using a stack of ML classifiers [33][34]. The best 
performance was achieved by a meta-learning scheme that combined the predictions of 
several different ML classifiers and enabled person-specific calibration, which resulted in 
another publication in the journal Sensors. Additionally, we started exploring mechanisms 
for combining datasets, and not just ML classifiers. For that reason, in collaboration with 
the University of Ljubljana, we performed a study on cognitive load monitoring from sensor 
data by combining two different datasets using multi-task learning [35][36][37][38]. We also 
performed a study for combining AR datasets using transfer-learning [39], and a study for 
emotion recognition from physiological sensors by combining six different datasets using 
meta-learning [40].  

In parallel, we explored end-to-end DL with the potential to discover patterns in the 
data previously unknown to experts. Our analysis showed that existing DL architectures 
were not suitable for sensor data. For that reason, we developed the Spectro-Temporal 
                                                                                                                                                                                                         

3 http://www.shl-dataset.org/activity-recognition-challenge/ 
4 http://www.shl-dataset.org/activity-recognition-challenge-2019/ 
5 https://github.com/simon2706/Emteq-ARC2019 
6 https://sites.google.com/up.edu.mx/challenge-up-2019/ 
7 https://www.delo.si/novice/znanoteh/mimo-gnec-na-cestah-s-slovenskim-algoritmom-112330.html 
8 https://lokalno.mk/algoritam-za-prepoznavane-aktivnosti-razvien-na-feit-pobedi-na-megunaroden-natprevar/ 
9 http://www.sussex.ac.uk/broadcast/read/46392 
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Residual Network (STResNet), a novel DL architecture specialized in multimodal sensor 
data. STResNet was successfully applied to four different domains: AR from smartphone 
sensors [25]; CHF detection from heart sounds [41]; blood pressure estimation from 
photoplethysmogram (PPG) data [42]; and, monitoring driving distractions from 
physiological and visual sensors [43]. The study on AR was published in the journal 
Information Fusion. The study on monitoring driving distractions was performed in 
collaboration with the Fraunhofer Institute of Integrated Circuits, Erlangen, Germany and 
a joint publication was published in IEEE Access. The study on CHF detection was 
performed in collaboration with the University Medical Center in Ljubljana. The models 
developed in that study were evaluated on data from real CHF patients in Slovenia. The 
most advanced version of the system, which combines the STResNet and classical ML 
using meta-learning, was published in IEEE Access. This system is currently being tested 
on data from new patients, and the results are encouraging. This opens a possibility for 
the work presented in this thesis to have a real impact on the healthcare in Slovenia. 

1.5 Thesis Overview 
The remainder of the thesis is organized as follows.  

Chapter 2 starts by describing the background in the field of mHealth and behavior 
monitoring, which is followed by a description of the sensors typically used in related 
studies. Next, approaches that analyze psychological, physiological and behavioral 
parameters are described. Finally, the ML approaches for sensor data are presented, 
including classical ML, DL, and their fusion. 

Chapter 3 presents the proposed method, including sections that contain detailed 
explanations for each component of the method: sensor data, preprocessing, feature 
extraction, feature selection, classical ML, DL, and the fusion of models and data. 
Variations of this general method are later used in seven experimental domains. 

Chapter 4 presents a summary of the early work performed in four different domains 
with focus on classical ML: stress recognition from physiological sensors, blood pressure 
estimation from ECG sensors, emotion recognition from physiological sensors and 
cognitive-load recognition from physiological sensors. Each subsection includes an 
introduction, a description of the data, a description of the method, and an overview of 
the experimental results. In the final subsection, a general summary and discussion are 
presented. 

Chapter 5 presents three additional studies on combining classical ML and DL: chronic 
heart failure monitoring from heart sounds, driver distractions monitoring from 
physiological and video-based sensors, and locomotion recognition from smartphone 
sensors. The three studies are presented via three corresponding journal publications, each 
of them containing: introduction, related-work analysis, data description, method 
description, experimental results, discussion and conclusion. Additionally, in the final 
subsection, a general summary and discussion are presented. 

Finally, Chapter 6 concludes the thesis and provides directions for future work.  
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Chapter 2 

2 Background 

The mHealth field has emerged as a sub-segment of the electronic health (eHealth) field, 
i.e., a field where information and communication technologies (ICTs) are used for health 
services and information management [44]. Compared to eHealth, mHealth is focused on 
the use of mobile, wearable, and wireless communication technologies [1]. Nowadays, 
computer and mobile applications are available for many types of useful health-related 
functions such as information management, time management, health-record maintenance 
and access, communications and consulting, information gathering, clinical decision-
making, and medical education and training [46][47]. There is also a growing number of 
mobile applications for specific behavioral and mental health purposes. For example, 
applications are available to help with the management of health-related behaviors such as 
diet, exercise, sleep, smoking, relaxation, and medication adherence. Applications are also 
available to directly assist with the treatment of mental-health conditions, such as anxiety 
disorders, depression, eating disorders, psychosis, and for suicide prevention [45][46]. Most 
of these applications are based on an explicit user input and questionnaires.  

The availability of small, wearable, low-cost sensors combined with advanced signal 
processing and information extraction enable novel approaches and measurements in 
mHealth, sports analytics, fitness, wellbeing, and lifestyle monitoring [7]. However, since 
this wearable sensor revolution is quite recent, it also brings many challenges yet to be 
addressed. Figure 2.1 presents a typical approach for mHealth and behavior monitoring 
using wearable sensors. The approach includes: wearable sensors to sense information about 
the user; medical, ICT and domain experts to define the problem, to help with data labeling 
and to provide guidelines for the modeling process in the specific domain. Next is the ML 
part, through which the expert knowledge is refined into ML models. Finally, the ML 
models are used for translating the wearable sensor data into health and behavior 
knowledge. The extracted knowledge can be useful both for the users and for the experts. 
For example, the combination of wearable sensors and ML allows for the development of 
novel approaches for monitoring human physiological (e.g., monitoring patients’ heart 
activity in real life), psychological (e.g., monitoring stress and emotions) and behavioral 
parameters (e.g., monitoring physical activities). Furthermore, the combination of these 
parameters enables systems for monitoring mental and physical health in real time. 

The next sections are organized as follows: first, the sensing technologies used in 
mHealth and behavior monitoring studies are described; next, approaches for mHealth and 
behavior monitoring in the domains related to this thesis are presented; and finally, the 
ML approaches for sensor data are presented, including classical ML, deep learning and 
their fusion. 
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Figure 2.1: From sensor data to health and behavior knowledge. 

2.1 Sensors 
Sensors are devices whose purpose is to detect events or changes in their environment and 
send the information to other modules, e.g., a computer processor. Physiological sensors 
are sensors that provide an objective measure of physiological signals, i.e., any signal in 
living beings that can be continually measured and monitored. 

In mHealth studies, sensors are a key technology that provides raw data about the state 
of the user and the state of the user’s environment. Sensors that are frequently used in 
HCI are: accelerometer (measures the acceleration force that is applied to a device on all 
three physical axes), ambient light sensor (measures the ambient light level – illumination), 
ambient temperature sensor, air humidity sensor (measures relative ambient humidity), 
barometer (measures ambient pressure), gyroscope (measures orientation and angular 
velocity), magnetometer (measures the ambient geomagnetic field for all three physical 
axes), proximity sensor, etc.  

Additionally, a variety of physiological sensors are also used. The physiological sensors 
can provide: electrocardiogram (ECG – represents heart electrical activity), 
electroencephalogram (EEG – represents brain electrical activity), electromyogram (EMG 
– represents muscle activity), blood volume pulse (BVP) or photoplethysmogram (PPG, 
both represent cardiovascular dynamics), galvanic skin response (GSR – represents 
sweating rate), electrooculogram (EOG – represents eye movements), phonocardiogram 
(heart sounds), etc. 

Example devices from which such data can be obtained are: smartphones, smart glasses, 
smart watches, smart shirts, smart socks, smart shoes, smart pants, smart belts, smart 
rings, fitness trackers, earbuds, etc., and dedicated sensors (e.g., Shimmer). Furthermore, 
even sound- and video-recording devices can serve as sensors. For example, in the study 
on CHF monitoring [108], we used a digital stethoscope, i.e., a device that can be used to 
record heart sounds by placing it near the heart of the user. The sounds can be later used 
to detect heart-related events [107][108][109]. An example of video-based sensing of 
physiological signals was presented by Dvĳesh et al. [110] in their study on nasal imaging 
of physiological stress. Using thermal cameras, they were able to extract information about 
the participants’ sweating level, which was also found to relate to physiological stress. 
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Table 2.1: Wearable devices equipped with sensors. 

Device Description 
 

   
Dedicated sensors: ECG sensor, EMG sensor, accelerometer, 
temperature sensor, gyroscope sensor, magnetometer, etc.) 

  

Wrist devices: PPG, GSR, HRV, skin temperature, accelerometer 

       

Smartphone: accelerometer, ambient light sensor, ambient 
temperature sensor, air humidity sensor, barometer sensor, 
gyroscope sensor, magnetometer, proximity sensor, pedometer 
sensor and thermal camera 

    

Head-worn EEG devices 

 

Smart ring: PPG, HRV, accelerometers 

 
 

Digital stethoscope: phonocardiogram (heart sounds) 

 
 

Virtual Reality devices – EEG, EMG, PPG, acceleration sensor, 
gyroscope gravity sensor and magnetometer 

 
Using thermal cameras, they were able to extract information about the participants’ 

sweating level, which was also found to relate to physiological stress. Similarly, heart rate 
and heart-related changes (e.g., HRV and blood volume pulse) can be remotely sensed 
using image analysis [111][112]. For example, recent studies used thermal imaging to 
remotely estimate body temperature as part of a system for monitoring virus outbreak 
(e.g., Covid-19) [113]. 

While there is a variety of wearable devices that can be used in HCI studies, researchers 
should be aware of the trade-off between sensor obtrusiveness and the noise in the data. 
The sources of the noise are movement and sensor misplacement. Figure 2.2 presents a 
comparison between a more obtrusive “Normal ECG” (top graph), secured with wires and 
electrodes, and a “Contactless ECG” (middle graph). The graph at the bottom presents 
the output of 3-axis acceleration sensors. The green points represent good sensor data and 
the red points represent bad sensor data. From the figure it can be seen that the noise in 
the Normal ECG sensor is much lower compared to the contactless ECG sensor. It can 
also be seen that even the normal ECG has some noise in the data. This noise can be 
mitigated to a certain degree by using the data from the acceleration sensors to detect 
segments. Therefore, the methods used in HCI studies have to be able to deal with 
multimodal sensor data.  
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Figure 2.2. Tradeoff between obtrusiveness and noise in wearable sensors [104]. 

2.2 Mobile Health and Behavior Monitoring  
In the StudentLife study [52][53], the authors used automatic sensing data from 
smartphones to assess students’ mental health, activity level, sociability, academic 
performance, and behavioral trends. Their approach is based on correlation analysis 
between different aspects of the students’ life. One of the main conclusions of that study 
is: “Results from the StudentLife study show a number of significant correlations between 
the automatic objective sensor data from smartphones and mental health and educational 
outcomes of the student body”. Ishio and Abe [50] presented a well-being study on aging 
population from a depopulating village in Japan. They performed correlation analysis on 
subjective responses and heart rate variability (HRV) parameters, calculated from 
physiological data gathered via a wrist device. Their findings showed that mental well-
being can be modeled using manual answers and physiological data, and that there is a 
weak correlation between the affect scores of the manual answers and the scores calculated 
by HRV analysis. Rabbi et al. [51] presented a multimodal mobile sensing system that can 
simultaneously assess mental and physical health in a population of older adults using a 
custom device worn on the belt. The system continuously captures motion and refined 
audio data. From the captured data, they were able to derive automated measurements of 
physical and mental well-being which correlated well with standardized questionnaires for 
assessing physical and mental well-being.  

Although these studies are based on correlation analysis, they clearly demonstrated the 
possibility to use mobile and wearable sensors to monitor a variety of mHealth and behavior 
parameters, including psychological, physiological and behavioral patterns.   
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2.2.1 Sensing Physiological Parameters  

Physiological parameters that are frequently monitored in HCI studies are those that can 
be measured using wearable physiological sensors. These include: ECG, EEG, BVP, PPG, 
GSR (see Abbreviations), etc. There are also studies that use virtual sensors. For example, 
in one of our studies, we worked on cuff-less blood pressure (BP) estimation from ECG 
sensors. BP is defined as the force of the blood pushing against the walls of the arteries as 
the heart pumps blood [54] and is measured in millimeters of mercury ─ mmHg. The 
maximum pressure during one heart beat is the systolic BP and the minimum pressure in 
between two heart beats is diastolic BP. Regarding the related work on cuff-less BP 
estimation, most of the studies use a combination of ECG and PPG sensors [55][56], making 
the problem even more complex and obtrusive as it requires two devices. The usual 
techniques used for obtaining the BP rely on Pulse-Wave Velocity (PWV), Pulse Arrival 
Time (PAT) and Pulse Transit Time (PTT) [57][58][59], all of which require an accurate 
PPG measurement, which is not simple to get unobtrusively, and yet no clear proof on 
their relation to the BP is provided [60][61]. Considering the methods that use ECG sensors, 
Chan et al., [62] and Ahmad et al. [63] presented such studies, however, both of these 
methods use an additional sensor besides the ECG sensor, i.e., the PPG sensor. The 
relationship between ECG and BP was previously discussed and tested in few studies [64] 
[65]; however, the results confirm no strong relation between the hypertension occurrence 
and the morphological changes in the ECG signals. 

Based on the physiological parameters, human health status can be monitored. For 
example, in the study on CHF monitoring, we developed ML models for distinguishing 
CHF patients vs. healthy people, based on the data from a digital stethoscope which 
provided heart-sound data. Furthermore, for the CHF patients, we were able to distinguish 
different CHF stages (e.g., before vs. after hospitalization).   

2.2.2 Sensing Psychological Parameters 

Sensing psychological parameters is much more challenging compared to sensing 
physiological parameters. This is because the psychological parameters cannot be directly 
measured, but they have to be inferred from their physiological manifestation instead.  

 
Definition 2.1 (Stress). “Stress is considered a process by which a stimulus elicits an 

emotional, behavioral and/or physiological response, which is conditioned by an 
individual’s personal, biological and cultural context” [67]. 

 
Stress is a naturally occurring process in our body, but when present continuously, it 

can trigger chronical stress. Chronical stress has negative health consequences, such as 
raised blood pressure, bad sleep, decreased performance and slower body recovery processes 
[66]. For example, when humans undergo a vigorous event (e.g., training, meeting, exam, 
etc.), the body is faced with a large physical and psychological stressor which invokes a 
response of the sympathetic nervous system to meet the increased metabolic demands [68]. 
The sympathetic nervous system speeds up certain processes within the body (“fight-or-
flight” response [69]): it raises the heart rate, sweating rate, blood pressure, etc., some of 
which can be detected with wearable sensors. The data from wearable sensors allows for 
developing of stress monitoring systems using signal processing and ML techniques. There 
are many studies for stress detection using machine learning. The majority of these studies 
are on stress detection in constrained environments (e.g., laboratory, office, car, etc.)[70], 
and very few are for stress detection in unconstrained environments [72]. The pioneers in 
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the field of stress detection using physiological sensors and ML are Healey and Picard [70] 
who in 2005 presented a quite accurate stress detection system, achieving 97% accuracy 
while tested in a constrained real-life scenario, while the subjects were driving a car. The 
downside of this approach is the number of the physiological sensors used, namely: ECG, 
EMG, GSR and respiration. Even though the presented system is obtrusive, it confirmed 
that stress detection was possible in a real-life scenario even in 2005. Sarker et al. [72] 
proposed a time series pattern mining method to detect significant stress episodes. Their 
stress detection system provides time series of discontinuous and rapidly varying stress 
data on which they apply the proposed time series pattern mining method. They applied 
the proposed method to 4 weeks of physiological, GPS, and activity data collected from 38 
users in real life. One interesting finding they showed is that the duration of a prior stress 
episode predicts the duration of the next stress episode. Hovsepian et al. [73] proposed 
cStress, a method for continuous stress assessment in real life, which was also evaluated in 
another real-life study [72]. They proved that stress can be detected using a chest belt 
which provides respiration and ECG data.  

 

 

Figure 2.3: Fight-or-flight response.10 

 
Definition 2.2 (Cognitive load). “Cognitive load is a multidimensional construct 

representing the load that performing a particular task imposes on the learner’s cognitive 
system” [74]. 

 
Cognitive load is tightly related to stress as the cognitive load in fact represents one 

type of stressor which activates the fight-or-flight response. Thus, similarly to stress, 
cognitive load can be inferred using wearable sensors, signal processing and ML techniques. 
Cognitive load represents an important aspect that modulates human behavior. A timely 
and reliable assessment of a person’s cognitive load can enable a range of new and improved 
applications in areas like game-based learning, simulator-based training and considerate 
HCI. However, the concept remains intangible and is difficult to measure as it depends on 
the task, the participant, and the interaction between the two. For example, tasks may be 
objectively more or less demanding and people can have different cognitive capacities. 
Recent advancements in sensing technology enable less intrusive forms of vital-sign 
                                                                                                                                                                                                         

10 https://analyzingtv.wordpress.com/2016/02/29/deterioration-of-the-fight-or-flight-response/ 
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monitoring and get us closer towards unobtrusive cognitive load inference [75]. For 
instance, Novak et al. used a wristband to infer cognitive load in a simulated driving 
environment [77]. The authors argue that cheap wearables may provide enough information 
about physiological signals to enable binary (“engaged in a task” vs. “not engaged in a 
task”) classification of the cognitive load, yet are unlikely suitable for inferring the actual 
level of cognitive load. Schaule et al. used the same wristbands and an N-back task to elicit 
different levels of cognitive load among office workers [78]. Haapalainen et al. [79] achieved 
an average accuracy of 80% for binary classification problem (“easy” vs. “difficult” tasks) 
using personalized ML models and a combination of heat flux and ECG features derived 
from specialized sensor equipment.   

 
Definition 2.3 (Emotions). Emotions are a complex state that results in 

psychological and physiological changes that influence our behaving and thinking [94]. 
 
When analyzing human emotions, two different approaches can be used, a discrete 

approach or a continuous approach. In the discrete approach, the emotions are represented 
as discrete and distinct states, i.e., anger, fear, sadness, happiness, boredom, disgust and 
neutral [92]. In the continuous approach, the emotions are represented in 2D or 3D space 
of activeness, valance and dominance [93]. In the emotion recognition from physiological 
sensors, the main assumption is that there are objectively measurable physiological cues 
that can be used for predicting the human emotional state. For example, the emotional 
state of fear usually initiates rapid heartbeat, rapid breathing, sweating and muscle tension. 
These physiological changes can be captured by wearable devices. Similarly to stress 
detection studies, there are many studies confirming that emotion recognition can be 
successful in controlled environments using physiological data or speech [80]. In addition, 
emotion recognition can be performed using video/image analysis [81] [82] [83]. In general, 
the methods based on EEG data outperform methods based on other data [84][85], probably 
due to the fact the EEG provides a more direct channel to one’s mind. Regarding the 
typical ML approaches for affect recognition, Iacoviello et al. combined discrete wavelet 
transformation, principal component analysis and support vector machine (SVM) to build 
a hybrid classification framework using EEG [86]. Khezri et al. used EEG combined with 
GSR to recognize six basic emotions via K-nearest neighbors (KNN) classifiers [87]. 
Mehmood and Lee used independent component analysis to extract emotional indicators 
from EEG, EMG, GSR and ECG [88]. Mikuckas et al. [89] presented an HCI system for 
emotion recognition that uses spectro-temporal analysis only on R-R intervals, i.e., the 
time interval between two consecutive heartbeats. More specifically, they focused on 
recognizing stressful states by means of the heart rate variability (HRV) analysis. Yin et 
al. [90] presented an approach for emotion recognition from physiological signals using an 
ensemble of autoencoders. As input, they used features from seven physiological sensors: 
EEG, GSR, EOG, EMG, ECG, BVP and respiration-rate sensor.  

Based on the psychological factors, human mental health can be monitored [95]. For 
example, Pitting et al. [96] studied mental disorders (panic, social anxiety, obsessive-
compulsive, and generalized anxiety disorders) in relation to HRV parameters extracted 
from ECG data. Cella et al. [97] analyzed physiological measures (HRV and GSR), 
functioning (activity level), symptoms and medication levels in people with schizophrenia. 
Tazawa et al. [98] developed ML models to screen for depression and assess severity. 
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2.2.3 Sensing Behavioral Parameters 

Diet, exercise, sleep, smoking cessation, relaxation, and medication adherence are just a 
few examples of human behavior that can be tracked using wearable devices. For example, 
there are numerous approaches for sleep monitoring, e.g., sleep monitoring based on 
physiological signals, sleep monitoring based on accelerometers, sleep monitoring-based 
smart mattress, etc. [91]. In this thesis, we experimented with human activity recognition 
(HAR) and monitoring human behavior while driving. 

Physical activity is known to be related to well-being [99], sleep quality [104] and 
overall health [106]. Moderate to vigorous physical activity is associated with decreased 
risk factors for obesity, cardiovascular and pulmonary diseases, cancer, depression, and 
increased bone health [99]. Therefore, automatic recognition of daily activities may assist 
with proper management of pathologies such as obesity, diabetes and cardiovascular 
diseases [100]. Accurate measurement of physical activity is essential for developing 
intervention strategies and providing rich contextual information which can be used to 
infer additional useful information [101]. A more technical overview of the related work on 
HAR is presented in corresponding Section 5.3. 

Monitoring human behavior while driving is becoming more and more popular as 
self-driving vehicles equipped with attractive devices may easily divert driver’s attention. 
Example non-driving related tasks, such as dialing and texting on smartphone, reading, 
writing, and checking route on a map, are some of the tasks that increase safety risks 
during driving [102][104]. Since diverted attention of the driver influences driving safety, 
the ability to sense the driver’s physical state and activities is crucial [103]. This data can 
be gathered using wearable sensors or using sensors embedded in the car. The data could 
include behavioral cues such as facial expressions and gestures, or measure physiological 
parameters such as heart rate, respiration rate, and GSR. A more technical overview of 
the related work on monitoring driving distractions is presented in Section 5.2. 

2.3 Machine Learning  
People are generating enormous amounts of data every day. However, that data is not 
informative until it is processed properly. The data can be processed and transformed into 
useful information and knowledge using ML. ML refers to the ability of computers to 
optimize a certain performance criterion based on previous experience [114]. There are four 
main ML types [114]: 

• Supervised learning – e.g., classification and regression. In the classification, a 
training set of already classified (labeled) samples (e.g., by an expert or a user) is 
given, and by analyzing them, certain classification models are learned. Once 
learned, the models can be used for classifying new samples. 

• Unsupervised learning – e.g., clustering. The main idea of clustering is to determine 
subgroups (clusters) of data that have something in common by using a set of 
unlabeled samples. 

• Association rule learning – in this type of learning, association rules are extracted 
using past data. An example of one such association rule would be: “How likely is 
it that a customer who bought product X would also buy product Y?”. 

• Reinforcement learning – enables building computer agents to take actions in a 
given environment in order to maximize a certain cumulative reward. For example, 
reinforcement learning was used to build computer agents that can play games, 
e.g., chess and Go [18]. 
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This thesis mostly deals with supervised learning to build models for: chronic heart 
failure detection from heart sounds, locomotion recognition from smartphone sensors, 
driving distractions detection from physiological and video-based sensors, and stress, 
emotion and cognitive load monitoring from physiological sensors. In the study on blood 
pressure estimation from ECG sensors, a combination of classification and regression 
models was used. Additionally, we distinguish between classical ML and end-to-end ML 
(see Figure 2.4). These two learning types are explained in more detail in the following 
subsections. 
 

 

Figure 2.4: Classical machine learning (a) vs. (b) end-to-end deep learning [116]. 

2.3.1 Classical Machine Learning 

In the 1950s, Arthur Samuel developed a program for playing checkers and coined the term 
“Machine Learning” [117][118]. To minimize the memory requirements of the program, 
alpha-beta pruning was used, which eventually evolved into the minimax algorithm [118]. 
The checkers-playing program also had mechanisms to improve its gameplay by 
memorizing previous positions and analyzing them using a reward function. In the 1960s, 
the k-Nearest Neighbor algorithm (KNN) was developed, which was the beginning of basic 
pattern recognition. In the beginning, the algorithm had several versions including: “nearest 
neighbor pattern classification,” “minimum distance classifier” and “proximity algorithm” 
[119] [120] [122]. In the 1970s, Quinlan presented the first algorithm for decision tree 
creation called Iterative Dichotomiser 3 (ID3) [123]. This algorithm was created based on 
the principles of Occam's razor, with the idea of creating the smallest, most efficient 
decision tree possible. Quinlan further developed this algorithm with the creation of the 
C4.5 [124]. After the AI winter in the 1980s, several ground-breaking ML algorithms were 
invented. Schapire presented Boosting [125], an algorithm that interactively combines 
several models by “boosting” the weights of misrecognized instances allowing for the models 
in the ensemble to focus on the misclassified instances. Breiman proposed Bagging 
(Bootstrap aggregating) [126], an algorithm that trains several classifiers on randomly 
generated splits of the training sets, and combines their predictions. Dana Cortes and 
Vladimir Vapnik developed the support vector machines (SVMs) [127] and Ho developed 
the initial Random Forest [128] that Briemen further improved [129].  

Besides the common purpose of these algorithms, i.e., classification, one additional joint 
characteristic is that they all require features as input. The transformation from sensor 
data to useful features is another demanding task that needs to be addressed. This 
transformation process includes data preprocessing, feature extraction and feature selection 
and offers the possibility to encode expert knowledge into the classification pipeline.  
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2.3.2 Deep Learning 

Contrary to the feature-based classical ML methods, end-to-end methods also exist that 
can learn directly from the sensor data. Most of these methods are based on deep learning 
(DL). The most recent DL definition proposed by LeCun11 is as follows: 

 
Definition 2.4 (Deep learning). Deep Learning is building a system by assembling 

parameterized modules into a (possibly dynamic) computation graph, and training it to 
perform a task by optimizing the parameters using a gradient-based method [130]. 
 

Most DL approaches are based on Artificial Neural Networks (ANNs). The history of 
ANNs can be traced back to 1943, when Walter Pitts and Warren McCulloch used 
“threshold logic” to create a model based on the neural networks of the human brain [131]. 
The basis of backpropagation, i.e., the algorithm used to train DL models by backward 
propagation of errors, dates from 1960s [132][133][134]. It was significantly improved in 
1970 by Linnainmaa [135], and in 1985, it was applied to DL by Rumelhart et al. [136]. In 
1979, Fukushima used the first “convolutional neural networks”, Neocognitron [137] which 
contained multiple pooling and convolutional layers, and in 1989, LeCun et al. [138] applied 
backpropagation to CNNs on the MNIST dataset. Long short-term memory (LSTM) 
recurrent neural networks were developed in 1997 [139]. In 2009, ImageNet was created, a 
publicly available dataset of more than 14 million labeled images [140] that allowed the 
training of large DL models – e.g., one model can contain more than a million training 
parameters. In the last decade, the speed of GPUs increased significantly, making it possible 
to train DL models quite quickly using parallel processing. 

A common characteristic of the DL models that are based on CNN and LSTM 
algorithms is that they can learn directly from the raw data, thus avoiding the need for 
feature extraction. This characteristic makes end-to-end DL particularly interesting as it 
holds the potential to discover new useful patterns in the data, previously unknown to 
experts.  

2.3.3 Fusion in Machine Learning 

A general data fusion model proposed by JDL Data Fusion Group includes several fusion 
levels. L1 and L2 are generally concerned with sensor fusion algorithms. Numerous sensor 
fusion studies exist in the literature including methods such as: Kalman filtering [141], 
sensor agreement [142], fault-tolerant abstract sensors [143], and fuzzy logic inference [144]. 
Most of these studies are focused on how to aggregate multi-sensor data from a technical 
perspective [145], i.e., communication protocols, saving data into databases, providing 
services, etc. L3 and L4 are concerned with the extraction of high-level knowledge (situation 
awareness, for example). When it comes to mHealth, not many studies are focused on the 
L3 and L4 data fusion [146]. Hristĳan Gjoreski in his thesis focused on L3 and L4 fusion of 
information and knowledge from sensor data using classical ML algorithms [146]. In this 
thesis, we mostly focus on the fusion of ML models, including end-to-end deep learning, 
which is enabled by an additional meta-learning layer. Additionally, we propose an end-
to-end DL architecture which performs L1/L2 type of fusion, by learning ML models 
directly from raw data which comes from multiple sensors. 

A more thorough overview of the fusion and combining approaches used in the studies 
related to this thesis is presented in the related-work sections in each of the three studies 
presented in Chapter 5.  
                                                                                                                                                                                                         

11 Winner of the 2018 ACM Turing Award. 
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Chapter 3 

3 Method for Mobile Health and 
Behavior Monitoring 

This thesis proposes an ML method that extracts valuable human health and behavior 
information from wearable sensor data. The method uses end-to-end learning on sensor 
data as a standalone approach or in combination with classical ML to produce beyond 
state-of-the-art performance. Figure 3.1 shows the architecture of the proposed method. 
Each of the method’s components is explained in the following subsections. 

 

Figure 3.1: The architecture of the method for extracting human health and behavior 
information from wearable sensor data. 

More detailed formal flowcharts and definitions are presented in the publications available 
in Chapter 5. 

3.1 Sensor Data 
The method uses as input any data collected using wearable sensors from human users.  
The type of sensors depends on the use-case. Regarding the sensors utilized in this thesis, 
in the studies on stress and cognitive load monitoring, physiological and acceleration data 
from a wrist-worn device was used. In the study on emotions, physiological data from 
wearable sensors was used. In the study on driving distractions, physiological and video-
based sensors were used. In the study on locomotion recognition, smartphone sensors were 
used. In the study on blood pressure estimation, data from chest-worn ECG sensor was 
used. Finally, in the study on chronic heart failure (CHF) detection, digital stethoscope 
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was used to record heart sounds. Each of these studies had a different hardware setup, 
while the method is hardware-independent.  

Regarding the data labels, in the study on CHF, the labels were provided by medical 
experts. In the rest of the studies, the labels were provided by the users themselves, e.g., 
by answering specialized questionnaires, or the labels were implicitly known from the 
experimental scenario. For example, in the study on driving distractions, the driving 
segments that contained distractions were predetermined. Choosing the right sensors, study 
design and labeling approach are crucial parts that have to be addressed as they 
significantly influence the outcomes of the specific studies. 

Figure 3.2 presents example labeled data from the study on locomotion recognition. 
The graph at the top presents the labels (Subway, Train, Bus, Car, Bike, Run, Walk and 
Still). The rest of the graphs present sensor data from three smartphone sensors 
(accelerometer, gyroscope and gravity sensor). The vertical grey lines mark the different 
segments of the data, randomly selected from the Sussex-Huawei Locomotion dataset [28]. 
One segment represents 5 seconds data. The data of each sensor was sampled at a 100 Hz 
frequency. 

3.2 Preprocessing 
Once the labeled data is available, several preprocessing steps are required to minimize the 
noise in the data and to maximize the useful information. The following subsections 
describe the preprocessing steps required in an ML pipeline. 

3.2.1 Data Synchronization  

Usually, the data comes from a variety of sensors. In some cases, all the sensors are placed 
in a single device which performs the data synchronization, e.g., a wrist-worn device or a 
smartphone. However, in many cases, there are several devices that need to be 
synchronized. For example, in the study on driving distraction, there were 38 signals from 
five different devices: palm GSR from a palm device, heart rate and breathing rate from a 
chest device, eye tracking data, nasal EDA from a thermal camera, and facial expressions 
and emotions extracted from a normal camera. The data synchronization can be done using 
an external server’s clock. In other cases, when the sensor devices do not have internal 
clocks, a joint event that can be recognized by all devices is used for synchronization. For 
example, to synchronize 15 wrist devices and video cameras, Ward et al. [147] used a 3-
step process. First, all wrist devices were synchronized to a reference laptop. Second, the 
devices were enclosed in a padded box and the box was flipped sharply a few times to 
create distinctive spikes in the sensor data. Third, to synchronize the video with sensor 
data, the participants performed a warm-up dance which created distinctive signals in both 
the acceleration and the video. 
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Figure 3.2: Labeled smartphone sensor data from the SHL dataset. 

3.2.2 Filtering  

The data from the wearable devices is quite often noisy. The usual source of the noise are 
movement artefacts and sensor misplacement. The filtering strategies include winsorization, 
detrending, moving average, low-pass, high-pass, band-pass, etc. Winsorization removes 
extreme values from the sensor data, e.g., values that are below the 1st percentile and above 
the 99th percentile.  

Detrending is a filtering step that removes trends in the sensor data. Linear trends 
can be summarized by a linear model, and nonlinear trends can be summarized by a 
polynomial model. For the detrending procedure, curve-fitting methods can be used. One 
such method is the least-square fitting method which aims to minimize the squared sum of 
the residuals, i.e., differences between the fitted model and the sensor data. For example, 
if {𝑥#, 𝑡#} represents sensor data, where 𝑥# is the 𝑖() sample recorded at time 𝑡#, a linear 
model 𝑦 = 𝑓(𝐱, 𝐩) can be fitted. In this model representation, 𝐩 is a vector of parameters 
for the model. The residuals can be calculated using Eq. (3.1). 

 
𝑟#(𝐩, 𝑥#, ) = 	 𝑎𝑏𝑠[𝑥# − 𝑓(𝑥#, 𝐩)] (3.1) 
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An objective function that can be used by an optimization algorithm to obtain a least-
squares fit using Eq. (3.2). 

J(𝐩) = : 𝑟#(𝐩);
<=>

#?@

	 

 
(3.2) 

where 𝑁 is the number of sensor samples. Once 𝐩 is determined, the fitted model 𝑓 can be 
used to remove the trend in the data by subtracting the model’s output from the original 
sensor data. Figure 3.3 presents a 1-minute ECG signal before (left) and after (right) 
detrending, and Figure 3.4 presents a 1-minute BVP signal before and after detrending. 
From the left graphs in the two figures, it can be seen that the trend in the two signals is 
not linear through the whole signal and is quite dynamic. To mitigate this problem, the 
signals were split into much shorter segments (e.g., few seconds), where the trend was 
linear, and then the detrending was applied. Our experiments showed that linear 
detrending on small segments produces better results than using polynomial detrending on 
the overall signal. Algorithm 3.1 presents the linear detrending algorithm used in our 
experiments.  

 

 

Figure 3.3: Filtering example. Detrended ECG signal. 

 

 

Figure 3.4: Filtering example. Detrended BVP signal. 
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Algorithm 3.1: Linear detrending using a sliding window. 
 

Input: sensor_data, timestamps, sampling_frequency 
Output: detrended data xf 
win_size = 1 * sampling_frequency #use a window size of 1 second 
win_start = 0 
win_end = win_size 
xf = copy(sensor_data) 
while win_end < size(x) do 

x_values = sensor_data[win_start: win_end] 
x_time = timestamps[win_start: win_end] 
f = fit_linear_model(x_values, x_time) 
x_estimated = f.estimate(x_time) 
xf[start: end] = abs(x_values – x_estimated) 
win_start = win_start + win_size 
win_end = win_end + win_size 

end 
return xf 
 
Moving average is a simple filter which replaces the values of each sample with the 

average value of that sample and its 𝑛 closest neighbors (e.g., 𝑛 = 2). Figure 3.5 depicts 
the effects of a moving average filter on data from a GSR sensor. 

 

 

Figure 3.5: Example raw and filtered GSR signal. Used filter: moving average. 

Low-pass, high-pass and band-pass filters are frequency-based filters that can be 
used to remove components from signals that appear at certain frequencies. As the name 
suggests, the low-pass filter keeps the components that have a frequency below a certain 
threshold. The high-pass filter keeps the components that have a frequency above a certain 
threshold. And the band-pass filter keeps the components that appear in a certain frequency 
band. These filters can be implemented as exponentially weighted moving average. 
Algorithm 3.2 represents one such implementation. Implementations based on Fast Fourier 
Transformation (FFT) and implementations based on Butterworth filter also exist.  
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 Algorithm 3.2: Low-pass filter. 
 

Input: sensor_data, smoothing_factor 
Output: xf 
α = smoothing_factor 
xf = copy(sensor_data) 
xf[0] = α * x[0] 
for i in [1 to n] do 

xf[i] = α * x[i] + (1−α ) * xf[i	− 1] 
end 
return xf 

 
 

Figure 3.6 depicts the effects of a low-pass Butterworth filter applied on smartphone’s 
accelerometer data. A cut-off frequency of 25 Hz was used in this specific example. In the 
time domain, it can be seen that the filter smooths the signal, similarly to a moving average 
filter. In the frequency domain (Figure 3.7), it can be seen that before the filtering (left 
spectrogram), the signal contains components with a frequency of up to 50 Hz. After the 
low-pass filtering, the signal’s maximum frequency is 25 Hz. The exact filtering strategies 
depend on the sensors and the use-case. For example, in the CHF study, we applied a 
Butterworth filter [149] with a threshold of 1 kHz to the raw audio files, as most 
cardiovascular sounds are most likely to occur in the frequency range below 1 kHz [148]. 

 

Figure 3.6: Raw and filtered acceleration signal. Used filter: low-pass. 

 

Figure 3.7: Raw (left) and filtered (right) acceleration signal. The color represents the 
amplitude of a particular frequency at a particular time. Used filter: low-pass. 
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3.2.3 Transformations and Virtual Sensors 

The sensor data can be transformed into different domains (e.g., time domain and 
frequency domain), each of them specialized for extracting different types of information 
from the input data.  

For example, by combining gyroscope and acceleration data from smartphone data, the 
acceleration data can be rotated. This produces location-independent acceleration data [27], 
which is useful for more robust activity recognition from smartphone sensors. Another 
simple transformation calculates the acceleration magnitude by combining the sensor from 
each axis (x-, y- and z-axis): 

 
𝑚# 	= D𝑥#; + 𝑦#; + 𝑧#;	 

 (3.3) 

Definition 3.1 (Virtual sensors). Virtual sensors are sensors that use easily measured 
variables to estimate variables that are hard to measure due to technological limitations, 
large measurement delays, or high investment costs [183][184]. 

 
Definition 3.2 (R-R intervals). R-R intervals represent the time duration between two 
consecutive heartbeats. 
 

Another typical transformation is the extraction of R-R intervals from sensors that 
measure heart activity (e.g., BVP and ECG sensors, see Figure 3.8). R-R intervals are 
much more informative compared to average heart rate data, as they allow better modeling 
of the heart dynamics. Algorithm 3.3 presents a simple implementation of a peak detection 
algorithm that is based on the signal’s first derivative, a height (amplitude) threshold and 
a time threshold. The algorithm searches for the indices where the first derivative of the 
signal changes from positive to negative, which represents a candidate peak. Then, it checks 
whether the amplitude of the candidate peak is higher than the predefined height threshold. 
And finally, it checks whether the time constraint (time threshold) is also fulfilled. For 
example, for an average heart rate of 180 beats per minute, it is expected to discover three 
peaks each second (on average). Consequently, a time threshold close to 0.33 (330 
milliseconds) would be a reasonable threshold for most studies that analyze human 
behavior under normal conditions. 

 

 

Figure 3.8: Example R-R intervals extracted from ECG (left) and BVP (right) signals. 
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 Algorithm 3.3: Peak detection algorithm. 
 

Input: sensor_data, sampling_frequency, height_threshold, time_threshold 
Output: peaks 
x = sensor_data 
freq = sampling_frequency 
peaks = [] 
for i in [0 to size(x)] do 

diff = x[i] – x[i – 1] 
if prev_diff > 0 and diff < 0 and x[i –	1]> height_threshold: 

time_distance =  (i – last_peak)/ freq 
if time_distance > time_threshold: 

peaks.append(i) 
last_peak = i 

prev_diff = diff 
end 
return peaks  

 
 

FFT is often used to transform sensor data into the frequency domain. According to 
the Fourier's analysis, any complex wave can be represented as a sum of simple sinusoidal 
waves with different frequencies. One way to represent a signal in the frequency domain is 
through its spectrum. For example, the following two figures show the representation of a 
signal in a time domain (Figure 3.9) and in a frequency domain (through its spectrum, 
Figure 3.10). The left graph in Figure 3.9 shows a complex signal in a time domain. The 
graph on the right shows how that complex signal can be represented as a sum of sinusoidal 
waves (blue color). Figure 3.10 shows how the signal spectrum is obtained from the 
sinusoidal waves. The spectrum is depicted on a graph (blue colors) with a vertical axis 
that represents the amplitude of the waves, and a horizontal axis that represents the 
frequency. The low frequency waves are represented at the beginning of the horizontal axis, 
and the frequency increases as we move to the right of the horizontal axis.  

 

 

Figure 3.9: Decomposition of a complex signal into a sum of simple sinusoidal signals.12 

 

Figure 3.10: From time (red graph) to frequency (blue graph) domain. 

                                                                                                                                                                                                         

12 https://en.wikipedia.org/wiki/Frequency_domain 
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3.2.4 Normalization  

Some people have a faster heart rate than other people, some sweat more than others, some 
walk faster than others, etc. This variability can harm any ML model, especially if there is 
a small dataset to train the ML model on. To minimize the inter-participant variability, 
different normalization (scaling) techniques can be employed. The normalization can be 
done either on the sensor data, or on features extracted from the data. In both cases, the 
normalization has similar effects, i.e., it scales the values of the variables, and in some 
cases, it also changes the distribution of the variables. 

Figure 3.11 presents a scatterplot of two features (variables) calculated from two 
physiological sensors. The x-axis is Electrodermal Activity (EDA) which represents the 
average sweating intensity of the participants. The y-axis represents Root Mean Square of 
the Successive Differences (RMSSD), a feature often used as a Heart Rate Variability 
(HRV) measure. In addition to the scatterplot, the distribution of the two features is also 
presented using histograms (grey color). The EDA has a skewed distribution, which is 
expected because people sweat only when it is necessary. The skewness of the HRV 
distribution is not that explicit, but it is still different from a normal distribution. The 
scatter plot contains data from 12 participants (marked with different dot colors). From 
the colors, it can be seen that several clusters of participants can be easily identified. That 
type of clusters would be very useful if we were trying to identify the participants based 
on this data.  

 

Figure 3.11: Data normalization (raw data). 

However, in a typical HCI study, we would like this inter-participant variability to be 
minimized. The next several figures depict the effect that different normalization techniques 
have on the data. Eq. (3.4) presents min-max normalization: 

 

𝑥#G 	= 	
𝑥# − min(𝒙)

max(𝒙) −min(𝒙)
 

 
(3.4) 

 
where, 𝑥# is ith data point of the feature 𝒙. This normalization can be performed on the 
overall data (overall min-max scaling), or, it can be performed for each participant 
separately (personalized min-max scaling). Figure 3.12 presents personalized min-max 
scaling (left figure) vs. overall min-max scaling (right figure). It can be seen that for both 
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features, the normalization scaled the values between 0 and 1. However, the histograms 
show that the two approaches have a different effect on the data distribution. The overall 
min-max scaling does not change the feature distributions at all (compared to the unscaled 
data in Figure 3.11). On the other hand, the personalized min-max scaling changes the 
feature distributions, i.e., the distribution of the EDA is less skewed and the distribution 
of the HRV is closer to a normal distribution. However, the two distributions have a large 
variance. Additionally, from the colored scatterplots, it can be seen that after the 
personalized min-max scaling, the inter-participant variability is smaller and it is harder 
to identify clusters of participants. 

 

Figure 3.12: Personalized vs. overall min-max normalization. 

Eq. (3.5) presents standard scaling (standardization), which normalizes the features by 
removing their mean and scales them to a unit standard deviation: 

 

𝑥#G 	= 	
𝑥# − mean(𝒙)
stdDev(𝒙)

 

 
(3.5) 

Figure 3.13 presents personalized standardization (left figure) vs. overall 
standardization. Similarly to previous scaling, the overall standardization does not change 
the distribution at all, whereas the personalized standardization changes the distribution 
of the overall data. Compared to the personalized min-max scaling, the data here is even 
less skewed and has even lower variance. 

 

Figure 3.13: Personalized vs. overall standardization. 
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Outliers can often negatively influence the statistical measures used to scale the data 
(e.g., minimum, maximum, mean and standard deviation). For that reason, more robust 
measures can be used. For example, the median instead of the mean and the interquartile 
range instead of the standard deviation can be used. The effects of such scaling are 
presented in Figure 3.14. Interestingly, for the EDA, the personalized robust scaling 
boosted the values of some outliers further away from the general mean value. For the 
HRV feature, the distribution is similar as before, just on a smaller scale. The previous 
values were on a scale from −4 to 4, and here the values are on a scale from −3 to 3. 
 

 

Figure 3.14: Personalized vs. overall robust normalization. 

Another type of scaling typically used to remove outliers is winsorization – replacing 
extreme parts of a probability distribution at the low and high end with the most extreme 
remaining values. Figure 3.15 presents the effects of personalized vs. overall winsorization 
using a threshold of 5, i.e., the values below the 5th percentile are replaced with the 5th 
percentile, and the values above the 95th percentile are replaced with the 95th percentile. 
The first observation is that after the winsorization, the percentile-values appear as peaks 
in the data distribution. The personalized winsorization causes two peaks (low and high 
extremes) for each person, whereas the overall winsorization causes only two peaks overall. 
Another observation is that in the overall normalization, all orange data points for the 
EDA are skewed towards the same values (5). This may cause a loss of information for the 
“orange” participant. 

 

Figure 3.15: Personalized vs. overall robust winsorization. 
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There are also scaling techniques that ensure normal distribution of the transformed 
feature. This is done using the following steps. First, an estimate of the cumulative 
distribution function (CDF) of a feature is used to map the original values to a uniform 
distribution. The obtained values are then mapped to the desired output distribution (e.g., 
normal distribution) using the associated quantile function. CDF is defined as the 
probability that a random variable takes a value smaller than some specific value. The 
quantile function is the inverse of this function and returns the value to or below a given 
probability. Figure 3.16 depicts the effects of such transformation. It can be seen that both 
features have a normal distribution and in the personalized normalization, the inter-
participant differences are minimized. The quantile transformation is non-linear, it tends 
to spread out the most frequent values and reduces the impact of outliers. It may distort 
linear correlations between variables measured at the same scale but renders variables 
measured at different scales more directly comparable. Additionally, some algorithms (e.g., 
linear and logistic regression) explicitly assume that the features have a normal 
distribution.  

The most appropriate type of normalization depends on the data. Removing outliers 
from the data is always useful, but it should be performed carefully as sometimes the 
outliers may be the most informative data points. The safest way to select the right 
normalization approach is to treat it as a hyperparameter in the overall pipeline, which is 
tuned using an evaluation procedure. 

 

 

Figure 3.16: Personalized vs. overall quantile-based normalization (using the Gaussian 
probability density function). 

3.2.5 Windowing  

Wearable sensors typically provide a continuous stream of data. This data needs to be 
segmented into smaller windows in order to extract features, or to feed them into an end-
to-end DL model. The size of the windows may significantly influence the performance of 
the ML models. Similarly to the normalization techniques, the window size should be 
treated as a hyperparameter in the overall pipeline. Another approach would be to combine 
several window sizes. For example, in the CHF study, we used a combination of 1-second 
windows and 30-second windows, which was the overall duration of one heart-sound 
recording. The 1-second windows contain at least one complete heartbeat (with common 
heart rates above 60 beats per minute). By extracting features both from the short windows 
and from the whole recordings, we aimed to capture both short-term and long-term 
information. 
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3.3 Feature Extraction  
Informative features should be extracted which are used as input into classical ML 
algorithms. The feature extraction is an important step as it offers the possibility to encode 
expert knowledge into the system. In addition to the expert knowledge, for domains where 
expert knowledge is not well defined, all possible features can be extracted by “borrowing” 
expert knowledge from similar domains where the same sensors are utilized. In this thesis, 
we experimented with several types of features. 

3.3.1 Statistical Features 

Regardless of the sensor type and the problem domain, statistical features can always be 
extracted from the data. Example statistical features are: mean, standard deviation, 
skewness, kurtosis, 25th and 75th percentile, inter-quartile range, difference between the 
minimum and the maximum values and coefficient of variation, entropy, zero crossing rate, 
and autocorrelations (i.e., correlations of the signal with a delayed version of itself). 
Additionally, the same statistical functions can be applied on the signal’s first and second 
derivative. Thus, 30–40 statistical features can be easily extracted from each sensor stream. 
For sensors that have more than one stream (e.g., accelerometer), features that combine 
several sensor streams can also be used, e.g., Pearson’s correlation between the axes. 

3.3.2 Frequency Features 

These features are extracted from the spectral (frequency-based) representation of the 
sensor data. A typical approach is to calculate the power spectral density (PSD) of the 
signal, which is based on the FFT. Once the PSD is calculated, statistical features can be 
calculated from the PSD. For example, the lowest frequency in the PSD represents the 
signal’s fundamental frequency. The three largest magnitudes from the PSD represent the 
dominant frequencies in the signal. Both the magnitude values and the frequencies (in Hz) 
can be used as features. The binned distribution of the PSD can also be used as a feature, 
i.e., the distribution of the FFT magnitudes split into 10 equal-sized bins. 

3.3.3 Heart-Related Features 

The activation of the sympathetic nervous system triggered by emotional, cognitive, 
physical and other stressors yields more equidistant heartbeats. On the other hand, rest 
periods reverse this process, and the heartbeats become more irregular, as “A healthy heart 
is not a metronome” [167]. Heart Rate Variability Analysis (HRV) is commonly used to 
quantify the dynamics of the heartbeats (R-R intervals).  

Figure 3.17 (left graph) presents an example of an R-R time series. The y-axis represents 
the duration of the R-R interval, and the x-axis the time (in seconds) in which the R-R 
interval has occurred. From the R-R signals, periodogram is calculated using the Lomb-
Scargle algorithm [150]. The Lomb-Scargle algorithm allows efficient computation of a 
Fourier-like power spectrum estimator from unequally spaced data (as are the R-R 
intervals). Figure 3.17 (right graph) presents an example of the Lomb-Scargle periodogram. 
Example HRV features used in the literature are [151]: the mean heart rate (meanHR), the 
mean of the R-R intervals, the standard deviation of the R-R intervals (sdnn), the standard 
deviation of the differences between adjacent R-R intervals (sdsd), the square root of the 
mean of the squares of the successive differences between adjacent R-R intervals (rmssd), 
the percentage of the differences between adjacent R-R intervals that are greater than 20 
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ms, the percentage of the differences between adjacent R-R intervals that are greater than 
50 ms, Poincaré plot indices (SD1 and SD2) [152], total spectral power of all R-R samples 
in power between 0.003 and 0.04 Hz (lf – low frequencies), between 0.15 and 0.4 Hz (hf –
high frequencies), and the ratio of low to high frequency power. 
 

 

Figure 3.17: R-R signal in the time domain (left). Spectral representation (normalized 
Lomb-Scargle periodogram) of the same R-R signal (right). 

Digital stethoscope can be used to record sounds that represent the activity of the 
heart. Figure 3.18 presents one such recording which is also known as phonocardiogram. 
From the figure, it can be seen that the R-R intervals can be detected, similarly to the 
ECG and BVP recordings. Consequently, all the features described in Subsection 3.3.3 can 
be extracted from the phonocardiogram as well. 

 

 

Figure 3.18: Example R-R intervals extracted from PCG signal (phonocardiogram). 

In addition to the R-R intervals, general sound features can be extracted using sound-
analysis techniques. The widely used features are as follows: mean, variance, skewness, 
kurtosis, power of the PCG signal, zero-crossing rate, Mel-frequency Cepstral Coefficients, 
Linear Predictive Coefficients, and Shannon entropy, statistics over the sound’s power 
spectral density, jitter, shimmer, the Harmonics-to-Noise Ratio, etc. [108][109]. 

3.3.4 Galvanic Skin Response Features 

GSR (or Electrodermal Activity – EDA) refers to electrical changes that arise when the 
skin receives specific signals from the brain. In particular, GSR is described by physiologists 
as produced purely by the sympathetic nervous system, thus GSR is argued to represent a 
sensitive measure of the activation of the sympathetic nervous system [154][155]. 
Consequently, GSR has been used in many studies to measure emotional activation, 
cognitive workload, physical exertion, etc. [11][45][153]. GSR can be measured using small 
electrodes attached to the skin. For example, the Empatica E4 wrist device measures GSR 
by flowing a minuscule amount of current between two dry electrodes, through which the 
device measures the conductivity on the wrist. The data unit is microsiemens (μS) and the 
frequency is 4 Hz.  
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Besides being a measure for average sweating levels, GSR is also characterized by Skin 
Conductance Reponses (SCRs), which are caused by external stimuli (Figure 3.19). A 
typical SCR lasts 1–5 seconds, has a steep onset and an exponential decay or recovery, and 
reaches an amplitude of at least 0.1 μS [156][157]. Consequently, SCRs can be used as an 
additional measure of stimuli presence and stimuli intensity. 

 

 

Figure 3.19: Skin Conductance Response. 

Figure 3.20 represents a 5-minute segment of GSR data (blue line). The GSR signal 
can be decomposed into two components, a fast-acting component (SCRs) and a slow-
acting component (tonic component). The SCRs can be detected using a peak detection 
algorithm (similar to Algorithm 3.3) with an additional extension, i.e., the peak onset (peak 
start, marked with green) and peak end (marked with yellow) need to be detected too. 
Since this has to be done automatically, some SCRs can be missed by the algorithm. For 
example, the purple dots represent rejected peaks, i.e., peaks that have been detected by 
the peak detection algorithm, but their corresponding start and end points were not 
detected.  

 

 
 

Figure 3.20: GSR signal with example Skin Conductance Responses (SCRs) detected. 

The tonic component can be detected using polynomial curve fitting on the GSR data. 
Once the GSR data is decomposed, a variety of features can be extracted: the number of 
SCRs per second, the power of the SCRs, the sum of the signals’ components that have a 
positive derivative, the ratio between the positive derivative and the negative derivative, 
the mean value of the derivative of the tonic, the mean value of the difference between the 
raw signal and the tonic component, the total spectral power of the signal in five frequency 
bands between 0 Hz and 0.6 Hz with a 0.1 Hz span, the amplitude increase of the largest 
SCR (from the SCR start time to the SCR peak), the amplitude decrease of the largest 
SCR peak, the largest SCR increase time, the largest SCR decrease time, the ratio of the 
increase time and the decrease time of the largest SCR peak, the largest SCR duration, the 
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largest SCR peak increase and decrease slope, the average amplitude increase and decrease 
of all SCR peaks, and the average amplitude change of all SCRs. 

3.4 Feature Selection  
In general, feature selection methods can be divided into: 

• Wrapper methods – use an ML model to score different feature subsets. Each new 
subset is used to train a model, which is then tested on an evaluation set; 

• Ranking methods (also known as filter methods) – use a scoring function to rank 
features’ quality for the specific domain (e.g., correlation between features and data 
labels); 

• A combination of wrapper and combination methods; 
• Embedded methods – perform feature selection as part of the model-learning 

process (e.g., the LASSO ML algorithm penalizes uninformative features by setting 
their weights to zero). 

 
Wrapper methods require an ML algorithm and an evaluation metric (e.g., accuracy, 

ROC [168], Bhattacharyya distance [169], etc.). Wrapper methods provide better results 
compared to the ranking methods, especially if the ML algorithm is pre-defined. However, 
if pre-defining an ML algorithm is not possible, the selected feature set is biased toward 
the ML algorithm used by the wrapper method. Additionally, wrapper methods induce a 
heavy computation burden as they re-train the ML model for each evaluation. On the other 
hand, the ranking methods are computationally efficient and require only a scoring metric 
(e.g., mutual information [170], information entropy [171], Fisher score [172], Wilcoxon 
signed-rank test [173], etc.) to evaluate the quality of the features. Most of the ranking 
methods are limited to the scoring of only single features, and as a consequence, some 
informative combinations may be missed. Figure 3.21 presents two features (dimensions) 
that are not informative when analyzed separately because they have the same distribution 
for the two classes (blue and red). However, when analyzed jointly, the two features provide 
good separation between the two classes. 

In our study on monitoring stress, a new feature selection method was proposed by 
combining ranking and wrapper methods. The method aims to minimize the number of 
evaluations required by the wrapper method by prioritizing top features ranked by 
information gain, and by removing low-ranked features which are correlated with the top-
ranked features. Correlation between the features is expected because several features are 
extracted from one data source (e.g., several features are extracted from the BVP signal, 
several from the R-R signal, etc.). The method includes several main steps: rank the 
features by the information gain, calculate the correlation coefficients between features, 
evaluate different subsets of features (selected based on information gain rankings and 
correlation coefficients) using the leave-one-subject-out (LOSO) technique, and finally 
provide the best-performing feature set. The pseudocode is presented in Algorithm 3.4. 
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Figure 3.21: The combination of two non-informative features can be informative.13 

3.5 Classical Machine Learning 
The extracted features can be fed into a variety of classical ML algorithms including 
algorithms that produce comprehensible classifiers (e.g., Decision Trees), black-box 
classifiers (e.g., SVM) and ensembles (e.g., Extreme Gradient Boosting). In most of our 
studies, we used the following algorithms: 

1. Majority classifier – always predicts the majority label. This is a baseline model. 
2. J48 – an algorithm for building a decision tree (DT) [174]. 
3. Naïve Bayes classifier – an algorithm for building simple probabilistic classifiers 

based on Bayes' theorem with strong independence assumptions between the 
features [175]. 

4. KNN – an algorithm which provides a prediction based on k-nearest instances 
(from the training set) to the test instance [176]. 

5. SVM – an algorithm for building a classifier where the classification function is a 
hyperplane in the feature space [177]. 

6. Bagging – an ensemble algorithm that learns base models on subsets of train data 
with the purpose of reducing variance and avoiding overfitting [178]. 

 

                                                                                                                                                                                                         

13 https://en.wikipedia.org/wiki/Data_fusion 
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 Algorithm 3.4: Feature selection algorithm. 
 

Input: instances, ML_algorithm 
Result: best_features 
current_features = getFeatures(Instances)  
best_features = current_features 
best_score = evaluate(instances, ML algorithm, current_features) 
rankings = calculateInfoGain(instances) 
sorted_rankings = sort(rankings)                  # rank features by increasing info-gain 
size = size(sorted_rankings) * 0.9                  # check the lowest 90%  
while counter < size do 

test_feature = sorted_rankings[counter] 
remove_flag = false 
correlation_coefficients = pearsonsCorrelation(instances, test_feature) 
for each correlation_coefficient in correlation_coefficients: 

if correlation_coefficient > 0.8              # check if there is a strong correlation 
removeFlag = true 
current_features = removeFeature(current_features, test_feature)     
break 

if removeFlag 
current_score = evaluate(instances, ML_algorithm, current_features) 
if current_score >= best_score 

best_score = current_score 
best_features = current_features 

 

counter++ 
end 
return  best_features 

 
 

7. Boosting – an ensemble algorithm (AdaBoost and Extreme Gradient Boosting – 
XGB) that learns models on subsets of the train data and “boosts” the weights of 
misrecognized instances allowing for the models in the ensemble to focus on the 
misclassified instances [179]. 

8. Random Forest – an ensemble method that learns base models by subsetting 
the feature set [180]. 

Most of the algorithms require hyperparameter tuning to achieve the best possible 
performance. Algorithm 3.5 presents a pseudocode for the hyperparameter tuning 
performed in our studies. The algorithm is based on random hyperparameter search. A 
more advanced approach would be, instead of the blind hyperparameter search, to use 
informed search based on the history of previously evaluated hyperparameters. Such 
informed search can be implemented using Bayesian-optimization techniques [181]. 
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 Algorithm 3.5: Algorithm for hyperparameter tuning. 
 

Input: ML_algorithm, hyperparameters, instances, max_iterations 
Output: optimized_parameters   
max_score = 0        # the bigger this score, the better the model (e.g., accuracy) 
while i < max_iter  do: 

tmp_param = generateRandHyperparameters (ML_algorithm, hyperparameters) 
tmp_score = evaluateKFold(ML_algorithm, tmp_param, instances) 
if tmp_score > max_score:  

max_score = tmp_score 
optimized_parameters  = tmp_param 

end  
return optimized_parameters 

 
 

3.6 End-to-End Deep Learning for Sensor Data 
Processed sensor data can be used to build end-to-end DL models, i.e., models that do not 
require feature extraction and can learn directly from sensor data with the potential to 
discover new useful patterns in the data, previously unknown to experts. DL models include 
existing DL architectures (e.g., Convolutional Neural Networks [159], Long Short-Term 
Memory (LSTM) Neural Networks [139], their combination – ConvLSTMs [160], Residual 
Networks – ResNet [161], etc.), and our novel DL architecture Spectro-Temporal Residual 
Network (STResNet). STResNet is a novel DL architecture for end-to-end learning 
specialized for multimodal sensor data. More specifically, STResNet can learn from several 
sensors simultaneously, each of them having a different sampling frequency, and it learns 
both in the time domain and in the frequency domain. The mathematical background of 
the artificial neural networks is presented in Chapter 5, Sections 5.1 and 5.2. 

To present some intuition about how DL models learn directly from raw data, Figure 
3.22 visualizes patterns learned by a simple end-to-end CNN model with two CNN layers 
and one fully connected layer. Figure 3.22 shows two examples (one left and one right) 
from an end-to-end CNN model for arousal recognition from the GSR signal. The top-left 
graph shows the normalized GSR input for the network. It can be seen that the maximum 
value of the signal is 0.6 which means it is near the participant’s average sweating rate. 
Also, the signal is dropping continuously, which may be a sign that the participant is 
relaxing (low arousal). The middle-left graph shows the output of a convolutional layer for 
the given input. This layer contains 32 different filters. Each filter produces different 
representation of the input signal. Each of the 32 representations are marked with a 
different color. From the 32 different representations, it can be seen that the CNN layers 
are emphasizing the peaks of the signal and that some of the representations are delayed, 
i.e., the signal’s peaks are shifted in time. This time shift may produce temporal 
independence, i.e., in certain scenarios, the exact timing of the peaks is not important, but 
rather their height and their duration. These findings are in line with many physiological 
and affective-computing studies which analyze Skin Conductance Responses (SCRs), one 
of the main features for affect recognition [70][71][23]. The bottom left graph represents the 
input to the fully connected layer. It contains 2912 input values, which correspond to the 
32 different representations (CNN filters) multiplied by 91 – which is the length of the 
input signal after the convolutions. The bottom arrow represents the final output of the 
model, which is an estimation for the input to belong to a certain class. In this case, high 
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vs low arousal. For the sample on the left, the prediction is “low arousal” with an estimated 
probability of 54% and in this case, it was a correct estimation. 
 

 

Figure 3.22: Two examples from an end-to-end CNN model for arousal recognition from 
the GSR signal. The top graphs represent the normalized GSR input.  

The right side of Figure 3.22 presents another example of the same model, however, in 
this case for a “high arousal”. From the input (top-right), it can be seen that the values of 
the signal are over 80%, which is a high sweating rate close to the participant’s maximum. 
In addition to that, there is an abrupt positive change towards the end of the signal, which 
may indicate affective reaction of the person to a certain stimulus. The middle-right graph 
shows that the CNN layers emphasized the high peak of the signal. Finally, the prediction 
of the model (bottom-right arrow) is that the signal is a “high arousal” signal with an 
estimated probability of 77%, which was a correct prediction. The middle graphs represent 
the output of CNN layers. The bottom graphs represent the input for a fully connected 
layer. 

3.7 Fusion of Models and Datasets 
Following the principle of multiple knowledge [162], classical ML models and DL models 
can be fused to provide the final output.  

 
Definition 3.3 (Information fusion). Information fusion is the process of integrating 
multiple information sources to produce more consistent, accurate, and useful information 
than that provided by any individual source [163].   
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Depending on the use-case, in some cases, only the highest-ranked model is used to 
minimize complexity. In other cases, classical meta-learners and voting ensembles are used 
to maximize accuracy. In third cases, meta-learners that can account for temporal 
dependencies in the data are used. For example, we used LSTMs and Hidden Markov 
Models as meta-learners for activity recognition to avoid prediction errors of the type: 
walking, walking, walking, car, walking, walking, etc. In this example, it is obvious that 
the prediction “car” should be replaced with a prediction “walking”. In some cases, 
personalized meta-learners were used. For example, in the study on blood pressure 
estimation from ECG signals, a personalized meta-model was used to adapt the prediction 
of the general models to each participant. 

Besides the model-fusion approaches, we also explored with dataset fusion approaches 
using a naïve approach, a multi-task learning and a transfer learning approach. In the naïve 
approach, a joint model is learned simultaneously from several datasets. In the multi-task 
learning approach, a hybrid model is learned in parallel from several datasets. Typically, 
the hybrid model has components that learn shared representations for the several datasets, 
and components that learn dataset-specific representations. We experimented with multi-
task learning for cognitive-load monitoring by learning joint models over data collected in 
two separate studies [37][38]. In the transfer learning approaches, typically a model is pre-
trained on one dataset (a source dataset), and the training is later finalized on another 
target dataset. We experimented with transfer learning for human activity recognition by 
transferring models between four different activity-recognition datasets [39].  

 
Definition 3.4 (Multi-task learning). Multi-task learning is a sub-field of machine 
learning that improves learning for one task by using the information contained in the 
training signals of other related tasks [164]. 

 
Definition 3.5 (Transfer learning). Transfer learning is a sub-field of machine learning 
that focuses on storing knowledge gained while solving one problem and applying it to a 
different but related problem. Transfer learning techniques provide mechanisms for 
transferring instances, feature representations, model parameters and/or relational-
knowledge [165][166]. 
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Chapter 4 

4 Early Work 

This chapter presents a summary of the early work performed for this thesis, i.e., work 
that was performed in the beginning of the thesis process (monitoring stress using context 
[23], non-invasive blood pressure estimation from ECG signals [33], and arousal recognition 
from physiological signals [40]), and work that is still in progress (cognitive-load inference 
from physiological signals) [36][37]. The common characteristic of all these studies is that 
they used a variety of physiological signals and a combination of classical machine learning 
methods. Each study is also published in a corresponding journal paper. In the following 
sections, each study is presented separately, and the final section presents a general 
summary and discussion. 

4.1 Monitoring Stress Using Context 
 
In this study, a method for stress detection that can accurately, continuously, and 
unobtrusively monitor psychological stress in real life was developed. First, the problem of 
stress detection was explored using machine learning and signal processing techniques in 
laboratory conditions, and then the extracted laboratory knowledge was applied to real-
life data. For that purpose, a novel context-based stress-detection method was developed 
(see Figure 4.1) using data from a wrist device that provides the acceleration (marked as 
Acc. Data in the figure), and BVP, EDA, HR, R-R and skin temperature data (marked as 
Bio. Data in the figure).  

Two datasets were collected in this study: one in a laboratory environment to analyze 
the problem under controlled conditions, and one in real life without any restrictions to 
the participants’ normal life. The summary of the datasets is presented in Table 4.1. 

Table 4.1: Experimental data for monitoring stress. 

  Lab Data  Real-life Data 
# Participants 21  5 
Age Mean 28±4 years  28±4.3 years 
No Stress 840 minutes  1216 hours 
Low Stress 356 minutes  70 hours 
High Stress 368 minutes  41 hours 

 
The method consisted of three machine-learning components: a laboratory stress 

detector that is trained on laboratory data and detects short-term stress every 2 min; an 
activity recognizer that continuously recognizes the user’s activity and thus provides 
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context information; and a context-based stress detector that uses the outputs of the 
laboratory stress detector, activity recognizer and other contexts (e.g., day of the week and 
time of day), in order to provide the final decision on 20-min intervals. 
 

  

Figure 4.1: Context-based stress detection. 

Figure 4.2 presents the evaluation results for the laboratory stress detector on the lab 
data using the leave-one-subject-out (LOSO) evaluation technique. Each bar represents a 
different feature set used for the experiments. The subsets were selected per sensor. One 
feature set was generated for the PPG sensor, which includes BVP, HR, and IBI data, and 
one additional feature set was generated using the feature-selection algorithm described in 
Section 3.4. The best performance was achieved when the algorithm used the combination 
of all sensors. When sensor-specific features were used, the IBI and HR sensor data 
performed slightly better than the other sensor-specific feature sets. 

 

 

Figure 4.2: Evaluation results for the laboratory stress detector. LOSO evaluation. 

Next, the overall context-based method was tested using LOSO evaluation technique 
on the real-life dataset. The results are presented in Table 4.2. It can be seen that the 
context-based classifier performed significantly better than a no-context classifier. The no-
context classifier was the laboratory classifier applied to the real-life data. For example, 
the context-based classifier achieves a mean F1-score of 90% (mean value of 0.99 and 0.81 
in percentage points), and the no-context classifier achieves a mean F1-score of 47%. 
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60% 61%
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73% 73%
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All
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Table 4.2: Confusion matrices and evaluation metrics (Precision, Recall and F1 score) for 
No-Context vs. With-Context stress detection.  

 No-Context With-Context 
 No Stress Stress No Stress Stress 
No Stress 3308 1630 4932 6 
Stress 34 125 47 112 
Precision 0.99 0.07 0.99 0.95 
Recall 0.67 0.79 1.00 0.70 
F1 score per class 0.80 0.13 0.99 0.81 
Mean F1 score (%) 47 90 

 

4.2 Non-Invasive Blood Pressure Estimation from ECG 
In the blood pressure study, a method was developed for BP estimation using only ECG 
signals. The raw ECG data was filtered, segmented, and features were extracted based on 
complexity analysis. Then, a machine-learning method was applied, by stacking a 
classification module for predicting BP classes (e.g., normal, prehypertension, and 
hypertension), and a regression module for estimating systolic BP (SBP), diastolic BP 
(DBP), and mean arterial pressure (MAP). The MAP is calculated directly from the SBP 
and DBP values using Eq. (4.1). In addition, the method included a probability 
distribution-based calibration to adapt the models to particular users.  

 

𝑀𝐴𝑃 = 	
𝑆𝐵𝑃 + 2 ∗ 𝐷𝐵𝑃

3
 

 
(4.1) 

The experimental dataset contained close to 26 hours of labelled data from 51 
participants between 16 and 74 years old. For each participant, cuff-based blood pressure 
measurement and a corresponding ECG recording were available. 

The proposed method is depicted in Figure 4.3. The raw ECG signals are segmented 
into 30-second segments, each accompanied with SBP, DBP and MAP values. Those values 
pass through a preprocessing step in which a band-pass filter is applied to preserve only 
valid ECG information. Following that, the signals are forwarded to the module for feature 
extraction. Next, the feature vectors are input into the classification module, which 
implements a stacking ML approach. The output of the classification module, in 
combination with the extracted features, is input into a regression module, which outputs 
the BP estimate. The last module is a calibration module, which allows for probability 
distributions-based calibration.  
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Figure 4.3: Method for non-invasive blood pressure estimation from ECG. 

By following the train-validation-test principle, the data were randomly split into three 
different non-overlapping datasets: 60% of the subjects were included in the training, 10% 
in the validation and 30% in the testing set. The experimental results are presented in 
Table 4.3. The method achieved a mean absolute error (MAE) of 8.64 mmHg for SBP, 
18.20 mmHg for DBP, and 13.52 mmHg for the MAP prediction. When the models were 
calibrated, the MAE decreased to 7.72 mmHg for SBP, 9.45 mmHg for DBP, and 8.13 
mmHg for MAP. The results indicate that when the probability distribution-based 
calibration was used, the proposed method could achieve results close to those of a certified 
medical device for BP estimation.  

Table 4.3: Mean absolute error for cuff-less blood pressure estimation. 

 No Calibration  Calibration 
Systolic Blood Pressure (SBP) 8.64 7.72 
Diastolic Blood Pressure (DBP) 18.2 9.45 
Mean Arterial Pressure (MAP) 13.52 8.13 

 

4.3 Emotion Recognition from Physiological Signals 
In most of the studies on emotion recognition, only one dataset is analyzed. In this study, 
we performed experiments with six different datasets (domains), we analyzed which ML 
algorithms in combination with which modality, i.e., an independent source of data (either 
R-R intervals or GSR in this study), yields best performance across all six datasets for 
arousal recognition, and we proposed a novel meta-learning method for learning from all 
six domains jointly.  

The data belonged to six publicly available datasets for emotion recognition: Ascertain 
[189], DEAP [190], Driving workload dataset [191], Cognitive load dataset [23], Mahnob 
[192], and Amigos [193]. Overall, we analyzed nearly 150 hours of arousal-labelled data 
that belonged to 191 subjects (see Table 4.4). In some datasets, the subjects had one long 
trial (e.g., 20-minute driving session) under varying conditions, and in other datasets the 
subjects had several short trials (e.g., they watched 30 different 1-minute videos). The 
datasets were processed and translated into a common spectro-temporal space of R-R 
intervals and Galvanic Skin Response (GSR) data, from which features were extracted and 
fed into ML algorithms. 
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Table 4.4: Experimental datasets for the study on emotion recognition. 

Dataset 
        
Subjects Females Average Age # Trials Duration [h] 

Ascertain 58 21 31 36 46.4 
DEAP 32 16 26.9 40 21.3 
Driving  10 3 35.6 1 5.0 

Cognitive 21 0 28 2 28.0 
Mahnob 30 17 26 40 26.7 
Amigos 40 13 28 16 15.3 
Overall 191 70 29.25 135 142.7 

 
First, we evaluated which of the two modalities (R-R and GSR) is more informative 

for arousal recognition. Table 4.5 presents the accuracy achieved by dataset-specific 
Random Forest models for the two modalities analyzed in the study. The evaluation was 
performed using trial-specific 10-fold cross-validation, i.e., the data segments that belong 
to one trial (e.g., one affective stimulus) can either belong only to the training set or only 
to the test set; thus there was no overlapping between the training and test data. We also 
tried LOSO evaluation, but the performance for all ML models was low. From the results, 
it can be seen that there is no clear answer to the question “Which modality yields the 
best performance across all six different datasets?”. For three datasets (Ascertain, DEAP 
and Amigos), the models based on the R-R modality outperformed the models based on 
the GSR modality. For one dataset (Driving), the models achieved equal accuracy, and for 
the two datasets Cognitive and Mahnob, the models based on the GSR outperformed the 
models based on the R-R intervals. In general, the combination of the two modalities 
achieved the best (Amigos, Mahnob, Cognitive, Driving) or close to best performance 
(DEAP and Ascertain). In the following experiments, only the combination of the two 
modalities was used. 

Table 4.5: Accuracy for dataset-specific models for different modalities (R-R intervals, 
Galvanic Skin Response and the combination of the two). 

Dataset R-R GSR R-R + GSR 
Ascertain 65 64 64 
DEAP 55 50 54 
Driving  78 78 78 
Cognitive 73 76 76 
Mahnob 58 61 61 
Amigos 53 47 56 
Average 64 53 65 

 
Next, we evaluated the novel meta-learning scheme depicted in Figure 4.4, which was 

designed to train a meta-learner that utilizes the knowledge from all six datasets. In the 
example scenario, seven ML algorithms were used. Thus, there are 42 base models (6 
datasets × 7 ML algorithms). The outputs of the base models, which are probabilities for 
the class “high arousal”, are used as input to a meta-learner. The meta-learner can be any 
supervised ML algorithm. 
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Figure 4.4: Meta-learning for emotion recognition from physiological signals. 

We compared the meta-learning approach to “flat” ML algorithms trained on all merged 
datasets. The evaluation is performed using the same trial-specific 10-fold cross-validation. 
The results are presented in Table 4.6. It can be seen that the meta-learning improved 
upon the results of the “flat” models. All of the “flat” algorithms achieved an accuracy 
below or equal to 60%. The meta-learning approach improved the results by achieving an 
accuracy of 63%. 

 

Table 4.6: Accuracy (%) for emotion recognition from physiological sensors. 

 RF SVM GB AdaB KNN NB DT Meta Majority 
 58 60 59 58 56 60 59 63 51 

4.4 Cognitive-Load Inference from Physiological Signals 
In this study, we examined the potential for inferring one's cognitive load using merely 
cheap wearable sensing devices. We subjected 23 volunteers to varying cognitive load using 
six different tasks. As metrics for the cognitive load, we used one subjective measure, the 
NASA Task Load Index (NASA-TLX), and one objective measure, designed task difficulty. 
Additionally, the participants’ physiological response was recorded using a wrist device 
measuring heart rate, R-R intervals, GSR, and skin temperature. 

The physiological data were preprocessed and filtered, features were extracted, and ML 
models for cognitive load prediction were constructed. The ML models were task-specific, 
i.e., a separate model was built for each of the six different tasks. Table 4.7 presents the 
results obtained using LOSO evaluation and Random Forest models for each modality 
separately, and their combination. It can be seen that the models that use the combination 
of all modalities (R-R, GSR and skin temperature) perform the best. 

Table 4.7: Accuracy (%) for different modalities (R-R intervals, Galvanic Skin Response, 
Skin Temperature and the combination of the three) on the Cog. Load dataset. 

 R-R GSR Skin Temperature Combination 
 65 55 55 68 
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In a similar study, Timotej Knez for his bachelor thesis [194] collected another dataset for 
cognitive load. In the study, 23 participants played the game Snake14 on smartphones. The game’s 
task difficulty was varied (easy, medium, and hard) by changing the game speed. The participants’ 
physiological response was recorded using the same wrist device (measuring heart rate, R-R 
intervals, GSR and skin temperature).  

We analyzed the two datasets, Cog. Load and Snake, in a joint study. ML models for 
predicting task difficulty were developed using a variety of ML algorithms. Each model 
was developed using a processing pipeline that includes preprocessing, segmentation, 
feature extraction, normalization, feature selection, and model learning. In addition to the 
classical ML algorithms, a multi-task learning (MTL) neural network was compared to a 
single-task learning neural network (STL). 

 

 

Figure 4.5: Multi-task learning vs. single-task learning. 

The results are presented in Table 4.8. In general, the ML models performed better on 
the Snake dataset compared to the Cog. Load dataset, because the Cog. Load models were 
person-independent, and the Snake models were person-dependent. The highest accuracy 
of 82.3% on the Snake dataset was achieved by the XGB algorithm in combination with 
feature selection and feature standardization. The highest accuracy of 68.2% on the Cog. 
Load dataset was achieved by the Bagging algorithm in combination with feature selection 
and feature standardization. Another observation is that the ensemble models (e.g., 
Bagging, and XGB) performed better compared to the single-model algorithms, which is 
probably because the ensemble models are more robust to noise. 

Regarding the proposed MTL approach, it is interesting to note that both MTL and 
STL performed similarly for the dataset that contained more instances (the Cog. Load 
dataset). However, for the smaller dataset, the MTL approach outperformed the STL 
approach, which may indicate that combining similar datasets using MTL is useful when 
the target dataset is small.  

Table 4.8: Cognitive-load inference from physiological signals. Accuracy for best-performing 
algorithm (bold) vs. single-task-learning (STL) vs. multi-task learning (MTL) for two 
experimental datasets, Snake and Cog. Load. 

Dataset Model Accuracy (%) 
 Bagging 68 
Cog. Load STL 63 
 MTL 65 
 XGB 82 
Snake STL 66 
 MTL 70 

 

                                                                                                                                                                                                         

14 https://en.wikipedia.org/wiki/Snake_(video_game_genre) 
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4.5 Summary and Discussion 
This chapter presented four studies in which the proposed general method was applied, to 
improve the performance of the baseline models for extracting human physical, 
physiological, and psychological information from the wearable sensor data. Table 4.9 
presents a summary of the general method’s components (depicted in Figure 
3.1), which were used in the presented studies. The row “Experts” presents which type of 
experts collaborated in the specific study (ML experts, medical experts, psychologists and 
cognitive scientists). The word “All” in the row on preprocessing and in the row on feature 
extraction indicates that all steps from the specific components were used. The word 
“Many” in the row on ML indicates that a variety of ML algorithms were evaluated and 
compared. DL was used in the three studies presented in Chapter 5. The row on fusion 
indicates how different models and datasets were fused. In three of the four studies, meta-
learning was used to enable the fusion of several ML models. In one study, multi-task 
learning was used to build a joint model for two separate datasets. In all of the studies, 
the fusion of sensors, datasets, or models improved the results over the baselines.  

Table 4.10 presents a summary of the experimental results. The experimental results 
are not directly comparable across the different studies because of the many differences in 
the experimental setups. The differences include the following: different dataset sizes, 
different sensors, different preprocessing steps, different classification tasks, different 
evaluation procedure, etc. However, by using the study-specific baseline methods as a 
comparison proxy, common conclusions can be observed.  

Table 4.9: Method summary. Presenting which components of the proposed general method 
(Figure 3.1) were used in the early-work studies. 

Method’s 
component 

Study 
Stress Blood pressure  Emotions Cog. Load 

Sensors 
Smartphone + 
physiological Physiological Physiological Physiological 

Dataset Ours 
Ours + public 
dataset Public datasets Ours 

Experts ML + psychology ML + medical ML  
ML + 
cognitive sci. 

Preprocessing All All All All 
Feature 
Extraction All All All All 
Feature 
Selection 

Wrapper + 
ranking Ranking Ranking Ranking 

ML  
Many 
(classification) 

Many 
(classification + 
regression) 

Many 
(classification) Many 

DL  / / / / 

Fusion 

Meta (lab. stress 
detector + AR 
classifier) 

Meta (BP 
prediction + 
calibration) 

Meta 
(stacking) 

Multi-task 
learning 
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The column “Combining modalities” summarizes the results for different modalities. It 
can be seen that in all studies, the combination of several modalities outperformed the best 
single modality, which experimentally confirms the first hypothesis for the three 
studies in which more than one modality was available, i.e., combining data from 
a variety of wearable sensors improves the performance for monitoring human physical, 
physiological and psychological states using machine learning.  

The column “Combining methods or datasets” summarizes the results for meta-learning 
vs. no meta-learning. In the stress study, the context-based method outperformed the no-
context method by utilizing a meta-learner which combined predictions from several 
classifiers. In the blood pressure study, the meta-learner trained on person-specific data 
improved the results from the no-calibration methods. In the emotion recognition study, 
the meta-learner achieved higher accuracy compared to the baseline by utilizing knowledge 
from six datasets. Similarly, in the cognitive-load study, the MTL neural network 
outperformed a single-task neural network by simultaneously learning from two datasets, 
which experimentally confirms the second hypothesis for the four studies, i.e., our 
method for combining machine-learning models enables additional meta-learning, which 
improves the performance for monitoring human physical, physiological and psychological 
states. However, it should be noted that in the cognitive-load study, the best-performing 
ensemble methods outperformed the proposed MTL, which may indicate that an ensemble 
MTL approach may improve the results even further. 

Table 4.10: Results summary. The numbers in the table represent the evaluation score used 
in each study (Accuracy, F1-score, or Mean Absolute Error). 

Study 
(metric) 

Method Combining 
modalities 

Combining methods or datasets 

Stress  
(Acc./F1.) 

Baseline 69 (Accuracy, 
Figure 4.2) 

47 (mean F1-score, lab. stress detector, 
Table 4.2) 

Comb. 73 (Accuracy, 
Figure 4.2) 

90 (mean F1-score, lab. stress detector + 
AR classifier, Table 4.2) 

Blood pressure 
(MAE) 

Baseline / 13.52 (MAE for Mean Arterial Pressure, no 
calibration, Table 4.3) 

Comb. / 8.13 (MAE for Mean Arterial Pressure, with 
calibration, Table 4.3) 

Emotions 
(Acc.) 

Baseline 64 (Table 4.5) 60 (dataset-specific classifiers, Table 4.6) 
Comb. 65 (Table 4.5) 63 (a stack of dataset-specific classifiers, 

Table 4.6) 
Cog. Load 
(Acc.) 

Baseline 65 (Cog. Load, 
Table 4.7) 

66 (Snake) and 63 (Cog. Load), (STL, 
Table 4.8.) 

Comb. 68 (Cog. Load, 
Table 4.7) 

70 (Snake) and 65 (Cog. Load) (MTL, 
Table 4.8.) 
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Chapter 5 

5 The Fusion of Classical and Deep 
Machine Learning 

This chapter presents three studies on combining classical and deep machine learning 
applied to sensor data for mobile health and behavior monitoring. Each study is presented 
in a separate section via its corresponding journal publication, containing an introduction 
to the domain problem, related-work analysis, data description, method description, 
experimental results, discussion and conclusion. Additionally, the proposed STResNet is 
introduced and utilized in all of the three studies. The method used in each study is a 
variation of the general method presented in Chapter 3.  

Section 5.1 presents a study on the detection of chronic heart failure (CHF) via heart 
sounds. This study was performed in collaboration with the University Medical Center in 
Ljubljana. The models developed in that study were evaluated on data from real CHF 
patients in Slovenia. This system is currently being tested on data from new patients, and 
the performance of the system achieves high accuracies, similar to the performance reported 
in the paper. 

Section 5.2 describes a study on monitoring driving distractions via physiological and 
visual sensors. This study was performed in collaboration with the Fraunhofer Institute of 
Integrated Circuits (IIS), Erlangen, Germany. It aimed at utilizing our knowledge in 
processing wearable sensor data and IIS’s knowledge of image processing. 

Section 5.3 presents a study on recognizing the means of transport (locomotion). This 
study thoroughly analyzes JSI-Deep, the method that combines classical ML and DL 
models for AR from smartphone sensors. Additionally, it analyzes the energy-efficiency of 
the ML methods using methods developed by Janko in his PhD thesis [195]. 

Finally, a Section 5.4 is summarizes and discusses the findings of the three studies at a 
more general level.  
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5.1 Chronic Heart Failure Monitoring   
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5.2 Driver Distractions Monitoring 
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5.3 Locomotion Recognition  
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5.4 Summary and Discussion 
This chapter presented three studies in which the proposed general method (depicted in 
Figure 3.1) that combines expert knowledge, classical ML, and DL was applied. In the 
three publications, the method’s architecture was also presented. The method, presented 
in Figure 3.1, improved the performance of the baseline models for extracting human 
physical, physiological and psychological information from wearable sensor data.  

Table 5.1 presents a summary of the general method’s components that were used 
in the studies. Differently from the early-work studies (summarized in Table 4.9), end-to-
end DL was used in these studies. More specifically, the proposed STResNet was compared 
to a variety of state-of-the-art DL methods in the studies on driving distractions and 
locomotion recognition. In both of these studies, STResNet achieved the best performance. 
Table 5.2 presents a summary of the experimental results.  

Similar to that discussion, the experimental results from the different studies can be 
compared using the study-specific baseline methods as a comparison proxy. The column 
“Combining modalities” summarizes the results for different modalities. For the CHF 
study, only one modality was available (sound), and thus combining modalities was not 
plausible. For the driving distractions study, the model based on a single modality, XGB 
using facial activation units as input, achieved the best results. However, the models built 
using all modalities or using feature selection achieved similar results. For the locomotion 
recognition study, the results from the best single modality were improved using a 
combination of several modalities and feature selection. Consequently, the first 
hypothesis, i.e., combining data from a variety of wearable sensors improves the 
performance, was confirmed in one of the two studies in which we were able to test it.  

Table 5.1: Method summary. Presenting which components of the proposed general method 
(Figure 3.1) were used in the studies that combined ML and DL approaches. 

Method’s 
component 

Study 
CHF Driving distractions  Locomotion 

Sensors 
Sound 
(phonocardiogram) 

Physiological + video-
based 

Smartphone 

Dataset 
Ours + 5 public 
datasets 

Public dataset Public dataset 

Experts ML + Medical ML ML 
Preprocessing All All All 
Feature 
Extraction 

All All All 

Feature 
Selection 

Ranking  Ranking Wrapper + ranking 

ML  RF  Many (classification) Many (classification) 
DL  STResNet Many (+ STResNet) Many (+ STResNet) 
Fusion Meta (ML + DL) Meta (ML + DL) Meta (ML + DL) 

 
 
The column “Combining methods or datasets” summarizes the results for meta-learning 

vs. no meta-learning. Across all three studies (CHF, driving distractions, and locomotion 
recognition) the overall results were improved using a meta-learner that combined 
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predictions from classical (feature-based) models and the end-to-end DL model 
(STResNet). More specifically, in the study on CHF monitoring, the baseline results were 
improved using a meta-learner that combined segment-specific predictions from the 
Random Forest model and the STResNet model. In the study on locomotion recognition, 
the baseline results were improved using a meta-learner that combined the predictions from 
the XGB model and the STResNet model. In addition to that, the meta-learner modeled 
temporal dependencies between different locomotion activities, which was done using 
algorithms that are capable of modeling such regularities (HMMs and LSTMs).  

Finally, in the study on monitoring driving distractions, the meta-learning analysis was 
performed after the publication of the paper. Similarly to the previous two studies, the 
predictions of the best-performing classical model (XGB) and the predictions of the 
STResNet model were used as input to a meta-learner, which was then evaluated using a 
LOSO evaluation technique. The meta-learner improved the results from an F1-score of 
78%, achieved by the best-performing single model (XGB), to an F1-score of 82%. 

Table 5.2: Results summary. The numbers in the table represent the evaluation score used 
in each study (Accuracy or F1-score).  

Study 
(metric) 

Method Combining 
modalities 

Combining methods or 
datasets 

CHF 
(Accuracy) 

Baseline 86.7, (RF, CHF paper – 
Table 6) 

86.7 (RF, CHF paper – Table 6) 

Comb. / 92.9 (RF + STResNet, same table) 
Driving 
Distr. 
(F1-score) 

Baseline 78 (XGB with AUs 
Driving distr. paper  
– Table 7)  

78 (XGB with AUs, Driving distr. 
paper – Table 7) 

Comb. 77 (XGB with selected 
features, same table) 

82 (XGB + STResNet, after 
publishing) 

Locomotion 
(F1-score) 

Baseline 86.5 (RF with acc. data, 
Locom. paper  
– Table 3) 

89.4 (GradBoost, Locom. paper  
– Table 7) 

Comb. 89.4 (GradBoost and 
Multi-ResNet-6, Locom. 
paper – Table 7) 

93.8 (GradBoost + STResNet, 
Locom. paper – Table 9) 

 
By examining the overall results in Table 5.2, it can be concluded that the meta-learners 

improved the baseline results in all the studies, which experimentally confirms the 
second hypothesis of the thesis: “Our method for combining machine-learning models, 
including end-to-end deep learning, enables additional meta-learning layer that can 
combine models to maximize performance, can learn personalized models and can learn 
models that take into account the temporal dependence in the data, which improves the 
performance even further for monitoring human physical, physiological and psychological 
states”. 
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Chapter 6 

6 Conclusions 

This thesis addressed the problem of combining expert knowledge, classical ML, and DL 
to enable the transformation of wearable sensor data into valuable health and behavior 
information. The method uses end-to-end learning on sensor data as a standalone approach 
or, in combination with classical machine learning, to produce beyond state-of-the-art 
performance. The method is presented formally through definitions, algorithms, and 
flowcharts. The method is general and can be applied to many mobile health and behavior-
monitoring problems for which wearable sensors are available. 

To examine the validity of the thesis hypotheses, we applied the proposed method in 
seven health and behavior-monitoring domains: chronic heart failure detection from heart 
sounds, locomotion recognition from smartphone sensors, the detection of driving 
distractions from physiological and video-based sensors, stress, emotion and cognitive-load 
recognition from physiological sensors, and blood pressure estimation from ECG sensors. 

The first hypothesis of the thesis is: “Combining data from a variety of wearable 
sensors improves the performance for monitoring human physical, physiological and 
psychological states using machine learning”. This hypothesis was experimentally 
confirmed for four of the seven experimental domains. In two domains, the 
combination of sensor data was not possible because only one type of sensor data was 
available and in one domain, the results were equally good both with and without combined 
modalities. In the rest of the experimental domains, the combination of different wearable 
sensors always outperformed the single-sensor approaches. One reason for this is that the 
wearable sensor data is noisy. Thus, by enabling several sources of information and several 
learners, the impact of the noise on the performance is lowered. 

Additionally, the different sensors enable different types of information. For example, 
heart-related sensors and HRV analysis provide information both for the activation of the 
sympathetic and of the parasympathetic nervous system. In contrast, the GSR sensor 
provides information only for the activation of the sympathetic nervous system. Thus, by 
combining these two types of sensors, better modeling of the participants’ psychological, 
physiological and behavioral states can be achieved. 

The second hypothesis of the thesis is: “Our method for combining machine-learning 
models, including end-to-end deep learning, enables an additional meta-learning layer that 
can combine models to maximize performance, can learn personalized models and can learn 
models that take into account the temporal dependence in the data, which improves the 
performance even further for monitoring human physical, physiological and psychological 
states”. This hypothesis was also confirmed experimentally. Across all seven 
experimental domains, the baseline results were improved using meta-learning. In the 
stress study, the meta-learner combined predictions from several classifiers. In the blood-
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pressure study, the meta-learner performed person-specific calibration. In the emotion-
recognition study, the meta-learner utilized knowledge from six different datasets. In the 
cognitive-load study, a multi-task learning method combined two datasets. In the studies 
on CHF monitoring, locomotion recognition and driver distraction monitoring, the baseline 
results were improved using a meta-learner that combined the predictions from a classical 
ML classifier STResNet. This is because STResNet learns directly from the sensor data; 
thus, it has the potential to discover patterns in the data, not present in the expert-defined 
features. 

Finally, Table 6.1 summarizes the seven studies in relation to the two thesis hypotheses. 
The colored (green) cells show which studies confirmed the hypotheses and the white cells 
show which studies did not confirm the hypotheses or were not tested because the 
combination of sensor data was not possible. 

Table 6.1: Experimental domains and their relation to the thesis hypotheses. 

Study Hypothesis 1 Hypothesis 2 
CHF 
 

Not tested (only heart sounds) A meta-learner that combines 
predictions of a classical and an 
end-to-end DL classifier 

Locomotion 
 
 
 

Combination of smartphone 
sensors + feature selection 
improved the results achieved 
by the best single modality (an 
independent source of data) 

A meta-learner that combines 
predictions of a classical and an 
end-to-end DL classifier, and 
takes into account temporal 
dependencies 

Driving 
 

Facial Activation Units were 
equally as good as the 
combination from several 
modalities 

A meta-learner that combines 
predictions of a classical and an 
end-to-end DL classifier 

Stress 
 
 

Combination of physiological 
sensors improved the results 
achieved by the best single 
modality  

A meta-learner that combines 
predictions of several classical 
classifiers 

Blood pressure 
 
 

Not tested (only ECG sensor) A personalized meta-learner 
that combines predictions of 
several classical classifiers 

Emotions 
 

Combination of physiological 
sensors improved the results 
achieved by the best single 
modality 

A meta-learner that combines 
predictions of several classical 
classifiers 

Cognitive load 
 

Combination of physiological 
sensors improved the results 
achieved by the best single 
modality 

Combining two datasets using 
multi-task learning 
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6.1 Summary of Contributions 
This thesis generated the following original contributions: 
 

1. A novel general method that combines expert knowledge, classical 
machine learning, and deep learning for extracting human physical, 
physiological, and psychological information from wearable sensor data. 
The method includes learning from a large-body of expert-defined features 
extracted from the processed data using classical ML, and end-to-end DL that 
learns directly from the sensor data with the potential to discover new useful 
patterns in the data, previously unknown to experts. An additional novelty of the 
method relies on the fusion of classical machine learning and end-to-end deep 
learning approaches, which combines models to maximize performance, can learn 
personalized models, and/or can learn models that consider the temporal 
dependence in the data. The method was presented formally through definitions, 
algorithms, and flowcharts. 
 

2. A novel deep learning architecture for end-to-end learning specialized 
for multimodal sensor data. In contrast to the known end-to-end deep learning 
architectures, STResNet can learn from several sensors simultaneously, each of 
them having its own sampling frequency. Additionally, STResNet can lean both 
in the time domain and in the frequency domain, which is essential for health and 
behavior monitoring with wearable sensors. STResNet was successfully applied in 
three different domains, including activity recognition, monitoring driving 
distractions and chronic heart failure detection. Additionally, STResNet has been 
successfully applied in a fourth study on blood pressure estimation from BVP 
signals, in a study separate from this thesis [42]. Each of these studies had a variety 
of sensors, including smartphone sensors, sound and physiological sensors, which 
suggests that STResNet is a general end-to-end DL architecture. 
 

3. Unified application of the method on seven domains: The method is general 
and can be applied to many mobile health and behavior-monitoring problems for 
which wearable sensors are available. This thesis presented the method’s 
application on seven domains with various combinations of sensors. 
 

4. Collecting new datasets and creating publicly available software for 
mobile health and behavior monitoring with wearable sensors: New 
labeled datasets were created in the studies on stress, cognitive load, Chronic 
Heart Failure and blood pressure. In addition to the datasets, the software includes 
components for feature extraction (the list of features that can be extracted is 
available in Appendix A), a component for learning models with STResNet, and 
a component for the fusion of classical and end-to-end deep learning that won an 
international machine-learning competition at the UbiComp conference. 
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6.2 Limitations and Future Directions 

6.2.1 Threats to Validity 

The thesis findings are conditioned by the experimental setups in which the studies were 
performed. For example, the study on driver distraction monitoring was performed on data 
collected in a simulated environment. Thus, the next step would be a real-life study in 
order to confirm the validity of the results from the study on driver distraction monitoring. 
Overfitting is another threat to validity for any ML-based and data-driven study. In this 
thesis, evaluation approaches, which are known to provide robust results, were used. For 
example, train-validation-test splits and leave-one-subject-out evaluations. In the study on 
locomotion recognition from smartphone sensors, all the data was collected by one subject 
and the models were person-specific. In order to confirm the validity of these models, the 
approach needs to be tested on data collected by additional participants.  

6.2.2 From Supervised to Self-Supervised and Unsupervised Learning 

This thesis focused on supervised learning. However, supervised learning is expensive as it 
requires labeled data. For that reason, a promising research direction is approaches that 
can decrease the requirement for labeled data by allowing the transfer of 
knowledge/models/data between domains. In this thesis, we performed early work on 
transfer learning and multi-task learning, but these fields should be analyzed in more detail. 
Additionally, few-shot learning and self-supervised learning [199] can be explored. 
Furthermore, approaches that allow unsupervised domain adaptation can be even more 
interesting as they completely eliminate the requirement for labeled data. For example, 
generative models could be one approach for unsupervised domain adaptation.  

6.2.3 Explainable and Responsible AI 

Explainable AI refers to methods and techniques in the application of AI such that the 
results of the solution can be understood by human experts. Explainable AI has the 
potential to minimize trade-offs between the transparency and the performance of AI 
models. More importantly, however, it would bring additional trust in AI solutions by users 
from different non-technical fields. For example, this thesis proposed a method for CHF 
monitoring that was developed in collaboration with medical doctors. This method would 
be much more easily adopted for wider usage if it offers explanations about different 
predictions made by the ML models. Providing explanations by ML models is also in line 
with the EU’s General Data Protection Regulation (“GDPR”). According to the GDPR, 
the ML models should offer the possibility to answer/provide explanations such as: “You 
were denied a loan because your annual income was £30,000. If your income had been 
£45,000, you would have been offered a loan”. This ML domain is called “searching for 
counterfactual explanations” [200][201][202]. 

Responsible AI is closely related to explainable AI; it is a methodology for the large-
scale implementation of AI methods in real organizations with fairness, model 
explainability, and accountability at its core [203]. For example, non-ethical usage for the 
purpose of military or business15 gains must be avoided. 

                                                                                                                                                                                                         

15 https://www.businessinsider.com/china-emotional-surveillance-technology-2018-4 
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6.2.4 Cost of AI Systems  

This thesis has presented real-life use-cases of how AI-based methods can improve our lives. 
However, the widespread usage of AI-based products comes with a series of hidden costs. 
The essay “Anatomy of an AI System” [204] investigated the human labor, data, and 
planetary resources required to build and operate a state-of-the art AI product, such as 
Amazon Echo. The overall process includes: obtaining lithium from Bolivia, collecting 
labeled datasets in Southeast Asia, shipping and international logistics, analyzing data by 
AlexaVoiceService through distributed data centers, and electronic waste storage in Ghana, 
Pakistan, and China. The adverse effects of new technological and engineering systems 
need to be addressed, as the benefits may lower than the costs required to build and operate 
them. AI is powerful and has much potential. It is up to us to find the right paths to 
maximize its positive impact. 
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Appendix A 

Appendix A Features 

Statistical Features   
1. Mean 
2. Standard deviation 
3. Skewness 
4. Kurtosis 
5. 25th quartile 
6. 75th quartile 
7. Quartile deviation 
8. Difference between max and min values 
9. Coefficient of variation 
10. Mean value of first derivative 
11. Mean value of second derivative 

HRV Features  

1. Mean heart rate 
2. Mean R-R interval 
3. Standard deviation of R-Rs (sdnn) 
4. Standard deviation of the differences between all subsequent R-R intervals (sdsd) 
5. Root of the squared differences (rmssd) 
6. Proportion of interval differences of successive R-Rs greater than 20 ms (pnn20) 
7. Proportion of interval differences of successive R-Rs greater than 50 ms (pnn50) 
8. Poincare plot SD1 (sd) 
9. Poincare plot SD2 (sd2) 
10. Poincare plot SD1/SD2 (sd1/sd) 

Galvanic Skin Response Features (GSR Features) 

1. Power of the raw signal 
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2. Number of skin conductance responses (SCR) 
3. SCRs per second 
4. Power of the SCRs 
5. Sum of the signals positive derivative (segments where the single increases) 
6. Proportion between the positive derivative and the negative derivative 
7. Mean value of the derivative of the tonic component (slow changing GSR 

component) 
8. Mean value of the difference between the raw signal and the tonic component 
9. Total spectral power of the signal in five frequency bands between 0 Hz and 0.6 

Hz with a 0.1 Hz span (6 features) 
10. Amplitude increase of the biggest SCR 
11. Amplitude decrease of the biggest SCR 
12. Biggest SCR’s increase time 
13. Biggest SCR’s decrease time 
14. Ratio of increase time and decrease time of the biggest SCR 
15. Biggest SCR’s duration (from peak start time until peak end time) 
16. Biggest SCR’s increase slope 
17. Biggest SCR’s decrease slope 
18. Average amplitude increase of all SCRs 
19. Average amplitude decrease of all SCRs 
20. Average amplitude increase ratio of all SCRs 
21. Average amplitude decrease ratio of all SCRs        
22. Distance (duration) signal’s max and min values 
23. Overall signal change rate 
24. Overall duration of the segments with a significant increase 
25. Mean value of the segments with significant increase 
26. Intensity of the segments with significant increase (duration x mean value) 
27. Significant increase change (max – min of the segments with significant change)* 
28. Significant increase divided by the duration (speed) 
29. Overall duration of the segments with a significant decrease 
30. Mean value of the segments with significant decrease 
31. Intensity of the segments with significant decrease (duration x mean value) 
32. Significant decrease change (max – min of the segments with significant change)* 
33. Significant decrease divided by the duration (speed) 

*Note – EDA significate increase/decrease: 10% change (increase or decrease) sustained for 
a duration of 15 seconds. 
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Table A.1: Features summary. 

Blood Volume Pulse – 22 features • 11 statistical features of the raw signal 
• 11 statistical features of the first derivative of 

the raw signal 
Skin Temperature – 22 features • 11 statistical features of the raw signal  

• 11 statistical features of the first derivative of 
the raw signal 

Acceleration – 7 features • 7 features: magnitude’s mean value, top 3 
frequencies; mean Power Spectral Density 
(PSD) of the top 3 frequencies 

Heart Rate Variability Features – 
20 features 

• 10 HRV features based on BVP  
• 10 HRV features based on Empatica’s IBI  

Galvanic Skin Response – 61 
features 

• 11 statistical features of the raw signal  
• 11 statistical features of the first derivative of 

the raw signal 
• 39 SCR features 
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