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Abstract

This compilation thesis contributes to a deeper understanding of perceived
safety in human-robot interaction (HRI) with a particular focus on social robots.
The current understanding of safety in HRI is mostly limited to physical safety,
whereas perceived safety has often been neglected and underestimated. How-
ever, safe HRI requires a conceptualization of safety that goes beyond physical
safety covering also perceived safety of the users. Within this context, this the-
sis provides a comprehensive analysis of perceived safety in HRI with social
robots, considering a diverse set of human-related and robot-related factors.

Two particular challenges for providing perceived safety in HRI are 1) un-
derstanding and evaluating human safety perception through direct and indirect
measures, and 2) utilizing the measured level of perceived safety for adapting
the robot behaviors. The primary contribution of this dissertation is in ad-
dressing the first challenge. The thesis investigates perceived safety in HRI by
alternating between conducting user studies, literature review, and testing the
findings from the literature within user studies.

In this thesis, six main factors influencing perceived safety in HRI are lifted:
the context of robot use, the user’s comfort, experience and familiarity with
robots, trust, sense of control over the interaction, and transparent and pre-
dictable robot behaviors. These factors could provide a common understand-
ing of perceived safety and bridge the theoretical gap in the literature. More-
over, this thesis proposes an experimental paradigm to observe and quantify
perceived safety using objective and subjective measures. This contributes to
bridging the methodological gap in the literature.

The six factors are reviewed in HRI literature, and the robot features that
affect these factors are organized in a taxonomy. Although this taxonomy fo-
cuses on social robots, the identified characteristics are relevant to other types
of robots and autonomous systems. In addition to the taxonomy, the thesis
provides a set of guidelines for providing perceived safety in social HRI. As a
secondary contribution, the thesis presents an overview of reinforcement learn-
ing applications in social robotics as a suitable learning mechanism for adapting
the robots’ behaviors to mitigate psychological harm.
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Chapter 1
Introduction

Robotic systems have the potential to influence everyday life, including a large
variety of application areas such as logistics, autonomous driving, agriculture,
health care, eldercare, education, and social interaction. The adoption of robots
is on the rise worldwide [55], as a result, people are increasingly encountering
and interacting with robots in various contexts. One example of these robots
is so-called cobots that work collaboratively with humans at close distances
and in shared spaces in industrial settings. However, robots are not limited to
workplaces. They have also started to enter domestic environments.

Nowadays, the most common domestic robots available as consumer prod-
ucts are robotic toys, robot vacuum cleaners, and lawnmowers. Yet, more and
more robots are expected to assist humans in different ways. Robots that can
interact and communicate with humans are called social robots [40]. Social
robots are envisaged as companions, assistants, and peers in domestic environ-
ments to improve services in areas like eldercare, health care, and education
[40]. Unlike industrial robot operators who receive professional training be-
fore interacting with the robotic systems, users of domestic and social robots
interact with these robots without any training. Thus, it is crucial to ensure that
these robots will not cause any physical or psychological harm.

For the successful integration of robots into society, safety is a fundamen-
tal prerequisite that must be addressed before any interaction between humans
and robots takes place. A substantial body of research in human-robot inter-
action (HRI) focused on developing physically safe robots [25, 45]. Moreover,
safety standards for robotics provide design guidelines for physical aspects of
the robotic systems. However, safe HRI in fact involves two safety components:
physical and perceived safety [66]. Yet, there is only a small number of research
in HRI that focuses on perceived safety [76]. Although several definitions for
perceived safety are available in the HRI literature, a comprehensive analysis
of perceived safety is missing. The most commonly cited definition was given
by Bartneck et al. [11], who defined perceived safety as “the user’s perception

3



4 CHAPTER 1. INTRODUCTION

of the level of danger when interacting with a robot, and the user’s level of
comfort during the interaction” (p. 76).

Although policymakers have started to point out psychological consequences
of human-machine interactions, both the HRI literature and the current safety
standards lack a comprehensive investigation of perceived safety towards an
enduring presence of robots sharing a common space with humans [108]. In-
deed, psychological consequences of HRI have been considered in a European
Parliament report as: “you (denoting users) are permitted to make use of a
robot without risk or fear of physical or psychological harm” [38] (p. 23). Safe
HRI requires a conceptualization of safety that goes beyond physical safety,
and covers also the safety perception of the users1. Within this context, this
thesis aims to address perceived safety in HRI with a special and detailed focus
on social robots, considering a diverse set of human-related and robot-related
features.

Modeling perceived safety of a person is a challenging task, as it can be
affected by personal and interpersonal factors [102]. In addition, due to the
bidirectional nature of HRI with humans and robots influencing each other, a
wide range of robot characteristics such as physical properties (e.g., physical ap-
pearance [104], size, shape, posture [107], etc.), social properties (robot’s per-
sonality [56], feedback [3], etc.) and its motion (e.g., speed, acceleration [104],
servo motor sound [86], proximity to the human [129], etc.) can affect how
people perceive the robot.

The goal of this thesis is three-fold: (1) providing a better understanding
of perceived safety through conducting user studies and a literature review;
(2) providing a set of guidelines for identifying variables that influence per-
ceived safety; and (3) providing a set of guidelines for maintaining perceived
safety during HRI. This thesis contributes to HRI research by providing an
overview of studies exploring perceived safety and developing a questionnaire
and a model for perceived safety. Additionally, this thesis presents a method-
ological approach to study perceived safety within an experimental paradigm
to trigger quantifiable measures.

The work in this thesis was part of the MSCA-ITN project SOCRATES
(grant agreement no. 721619) that examined the use of social robots in Euro-
pean society with a particular focus on the quality of interaction between older
adults and robots.

1.1 Problem Statement

Due to the limited definition of safe HRI discussed above, there can be a
discrepancy between certified safety (i.e., the robot complies with the safety
requirements of the safety standards) and perceived safety. This was stated
in [105] as “a certified robot might be considered safe objectively, but a (non-

1In this thesis, safety perception and perceived safety are used interchangeably.
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expert) user may still perceive it as unsafe or scary” (p. 592). Indeed, according
to the literature [68, 111], a robot that is safe in hardware and software design
does not always ensure perceived safety of the human user. For example, a hu-
man working near a robotic system which has a sharp end effector and moves
at very high speeds would experience constant stress and discomfort even if the
system is capable of preventing injury [67]. Therefore, lack of perceived safety
during HRI can cause serious psychological harm over time in humans who
work and interact in close proximity [66] in the form of chronic anxiety and
stress [19]. As a consequence, physical safety is a necessary but not sufficient
requirement for safe HRI.

False safety perception, i.e., an inconsistency between the actual physical
safety of a robotic system and safety perception of the user could be a problem
in HRI. If users believe a physically unsafe robot is safe, it may lead to mis-
placed trust and false expectations regarding the abilities of the robot, which
in turn could result in injuries. On the contrary, if users believe a safe system
is physically unsafe, they may not use the system. Therefore, achieving a true
safety perception which matches with the actual physical safety has paramount
importance for HRI.

The current understanding of safety in HRI is mostly limited to physical
safety. There is a need for a comprehensive analysis of perceived safety which
has been often neglected and underestimated. Given the importance of per-
ceived safety and the research gap that exists in the HRI literature, this thesis
addresses two gaps. The first one is the theoretical gap, i.e., a lack of a clear con-
ceptual definition of perceived safety including factors influencing it. The term
perceived safety lacks a common understanding due to its multidisciplinary na-
ture, and the factors influencing it have not been well defined. The second one
is the methodological gap, i.e., a lack of proper experimental paradigms to ob-
serve and quantify perceived safety using objective and subjective measures.
Addressing these two gaps builds the fundamentals of perceived safety.

To maintain increased perceived safety, the robot should select the correct
actions. It is a challenging task to adapt the robot actions for safe HRI, as it
will need to adapt to the evolving interaction mechanisms to protect users from
psychological harm. Towards this aim, this thesis also gives an overview of
Reinforcement Learning (RL) applications in social robotics as an independent
contribution and a step towards future work.

1.2 Research Questions

The above problem statement is addressed by specifically looking at the follow-
ing research questions.

RQ1: What are the factors that characterize perceived safety in HRI?
Perceived safety in HRI is not yet well defined, therefore the first research ques-
tion focuses on the theoretical gap in the literature. The methodology included
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six steps; (1) a literature review on perceived safety in HRI and gerontology,
(2) evaluating the safety perception and testing it in two user studies by de-
signing a questionnaire based on the literature review, (3) a literature review
with a broader scope (from different disciplines), (4) a user study with young
adults combining the knowledge obtained from the previous steps, (5) an HRI
literature review of aspects that emerged from the previous steps, and (6) iden-
tifying robot-related factors that influence perceived safety. I present a general
overview and the factors that characterize perceived safety in HRI [Paper I, Pa-
per II, Paper IV].

RQ2: How to measure perceived safety in HRI?
Measuring perceived safety of the user is the first prerequisite to keep robots
and interactions safe. It requires a proper experimental paradigm and common
measures. In the current HRI literature, the most commonly used measure for
perceived safety is subjective measures (i.e., questionnaires). Although the most
preferred questionnaire is the one from Godspeed questionnaire series [11],
there is no standardized one. I proposed a questionnaire for measuring per-
ceived safety [Paper I, Paper II]. In addition to the subjective measures, sup-
ported by the literature, I explored facial expressions and physiological data.
Moreover, to fill the methodological gap, I proposed an experimental paradigm
together with subjective and objective measures [Paper IV].

RQ3: What are the guidelines for designing HRI such that the interactions
are perceived as safe?
Since the focus in this thesis is social robots, the social properties of a robot such
as verbal feedback can have an impact on acceptance and perceived safety. This
has been investigated in [Paper III]. Other factors that can influence perceived
safety have been organized within a taxonomy (Chapter 5). Moreover, I pro-
vided guidelines for identifying the influencing variables of perceived safety [Paper
VI], and guidelines for maintaining perceived safety during HRI (Chapter 5).
Since people’s perceived safety can change throughout the interaction, the robot
should adapt its behaviors accordingly to maintain increased perceived safety2.
Therefore, as an initial attempt towards robot behavior adaptation, I surveyed
the papers that use RL algorithms for social robot behavior adaptation [Paper
V].

1.3 Methodology

This thesis followed an iterative process which started with a literature review,
proceeded with user studies, and ended with a literature survey. I conducted

2It should be noted that throughout this thesis, I will refer to the higher levels of perceived safety
as increased perceived safety and lower levels of perceived safety as decreased perceived safety.
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four user studies to answer the research questions listed in Section 1.2. Fig-
ure 1.1 summarizes the thesis.

Video-based study

RQ1: What are the factors
that characterize perceived

safety in HRI?

Survey

RQ2: How to measure perceived
safety during HRI?

Perceived Safety in Social Human-Robot Interaction

RQ3: How to design HRI
such that the interactions

are perceived as safe?

Empirical study

Study I Study II Study IV

Paper I Paper II

Empirical study

Study IV

Paper IV

Paper IV

SurveyEmpirical study

Study III

Paper III Paper V

Survey

Study IV

Paper VI

Figure 1.1: Summary of the thesis. Methodologies used to answer each research
question include a video-based study, empirical studies, and literature surveys.
Each paper used one or several methodologies.

To fill the theoretical gap, i.e., to better understand perceived safety and
the factors that characterize it (RQ1), I reviewed the literature from different
disciplines and conducted three user studies. The results are presented in [Paper
I, II, IV]. At the beginning of our research, we chose eldercare as a domain of
interest due to the focus of the SOCRATES project. Therefore, I used the term
sense of safety and security, which refers to the safety perception of older adults
in the gerontology literature. In the first study (Study I), in which I adopted a
video-based methodology, I designed semantic differential scale questionnaires
for evaluating the sense of safety and security in eldercare scenarios [Paper I].
In the second user study (Study II), older adults freely interacted with a social
robot and filled out an updated version of the questionnaire. This study helped
me to identify the factors influencing the sense of safety and security in HRI.
I proposed a model of sense of safety and security based on human-related
factors [Paper II].

In the next step, I conducted another user study (Study IV), in which the fo-
cus group was expanded beyond older adults (i.e., including adult participants
aged over 18). Changing the focus to all adult HRI users, we also changed
the term to a more general one, i.e., perceived safety. As a starting point, I re-
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viewed the multidisciplinary perspective of perceived safety, which showed that
the human-related factors identified in [Paper II] aligned with the factors in-
fluencing perceived safety, namely, comfort, experience, sense of control, and
trust. Building on [Paper II], I designed Study IV to investigate the relationship
between perceived safety and the other factors (RQ1). The user study revealed
the impact of each factor on perceived safety [Paper IV].

Additionally, I focused on the methodological gap, i.e., the experimental
paradigm and measures for evaluating perceived safety (RQ2). There are sev-
eral subjective explicit measures of perceived safety which are mostly based
on self-reported questionnaires. An alternative and complementary approach
to measure perceived safety is to collect objective measures such as physio-
logical signals, and behavioral analysis from video recordings. Likewise, one
of the research challenges is to design an experimental paradigm that reveals
users’ safety perception. To fill this gap, I proposed an experimental paradigm
that stimulates lack of perceived safety. The lower degrees of safety (decreased
perceived safety) are more observable [52]. HRI is bidirectional in nature and
therefore, human-related and robot-related factors cannot be treated separately
from each other. Thus the experimental paradigm proposes to manipulate robot-
related factors for observing the changes in human-related factors. Further-
more, to measure perceived safety, facial expressions and physiological signal
data were collected alongside the questionnaires [Paper IV].

As a final step, I developed a taxonomy for perceived safety and a set of
guidelines for identifying the influencing factors based on my empirical find-
ings and the literature (RQ3). In Study III, I have studied how the robot’s
social properties, its verbal feedback in particular, influences acceptance and
perceived safety of older adults [Paper III]. In [Paper VI], I presented a qualita-
tive questionnaire that can be used to identify the factors influencing perceived
safety in HRI studies. The proposed questions adopt a holistic approach since
perceived safety encompasses several concepts. In addition, I conducted a sur-
vey on social robot behavior adaptation with RL methods, as a step towards
maintaining users’ perceived safety during HRI [Paper V].

1.4 Ethics Statement

The research in this thesis was conducted in accordance with the ethical prin-
ciples. It should be noted here that the research included in this thesis was
approved by the Swedish ethics committee for studies involving human par-
ticipants. No personal or sensitive information about the participants were
collected in the user studies. All participants participated in the experiments
voluntarily and read and signed the informed consent form before the exper-
iments. The physical and psychological risks associated with participating in
the research are minimal, if any. Study I has no known risk. In Study II, several
researchers were available during the older adults’ interaction with the robot.
In Study III, an experimenter was available in the same room with the par-
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ticipants. In Study IV, an experimenter was observing the experiment room.
There was no physical contact between the robot and the participants in any of
the user studies. Following the studies, the experimenter explained the research
aims to the participants.

In the informed consent form, the participants were informed that their
participation was entirely voluntary and they could withdraw from the study
at any time and without giving a reason. The informed consent form also ex-
plained that their name would not be associated with the study results. All the
collected data is stored on a server localized at Örebro University. The data
can only be accessed by researchers at Örebro University who works in the
SOCRATES project. The collected video material was only used for the anal-
ysis of the interaction. Participants were informed that videos can be deleted
if they request us to do so. None of the publications included any information
which can be used to identify individual participants. Only the pictures from
the participants who provided consent were used.

1.5 Contributions

This thesis focuses mainly on understanding and measuring perceived safety in
HRI with a special focus on social robots. The contributions of this compilation
thesis are:

• A thorough analysis of perceived safety and the influencing human-related
and robot-related factors with several iterations alternating between lit-
erature review and compiling the findings from the literature within user
studies [Paper I, II, IV]. This serves as a contribution to bridge the theo-
retical gap in the HRI literature.

• Measures to evaluate perceived safety including 1) designing a question-
naire, and 2) utilizing facial expressions and physiological data [Paper I,
II, IV].

• A practical and adaptable experimental paradigm to observe perceived
safety [Paper IV]. This serves as a contribution to bridge the methodolog-
ical gap in the HRI literature.

• The empirical studies and the literature survey resulted in a taxonomy of
the factors influencing perceived safety (Chapter 5), and a set of guidelines
including a qualitative questionnaire [Paper VI] for providing perceived
safety in HRI.

• A first step towards robot behavior adaptation to maintain increased
perceived safety of the users. This included investigating the effect of a
robot’s verbal feedback on perceived safety and acceptance [Paper III],
and an extension that could be suitable for RL, which starts with a com-
prehensive survey [Paper V].



10 CHAPTER 1. INTRODUCTION

1.6 Thesis Outline

The structure of this thesis is as follows. This chapter presents the context and
objectives of the thesis.

Chapter 2 introduces the concept of perceived safety. The chapter overviews
studies in HRI, provides the definitions for safety and perceived safety,
describes the influencing factors, the experimental paradigms used, and
the evaluation methods.

Chapter 3 presents the methodology including the robot used, demographics
of participants, subjective and objective measures, and the data analysis.

Chapter 4 summarizes the user studies and results. These user studies have
been conducted within different scenarios including an eldercare robot,
spontaneous interaction with older adults, physical and cognitive train-
ing with older adults, as well as a quiz game with younger adults. The
chapter presents the experimental results and discussions.

Chapter 5 provides a set of guidelines for identifying the influencing variables
of perceived safety, and maintaining perceived safety during HRI. The
chapter also presents a taxonomy of the factors influencing perceived
safety in HRI.

Chapter 6 concludes the thesis with a summary of findings and answers to the
research questions. The chapter also points out the limitations of this
thesis and directions of future research.



Chapter 2
Background and Related Work

This chapter introduces the reader to the concept of perceived safety and pro-
vides an overview of the related work to this thesis. Section 2.1 explains per-
ceived safety with definitions from the HRI literature. Section 2.2 continues
with the influencing factors of perceived safety and Section 2.3 focuses on ex-
perimental paradigms and measures used to evaluate perceived safety in the
HRI literature. Finally, Section 2.4 provides a quick summary of the chapter.
Figure 2.1 provides a mind map of this chapter.

Chapter 2

2.3 Measuring Perceived 
Safety in HRI

2.2 Factors Influencing
Perceived Safety2.1 Perceived Safety

2.1.1 Definitions
for Safety

2.1.2 Perceived Safety
in Robotics
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2.1.4 Three Facets 
of Safety

2.3.1 Experimental Paradigms 
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Perceived Safety

2.4 Summary

2.2.1 Context of Use

2.2.2 Comfort

2.2.3 Experience and
Familiarity

2.2.4 Predictability and
Transparency

2.2.5 Sense of Control

2.2.6 Trust

Figure 2.1: Mind map of Chapter 2.
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2.1 Perceived Safety

Safety is an essential property of daily life. In Maslow’s hierarchy of needs,
safety needs are in the second-highest order, after physiological needs [77]. This
section discusses different aspects of safety.

2.1.1 Definitions for Safety

The term safety means “the state of being protected from or guarded against
hurt or injury; freedom from danger” [100]. The concept has widespread us-
age. Maurice et al. [79] suggest the following definition for safety: “a state
in which hazards and conditions leading to physical, psychological, or mate-
rial harm are controlled to preserve the health and well-being of individuals
and the community” (p. 238). The authors argue that the term safety has one
subjective and one objective dimension. The objective dimension is assessed
by behavioral and environmental parameters. The subjective dimension, which
includes physical, social, and psychological aspects, is assessed based on the
feeling of being out of danger [79]. These dimensions can affect each other
positively or negatively. Möller et al. [83] argued that considering safety as the
antonym of risk leaves out an exhaustive understanding of the concept. Similar
to [79], Möller et al. considered subjective, objective, absolute, and relative di-
mensions of safety. Their subjective dimension corresponds to perceived safety,
which was explained as a person’s belief of how safe a condition or object is.

In the definition by Nilsen et al. [89], safety does not only entail the absence
of physical threat and physical danger, but also moral threats and the percep-
tion of not being in danger. Hollnagel defines the concept of safety as freedom
from harm, absence of accidents and incidents, “to avoid or prevent that some-
thing goes wrong” [52] (p. 23). Hollnagel also discusses safety as a condition
that has no adverse outcomes such as injuries, accidents, incidents, and near
misses. Therefore, safety refers to a set of methods, principles, and practices
built to detect and eliminate hazards [52]. In a similar vein, Nilsen et al. [89]
discussed the safety measurement by injury absence. Thus, to define safety, we
need to talk about the lack of, and absence of, safety.

2.1.2 Perceived Safety in Robotics

In robotics, physical safety does not guarantee perceived safety. The robot must
avoid taking actions that might cause fear, surprise, discomfort or create an un-
pleasant social situation for humans, even if its actions do not cause any phys-
ical harm [111]. Therefore, it is critical to provide both physical and perceived
safety. In recent years, psychological aspects of safety have received increased
attention, such as in several survey papers on robot safety [66, 130, 104], and
the European Parliament report [38]. In a recent survey on safety features in
collaborative robots, Zacharaki et al. [130] outlined five categories: (1) robot
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perceptions for safe HRI, (2) cognition-enabled robot control in HRI, (3) action
planning for safe navigation close to humans, (4) hardware safety features, and
(5) societal and psychological factors. Rubagotti et al. [104] presented a thor-
ough survey on perceived safety in physical HRI involving different types of
robots such as industrial and mobile manipulators, mobile robots, humanoids,
drones and autonomous vehicles (AVs). Perceived safety is not only a concern
of domestic and service robots, but also industrial robots and AVs. Perceived
safety of AVs has received a considerable amount of attention including the
relationship between perceived safety, AVs acceptance, educational level and
active use of technology [84], relationships between perceived usefulness, trust,
perceived safety and AVs acceptance [127], and individual social characteris-
tics (such as age, gender, education level, employment, income) and perceived
safety of AVs [85].

2.1.3 Definitions for Perceived Safety in HRI

There are two different trends to describe perceived safety. The first one is to
articulate the existence of perceived safety in terms of positive affective states
such as comfortable, assured and stress-free. The second one is to define the
term through the lack of safety perception. The approach in the latter case is to
phrase it using negative affective states (emotional responses) such as discom-
fort, anger, nervous, worried, stressful, fear, and anxiety. The nomenclature for
safety perception also varies in the HRI literature: psychological safety [60, 66],
sense of safety and security [2], perceived safety [11], mental safety [78], and
sense of security [91, 95].

Lasota et al. [66] described psychological safety as interactions that are
stress-free and comfortable. The authors also expressed that to maintain psy-
chological safety, the robot’s motion, appearance, embodiment, gaze, speech,
posture, social conduct, or any other attribute should not result in any psycho-
logical discomfort or stress [66]. Bartneck et al. [11] proposed a questionnaire
to measure perceived safety in HRI, and they defined perceived safety as “the
user’s perception of the level of danger when interacting with a robot, and the
user’s level of comfort during the interaction” (p. 76). Matsas et al. [78] de-
fined mental safety in the context of human-robot collaboration in industrial
settings as “the enhanced users’ vigilance and awareness of the robot motion,
that will not cause any unpleasantness such as fear, shock or surprise.” (p. 140).
Although Nanoka et al. [91] used both terms, namely mental safety and sense
of security, they defined “mental safety” as “the motions of the robot do not
cause any unpleasantness like fear, shock, surprise to human.” (p. 2770). In a
review article on human-robot collaboration approaches [118] discussing the
importance of mental safety, it was described as “mental stress and anxiety
caused by close interaction with the robot” (p. 256).
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2.1.4 Three Facets of Safety

Lasota et al. [66] presented a literature survey on potential methods for safe
HRI. The authors outlined four categories: (1) safety through control, (2) mo-
tion planning, (3) prediction, and (4) consideration of psychological factors.
Moreover, the authors argued that there are two components of safe HRI:
physical safety and psychological safety. However, Boden et al. [16] considered
another component, namely security of robots. They proposed five ethical prin-
ciples as a basis for responsible robotics, one of them being: “Robots are prod-
ucts. They should be designed using processes that assure their safety and secu-
rity” [16] (p. 126). The aim of this principle was explained as assured safety of
the robots, including also the security that robots are secure from cyber attacks
such that people can trust robots and have confidence in them. Boddington [15]
analyzed three of these principles related to the safety of robotic systems. The
author argues that safety in robotics should be considered broadly to comprise
not only physical and material safety, but also the avoidance of disruption to
psychological, social, moral, and other important social norms.

Therefore, I argue that in the context of HRI, safety of robots include three
components: (1) physical safety, (2) perceived safety, and (3) cyber security (Fig-
ure 2.2). Physical safety ensures that the robot does not harm the human, per-
ceived safety ensures that humans perceive no psychological threat of robots,
and cyber security ensures that the robot is not vulnerable to cyber attacks.
When it comes to perceived safety, it cannot be treated separately from the
other safety components since they all affect safety perception.

Safety

Physical Safety Perceived Safety Cyber Security

Figure 2.2: Taxonomy of safety in human-robot interaction.

The protection of personal data is becoming more important considering the
amount there is online. For this reason, the General Data Protection Regulation
(GDPR) legislation was put into effect in May 2018 in all European Union (EU)
countries [42]. The GDPR imposes obligations to ensure that personal data can
only be collected for specified, explicit, and legitimate purposes; as well as pro-
vides data owners full control over their personal data by specifying a variety
of rights [120]. The devices connected to the Internet carry a potential threat
regarding security and privacy. Cyber attacks can have a psychological impact
on individuals such as anxiety, worry, anger, outrage, and depression [10]. Do-
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mestic robots that are connected to the Internet can be hacked by unauthorized
parties to steal personal data, to spy on people through robots’ sensors and
to physically command robots which have the potential of causing physical
harm [43]. I argue that the three kinds of safety, namely physical safety, per-
ceived safety, and cyber security are tightly coupled. Satisfying all three is a
requisite for safe HRI. Security flaws not only affect the physical safety but
also perceived safety of the robots with psychological consequences. As an ex-
ample, a hacked robot may perform unexpected movements, which affects the
perceived safety of its user.

2.2 Factors Influencing Perceived Safety

The factors influencing perceived safety were identified based on the HRI lit-
erature and multidisciplinary literature. Although various terms are available
for safety perception across different disciplines, I observed that the feeling
of safety is commonly considered to be related to the same factors such as
trust [57, 102], comfort [11, 57], sense of control [20], experience and familiar-
ity [20, 102], predictability and transparency [19, 20, 73, 102] and contextual
factors [131].

2.2.1 Context of Use

Context plays a significant role in determining how people will react to a partic-
ular situation. Dey [33] provided a definition of context in computing as “any
information that can be used to characterize the situation of an entity. An en-
tity is a person, place, or object that is considered relevant to the interaction
between a user and an application, including the user and applications them-
selves” (p. 5). ISO 9241-210:2019 (i.e., Ergonomics of human-system interac-
tion - Part 210: Human-centred design for interactive systems) defines context
of use as the “combination of users, goals and tasks, resources, and environ-
ment” [41].

Context-awareness is one of the important design principles for increased
physical safety in robot architectures [44]. The context of interaction plays a
large role in establishing and maintaining perceived safety during HRI. Several
studies explored the effect of context in HRI such as the influence of social
context on the acceptance of social robots [126] and the influence of context
in robot personality preferences [56]. Joosse et al. [56] reported that users’
preferences for a robot’s personality and behaviors depend on the context of
the robot’s role and task. Similarly, the context in which the interaction takes
place affects people’s perceived safety. As an example, a study that investigated
the safety-related factors of pedestrians’ crossing the road process, categorized
the influencing factors of perceived safety as demographic, contextual, and be-
havioral factors [131]. In HRI, such contextual information is not limited to
environmental and social factors, but also includes factors related to the role of
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the robot in the interaction such as the type of the robot’s task, the robot’s com-
petency to accomplish the relevant task, and the robot’s performance. The level
of safety perception for the same robot may differ depending on the context.
For example, in our video-based study [Study I], participants commented that
they would feel safer when the robot’s task is finding an object at home than
when the robot’s task is to remind them about taking an important medication.

Therefore, how humans perceive robots depends on the context of use. The
aspects influencing context of use are the robot’s role, the task type and com-
plexity, the robot’s competency for the task, as well as its task performance.

2.2.2 Comfort

Perceived safety and human comfort are often mentioned together in HRI liter-
ature [11, 29, 66, 68], sometimes used even as synonyms. Therefore, comfort
is a criterion that is closely related to perceived safety. Users may experience
discomfort due to the occurrence of an intended or unintended situation dur-
ing the interaction with a robot. To improve the interactions with robots, a
robot should avoid any behavior that makes the person uncomfortable regard-
less of objective safety. For example, an approaching robot can make people
feel unsafe and cause discomfort even if the robot controller eliminates all risks
of collision [65]. Lasota et al. [68] reported that participants felt safer and
more comfortable working with a robot operated with human-aware motion
planning compared to a standard robot. For a robot to avoid a robot causing
discomfort, negative emotional responses, and decreased safety perception, the
literature presents different strategies such as maintaining adequate distance
(proxemics), using suitable approaching strategies, control strategies to avoid
being noisy, and planning to avoid interference [65]. Other aspects that can af-
fect human comfort in HRI are the robot’s reaction speed, movement trajectory,
proximity, object-manipulating fluency, and sociability [121]. Finally, individ-
ual characteristics including gender, age, nationality, socioeconomic status, and
personality traits can affect how people perceive robots [80].

Therefore, the aspects which influence human comfort in HRI are included
but not limited to individual characteristics, approach direction of the robot,
proxemics, unintented noise, robot reaction speed, its movement trajectory,
motion fluency, and sociability.

2.2.3 Experience and Familiarity

Humans seek familiar and known things rather than unfamiliar and unknown
things to feel safe [77]. Familiarity refers to “knowledge of a thing or person
through long or close association or frequent perception by any of the senses;
everyday acquaintance, habituation; an instance of this” [99]. Arai et al. [9]
considered familiarity as one of the important factors for mental safety, and
referred to it as general preferences for motions and designs of robots. Haring
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et al. [48] reported that an android robot was perceived as significantly less safe
in comparison to a humanoid and non-biomimetic robot (i.e., Keepon robot).
This could be explained by the uncanny valley which was first introduced by
Mori [87] and describes people’s reactions to robots that look and act almost
human-like. According to this hypothesis, the familiarity with a robot increases
with human resemblance up to the valley, which is marked by a sudden shift
from empathy to revulsion due to a highly realistic appearance.

Interaction experience with robots is another factor that has an impact on
perceived safety. Experience is defined as “knowledge resulting from actual ob-
servation or from what one has undergone” [98]. Previous experience with a
specific technology has a positive effect on different aspects of user experience
and acceptance of that technology. As people get exposed to robots, their famil-
iarity with robots will increase. The level of familiarity with robots and robot-
related experience can be gained by the exposure of robots through reading
robot-related material (e.g., books, articles, etc.), watching media, and attend-
ing robot-related events, having physical contact with robots, and building or
programming robots [74]. A person who has experience and is familiar with
robots will have positive perceptions and acceptance of robots [31], have a
positive attitude and less anxiety towards them [12], and trust in robots [28].
On the other hand, lack of familiarity might lead to negative feelings toward
technology and robots [31]. Takayama et al. [115] reported that people who
had prior experience and were familiarity with robots maintained a closer dis-
tance to robots. Similarly, people’s prior experience with robots can influence
perceived safety [66].

Therefore, the aspects which influence experience and familiarity are in-
teraction duration and frequency with robots, their physical appearance and
motions.

2.2.4 Predictability and Transparency

There is a lack of coherence concerning the concept of interpretable behav-
iors by robots or artificial agents. Many different terms, such as explainable,
legible, predictable, and transparent have been used to convey intentions that
can be ascribed to an agent’s behavior by a human observer [22]. Although pre-
dictability and transparency are used interchangeably, I refer to predictability as
interpretable future actions and transparency as interpretable present actions.
In other words, predictability is understanding a robot’s upcoming actions, and
transparency is understanding what the robot is currently doing and why it is
doing that action. On the other hand, transparency is sometimes defined as a
combination of interpretable present and future actions. As an example, Alonso
et al. [6] defined the term as “the observability and predictability of the system
behavior, the understanding of what the system is doing, why, and what it will
do next” (p. 1). While people feel safe in predictable cases [102], situations
that are unpredictable and uncertain are perceived as unsafe [57] even if there
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is no threat [19]. Therefore, regardless of the term used, predictable, transpar-
ent, legible robot behaviors are important for promoting safety perception in
HRI [73]. For example, Koert et al. [62] reported that in a pick and place task,
participants found unpredictable behaviors, or actions for which they did not
understand the reason to be uncomfortable and annoying.

Conveying information about the robot’s mode and intention can lead to
greater perceived safety. The use of interfaces and natural language explana-
tions are ways of achieving transparent behaviors [6]. For example, equip-
ping AVs with external human-machine interfaces resulted in greater perceived
safety, and had a positive effect on acceptance by pedestrians compared to an
AV without interface [46]. Social robots can use other additional means to fa-
cilitate transparent behaviors. As an example, Suvei et al. [113] showed that
social gaze cues increased the feeling of safety in a human-sized mobile robot
approaching scenario. A robot that conveys its intent can improve many aspects
of HRI, such as communication, reliability, predictability, transparency, and sit-
uational awareness [21]. Moreover, transparency of robot behaviors through
explanations of its actions was considered to make it more trustworthy [63].
However, it is important to use a clear means of communication to avoid po-
tential ambiguities, thereby ensuring that the robot’s behaviors are easily un-
derstandable by its human partner. Therefore, it matters not only what to com-
municate, but also how to communicate [50].

To summarize, the aspects influencing a robot’s predictability and trans-
parency are its visual interfaces, social gaze, predictable or transparent motions,
communication style and intention communication.

2.2.5 Sense of Control

The sense of control or sense of agency refers to the subjective feeling of hav-
ing control over one’s own actions and being able to control external events
through these actions [7]. Therefore, the sense of control is the degree to which
individuals perceive that the consequences of circumstances are under their con-
trol. Humans desire explainability and predictability for feeling in control and
as a consequence, safe [102]. In the context of HRI, the term sense of con-
trol refers to users’ perception that they are in charge of the robotic system
not vice versa. A user may experience decreased perceived safety when the in-
teraction is demanding, such as when they cannot cope with or control the
robot’s behaviors and consequences of those behaviors. Control implies per-
ceived safety [83], conversely a lack of sense of control may induce frustration.
In HRI, users’ sense of control is affected not only when they cannot control
a robot’s actions, but also by the social context, for example when being ex-
cluded by robots [37]. In a social interaction with a robot, its distance from
the person and its approach direction also affect the sense of control and per-
ceived safety. Young et al. [129] presented a dog-leash interface which was used
by participants to lead a robot simply by holding the leash, with three varia-
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tions: the robot in front of the person, the robot following directly behind the
participant, and the robot following the participant behind at a 45° angle. Par-
ticipants felt less in control and less safe when the robot was following behind
and behind at an angle. The level of autonomy of the robot is another aspect
that influences sense of control. Chanseau et al. [23] found the participant’s
sense of control during the interaction with a robot to be linearly related to the
expected level of autonomy.

In summary, the aspects which influence sense of control are including but
not limited to proxemics, the robot’s approach or follow direction, its level of
autonomy and its social properties.

2.2.6 Trust

Kok and Soh [63] defined trust in HRI as a “multidimensional latent vari-
able that mediates the relationship between events in the past and the former
agent’s subsequent choice of relying on the latter in an uncertain environment”
(p. 300). Trust is a cornerstone of sustainable human social relationships. The
use, misuse, disuse, and acceptance of automation depend heavily on trust, es-
pecially for complex systems [70]. Trust in autonomous systems and robots is
crucial as they begin to appear on the streets, in factories, and in private homes.
Therefore, a significant number of studies have been focused on trust in HRI
and human-robot collaboration [47, 63, 117]. Hancock et al. [47] reviewed fac-
tors affecting trust in HRI and reported that a robot’s performance-based and
attribute-based factors affect trust. Performance-based factors include behav-
ior, dependability, reliability, predictability, level of automation, failure rates,
false alarms, and transparency. Attribute-based factors include proximity/co-
location, robot personality, adaptability, robot type and anthropomorphism.
Other factors influencing human trust in robots are timing and frequency of
faulty behaviors [32], and type of task [106]. Moreover, the ability of a robotic
assistant to carry out a prescribed task, occurrence of errors, failures including
social norm violation and technical failure, communication style (speech and
facial expressions), and behavior transparency have been considered in human-
robot trust studies [39].

Robot failures have the greatest impact on loss of trust. These can be design
failures, system failures (hardware, software), and expectation failures (the sys-
tem acts as it is supposed to, but does not satisfy the user’s expectation) [117].
Perceived safety of robots is essential for building the trust of their human coun-
terparts in HRI and human-robot collaboration [14]. If a robot is perceived as
unsafe, people will not trust that robot. Perceived safety plays an important
role in building trust in the human interaction partner [94].
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2.3 Measuring Perceived Safety in HRI

HRI studies use different methods to measure perceived safety, including both
subjective (usually in the form of questionnaires) and objective measures (phys-
iological responses, emotional responses, and direct measurement tools). Many
experimental paradigms are employed for interactions with autonomous sys-
tems and robots including screen-based studies (i.e., simulators, video-based
studies) [1, 72], virtual reality (VR) [124], real-world Wizard of Oz (WOZ)
studies [46], and real-world studies with fully autonomous systems [21]. Most
articles involving research on perceived safety use a similar approach: partic-
ipants interact with an autonomous system within an experimental scenario,
and the safety perception of the participants during the interaction is inferred
from questionnaire ratings or physiological data. A summary of experimental
paradigms and an overview of evaluation tools follow below.

2.3.1 Experimental Paradigms for Measuring Perceived Safety

Although screen-based studies allow researchers to use standardized method-
ologies (same system behavior in each trial) and reach a large number of par-
ticipants, they lack real-life experience. In screen-based studies, the common
approach is to test perceived safety of participants after watching a video or in-
teracting with a simulator. Lichtenthäler et al. [72] used short movie sequences
recorded in a virtual environment using a simulator. The scenario involved a
human crossing the robot’s path in an office environment. After watching the
videos, participants would rate the robot’s navigation behavior. The authors
reported that human-aware navigation received higher perceived safety ratings.
Similarly, another study by the authors [73], used the same human crossing the
robot’s path scenario with recorded videos. The authors reported that legible
robot behaviors allowing the human to predict the next actions of the robot
increased perceived safety.

VR has gained popularity in recent years especially for autonomous sys-
tems such as flying robots (drones) and AVs. VR environments have the benefit
of high experimental control and maintaining real-world realism. One exam-
ple can be seen in Widdowson et al. [124], where a flying robotic system was
explored in a VR test environment for different experimental paradigms. The
authors investigated various flight behaviors including different speeds, accel-
eration, angles of approach, and distances. The aim was to improve the design
and control of flying robots for enhanced comfort and perceived safety. This
study considered human arousal as an indicator of safety perception. Therefore,
several physiological signals (electrodermal activity (EDA), photoplethysmog-
raphy (PPG), and head motion) were collected and used for predicting human
arousal. It is common to use VR to test safety perception during interactions
with AVs [30, 51]. Perceived safety of robots could benefit from the findings of
AV studies, therefore I report several AV studies here. Holländer et al. tested



Measuring Perceived Safety in HRI 21

the impact of malfunctioning external car displays during pedestrian crossing
on perceived safety and trust [51]. The authors reported that wrong informa-
tion resulting from actual malfunction decreased perceived safety, trust, and
confidence. However, the recovery of participants’ trust was quick.

The WOZ design is an experimental paradigm in which a system is fully
or partially operated behind the scenes by a human while the participants are
made to believe that the system is autonomous. Habibovic et al. [46] used the
WOZ setup in automated driving experiments, where pedestrians felt signifi-
cantly safer when they encountered an AV with an interface compared to one
without interface. This shows that the transparency of the machines can help
improve perceived safety. Chadalavada et al. [21] introduced a bidirectional
intention communication system for autonomous mobile robots using spatial
augmented reality and eye-tracking glasses. An autonomous forklift projected
various patterns onto the common floor area to communicate its motion in-
tentions. The authors reported that intent communication projection improved
participants’ comfort and perceived safety.

To summarize, perceived safety of human-machine systems is still in its in-
fancy; thus, the reviewed studies so far focus on understanding human safety
perception under different conditions during HRI. Perceived safety is still very
rarely considered in guiding the robot behavior design for better interactions.
However, maintaining perceived safety throughout the interaction is crucial for
long-term interactions and robot acceptance.

2.3.2 Evaluation Tools for Perceived Safety

The most common evaluation methods in HRI studies are self-assessment sub-
jective evaluations, behavioral measurements, psycho-physiological measures
and task performance metrics [110]. The evaluation of perceived safety in HRI
is done by monitoring psychological, behavioral, and physiological responses,
follow-up questionnaires [66, 104], and online measurement using handheld
devices [30]. Psychological responses are considered as responses that are linked
to mental activities. Physiological responses are involuntary responses related
to living organisms’ bodily reactions. Behavioral responses differ from phys-
iological responses in that they can be controlled voluntarily [5]. Facial ex-
pressions, eye gaze, and blink variations fall into this category [5]. Monitoring
and interpreting humans’ behavioral and physiological responses can provide
important information about decreased perceived safety. The evaluation of per-
ceived safety in HRI could benefit from the combination of several methods.
Using only questionnaires may not always detect the subtle indicators of per-
ceived safety. Therefore, an additional information from different modalities as
well as contextual information including the task, robot and environmental fac-
tors could help evaluating perceived safety. The diverse set of complementary
measures can capture different aspects of interactions.
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Psychological responses can be observed through subjective evaluations (e.g.
questionnaires) or interviews. The former is one of the most widely used meth-
ods in the HRI literature, examples are [2, 11, 60, 91]. Bartneck et al. [11]
presented a semantic differential questionnaire as an instrument for measuring
perceived safety of robots. Kamide et al. [60] presented a questionnaire for mea-
suring the psychological safety of humanoids. In [91], participants rated their
emotions using a questionnaire including the items surprise, fear, disgust, and
unpleasantness on a scale ranging from 1 (never) to 6 (very much). In our pre-
vious work [2], the participants rated their safety perception using a semantic
differential questionnaire.

Physiological responses can provide information regarding the intensity of
an individual’s internal state. There are several studies that collected physio-
logical signals data to evaluate perceived safety [4, 8, 59, 91, 124]. As an ex-
ample, Nonaka et al. [91] measured the heart rate of participants in addition
to questionnaires. However, they did not find conclusive results regarding the
relationship between heart rate and the human sense of security. Arai et al. [8]
considered skin potential response to be an indicator of safety perception. An-
other example of physiological measures can be found in [59], where Kamide et
al. collected saliva amylase in their user studies to determine the physiological
reactions and safety perception.

HRI could benefit from perceived safety measurement methods used in AV
studies. Handheld devices have been used in AV studies to measure perceived
safety. In [30], participants continuously reported their safety feelings during
their interaction with an AV by holding a handheld button pressed for as long
as they felt safe in a pedestrian crossing. The temporal window of feeling safe
was wider when the AV was equipped with external human-machine interfaces.
Similarly, Rossner et al. [103] used a handset control for the online measure-
ment of perceived safety while driving an AV in a simulator. In Bazilinskyy
et al. [13], participants reported their perceived safety while watching AVs
equipped with external human-machine interfaces involving varying parame-
ters. The participants kept a keyboard key pressed as long as they felt safe to
cross the road.

To summarize, there is no standardized experimental paradigm or measures
for perceived safety in HRI and autonomous systems. A noteworthy aspect
of safety and thereby perceived safety is that we can measure the lack of them,
not their presence [52]. Thus, lower degrees of perceived safety can be observed
through emotional, cognitive, behavioral, and physiological responses.

2.4 Summary

In this chapter, I discussed the concept of perceived safety and definitions of
perceived safety in HRI. Moreover, based on the HRI literature, a discussion
regarding the three facets of safety, namely physical safety, perceived safety, and
cyber security, has been provided. Physical safety is absence of physical harm
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whereas perceived safety is absence of psychological harm, and cyber security
is absence of cyber attacks. All three components should be equally considered
for safe HRI. The chapter proceeded with a detailed discussion of the factors
influencing perceived safety, i.e., the context of use, comfort, experience and
familiarity, predictability and transparency, sense of control, and trust. I pro-
vided highlights from HRI studies that investigated these factors. The chapter
concluded with a summary of experimental paradigms for measuring perceived
safety and evaluation tools used in the literature.





Chapter 3
Methodology

This chapter outlines the methodology used during the thesis work including
the robot used (Section 3.1), demographics of participants (Section 3.2), the
subjective (Section 3.3) and objective measures (Section 3.4), and the data anal-
ysis (Section 3.5). I conducted four user studies which are referred to as Study
I – Study IV. These user studies are summarized in Chapter 4 together with
highlights of the results. All the necessary ethical approvals for conducting the
studies were obtained. No sensitive data was collected in the user studies.

The whole work presented in this thesis is centered around empirical stud-
ies. This work aims to understand the factors influencing perceived safety (RQ1),
the measures for perceived safety (RQ2), and suitable guidelines for safe HRI
(RQ3). Within this context, user studies were a deliberate choice for user-
centered HRI. The work resulting in this thesis progressed systematically by
starting with a video-based study (Study I), and continued with a literature re-
view and live user studies with older adults (Study II, III) and younger adults
(Study IV). The user studies started with a simple design and the experimental
design was progressively detailed. Before each study, a pre-study was conducted
to test and improve the experimental setup before the actual user studies. The
preliminary results of these pre-studies provided a guideline for a more suitable
experimental design. Moreover, the participants’ comments and observations
in the previous user study helped to improve the following experimental setup.

3.1 The Robot

The robot used in all experiments was Pepper from SoftBank Robotics [97].
Pepper is a humanoid robot with a height of 120 cm and a weight of 28 kg.
The robot has a total of 20 degrees of freedom (DOFs): two in the head (pan
and tilt), two in the hips, one in the knee, and three in the base. There are six
DOFs in each arm: two in the shoulder, two in the elbow, one in the wrist,
and one in the hand. The robot has three multidirectional wheels, four direc-
tional microphones, six touch sensors, several infrared sensors, laser sensors,

25
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and sonar sensors, as well as two loudspeakers. The robot is equipped with
three cameras: two RGB cameras (forehead and mouth) and one 3D camera
located behind the eyes. There is a 10.1-inch touch screen on the robot’s chest.

We regarded Pepper as the most appropriate option among the commer-
cially available social robot platforms. There are several reasons behind this
choice. The robot is capable of communicating using natural language through
text-to-speech software. It has a curvy design that is friendly looking and en-
gaging. The robot’s face is static but its 20 DOFs allow it to gesture with simple
body language. The touch screen mounted on the robot’s chest and LED lights
around its eyes can be used to support verbal communication. The robot was
programmed using Python 2.7, Choregraphe (version 2.5.5), and an SDK called
NAOqi provided by SoftBank Robotics. The robot can be seen in Figure 3.1.

Figure 3.1: Pepper robot. The same robot was used in all user studies.

3.2 Participants

Study I was a video-based study, and 124 participants (58 males and 66 fe-
males) took part in the study. The study was advertised in social media and
through mailing lists. Therefore, the study included participants of varying age
(μage = 35.44, σage = 10.55). Study II took place in a non-laboratory set-
ting at an open public event for older adults. In total, 44 older adults (μage =
70.08, σage = 8.30) joined the study. However, due to incomplete question-
naire data, only 36 of them (25 females and 11 males) were included in the anal-
ysis. Study III was a physical and cognitive training scenario with the robot.
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Twenty-three older adults (9 males and 14 females) took part in Study III
(μage = 73.95, σage = 5.6).

Study IV involved playing a quiz game with the robot. There were 40 par-
ticipants in the study in total, 27 of them (10 males and 17 females) took
part in the quantitative part of the study (μage = 26.51, σage = 4.49), thir-
teen of them (8 males, 5 females) in the qualitative part of the study (μage =
35.53, σage = 8.38). It should be noted here that the questionnaires described
below were used in the quantitative part of the study. In the qualitative part of
the study, the participants were interviewed using a qualitative questionnaire.

This research was approved by the Swedish ethics committee for studies
involving human participants. Before each experiment, participants read and
signed an informed consent form which included two parts: general informa-
tion about the study procedure and the consent (e.g., information concerning
data privacy, anonymity of their participation in the online experiments, and
consent to be recorded on video in the live experiments). At the end of the ex-
periments, participants were debriefed on the aim of the experiment and the
whole research project. All participants took part in the experiments volun-
tarily. In Study III and Study IV, participants received a compensation (i.e.,
coffee and sandwich in Study III, and a lunch coupon in Study IV) for their
participation.

3.3 Subjective Measures

Demographics

Before each experiment, information on age and gender was collected. In ad-
dition, the following information was collected in the experiments. In Study I,
educational level, country of residence, and participants’ familiarity with robots
on a scale ranging from 1 (not familiar at all) to 5 (very familiar) were collected.
In Study III, participants were asked to rate their technology experience, i.e.,
how often they use a computer or a smartphone on a scale ranging from 1
(never) to 5 (often, daily) and their familiarity with robots. Study II and Study
IV included the familiarity with robots question as in Study I.

Self-Assesment Manikin

Self-Assessment Manikin (SAM) is a nine-point semantic scale for assessing
emotions in the valence-arousal emotion space [17]. It ranges from unpleasant
to pleasant on the valence scale and calm to excited on the arousal scale. The
participants rated their emotional states using SAM in Study I and Study IV.

SF-12 Health Survey

The 12-item Short Form Survey (SF-12) is used for assessing self-reported health [122].
Two summary scores, a mental component score (MCS-12) and a physical com-
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ponent score (PCS-12), can be reported from the questionnaire. This question-
naire allows investigating the perception of the state of physical and mental
health on a general basis, i.e., unrelated to the robot experience. The perceived
health of older people is reported to be associated with their general safety
perception [75]. This questionnaire was used in Study III.

Robot Acceptance Questionnaire

I used a customized acceptance questionnaire that was adapted from the Almere
questionnaire [49] with some slight modifications. In particular, the facilitat-
ing conditions construct was excluded, and the intention to use construct was
redesigned by adding four items. This questionnaire was used in Study III in
which the participants interacted only once with the robot. Therefore, the ques-
tions requiring multiple interactions were also excluded. The customized ques-
tionnaire was presented in [Paper III].

Attitude Towards Robots Questionnaire

To investigate older adults’ attitudes towards robots in Study III, I used a cus-
tomized questionnaire. The questionnaire was a combination of the S1 sub
scale (Negative Attitude toward Situations of Interaction with Robots) of the
Negative Attitudes Toward Robots Scale (NARS) [90] and four items taken
from [125]. The questionnaire included 10 items. The participants were asked
to fill out this questionnaire both before and after the interaction. It allowed
me to study how a short-term interaction may influence older adults’ attitudes
towards robots. The full questionnaire was presented in [Paper III].

Task Evaluation Questionnaire

In Study III, older adults evaluated the training with Pepper robot by answering
the task evaluation questionnaire which had eight items. It included questions
like how easy/difficult it was to follow the training, understanding the robot,
and whether they would exercise with the robot on a daily basis. The question-
naire was presented in [Paper III].

Personality Questionnaire

A short personality questionnaire, Big Five Inventory-10 (BFI-10) [101] was
used in the quantitative part of Study IV. It comprises 10 items which are se-
lected from the Big Five Inventory (BFI-44). The users were asked to assess
several characteristics by rating how well the statements described their per-
sonality. The questionnaire was presented in [Paper IV].
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Comfort Questionnaire

A slightly modified version of the comfort scale presented in [61] was used in
the quantitative part of Study IV. It included six items and the questionnaire
was presented in [Paper IV].

Sense of Control Questionnaire

I used the sense of control questionnaire in Study IV. The questionnaire was
adapted from [112] and included three items. It was presented in [Paper IV].

Trust Questionnaire

In the quantitative part of Study IV, the participants were asked to rate their
trust perception on a 14-item Trust Perception Scale-HRI [109]. In particular,
they were asked about what percentage of the time they found the robot to
be: dependable, reliable, unresponsive (reverse coded), predictable, act consis-
tently, provide feedback, meet the needs of mission/task, provide appropriate
information, communicate with people, perform exactly as instructed, follow
directions, function successfully, have errors (reverse coded), malfunction (re-
verse coded). This scale ranges from 0% to 100% with 10 point increases. The
questionnaire was presented in [Paper IV].

User Experience Questionnaire

The questionnaire presented in [123] was used as a post-experiment question-
naire in the quantitative part of Study IV. The questionnaire was developed to
measure user experience with five different sub scales: emotion, embodiment,
feeling of security, human-oriented perception, and co-experience. The ques-
tionnaire was presented in [Paper IV].

3.4 Objective Measures

Facial Affect Data from Videos

I collected video recordings during the experiments in the quantitative part of
Study IV. These video recordings were used for facial expression analysis. I
used Affdex SDK [81] to extract the facial affect features of the participants.
Affdex SDK outputs head orientation (pitch, yaw, and roll), seven emotions
(anger, contempt, disgust, fear, joy, sadness, and surprise), engagement (facial
expressiveness of the participant), valence (the pleasantness of the participant),
20 facial expressions (brow furrow, brow raise, cheek raise, chin raise, dimpler,
eye closure, eye widen, inner brow raise, jaw drop, lid tighten, lip corner de-
pressor, lip press, lip pucker, lip stretch, lip suck, mouth open, nose wrinkle,
smile, smirk, and upper lip raise), and attention (based on head orientation).
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Performance of Participants

In Study III, participants performed training exercises while guided by the
robot. The performance of the participants was logged using during the the
exercise recognition system during the experiments. I collected video record-
ings of arm exercises from 25 persons to train the exercise recognition system
before Study III. The exercise recognition was based on transfer learning in
which I retrained the final layer of Google’s Inception-v3 model [114] (a deep
convolutional architecture trained on the Imagenet dataset). The details can be
found in [Paper III].

Physiological Signals from the E4 Wristband

In the quantitative part of Study IV, I collected physiological data using Em-
patica’s E4 wristband [36]. The wristband measures Blood Volume Pulse (BVP)
and Electrodermal Activity (EDA) with the following sampling frequencies; 64
Hz and 4 Hz, respectively. The cardiac interbeat intervals (IBI) is the time in-
terval between individual heart beats. The IBI is calculated and provided by
Empatica using the BVP signal. The Empatica cloud platform allows the down-
load of physiological data as .csv files.

3.5 Data Analysis

This section outlines the data processing and analysis. The pre-processing of
the gathered questionnaire data was performed using Microsoft Excel 2018
and statistical analysis was conducted using R (R-3.6.3) together with RStu-
dio (version 1.3.1056). The Affdex SDK and C++ code were used to extract
facial features. Both the preprocessing and analysis of facial expressions and
physiological data were performed using Python 3.7. There is a debate in the
literature regarding parametric and non-parametric tests on questionnaire data.
I followed the compelling evidence provided by Norman that parametric statis-
tics can be used with ordinal data such as Likert scales and small sample sizes
without “fear of coming to the wrong conclusion” [93]. Therefore, I used
parametric tests.

In particular, t-test was used when comparing two groups, and Analysis of
Variance (ANOVA) was used for comparisons of more than two groups (Study
I, III, IV). For reliability analysis to check the internal consistencies within
the items in the questionnaires, I used Cronbach’s alpha (Study I, II). In Study
II, I used exploratory factor analysis (EFA) using the R psych package and
confirmatory factory analysis (CFA) using the R lavaan package. The factor
analysis was performed to reveal a set of underlying variables called factors to
explain the interrelationships among a set of observed variables (questionnaire
items). EFA was performed to explore the factor structure of the questionnaire,
and CFA was used to verify the previously developed factor structure. I used
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the correlation coefficient when comparing the strength and linear relationship
between the two variables (Study III, IV). When the participants rated the same
measures at several time points during the interaction, I used repeated-measures
ANOVA and repeated-measures correlation (Study IV).

From the physiological data, I used EDA and IBI data files provided by
the E4 wristband. Segmentation of the input signals was done using a sliding
window, with a step size for the sliding window of 1 second. I computed the
features from the signals with a window size of 60 seconds. The feature matrix
was formed by concatenating the features for each sensor modality (i.e., EDA
and IBI). The phasic and tonic components of the EDA signal were decomposed
using the convex optimization-based EDAcvx (Greco et al., 2015). From the
IBI files, I extracted the heart rate variability (HRV) indices using the FLIRT
toolkit (FLIRT toolkit, 2021). I used classification methods including k-nearest
neighbor (kNN) and support vector machines (SVM) on the facial expressions
and physiological data (Study IV).

It should be noted that in Study IV, all explained statistical analyses were
conducted at the quantitative part of the study. In the qualitative part of Study
IV, I interviewed the participants. The interview data were analyzed using the
guidelines developed by Braun and Clarke [18].

3.6 Summary

This chapter presented the methodology used in this thesis. The robot used in
the user studies was the social humanoid robot Pepper. User studies included
participants from different age ranges including younger and older adults. The
chapter introduced their demographics. Moreover, the chapter summarizes the
subjective measures (i.e., questionnaires) and objective measures (i.e., facial af-
fect data, the performance of participants, and physiological signals), the study
they were used and their analysis.





Chapter 4
Highlights of Results

This chapter provides information on the four user studies performed to answer
the research questions. Study I and Study II were designed for answering RQ1.
The results of these studies were presented in a conference paper [Paper I] and
a book chapter [Paper II]. Study III and the qualitative part of Study IV were
performed to answer RQ3. The results of Study III were presented in a journal
article [Paper III]. The qualitative part of Study IV was presented in a confer-
ence paper [Paper VI]. The quantitative part of Study IV focused on RQ1 and
RQ2, and the results were presented in a journal article [Paper IV]. Since all
experiments and their results were reported at different scientific venues, this
section summarizes the user studies with a special focus on their contribution
towards understanding perceived safety in HRI. Table 4.1 provides a summary
of the user studies including the number of participants, scenarios and evalua-
tion methods.

Table 4.1: This paper summarizes user studies including the corresponding pa-
per, the number of participants (N), the interaction scenario and the evaluation
method used in the study.

Study Paper N Scenario
Evaluation
Method

1 I 124
Elder care robot
(video-based study)

Questionnaires

2 II 36
Spontaneous
interaction

Questionnaires

3 III 23
Physical and cognitive
training

Questionnaires
Performance

4 IV, VI 40 Quiz game
Questionnaires
Physiological signals
Facial affect

33
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Scenario 1 - Environmental safety

The pot is burning you
should turn it off

Scenario 2 - Reminding analysis

You have an appointment
for a medical analysis

Scenario 3 - Finding objects

The glasses
are in the kitchen

Scenario 4 - Reminding medication

Yes, you took itDid I take
my medicine after

lunch?

Figure 4.1: Snippets from Study I experimental scenarios.

4.1 Study I: Designing a Questionnaire for
Measuring Perceived Safety

This study was the first step towards answering RQ1 (i.e., factors that char-
acterize perceived safety in HRI) and RQ2 (i.e., measuring perceived safety in
HRI). To begin with, I designed a questionnaire by surveying the factors asso-
ciated with perceived safety in the HRI literature and gerontology literature.
The first version of the questionnaire was tested in an online video-based study
with 124 participants. The initial results of this study with 100 participants
were presented in [Paper I]. As the focus of the SOCRATES project was older
adults, the videos included four different scenarios (see Figure 4.1) involving
daily life activities in which elderly people may be engaged. The scenarios were
selected from [26].

The first two scenarios were proactive, i.e., the robot autonomously inter-
rupted the actor in a domestic environment. In Scenario 1 on environmental
safety, the robot warned the actor about a potentially dangerous situation,
i.e., overcooking sauce on the stove. In Scenario 2, the robot reminded the
actor about a forgotten medical appointment. The other two scenarios were
on-demand scenarios in which the actor requested an explicit activity from the
robot. In Scenario 3 on finding objects, the actor relied on the robot’s help
in finding objects within the domestic environment. In scenario 4 on reminding
medication, the actor did not remember if he had taken his medicine after lunch
and asked the robot.

To create more accurate human-robot real-world scenarios, besides robot’s
speech, different variations of nonverbal gestures were included in the scenar-
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ios. Keeping the content consistent, I only modified the nonverbal gestures of
the robot in each scenario (e.g., the robot used only arm gestures in all four
scenarios). These four sets of scenarios with the same type of robot gesture
were called ‘configurations’. There were four configurations, namely no ges-
tures (Configuration 4 – C4), only arm gestures (Configuration 1 – C1), only
head gestures (Configuration 2 – C2), and arm and head gestures (Configura-
tion 3 – C3). They were recorded as approximately 30 seconds long videos.

To explore whether or not these gestures influence the safety perception
of the participants, I conducted a between-subjects study. The number of par-
ticipants for configuration 1 to 4 were 46, 28, 25, and 25, respectively. The
number of participants varies because the participants could freely select any
of the configurations (1 to 4). When choosing a configuration, the participants
were not informed about the contents of the configurations. The most selected
configuration was C1. The procedure of the online video-based study was as
follows:

1. The participants were provided with a short introduction about the sce-
nario after which they selected one of the configurations and provided
their demographic information.

2. The participants watched each video one by one. At the end of each video,
a short questionnaire was used to assess their views on the scenario and
the robot.

After the videos, the participants completed four questionnaires. Two ques-
tionnaires were the SAM and Trust construct of the Almere acceptance ques-
tionnaire [49]. The other two questionnaires were designed by us based on
previous studies in the HRI and gerontology literature. They were designed
for evaluating the safety perception, namely the sense of safety and sense of
security. Both questionnaires comprised six items on a five-point semantic dif-
ferential scale. The sense of safety questionnaire items were: threatening – safe,
anxious – relaxed, agitated – calm, quiescent – surprised, uncomfortable – com-
fortable, and predictable – unpredictable. Three items (anxious – relaxed, ag-
itated – calm, and quiescent – surprised) were taken from [11]. The sense of
security questionnaire items were as follows: insecure – secure, unfamiliar – fa-
miliar, fear – ease, unreliable – reliable, unnatural – natural, and lacking control
– in control.

4.1.1 Results and Discussion

Analysis of questionnaires

I performed a one-way Analysis of Variance (ANOVA) considering the type of
nonverbal gesture of the robot (i.e., configuration) as an independent variable.
The results did not reveal any statistically significant difference between the



36 CHAPTER 4. HIGHLIGHTS OF RESULTS

four configurations for any of the measures. There might be several reasons: 1)
robot gestures did not affect safety perception, 2) the robot’s gestures were not
so salient from a video, 3) participants only focused on the idea of robot use in
daily life, and the robot gestures did not catch the participants’ attention.

On the questions about scenarios, the participants’ responses varied be-
tween on-demand and proactive scenarios. As an example on the question “I
liked the scenario”, the results of the one-way ANOVA showed that the par-
ticipants liked the on-demand scenarios more than the proactive scenarios,
F(1, 494) = 4.89, p < .05, μproactive = 3.76, σproactive = 0.93 and μon−demand =
3.95, σon−demand = 0.89. This could be associated with the sense of control.
As in the on-demand scenarios, the actor in the video had control over the
interaction, the participants liked these scenarios more.

Cronbach’s α is used for measuring the internal consistencies within the
items of a scale [27]. It ranges between 0 and 1, and an α coefficient over 0.7 is
considered as acceptable. In the sense of safety questionnaire, using all partici-
pants’ data for all configurations, the Cronbach’s α was 0.79. Due to confusion
of the item, quiescent – surprised, it was excluded and α was recalculated. The
final α value was 0.87 indicating that the questionnaire items had a good in-
ternal consistency. In the sense of security questionnaire, the α value for all
participants and all configurations was also 0.87. Moreover, the participants’
ratings were on the positive side of the bipolar adjectives for both question-
naires. The similar internal consistencies of these questionnaires allowed me to
combine them into one. Therefore, I also calculated the α value for the sense of
safety and security by using all the items (quiescent – surprised was excluded as
mentioned above) from both questionnaires, the value for all participants and
all configurations was 0.91. This shows that the combined questionnaire had a
good internal consistency.

Analysis of comments

An additional text field was provided for free comments at the end of the online
video-based study. Twenty-seven participants (out of 124) commented on the
study. Throughout the video-based study, there had been no explanation that
the study was about the safety perception of the robot to avoid any bias. There-
fore, the participants’ comments were about the robot use in daily life. I took
these qualitative responses into account in the design of subsequent studies.
The comments could be grouped into two themes based on how participants
interpreted the robot, and the experimental setting including scenarios and the
type of task the robot performs. These themes are: (a) robot-related factors,
participants commenting about the robot’s communication with the actor and
its functionalities; and (b) context, participants commenting about scenarios
and the role of robot in the scenarios. To avoid repetition, I only report com-
ments representative for each theme and sub-themes. Table 4.2 presents themes,
sub-themes, and the number of times they were mentioned by the participants.
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Table 4.2: Free-form text comments analysis.

Themes Number of comments

Robot-related factors 23
Robot response time (nonpractical) 3
Communication (irrelevant phrases) 3
Communication (rude robot) 4
Privacy/security 1
Competence (robot’s accuracy) 3
Speech 2
Usefulness of the robot (robot should do something useful) 4
Likeable robot 3

Context 13
Scenario (young actor) 4
Scenario (not realistic) 3
Scenario (smart sensors would be enough) 3
Task type (medication is serious) 3

While the number of participants providing free-text comments was small,
they offered insights about robot-related factors. The robot’s response time
to requests from the actor was based on Pepper’s speech recognition in real
time. It was commented on as “nonpractical”: “The robot does not respond
quick enough to feel comfortable” (Participant 30, C1). “The response time of
the robot seems to be higher than practical usage” (Participant 19, C1). Some
phrases of the robot were added to simulate natural communication. However,
these phrases were perceived as unnecessary and irrelevant by some partici-
pants: “Why ‘do you smell something’? This is not what I would expect, I
would rather prefer direct and clear information. I would not want to make
conversation with a robot” (Participant 4, C4). Moreover, some phrases of
the robot were observed as bossy/rude/patronizing/commanding: “‘You cannot
have breakfast now!’ sounds rude and makes the user feel patronized” (Par-
ticipant 8, C4). A participant commented about the data privacy and cyber
security of the robot: “I wouldn’t feel secure knowing that a hacker can reach
all these data and even can manipulate/change the data” (Participant 19, C1).
The competence of the robot was mentioned three times in the comments. Some
participants commented that the accuracy of robot behaviors is important for
trusting the robot. The task type of the robot also matters in trust: “I would
probably feel more at ease if I were to double check the robot’s advice. If the
robot is wrong about where I left my glasses, it’s not the end of the world. If
the robot is wrong about me taking my vital medicines, that’s crucial” (Partici-
pant 24, C1). Another robot-related factor emerging from the comments is the
robot’s speech: “Pepper would benefit from improved speech - her pronuncia-
tion and speech patterns were unnatural and occasionally hard to understand”
(Participant 1, C4). Some of the participants commented that they would rather
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prefer the robot doing some functional actions such as bringing the glasses to
the actor and turning off the stove: “Why didn’t the robot go into the kitchen
to turn off the oven itself?” (Participant 4, C4). “I would like it to see if the
robot could help to bring medicines or bringing the glasses” (Participant 14,
C3). Three of the participants expressed that they found the robot cute and
liked the robot: “I would love to have a robot in my house. I hope this will
become reality soon” (Participant 20, C3).

The questionnaire results and comments provided many insights for our
later experiments, and factors affecting the perception of safety began to emerge.
For example, I used the robot-related factors (i.e., nonpractical robot response
time, rude robot and robot’s actions accuracy) in Study IV. As the participants
did not like the speech of the robot, I used a pre-recorded human voice in the
study with older adults (Study III). The context of the interaction mentioned
in the comments showed the importance of the robot’s task type. Moreover,
since the context of the interaction turned out to be one of the common com-
munication themes, different scenarios were tested in the later experiments. As
mentioned above, participants liked the scenarios in which the actor has control
(on-demand scenarios). This indicated that sense of control should be consid-
ered in our later studies. Trust was another important factor was commented
upon by the participants.

4.2 Study II: Validating the Questionnaire with
Older Adults

This study was a continuation of Study I and contributed to answering RQ1
and RQ2. In this study, the sense of safety and security questionnaire was tested
with older adults. Its results combined with Study I were presented in [Paper
III].

This study was conducted at a (non-laboratory) event called Seniorfestivalen
in Örebro, Sweden, in which older adults were offered different activities, enter-
tainment, exhibitions, and a fair with a focus on health and quality of life. We
had a booth at this event where older people had a chance to come and interact
with Pepper. The visitors could speak with the robot, watch its basic communi-
cation with a researcher, dance with the robot, or watch it dancing. Figure 4.2
shows three pictures from the robot’s interaction with the visitors. The visi-
tors could freely join and leave the booth. Hence, the interaction was relatively
short. I used this opportunity to test our questionnaire and gain the first sub-
jective insights into older adults’ sense of safety and security regarding social
robots. There were approximately 80 visitors who interacted with or watched
the robot. After the interaction, I asked them to fill out our questionnaire. The
visitors appeared to like the robot and enjoyed interacting with it. Many of
them found it very cute and interesting. However, many visitors declined to fill
out the questionnaire. In total, 44 older adults (μage = 70.08, σage = 8.30)
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Figure 4.2: Pepper interacts with older adults.

filled out the questionnaire but only 36 of them (25 females and 11 males)
answered all the questions.

The questionnaire designed in Study I had 12 items. Four of the original
items (unnatural – natural, unpredictable – predictable, fear – ease, and quies-
cent – surprised) were excluded in the questionnaire used in Study II. Hence,
the questionnaire contained eight items. As the visitors of the booth could freely
interact with the robot, the items unnatural – natural and unpredictable – pre-
dictable were not suitable for the interaction. I replaced the adjective “agitated”
with “scary” to make it clearer. Since scary and fear are quite similar words, I
excluded the item fear – ease. The item quiescent – surprised created confusion
and was therefore also dropped. The participants rated the bipolar adjectives
on a five-point semantic differential scale. The revised questionnaire is provided
in Table 4.3.

Table 4.3: The revised questionnaire used in Study II.

While interacting with the robot, I
felt:

Insecure Secure
Anxious Relaxed
Uncomfortable Comfortable
Lack in control In control

I think the robot is:

Threatening Safe
Unfamiliar Familiar
Unreliable Reliable
Scary Calming
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Table 4.4: Distribution of the responses from older adults.

Insecure
0

0.0%
1

2.78%
16

44.44%
13

36.11%
6

16.67% Secure

Anxious
0

0.0%
4

11.11%
14

38.89%
13

36.11%
5

13.89% Relaxed

Uncomfortable
3

8.33%
4

11.11%
6

16.67%
14

38.89%
9

25% Comfortable

Lack in control
5

13.89%
4

11.11%
11

30.56%
9

25%
7

19.44% In control

Unsafe
2

5.56%
2

5.56%
9

25%
14

38.89%
9

25% Safe

Unfamiliar
5

13.89%
5

13.89%
15

41.67%
6

16.67%
5

13.89% Familiar

Unreliable
0

0.0%
4

11.11%
7

19.44%
17

47.22%
8

22.22% Reliable

Scary
1

2.78%
5

13.89%
7

19.44%
19

52.78%
4

11.11% Calming

4.2.1 Results and Discussion

Among the visitors who filled out the questionnaire, only 8 out of 36 (22.22%)
had previously participated in HRI experiments conducted at Örebro Univer-
sity. The remaining 28 had no prior experience in interacting with robots. The
reliability analysis to check the internal consistency of the items of the revised
questionnaire showed that the Cronbach’s α was 0.89. It was computed for the
participants who filled out the entire questionnaire. Hence, the revised ques-
tionnaire has a good internal consistency and can be used in HRI scenarios. A
summary of the older adults’ responses including both number of responses and
the percentage for each option is provided in Table 4.4. It should be noted that
the older adults who visited the booth and interacted with the robot could have
already had positive opinions about robots prior to the interaction. Therefore,
this could have affected their ratings positively.

4.3 Study III: The Influence of Feedback Type

The experimental scenario in this study consisted of a physical memory game.
In the game, participants first watched the robot performing a sequence of basic
arm exercises (see Figure 4.3 for an example of a sequence). Thereafter, they
repeated the sequence of exercises themselves. Hence, the scenario included
both physical and cognitive components. The sequences had three difficulty
levels, easy, medium, and hard, and the level of difficulty was based on the
number of exercises in the sequence. The number of successive arm exercises at
each level was: 1-2 at easy level, 3-4 at medium, and 5-6 at hard. It started with
one exercise and increased up to six exercises, based on the average human
memory span of 7±2 [82] items.
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In this study, the influence of the feedback type was explored with healthy
older adults within the scenario of physical and cognitive training with the
Pepper robot (see Figure 4.3). The study included 23 older adults (μage =
73.95, σage = 5.6). The results were presented in [Paper III].

Figure 4.3: An example exercise sequence from the medium level of Study III.

This study was designed as a between-subjects study with three different
feedback conditions. Each participant was randomly assigned to the flatter-
ing, positive, or negative feedback group. Participants watched the robot per-
forming a sequence of arm motions. After the robot finished demonstrating the
exercise, the robot informed the participants that it was their turn. The partici-
pants repeated the exercise and received feedback based on their assigned group
(i.e., flattering, positive, or negative). The robot’s verbal feedback was recorded
sound files by a native Swedish speaker. Regardless of the participants’ assigned
group, they received feedback based on their actual performance at random
times to keep the robot feedback realistic. This was a design decision, as a
robot that consistently gives the same type of feedback regardless of the partic-
ipants’ performance may be viewed as scripted. A series of snapshots from the
experiment can be seen in Figure 4.4.

4.3.1 Results and Discussion

The results of the SF-12 health survey showed that the participants had men-
tally and physically good health conditions. To test the effect of feedback type
on different measures, I used one-way ANOVA. Older adults rated the robot
with flattering and positive feedback more positively in general. In the accep-
tance questionnaire, the constructs attitude towards technology [F(2, 20) =
4.18,p < 0.05], intention to use [F(2, 20) = 8.54, p < 0.001], perceived use-
fulness [F(2, 20) = 8.39,p < 0.001], and social influence [F(2, 20) = 9.63, p <
0.001] were rated significantly higher in the flattering and positive feedback
groups than the negative feedback group. On the contrary, the participants in
the negative feedback group rated the perceived ease of use construct signif-
icantly higher than the other groups. To compare the responses to pre- and
post-experiment attitude towards robots questionnaire, I performed a paired
t-test. There was no significant difference between pre and post ratings on the
attitude towards robots questionnaire. Moreover, a one-way ANOVA to com-
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ROBOT

HUMAN

FRONT UP SIDE

Figure 4.4: A snapshot from Study III. An older adult interacts with Pepper.

pare the post-experiment attitude towards robots between the three feedback
groups revealed no significant difference.

The analyses of the task evaluation questionnaire indicated that participants
in the flattering feedback group liked exercising with the robot more than the
participants in the negative feedback group [F(2, 20) = 5.45,p < 0.05]. The
participants in the flattering and positive feedback groups perceived the robot
as more appropriate to be a training coach [F(2, 20) = 5.46,p < 0.05]. The
participants in the flattering feedback group thought the robot was safer and
more calming. Moreover, there was a moderate positive correlation between
the robot acceptance and the sense of safety and security (Pearson correlation
with r = 0.57,p < 0.05). Therefore, I claim that the safety perception of the
users should be considered as one of the dimensions of robot acceptance. There
was no significant difference in participant performance between the groups. It
was slightly higher in the flattering feedback group, followed by the positive,
and the negative feedback group.

4.4 Study IV: Factors Influencing Perceived Safety
based on Subjective and Objective Measures

The final user study included a quantitative [Paper IV] and a qualitative part
[Paper VI]. The study incorporated the knowledge gained from our previous
user studies and the multidisciplinary perspective of perceive safety. The quan-
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titative part of the study focused on answering RQ1 (factors influencing per-
ceived safety) and RQ2 (measuring perceived safety). In [Paper II], I identified
the factors influencing the sense of safety and security by consulting gerontol-
ogy and HRI literature, as well as the results of Study I and Study II. The review
of the multidisciplinary perspectives of perceived safety showed that the factors
identified in [Paper II] are consistent with perceived safety of general user pro-
files. Although each discipline views perceived safety from its unique perspec-
tive, there are several common factors associated with it: comfort, predictable
situations, familiar situations (having experience), sense of control, and trust.
The qualitative part of the study focused on RQ3 (guidelines for safe HRI) and
showed an example use of a qualitative questionnaire which can help reveal
underlying reasons of unsafe feelings.

4.4.1 Part I: Factors Influencing Perceived Safety

Building on [Paper II], in the quantitative part, I designed a two-by-five mixed-
subjects design experiment in which the participants and the robot played a
quiz game together. A snippet from the interaction is given in Figure 4.5. There
were two between-subjects conditions: the faulty robot (i.e., the robot had an
error or expressed unpredictable behaviors that are not relevant to the interac-
tion) was either experienced at the beginning or at the end of the interaction.
The purpose of these conditions was to explore the impact of establishing trust
at the beginning of the interaction on perceived safety. There were five within-
subjects conditions. Aside from the baseline (1), the conditions were defined
by different manipulations of the robot’s behaviors to trigger: (2) discomfort,
(3) decreased perceived safety, (4) decreased sense of control, and (5) distrust.
These manipulations were motivated by the argument that there is nothing to
measure in the presence of safety [52]. Moreover, the experimental design was
inspired by stress-related research in which it is common to use different stress
elicitation methods. I aimed to elicit decreased perceived safety by modifying
the robot’s behaviors.

Twenty-seven young adult participants took part in this study. I investigated
the relationship between the previously identified factors and perceived safety
in HRI using subjective measures such as questionnaires and objective mea-
sures such as facial expressions from video recordings and physiological data
using the E4 wristband. The questionnaire data were analyzed to understand
how comfort, sense of control and trust relate to each other and whether any
of them have a larger effect on perceived safety. Perceived safety is also depen-
dent on the individual characteristics such as people’s personality, their physical
capabilities and their activity state during the interaction. Therefore, BFI and
gender questionnaires were used to examine the effect of personal characteris-
tics (personality and gender) on perceived safety. The videos were analyzed to
extract facial features which together with physiological signal data, were used
to estimate perceived safety. One fundamental difficulty in validating the esti-
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mated perceived safety is the lack of a ground truth. Here, I relied on subjective
ratings on perceived safety where the user ratings were utilized as labels.

Figure 4.5: A participants interacts with Pepper in Study IV.

4.4.2 Part II: Guidelines for Identifying Factors Influencing
Perceived Safety

In the qualitative part of the study, the interaction scenario was a slightly
shorter version of the quiz game described above. Thirteen participants inter-
acted with the robot. In the game, the Pepper asked questions by speech and
showed four options on its tablet. Unlike the quantitative part, the robot did
not offer to answer any questions during the game which included 20 ques-
tions. The game lasted approximately 15 minutes. After the interaction, a semi-
structured interview (some user answers were followed by follow-up questions)
was conducted with each participant using the qualitative questionnaire given
in Chapter 5. The duration of the interviews varied between 18 and 54 minutes
(μ = 35.53). Interviews were recorded both through a video camera and the
interview notes.

4.4.3 Results and Discussion

Part I

HRI includes two parties, namely humans and robots, which is why perceived
safety is never determined by the robot’s properties alone. Therefore, I did not
limit the search with the HRI literature. I went through perceived safety studies
from other disciplines to investigate perceived safety from a different point of
view. In this study (Study IV), I observed the effects of selected robot-related
factors (robot’s feedback, unpredictable behaviors, persistent utterances, and
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system failure) on human-related factors (comfort, perceived safety, sense of
control, and trust). Besides these factors, the users’ affective states and indi-
vidual human characteristics were examined. The experimental results showed
that these characteristics, i.e., gender and personality traits, affect perceived
safety of humans during HRI. People who have low neurotic personality traits
felt safer and more in control during the interaction. Female participants felt
less safe, less in control, and less positive than male participants throughout the
interaction.

Whether the faulty robot was used at the beginning or at the end of the
interaction did not have any effect on perceived safety. All subjective ratings
were highest in the baseline condition. The subjective ratings showed that the
manipulations of the robot behaviors for creating discomfort, decreased sense
of control, and distrust created the intended effects as they indeed influenced
perceived safety of the participants. Short-term unpredictable robot behaviors
did not influence perceived safety or the other factors. The results showed that
perceived safety is correlated with comfort, sense of control, and trust. There
were also varying degrees of correlation between other factors. When using
subjective perceived safety ratings as labels and classifying facial emotions and
physiological data, the prediction rate on physiological data was higher.

The experimental validation of the presented experimental paradigm for
perceived safety and its factors provides new insights regarding the possibilities
and limitations of transferring the multidisciplinary perspective of perceived
safety to HRI. It should be noted that there was a novelty effect since many of
the participants had not interacted with a real robot before. The experiments
in the controlled environments have the limitations that they cannot reveal the
true reactions of the participants, as they know that if anything goes wrong,
the experimenter will intervene. This was also the case in our study.

This study investigated perceived safety and the relationships between dif-
ferent factors together with objective features obtained from affective and phys-
iological data. The case study was a simple scenario with a social robot, how-
ever, the study design may be relevant for several other types of platforms.
The shift in perceived safety under different conditions was observable. There-
fore, it can be argued that the effects of these factors could be similar in other
human-machine systems.

Part II

The qualitative part of Study IV showed that the proposed qualitative question-
naire can be helpful for HRI studies as understanding perceived safety requires
a holistic approach that encompasses different factors. This study shed a light
on the factors that should be considered for psychologically safe HRI design de-
cisions, especially in the application domain of social robots. In the interviews
using the proposed questionnaire, the most mentioned robot-related factors
were social properties like verbal communication, friendliness, feedback of the
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robot, interactive communication, lifelikeness, and expressive robot behaviors.
Therefore, I suggest that these factors should be considered for providing per-
ceived safety with social robots. In line with HRI studies [104], the proximity
and physical appearance of robots were mentioned by our participants. Func-
tional properties of the robot that are related to the task the robot performs
include an interface showing the internal state of the robot, and the robot
informing the user before coming closer or explaining its failures were other
factors lifted by participants. The detailed results were presented in [Paper VI].



Chapter 5
Guidelines for Perceived Safety
in HRI

In this chapter, I distill my findings into a taxonomy and a set of questions
to be used for identifying the robot-related features that influence perceived
safety in HRI. There are two central aspects to ensuring perceived safety during
human-machine systems interaction: 1) understanding and evaluating perceived
safety through direct and indirect measures and 2) utilizing the evaluated safety
perception for adapting the robot’s behaviors. The main contribution of this
thesis is in understanding perceived safety. I consider that before directing all
efforts toward the pursuit of the robots’ behavior adaptation, fundamentals of
the perceived safety need to be grounded.

Due to the complexity of human feelings, perceived safety is broad and en-
compasses several factors. These factors are identified based on the literature
provided in Chapter 2 and the findings from the user studies given in Chapter 4
which suggest that perceived safety in HRI includes multiple dimensions, and
incorporates both robot-related and human-related factors. I identified six main
factors that influence perceived safety. These are 1) the context of robot use, 2)
comfort of the user, 3) experience and familiarity with robots, 4) trust, 5) the
sense of control over the interaction, and 6) transparent and predictable robot
behaviors. These factors can help researchers to quantify perceived safety dur-
ing HRI. The quantification of perceived safety can yield computational models
that would allow robots to adapt their behavior to mitigate psychological harm.

5.1 A Taxonomy of Factors Influencing Perceived
Safety in HRI

This section first walks the reader through the motivation behind why some
factors are closely associated with perceived safety. Afterwards, the taxonomy
of these factors is presented.

47
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I started out studying perceived safety in HRI based on the definition and
the questionnaire presented in [11]. After Study I (video-based study featuring
eldercare scenarios) and Study II (older adults’ spontaneous interaction with a
robot), influencing factors of perceived safety started to emerge.

Study I included both a questionnaire and an option to provide free-text
comments. Analysis of participants’ comments after Study I revealed two main
themes: robot-related factors and context of robot use (discussed in Chapter 4).
The comments for robot-related factors are grouped by: the robot’s response
time, its communication style, security, the accuracy of its actions, and useful-
ness of the robot. The comments regarding context of use showed that how
comfortable people would feel, or how much they would trust the robot, de-
pends on the type of robot task. For example, when the robot reminded the
users about important medication, they would hesitate to trust the robot. How-
ever, when the robot reminded the users about where the glasses were, they
would go and look for them. The consequences of not finding the glasses where
the robot suggested would not be severe. On the other hand, taking the same
medication twice can cause health problems. Moreover, participants liked the
scenarios in which the robot was passive and the user initiated the interaction.
This highlighted that having control over the interaction could be an influenc-
ing factor of perceived safety.

Using the data from Study I and Study II, a model for perceived safety was
presented in [Paper II]. The proposed model included two main factors: human-
related factors and robot-related factors. These factors were determined based
on the HRI literature, gerontology literature and the insights obtained from the
user studies. Study III investigated the impact of social properties (i.e., verbal
feedback) of the robot on perceived safety and acceptance. Building upon these
studies, I conducted Study IV to further explore the factors identified in [Paper
II]. Study IV consolidated the factors considered in [Paper II], and revealed a
new factor: transparent robot behaviors. To summarize, the main influencing
factors of perceived safety are identified as context of use, comfort, experience
and familiarity, predictability and transparency, sense of control, and trust.

I revisited the HRI literature and reviewed the studies that include the iden-
tified six factors to extract the robot-related factors. The findings from the lit-
erature were further categorized into four robot-related factors. The final cate-
gorization of robot-related factors is as follows: action and movement, physical
properties, functional properties, and social properties. The action and move-
ment are the features related to the robot’s actions and movement (e.g., smooth-
ness, motion trajectory, approach distance to humans, etc.). The physical prop-
erties of the robot are the features related to the robot’s physical appearance
(e.g., size, shape, anthropomorphism, etc.). The functional properties of the
robot are the features related to the task it performs (e.g., performance, an
interface showing the progress of the task, etc.). The social properties of the
robot are the features related to robot’s interaction and sociability capabilities
(e.g., friendliness, life likeness, communication, etc.). Chapter 2 summarized
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robot-related factors that are associated with the six identified main factors.
It is important to determine robot-related factors, as the characteristics of the
robotic system can be adapted for providing perceived safety in HRI.

Figure 5.1 organizes the human-related and robot-related factors presented
in Table 5.1 into a taxonomy. The list of factors is not exhaustive since there

Perceived Safety

Comfort

Sense of Control

Experience & Familiarity

Trust 

Human-related Factors Robot-related Factors

Physical Properties

Functional Properties

Action/Movement

Social Properties

Anthropomorphism 
Physical appearance
Size
Robot type

Warning/informing of
physical contact
Emergency buttons
Robot's competency
Interface (visual,
audiable)
Task performance
Level of autonomy
Adaptability
Failures

Speed
Distance
Reaction time
Motion trajectory
Predictable motions
Approach direction
Approach speed
Motion fluency

Personality
Friendliness
Feedback
Eye gaze, contact
Communication
Interaction duration
Interaction frequency
Sociability

Predictability &
Transparency

Context of Use Individual
characteristics

Figure 5.1: The perceived safety taxonomy for HRI. The taxonomy includes
human-related and robot-related factors, among them the six main factors de-
picted with blue boxes. The modification of a robot’s physical, functional and
social properties, as well as its actions will influence the six main factors.

can be many individual human characteristics that can affect perceived safety.
The literature is not clear about how different factors that relate to perceived
safety. In [Paper IV], we presented the relationships between the factors (com-
fort, sense of control, trust, and perceived safety). Due to the bidirectional na-
ture of HRI, human-related factors and robot-related factors cannot be treated
separately from each other. Moreover, the interaction between factors are com-
plex, since some of the personal characteristics (e.g., gender, and personal-
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ity) are static whereas others (e.g., preferences regarding robot’s features) can
change over time. In addition, robot-related factors can be modified. Although
the robot-related factors influence the human-related ones, I do not indicate
causal relationships between human-related factors and robot-related factors in
the presented taxonomy. There is a need for more empirical research and sys-
tematic investigation which can illuminate the intricate dynamics of different
factors, especially for drawing connections between robot-related factors and
the six main factors. It may be hard to find direct connections between the fac-
tors, as one robot-related factor may affect more than one human-related fac-
tor. However, the proposed taxonomy can be helpful in identifying the source
of unsafe feelings and thereby finding possible mitigation strategies.

Perceived safety is influenced not only by actual safety outcomes but also
by subtle social and psychological factors. To exemplify, a person in the same
environment as an autonomous mobile robot may not feel safe due to the lack
of trust in its ability not to collide with them. In the same example, if the robot
projects a light on the floor showing its navigation direction, the human may
feel safer due to the transparency of the robot’s navigation [21]. Therefore, the
robot must be physically safe, transparent, and predictable for people around
it. These qualities can be achieved with a holistic approach.

The proposed taxonomy (Figure 5.1) is the first within the context of HRI,
so it may serve as a starting point for developing similar taxonomies and mod-
els.

5.2 Guidelines for Safe HRI

This section presents a set of guidelines for psychologically safe HRI.

5.2.1 Guidelines for Identifying Influencing Variables of
Perceived Safety

I developed a qualitative questionnaire based on the taxonomy given in Fig-
ure 5.1 which is designed based on the user studies, and the HRI literature.
The questions in the questionnaire are designed such that they can be used with
end-users for understanding the underlying reasons for unsafe feelings during
HRI. The main strengths of this questionnaire come from its wide applicability
to different types of robots and its broad and exhaustive scope, which makes
it suitable for a multidisciplinary team. The qualitative questionnaire given in
Table 5.2 can be used to understand the factors that influence perceived safety.

It explicitly includes questions about the underlying causes of people’s per-
ceptions and feelings as well as possible robot-related characteristics causing
these feelings. Once the underlying robot-related factors have been identified,
the corresponding features can be altered for safer HRI. The use of the question-
naire can enable a refinement of robot actions and thereby promote perceived
safety among users. The questionnaire can also help to explicate the reasons
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for unsafe feelings and make the interaction better tailored to user preferences.
Moreover, the questions can help to draw a clear conclusion about the main
factor (among the six identified in the taxonomy) that results in feeling un-
safe, whereupon the robot-related factors which can potentially influence that
specific factor could be checked and modified.

To exemplify, if the users did not trust the robot thinking that the its level
of automation was high, they could be given an option to take over the control
whenever they feel unsafe. This has also been expressed for automated vehicles’
perceived safety in [88], in which the participants deemed it necessary to take
over vehicle control in certain conditions for them to feel safer. Another exam-
ple can be regarding the context of use: if the robot’s task is entertaining the
users with a quiz game, the robot may be seen as unreliable when it answers the
questions wrong. However, if the robot’s task is reminding about an important
medication, the the robot’s failure may risk a person’s health. These examples
were revealed in our user studies. The proposed questions can help to reveal
many more aspects regarding perceived safety in HRI.

The use of the qualitative questionnaire (Table 5.2) was shown in the qual-
itative phase of Study IV which involved thirteen semi-structured interviews.
[Paper VI] presents a validation study of these questions, including how to use
these questions, how to interpret the results, and how the findings align with
the HRI literature.

5.2.2 Guidelines for Maintaining Perceived Safety During HRI

As humans and robots enter into processes of mutual adaptation, the dynamics
of interaction between humans and robots will change over time [64]. People
might become less cautious around robots, or their daily routines may shift
due to changes of habits or functional decline. To facilitate natural interaction,
robots must adapt to these various conditions and user needs. HRI research
has shown the efficiency of personalized interaction. For example, people who
received personalized lessons from a robot tutor outperformed persons who
received non-personalized lessons with regards to learning gains [71]. Similarly,
adapting robot behaviors based on users’ perceived safety can help to maintain
safe HRI.

The main contribution of this thesis (understanding perceived safety) can
support information acquisition and processing to identify the factors that in-
fluence perceived safety. Then, the question that follows is “what the robot
should do to maintain perceived safety”. Perceived safety is a personal concept,
i.e., it is difficult to generalize across people and to find a ground truth. RL
could be a suitable method for this kind of adaptation. I conducted a review on
RL applications in social robotics. However, this work was not followed by an
implementation of our own for two reasons: 1) the main focus of this thesis is
understanding perceived safety in HRI, and 2) the identified challenges of RL
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applications in real-world scenarios. The challenges of RL in social robotics
have been discussed in detail in [Paper V].

To summarize, the social robot learning problem is different than many
other robot adaptation problems. Often, social robots should be able to learn
new tasks and task refinements in unstructured environments. Many HRI stud-
ies are conducted in controlled environments, however, when humans enter the
scenario it is impossible to control every aspect of the interactions. Another
particular challenge is learning in real time from human-robot interactions. RL
agents need many samples to learn which would mean long interaction time
with humans. Such long interactions can be tedious and impractical for the
users. In addition, a considerable amount of interaction time can wear out the
robot’s hardware. An alternative can be to use a simulated world to train the al-
gorithm and deploying it on the real robot. However, simulating the real-world
can be challenging, especially to model relevant human behaviors. Simulating
the human requires a predictive model of human interactive behaviors and so-
cial norms as well as modeling the uncertainties of the real-world. Furthermore,
the use of RL in social robotics poses other challenges such as devising proper
reward functions and policies, as well as dealing with the sparseness of the re-
ward signals. Therefore, [Paper V] was not followed by an implementation and
it is included to the thesis as an independent contribution and a step towards
future work.

5.3 Discussion

Our overarching goal is to develop a framework for perceived safety in HRI.
To reach this goal, the factors resulting from the literature and the empirical
research have been organized in a taxonomy (illustrated in Figure 5.1). Al-
though this taxonomy focuses on social robots, the identified characteristics
are relevant to other types of robots and autonomous systems. This taxonomy
categorizes human-related and robot-related factors. Additionally, based on the
taxonomy, I propose a set of qualitative questions. These questions are intended
to be treated as guidelines to provide perceived safety. Moreover, they can draw
links between human-related factors and robot-related factors. The questions
can be incorporated in interaction design decisions to mitigate the factors that
can potentially harm perceived safety.

As robots increasingly enter into unstructured environments to perform
many different tasks, they will need to adjust or adapt their behaviors when
people feel unsafe. So far the number of robots that can adapt their behaviors
based on the psychological state of people in the HRI literature is limited. Since
the focus of this thesis is social robots, sensing can be done mostly through
communication channels (e.g., the user’s speech, emotions, behaviors, etc.).
The interactions with social robots involve interactive elements. For longitu-
dinal interaction with social robots, they must learn incrementally from their
interactions. The expected users of social robots are non-experts. When we
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consider continuously evolving interactions, user needs and preferences change
over time, which makes hand-coded rules very labor-intensive.

Since it is expected that social robots should have an ability to learn new
tasks and task refinements in domestic and unstructured environments in real
time, supervised and unsupervised learning become impractical. RL is an ac-
tive process which involves learning through the agent’s interactions with the
environment. Unlike supervised learning methods, there is no need for output
labels. Instead, it trains interactively based on reward signals and refines its
behavior throughout the interaction.

Since interaction and communication capabilities are characteristics of so-
cial robots, the communication mediums are useful for the social robots’ adap-
tation [Paper V]. Transparent robot actions are not only necessary for safe HRI
but also for interactive RL. This is especially valid when a human trainer is
teaching actions to a robot [116]. Algorithmic transparency, such as showing
the internal policy to the human teacher, can help to achieve increased perceived
safety and success in RL. However, the presentation of the robot’s internal pol-
icy might not be very straightforward for naive human teachers. It should be
easy to understand. Social robots can use some social cues to convey their in-
ternal state [116], thus increasing transparency and helping people feel safer
[Paper VI]. These kinds of transparent behaviors in which the robot commu-
nicates the internal state can help people to feel safer [Paper VI]. Since per-
ceived safety is dynamic and user-dependent, using information from different
modalities captured with multimodal sensors can be more useful for estimating
the safety perception. Such unobtrusive measurements of perceived safety by
combining information from different modalities can be beneficial for real-life
applications.
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Table 5.1: The robot-related factors considered in the HRI literature as influ-
encing factors of perceived safety. Some of the studies did not directly focus on
perceived safety but, comfort, context of use, sense of control, predictability,
transparency or trust.

Robot-related factors Reference

Functional
properties Physical contact [96, 128]

Pre-warning [24]

Emergency buttons [92, 129]

Robot competence [92, 96]

Visual interface [13, 46, 118]

Audible interface [92, 118]

Performance [54, 121]

Task and role [56, 104]

Level of autonomy [23, 47, 69]

Failures [47, 53]

False alarms [35, 47]

Action and
Movement Speed and velocity [104, 128]

Approach speed,
direction,
distance

[29, 65, 104, 129]

Proximity [47, 104]

Motion trajectory,
fluency [104, 121]

Predictable motion [92, 104]

Physical
Properties Physical appearance [47, 69, 87, 104]

Anthropomorphism [47, 58, 104]

Social
Properties Communication [21, 104]

Eye gaze, contact [92, 113]

Robot personality [47, 56]

Sociability [121]

Interaction duration,
frequency [74]
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Table 5.2: The qualitative questionnaire to study the factors influencing per-
ceived safety in HRI.

Human-Related Factors Robot-Related Factors

Comfort: Were you comfortable
during the interaction? Why?
In which part of the interaction
did you feel the least comfortable?
Why?

Can you think of any additional
robot features that would make you
more comfortable?

Context of use: Would you use this
robot in your own life?

Which tasks would be suitable for
this robot?

Safety: Would you feel safe if this
robot was not operated under the
supervision of a researcher? Why? In
which part of the interaction did you
feel the least safe? Why?

Can you think of any additional
robot features that would make you
feel safer, physically or mentally?

Sense of control: Did you feel in con-
trol during the interaction? Why?
Would you want to feel in control
of the interaction and robot actions?
How? In which part of the interac-
tion you did you feel the least in con-
trol? Why?

Can you think of any additional
robot features that would make you
feel in control?

Transparency and Predictability: Do
you think this robot’s actions were
transparent and predictable? Why?
Which actions were the least trans-
parent? Can you think of any ad-
ditional robot features that would
make this robot more transparent
and predictable?

Trust: Would you trust this robot
that it will not harm you and its en-
vironment? Do you think this robot
is reliable and competent to do the
given task? In which part of the in-
teraction did you trust the robot the
least? Why?

Can you think of any additional
robot features that would make this
robot more trustworthy?

Experience and Familiarity: How fa-
miliar are you with robot? (have
worked with, seen or interacted with
robots)

Were there any robot features that
made this robot unfamiliar to you?





Chapter 6
Summary and Conclusions

This chapter summarizes the work presented in the included papers and pro-
vides the answers to the research questions that guided the work in this thesis.
Summaries of the user studies were given in Chapter 4. The details concerning
the experimental data and results are described in the papers. The highlights
and the contributions of the six papers are:

• Paper I presents the first version of a questionnaire to be used for measur-
ing safety perception in HRI through an online user study with 100 par-
ticipants. The results showed good internal consistency within the items
of the proposed scale.

• Paper II extends Paper I to test the proposed questionnaire with older
adults. The paper also presents a model for safety perception of older
adults during HRI, using the data from Study I and Study II.

• Paper III presents the influence of robot feedback on safety perception
and acceptance of older adults in a robot-assisted training scenario. The
results showed that older adults favored the robot with flattering and
positive feedback.

• Paper IV presents a user study that combines the multidisciplinary per-
spective of perceived safety and insights from Study I, II, III, IV. The
results revealed that the subjective ratings show a correlation between
comfort, sense of control, trust, and perceived safety. Moreover, individ-
ual human characteristics (such as personality and gender) are important
to consider. Physiological signals could be a promising objective measure
for perceived safety.

• Paper V presents a survey of reinforcement learning methods in social
robotics. The paper summarizes the literature based on the communi-
cation medium in reward formulation and the reward type used in the
included papers.
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• Paper VI presents the qualitative part of Study IV which includes a ques-
tionnaire for understanding the underlying reasons of unsafe feelings to-
gether with an example use of the qualitative questionnaire explaining
how to use and interpret the results.

6.1 Summary of Contributions

6.1.1 Research Question 1

The first research question focused on understanding perceived safety in HRI:
What are the factors that characterize perceived safety in HRI?

Perceived safety in HRI is not yet well studied and defined, therefore there
is a theoretical gap in the literature. To understand and define perceived safety,
I first consulted both the HRI literature and the gerontology literature (due to
the focus of SOCRATES project). Later, I extended the search range to multi-
disciplinary literature that use the term perceived safety. Moreover, I conducted
three user studies (Study I, Study II and Study IV) to compile the findings from
different disciplines and test them. The first two user studies (Study I and Study
II) focused on a specific group, i.e., older adults. The final study (Study IV) on
the other hand focused on general user profiles and the perspective of perceived
safety from different disciplines.

In Study I, the focus was on eldercare scenarios and the nonverbal ges-
tures of the robot. The participants’ comments showed the importance of the
robot’s functional features. Participants commented that in the finding objects
scenario, they would prefer the robot bringing the glasses instead of merely
reporting their location. In the same study, participants expressed the impor-
tance of a robot’s social characteristics, as they commented that the robot was
“bossy”. Moreover, comments were mentioning that smart sensors can do the
robot’s tasks. Therefore, the aspect of the robot’s physical characteristics has
been added to the factors. Using data from Study I and Study II, I presented
a model for older adults’ perception of safety in HRI. The emerged factors in
this model were comfort, having experience with robots, sense of control, sense
of security and trust. For a better understanding of perceived safety in HRI,
I reviewed papers from different disciplines to go beyond the thematic limi-
tation. Study IV incorporated the literature review, the lessons learned from
the previous user studies and the perspective from different disciplines. The
results of this study showed that the factors influencing perceived safety are
consistent with the factors I identified for older adults and robot interaction.
An additional factor emerged after Study IV: transparency. The main factors
influencing perceived safety are shown in Figure 6.1. This figure is the result
of the different user studies with each user study contributing to a different as-
pect of it. This thesis contributes to the theoretical understanding of perceived
safety by analyzing the term from different perspectives. After analyzing per-
ceived safety from several perspectives, I provide the following definition for
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Perceived Safety

Comfort Predictability and
TransparencySense of ControlExperience and Familiarity Trust Context of Use

Figure 6.1: The main factors influencing perceived safety.

perceived safety in HRI: the consequences of robot-related factors (i.e., physi-
cal, functional, social properties and gestures of a robot) do not cause distrust,
discomfort, lack of control over the interaction; and the person feels familiar
with the robot and the situations that are the results of the robot’s behaviors.
The person feels confident and safe in what actions the robot takes and why
the robot takes those actions.

6.1.2 Research Question 2

The second research question addressed in this thesis concerns measuring per-
ceived safety during HRI: How to measure perceived safety in HRI?

Since the most commonly used measure for perceived safety in HRI litera-
ture is questionnaires, I designed a questionnaire to contribute to the measuring
tools [Paper I] as an initial step. In the questionnaire design, the perceived safety
questionnaire from Godspeed [11], which is a commonly used measure in the
HRI literature, was used as a basis. After a thorough review of the perception
of safety and security in HRI and gerontology, I added nine items to Bartneck
et al.’s questionnaire [11] and removed three items. The final questionnaire in-
cluded 12 items and was designed as bipolar adjectives which are rated on a
five-point semantic differential scale. To have control over the robot scenarios,
the first version of the questionnaire was developed for, and tested within, a
video-based study, Study I. The questionnaire was revisited and validated with
older adults in Study II. The final questionnaire allows participants to assess
how they felt during the interaction using four bipolar adjectives: insecure –
secure, anxious – relaxed, uncomfortable – comfortable, and lack in control –
in control. The questionnaire also requires that the participants rate opinions
regarding the robot on four bipolar adjectives: threatening – safe, unfamiliar –
familiar, unreliable – reliable, and scary – calming.

Developing a standardized evaluation procedure for measuring perceived
safety is a challenge requiring an appropriate experimental paradigm. Toward
this goal, I proposed an experimental design in Paper IV. It was inspired by the
discussion of Hollnagel [52] and the studies in emotion recognition. Hollnagel
discusses the concept of safety as a science, and argues that there is nothing to
measure in the existence of safety [52]. Emotion recognition studies use stimuli
such as pictures, sounds, or movie clips to elicit emotions. In these studies, sub-
jective assessments are used to validate that the intended emotions are elicited.
In a similar vein, I proposed an experimental paradigm to trigger the lack of
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perceived safety and the factors influencing it. Similar to emotion recognition
studies, the subjective assessments were used to validate the intended effect.
In Study IV, I used the described experimental paradigm that aims to create
conditions to make humans feel unsafe. As HRI includes two parties (i.e., hu-
mans and robots), I compiled the perspective of perceived safety from different
disciplines in a user study in which the robot-related factors were modified to
trigger the lack of perceived safety and the factors influencing it. The results
of Study IV showed that decreased perceived safety is more observable than
increased perceived safety. This was found using both subjective and objective
measures. The quantifiable measures occur under unsafe conditions. Therefore,
this experimental paradigm can be used to investigate perceived safety in other
human-machine systems.

In the survey by Lasota et al. [66], the measures for safety perception eval-
uation have been categorized as questionnaires, physiological sensing, and be-
havioral metrics. In Study IV, I used all three kinds of measures. Using the
videos and physiological signal data collected during Study IV, I extracted elec-
trodermal activity and heart rate variability related features. Similar to emotion
recognition studies, the extracted features were used to predict perceived safety
by utilizing subjective assessments as labels. The classification accuracy for fa-
cial affect data was 0.56 with kNN, and 0.57 with SVM. The classification ac-
curacy was higher for physiological data; 0.79 with kNN, and 0.70 with SVM.
Considering the complexity of the concept of perceived safety, facial features
and physiological signal data are promising objective measures for perceived
safety. They can be collected in a non-intrusive way during HRI using only a
webcam and a smartwatch.

6.1.3 Research Question 3

The third research question focused on guidelines for psychologically safe HRI,
asking What are the guidelines for designing HRI such that the interactions are
perceived as safe?

In this research question, the aim was to provide guidelines for identify-
ing the influencing variables of perceived safety and for maintaining perceived
safety during HRI. Once being able to measure perceived safety of the robot’s
user, it is important to sustain higher levels of perceived safety throughout the
interaction. As established in RQ1 the robot-related factors are particularly im-
portant to maintain increased perceived safety. In Study III, by taking the con-
text of robot use into account, I altered the scenario to robot-assisted physical
and cognitive training in which the focus was on the robot’s social properties
(e.g., verbal feedback) and older people’s perceived safety and acceptance. I
investigated the influence of feedback given by a robot on the various facets
of participant experience. The robot provided flattering, positive and negative
feedback. Results showed that the robot with flattering and positive feedback
was appreciated by older adults, even if the feedback did not necessarily cor-
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respond to their training performance. This result suggests that HRI designers
should focus on robots with positive attitude to achieve acceptance, which is
especially valid for older adults as users [Paper III].

In Chapter 5, I distilled the findings into a taxonomy and a set of guidelines
for increased perceived safety during HRI. Based on the user studies presented
in Chapter 4, I defined the main influencing factors of perceived safety. The HRI
literature background given in Chapter 2 guided us to identify the robot-related
features which are outlined in the taxonomy. I also developed a qualitative
questionnaire based on the factors that influence perceived safety, to be used
for identifying influencing variables of it and the underlying reasons for unsafe
feelings during HRI [Paper VI].

The dynamics of interactions between humans and robots can change over
time. Therefore, robots must adapt to these varying conditions and user needs
for natural interaction. ML methods have been employed for adapting robots
to individual preferences, one of them being RL. As an initial attempt towards
robot behavior adaptation based on the perceived safety of the user, a literature
survey has been conducted as part of this thesis. The scope of the survey was
focused on studies that use RL methods and include physically embodied social
robots in real-world HRI with users [Paper V].

The survey analyzed and categorized the studies based on four different
criteria: RL type, the utilized communication mediums for reward function for-
mulation, the nature of the reward function, and the evaluation methodologies
of the algorithms. The categorization based on the used RL methods includes
bandit-based methods, value-based methods, policy-based methods and deep
RL. As capability to communicate is a prominent feature of social robots, a
categorization was provided based on the communication medium used for
reward function formulation including verbal communication, nonverbal com-
munication, affective communication, tactile communication, and additional
communication media between the robot and the human. There were studies
which utilized higher interaction dynamics for reward formulation such as en-
gagement, comfort, and attention. The third categorization provided was based
on the nature of the reward formulation including interactive reinforcement
learning, intrinsically motivated methods, and task performance-driven meth-
ods. The evaluation procedure in HRI is not an easy task, especially the eval-
uation of RL algorithms in real-world HRI is challenging. Therefore, the last
categorization given regarded evaluation methods. Three types of evaluation
methods were identified: an evaluation from the algorithm point of view, eval-
uation and assessment of user experience-related subjective measures, and eval-
uation of both learning algorithm-related factors and user experience-related
factors. Besides these categorizations, I provided key concepts that are needed
to formulate HRI problems as a RL problem. These include the input data, state
space and action space representation, the reward function, the communication
medium in the HRI scenario, the main experimental results, the experimental
scenario and its validation.
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6.2 Conclusions

6.2.1 Societal and Ethical Considerations

Physical safety has been considered to be the main dimension in safety regula-
tions for robots and therefore, safety was looked at from a narrow perspective.
Robots are more and more employed in daily life and interact with humans
physically and socially. This new type of HRI may have consequences on indi-
vidual users and societies alike, including social, mental and affective aspects, as
well as trust, long-term health and cyber security [76]. Fatigue or robot-related
stress could cause physical or emotional harm. As of yet neither safety stan-
dards nor regulations are directed attention at mitigating hazards linked with
perceived safety [119]. Utilizing questionnaires to measure perceived safety is
the most common approach in HRI, however, objective measures are needed
in practice. I showed that facial expressions and physiological signals collected
using a smart wristband could be a promising approach since they are un-
obtrusive. However, these measurements raise ethical questions regarding the
collection, protection, management, and storage of users’ data. People may feel
unsafe knowing that they are being monitored by robots with cameras and sen-
sors to record their vital signs and track their daily activities. Data privacy and
transparency should be given special consideration in every stage in the design
of intelligent robots [76].

Devices connected to the Internet carry a potential threat to security and
privacy. Cyber attacks can have a psychological impact on individuals in the
form of anxiety, worry, anger, outrage, and depression [10]. Domestic robots
that are connected to the Internet can be hacked by unauthorized parties to
steal personal data, spy on people through the robot’s sensors and physically
command the robot, which has the potential of physical harm. Perceived safety
cannot be regarded separately from security of robots. Security flaws not only
affect the physical safety but also affect perceived safety of the robots with
psychological consequences.

6.2.2 Limitations

There are limitations of this thesis worth noting. First, the user studies included
only a limited number of participants. This was due to the global pandemic
which made conducting user studies very challenging in the last two years of
this Ph.D. work. Second, although the user studies included a range of different
age groups (i.e., older adults and younger adults), participants were recruited
from local networks, i.e., around the university, which may have led to an
under-representation of diverse demographics. Future research should include
more participants from different educational and cultural backgrounds. Third,
despite the different interaction scenarios, for better generalizability of the re-
sults more research with different interaction scenarios, more participants and
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different robotic platforms are needed. Fourth, the presented user studies were
single-session interactions. Longitudinal studies are needed to explore the long-
term psychological effects of robots, especially perceived safety, on people’s
overall health. Therefore, future research will include long-term studies with
different robotic platforms.

Experiments conducted in a controlled laboratory environment are subject
to certain limitations. Participants naturally feel safe knowing that the experi-
ment will not cause them real harm and that the experimenter can intervene in
case of emergency; it is a confounding variable. If the same participants interact
with the same robot in an uncontrolled environment without the supervision of
the experimenter, their perception of safety can be different. Therefore, observa-
tions in uncontrolled environments are needed to fully elicit the true reactions.
To reveal the actual effects of interactions with robots, data collected in the
wild is a requirement. However, it can bring about some ethical problems, as
robots should not cause any harm for humans as discussed in Section 6.2.1.

6.2.3 Future Research Directions

There are interesting future directions that remain to be explored such as how
people’s perceived safety changes over time, how the safety perception affects
misuse and disuse of robots, and how they can be mitigated. More empirical
studies are needed to identify the causal relationships between robot-related
premises and human-related factors. The change in perceived safety in relation
to physical safety and cyber security over time can be a fruitful future direc-
tion. It could be investigated by deploying robots to private homes over a long
period of time. Furthermore, perceived safety is too complex to measure with
only one type of sensor. Multimodal affect detection systems have been shown
to outperform unimodal ones [34]. Therefore, perceived safety could be bet-
ter observed from multimodal data. This could be another intriguing area to
explore.

The impact of physical properties of robots on perceived safety can be an-
other future direction. Moreover, the investigated factors can be tested on dif-
ferent robotic and autonomous systems with varying size, shape, design and
embodiment such as autonomous vehicles and robotic manipulators. When it
comes to physical HRI which refers to physical collaborations between hu-
mans and robots, the robustness of the robot’s software and hardware is not
only important for providing physical safety, but also for perceived safety. If a
robot does not operate correctly in the presence of invalid inputs or uncertain-
ties, users will not trust the robot and thus perceive it to be less safe. The robot
must be robust enough to deal with unpredictable situations and avoid harmful
effects on humans and the environment. The relationship between the robot’s
performance, robustness and perceived safety could be another interesting fu-
ture direction.
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Exploring the relationship between perceived safety, trust, and transparency
in autonomous systems could be another interesting research direction. Differ-
ent relationships between these concepts could be investigated such as the im-
pact of trust, over-trust, and under-trust in perceived safety. Another future
direction could be to study how much transparency a system should have,
and how to deliver the system explanations (i.e., the correct communication
medium). It can be tedious for the users, if a system explains all its actions.
Therefore, there is a need for developing systems that can explain in time with
the right amount of information through the right communication medium
(speech, text, lights, etc.).

6.2.4 Final Words

The research in this thesis focuses on perceived safety in HRI. Safety of robots
does not simply imply preventing physical harm of robots to users. All possible
adverse effects caused by interactions with robots should be prevented includ-
ing physical, psychological, and security hazards. Perceived safety is a psycho-
logical concept which is crucial to the acceptance of robots and autonomous
systems. Although technological advances contribute to improving the physi-
cal safety of autonomous systems, people’s perceived safety toward these sys-
tems plays an equally critical role in the acceptance of them. Therefore, in
this thesis, I studied perceived safety extensively using different scenarios. The
key influencing factors of perceived safety were identified, and an experimental
paradigm was proposed together with objective and subjective measures. Both
human-related and robot-related factors were discussed.

Notwithstanding the limitations, this thesis provided novel insights into the
concept of perceived safety in the context of HRI, investigating its influencing
factors. The thesis also identified the gaps in the HRI literature and proposed
solutions for them. Moreover, this thesis proposes a set of guidelines and ques-
tions to be used in HRI studies for understanding the underlying reasons for
people’s feelings of safety. I encourage further research on the relationship of
the factors presented here, as well as on the actual practices of the proposed
questions for determining perceived safety.
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