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Abstract

Work-related well-being is an important research topic, as it is linked to various aspects of
individuals’ lives, including job performance. To measure it effectively, unobtrusive sensors
are desirable to minimize the burden on employees. Because there is a lack of consensus
on the definitions of well-being in the psychological literature in terms of its dimensions,
our work begins by proposing a conceptualization of well-being based on the refined
definition of health provided by the World Health Organization. We focus on reviewing the
existing literature on the unobtrusive measurement of well-being. In our literature review,
we focus on affect, engagement, fatigue, stress, sleep deprivation, physical comfort, and
social interactions. Our initial search resulted in a total of 644 studies, from which we then
reviewed 35, revealing a variety of behavioral markers such as facial expressions, posture,
eye movements, and speech. The most commonly used sensory devices were red, green,
and blue (RGB) cameras, followed by microphones and smartphones. The methods capture
a variety of behavioral markers, the most common being body movement, facial expressions,
and posture. Our work serves as an investigation into various unobtrusive measuring
methods applicable to the workplace context, aiming to foster a more employee-centric
approach to the measurement of well-being and to emphasize its affective component.

Keywords: affective computing; ambient intelligence; facial expressions; gestures;
well-being; sensors

1. Introduction
Well-being measurement has become an increasingly prominent research topic across

various disciplines due to its impact on numerous aspects of life. As per the American
Psychological Association (APA) Dictionary of Psychology, well-being is defined as a state
characterized by happiness, low levels of distress, good physical and mental health, a
positive outlook, and high quality of life [1]. In the psychological literature, however,
various definitions of well-being exist, and despite extensive research, open questions
regarding them persist. Similarly, there is a large body of literature on the definition of
work-related well-being. Wijngaards et al. [2], for example, define well-being at work as
the experience or state of well-being in the work setting or when working ([2], p. 798).

Within the organizational context, workplace practices and work-related well-being
are linked to several organizational improvements [3], such as employee performance [4].
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Researching well-being has its origins in psychology, where a wide range of instru-
ments exist for measuring it (e.g., [5–7]). However, most of them rely on self-reports, which
are impractical and obtrusive for employees, as filling out questionnaires is time-consuming
and disruptive to their workflow. Recently, however, researching well-being has garnered
interest in other fields, such as computer science, where sensing technologies that have a
less disruptive nature have increasingly been employed. Research is available utilizing
a variety of sensors in diverse contexts, such as support tools for chronic disease man-
agement [8]. In this review, we therefore focus on the use of unobtrusive sensors, which
are designed to collect data without requiring active participation or causing disruption
to normal activities. In consequence, unobtrusive sensors are subtle and can be easily
integrated into daily scenarios [8]. Given their numerous advantages, unobtrusive sensors
are increasingly featured in the scientific literature and are being integrated into novel
research methods.

When utilizing unobtrusive methods, researchers can focus on either (or both) behav-
ioral or physiological signals. Significant challenges arise when measuring physiological
signals in naturalistic environments where conditions are highly variable (e.g., movement,
changing lighting, makeup, and eyewear). These conditions often lead to decreased ac-
curacy and stability of the measurements. For instance, Slapničar et al. [9] conducted a
study in which they estimated blood pressure using a modified red, green, and blue (RGB)
camera, which required stable environmental conditions (e.g., consistent lighting, minimal
movement). This suggests that remote physiological monitoring may not be practical
for large-scale naturalistic applications. In contrast, behavioral signals are more directly
observable, making them more robust and less dependent on environmental variables.
Furthermore, monitoring physiological signals often relies on wearable devices, which
would mean increased obtrusiveness for employees. Given the aforementioned limitations
of physiological signal measurement in settings such as the workplace, we will investigate
behavioral markers instead of physiological signals in this review.

A variety of studies have been conducted across diverse contexts, such as the well-
being of residents in long-term care facilities [10] and the well-being of students in ed-
ucational settings [11]. In this review, we will focus on investigating well-being in the
workplace. We do this because, as mentioned in the previous paragraphs, work-related
well-being is linked to several organizational improvements [3], such as employee per-
formance [4], making it an important topic of investigation. Furthermore, monitoring
well-being in the workplace using methods such as questionnaires is obtrusive to employ-
ees’ workflow, emphasizing the importance of investigating alternative methods such as
unobtrusive sensors. Given the significant variations among workplaces, we decided to
focus on the workplace of knowledge workers, making our approach context-specific.

To the best of our knowledge, there is currently a lack of research that focuses on
monitoring well-being in the workplace using unobtrusive sensors. Additionally, well-
being is frequently used as an umbrella term, which often hinders the comparability of
existing studies. For example, Wallace et al. [12] investigated the potential of a pressure-
sensitive mat for assessing well-being, which is particularly suitable for deployment in the
homes of aging adults. However, the presented method focuses mainly on assessing the
physical aspect of well-being, which is not suitable in the context of knowledge workers,
where other (i.e., psychological) aspects are equally important. Because of these issues, we
decided to define multiple aspects of well-being, as presented in the following paragraphs.

To tackle the challenges related to defining the dimensions of well-being and to ensure
clarity, we draw on the definition of health provided by the World Health Organization
(WHO) [13], by refining it and proposing a conceptual framework of well-being. We do
this by defining the dimensions and sub-dimensions of well-being based on the existing
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psychological literature and explaining the relevance of each sub-dimension to the overall
construct. Then, we present the most suitable and developed unobtrusive methods for
measuring each sub-dimension and discuss how these methods can be applied in the
context of the workplace. Lastly, we mention the limitations of our approach and the
general issues that this field is facing.

2. Conceptualizing Well-Being
As already mentioned, various definitions of well-being exist in the psychological

literature, and despite extensive research, open questions regarding them persist. The
complexity and variability of well-being have prevented a consensus on its definition [14].
Nevertheless, the importance of its affective components is well-recognized (e.g., [15,16]).
A model (with proposed dimensions of well-being) reaching high agreement among profes-
sionals that could be used in practice remains to be established [5]. Furthermore, well-being
is often used as an umbrella term [16], leading to ambiguous interpretations and question-
able comparability among studies.

2.1. Taxonomies of Well-Being

Well-being is a complex construct with numerous influencing factors. Due to its dy-
namic structure that changes over time and fluctuates within a person [17], an extensive
body of literature explores the factors that lead to well-being and the outcomes it is con-
nected to. In this section, we review several highly influential studies on well-being from
psychology with the aim of introducing the reader to the main approaches in this field.

First, in 1984, Diener [15] investigated well-being, including happiness, life satisfac-
tion, and positive affect, highlighting that various factors influence well-being at different
analytical levels. Second, another early work was presented by Ryff and Keyes [18], who
focused specifically on psychological well-being and empirically investigated the con-
struct’s six-factor structure: autonomy, environmental mastery, personal growth, positive
relations with others, purpose in life, and self-acceptance. By comparing this approach
to others and using empirical data for validation, the authors reported that the proposed
structure effectively captured the main aspects of psychological well-being. Third, the
WHO provided a broader framework [13] by introducing a definition of health in 1995 as
not only the absence of disease but also a state of physical, mental, and social well-being.
This conceptualization indicated three important aspects of well-being, which remain some
of the most widely investigated today.

Fourth, emphasizing its dynamic and changing structure [17], in their proposed
framework, Dodge et al. [14] viewed well-being as the interplay between an individual’s
resources and challenges. Both resources and challenges can be psychological, social,
or physical. Well-being is achieved when resources and challenges are in equilibrium,
meaning the individual has the resources to meet their challenges. Fifth, Sonnentag [17]
complemented this work by gathering empirical evidence supporting the fluctuating
nature of well-being, particularly in the workplace, where it manifests in various on-the-job
behaviors, including performance. She investigated the role of job stressors, job resources,
interpersonal factors, personal resources, and work–home interface in relation to work-
related well-being and its variability.

Sixth, Fisher [16] focused more on the context of the workplace and proposed a
conceptualization of work-related well-being, defining three major components: social,
eudaimonic, and subjective. Social well-being involves satisfaction with peers, leaders,
etc. Eudaimonic well-being includes job involvement, engagement, flow, and intrinsic
motivation. Lastly, subjective well-being pertains to attitudes toward work and experiences
of both positive and negative affect.
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In summary, various taxonomies have been proposed, yet the field still lacks a con-
sensus due to the complexity of well-being. For the purpose of our research, we use the
definition of health provided by the WHO [13], specifically the three aspects of well-being,
because it captures the broadness of the construct and is well-known and established in
the field. We further divide the three proposed dimensions into sub-dimensions to create
a clearer and more defined framework because the definition provided by the WHO [13]
is too general for the purpose of our review. We do this by combining the findings of
the presented taxonomies, as certain proposed dimensions are shared. Refining the three
proposed dimensions in a more concrete and precise manner allows us to partially bridge
the gap between the different terminologies used to assess well-being in psychology and
computer science.

In this review, we therefore adopt a pragmatic approach by proposing a concept of
well-being that not only focuses on affect but also highlights the importance of engagement,
fatigue, stress, physical comfort, sleep deprivation, and social interactions, as further
described in the next section. Our approach is pragmatic in that, instead of conducting an
exhaustive and systematic review of various well-being taxonomies from the psychological
literature, we selectively reviewed some of the most prominent ones and used them
to shape our own conceptual framework. The proposed conceptualization with clearly
defined components should help us investigate the available methods for the unobtrusive
measurement of well-being.

2.2. Proposed Concept of Well-Being

As highlighted in the previous section, well-being is a broad and complex construct
and is often used as an umbrella term. In our review, we decided to use the definition
provided by the WHO [13], which we further divided into sub-dimensions. In our concept,
we focused on affect while also emphasizing the importance of other dimensions. It is
important to note, however, that certain dimensions now serve as predictors, while others
act as indicators of well-being. As this falls outside the scope of the current review, it will
not be explored further. The dimensions and sub-dimensions that we adopt in our work
are presented in Figure 1. We define each of the sub-dimensions as follows:

• Psychological well-being: As per Ryff [19], psychological well-being includes happi-
ness (the experience of pleasure) and eudaimonic well-being (referring to flourishing,
engagement, feeling a sense of purpose):

– Affect: Affect is defined as the experiences of negative and positive affect. As
per the circumplex model [20], each affect can be described as a combination of
two independent dimensions: pleasure and arousal. Negative affect is a negative
well-being indicator, whereas positive affect is a positive well-being indicator.

– Engagement: Engagement is defined as a state where an employee has a high
level of energy, is enthusiastic, and is immersed in their work. Engagement
is composed of vigor, dedication, and absorption. Vigor refers to high energy
and resilience levels, dedication refers to being strongly involved in one’s work,
and absorption refers to being focused on and immersed in one’s work [21].
Engagement is a positive well-being indicator.

– Fatigue: Fatigue is defined as a state that happens as a consequence of long periods
of demanding cognitive activity [20]. Fatigue is a negative well-being indicator.

– Stress: As per the APA dictionary [22], stress is recognized as the physiological
or psychological response to stressors, which can be either internal or external.
The physiological response can manifest in sweating, a dry mouth, accelerated
speech, etc., and influences how people behave and feel. Stress is a negative
well-being indicator.



Mach. Learn. Knowl. Extr. 2025, 7, 62 5 of 22

• Physical well-being: As per Seligman [23], physical well-being extends beyond
the absence of sickness, capturing an individual’s capability to realize their fullest
wellness potential:

– Physical comfort: As defined by Kölsch et al. [24], the physical comfort zone is
composed of postures and motions that are voluntarily adopted, as opposed to
those that are avoided. Physical comfort positively impacts well-being.

– Sleep deprivation: Sleep deprivation occurs when there is either a total absence
of sleep or a reduction in sleep duration [25]. Sleep deprivation negatively
impacts well-being.

• Social well-being: As per Pressman [26], social well-being is experienced when
various social needs, such as the feeling of support and belonging, are met:

– Social interactions: A social interaction is defined as a process that entails mu-
tual interaction or responses between two or more individuals [27]. There is
evidence of the link between frequent and deeper social interactions and well-
being [28], indicating that enriching interactions and social support can contribute
to increased well-being.

Work
Well-Being

Physical

Sleep deprivation Physical comfort

Psychological

Affect Engagement Fatigue Stress

Social

Social interaction

Figure 1. Proposed concept of work-related well-being.

All sub-dimensions were defined by us based on the existing literature. Affect is crucial
in investigating well-being, as evidenced by the research of Diener [15] and Fisher [16], with
the latter also emphasizing the importance of engagement. Fatigue is linked to occupational
safety through its impact on cognitive and motor performance [29], while stress is associated
with various negative organizational outcomes, including turnover intentions and job
burnout [30]. Physical comfort, particularly posture, is recognized as a significant aspect
of workplace experience and well-being [31]. Furthermore, the importance of sleep in
various domains of our lives is extensively documented in the literature [32]. Lastly,
social interactions and related elements are incorporated into the taxonomy proposed by
Fisher [16], since studies such as [33] indicate that quality connections can be sources of
energy and well-being at work.

3. Paper Selection Method
For our review, we adopted an exploratory approach. We primarily limited our search

to two databases, IEEE Xplore and the ACM Digital Library, chosen for their rich collections
of relevant articles from computer science. Our search focused on articles published in
the last five years, covering each sub-dimension that comprises well-being, as portrayed
in Figure 1. Consequently, we conducted seven different keyword-based searches of both
libraries, as presented in the Appendix A, Table A1. Our interest in methods for unobtrusive
sensing guided our keyword selection. Each study had to meet two criteria for inclusion in
our review:

• Focus on one of the identified sub-dimensions of well-being.
• Focus on unobtrusive sensing methods.

Due to the large number of reviews already conducted on sensing affect and stress, we
introduced an additional criterion for these sub-dimensions: to include only review studies.
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As presented in Table 1 and Figure 2, our initial search resulted in 644 articles investi-
gating the various identified sub-dimensions. We then screened each article to determine
its relevance and quality and decided whether to include it in the subsequent analysis.
Specifically, we focused on whether each article met our inclusion criteria, as specified
above, and excluded articles with poor grammar.

Table 1. Number of articles included.

Sub-Dimension No. of Articles After the
Keyword Search

No. of Articles After
the Screening

Affect 55 6
Engagement 98 7
Fatigue 112 2
Stress 32 3
Physical comfort 176 3
Sleep deprivation 34 8
Social interactions 162 6

Sum 644 35

After this process, the number of relevant articles decreased greatly, and sometimes,
we could not find many suitable articles using the described methodology. In such cases,
we conducted manual searches, including studies found on Google Scholar or in the cited
literature from already included articles. Additionally, highly relevant papers older than
five years were also considered where necessary.

Overall, the screening process resulted in 35 articles, which were thoroughly re-
viewed by the authors and included in the analysis. In the following sections, we provide
an overview of the relevant papers related to the unobtrusive measurement of the sub-
dimensions of well-being we proposed in Section 2.

IEEE Xplore
N = 114

ACM DL
N = 530

Manual search
N = 13

Title screening: N = 136

Full-text screening: N = 35

Figure 2. Review steps.

4. Psychological Well-Being
4.1. Affect

Because emotion and affect are widely researched, we decided to only investigate
existing reviews from the chosen libraries. Six reviews were deemed relevant, as they
focused on detecting current or short-term emotions and affect using unobtrusive sensors.
In the reviewed articles, affect was most often investigated through facial expressions and
facial motions [34,35] and speech [34,36,37]. Additionally, manifestations through different
auricular positions (positions of the ear) [38] and facial temperature changes [39] were
investigated. The most commonly used sensors were an RGB camera [34,35], a micro-
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phone [34,36–38], a thermal camera [39], and radar sensors [40]. It is important to highlight
the extensive body of literature focused on monitoring physiological signals associated
with affect (e.g., [41]). However, these methods have various limitations, as discussed
in Section 1. Notably, some studies complement behavioral markers with physiological
signals, which we include in this section due to their high relevance.

In a systematic literature review of wearable sensors by Rödigger et al. [36], the use of
wearable devices for detecting emotions and other physiological states was investigated.
Specifically, for capturing emotions, an electroencephalogram (EEG), an accelerometer, and
a microphone were mentioned. Furthermore, a system for measuring the ear position using
reflected sound was mentioned, indicating a relationship between auricular positions and
emotions [38]. Gong et al. [35] investigated the use of inertial data from smartphones and
wearables to capture characteristic facial motions.

In addition to Röddiger’s findings, Stampf et al. [42] presented a review in which
various sensor modalities for detecting emotions and physiological states in highly au-
tomated vehicles were investigated for monitoring stress and arousal levels. The review
mentioned a study that explored auditory signals like paralinguistic cues, where an auto-
mated emotion recognition system was created using multiple microphones to infer seven
different emotion categories, such as boredom, sadness, happiness, etc. [37]. The model
used various acoustic features processed using a neural network classifier and reached
accuracies between 70% and 90% for the classification of different groups of emotions [43].
Similarly, a survey of Ambient Intelligence by Dunne et al. [44] addressed various methods
for emotion detection, emphasizing the role of computer vision and physiological signals.
Techniques such as gesture analysis and body language interpretation were discussed, most
often for recognizing basic emotions (e.g., anger, joy, pleasure, sadness, fear) and focusing
on the upper body, hands, and arms.

In a review by Braun et al. [34], the contactless detection of drivers’ emotional states
was investigated. The review discussed various methods for emotion recognition, includ-
ing facial expressions, speech, physiological states, and body gestures, emphasizing the
potential for combining these techniques to enhance the accuracy of emotion detection.
Differences in body temperature in some facial regions were also mentioned as an indicator
of emotional reactions, therefore demonstrating the potential of using thermal imaging
technology for emotion detection [39]. Additionally, Souondariya et al. [45] proposed a vi-
sual method for emotion recognition: eye-tracking with electrooculography (EOG) signals,
which detects changes in eye positions and recognizes affective states using the valence-
arousal model and multi-class SVM classifier. Although this method is not inherently
unobtrusive, it can be adapted to reduce its level of intrusion.

Lastly, Nocera et al. [40] provided an overview of radar-based methods for the
unobtrusive measurement of various signals, which are then used to build machine learning
(ML) models. Despite focusing primarily on studies detecting physiological signals, the
review also mentioned methods for affective computing. Highlighting the high potential
of emotion recognition, the review summarized various use cases from recognizing the
emotional response of patients to recognizing the responses of consumers. One of the
studies included in this review was conducted by Zeng and Liu [46], who proposed
a method for emotion recognition based on millimeter-wave radar. Their unobtrusive
method reached an accuracy of 86.50% when detecting emotional states.

In this section, a wide range of methods and sensors for detecting and recognizing
various emotions and types of affect were presented. Covering different approaches, some
of the studies mentioned relied on both physiological signals and behavioral markers in
their research, making it challenging to assess the contribution of the latter. Furthermore,
the review by Rödigger et al. [36] focused on investigating wearable sensors, and the



Mach. Learn. Knowl. Extr. 2025, 7, 62 8 of 22

unobtrusiveness of these methods is questionable. The wearable sensors are not contactless,
but due to their resemblance to earphones (which are used by numerous people every day
in the office), they were nevertheless deemed unobtrusive in the context of the workplace
and therefore included in our review. Reviewing such methods highlighted the potential
and accuracy of unobtrusive techniques for emotion recognition.

4.2. Engagement

We included a total of seven studies focusing on measuring engagement in our re-
view. In the reviewed studies, engagement was most often investigated via its mani-
festation through facial expressions [47–52] and posture [47,48]. Manifestation through
hand gestures [47], upper-body motion [53], gaze estimation, and head rotation [52] was
also investigated. Accordingly, the most commonly used sensor in these studies was an
RGB camera [47,49,50,52], followed by a microphone array [48], wearables with inertial
sensors [51], and a depth camera [53].

Ashwin et al. [47] investigated student engagement unobtrusively using an RGB
camera. They utilized various features derived from facial expressions, hand gestures,
and posture. Employing a convolutional neural network, they classified engagement into
four categories, achieving a classification accuracy of 71%. Similarly, Whitehill et al. [49]
investigated student engagement using an RGB camera and features based on facial expres-
sions. They tested various ML approaches, and their binary classification algorithm (high
vs. low engagement) achieved a classification accuracy comparable to human annotators.
The most discriminating feature referred to the in-plane rotation of the face, which was
negatively associated with high engagement. The second most discriminating feature
referred to the raising of the upper lip (positive correlation with engagement), followed by
the features referring to the raising of the inner brow and eye closure (negative correlation
with engagement). Aslan et al. [50] proposed another approach using an RGB camera
to infer student engagement based on facial expressions. In addition to video data, the
approach incorporated student-specific performance data. The authors introduced a plat-
form for monitoring student engagement to aid teachers in making their teaching methods
more engaging. The platform monitored engagement at both individual and group levels,
proving to be a promising and beneficial tool in supporting teachers’ roles.

Gao et al. [48] introduced another method for monitoring engagement using a device
equipped with a speaker and a microphone array to track user engagement based on facial
expressions and emotional gestures (i.e., hand gestures that accompany emotions). The signals
emitted by the speaker, also included in the setup, are near-ultrasound (16 kHz to 20 kHz).
The signal is directed toward the user’s face and upper body, and the reflected echo is received
by the microphone array, enabling unobtrusive and contact-free monitoring of the user.

A depth camera is also an effective sensor for monitoring engagement [53]. Huynh et al.
demonstrated its use in inferring features related to upper-body motion. They described
a protocol for predicting player engagement using data from a mobile phone, depth
camera, and wristband. Besides upper-body motion, physiological data and touchscreen
events were utilized to predict engagement. Evaluated across six different games, random
forest (RF) emerged as the most promising ML approach among the ones investigated,
achieving classification accuracies of 85% in cross-sample evaluation and 77% in cross-
subject evaluation, thus successfully classifying player engagement into three categories.

As seen in previous studies, engagement can not only be monitored directly but also
through inferring facial expressions. There is extensive work in this field, but given its
indirect connection to engagement, we limit our review to only some of the most relevant
ones that came up in our search. A study by Verma et al. [51] introduced a system
for recognizing 32 facial action units using wearables with inertial sensors, achieving an
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accuracy of 89.9% using deep learning. Similarly, the work presented by Vedernikov et al. [52]
used facial expressions to detect the engagement of participants during online meetings using
non-contact sensors (i.e., an RGB camera and a remote pulse oximeter). Vedernikov et al. [52]
used a fusion of various physiological and behavioral features to predict engagement, with the
latter including facial expressions and motion features such as gaze tracking, gaze direction,
eye landmarks, and head rotation. Using an ensemble of KNN and RF, their model predicted
engagement with an accuracy of 96% when using the fusion of both types of features.

As outlined in the previous paragraphs, various methods and sensors are suitable
for measuring and predicting engagement. However, most available studies focus on
investigating engagement in specific scenarios (e.g., in the classroom or while watching a
video clip), raising questions about the generalizability of these results to different contexts.
This also prompts inquiry into the specificity of engagement as a construct, questioning
whether employee engagement significantly differs from student engagement. Furthermore,
most of the aforementioned studies focus on detecting behavioral engagement, focusing
less on the emotional and cognitive aspects of it, therefore deviating slightly from our
definition of engagement presented in Section 2. Nonetheless, the presented methods allow
for the unobtrusive and comprehensive measurement of engagement, and they can be
easily adapted for use in the workplace, making them relevant for the aim of this review.

4.3. Fatigue

Our search revealed that the literature often lacks clear distinctions between different
types of fatigue. Additionally, there is sometimes a poor distinction between different
constructs, e.g., mental fatigue, cognitive load, and effort. We reviewed two studies that
focused on measuring and/or predicting mental fatigue using unobtrusive sensors. The
methods used relied on an analysis of blinking behavior, namely the blink rate, duration,
pupil measurement, gaze point, etc. [54]. Another relevant method found in the literature
relied on an analysis of breathing frequency and respiratory cycle duration [55]. The sensors
used in these works were an eye tracker [54] and a radar [55].

Li et al. [54] investigated the accuracy of various ML approaches in predicting the
mental fatigue of construction industry operators. They used eye-movement data obtained
with a wearable eye tracker and self-report questionnaires as ground truth for training the
models. The proposed approach resulted in the highly accurate classification (accuracies
between 79.5% and 85.0%) of operators’ mental fatigue into three distinct categories. Among
the evaluated methods, support vector machine (SVM) and linear discriminant analysis
(LDA) yielded the most accurate results.

Furthermore, Turetskaya et al. [55] investigated the differences in respiratory patterns
detected by two radars under different conditions: resting state and mental fatigue/effort.
Although the study did not directly investigate mental fatigue, the proposed methods
remain relevant for exploring it, provided they are appropriately adapted. The authors
of [55] used bioradiolocation, a non-contact radar method for detecting organisms, to gather
data. Their study concluded that significant differences in breathing patterns exist between
the two conditions, making the proposed method suitable for detecting respiratory pattern
changes due to mental effort.

Our search revealed a variety of unobtrusive methods available for measuring mental
fatigue, as summarized in the previous paragraphs. However, there is a poor distinction be-
tween the different types of fatigue. Many studies from our initial keyword search focused
on physical fatigue [56] or driver fatigue/drowsiness [57,58]. Adão Martins et al. [29] con-
ducted a literature review on monitoring fatigue using wearable sensors and similarly
found a low number of studies investigating mental fatigue (8 out of 59). These studies



Mach. Learn. Knowl. Extr. 2025, 7, 62 10 of 22

spanned various domains such as healthcare and transportation, using diverse fatigue-
inducing tasks and types of input data, achieving generally good model performance.

4.4. Stress

Stress is a construct often present in the literature, and there are three main meth-
ods used to measure stress [59]: self-reports, either using standardized questionnaires,
interviews, or diaries; observational methods of behavior and emotional expressions; and
measurements of physiological correlates.

Stress physiology has been of central importance ever since the introduction of
the term [60] and plays an important role in automatic stress detection (see related
reviews [61–65]), especially since it is seen as an objective measure of stress. As such,
we can reduce the problem of unobtrusive stress monitoring to the non-intrusive detection
of vital signs. As a good example of an overview of one such technique, namely millimeter-
wave sensing technologies, we refer the reader to the work of Wu et al. [66]. However,
using physiological markers to monitor stress is often affected by motion artifacts, making
it challenging to implement in workplace settings [65].

Due to the limitations of the unobtrusive monitoring of physiological signals described
in Section 1, in this work, we focus instead on behavioral manifestations of stress, which
are crucial, since they can mediate affective and physiological responses [59]. They are
often framed in terms of coping with stress and thus alleviating it, but some dysfunctional
behaviors, such as drinking, smoking, or aggressive behaviors, can even exacerbate stress.
Behavioral stress responses have received less attention in stress detection studies (see [61])
but lend themselves well to unobtrusive monitoring. In fact, observational methods are
widely used by psychologists when studying the stress responses of very young children
and adults with cognitive impairments. When traditional pen-and-paper techniques are
employed for this purpose, observation is an expensive and time-consuming method. This
highlights the motivation for developing unobtrusive and automatic monitoring methods
for behavioral stress responses.

We identified three studies that approached stress detection by unobtrusively observ-
ing people’s behaviors. The reviewed studies employed a variety of methods, relying on
body movements [67], activity information [68], communication patterns, phone usage,
and location [69]. The sensors used included a millimeter-wave sensor [67], a WiFi-based
localization system [68], and a smartphone [69].

Using a millimeter-wave sensor, Ha et al. [67] implemented a system to monitor
stress in a contact-free manner. Their approach was based on both physiological signals
and behavioral markers. Besides measuring heart rate variability and breathing rate, they
also included body movements as features that captured activities such as shaking the
leg or stretching the neck. These features were described by the movement intensity,
number of high-activity occurrences, and mean intensity of high activity. Motion features
were used alongside heartbeat interval and respiratory features to predict stress levels.
This approach allowed for a classification of stress into three classes, reaching a median
accuracy of over 84% when trained and tested across different subjects. Zakaria et al. [68]
made use of a passive WiFi-based localization system to track students’ locations and the
presence of other people. With these features, they heuristically mapped the locations
to activities, broadly classified into work, non-work, and group activities. In their main
study, they compared the logistic regression (LR), SVM, and RF classifiers. Among the
three classifiers, the latter achieved the highest area under the ROC curve (AUC) score
of 0.97, demonstrating that activity information can be successfully used to differentiate
between severely and normally stressed students. However, the subsequent validation
study encountered numerous false positives, likely due to the low number of severely
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stressed participants. Nosakhare and Picard [69] used a mobile application in addition to a
smartwatch to determine communication patterns (call and SMS exchanges), phone usage,
and locations (time spent on campus, indoors, and outdoors). They used these features
to uncover latent behavioral patterns using supervised latent Dirichlet allocation (sLDA),
from which they were able to detect stress. Using sLDA, they were able to classify low vs.
high stress levels with an accuracy of approximately 60%.

In the studies described, body movements, student activity derived from locations, phone
usage, and communication patterns were all behaviors that were monitored and related to
stress. It should be noted, however, that the relationship between stress and behavior is highly
dependent on the population being studied. While predicting stress based on physiological
signals could offer more opportunities for generalization, the same cannot be concluded
for behavioral markers. For example, the features in [68,69] were developed with students
as participants and would be difficult to generalize to other populations. Some behaviors,
such as phone usage, might show more consistent patterns, while others, such as student
activity derived from locations, are only applicable to the particular population with whom
the method was developed. Thus, it is paramount to consider whether a feature or method is
appropriate for the population or the culture it is employed in [59].

5. Physical Well-Being
5.1. Physical Comfort

Our search initially revealed several methods for the unobtrusive measurement of
employee physical comfort. We discovered a high number of studies focusing on health
monitoring and various physiological signals, but the prevalence of research specifically
addressing employee physical comfort remained rather low. This resulted in a decrease
in the number of relevant studies compared to the initial pool of identified studies. We
included three studies that focused on measuring physical comfort in our review, even
though one study only partially met our criteria for inclusion. Specifically, the method was
not entirely non-contact, and its unobtrusiveness was not clear-cut.

Two of the reviewed studies used posture as a descriptor of physical comfort [31,70],
and one study used repetitive strain injuries of the wrists and elbows [71]. The sensors
used included inclinometers [70], an RGB camera [31], and resistive flex sensors [71].

Olsen et al. [70] proposed a system for monitoring the posture of dentists using
three inclinometers positioned on the dentist’s coat to ensure unobtrusiveness. The system
required individual calibration and was assessed in a user study in which multiple ML al-
gorithms were used for posture classification. The k-nearest neighbor (kNN) algorithm was
reported as being the most suitable approach in terms of accuracy and other characteristics,
namely simplicity and speed.

Chen et al. [31] proposed a system for monitoring the health and well-being of employ-
ees using an RGB camera, offering personalized recommendations to improve well-being
and productivity. The system addressed multiple aspects of well-being, including posture.
It utilized semi-Markov models to learn user behavior, habits, and preferences, after which
ergonomic recommendations were given. Consisting of two layers, the model incorporated
the influence of contextual information on the current states, thereby improving its ability
to accurately identify user behavior and deliver more relevant recommendations.

Lastly, Wac et al. [71] proposed a prototype for monitoring and assessing users’ hand and
elbow movements to prevent repetitive strain injuries, which are increasingly common due
to the rise in office work. Three resistive flex sensors were implemented in a sleeve—two of
them on the wrist and one on the elbow. Although this was only preliminary work, the
initial evaluation showed that 91% of users would use the system again. Although the system
was not non-contact, as it was implemented in a sleeve, its obtrusiveness can be debated.
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Nevertheless, due to its high relevance to the context of knowledge workers, we include it in
our review.

In summary, there are few studies investigating the measurement of employee physical
comfort, as outlined in the previous paragraphs. Despite not being entirely unobtrusive, the
presented methods are beneficial for measuring the physical comfort of knowledge workers.

5.2. Sleep Deprivation

Among the articles initially identified, eight were relevant. The reviewed studies
mainly focused on detecting a lack of sleep, either as micro-sleep events or drowsiness
during a specific activity [57,72–74]. This was often measured through eye blinking [72–75],
facial expressions with an emphasis on yawning [72–74], and nodding [74]. For these mani-
festations, an RGB camera was the most utilized sensor. Despite our focus on behavioral
markers, we included studies that complement them with physiological signals due to their
high relevance, similar to the approach taken in Section 4.1.

Jan et al. [72] developed a method for detecting driver drowsiness, in which they
recorded ten drivers with two RGB cameras—one facing the driver and the other facing the
road. They concluded that the behaviors that can define a driver’s behavior or drowsiness
are closing the eyes (for at least 3 s), turning the head or distractions, yawning, using a
smartphone, crossing lanes, and being too close to another car. Their approach, evaluated
using jackknife cross-validation, resulted in a mean accuracy of 88.75%.

Next, Soleymanpour et al. [57] compared behavior to physiological signals for de-
tecting driver drowsiness. They monitored metrics like the percentage of eyelid closure
(PERCLOS) and sleepiness ratings via the Karolinska Sleepiness Scale (KSS) and observed
yawning and head movements with a front RGB camera. Additionally, they used a Neuro-
Bio Monitor (NBM) to detect driver drowsiness using non-intrusive sensors located in
the headrest. The NBM detects the brain’s electromagnetic field from neuronal activity
and detects fatigue thresholds by analyzing the ratio of theta and alpha to beta brainwave
activity. In the evaluations, the authors achieved an accuracy of 78.79% and a detection
rate of 95% compared to the KSS. The NBM also exhibited trends similar to the PERCLOS
and blink-duration measurements, indicating the comparable performance of behavioral
markers and physiological signals. In the study, eye-tracking glasses were utilized to
measure the PERCLOS, which raises concerns about the method’s unobtrusiveness. How-
ever, we included this study in our review due to its potential for adaptation to a less
intrusive approach. Additionally, the other behavioral markers examined were derived
using unobtrusive methods, ensuring the overall relevance and applicability of the findings
to the focus of our review.

Yamamoto et al. [75] introduced a novel method for estimating blink duration using a
Doppler sensor, which is a device that uses the Doppler effect to measure the velocity and
movement of objects based on changes in frequency or wavelength, and spectrogram anal-
ysis, focusing on the dynamics of eyelid movement. The method detects eyelid movements
using Doppler-shifted microwaves, avoiding the privacy and low-light issues of camera-
based systems. The system uses a Doppler sensor to monitor the speed and direction of
eyelid movements, with the blink duration estimated from the timing differences between
the onset of eyelid-closing and eyelid-opening energies on the spectrogram. The method
successfully detected drowsiness, achieving an average root mean squared error (RMSE) of
49.3 milliseconds across the tests.

Zhang et al. [73] proposed another method for detecting driver drowsiness using
second-order blind identification, relying on smartphone-based videos. This method
simultaneously separates multiple physiological sources, such as blood volume pulse,
and certain behaviors, such as eye blinks and yawning, directly from facial video streams
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without needing detailed localization of the eyes or mouth. Additionally, by analyzing
these separated signals in parallel, driver drowsiness is determined. The research confirmed
that integrating multiple physiological signals and behaviors using this method effectively
enhances the accuracy and reliability of drowsiness detection.

Another method combining behavioral markers and physiological signals was intro-
duced by Kundinger et al. [74], who utilized an RGB camera to obtain data on micro-sleep
events and observer ratings to assess driver drowsiness. Trained observers analyzed video
recordings to rate the driver’s level of drowsiness on a six-item scale based on facial expres-
sions and visible behaviors such as eye closure and nodding off. Concurrently, micro-sleep
events were identified using an image-processing method when the driver’s eyes closed
for at least one second, indicating significant lapses in attention. The observer ratings and
detected micro-sleep events were then combined into an assessment of the drowsiness level
of each participant. Additionally, heart rate data was collected from wrist-worn sensors
and an electrocardiogram. Using the assessment of the drowsiness level as ground truth,
a binary classification of drowsiness (drowsy vs. not drowsy) was performed based on
physiological signals. A range of classifiers, including RF, random tree, decision stump,
decision table, and k-nearest neighbor, were compared for developing both person-specific
and person-independent models. The results indicated that the person-specific models
generally achieved higher accuracy, with some classifiers reaching approximately 90%.
This suggests that tailoring models to individual users can significantly enhance classifica-
tion performance, highlighting the importance of personalized approaches in achieving
optimal accuracy.

Our review of methods for the unobtrusive measurement of sleep deprivation revealed
a lack of diversity in studies that focus on this construct. The majority of articles identified
in the initial search predominantly examined sleep quality recorded during the night. These
methods cannot be directly applied to the workplace environment because they would not
be relevant, as people do not sleep during work hours. Therefore, we decided not to include
such studies in our review. Moreover, a large body of literature on driver drowsiness was
examined, which primarily involved recording participants for any signs of sleepiness or
drowsiness. These findings are promising for potential application to workplace research,
suggesting that similar methods could be adapted to measure employee alertness.

6. Social Well-Being
Social Interactions

From the initial search, six studies were found to be relevant, as they focused on using
unobtrusive sensors to track and record social interactions. All of the reviewed studies
utilized microphones to record different types of interactions. The reviewed studies pre-
dominantly focused on detecting spoken conversations and analyzing aspects such as their
content and duration [76–78], frequency [79], and the frequency of different content cate-
gories [79]. Moreover, some studies investigated texting and calling, where the frequency
and duration of calls [80,81] and the number of texts [81] were recorded. Consequently, the
two devices most often used were microphones [76–79] and smartphones [80,81].

Tan et al. [79] investigated team communication as a measure of cohesion in pre-
formed League of Legends teams. Using the microphones in participants’ smartphones,
they recorded voice communication and analyzed two measures: communication frequency
(words per minute) and category frequency (instances per category per minute). Categories
included commands, suggestions, disagreements, social interactions, encouragement, and
emotional expressions. The results indicated that word frequency and the sequence of
communication categories could serve as proxies for team cohesion, with social interactions
emerging as the key predictor.
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Jo et al. [77] developed an application called MAMAS for monitoring parent–child
mealtime conversations and food intake. The MAMAS app records a dialogue between a
parent and child using the phone’s microphone and creates an analysis report based on
the interactions, using speech recognition software and a self-report survey. Bi et al. [78]
similarly used microphones, among other sensors, to log conversations and other activities
during family mealtimes.

Shash et al. [76] extracted voice conversations from the phone’s microphone data and
used them to infer the duration of students’ social interactions during the day and to assess
their behavioral patterns involving smartphones.

Furthermore, in the study by Sefidgar et al. [80], social interactions were tracked using
phone call data to understand the short-term behavioral impact of discrimination. The
researchers analyzed the number and duration of incoming, outgoing, and missed calls,
leveraging these metrics as one of the indicators of social support and interactions.

Similarly, Maxhumi et al. [81] used smartphones to continuously record and classify
human voice interactions and to analyze phone call logs and SMS logs. They examined
the number, duration, and frequency of calls and messages to investigate their correlation
with perceived stress levels, aiming to enhance stress prediction models based on objective
smartphone data.

In summary, our review identified many studies that focused on detecting and log-
ging social interactions, predominantly using (smartphone) microphones. These studies
employed various methods, such as analyzing voice conversations, phone call data, and
SMS (text message) logs to infer social behaviors and psychological states. Despite the
diversity in the methods, the (smartphone) microphone consistently proved to be a crucial
tool, helping achieve state-of-the-art performance in these studies. It is important to note,
however, that some of the approaches discussed are still in the early stages of development.
Additionally, the complexity and diversity of social interactions make this area of research
particularly challenging. As a result, providing a straightforward overview of the algo-
rithms and methods employed was not always feasible. These challenges highlight the need
for continued investigation in this field to better understand and model social dynamics.
Furthermore, our review found no studies that specifically addressed the detection of social
interactions in the workplace, but the approaches discussed could be adapted and applied
in the context of the workplace.

7. Privacy-Aware Sensing
Data privacy has long been a primary concern in mobile sensing systems, as the use

of unobtrusive sensing technologies, such as video and audio data collection methods,
can significantly intrude on users’ privacy [82]. One of the main issues is that, despite
their convenience, physically unobtrusive technologies often collect personal and sensitive
data, such as video and audio recordings. For the purpose of analyzing well-being in re-
search, users are typically more willing to participate in controlled studies but may hesitate
when asked to participate in field studies. Thus, to develop a well-being measurement
approach that users are likely to accept, experimenters must establish trust through the
implementation of robust privacy measures. A critical first step in ensuring privacy is risk
assessment, which identifies the primary risks and vulnerabilities of sensing systems and
guides the prioritization of privacy measures. These measures typically require ad hoc
customization, as privacy is both user- and context-dependent, meaning that what one
user considers private may not be a concern for another [83,84]. To improve user privacy,
particularly in safeguarding third parties, several methods have been developed, including
statistical and ML approaches, to automatically detect privacy-sensitive situations and
ensure that only users with valid consent are sensed. These techniques also allow users
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to set their preferences regarding when sensing occurs, such as only during video calls or
when actively using the device. Privacy-sensitive situations can be detected using methods
like identifying sensitive scenes in videos (e.g., bathrooms) [85,86], sound shredding or sub-
sampling for audio [87], and applying differential privacy [88] to eye-tracking data [88,89].
In recent years, privacy-by-design approaches have also included deep learning-based
strategies, such as encoding raw data in non-interpretable, low-dimensional representations
(known as embeddings) or using federated learning [90], where user data is stored in model
weights rather than in raw format. This ensures that user identification remains infeasible
even when data is processed by state-of-the-art deep learning technologies.

8. Proposed Setup
As highlighted in the previous sections, a variety of methods exist for measuring

different sub-dimensions of well-being. Based on our analysis of the most common methods,
we chose the most frequent ones from Table 2 that would be suitable for measuring well-
being in the workplace without interfering with the employee’s work. The most suitable
setup is presented in Figure 3. It is composed of an RGB camera with a microphone, an
eye tracker, and a radar. The RGB camera and microphone can be utilized to measure
engagement, physical comfort, sleep deprivation, social interactions, and affect. The eye
tracker and radar can be utilized to measure fatigue. Furthermore, collecting data from the
individual’s smartphone should be included with the aim of measuring stress.

Figure 3. Proposed setup for the unobtrusive measurement of work-related well-being.

Table 2. Framework for inferring work-related well-being from behavior.

Sub-Dimension Behavioral Marker Sensors Relevant Literature

Affect Facial expressions RGB camera, microphone [34,35]
Speech Microphone [34,37]
Auricular positions RGB camera [38]
Facial temperature changes Thermal camera [39]
Eye movement and position RGB camera, EOG signals [45]

Engagement Facial expressions RGB camera, microphone array [47–52]
Posture RGB camera, microphone array [47,48]
Hand gestures RGB camera [47]
Upper-body motion Depth camera [53]
Gaze tracking and direction RGB camera [52]
Head rotation RGB camera [52]
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Table 2. Cont.

Sub-Dimension Behavioral Marker Sensors Relevant Literature

Fatigue Eye movement Eye tracker [54]
Respiratory pattern Radar [55]

Stress Body movements Millimeter-wave sensor [67]
Activity information WiFi-based localization system [68]
Communication patterns Smartphone [69]
Phone usage Smartphone [69]
Location Smartphone [69]

Physical comfort Posture Inclinometer, RGB camera [31,70]
Hand and elbow movement Wearable sleeve [71]

Sleep deprivation Eye blinking RGB camera [72–74]
Distraction RGB camera [72]
Yawning RGB camera [57,72–74]
Head movement RGB camera [57,72]
Blink duration Doppler sensor [75]
Micro-sleep events RGB camera [74]
Nodding RGB camera [74]

Social interactions Communication frequency Microphone [79]
Category frequency Microphone [79]
Spoken conversations Microphone [77,78]
Duration of interaction Microphone [76]
Number and duration of phone calls Smartphone [80,81]
Number of SMSs Smartphone [81]

9. Discussion
As highlighted in this review, measuring work-related well-being using unobtrusive

sensors is a promising field, yet it is still in its early stages of development. In this article,
we aimed to provide a framework to guide research in this field. As outlined in Section 1,
there is a lack of consensus among professionals regarding the definition of well-being [14],
which is also often an issue in the broader field of ML in mental health [91]. Due to this
gap, we decided to use the definition provided by the WHO [13] and refine it based on
the relevant literature, as presented in Section 2. By explicitly defining what we mean
by well-being and corroborating it with related works, we showed how insights from
studies across various domains can be combined to contribute to the measurement of
well-being. Our definition aims to provide a foundation for developing methods that
effectively capture work-related well-being in a non-invasive manner, thereby advancing
the field and improving practical applications in workplace settings.

The sensors and behavioral markers used to monitor each sub-dimension of well-being
we defined are summarized in Table 2, illustrating various approaches used to infer well-
being from behavior. The most commonly used sensors include different types of cameras
(RGB, depth), microphones, and smartphones. These sensors capture a range of behavioral
markers, with the most common being facial expressions, posture, and body movements.

There are several limitations of our work. Specifically, we did not follow robust guide-
lines for reporting systematic literature reviews, such as the PRISMA 2020 guidelines [92],
which are widely used in the literature to ensure that systematic reviews are valuable,
transparent, and complete. Although this might have influenced our analysis, adhering
to these guidelines was challenging due to the lack of consensus regarding the definition
of well-being and the scarcity of relevant articles. Consequently, we could not always
strictly apply our inclusion criteria (see Section 3 above). We faced challenges regarding
the unobtrusiveness of certain methods and included some older articles if we deemed
them still highly relevant. While we focused on behavioral markers, many studies also
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included physiological signals. In those cases, we reported both to give a complete picture,
which sometimes made it difficult to highlight the specific impact of behavioral markers.
Additionally, workplace-specific studies were limited, so we examined studies from other
settings that could be adapted to the context of knowledge workers.

Thieme et al. [91] pointed out that most studies in the field of ML in mental health are
proof-of-concept studies that “focus on technical or algorithmic development of (initial)
ML models” ([91], p. 21). The same can be said of the studies included in our review.
This means that the insights should be considered preliminary and are not necessarily
immediately applicable to real-world scenarios.

Another challenge in the field of unobtrusive well-being measuring is that, to the best
of our knowledge, most studies tend to investigate only specific aspects of the construct,
rarely approaching it in a holistic manner. Given that well-being consists of a broad range
of states [93], this narrow focus may overlook important dimensions that contribute to its
comprehensive understanding. Adopting a more holistic approach could potentially lead
to a more accurate and complete measurement of the construct, capturing the full spectrum
of factors that influence it.

10. Conclusions
Our review is an initial attempt to explore existing methods for measuring work-

related well-being in an unobtrusive, privacy-aware, and holistic manner. Despite the
challenges posed by an ill-defined and complex field, as mentioned above, we provide
an overview of possible approaches for addressing this issue. Our findings suggest that
a wide variety of methods can provide insight into well-being without disrupting daily
work activities.

However, the field remains in an early stage, with most studies focusing on isolated
well-being components (e.g., stress or fatigue), often within narrow experimental contexts.
Current research, therefore, rarely approaches well-being holistically, which limits its ap-
plicability to real-world organizational settings. With our review, we hope to facilitate
the establishment of integrated, multi-dimensional frameworks and cross-disciplinary
collaboration between psychology and computer science. Future work in this field should
aim to validate existing methods and approaches across diverse contexts, with the aim
of making them more applicable and generalizable. Furthermore, diverse cultural back-
grounds should also be considered. More longitudinal studies would also be beneficial for
obtaining a more in-depth understanding of the studied constructs.

In terms of broader implications, our work provides a framework that can guide the
future development of mature, privacy-aware, and unobtrusive systems, as this could
facilitate the early detection (and possible prevention) of decline in employee well-being.
Considering the unobtrusiveness of the proposed framework, our approach could also be
extended to studies involving vulnerable populations, such as individuals with physical,
cognitive, or other disabilities. Because the framework and the proposed setup rely on
unobtrusive sensing that does not require active user participation or the wearing of any
devices, it is particularly well-suited for populations who may have reduced mobility or
increased sensitivity to monitoring technologies. Therefore, this approach can facilitate
the inclusive research of vulnerable populations and enable well-being assessment in
contexts where traditional methods may be impractical or ethically problematic. Future
studies are necessary, however, to explore how such unobtrusive methods can be tailored
to accommodate the specific needs of various populations.

Our work also lays the foundation for applications in the increasingly common context
of remote work. Naturally, such applications require careful ethical consideration to avoid
the risk of worker exploitation or excessive pressure to boost productivity. Nonetheless,
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they have the potential to enhance employee well-being, particularly in remote settings
where supervisors have limited direct contact and insight into workers’ mental (and physi-
cal) states due to reduced direct contact. This underscores the value of unobtrusive sensing
technologies, which can support the remote monitoring of well-being without being inva-
sive. Recent studies, such as [94], have demonstrated how sensors can be integrated into
home environments for non-intrusive monitoring. Although applied primarily in clinical
populations, such studies indicate promising directions for future applications.

To conclude, by laying this foundation, we aim to facilitate further research into un-
obtrusive and user-centric well-being measurement methods. As workplace well-being
becomes an increasingly critical concern for both employees and employers, scalable techno-
logical solutions will be essential for fostering sustainable and healthy work environments.
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Appendix A

Table A1. Keywords used in paper selection.

Sub-Dimension Keywords Used

Physical comfort (“comfort” OR “physical comfort”) AND ((“unobtrusive” OR “non-contact” OR “contact-
free” OR “contact free”) AND (“sensors” OR “sensing”))

Sleep deprivation (“sleepiness” OR “sleep deprivation”) AND ((“unobtrusive” OR “non-contact” OR
“contact-free” OR “contact free”) AND (“sensors” OR “sensing”))

Engagement (“engagement”) AND ((“unobtrusive” OR “non-contact” OR “contact-free” OR “contact
free”) AND (“sensors” OR “sensing”))

Affect
(“emotions” OR “emotion” OR “affect” OR “affects”) AND ((“unobtrusive” OR “non-
contact” OR “contact-free” OR “contact free”) AND (“sensors” OR “sensing”)) AND
(“review” OR “literature review” OR “survey”)

Fatigue (“fatigue”) AND ((“unobtrusive” OR “non-contact” OR “contact-free” OR “contact free”)
AND (“sensors” OR “sensing”))

Stress (“stress”) AND ((“unobtrusive” OR “non-contact” OR “contact-free” OR “contact free”)
AND (“sensors” OR “sensing”)) AND (“review” OR “literature review” OR “survey”)

Social interactions (“social interaction” OR “social relations” OR “relationships”) AND ((“unobtrusive” OR
“non-contact” OR “contact-free” OR “contact free”) AND (“sensors” OR “sensing”))
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