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SUMMARY

Robots are increasingly navigating our living environments and must navigate socially
to be accepted. While existing socially aware navigation (SAN) approaches enable
robots to interpret and communicate social information to navigate efficiently, safely,
and in a socially acceptable manner, they often overlook potential conflicts and
errors in real-world human-robot interactions. This thesis contributes to SAN by
investigating how robots can adapt their inappropriate navigation behavior based
on human feedback (perceived appropriateness), leading to smoother and less
error-prone human-robot interactions.

At the core of SAN approaches is the understanding and processing of information
communicated between humans and robots, enabling agents to adapt to each
other. Despite extensive research, most studies focus on specific aspects of human-
robot interactions, limiting a comprehensive understanding of robot information
communication capabilities. In Chapter 2, we conducted a scoping review to
synthesize the information investigated in the existing literature to identify research
gaps and inform future investigations. The information was categorized into future
behaviors, social signals, and proxemic zones, where social signals were the most
informative as they influence other information. Within the social signals examined,
the information of perceived appropriateness (PA) of robot navigation behavior was
the most informative. It directly indicated the appropriateness of robot behavior,
facilitating informed adaptations directly related to human preferences and needs.
However, this crucial information has remained the least investigated and deserves
further investigation.

A field observation study was conducted in Chapter 3 to investigate human PA
and responses to robot navigation behaviors in conflicting situations. The results
revealed that narrow spaces lead to richer perceived appropriateness and higher
expectations for robot adaptations. The study identified environmental factors (e.g.,
path width), human demographics, and robot behaviors as significant contributors
to human yielding behavior and PA. This underscores the importance of studying PA
in narrow environments.

Leveraging prior insights, the PASNiP dataset for PA detection was created via
human-robot interaction experiments featuring designed robot behaviors in narrow
environments to capture a complete range of PA levels, in Chapter 4. This
dataset includes extensive cues for PA detection, including human and robot motion
features, as well as human emotion and attention. Machine learning models applied
to the dataset demonstrate that incorporating emotional and attentional features
significantly improves PA detection accuracy, from 63% to 68% (algorithm-predicted)
and 79% (participant-reported). This suggests that emotions, attention, and
potentially other social signals are effective for PA detection.

IX
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Assuming that human PA regarding robot navigation behavior could be detected,
Chapter 5 further explored how humans prefer robots to adapt their inappropriate
navigation behaviors in narrow spaces. The findings revealed a strong preference for
robots to move aside and stop, regardless of the types of inappropriate behavior.
This preference contrasts with findings in non-navigation settings, likely due to the
increased safety concerns associated with inappropriate navigation behaviors. This
suggests a generic adaptation strategy for robots in narrow spaces and highlights the
need for further research into context-specific adaptations.

Overall, this thesis identifies PA as a crucial social signal and has conducted
systematic investigations to enable robots to understand and adapt their inappropriate
behaviors/errors in real-time, ultimately enhancing their social acceptance.



SAMENVATTING

Robots navigeren steeds vaker in onze leefomgevingen en moeten sociaal navigeren
om geaccepteerd te worden. Hoewel bestaande sociaal bewuste navigatie (SAN)
benaderingen robots in staat stellen sociale informatie te interpreteren en te
communiceren om efficiënt, veilig en op een sociaal aanvaardbare manier te
navigeren, negeren ze vaak potentiële conflicten en fouten in real-world interacties
tussen mens en robot. Dit proefschrift draagt bij aan SAN door te onderzoeken
hoe robots hun ongepast navigatiegedrag kunnen aanpassen op basis van menselijke
feedback (waargenomen gepastheid), wat leidt tot soepelere en minder foutgevoelige
interacties tussen mens en robot.

De kern van SAN-benaderingen is het begrijpen en verwerken van informatie
die tussen mensen en robots wordt gecommuniceerd, waardoor agenten zich aan
elkaar kunnen aanpassen. Ondanks uitgebreid onderzoek, richten de meeste studies
zich op specifieke aspecten van interacties tussen mens en robot, waardoor een
alomvattend begrip van de mogelijkheden van robots voor informatiecommunicatie
wordt beperkt. In hoofdstuk 2 hebben we een scoping review uitgevoerd om
informatie die in bestaande literatuur is onderzocht te synthetiseren, om hiaten
in het onderzoek te identificeren en toekomstige onderzoeken te informeren.
Hoofdstuk 2 categoriseerde de informatie in toekomstig gedrag, sociale signalen en
proxemische zones, waarbij sociale signalen het meest informatief waren omdat ze
andere informatie beïnvloeden. Binnen de onderzochte sociale signalen was de
informatie over de waargenomen gepastheid (PA) van het navigatiegedrag van de
robot het meest informatief. Het gaf direct de gepastheid van het robotgedrag aan,
waardoor weloverwogen aanpassingen direct gerelateerd aan menselijke voorkeuren
en behoeften mogelijk werden gemaakt. Deze cruciale informatie bleef echter het
minst onderzocht en verdient nader onderzoek.

Een veldobservatiestudie werd uitgevoerd in hoofdstuk 3 om de menselijke
PA van en reacties op het navigatiegedrag van robots in conflictsituaties te
onderzoeken. De resultaten toonden aan dat smalle ruimtes leiden tot een rijkere
waargenomen gepastheid en hogere verwachtingen voor robotaanpassingen. De
studie identificeerde omgevingsfactoren (bijv. padbreedte), menselijke demografie en
robotgedrag als belangrijke factoren die bijdragen aan menselijk voorrangsgedrag en
PA. Dit onderstreept het belang van het bestuderen van PA in smalle omgevingen en
benadrukt de rol van sociale signalen, aandacht en emotie bij het detecteren van PA.

Gebruikmakend van eerdere inzichten, werd de PASNiP-dataset voor PA-detectie
gecreëerd via experimenten met interactie tussen mens en robot, met ontworpen
robotgedragingen in smalle omgevingen om een compleet scala aan PA-niveaus vast
te leggen 4. Deze dataset bevat uitgebreide signalen voor PA-detectie, waaronder
bewegingskenmerken van mens en robot, evenals menselijke emotie en aandacht.

XI
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Machine learning-modellen die op de dataset zijn toegepast, tonen aan dat het
opnemen van emotionele en aandachtsgerichte kenmerken de nauwkeurigheid van
PA-detectie aanzienlijk verbetert, van 63% naar 68% (algoritme-voorspeld) en 79%
(door deelnemers gerapporteerd). Dit suggereert dat emoties, aandacht en mogelijk
andere sociale signalen effectief zijn voor PA-detectie.

Gebaseerd op de aanname dat de menselijke PA van het navigatiegedrag van
de robot kan worden gedetecteerd, onderzocht hoofdstuk 5 verder hoe mensen
willen dat robots hun ongepast navigatiegedrag in smalle ruimtes aanpassen. De
bevindingen lieten een sterke voorkeur zien voor robots om aan de kant te gaan
en te stoppen, ongeacht het type ongepast gedrag. Deze voorkeur contrasteert
met bevindingen in niet-navigatieomgevingen, waarschijnlijk vanwege de verhoogde
veiligheidsrisico’s die gepaard gaan met ongepast navigatiegedrag. Dit suggereert
een generieke aanpassingsstrategie voor robots in smalle ruimtes en benadrukt de
noodzaak van verder onderzoek naar contextspecifieke aanpassingen.

Over het geheel genomen identificeert dit proefschrift PA als een cruciaal sociaal
signaal, en zijn er systematische onderzoeken uitgevoerd om robots in staat te
stellen hun ongepast gedrag/fouten in realtime te begrijpen en aan te passen, wat
uiteindelijk hun sociale acceptatie bevordert.



1
INTRODUCTION

“It takes humility to seek feedback. It takes wisdom to understand it,
analyze it, and appropriately act on it.” - Stephen Covey

Robots are increasingly navigating into social environments, taking on roles
that promise significant benefits. In logistics, robots significantly reduce costs by
automating tasks such as package sorting, loading, and delivering [1]. In healthcare,
robots improve operational workflows and enhance patient comfort by aiding with
mobility and offering companionship to the elderly [2]. In domestic settings, robotic
vacuum cleaners and personal assistants handle mundane household tasks, thereby
liberating time for homeowners [3]. Fundamental to their successful operations in
social environments—whether delivering packages on busy urban streets, assisting
patients in hospitals, or performing household tasks—is their ability to navigate
effectively around humans. According to the computers-as-social-actors theory [4,
5], robots are perceived as social agents and expected to behave socially. This
has led to burgeoning studies of socially aware navigation (SAN), also known as
human-aware navigation [6], socially compliant navigation [7], socially acceptable
navigation [8], and socially competent navigation [9], as reviewed in Chapter
1.1. Despite advancements in SAN, robots often operate under the assumption
of perfection, yet they are prone to occasional errors in real-world applications,
potentially undermining human trust and acceptance. In extreme cases, such errors
could result in restrictions or bans on their use in social environments. An exception
is the study by Vroon et al. [10], which introduced the concept of “perceived
appropriateness (PA)" to describe robot errors during navigation. This concept refers
to the human subjective perception of robot behavior appropriateness, as whether
a robot makes an error or not depends solely on human perceptions, as discussed
in Chapter 1.2. In contrast, many studies have investigated robot errors in the field
of human-robot interactions (HRI), which collectively contribute to both interaction
quality and robot acceptance, as reviewed in Chapter 1.3. Inspired by these
studies in HRI, we propose approaches to investigate robot errors/PA within socially
aware navigation, further detailed in Chapter 1.4. Building on these approaches,
we conduct a series of studies to complete the thesis, with the outline and key
contributions presented in Chapter 1.5.

1
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2 1. INTRODUCTION

1.1. BACKGROUND: SOCIALLY AWARE NAVIGATION (SAN)
The field of socially aware navigation (SAN) has witnessed a notable increase in
academic studies, particularly following 2010, as depicted in Figure 1.1 [11]. This
surge highlights the growing interest in enhancing robotic navigation capabilities
within social contexts.

Figure 1.1: Number of published SAN studies over the years.

A socially aware robot navigation framework typically comprises two essential
components: a traditional navigation module and a social awareness module [12].
The social awareness module allows robots to go beyond conventional navigation
strategies by incorporating social conventions and computational methods. By doing
so, robots can navigate more efficiently in human environments, adjusting their
behavior to align with social norms and expectations.

1.1.1. SOCIAL CONVENTIONS/PRINCIPLES

Agents often find it challenging to understand exactly what other agents, particularly
humans, aim to accomplish, how they feel, or what they prefer. Additionally, social
norms that could offer guidance are frequently unspoken. Therefore, researchers
have identified many principles of social navigation, as summarized by a recent
review into 8 categories including (1) safety, (2) comfort, (3) legibility, (4) politeness,
(5) social competency, (6) understanding other agents, (7) proactivity, and (8)
responding appropriately to context, as visualized in Figure 1.2. These principles have
been widely applied in socially aware navigation studies. For example, the principle
of safety can be ensured by avoiding conflicts [13] or respecting human personal or
intimate zones [14–16]. The principle of legibility can be achieved by optimizing
robot paths or communicating intent through speech or light signals [17, 18]. The
principle of politeness can be reached by the robot giving priority to humans and
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displaying low dominance paths [19]. These principles collectively contribute to the
increasingly successful applications of robots into social environments.

Figure 1.2: Principles guiding robot behavior design

1.1.2. COMPUTATIONAL METHODS

Enabling robots to adhere to social conventions/principles fundamentally requires
processing social cues, which are salient and transient features, allowing others to
pick up useful information [20]. Several methods have been proposed to achieve
this, including behavior prediction, the semantics of/proxemic spaces, and social
signal processing.

Behavior prediction Robots can enhance safety, comfort, and social interactions by
predicting human trajectories and (re-)planning paths, thereby avoiding collisions
and conflicts [13]. This prediction relies on datasets of human walking trajectories
[21], considering factors like neighboring pedestrians [22], scene layouts [23], and
attention dynamics [24], particularly during explicit interactions [25]. Additional
factors, including group cohesion and directional tendencies [26], as well as
interactions between humans and agents or objects [27, 28], further contribute
to behavior prediction performances. Robots could also exhibit more predictable
behaviors to humans, known as legibility, through movements and supplementary
cues such as gaze, light signals, and sound [17, 29–37].

Proxemic space Proxemics investigates the spatial boundaries people establish in
diverse social and relational contexts according to Hall [38]. The proxemics space
can be classified into four zones: intimate (≤ 0.45m), personal (> 0.45m), social
(> 1.2m), and public (> 3.6m). These zones are largely modelled through asymmetric
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Gaussian functions, considering human position, walking speed, direction, emotion,
and dominance [39–43]. To ensure safe and effective interactions, robots are
programmed to avoid or minimize intrusion into the personal or intimate zones
[44–46] and initiate interactions within social zones.

Social Signal Processing Employing social signal processing (SSP) approaches
enables robots to interpret human social signals and respond effectively, including
emotion, intention, and dominance [47, 48]. For example, robots control their
distance from humans based on detected emotional states [49–51], or alter their
paths based on human dominance levels [52, 53]. Robots also utilize SSP to help
humans better understand their behaviors, such as using facial expressions and
movement patterns to convey emotions and social presence [54–57].

1.2. LIMITATIONS: FEW STUDIES ON ERRORS/PA IN SAN
Current socially aware navigation approaches have predominantly focused on
enhancing robots’ social abilities, often operating under the assumption that robots
function flawlessly. In real-life social navigation scenarios, robots are still prone to
various errors, both in terms of hardware limitations and interaction dynamics. The
focus on perfect interaction may cause researchers to overlook crucial aspects that
could undermine interaction quality.

What constitutes a robot error or mistake? In the context of socially aware
navigation, errors are typically only acknowledged when they result in a collision.
However, existing socially aware navigation techniques—particularly proxemic space
modelling and behaviour prediction—have already enabled robots to maintain safe
distances and avoid moving towards humans, thus preventing collisions or conflicts
[58]. Even when navigating in crowded environments, robots could still stop for
extended periods to prevent collisions, a challenge referred to as the “freezing-robot
problem (FRP)". Of course, many studies have also tried to address the FRP, thus
preventing robots from erroneous situations [59, 60]. In sum, few studies directly
examine instances of what was traditionally defined as robot errors and explore the
dynamics of these interactions. This gap may stem from the limited understanding
of what constitutes an error in the context of social navigation.

In socially aware navigation, whether a robot makes an error depends solely on
the subjective perception of humans. As such, Jered et al. [10] introduced the
concept of “perceived appropriateness (PA)", which refers to the human subjective
perception of the appropriateness of robot behavior. The study collected a dataset
and enabled the detection of PA in robot positioning behavior. However, it only
identified inappropriate robot positioning and did not explore how robots could
adapt their behaviors to resolve these errors. The current limited understanding
of errors/PA in robot social navigation hinders the ability of robots to correct
these errors effectively, thereby reducing the smoothness of their interactions and
responsiveness to individual preferences and needs. In contrast, extensive error
studies have already been conducted in the field of human-robot interactions, which
has significantly contributed to enhancing the overall functionality of robots.
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1.3. INSIGHTS: ERROR STUDIES IN HUMAN-ROBOT

INTERACTION
Over the decades, researchers have extensively explored error detection and
resolution in human-robot interactions, commonly defining such incidents also as
“failures", “mistakes", and “faults". These studies have focused on different aspects
of error situations as visualized in Figure 1.3, including factors underlying error
occurrences, error detection/prediction, and error repair/resolution [61].

Figure 1.3: Overview of error/failure detection and repair

Factors underlying error occurrences Numerous studies have sought to identify
and analyze error instances and the underlying factors contributing to their
occurrence. Errors are typically categorized into technical failures (from mechanical
or system deficiencies) and social norm violations (when robots deviate from
expected social behavior) [62]. Technical failures are typically caused by factors
related to software bugs or hardware. However, the factors driving social norm
violations are context-dependent. In human-robot conversations, errors often stem
from improper gaze coordination, speech interruptions, or prolonged silences,
which disrupt natural communication patterns [63]. In cooperative Lego tasks,
social norm violations arise from providing unclear task instructions or introducing
communication delays that hinder task progression [64].

Human responses and error detection Robots inevitably make errors, particularly
in the dynamics of human-robot interactions. Numerous studies have explored the
impact of these errors on humans, revealing that they can significantly affect how
humans perceive and respond to robots. Psychologically, research shows that errors
reduce the perceived trustworthiness and reliability of robots [65]. Interestingly,
humans sometimes find error robots more likable than those that operate flawlessly
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[64], yet the task performance was significantly lower in the faulty robot condition
[66]. Physically, humans demonstrate diverse reactions to robot errors. In
human-robot cooperative tasks, participants responded to robot mistakes using a
range of social cues, including speech, smiling or laughing, facial expressions, head
and body movements, and gaze shifts [64, 67]. Another study revealed that about
80% of error occurrences resulted in visible human responses within an average
of 3 seconds. Humans’ physical responses, as revealed by social cues, have been
widely used for detecting robot errors. These studies have utilized different social
cues to enable error detection, including head and shoulder movements [68], facial
expressions [69], or combining poses, facial, and audio features [69, 70] that result in
an accuracy of about 70% or even higher. Additionally, the more critical the error
and the greater the threat to the interaction flow, the more social cues people exhibit
in response [63].

Error repair/resolution Although errors decrease robot trustworthiness and
reliability, effective recovery strategies substantially enhance robot evaluation and
overall interaction quality [63, 71]. Error studies in human-robot interactions
reveal human preferences for error-specific repair strategies [63, 72]. Therefore,
many studies have explored different robot errors and compared how varied repair
strategies perform under these errors. For example, in a robot control system,
different repair/recovery strategies have been used for different errors: When mode
confusion occurs, the robot informs the user of necessary actions or triggers a
reset; When a module hangup occurs, the robot asks the user to wait or inform
the breakdown; When sensors detect an obstacle, the robot informs the user of the
issue and requests assistance, such as asking the user to push it away manually
[72]. In another collaborative task, it is revealed that the main effect of error type
is significant on most of the Godspeed rating sub-scales averaged across all robot
recovery strategies. Specifically, the robot recovery strategies are rated significantly
higher concerning anthropomorphism if applied to planning errors (PE) compared
to execution errors (EE) and social norm violations (SNV). The average likeability
and perceived intelligence ratings of robot reactions are significantly higher if paired
with PE and EE compared to SNV [63].

1.4. RESEARCH APPROACH: PA IN SAN
As reviewed in Chapter 1.2, the study of errors/PA in socially aware navigation is
important but limited. In contrast, errors in human-robot interactions have been
thoroughly examined, with three major aspects collectively contributing to better
error management, as discussed in Chapter 1.3. Understanding errors and the
underlying factors enables avoiding certain errors. Understanding and incorporating
human responses (through social cues) into machine learning enhances robots’ error
awareness. Identifying error types and their relations with different error-repairing
strategies improves human perception and interaction quality despite errors. Inspired
by the error studies in HRI, this study aims to understand the underlying factors,
human responses to, and the handling of different robot errors/PA in a socially
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aware navigation context. We propose the question: When navigating social
environments, how can robots understand and adapt to humans to enhance the
perceived appropriateness of their behaviors? We divide this overarching question
into four specific research sub-questions. The core of this thesis is structured around
these sub-questions, as detailed below:

1. Mobile robots often struggle to understand social environments and dynamic
interaction [73, 74]. Fundamental to such social dynamics are social cues, which are
salient features for communicating useful information. Therefore, we propose the
research question:

RQ1: In existing research on socially aware navigation, what types of information
communicated between humans and robots have been studied, and what social
cues have been used for this communication?

2. Robots with navigation strategies (e.g., [75]), especially the social force model
and its variations [76–78], occasionally make errors when pedestrians do not yield as
anticipated and/or the yielding behaviors of robots are not adequate. As they are
what triggers and necessitates yielding behaviors, we focus on conflicts, where a
collision occurs unless either the robot or human changes direction or speed [79].
We investigate:

RQ2: What are the key factors contributing to human responses to conflicts
in public spaces, and how do they influence human PA of robot navigation
behaviours?

3. Like humans, who recognize and adapt to feedback, robots should detect the
perceived appropriateness of their behavior by using social cues. However, current
robots cannot detect PA beyond mere positioning behavior [10]. Yet, such PA or
conflicts largely happen in narrow spaces where agents struggle to navigate [80].
Therefore, we propose to address:

RQ3: How can we detect the perceived appropriateness of robot navigation
behavior in narrow environments?

4. Based on detected PA, robots should further adapt their inappropriate behavior
to mitigate humans’ negative perceptions and enhance their social acceptance [64].
We aim to investigate further:

RQ4: How do humans prefer a robot to adapt its inappropriate navigation
behavior in narrow environments?

Addressing these sub-questions will provide comprehensive answers to the main
research question of this thesis, thus enhancing human perceptions of robots, even
in the presence of errors, as illustrated in Figure 1.4. Figure 1.4.a enumerates
the research questions and outlines their objectives, while Figure 1.4.b offers a
visual representation of potential shifts in human perceptions of robots during
interactions, post-resolution of each research question. Initially, human perceptions
may deteriorate when the robot lacks awareness of PA information, progressing to a
more positive perception despite errors after appropriate adaptations.

This improvement in perception is expected to result from systematically addressing
research questions RQ1 to RQ4. Specifically, exploring RQ1 involves studying the
information communication within Socially Aware Navigation (SAN) to uncover the
importance of errors or PA. Robots repeat their errors without PA information,
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leading to a gradual decline in human perception. This motivates RQ2, which aims
to analyze the factors contributing to these errors or PA and to identify essential
human social cues for detecting PA. Understanding these factors will enable robots
to avoid specific errors, thus reducing the adverse effects on human perceptions.

Nevertheless, expecting robots to operate free from errors/PA is unrealistic.
Therefore, addressing RQ3 is vital as it enables robots to detect PA and thus enables
generic adaptations, such as stopping or moving away, to reduce negative human
perceptions further. Humans prefer robots that tailor their adaptive responses to
specific error/PA types. Thus, exploring RQ4 could lead to error-specific adaptations,
allowing robots to adapt more effectively and thus significantly enhancing human
perceptions.

Figure 1.4: Expected human perception of a robot by addressing research questions

1.5. THESIS OUTLINE AND CONTRIBUTIONS
This dissertation is composed of six parts, including the Introduction (Chapter 1) and
the Conclusion (Chapter 6). Each of Chapters 2, 3, 4, and 5 addresses one research
question and is a peer-reviewed article. The thesis structure is shown in Figure 1.5.

1.5.1. PART I: PA IMPORTANCE

Chapter 2 addresses research question RQ1. This scoping review provides a
nuanced understanding of human-robot information communication in navigation
and identifies the important yet overlooked feedback information of perceived
appropriateness (PA) [10], which deserves further exploration. This Chapter is under
review as follows:

Shared Space, Shared Information: A Scoping Review of Social Cues and
Information in Social Robot Navigation. Yunzhong Zhou, Jered Vroon, Zoltan Rusak,
Gerd Kortuem. Under review in the International Journal of Social Robotics.
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In the above publication, the author collected and analyzed relevant studies to
understand information communication and wrote most of the publication’s content.
Other authors collectively analyzed a set of studies for inter-rater reliability.

Figure 1.5: Thesis Outline

1.5.2. PART II: PA DETECTION

Chapter 3 addresses research question RQ2. This Chapter investigates factors
contributing to potential human-robot conflicts (important for triggering PA)
and human-yielding behavior and investigate social cues involved in conflicting
situations. This Chapter is under review as follows:

Streetwise Social Navigation: Field Observations of Yielding in Robot-Pedestrian
Interactions. Jered Vroon, Yunzhong Zhou, Gerd Kortuem. ACM Transactions on
Human-Robot Interaction (2024).

In the above publication, the author was involved in field observations and wrote
some parts of the publication’s content.

Chapter 4 addresses research question RQ3. We present a novel dataset, PARSNiP,
for PA detection, which covers a complete PA range and includes emotion and
attention. This Chapter is published as follows:
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PARSNiP: A Novel Dataset for Better Perceived Appropriateness Detection in
Robot Social Navigation using Emotion and Attention Features. Yunzhong Zhou,
Jered Vroon, Zoltan Rusak, Gerd Kortuem. Under review in the International Journal
of Social Robotics.

The author conducted the experiment in the above publication, collected and
processed data to create the dataset, trained machine learning models for PA
detection, and wrote most of the publication’s content. The rest of the authors were
collectively involved in the design of the experiment and supervised the research.

1.5.3. PART III: ADAPTING TO PA
Chapter 5 addresses research question RQ4. We collected 42 human-preferred robot
adaptations to inappropriate robot navigation behavior and compared a selection of
12 for adapting to different PA types. This Chapter is publishedas follows:

This chapter has been published as: Zhou Y, Vroon J, Kortuem G. Exploring
Human Preferences for Adapting Inappropriate Robot Navigation Behaviors: A
Mixed-Methods Study[J]. IEEE Robotics and Automation Letters, 2024.

In the above publication, the author conducted the experiment, collected and
analyzed data, and wrote most of the publication’s content. The rest of the authors
were collectively involved in the design of the experiment and supervised the
research.



2
A SCOPING REVIEW OF

INFORMATION IN SOCIALLY AWARE

NAVIGATION

The successful integration of robots into our living environments fundamentally relies
on their effective communication with humans. We conducted a scoping review to
answer the research question: In existing research on socially aware navigation, what
types of information communicated between humans and robots have been studied,
and what social cues have been used for this communication (RQ1)? A systematic
search on Scopus and Web of Science identified 11,300 studies, of which 176 matched
our eligibility criteria. We analyzed the information investigated in these studies
and categorized it into three clusters: future behaviors, social signals, and proxemic
spaces. We further mapped social cues and their relations with different information,
thus providing more systematic insights into human-robot communication. The
results revealed that while most studies have focused on robots interpreting human
behavior, there has been insufficient emphasis on human perceptions of robots,
particularly real-time feedback such as perceived appropriateness, which is critical for
adapting robot behavior to human preferences. Therefore, we advocate for further
investigations into robots’ capabilities for understanding, detecting, and correcting
their inappropriate navigation behaviors, thus fostering their seamless integration into
social environments.

2.1. INTRODUCTION
Robots are increasingly assuming societal roles such as delivery [81], eldercare [82],
and cleaning [83], and their perception by humans as social actors necessitates
their social intelligence [4, 5]. This has led to the development of socially-aware

This chapter has been submitted as: Yunzhong, Z., Vroon, J., Zoltan, Z., Gerd, K., 2024, Shared Space,
Shared Information: A Scoping Review of Social Cues and Their Roles in Social Robot Navigation.

11
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navigation. Unlike traditional approaches that consider human obstacles, socially
aware navigation views humans as cooperative agents and emphasizes robot
navigation that aligns with social norms and expectations.

Socially aware navigation relies fundamentally on effective human-robot commu-
nication [20]. Social signal processing (SSP) approaches have been widely developed
to facilitate such communication [84]. SSP aims to provide computers with the
ability to sense and understand human behavior by processing social cues [47, 48],
which are channels of useful information. These cues can be clustered into five
major categories, including physical appearance (height, attractiveness, body shape),
gesture and posture (hand gestures, posture, walking), face and eyes behavior (facial
expressions, gaze behavior, focus of attention), vocal behavior (prosody, turn taking,
vocal outbursts), and space and environment (space and environment, distance,
seating arrangement) [47]. Specific to navigation context, many studies have used
SSP approaches to enable robots to safely and effectively navigate around humans
[28], with more fine-grained social cues such as position, orientation, velocity,
trajectory, motion, etc [12, 85]. These robots are not limited to detecting and
responding to human social signals, such as emotions [42]; they could also predict
human trajectories and plan their paths [58]. Furthermore, they could also model
and respect personal space, vital for ensuring human safety and comfort [12]. Figure
2.1 shows a scene where a robot retreats by interpreting an approaching human’s
facial expressions and posture to respect the individual’s negative emotion.

Figure 2.1: A robot processes human social cues for social navigation.

However, robots still struggle to understand social environments and dynamic
interactions, triggering public concerns. For instance, mobile robots in San Francisco
and at the University of Pittsburgh faced bans following numerous complaints about
blocking pedestrians’ paths [73, 74]. Recent literature reviews have investigated how
robots can communicate and navigate effectively around humans. Rios-Martinez
et al. explored the complexities of human-robot interactions, emphasizing the
significance of robots adhering to human social norms such as proxemics and social
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signals [12]. Pascher et al. investigated how social cues communicate robots’
movement intentions, highlighting the importance of social cues for social navigation
[86]. Furthermore, Möller et al. reviewed various solutions for socially compliant
navigation, stressing the importance of robots understanding and predicting human
behavior [87].

Despite ongoing progress, we still lack a comprehensive understanding of the
communication between humans and robots. Therefore, we seek to understand
the types of information investigated in current studies and how they have been
communicated through social cues by addressing the following research questions:

RQ1.1: What are the extrinsic characteristics of the studies in socially aware navigation?

RQ1.2: How did robot social navigation studies investigate human-robot information
communication?

2.2. METHOD

2.2.1. LITERATURE SEARCH AND STUDY SELECTION

Our literature search was performed in January 2024 using two databases: Scopus
and Web of Science. Keywords combined the social environment ("social*",
"human", "people"), robotics ("robot", "aware"), and navigation context ("navigat*"):
TITLE-ABS-KEY(("social*" OR "human" OR "people") AND ("robot" OR "aware")
AND "navigat*"). This was limited to peer-reviewed articles from journals or
conferences without any constraints regarding publication dates. Both automated
and manual methods were employed to remove duplication, yielding a total of
11,300 unique studies. Article screening occurred in two stages (i.e., title and abstract
screening and full article screening), which resulted in 176 studies, as shown in the
PRISMA flow diagram (Fig. 2.2). At each stage, the first author conducted initial
article screening, and the results were checked for reliability by the second author.
Discrepancies regarding the evaluation of papers between the authors were resolved
through discussion with other authors until a consensus was reached. Articles
screened by title and abstract were excluded if they did not mention the robot in
human/social environments if the robot was not navigating near humans (compared
to the broader field of AVs or AUVs), if the robot was not an autonomous agent
(compared to assistive tools), or if humans were not treated as social agents (as
opposed to sole obstacles to avoid). During the full article screening, publications
were excluded if they did not focus on the navigation behavior (compared to those
solely focused on language processing), did not focus on communication (compared
to SLAM techniques), did not involve human-robot interactions (compared to those
solely predicting human trajectories), or did not involve the robot’s decision-making
(as opposed to designing the control interface or teleportation studies).

2.2.2. DATA EXTRACTION AND CODING

Despite extensive studies, the definition of social cues and their communicated
information remains ambiguous. To define social cues and information, we first
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Figure 2.2: PRISMA flow diagram for selection of studies

determine an instance of human-robot communication as any data processing
between a human and a robot involving input features and output data. In
such communication, social cues are an agent’s features serving as communication
channels (capturing its communicative and agent-dependent nature [12, 20]), while
information is the output data. Accordingly, the first author reviewed all studies
to identify social cues and the information communicated between agents to
design the extraction form. All social cues in the studies were included to
ensure comprehensive coverage. These social cues not only included those widely
recognized in human-robot interactions and robot social navigation (e.g., trajectory,
gaze, posture) [12, 28] but also any other input features identified in the studies (e.g.,
position, external human-machine interfaces). Information was initially extracted
using the original words mentioned in the studies. These include long-term
predictions, short-term predictions, goals, personality, attitude, dominance, social
presence, emotion, perceived appropriateness (PA), activity, group, personal space,
personal zone, intimate space, intimate zone, social space, and (dynamic) social
zone. A thematic analysis was then completed following the procedure by Braun
and Clarke [88] to cluster similar information into larger categories. Based on group
discussions and informed by the literature [9, 12, 89], we clustered information into
three major categories: future behaviors (includes long-term predictions, short-term
predictions), social signals (includes personality, attitude, dominance, social presence,
emotion, perceived appropriateness (PA), activity, group), and proxemics zones
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(includes intimate, personal, social). Future behaviors are sequences composed of
behavioral social cues/signals predicted [85]; social signals are expressions of one’s
attitude toward social situations and interplay [47]; proxemics are spatial distances
individuals maintain in social and interpersonal situations [38].

We built a model to explain the information communication process in Figure
2.3. In this model, both the human and the robot alternately assume the roles
of sender and receiver, thereby creating a dynamic interaction loop. Senders
convey information using social cues such as gestures, speed, and positioning. At
the same time, receivers interpret information (future behaviors, social signals, or
proxemic zones) from these cues based on their models or past experiences. For
example, a robot interprets a human’s rapid approach as an intent to engage in
urgent communication (the gray arrow towards the robot) and responds by moving
towards the human to communicate its intention (the gray arrow towards the
human). The robot also detects the human’s negative emotions through facial
expressions (the orange arrow towards the robot). It uses a soothing tone to
communicate calm emotion (the orange arrow towards the human). Furthermore, by
modeling the human’s personal space (the green arrow towards the robot), the robot
adjusts its position to maintain an appropriate distance. Humans and robots can
achieve cooperative navigation by interpreting, responding to, and communicating
information.

Figure 2.3: The communication model with different information communicated
between humans and robots.

Having settled on definitions for social cues and information, we performed
thorough coding and extraction. For each paper, we recorded:

• General Data: Author name, publication year, publication type (conference or
journal), and publication channel.

• Experimental Data: The number of participants, age and gender distribution,
the type of robot used, and the experimental setting (e.g., field or lab).

• Communication Data: The communicated information along with its category
(e.g., emotion, social signal) and the social cues used for conveying this
information (e.g., gesture, posture, trajectory).
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Data extraction was initially performed by the first author of this article and
subsequently reviewed by the second author. Differences were discussed and
resolved once a consensus was reached.

2.3. THE EXTRINSIC CHARACTERISTICS OF STUDIES
Publication trend Figure 2.4 presents the year-wise publication trend. Between
1999 and 2010, 16 studies were published, contrasting with 160 studies published
between 2011 and 2023. Notably, 101 studies have been published within the past
five years (2019 – 2023).

Figure 2.4: Publications over the years

Geographical origins The geographical origins of the studies are visually depicted
in Figure 2.5. Notably, several publications resulted from collaborations among
multiple organizations, totaling 202 instances. Western Europe accounts for 96
cases, followed by the United States with 40 instances, and East Asia with 37 cases.
Together, these regions contribute to 77.2% of the overall publication instances.

Figure 2.5: Global heatmap of the publications

Study Types Some publications involve both controlled and field settings, resulting
in 197 distinct instances of settings. Of the studies examined, 89% (175 cases)
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were conducted in laboratories, whereas 11% (22 instances) occurred in field
environments.

Participants Among the studies, 32% utilized only simulations without any real
participants. Furthermore, 29% of the studies failed to mention participant
demographics explicitly. Of the remaining, 20% involved fewer than 10 participants,
9% included between 11 and 30 participants, and only 10% involved more than 30
participants.

2.4. MAPPING SOCIAL CUES WITH INFORMATION

We analyzed human-robot information communication across all studies collected
that yielded a quantitative overview shown in Figure 2.6, which includes numerical
data on instances of social cues and information they communicate.

Figure 2.6: Quantitative data on human-robot information communication, where
social cues serve as information channels.

On the left side, arrows from information to the robot indicate how the robot
interprets human information, with numerical data showing total instances for each
category: 77 for “Future Behavior," 35 for “Social Signals," and 110 for “Proxemic
Zones." The arrows connecting social cues to this information indicate which human
social cues the robot uses to understand human behavior, with numbers representing
the total instances of these cues. Dominant cues for predicting human future
behavior include “position", “velocity", “orientation", and “trajectory". For detecting
social signals, robots mainly rely on “position", “orientation", “distance", and “facial
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expression". “Position" and “orientation" are also crucial for modeling proxemics
zones.

On the right side, arrows from information to the human indicate the information
that robots communicate to humans, with numerical data on total instances: 25
for “future behavior", 12 for “social signals", and 0 for “proxemic zones". Arrows
connecting social cues to this information illustrate which robot social cues are used
to communicate information to humans and include numerical data. Dominant cues
used to indicate future behavior include “eHMIs", “gaze", “velocity", and "trajectory".
For conveying social signals, “distance", “trajectory", and “facial expression" are most
commonly used.

2.4.1. PREDICTING FUTURE TRAJECTORIES

Most studies (n = 61) focused on robots predicting human paths, while a smaller
number (n = 18) examined how humans predict robot behavior, known as robot
motion legibility.

ROBOT PREDICTING HUMAN TRAJECTORIES

Predicting human trajectories is crucial for socially aware navigation and can be
broadly divided into long-term goal and short-term trajectory predictions. Table
2.1 provides an overview of how robots incorporate social cues to predict human
trajectories. Position and velocity emerge as the most significant cues utilized in 65
and 47 studies, highlighting their importance in predicting immediate and future
locations. Orientation and trajectory are also notable, and they were used in 38 and
31 studies, respectively, indicating their relevance in assessing directional intentions.
Less frequently considered cues include head position, posture, gaze, and motion
patterns.

Long-term prediction, or goal prediction, involves forecasting the destinations of
individuals within a given environment [58, 90–100]. These destinations, commonly
referred to as "hot points" (HPs) [97, 99] or points of interest [98], include
frequently visited locations such as doorways, desks, and coffee machines. These
points can be annotated manually or identified through automated processes. In
automated identification, a predictive map of these hot points is constructed offline,
incorporating historical data on human trajectories, which includes both spatial
and temporal aspects [90–92, 97, 98]. In addition, robots use nearby individuals’
current positions and orientations, computing their most likely destinations. Various
sophisticated algorithms support these predictions. Bayesian models [90–92,
95–97, 100], for instance, estimate the probabilities of individuals reaching specific
destinations by integrating prior knowledge with real-time observational data. Other
methods include D* Lite [93], which provides a lightweight and efficient solution,
Hidden Markov Models (HMMs) [98] that address the uncertainties inherent in
human movement, mgIGP [99], and GoalFlow [58], which directs flow towards
predicted goals. These predicted goals can enhance short-term predictions of human
trajectories, such as in social force models where individuals are assumed to move
towards a destination.
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Short-term predictions involve predicting human trajectories within a short period,
allowing robots to respond to immediate changes. These predictions involve various
modeling techniques, including linear models, social force models, probabilistic
forecasting models, and data-driven models. Linear models use linear assumptions
about human motion, where velocity might be considered constant [101–109], or
variable to accommodate more complex scenarios [110–112]. This approach relies
on observable cues like position, orientation, and velocity. Social force models offer
a more nuanced approach, modeling human behavior as responses to social forces
exerted by the environment and other individuals. In these models, agents are
influenced by attractive forces towards goals and repulsive forces to avoid obstacles,
requiring the integration of social cues such as position, orientation, velocity, and
distance to others [28, 44, 95, 96, 113–125]. Probabilistic forecasting models and
data-driven models offer sophisticated techniques that cover both historical and
real-time data. These models process trajectories along with current human positions
and orientations [7, 25, 26, 29, 58, 60, 91, 92, 97, 126–148]. These models also
consider the interpersonal distances [135, 149] and dynamically changing velocities
[15, 150], postures [151], thus providing a comprehensive and predictive framework
that adapts to the complexities of human behavior.

Table 2.1: Social cues for predicting human trajectories.
Predictions Models Social Cues References
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Long-term

Bayesian

✓ ✓ ✓ [96]
✓ ✓ ✓ ✓ ✓ [95]

✓ ✓ [97]
✓ ✓ [100]
✓ ✓ ✓ [90, 92]

✓ ✓ ✓ ✓ [91]
D* Lite ✓ ✓ ✓ [93]
HMM ✓ ✓ ✓ [98]
mgIGP ✓ ✓ [99]

GoalFlow ✓ ✓ ✓ ✓ [58]
✓ ✓ ✓ ✓ [95, 113, 116, 117,

121]
✓ ✓ ✓ ✓ ✓ [118]

✓ ✓ ✓ ✓ ✓ ✓ [114]
✓ ✓ ✓ [115, 119]

Social force ✓ ✓ ✓ ✓ [120, 124]
✓ ✓ ✓ ✓ [44]

✓ ✓ ✓ [96]
✓ ✓ ✓ ✓ ✓ [122, 123]

✓ ✓ ✓ ✓ [28]
✓ ✓ ✓ [25, 92, 134]

✓ ✓ ✓ [29]
✓ ✓ ✓ [91, 127, 129, 133]
✓ ✓ ✓ ✓ [58]
✓ ✓ ✓ [7, 126, 138]

Short-term ✓ ✓ [128]
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Predictions Models Social Cues References
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Probabilistic ✓ [130, 131]
✓ ✓ [132]

✓ ✓ [135]
✓ ✓ ✓ [136]

✓ ✓ ✓ ✓ [137]
✓ ✓ ✓ [15]

✓ [26, 135, 139–141]
✓ [97]

✓ ✓ ✓ [142]
✓ ✓ [143]

Data-driven ✓ ✓ [60, 125, 149, 150]
✓ ✓ ✓ ✓ ✓ [144]

✓ ✓ ✓ [146]
✓ ✓ ✓ [151]
✓ ✓ ✓ [145, 147, 148]

Deterministic

✓ ✓ [101, 103, 106, 108,
111]

✓ ✓ ✓ [102, 105, 107, 110]
✓ ✓ [104]

✓ ✓ ✓ [112]
✓ ✓ [109]

Total 7 47 65 3 20 38 7 3 31 77

HUMAN PREDICTING ROBOT TRAJECTORIES

Table 2.2 provides an overview of how robots incorporate social cues to communicate
intentions to humans. The most commonly used cues are eHMIs (external
Human-Machine Interfaces) and gaze, appearing in 7 and 6 cases. Trajectory and
velocity are also significant, each used in 4 cases. Other cues, such as head motion,
orientation, gesture, and speech, are mentioned less frequently.

Socially aware navigation studies have employed various measures and terminolo-
gies, reflecting subtle differences in understanding human predictions. To address
these differences, we categorized studies based on the terminologies used to describe
human predictions of robot trajectories. Terms with different forms but the same
root or meaning were grouped into the same category. For instance, “understanding,”
“understand,” and “understandability” were all clustered under the category of
“understandability,” while “prediction” and “anticipation” were categorized under
“predictability.” The main terminologies clustered include “predictability,” “legibility,”
“understandability,” and “clarity” (See Table 2.2). Most studies have not explicitly
mentioned or assessed human performance in predicting the long-term goals of
robots, with the notable exception of the work by Hetherington et al. [17]. Regarding
the social cues used, all studies utilized robot motion to communicate intentions,
focusing on various motion-related features such as the robot’s trajectory [31, 152,
153], position [30], velocity, and orientation [154–156]. Additionally, some studies
incorporated robot gaze [32–35, 157], and various external interfaces to enhance
communication of robot intentions. These interfaces included light signals [17, 33,
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36, 155, 157, 158], wearable devices [159], touch devices [156], gestures [160], text or
graphics [161], and sound [37].

Table 2.2: Social cues for robot trajectory predictions
Measures Social Cues References
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✓ [30]
✓ [155]

Predictability ✓ [155]
✓ ✓ [34]
✓ [32]

✓ [37]

Legibility

✓ ✓ [31]
✓ ✓ [152, 153]

✓ [17]
✓ [33]

✓ [33]
✓ [35]

✓ ✓ [157]
✓ [154]

✓ [156]
Understandability ✓ [156–159]

✓ ✓ [158]
✓ [36]

✓ ✓ [160]

Clarity
✓ [161]

✓ [32]
Total 1 4 3 2 1 6 1 4 3 7 25

2.4.2. PROCESSING SOCIAL SIGNALS

We identified 38 studies on social signal processing. Most studies (n = 31) focused
on robots inferring human social signals, while a smaller number (n = 10) examined
how humans infer robot social signals.

ROBOT INFERRING HUMAN SOCIAL SIGNALS

Table 2.3 presents a detailed examination of various social cues robots use to infer
varied human social signals. These studies have predominantly focused on emotions,
intentions, social relationships, and activities, focusing less on dominance, social
attitude, and personality traits. The studies of emotion have been closely tied to
facial expressions, though occasionally speech [55] or posture [162] have been used.
While some research have focused solely on facial expressions for emotion detection
[50, 51, 57], others have incorporated additional cues such as trajectories [42,
163–166]. The group relationship is often revealed through cues like position [105,
167, 168], orientation [162, 169–171], distance [107, 172], and gaze [94, 173]. Human
activities such as walking or conversing have been linked to postures [174], or a mix
of relative position, orientation [168, 175], and velocity [176]. Less explored social
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signals include dominance, modeled through motion features such as trajectory and
velocity [52, 53], social attitudes such as politeness through speech [19] or motion
[177], and personality traits detected from velocity and interpersonal distances [108].
Additionally, Perceived Appropriateness (PA) – a reflection of human feedback on
robot behavior – can be inferred from head movements and human-robot distances
[178].

Table 2.3: Social cues for inferring human social signals
Signals Social Cues References
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Emotion

✓ ✓ ✓ [51]
✓ ✓ [42, 163–165]

✓ [55]
✓ [166]

✓ [50, 57]
✓ [162]

✓ ✓ ✓ ✓ [107]
✓ [179]

✓ ✓ ✓ ✓ [172]
✓ ✓ ✓ [94]

✓ [167]
Group ✓ ✓ ✓ [170]

✓ [105, 168]
✓ ✓ [28]
✓ ✓ [26]

✓ ✓ [169, 171]
✓ ✓ ✓ [173]
✓ ✓ [162]

✓ ✓ [180]

Activity
✓ ✓ ✓ [176]

✓ ✓ [168, 175]
✓ [174]

Dominance
✓ [53]

✓ ✓ [52]

Attitude
✓ [177]

✓ [19]
Personality ✓ ✓ [108]

PA ✓ ✓ [178]
Total 1 6 14 2 8 5 10 3 6 8 2 1 35

HUMAN INFERRING ROBOT SOCIAL SIGNALS

Table 2.3 presents a detailed examination of various social cues robots use to
communicate social signals. Different signals require distinct cues: emotions are
mainly conveyed through facial expressions [54–57]; social presence and attitude
through trajectories and distance to humans [29, 181–183]; personality traits through
velocity and distance [184]; and dominance through trajectory [53].
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Table 2.4: Social cues for communicating robot social signals
Signals Social Cues References
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Emotion
✓ ✓ [55, 56]

✓ [20]
✓ [54, 57]

Social presence

✓ ✓ [182]
✓ [20]

✓ [185]
✓ ✓ [181]

Attitude ✓ ✓ [29]
Personality ✓ ✓ [184]
Dominance ✓ [53]

Total 1 1 4 2 3 4 1 1 12

2.4.3. ESTIMATING PROXEMICS SPACE

Accurately estimating and modeling personal space is fundamental to facilitating
natural and comfortable human-robot interactions. Among the collected studies,
110 works have investigated proxemics space, all from the human perspective.
Each space category is critical in defining how robots should navigate around
humans, maintaining distances and behaviors perceived as socially acceptable and
comfortable.

Table 2.3 presents a detailed examination of various social cues robots use to
model human proxemic spaces 2.5. Most of these studies—84 in total—focused on
personal zones. In comparison, 17 studies modelled social zones and nine intimate
zones. The primary social cues for modelling proxemic spaces are a person’s position
and orientation. Additional cues, such as velocity and distance, also contribute to
the modeling of proxemic space.

Intimate zones were traditionally modeled as circular regions [44–46, 168, 186],
focusing on an individual’s position and assuming uniform distance in all directions.
Researchers have proposed elliptical models to reflect the directional nature of
human interactions better. These models, using asymmetric Gaussian functions,
consider both the position and orientation of a person [14, 122, 187]. The elliptical
shape extends more space in front and less behind, reflecting our forward-focused
behavior and aligning more closely with real-world interactions and cultural norms.

Personal zones, pivotal to social interactions, have been visualized in geometric
shapes such as circular, elliptical, or asymmetrical. Hall’s model defines personal
space as a circular region extending from 0.45m to 1.22m around a person,
a foundational concept widely accepted in numerous studies [38]. This model
emphasizes the significance of an individual’s position in space [15, 28, 44, 46, 95,
101, 115, 117, 124, 130, 186, 188–199]. Social signals, such as personality [108]
and emotions [50, 163, 164, 166, 200], also influence personal space. Traditional
circular-shaped models may not accurately reflect the nuanced dynamics of human
social behavior. Other studies have modelled personal space as elliptical shapes [114,



2

24 2. A SCOPING REVIEW OF INFORMATION IN SOCIALLY AWARE NAVIGATION

118, 122, 175, 201, 202]. These models, which are either (semi-) elliptical, consider
both the position and the orientation of an individual [103, 203, 204]. Beyond
elliptical models, researchers have explored the asymmetric nature of personal
space. These models primarily rely on an individual’s position and orientation,
effectively differentiating the space in front, which is typically more extensive, from
that behind [14, 39–41, 45, 54, 93, 100, 168–170, 176, 179, 205–215], and can be
influence by emotional states [151]. Furthermore, these Gaussian-based models have
incorporated social cues of velocity and hand positions [16, 32, 92, 106, 132, 133,
158, 171, 180, 187, 191, 216–220], human demographics (height, size), and density of
the surrounding area [221–225].

Social zones were also clustered into three shapes: circular, elliptical, or
asymmetrical. The concept of a circular social zone, deeply rooted in the seminal
work of Hall [38], typically encompasses radii ranging from 1.2m to 3.6m, which are
considered optimal for social interactions [96, 115, 186, 196, 198]. An individual’s
position fundamentally influences such zones and is further affected by personal
attributes like personality traits [108] and emotion [43, 164]. Elliptical zones
represent a more sophisticated modeling approach, moving beyond circular designs.
Dominantly shaped by Gaussian functions, these zones incorporate an individual’s
position and orientation, velocity [226], human-robot distance [227], as well as
head and hand positions [191]. This shape effectively captures the directional
nature of human attention and interaction, providing a more accurate framework
for understanding and navigating human spaces. Others have also proposed
asymmetrical shapes, which are especially relevant in environments where multiple
individuals interact, requiring an understanding of each group member’s position
[16, 191, 212, 228, 229]. By incorporating socio-spatio-temporal characteristics, such
as human velocity, these models offer a dynamic and socially aware mapping of
social zones.

Table 2.5: Social cues for modelling humans’ proxemics space

Proxemics Social Cues References
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Intimate
✓ [44, 46, 106, 168]
✓ ✓ [14, 45, 122, 186, 187]

✓ [15, 28, 44, 46, 50, 95,
100, 101, 108, 115, 117,
124, 130, 163, 164, 166,
168, 171, 188–192, 194,
195, 197–200, 211, 213,
216]
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Proxemics Social Cues References
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✓ ✓ [14, 41, 45, 54, 93, 103,
114, 118, 122, 132, 151,
158, 169, 170, 175, 179,
186, 187, 193, 196, 201,
203–205, 208–210, 214,
217, 219]

✓ ✓ ✓ [206, 215]
✓ ✓ ✓ ✓ ✓ [220]
✓ ✓ ✓ ✓ ✓ [39]

✓ ✓ [176]
✓ ✓ ✓ ✓ ✓ [92]

✓ ✓ ✓ [106]
Personal ✓ ✓ [16, 180, 221, 225]

✓ ✓ ✓ [40]
✓ ✓ ✓ ✓ ✓ [191]
✓ ✓ ✓ [212]

✓ ✓ ✓ [202, 207]
✓ ✓ [224]
✓ ✓ ✓ [133, 218, 222, 223]

✓ ✓ [32]

✓ [43, 95, 96, 108, 115, 164,
198]

✓ ✓ [196, 212, 213, 228, 229]
✓ ✓ [186]

Social ✓ ✓ ✓ ✓ [227]
✓ ✓ ✓ [28]

✓ ✓ ✓ ✓ ✓ [230]
✓ ✓ ✓ [226]

Total 2 16 110 4 7 57 4 3 2 3 1 110

2.5. DISCUSSIONS AND SUGGESTIONS

We conducted a scoping review on human-robot information communication in a
navigation context. We systematically searched studies in robot social navigation and
analyzed the information communicated and social cues used for communication
in the 176 studies collected. This resulted in a comprehensive list of social cues
and three distinct clusters of information: future states, social signals, and proxemic
zones. We further provided a quantitative overview of social cues and information
they communicate to inform human-robot interactions.

As shown in Figure 2.4, an increasing number of publications over the last two
decades indicates a significant interest in socially aware navigation. This field is
predominantly influenced by research from Western Europe and the United States,
with minimal contributions from regions such as Africa, Central Asia, and South
America, as shown in Figure 2.5. However, studies revealed strong cultural variations
in social norms such as personal space requirements[151, 165, 203] and human
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walking habits [33], which fundamentally shape the expectation of robot navigation
behavior. Therefore, we propose Future research should prioritize studying cultural
variations in social norms, especially in underrepresented regions like Africa,
Central Asia, and South America.

In the collected studies, 88% were controlled, while only 12% were field studies.
Some studies chose controlled lab settings to focus on specific variables. For
example, a straight navigation path was used to systematically analyze how variations
in robot velocity affect human perception of robot motion [154]. These controlled
settings also enabled the assessment of how trajectory features and socio-contextual
constraints improve the legibility and social acceptance of robots by minimizing
external variables [160]. On the other hand, some studies were conducted in
field settings, acknowledging that effective social navigation in urban environments
necessitates real-world testing [46, 96, 231]. Field tests address the biases inherent in
controlled studies and support real-life applications [33, 127] but are currently much
less studied. Consequently, we propose Suggestion 2: More field studies should be
conducted to enhance the ecological validity of the research outcomes.

Among the collected studies, 32% involved simulations, while 29% of real-life
experiments lacked detailed demographic information about the participants.
Moreover, among the studies that did provide such details, the majority included
fewer than 11 participants. Although simulations are helpful for initial hypothesis
testing and controlled experimentation, their generalizability is often limited.
Simulated human participants follow basic rules in navigation, which may not
accurately reflect the complex human behaviors and interactions observed in real-
world settings. Many studies have employed simulations and real-life experiments to
validate their findings [60, 179, 225]. However, the absence of detailed demographic
information in a substantial portion of real-life studies further compromises their
generalizability. We propose Suggestion 3: Future studies should enhance the
robustness of their findings by increasing both the diversity and number of
participants.

Our survey reveals a predominant focus on how robots interpret human
information, accounting for 83% of the research, compared to how robots
communicate information to humans, which constitutes only 17%. Advancements
in algorithms and models have enhanced robots’ capability to understand human
behavior: predicting human movement that allows robots to avoid conflicts and
collisions [107, 124]; modelling and respecting personal space ensure that robots
respect human comfort and safety [39, 218]; while detecting human social signals,
such as activity, emotion, and dominance levels, enable robots to better adapt
to individual preferences [55, 184]. How robots communicate their states and
intentions to humans is less explored. Robots that exhibit greater legibility in their
motion can significantly increase their social acceptance [17]. Furthermore, robots
conveying social signals, such as emotions, are facilitating more realistic interactions
[55]. Therefore, we propose Suggestion 4: We should conduct more studies on how
robots communicate information to humans, such as emotions, intentions, or
politeness.

Robots could improve the predictability or legibility of their motions through
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various cues, including motion features and external interfaces such as lights,
sounds, and text (Table 2.2). Notably, most research has focused on the short-term
predictability of robot motions, with limited emphasis on long-term intentions,
except using lights to signal a robot’s long-term goals [17]. Gopalakrishnan et al. [18]
argue that short-term cues are generally sufficient for human interaction because
humans quickly adapt to immediate environmental changes. However, Hetherington
et al. [17] provide evidence that understanding a robot’s long-term goals can
significantly improve human prediction of robot trajectories, thus enhancing overall
interaction performance. This highlights a research gap that merits further
exploration into how long-term and short-term cues might be combined to improve
the legibility of robot motion. Therefore, we propose Suggestion 5: Future studies
should consider long-term cues in robot trajectory communication to enhance
human understanding.

Despite studies on human-robot communications (Table 2.3 and Table 2.4),
there remains a notable deficiency in specific types of social signals, especially
social attitudes, dominance levels, and the perceived appropriateness (PA) of robot
navigation behavior. As proposed by Jered et al. [178], PA highlights a crucial
component of social navigation—the feedback on the appropriateness of a robot’s
behavior. This type of feedback is essential for robots to adapt their behavior to
individual preferences. Therefore, we propose Suggestion 6: Future research should
expand on studies of diverse social signals such as dominant levels and social
attitudes, especially human feedback.

Current studies on proxemics all focus on how robots model human proxemics
spaces instead of robot proxemics (Table 2.5 and Figure 2.6). According to the
Computers-are-social-actors paradigm [4, 5], humans interact with robots and other
artificial agents using social behaviors similar to those they use with other humans,
and it is likely that humans also perceive proxemics zones in robots. Key questions
include whether humans recognize a proxemics space for robots and how they
perceive its size relative to their own. Addressing these questions is crucial for
designing robots capable of effectively managing spatial relationships with humans.
Furthermore, most existing studies utilize Edward T. Hall’s definitions of human
proxemics [38], which may not fully apply to interactions involving robots, given the
physical and behavioral differences between humans and robots. Investigating how
various robot attributes influence human expectations and comfort levels regarding
proxemics is thus essential. Therefore, we propose Suggestion 7: More studies
should be conducted to understand human perceptions of robot proxemics spaces.

Current literature on socially aware navigation has begun to explore how
information influences each other, yet a comprehensive understanding of such
influence remains limited. While some studies have identified the effects of emotions
and personality traits on individuals’ personal space (proxemics) [19, 163, 165],
these dynamics are not thoroughly investigated. A more detailed study of these
interactions could provide critical insights, enabling robots to understand better and
respond to human behaviors. If robots could accurately detect human emotions and
personality traits, they might more accurately predict human trajectories, facilitating
smoother interactions. Consequently, we propose Suggestion 8: Future studies
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should investigate how different types of information influence each other.

2.6. CONCLUSION
This review has systematically examined human-robot communication in socially
aware navigation studies, focusing on the types of information communicated and the
social cues used. The analysis of 176 studies has yielded a comprehensive taxonomy
of social cues and information types, providing a critical framework for advancing
socially aware navigation research. Our thematic analysis has resulted in developing
a model that categorizes three distinct types of information: future behaviors, social
signals, and proxemics spaces. We further conducted a detailed analysis of every
kind of information. We provided quantitative data on the prevalence of these
communication types in the surveyed studies, revealing a dominant focus on how
robots interpret human behavior instead of human perceptions of robots. Based
on these findings, we recommend that future research explore human perceptions
of robot behavior—particularly regarding feedback information such as perceived
appropriateness (PA)—to enhance cooperative navigation. Moreover, our review has
provided a quantitative overview of the use of social cues in communicating different
information. These insights facilitate the design of more informed and effective
robot behaviors, thereby contributing to integrating robots into human societies.



3
HUMAN YIELDING BEHAVIOR AND

PERCEPTIONS

The increasing presence of mobile robots in public spaces necessitates seamless
navigation among pedestrians. However, robots often fail to navigate around humans
due to a lack of understanding of the dynamic back-and-forth involved. We thus
aim to answer the research question: What are the key factors contributing to human
yielding to conflicts in public spaces, and how do they influence human PA of robot
navigation behaviours (RQ2)? Based on a pre-study, we developed observation forms
to track various factors and human responses without imposing on people’s privacy.
We then conducted a field study (427 encounters observed) with a teleoperated robot
deliberately ignoring humans. Our observations and follow-up interviews highlight
various vital factors that jointly relate to human-yielding behavior, such as the
setting (wideness of the passageway), robot behavior, human states (being stationary,
teasing, cycling, carrying items, playing with cellphones, assumed age), and perceived
appropriateness (PA). We thus pinpoint three key design considerations for social
navigation: empathic awareness, PA responsiveness, and readable expressiveness.
Together with the identified factors and the novelties in our method to support
extracting these kinds of insights, this work contributes to the design of and future
research into making robot social navigation more streetwise.

3.1. INTRODUCTION
Robots are increasingly navigating social spaces for various applications, including
delivering goods [232, 233], inspecting or cleaning public areas [234], guiding visitors
[235, 236], and providing information [237, 238].

However, the challenges of navigating dynamic and complex real-life situations
are still not fully understood (e.g., [79]). The pilots conducted thus far (such as

This chapter has been submitted as: Yunzhong, Z., Vroon, J., Zoltan, Z., Gerd, K., 2024, Streetwise
Social Navigation: Field Observations of Yielding in Robot-Pedestrian Interactions.
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Starbot’s food delivery robots) highlight the real-world issues that can occur when
autonomous robots navigate among pedestrians, including a wheelchair user being
blocked by robots [239] and robots being assaulted and bullied [240–242]. The
increase in such incidents has led some cities to enact partial bans on autonomous
delivery robots (e.g., [243]).

Yet, despite a plethora of research on robot navigation, there is but limited research
on how it works or breaks down in real-world incidental encounters [244–249].
Existing navigation strategies, including the social force model and its variations
[76–78], can still exhibit inappropriate behaviors. These behaviors may be tolerable
at times but become problematic when they constantly force humans to yield
to robots, contradicting socially aware navigation principles of least disturbance.
While yielding behaviors and their influencing factors have been explored in other
contexts, a.o. between pedestrians and drivers [250–252], our understanding of
yielding between robots and pedestrians in public spaces such as sidewalks is still
lacking. To quote the recent conclusions of Gao and Huang [11], there is a need for
“more [...] field studies to productively advance socially-aware robot navigation and
develop useful, functional mobile robots” (p.13) and a need to “enrich pedestrian
models” and “measure and report individual characteristics” (p.14-15).

We thus investigate the research question: What factors influence the yielding
behavior of pedestrians when encountering a robot in a public space? As they are
what triggers and necessitates yielding behaviors, we focus on conflicts, following
the definition of Mirsky et al.: “A conflict between a robot and [...] pedestrians is
a situation in which if there is no change of direction or speed by at least one of
the parties, they will collide” [79, p.2]. Rather than exploring the appropriateness
of specific social navigation strategies, we aim to understand how potentially
inappropriate situations develop in the wild. We focus specifically on pedestrians
and factors directly relating to their behavior, leaving factors specific to the robot
out of scope. To answer the research question, we conducted a field study with
a Clearpath Husky robot in an outdoor public space in a bustling area with both
narrow sidewalks and a more open pedestrian zone. We used context confrontation
[253], a form of field observation developed to understand the natural reactions of
pedestrians when a robot is seemingly navigating (seemingly) without responding
to humans. This means we did deliberately not imbue the robot with any social
behavior; the navigation ignored all humans. A robot operator fully controls the
robot (speed, orientation, direction) to allow encounters to emerge naturally but
safely. We developed detailed observation forms in a pre-study to enable rich and
systematic naturalistic observations while avoiding infringing on people’s privacy. We
further enriched this with a sampling of interviews, allowing us to explore human
perception of the robot’s behavior and various social cues more deeply.

Our findings indicate that most often, pedestrians yield for a robot and avoid
potential conflicts a long time before collisions would have occurred. On the other
hand, there were also cases in which pedestrians did not yield or did so at the
last minute. As the main outcome, we identify various factors that correlate with
this yielding or non-yielding behavior (Table 3.1) and derive design considerations
from them. Our findings have several implications for robotics research. First, they
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highlight a range of situations where robot social navigation should be designed
more carefully to be safe and acceptable, i.e., “streetwise”. Second, they demonstrate
that field observations such as the context confrontation we conducted—utilizing
observation forms and a robot deliberately not employing any social strategies—play
an essential role in systematically investigating the requirements for social navigation
strategies in specific situations.

3.2. RELATED WORK

Social navigation among pedestrians is complicated when considering the number
of entities involved. Yet, we mostly manage to avoid each other without collisions
[254, 255]. Much of our understanding of this social positioning behavior is based
on early sociological work investigating our personal space, as described by Hall’s
proxemics [256, 257], and the different formations that groups of humans tend to
form (see, e.g., Kendon’s work on F-formations [258]).

Still, social navigation encompasses many different activities: we can walk
side-by-side (or in other formations) (e.g., [78]), we can approach one another (e.g.,
[237]), we can position ourselves relative to each other concerning each other’s
personal preferences, and we can pass each other by while mostly avoiding collisions
(e.g., [247]). Within the context of this work, and given our subsequent focus on
incidental encounters [249] and conflicts [79], we will focus on this latter case of
passing by, the conflicts that play a role in it (e.g., [259]) and the yielding behavior
of pedestrians.

3.2.1. SOCIALLY-AWARE ROBOT NAVIGATION AND CONFLICTS

From a robotics point of view, social navigation entails numerous technical
challenges that have all been worked on extensively. Many of these works start from
applicable sociological concepts of social positioning in human-human interaction
and try to formalize them for application in robotics (as reviewed by, e.g., [260, 261]
and reflected on by, e.g., [11]). As a consequence of this, social navigation is often
phrased as trying to navigate such that the robot never gets closer to people than
certain set distances—with those distances being derived from sociological concepts
like Hall’s personal space zones and F-formations (see, e.g., [262]). Based on this
definition, a series of applicable technical challenges will be tackled, from computer
vision to predicting pedestrian behavior to path planning (e.g., the review by [259]).

While pragmatic and relatively effective, such approaches pose challenges and
trigger a range of conflicts (e.g., the recent review by [79]). For example, how should
we balance avoiding such intrusions against deviating from the shortest path [263],
and how should we weigh multiple intrusions against each other [264]? Another
complication with this approach is that people often respond to the behavior of
the robot—which has led developers to look into the legibility of their navigation
behavior [265] and into ways in which these response behaviors can be used to
further the navigation [263, 266] or change people’s proxemics preferences [266].
Recent work has also looked into using relevant social cues (e.g., [64, 79]) to detect
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such conflicts as they arise [267], which is fundamental to enabling robots to
respond appropriately.

Such challenges also affect robots deployed in the wild, hindering their acceptance
in our social spaces. From numerous examples of (mobile) robots being harassed
and attempts to mediate this [240–242], to mobile robots bothering (vulnerable) road
users (e.g., [239], the robot crossing a crime scene, and the partial ban of mobile
robots in San Francisco [243]).

3.2.2. ROBOTS IN THE WILD; FIELD OBSERVATIONS FOR SOCIAL

NAVIGATION

Field observations play a significant role in human-robot interaction, offering
essential insights into robot design [268]. These studies examine specific contexts
and human reactions, such as exploring people’s reactions to a robot trash can
[269], conducting trials with a robot providing information in a shopping mall [238],
and investigating the social positioning behavior of people around a robot in an
indoor setting [270]. However, field studies on social navigation have been limited,
with most research concentrating on evaluating specific solutions (see, e.g., [246,
248, 271]). However, how much of their observations can be attributed to designed
robot behavior is unclear. More recently, there have been three independent works,
all of which have been conducted using field observations. Van Mierlo conducted
exploratory systematic observations into the reactions triggered by a delivery robot
[272]. Still, he focused primarily on mapping out the types of responses instead of the
underlying factors. Both Ambrams [273] and Vroon [253] reported a few fascinating
cases of people responding to such robots, but these are based on preliminary and
mostly informal observations. As such, we still lack a more systematic exploration of
robot social navigation in context, specifically in the relevant factors that should be
considered.

3.3. STUDY

We aimed to investigate the factors influencing pedestrian yielding behavior to a
robot in an outdoor public space. To this end, we needed a set-up with naturally
occurring conflicts between pedestrians and a mobile robot. We conducted field
observations with unwitting pedestrians—using observation forms rather than video
recordings to avoid privacy issues.

In this chapter, we will give an overview of the location (Chapter 3.3.1) and the
robot behaviors (Chapter 3.3.2) we used to conduct these observations. We will then
discuss how we developed our observation form with a pre-study (Chapter 3.3.3) and
how we set up a small convenience sampling of interviews to collect information
on how pedestrians perceived the behaviors of the robot (Section 3.3.4). All these
components come together in the procedure for our systematic observations, which
had to balance various ethical concerns (Chapter 3.3.5).
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3.3.1. CONTEXT

We conducted the study at the Marineterrein Amsterdam Living Lab (MALL) (see
Figure 3.1). This is a publicly available area, close to the city center of Amsterdam.
The location encompasses narrow sidewalks and wider streets primarily used by
pedestrians (cars are discouraged from entering). We further conducted observations
on a sidewalk next to a cycling path.

Figure 3.1: Map of the Marineterrein, where we conducted our field observations. ©
OpenStreetMap contributors

The location is used as a through-path for pedestrians and cyclists, as a calm
area for walking dogs, as a destination due to the various offices, restaurants, cafes,
inn, and outdoor gym, and as a recreational zone, with its small park and public
waterfront pool in the former harbor. This meant that our observations included
everything from people calmly strolling or walking to people running or cycling
more rapidly toward destinations. The location is still privately governed as a former
navy base, giving it a unique breeding ground for studies into the future of the city.

Pedestrian traffic during the study varied from quiet mornings to more busy
lunch times and extremely busy, sunny afternoons. Though we conducted the first
round of observations during the COVID-19 lockdown measures (summer 2021), we
will focus on a second, extended round of observations under much more regular
circumstances (summer 2022). We mainly observed on sunny days (and during some
light drizzle) but avoided rainy days to protect the robot.

3.3.2. MATERIALS

We used Clearpath Robotic’s Husky as our robot platform for this study. It
is comparable in size to many of the sidewalk robots/vehicles currently under
development, albeit somewhat less tall (dimensions [bwh]: 990 x 670 x 390 mm,
50kg). For safety and convenience, we conducted our study with complete manual
robot control by a somewhat hidden human operator (Wizard-of-Oz set-up).
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Protocol for the robot’s behavior As discussed, we aimed to allow conflicts to
emerge without deliberately causing them. To get clear observations of the yielding
behavior of pedestrians in response to these conflicts and to avoid biasing our
findings by introducing new factors, we explicitly did not give the robot itself any
yielding behaviors—unless doing so was necessary for safety reasons.

This resulted in the following protocol for controlling the robot. (1) Drive on one
side of the road/sidewalk at a speed of 1.0 m/s (comparable to a slow walking
speed), (2) do not deliberately aim toward humans, (3) drive around all non-human
obstacles, such as cars and parked bicycles. (4) Ignore all humans; do not drive
around them or slow down. (5) When at risk of colliding with a human (i.e., when
a pedestrian is within 50cm in front of the robot), make an ‘emergency stop’ for
safety reasons. Continue driving if/when the path is cleared, but stick to the initially
planned path. (6) If common sense or safety dictates it, abandon protocol and note
this down explicitly.

For safety and due to the range of the Bluetooth controller, the robot operator
had to stay within approximately 10 meters of the robot constantly. This meant
the operator had to walk near the robot visibly; to not be directly associated with
the robot, we employed various techniques, including not constantly looking at the
robot, not walking at the same speed as the robot, walking across the street from
the robot, and holding the controller at waist-height.

3.3.3. PRE-STUDY TO INFORM OUR OBSERVATION FORMS

To inform the set-up, we first conducted informal observations of interactions
between human pedestrians to understand the factors that might play a role. To do
this, we sat in various public spaces (in Delft and our campus). We paid specific
attention to conflicts between pedestrians, i.e., situations where a collision would
occur if not one of the involved parties would yield. After that, we used the same
procedure to conduct the first informal observations with a small prototype ‘robot’
made out of cardboard and a remote-controlled car, using the protocol for behavior
outlined above. Besides this, the pre-study observations followed the same protocol
as the study-as-a-whole.

We made notes throughout and used a grounded theory approach to develop
themes based on the patterns we observed iteratively. Our observations were
primarily conducted by one observer, who then discussed the patterns to find
common ground. These steps follow the method of context confrontation [253]
These initial steps are discussed in more detail in our earlier publication on the
method [253].

To enable us to capture observed interactions between the robot and pedestrians
quickly and more systematically, we then developed observation forms (Figure 3.2)
using the observed patterns and some basic demographics (assumed age, assumed
gender) as a guideline. We iterated the layout of the forms to create a more efficient
and natural flow. In the remainder of this section, we will briefly discuss the patterns
we observed during the pre-study and how they informed the concepts and fields
we used in our observations and our observation forms.
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Figure 3.2: Filled in the example of the observation form we developed for and
used in our observations. Following the elements from left to right,
the situation sketch shows a heads-on conflict in a mostly straight wide
stretch of road involving the robot and a group of two pedestrians,
assumed to be a male and female of about 50 years old, who yielded for
the robot, at early on, by speeding up and adjusting their trajectory. The
only applicable factor was that their initial speed was somewhat slow. In
terms of cues, they very strongly showed boredom (annotations based on
the PrEmo tool [274]), got no closer to the robot than the personal space
zone [256], and looked at it but a few short times before passing it and
not after passing.

Conflicts During our pre-study, we observed three distinct categories of conflicts
based on the angle between the projected headings (see Figure 3.3): heads-on,
crossing, or from behind. All conflicts we observed belonged to one of these
categories, which may be due to our public spaces’ design.

(a) Heads on (b) Crossing (c) From behind

Figure 3.3: Conflicts occur when the projected headings of two road users intersect.
We distinguished conflict types by the relative angle between these
headings: heads on for opposed directions (including heading towards
stationary pedestrians), crossing for orthogonal directions, and from
behind for aligned directions. In rare cases, non-straight headings also
intersected, e.g., when both the robot and a pedestrian would turn to go
in the same direction at an intersection.

Yielding behavior When looking at yielding behaviors during our pre-study, three
aspects meaningfully described them: whether or not the pedestrian(s) yielded at all,
when they yielded, if they did, and how they yielded.

When pedestrian(s) did not yield at all, since the robot did not yield either,
this always resulted in an ‘emergency stop’, making this easy to observe. Our
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initial observations distinguished three types of yielding behaviors: changing speed,
changing trajectory, or something else (e.g., stop and wait).

The timing of the yielding behavior was diverse and (thus) hard to capture
precisely. We saw timings ranging from people who yielded for each other and our
prototype robot while still over 15 meters (and several seconds) away to people not
yielding until the last second within decimeters of collision). In an early exploration
of the study design, we found big annotation differences between observers. We
thus explicitly aligned our observers by taking the aforementioned two examples as
the extremes of ‘very early on’ and ‘very last minute’, respectively, and defining the
scale as continuous.

Factors In our initial observations, we built a first intuition about different factors
that might play a role in yielding behavior, i.e., activities (e.g., walking dogs, cycling,
carrying items), distraction (e.g., cell phones), whether or not the pedestrian(s) was
moving, initial speed. While not excluding other factors—we left ample space for
comments—we added these factors to our form for easier and more consistent
annotation.

Cues and perceived appropriateness We further observed various social cues
pedestrians use in their interactions, most notably facial expressions, proxemics, and
gaze. We thought these aligned with their perception of the robot, mainly whether
they felt it should adapt its behavior.

We also included the first constrained coding of these cues to explore this relation
further. We annotated expressions using the PrEmo tool, as it provides an accessible
set of 14 emotions related to product experience [274]. For proxemics, as reliably
capturing distance between the robot and pedestrians over time would be unfeasible
with an observation form, we focused on just recording the minimum of that
distance for each encounter, i.e., the closest proxemics distance to the robot [256].
Similarly, to track gaze feasibly, we used rough coding of gaze frequency and duration
based on a timeline crudely indicating when pedestrians looked at the robot.

A sampling of follow-up interviews was used to collect the impression of
pedestrians (see below, Section 3.3.4).

Demographics To get a rough idea of how representative our sample was, we
recorded basic demographics (assumed age category, assumed gender) on all people
observed in conflicts with the robot. As these demographics are based only on
a rough and superficial assessment by the observer, we explicitly tested for the
(inter-rater) reliability of this coding to confirm they were sufficient for our purpose.

3.3.4. INTERVIEWS

As our observations alone did not give any information on how the observed
pedestrians subjectively experienced these interactions, we enriched our observations
with a subsampling of interviews.
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After some encounters during the study (≈ 7.5%), we immediately approached the
involved pedestrian(s) and conducted a brief semi-structured interview, asking them
to reflect on the encounter. If multiple people were involved in the encounter,
we interviewed them as a group. To cover a range of perspectives, we explicitly
aimed to widen the range in age, gender, group size, and yield behaviors; otherwise,
our sampling would have been convenience-based. Some pedestrians declined our
request for an interview, particularly during one exceptionally warm day.

Our interview contained three questions, asked in Dutch or English, depending on
the preference of the interviewee(s). An open-ended question was used to probe our
interviewees’ experience in a non-suggestive way: "You just encountered a robot;
how did you experience that?". Then, we asked participants to pick the icon that
best represented their emotional state from the PrEmo tool that we also used in
our observations; this provided a baseline to check our observations against and
additionally served to prime our participants for a more effective reflection. The
last question was more directive, asking for suggestions for improvement to pinpoint
if/where the robot’s behaviors were seen as inappropriate: "Should the robot adapt
his behavior to feel more appropriate to you? If so, how?"

3.3.5. SYSTEMATIC OBSERVATIONS

Our procedure for the systematic observations follows relatively straightforwardly
from what was discussed above. In the summer of 2022, two observers visited the
location to conduct our observations. One used the robot and protocol described
to navigate back and forth around the terrain for a few hours, taking breaks as
required (a.o. to replace the battery). The other observer would not down any
conflicts using the observation forms. The two observers switched roles regularly.
Other salient occurrences were also reported. Both observers annotated one cluster
of observations to check the procedure and investigate inter-rater reliability. In the
first session, the two observers were explicitly trained in using the observation forms,
focusing on aligning them with subjective factors such as yield timing.

Ethical considerations As argued above, it was fundamental to this work to make
these observations with unwitting pedestrians in the will, -yet this raised several
ethical concerns. While making video recordings would have been convenient, it
would have invaded the privacy of those pedestrians. Our approach with observation
forms provided a suitable alternative to making systematic observations.

Furthermore, deliberately allowing conflicts with unsuspecting bystanders to
emerge could pose a risk. While most of these ‘conflicts’ were effortlessly and
harmlessly resolved by the pedestrian yielding, we still endeavored to reduce further
the risk by manual control and constant supervision of the robot, including safety
precautions in the protocol and using a relatively small and light robot. In addition,
the location where we conducted our study Marineterrein, is marked as a field lab at
all entrances.

With these considerations, this study was evaluated and approved by the ethical
committee of the University of Delft.
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3.4. FINDINGS
Using the developed observation form, we conducted well over 30 hours of
systematic observation, spread out over two weeks, during which we observed 427
distinct conflicts with the robot.

After a discussion of inter-rater reliability in our observations, we will here discuss
the critical patterns of the conflicts we observed (Section 3.4.1), patterns in the
relation between social cues and perception of the robot (Section 3.4.2), as well as
more incidental other observations (Section 3.4.3). An overview of the main factors
we report on can be found in Table 3.1. For these patterns, we looked at all
aspects of yield behavior as defined above; yield timing, particularly, had a lot of
variance between encounters. For that aspect, we were able to look deeper into the
interplay of related factors. As the markings for yield timing were not precise enough
to represent a continuous number (for example, the slanted mark in Figure 3.2),
following discussion with the observers, we binned the annotations on a 7-point
scale from ‘very early on’ (1) to ‘very last minute’ (7).

Our work aimed to identify a wide range of potentially meaningful factors, not
to formally test their impact. Therefore, we will present and describe distributions
instead of using evaluative statistics; as the patterns were identified post-hoc based
on our data, we want to avoid explicitly suggesting evidence for assumed causality.
To check the reliability of our observations, we conducted one session where both
observers coded the same 20 conflicts. We only did this for 20 conflicts, as it
required notably more focus from the observer driving the robot; we also swapped
roles halfway for these 20 conflicts to reduce any potential effect on our reliability
analysis.

There was no confusion between conflict types (agreement 100%). The observers
fully agreed on whether or not the pedestrian(s) yielded (100%). The yield timing
was acceptable to good at the last minute or early on (Pearson’s r 0.75). How
pedestrians yielded was also reasonably well-aligned, with the observers agreeing in
most cases on both speed (14/20, 70%) and trajectory changes (19/20, 95%).

Assumed gender was agreed on in most cases (29/31), and agreement on assumed
age was good (Pearson’s r 0.92). Coding of the social cues from observations yielded
poor agreement for expressions (9/20) and reasonable agreement on the proxemics
zone (Spearman’s ρ 0.58). Gaze duration and frequency did not have enough
variation in this sample to justify testing for agreement. Beyond the cues, these
findings suggest a sufficiently high inter-rater agreement, justifying further analysis.

3.4.1. CONFLICTS

We observed 427 conflicts, at roughly a conflict every 4 minutes. Barely any
of these ‘conflicts’ were associated with a strong outward emotional reaction (34
very strong expressions, albeit not necessarily in response to the robot). The vast
majority of conflicts we observed were heads-on (69%). From-behind conflicts,
where pedestrians and cyclists overtook the robots, were the second most common
(17%), and crossings were the rare conflict (14%).

Overall, we only observed 13 cases (3%) in which the robot had to make an
emergency stop because pedestrians did not yield. Among pedestrians who did yield,
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when they yielded—early on or last minute—seemed to be normally distributed,
generally peaking on yielding somewhat early on. As one might expect, there was
a very strong and clear pattern with pedestrians yielding earlier on getting much
closer to the robot than pedestrians who yielded later (this averaged to 4.29 for the
intimate zone, 3.05 for personal, 2.23 for social, and 1.58 for public). Yield timing
did not change much with general busyness, with pedestrians only yielding a bit
later while it was more busy than while it was averagely busy or less busy (average
yield timing of 3.60, 3.17, and 3.21, respectively).

Conflict type For both from-behind and heads-on conflicts, in nearly all cases,
pedestrians yielded by changing their trajectory (respectively 56/66 and 249/277),
though quite a few also changed their speed (respectively 34 and 68); just changing
speed was rare (respectively 8 and 9). For crossing conflicts, we saw that
pedestrians would more often change their speed (41/51) than their trajectory
(36/51). Pedestrians would, at times, also find a spot to stop and wait for the robot
to pass.

The timing of the different yield behaviors did differ between conflict types (see
Figure 3.4, top left), with pedestrians comparatively yielding later during crossing
conflicts more often than during heads-on and from-behind conflicts.

Wideness We saw relations between several factors and the wideness of the
passageway, be it narrow at ≈ 1.5m% (narrow sidewalks/streets, 201 observations)
or broader (broad sidewalk/street or open area, 225 observations). Overall, on
average, pedestrians yielded only minimally earlier in narrow passageways than in
broad ones (average yield timing 3.22 and 3.55, respectively). Yet when we look
in-depth, more complex interactions become apparent when we look between a.o.
group size/composition and age, more complex interactive frequency of the different
conflict types also changed with wideness, as a more significant proportion of
conflicts was heads-on for narrow (Crossing 12, Heads-on 176, From-behind 43) than
for broad (Crossing 65, Heads-on 150, From-behind 55) passageways.

Group size There was a clear trend of group size influencing yield timing, with, on
average, individuals yielding earlier than pairs yielding earlier than bigger groups (3
or more people) (Figure 3.4, top right). Groups yielded later in wide passageways
than in narrow ones.

Gender Males (individual and in all-male groups) yielded marginally earlier on
average than females (individual and in all-female groups) (Figure 3.4, bottom right).
Mixed-gender groups overall had more intermediate yield timing than other groups
and comparatively more often yielded earlier in narrow passageways and later (but
not very late) in broad passageways.

Assumed age As shown in Figure 3.4, older pedestrians, on average, yielded later
than younger pedestrians on narrow sidewalks but earlier on wide sidewalks. As age
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Figure 3.4: Distribution of different yield timings for different categories in various
factors (conflict type, group size, assumed gender, and assumed age).
Each factor is shown for all observations together (above) and split out
on their effect in narrow and wide passageways (below).

was assumed by the observers, we checked this effect for a range of age groups, and
the found pattern was consistent.
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3.4.2. SOCIAL CUES AND PERCEPTION OF THE ROBOT

Within the subset of interviews (32 interviews involving 60 people, each conducted
directly after an encounter), we found various factors that formed meaningful
patterns with how strongly people felt the robot should change its behavior. To
quantify these patterns, we coded their answers on the extent it indicated the robot
should adapt its behavior according to at least one of the interviewees (5-point Likert
scale, from ‘not at all’ to ‘extremely’). After resolving bigger ambiguities with a third
coder, our two coders strongly aligned (Pearson’s rho of .96). We used average scores,
rounded down, in our exploration of patterns. Though the evidence is limited, we
share these informal descriptions of these patterns here as directions for future work.

Most of our interviewees were positive about the robot when asked how they
experienced running into it–with recurring qualifiers being “strange”, “interesting”,
and “nice”. Only in 5 interviews did people indicate some discomfort at first. Yet,
when we asked if the robot should adapt its behavior, people were more forward
with their comments (11 interviews where at least one interviewee indicated the
robot should change its behavior, seven interviews with not all, and 14 interviews in
between).

On narrow streets, our interviewees were strongly skewed towards wanting the
robot to adapt, while on broad streets, they were more likely not to want the robot
to adapt.

Pedestrians strongly felt that the robot should adapt its behavior often gave the
robot less space (skewed towards passing intimately close) and spent much longer
looking at the robot before passing it (skewed towards looking at it 80-100% of the
time). Pedestrians who changed their speed and/or did not change their trajectory
were also comparatively more likely to strongly feel the robot should adapt its
behavior (66% and 40%, relatively). Pedestrians who felt strongly that the robot
should adapt, as well as those who felt it need not adapt, often yielded (very) early
on (in 9/12 and 4/5 encounters, respectively), while those who somewhat felt the
robot should adapt mostly yielded immediately fast (7/15 encounters) or later (4/15).

3.4.3. OTHER OBSERVATIONS

Throughout our observations, we noticed numerous other patterns. While the
evidence for these patterns is more circumstantial (usually just a few observations)
and thus would benefit from more extensive study, they were rich and relevant
enough to justify their inclusion.

Stationary pedestrians Even though we only encountered 14 conflicts with
stationary pedestrians, five resulted in an emergency stop. This accounts for 5/13
emergency stops. Even with the relatively small set of observations, this strongly
suggests that stationary people are less willing to yield to a robot.

Engagement and teasing The robot attracted various kinds of attention, from
kids wanting to sit on it (2x), to people stopping or slowing down to look (13x),
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film (4x) or take pictures (1x). Several pedestrians teased/tested1 the robot by
deliberately blocking its path (9x), jumping over it (2x), touching it (3x), or making
sudden/kicking motions (3x). In two encounters, people gestured to/yelled at the
robot–not counting the many instances where people talked about the robot.

In other words, the robot faced a very broad array of non-verbal reactions, many
of which could be disruptive to its disrupting our observations; these added up to
9% (40/427) of all observed conflicts. While this number is likely to be partially
due to a novelty effect, this still ought to be a factor of concern for any real-life
deployment of such systems.

Interestingly, while some pedestrians blocking the robot resulted in emergency
stops (3/9), in most of these encounters, they instead yielded (very) late (5/9). This
aligns with the feeling our observers got that the lack of response caused by the
protocol to ignore humans was what led people to back off in the end.

Objects; cycling, boxes, and strollers One factor we annotated was the presence
of objects that might influence the interaction. The most common were people on
bikes (71 conflicts), dogs (15 conflicts), people walking with a bike (7 people), and
strollers (7 people). But this also included big boxes, luggage, garbage cans, and
babies. For some of these objects, we saw patterns emerge.

While not a common occurrence (n=3), each time the robot ran into someone
carrying big boxes, the robot operator noticed afterward that they had subconsciously
broken protocol and yielded. This suggests, even with the evidence being only
circumstantial, that pedestrians carrying objects should have a special status in
social navigation—possibly to accommodate their line of sight being blocked.

Cyclists (n=71) clearly kept more distance from the robot. While this was not fully
captured in our observation forms, the observers’ impression was that they yielded
further away in the distance to accommodate their higher speed.

People with strollers (n=7) kept less distance when yielding and often looked at
the robot. To the observers, this was read as expecting the robot to yield and
subsequently giving it less space while yielding as a social signal–in line with the
discussed pattern that people who strongly felt the robot should change its behavior
gave it less space.

3.5. DISCUSSION

During our observations, we saw that most often, pedestrians yield for a robot and
avoid potential conflicts long before collisions would have occurred. On the other
hand, there were also cases in which pedestrians did not yield or did so at the last
minute. Based on our observations, we identified various factors that correlate with
this yielding behavior; an overview can be found in Table 3.1.

1To our observers, these behaviors sometimes felt like bordering on harassment/vandalism. Yet,
whether they should be framed as such depends on the observed pedestrians’ underlying
motivations, such as curiosity. While we explored this in other (ongoing) work, the results of this
chapter do not justify strong conclusions either way.
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Figure 3.5: Distribution of relative frequency of reactions to the robot in terms of
closest proxemic distance (left) and number of looks at the robot before
passing (right) for pedestrians that are cycling and pedestrians with
strollers, as compared against the baseline in all observations.

These factors show yield behavior and yield expectations to be a continuous
complex coordination of who will/should yield (when and how). In this, one’s yield
behaviors simultaneously serve an implicit communicative function; not yielding
(yet) indicates to the other that one is less likely to yield. This is akin to how
proxemics behaviors are viewed in later frameworks like the intimacy equilibrium
model [275–277] and dynamic implementations in human-robot interaction [266,
278].

From this understanding, we can cluster the factors found on their role in
coordinating the yield behavior and identify design considerations for accommodating
them in developing robot social navigation behaviors (Section 3.5.1). We then
reflect on how the specific context of our field study may have influenced our
findings to frame opportunities and limitations based on the generalizability of the
work (Section 3.5.2). As such, our reflections on the method provide an additional
contribution, enabling others to elicit these kinds of insights in similar contexts
(Section 3.5.3).

3.5.1. DESIGN CONSIDERATIONS FOR COORDINATING YIELD BEHAVIOR

Empathic awareness First and foremost, the found factors allow us to highlight
considerations for what should be understood of the situation in the design of
social navigation. Crucial in this is the observation that the observed factors do not
seem to be independent, from the pattern of yielding behaviors of older pedestrians
changing with the wideness of the passageway to the observed relation between
people, indicating the robot should adapt its behavior and their behavior in gaze,
proxemics, and yield timing. Even though some of the factors we observed have
already found their way into various works on socially aware robot navigation [279],
as of yet, many of these factors and social cues are often studied in isolation and/or
not as factors weighing into the interaction as a whole.

When interpreting these interdependencies between factors, a parsimonious
explanation is that they weigh into two (possibly implicit/subconscious) social
decisions involved in sidewalk navigation; this interpretation also ties into our earlier
reframing of these interactions as a continuous complex coordination. Firstly, several
factors can be tied to awareness—are people aware of the robot—including attention,
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Factor Observed pattern Evidence

Conflict
type

When crossing, pedestrians are more likely
to yield early on by changing their speed.
During head-on collisions, yielding by changing
trajectory is most common.

Figure 3.4

Wideness In addition to the patterns in combination
with age and group size listed below, people
overall also yielded somewhat earlier in narrow
passageways.

Figure 3.4, our inter-
viewees more strongly
wanted the robot to
adapt after encounter-
ing it on a narrow
street

Stationary When pedestrians were stationary, they were
less likely to yield to the robot.

36% (5/14) of en-
counters with station-
ary pedestrians led to
emergency stops

Group
size

Individuals yielded earlier than pairs than
bigger groups. Groups yielded later in wide
passageways.

Figure 3.4

Gender Males yielded marginally earlier for the robot
than females, both individually and in groups.

Figure 3.4

Assumed
age

Older pedestrians yielded later than younger
pedestrians on narrow sidewalks but earlier on
wide sidewalks.

Figure 3.4

Social
cues

Whether a pedestrian perceived the robot’s
behavior as appropriate were reflected in their
space given, gaze, change of speed but not
trajectory, and yield timing.

32 follow-up interviews

Engagement
& teasing

Pedestrians commonly directed actions to-
wards the robot, even to the point of initiating
conflicts, from trying to block the robot to
playing with and jumping over it to stopping
to film it.

Deliberate non-verbal
actions towards robot
in 9% (38/427) of con-
flicts.

Carried
items

When running into someone with big boxes,
the robot operator subconsciously yielded

100% (n=3) of operator
subconsciously break-
ing protocol

Cyclists Cyclists kept more distance Figure 3.5 (n=73)
Strollers People with strollers kept less distance and

looked at it much longer, presumably expecting
it to yield

Figure 3.5 (n=7)

Table 3.1: Overview of the found factors, the pattern, and the evidence for it.

gaze distractions by cell phones and people carrying items; even the static groups
more often leading to emergency stops may, in part, be caused by these groups often
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being turned towards each other and thus having less awareness of what is going
on around them. Secondly, several factors can be tied to cost—how much effort
will yield take for the other and how to fairly weigh that effort—including factors
such as strollers, age, the wideness of path, standing still, and group size. From
this perspective, for example, our observation that older pedestrians tended to yield
later on narrow sidewalks may be explained by assuming that some had somewhat
reduced mobility and were expecting to be accommodated.

Following these reflections, we thus suggest interpreting the factors jointly to
provide information for making social decisions related to awareness and cost in
social navigation. Instead of responding to individual factors such as age and
group size on their own, consider how awareness and cost. These factors influence
awareness, and cost goes beyond surface-level understanding of the factors by
themselves and enables what we will refer to as empathic awareness. While a few
papers try to model pedestrians and their decision-making processes for robot social
navigation [280], these do not include most of the factors we pinpointed.

In all, we thus recommend, from a design point of view, increasing such
empathic awareness in social navigation, enabling social navigation that more deeply
understands people. On a technical level, this will require bridging the gap between
considering these factors and modeling their impact on the decision-making process.
Moreover, reliable detection of many of these factors is likely to be non-trivial (e.g.,
[281]); our findings suggest some low-hanging fruit that may already cause key
improvements when implemented, such as detecting when pedestrians are distracted
by cell phones and detecting objects that limit maneuverability (e.g., strollers and
carried items). Nonetheless, as this means a more full-fledged empathic awareness
will likely remain unfeasible in the near future, designers and developers should
further consider how (technical) boundaries of a robot’s empathic awareness can be
expressed and communicated.

PA responsiveness Secondly, in our observations and interviews, whether a
pedestrian perceived the robot’s behavior as appropriate was more clearly reflected
in affective social cues like space given, gaze, and change of speed, than in more
functional behaviors, such as trajectory and yield timing. Such affective, social cues
have been extensively studied in social robotics [282, 283], yet work on socially
aware robot navigation still commonly reduces humans to trajectories over time (as
also concluded in [11]); though recent efforts have started to include more affective
states (e.g. [284]). Our impression is that these affective cues play a necessary role in
continuously communicating yield expectations—in line with our earlier reframing
of yield behavior as mutual, continuous, complex coordination.

It suggests that responding to human’s perceived appropriateness (PA) by reading
and responding to effective cues—a more PA responsiveness—would provide a crucial
opportunity for robots to improve their appropriateness. In line with earlier work on
robot social positioning [266, 285, 286], what is appropriate may be something that
is established through this back-and-forth of responding to each other’s affective
social cues (see also [287]).

From a design point of view, we would thus recommend considering how this kind
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of PA responsiveness might afford new kinds of interaction. While early detection of
these signals may still be unreliable [288], there would already be a significant impact
of being able to repair severely escalated situations in social navigation. Pending
robots understanding such affective cues, designers could also deliberately create
affordances for pedestrians to trigger responsive behaviors2, empowering pedestrians
in shaping how they want a robot to navigate around them.

Readable expressiveness Thirdly, as we greatly constrained how our robot acted
around people, this also gave us clear insights into how that affected people’s
reactions, particularly when contrasted with less constrained observations. In
numerous other explorations with more social behaviors, we have seen people get
engaged with such robots, teasing them, and even getting to the point of vandalizing
them (e.g., [240]), yet, in this chapter, while people would still approach and ‘test’
the robot, its lack of social response seemed to be an effective approach in having
them get out of the way for it3. So even if a behavior may ‘just’ be intended to
ensure safety or even defuse teasing, due to how it is read, it may still play out
differently—even to the opposite effect.

These findings suggest that people will continuously read and respond to the
behaviors of the robot, implying that behavior design should be mindful of how the
behaviors of the robot will/can be read by pedestrians: readable expressiveness. One
aspect of this that has been extensively studied is to deliberately design behaviors
to provide information about the aims and intentions of the robot—i.e., legibility
[265, 289]. Beyond this, another crucial aspect will be to consider how pedestrians
may read the (combined) behavior robot’s of a robot and assume beyond what was
intended, i.e., projecting their expectations on it.

For design, we would thus recommend the express design of behaviors that
convey what is intended and, crucially, as little else as possible. This can
likely build on earlier work attempting to make robots intuitively relatable to
people, e.g. by leveraging anthropomorphism4. Here, in line with the set-up and
observations in this chapter, minimal behaviors may be more effective in helping
avoid conveying unintended additional meaning, such as minimum channels for
maximum tuning. Crucially, this also hints that designers should avoid the risk of
over-anthropomorphising.

3.5.2. GENERALISABILITY

Within our observations, the various factors are jointly related to yield behaviors.
The most notable example is how the patterns for age and group size were different
depending on the wideness of the passageway. We would thus argue that the factors

2For example, what if a robot had a red area with a footprint on it that pedestrians could use to
push it away with their feet if they were upset with what it was doing? Or buttons you could press
to rate its performance?

3Admittedly, in two separate instances people moved out of the way by jumping over it, which would
still be undesirable as it risks harm to robot and pedestrian

4Given the focus of our work on movement in interaction, with a robot that has little in shape that
readily relates to the human body, calling it anthropomorphism may be more appropriate.
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themselves should thus be seen as context-dependent; for example, whether or not
people are aware of and willing to yield for a robot may well be different between
a packed market street with scooters zipping by and a potholed sidewalk beside a
road.

We want to highlight in particular the context factors of time and novelty; it is
very likely that when robots become more commonplace in our public spaces, our
expectations and reactions will also change. Depending on how these robots are
introduced and behave, people may gradually become more understanding of their
needs and more/less willing to accommodate them (e.g., [243]).

Furthermore, it is worth emphasizing that we conducted this chapter at one
specific location and thus in a relatively narrow context. Among others, we suspect
that the relatively car-free nature of the area may have increased participants’
willingness to step onto the ’road’ in yielding for the robot; a few interviewees asked
if the robot was for bomb disposal, an association likely based in our location being
a former navy base; the terrain being commonly used for leisure may have also
skewed our results.

In addition, various other aspects of robot social navigation may be relevant but
have not been the focus of this chapter. For example, we noticed how people (and
dogs) would often be intrigued by the robot but only turn to look at and comment
on it after the conflict was resolved—in line with the findings in [272]. We also
noticed that the built environment, e.g., road obstacles and raised curbs, seemed to
influence the yielding behavior of people; this might be a worthwhile direction for
further study. We did not see many vulnerable pedestrians in our sample, though
they should also be a factor to consider [239]. Implicit biases and other limitations of
our observers may have led to factors being missed, though this does not invalidate
the factors found.

Most crucially, though, the sheer amount of factors we identified suggests that, at
the very least, it would be relevant to do similar confrontations in other contexts,
e.g., as such robots become more commonplace. The comparisons with other works
we discussed throughout this chapter suggest that the factors we found are likely to
also apply to other contexts. Beyond that, both the method outlined in this chapter
and the framework provided by our design considerations can contribute a valuable
starting point to designers and developers alike.

3.5.3. CONTEXT CONFRONTATION; LESSONS AND RECOMMENDATIONS

The efforts outlined in this chapter align with previous studies and their findings.
Our finding on robot teasing aligns with the aforementioned prior work [240, 242,
249], but our ‘solution’ of the robot simply not yielding is new. Our findings that
conflicts are often (but not always) resolved easily by pedestrians much align with
the earlier fieldwork [253, 272, 273]—even though our robot seemed to be less
attractive to dogs [272].

In contrast to this earlier work, we added more systematic evidence by including
our observation forms. These allowed us to quantify our observations better, in terms
of fry, without requiring us to record the observed pedestrians and infringe on their
privacy. Doing so well required us to overcome a few hurdles in designing the study:
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(1) We found that observers needed a training session to be explicitly aligned on the
more subjective judgment calls involved, (2) we had to cap the detail in annotating
the cues to stay within the bounds of what our observers could feasibly recall of
encounters, which limited the reliability of those observations, and (3) observers
need practice in staying close enough to the robot to make detailed annotations, but
far away enough not to be immediately associated with it. Throughout the process,
we repeatedly noticed that many of the aspects noted on the observation form were
very easy to overlook/forget when not reminded about them by the observation
form, presumably because their influence is usually more subconscious. Using the
forms as a framework provided the support needed while allowing unanticipated
observations to be made. In all, the observation forms were essential in providing
extra evidence and informing our considerations, helping us retroactively tease out
patterns and factors from the complex interplay of factors that yield behavior turned
out to be.

Furthermore, we deliberately conducted our observations on a robot that displayed
no social behaviors. While this robbed us of the opportunity to pilot such behaviors
and explore their effectiveness, it did provide a uniquely ‘clean’ interaction, which
we found strongly supported us in identifying the different factors more clearly. It
was also instrumental in our reframing of yield behavior as a continuous complex
coordination—a negotiation, a dance—which enabled our design considerations.

3.6. CONCLUSIONS

We conducted a field observation study during which we tele-operated a robot to
navigate in an open public space while explicitly ignoring humans. This resulted
in 427 encounters, which we documented using a structured observation form to
identify factors influencing human-yielding behavior. Additionally, we conducted
a small sample of 32 interviews to explore the relationship between human
perceptions of the robot’s behavior and social cues such as proxemics, gaze, and
facial expressions, further deepening our understanding.

Our findings reveal that human yielding behavior is influenced by several seemly
dependent factors, including human activities (cycling, carrying items, running) and
demographics (age, gender), the robot’s behavior, and environmental settings (width
of passage). These factors might tie into two social decisions: awareness and
cost. Therefore, we suggest considering how these factors influence awareness and
costs empathic awareness that aims to enable social navigation that more deeply
understands people.

Secondly, observations and interviews indicated that pedestrians’ perceived
appropriateness of the robot’s behavior was more evident in affective, social
cues—such as proxemics, gaze, and change of speed than in functional behaviors
like trajectory and yield timing. Therefore, reading and responding to the perceived
appropriateness (PA) through those cues—a more PA responsiveness—would provide
a crucial opportunity for robots to improve their appropriateness. We thus
recommend considering how this kind of affective responsiveness might afford new
kinds of interaction.
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The study reveals that pedestrian interpretations of robot behaviors can deviate
from their intended safety or conflict resolution functions. This variation highlights
the need for designing robot behaviors with readable expressiveness, ensuring that
they communicate tended actions while avoiding misinterpretation.

Overall, this chapter identifies various factors contributing to the yielding behavior
of pedestrians, particularly human activities and demographics, robot behavior, and
environmental settings. It also highlights the significance of human social cues and
emotional responses to human perceived appropriateness of robot behavior. These
insights enrich our understanding of the dynamics of human-robot interactions and
pave the way for further investigations into detecting and adapting inappropriate
robot navigation, ultimately enhancing human-robot interaction quality in social
environments.
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PARSNIP DATASET FOR

PERCEIVED APPROPRIATENESS

DETECTION

Despite advancements in socially aware navigation, robots still often behave
inappropriately in social environments. To ensure their successful application, robots
must detect the human perceived appropriateness of their navigation behaviors. More
importantly, such inappropriate behaviors largely happen in narrow environments.
Therefore, it is important to answer the research question: How can we detect the
perceived appropriateness of robot navigation behavior in narrow environments (RQ3)?
We present a novel dataset that covers a complete range of perceived appropriateness
and uniquely incorporates human emotion and attention to facilitate the perceived
appropriateness detection of robot social navigation in pathways (PARSNiP). It is
created based on a series of human-robot interaction experiments with 30 participants
and a mobile robot. Several typical machine learning models are utilized to evaluate
the dataset and analyze the contributions of different features in detecting perceived
appropriateness. The results indicate that incorporating emotional and attentional
features can significantly improve the accuracy of perceived appropriateness detection.
There was an increase from 63% to 68% using algorithm-predicted emotional and
attentional features and a further increase to 79% with the emotion and attention
data reported by the participants. With the dataset, researchers could train machine
learning models to enable robots to detect perceived appropriateness accurately,
fostering adaptations that improve their responsiveness and accuracy in social
interactions.

This chapter has been submitted as: Yunzhong, Z., Vroon, J., Zoltan, Z., Gerd, K., 2024, PARSNiP:
A Novel Dataset for Better Perceived Appropriateness Detection in Robot Social Navigation using
Emotion and Attention Features.
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4.1. INTRODUCTION

Mobile robots are increasingly operating in social environments such as offices,
hospitals, and public spaces, where they encounter and interact with humans.
These robots undertake different tasks, including assisting in nursing and patient
rehabilitation, delivering parcels to homes and offices, stocking shelves in warehouses,
and cleaning floors in shopping malls [290]. A fundamental prerequisite for the
successful applications of mobile robots is their ability to navigate around humans
[291]. Robots that fail to respect humans and behave inappropriately have been
restricted or banned in social environments [292].

Socially-aware navigation, also referred to as human-aware navigation [6], socially
compliant navigation [11], socially acceptable navigation [8], or socially competent
navigation [9], aims to enable robots to navigate social environments safely,
effectively, and in a socially acceptable manner. Its primary objective is to integrate
social norms into robot navigation behaviors [293], making them, for example,
respect personal space [120], minimize path interference, and prioritize human
behavior [156]. However, pre-defined social norms lack flexibility and fail to
consider contextual factors and individual differences adequately. More sophisticated
algorithms have been developed to enable robots to detect and respond to social
dynamics, including human physical activities [294], and social signals such as
emotion [42, 295], intention [296, 297], and dominance [52] in varied settings
including crowded scenes [172], narrow spaces [298], and urban environments [299].

Current studies in socially aware navigation primarily focus on robots perceiving
and responding to humans [290, 300], yet they often overlook how humans perceive
robots, especially real-time perception. Just as humans pick up on social cues
and adapt to others’ feedback, robots should also detect whether their behavior is
perceived as appropriate by nearby individuals. Humans use a rich set of social cues
to indicate if they perceive behavior as inappropriate, annoying, or unsafe, such as
facial expressions, hand gestures, and evasive motions. Due to the limited studies
and datasets on the perceived appropriateness (PA) of robot navigation behavior,
current robots are unable to detect the PA of their navigation from these cues.

We introduce the PARSNiP dataset, which contains PA labels and uniquely includes
emotion and attention, to improve robots’ ability to detect PA. Collected from
human-robot interaction experiments that involve 30 participants and a robot,
PARSNiP offers a complete range of PA levels and is enriched with features crucial
for PA detection, such as the motion features of both humans and the robot, as
well as human emotion and attention. Several typical machine learning models are
employed to analyze the dataset, and findings reveal that incorporating emotional
and attentional features markedly improves PA detection performance. This dataset
can be utilized to develop machine learning models, which could then be applied in
robots to enhance their ability to accurately detect PA and adapt to human behaviors
more effectively.

The remainder of this paper is structured as follows: Section 4.2 reviews existing
datasets and their limitations, which motivates the creation of PARSNiP. Section 4.3
describes the dataset creation, including collection and processing methods. Section
4.4 presents the testing of the dataset on multiple machine learning models, with an
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analysis and discussion of the experimental results in detecting PA. Finally, Section
4.5 makes conclusions and outlines future directions.

4.2. RELATED WORK
Many datasets have been developed to improve and evaluate socially aware
navigation systems. These datasets primarily focus on gathering human motion
data to assist in robot imitation learning [301], covering a variety of environments,
both indoors [302–308] and outdoors [21, 308–315]. These datasets are used to
train data-driven methods, such as reinforcement learning [102] and deep learning
techniques [316], for simulating robot social navigation behaviors. However, they
do not take into account the decision-making processes and psychological states of
humans.

Additional datasets have integrated affective features, extracted from posture
and movement cues [317], to enable the detection of human emotion [165].
Although these datasets have enhanced robots’ ability to navigate socially in human
environments, they often fail to consider feedback regarding human’s perceived
appropriateness of the robots’ navigation behavior. In response, recent datasets have
shifted focus to social errors or mistakes, enabling robots to recognize and correct
their inappropriate behaviors [318, 319]. While these studies are not within the
navigation context, they have yielded significant insights. They demonstrate that
social cues play a crucial role in detecting the perceived appropriateness of robot
behavior [62, 64], and indicate that integrating emotion and attention could further
enhance PA detection performance [318].

In robot social navigation, only 1 dataset considered and enabled PA detection,
albeit with limitations such as focusing solely on robot inappropriate positioning
behavior and including only low-level motion features [10]. We create the PARSNiP
dataset to offer a complete range of PA levels and uniquely incorporate emotion and
attention to enhance PA detection.

4.3. DATASET CREATION
We make the assumption that human and robot motion features, together with
human emotion (through valence and arousal, where valence refers to how positive
or negative an event is, and arousal reflects whether an event is exciting or calming
[320]) and attention, contribute to the detection of perceived appropriateness (PA)
of robot navigation behavior, as shown in Figure 4.1. Emotion and attention are
intermediate features that can be predicted from low-level human and robot motion
features [163, 321].

The workflow to create the PARSNiP dataset is shown in Figure 4.2. It consists of
4 major steps: Step 1 involves the human-robot interactions, with the participants
interacting with a robot 8 times. Step 2 is the data collection, including RGB-D
recordings and robot odometry to capture human and robot motion, along with
questionnaires to gather participants’ subjective annotations of emotion, attention,
and PA. In Step 3, the data processing, human and robot motion features are



4

54 4. PARSNIP DATASET FOR PERCEIVED APPROPRIATENESS DETECTION

Figure 4.1: Assumption for PA detection.

extracted and computed from the raw data. Step 4 is the dataset building, which
integrates the computed human and robot features with attention, emotion, and PA
to build the PARSNiP. The experiment was approved by the ethical committee of the
university.

Figure 4.2: The workflow for creating PARSNiP.

4.3.1. PILOT STUDY

A pilot study involving both field observations and controlled human-robot
interactions has been conducted to determine the setting and types of interactions
that contribute to triggering a complete range of PA.

The field observations involved a mobile robot (Clearpath Husky) navigating in
diverse outdoor public spaces: narrow pathways, open areas, cross-shaped roads,
and street corners. A robot operator fully controlled the robot’s navigation behavior
to observe the robot’s behavioral impact on humans in a natural but safe way.
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Narrow spaces consistently elicited richer and more nuanced reactions and PA
of the robot [322], consistent with the literature indicating a higher incidence of
human-robot conflicts in narrow spaces [80]. A subsequent controlled study involved
8 participants interacting with the robot in pathways of different widths (1.0m,
1.2m, and 1.4m). Based on observations and questionnaires, a pathway width
of 1.2m was selected, striking a balance between the richness of PA and human
safety. Importantly, the richness of PA persisted even when the pathway was merely
marked by floor indicators. During the controlled study, interactions that were
highly effective in eliciting diverse human reactions and PA were identified, such
as the robot making sudden changes in trajectory and velocity near humans and
unconventional human-robot spatial relationships like blocking or squeezing paths.

4.3.2. STEP1: HUMAN-ROBOT INTERACTIONS

Setting The setting is depicted in Figure 5.1, which is a pathway delineated by tape
markers on the floor. An RGB-D ZED2 camera, positioned on a table 0.75m high
and 1m away from the end of the pathway, is used to capture the participants’
full-body motion. The camera is oriented towards the participants’ walking direction
to record videos (1080p, 30fps). This setup was chosen to ensure the collection of
clean, comprehensive data on human-robot interactions, avoiding the limitations of
an onboard camera that has a restricted field of view or experiences data occlusion
when humans are in close proximity.

Figure 4.3: Overview of the setting. Each participant walks from the start point to
the end point for each interaction.

Designed interactions 8 interactions are designed to trigger a complete range of
PA of robot navigation behavior. This is built upon the study of Koay et al., which
identified specific interactions causing human discomfort [323], as well as insights
from the pilot study. Husky A200 is used as the robot platform to interact with
the participants (dimensions of 0.90×0.67×0.39m) [324]. Each interaction with the
robot and human start and end points is visualized in Figure 4.4 and detailed below:

• Block (Interaction 1): The robot moves toward its goal and positions itself to
block the participant’s path at a close distance, potentially triggering feelings of
intrusion or frustration as it forces the individual to stop or change direction.

• Change Direction (Interactions 2, 3): The robot moves toward its goal and
changes its direction to approach the participant from different angles at a
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close distance, expecting the participant to adjust their trajectory to avoid
collisions.

• Squeeze (Interaction 4): The robot moves toward its goal while squeezing
the participant’s path, which may be perceived as invasive and cause the
participant to feel pressured.

• Stop (Interactions 5, 6): The robot moves toward its goal, and makes sudden
stops in front of the participant at a close distance, potentially interpreted as
an interruption, forcing the participant to stop or navigate around the robot.

• Accelerate (Interaction 7): The robot moves toward its goal and unexpectedly
accelerates, which could alarm the participants and may be perceived as
aggressive or unsafe.

• Stationary (Interaction 8): The robot remains stationary within the
environment, serving as a control condition expected to be socially acceptable
and minimally intrusive the whole time, providing a baseline for the
participants’ perceptions.

Figure 4.4: The sketch of robot-human directional relationships for 8 interactions.
During each interaction, the PA of the robot’s behavior may dynamically
vary based on factors such as distance, speed, acceleration rate, and
other variables.

Many of these interactions involve many appropriate robot behaviors, such as
maintaining a distance greater than humans’ public space [325], with the robot
passing by and then moving further away from humans. Additionally, these
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interactions also include the robot exhibiting inappropriate behaviors, particularly
when it is at a close distance from humans. As such, these interactions enable the
collection of a complete range of PA levels.

Experiment Before the experiment, all participants are given informed consent and
required to walk around to familiarize themselves with the setting. Thereafter, each
participant traverses a distance of 7.5 m from the starting point to the endpoint
in the pathway, interacting with the robot 8 times in a random order (see Figure
4.4). This randomization helps prevent any order effects that could bias participants’
responses or learning effects that could influence their PA of the robot’s behavior
over time. They have the freedom to navigate this distance as they see fit without
additional guidelines. The robot typically starts from the endpoint of the pathway,
except for interaction 8, where it remains stationary, and for interactions 3-4, where
it is positioned 1.5m ahead of the participants to trigger specific interactions. All
relevant positions are clearly marked to ensure that both the participant and the
robot start from the same location in each trial, ensuring consistency across trials.
An experienced operator was trained to manually control the robot during the
interactions. Utilizing the Wizard-of-Oz method, the operator simulates autonomous
navigation, safely initiating the intended interactions [326]. During the interactions,
both the robot and the participants could step outside the pathway for safety or
other concerns, similar to what might occur in real-life pathways. Figure 4.5 depicts
real-life human-robot interactions, with the detected skeletal points visualized.

Demographics 30 participants were recruited through onsite convenience sampling,
including 11 females and 19 males, with no exclusions. Most participants (27) were
young adults between 18 and 34 years old, while 3 were adults aged 35 to 54
years. The majority (26 out of 30) were Dutch. Regarding robot experience, most
participants had limited interactions with robots: 23 had no prior interactions with
robots, 6 had some interactions, and only 1 had frequent interactions.

4.3.3. STEP 2: DATA COLLECTION

Upon completing all 8 interactions, the participants are presented with definitions of
valence and arousal [320]. Afterwards, they are given questionnaires to indicate their
current levels of valence and arousal. They are also requested to provide explanations
for their responses to ensure that they understand how to assess and report their
valence and arousal levels accurately. Meanwhile, the recorded interactions from the
camera are divided into 2-second clips, resulting in 25-42 clips [327, 328]. These clips
are presented to participants with online questionnaires to self-report PA, emotion,
and attention, as data points of the dataset. PA is assessed on a 7-point scale ranging
from -3 to 3, with participants asked to indicate the appropriateness of the robot’s
behavior (7-point scale: “The robot behaved completely inappropriately"–“Not sure /
Neutral."–“The robot behaved completely appropriately.") [10]. Emotion is evaluated
in terms of valence and arousal; both are also measured on a 7-point scale from -3
to 3. Attention is rated on a 6-point scale ranging from 0% to 100%. Additionally,
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(a) The interaction starts (b) The robot gets close (c) The robot tries to block

(d) The robot blocks the path (e) The human tries to pass (f) The human passes

Figure 4.5: Human-robot interactions, with the human’s 18 skeletal points captured
by the ZED SDK.

participants are asked multiple-choice questions aimed at identifying perceptions
of robot behaviors concerning PA value below 3, selecting from a list of factors
identified in the pilot study. These factors include moving too fast or slow, taking
sharp turns, getting too close, moving unnaturally, being too noisy, blocking the
path, appearing threatening, squeezing the walkable area, making sudden changes,
and an “other" option.

4.3.4. STEP 3 &4: DATA PROCESSING AND BUILDING

After the interactions and the questionnaires, all data points are collected. For
each data point, the raw data from recorded interactions and robot odometry
undergo processing to extract human and robot motion features. The ZED Software
Development Kit (SDK) is utilized to extract human motion data, comprising 3D
positions of 18 skeletal points and the body center for each frame. A 95% detection
confidence threshold is established using the “Accurate" detection model, which fills
in missing keypoints using historical data and human kinematics. The robot motion
data are captured by the robot’s odometer and an Aruco Marker, with the former
providing consistent tracking and the latter ensuring reliable position data. The
robot’s data is transformed into the same coordinate system as the human data to
ensure alignment for analysis. Using the Genetic Algorithm (GA) Toolkit in Matlab,
this transformation minimizes the mean squared error compared to ground truth
measurements and ensures consistent robot positional data for feature computation.

Based on robot and motion data processed, human and robot motion features
are computed. Both the robot and human motion features are characterized by 5
statistical measures—minimum, maximum, mean, standard deviation, and min-to-
max ratio—across each data point. Each point includes 30 robot motion features,
including robot speed, acceleration, jerk, robot-human distance, robot-human
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direction, and robot turning angle [10]. Specifically, the robot-human approach angle

Table 4.1: Overview of the PARSNiP dataset. The dataset includes 922 data points
collected from 30 participants, each interacting 8 times with the robot

Data
type

Data (source) Measurement (per 2-second interval)

Low-level
features

Human motion
(3D position
of 18 skele-
tal points from
RGB-D record-
ings)

11 categories of 360 human motion features,
described by the min, max, mean, standard
deviation, and min-to-max ratio:
• Kinematic features (velocity, acceleration, and jerk
(smoothed by low-pass filtering [329]) for head,
wrists, and ankles) [321, 330],
• Curvature for head, wrists, and ankles [321],
• Quantity of motion (aggregated speed over a set
of joints) for the arm and head region, upper body,
lower body [321],
• Bounding volume for the arm region, head region,
upper body, lower body [321],
• Displacement of joints for the head, wrists, and
ankles [321],
• Motion features (verticality, extension, left and
right elbow flexion, left and right arm shape, hand
relationship, and feet relationship) [321, 330],
• Effort component of the Laban Movement Analysis
(time, weight, flow) for the arm region, head region,
upper body, lower body, and whole body [321, 330],
• Spatial extension [321, 331],
• Symmetry of the movement (horizontal, vertical,
and bounding triangle-related symmetry) [321, 331],
• Body balance (balance, center of mass for the arm
region, head region, upper body, lower body, and
whole body) [321],
• Human gaze [332]

Robot motion
(Robot odom-
etry, RGB-D
recordings)

30 Robot motion features, described by the min,
max, mean, standard deviation, and min-to-max
ratio: robot speed, robot acceleration, robot jerk,
robot-human distance, robot-human approach angle,
robot turning angle [10]

Inter-
mediate
features

Emotion and at-
tention (Self-
report)

Attention (0% to 100%, 6-point scale), valence and
arousal (-3 to 3, 7-point scale)

Label PA (Self-report) PA (from -3 to 3, 7-point scale)
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is computed as the angle between the robot’s current heading and the straight-line
vector that connects the robot’s current position to the human’s position. These
features could provide insights into the dynamics of human-robot interactions. For
example, features such as robot-human distance and robot-human approach angle
can reveal whether the robot is heading toward a person or will merely pass by. A
small approach angle, combined with a low min-to-max distance ratio and a short
mean distance, generally indicates that the robot is heading directly toward a person.
Conversely, the same small approach angle, when paired with a high min-to-max
distance ratio and a longer mean distance, might suggest that the robot, initially
aimed toward the person, is moving away or adjusting its path. Additionally, a large
approach angle with a low min-to-max distance ratio and a short mean distance
could imply that, despite not facing the person directly, the robot is moving toward
them.

Each data point also includes 360 human motion features, with 11 groups
encompassing kinematic features, curvature, quantity of motion, bounding volume,
displacement of joints, motion features, effort component of the Laban Movement
Analysis, spatial extension, symmetry of the movement, body balance, and gaze [321,
330, 331]. Specifically, jerk derived directly from position data can be quite noisy. To
address the inherent noise issues associated with this calculation, a low-pass filter is
applied to the acceleration data [329]. The effort of the Laban Movement Analysis is
computed according to the following functions [321, 330]:

E(ti ) = ∑
k∈K

Ek (ti ) = ∑
k∈K

αk vk (ti )2 (4.1)

Weight(ti ) = max
i∈[1,T ]

E(ti ), i = 1,2,3, . . . , N (4.2)

Timek (ti ) = 1

T

T∑
i=1

αk (ti ) (4.3)

Flowk (ti ) = 1

T

T∑
i=1

j k (ti ) (4.4)

By organizing human and robot motion features and human emotion (valence and
arousal), attention, and PA for each data point, the dataset is thus built. A complete
overview of the dataset is presented in Table 4.1.

4.4. DATASET ANALYSIS

4.4.1. DATASET DISTRIBUTIONS

Table 4.2 provides a comparison between the PARSNiP dataset and existing datasets
in robot social navigation, highlighting its unique attributes and contributions to
the field. Unlike its predecessors, PARSNiP encompasses a broad spectrum of
human and robot features. It includes human PA, head, body, and hand motions,
trajectories, emotion, and attention. The inclusion of emotion and attention marks a
significant advancement, offering insights into better PA detection.
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Table 4.2: Datasets for socially aware robot navigation

Dataset PA
Head

motion
Body

motion
Hand

motion
Trajectories Emotion Attention

UCY [312] × × × × ✓ × ✓
ETH [309] × × × × ✓ × ×
KITTI [313] × × × × ✓ × ×
Edinburg [310] × × × × ✓ × ×
Town [314] × ✓ ✓ × ✓ × ×
CFF [21] × × × × ✓ × ×
WildTrack [315] × × × × ✓ × ×
SCAND[311] × × × × ✓ × ×
VIRAT [303] × × × × ✓ × ×
ATC [302] × ✓ ✓ × ✓ × ×
L-CAS [306] × × × × ✓ × ×
KTH [304] × ✓ × × ✓ × ×
THOR [305] × ✓ ✓ × ✓ ✓ ×
EgoMotion [307] × ✓ ✓ × ✓ × ×
JackRabbot [308] × × × × ✓ × ×
UNC [317] × × × × ✓ × ×
Vroon [10] ✓ ✓ ✓ × ✓ × ×
PARSNiP ✓ ✓ ✓ ✓ ✓ ✓ ✓

PA DISTRIBUTION

Participants exhibited variations in their responses to the robot: 3 participants
showed signs of disorientation and discomfort in the presence of the robot, even
when it remained stationary. Conversely, 1 participant maintained a positive attitude
towards the robot, showing high tolerance regardless of the robot’s behavior. The
range of observed human responses to specific robot behaviors varied significantly,
especially during potential conflicts with the robot: Some participants paused to
assess the situation before proceeding, while others subtly changed their path or
quickened their pace to avoid the robot. A few participants turned their bodies to
navigate past the robot.

Figure 4.6 shows the distributions of different PA levels, illustrating a complete
range of PA, from -3 (completely inappropriate) to 3 (completely appropriate). The
data show that the participants largely report the robot’s behavior as completely
appropriate, suggesting a somewhat imbalanced dataset, which highlights the need
for further processing when using machine learning techniques.

Figure 4.7 illustrates the distribution of PA values across the 8 interaction types.
Many interactions received a score of 0 to 2, indicating a neutral to slightly positive
perception of the robot. However, distinct deviations are observed in interactions
1, 6, 7, 8. Interaction 1 of blockage shows a slightly negative value in median PA,
while interactions 8 receive a positive peak, indicating higher PA. These variations
in PA scores highlight how different types of interactions are perceived in terms
of appropriateness, providing valuable insights into the contextual factors that may
influence perceptions and the richness of PA levels.
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Figure 4.6: The distribution of different PA levels.

Figure 4.7: Interactions and PA levels.

The dataset includes 11 types of PA, detailed in Figure 4.8. Notably, “Block" with
173 instances, “Squeeze" with 112 instances, and “Sudden" with 110 instances are
significant factors affecting the human perception of robot behaviors. In contrast,
perceptions of “Threat", “Unnatural," and “Fast" are reported less frequently.
Different interactions reveal variations in PA, providing insights into human-robot
interaction dynamics. Interestingly, although interaction 8 of the robot being
stationary generally receives positive evaluations, previous inappropriate interactions
could potentially influence the perceptions of the robot. Overall, these 8 interactions
contribute to a complete range of PA levels and richness of PA types, thereby
enabling PA detection.

EMOTION AND ATTENTION DISTRIBUTION

Figure 4.9 illustrates the emotional responses and levels of attention across 8
different interactions.
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Figure 4.8: Interactions and PA types.

(a) Valence (b) Arousal (c) Attention

Figure 4.9: Valence, arousal, and attention distributions under different interactions.

Figure 4.9a presents the distribution of emotional valence across 8 interaction
types. The median valence for interactions 1 to 6 remains consistently neutral,
underscoring a uniform emotional response among these categories. Interactions
7 and 8 receive a higher median valence, indicating a more positive emotional
reaction. Specifically, interaction 8 shows a narrower interquartile range, suggesting
less variability and a more consistent response among participants.

Figure 4.9b illustrates the arousal levels across the 8 types of interactions.
Interactions 2 to 8 display medians at zero, indicating no substantial deviation from
a baseline arousal state. However, interaction 1 shows a higher median arousal level,
which suggests that path blockage makes participants more excited compared to
others.

Figure 4.9c shows that the attention metrics vary significantly across different
types of interactions. Interactions 1, 2, and 4 achieve the highest median attention
scores of 100%, reflecting heightened cognitive engagement or focus. Interaction 8
of the robot being stationary notably receives the lowest median and an expanded
range, indicating fluctuating levels of participant attention and potentially lower
engagement.



4

64 4. PARSNIP DATASET FOR PERCEIVED APPROPRIATENESS DETECTION

The impact of a robot’s presence within the participant’s field of view on
human attention and emotion (valence and arousal) is also examined. Given the
dynamic nature of human-robot interactions captured in 2-second intervals, direct
comparisons are challenging. Factors such as the robot’s movements into or out of
view or transient presence complicate the analysis. Therefore, we differentiated the
data points based on two scenarios: A. the robot is entirely outside the participant’s
view the whole time, and B. the robot has been within view.

A Mann-Whitney U test was conducted comparing the differences between the
two scenarios [333]. The statistical analysis revealed significant differences in
attention and emotional responses. For Scenario A, the average attention was 82.7%,
compared to 58.0% for Scenario B, with a significant p-value of 1.26×10−29. This
suggests more human attention when the robot is in view. Emotional responses also
varied; valence averaged 0.73 in Scenario A and 0.18 in Scenario B, with a p-value of
5.5×10−6, indicating more negative emotions when the robot is in view. Arousal was
−0.44 for Scenario A and 0.25 for Scenario B, with a p-value of 6.0×10−8, indicating
that the presence of the robot within the view was more emotionally exciting for the
participants.

4.4.2. DATASET ANALYSIS

CLUSTERING AND ALGORITHMS

A principal component analysis (PCA) is conducted to reduce dimensions and
mitigate noise. This step entails calculating eigenvalues and the cumulative explained
variances, as depicted in Figure 4.10. We select components with eigenvalues
exceeding 1 [334], with 45 principal components that account for around 90% of the
total variance.

The PA levels are binarized for further analysis, ensuring that the smaller group
constitutes at least 40% of the data to enable balanced clusters. This leads to 2
distinct clustering strategies: Strategy 1 assigns PA levels -3 to 0 to Cluster 1 and 1 to
3 to Cluster 2. Strategy 2 groups PA levels -3 to 1 in Cluster 1 and 2 to 3 in Cluster 2.

(a) Components and eigenvalues (b) Components and explained variance

Figure 4.10: PCA results: eigenvalues and explained variance.

The dataset is tested using various typical machine learning models, employing
5-fold cross-validation to ensure the reliability of the results. The models include
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Random Forest (RF), Gradient Boosting Decision Trees (GBDT), AdaBoost with
decision trees (AdaB), Feedforward Neural Network (FNN), and Extreme Gradient
Boosting (XGB). The performance was evaluated based on accuracy, precision, recall,
and F1 score, as shown in Table 4.3. Strategy 2 displays more balanced performance
metrics between Clusters 1 and 2 across all classifiers, indicating a more uniform
data separation, and is selected for further analysis.

Table 4.3: Performance metrics over strategies (Str.) and models (Mod.), with data
grouped by clusters (Clus.). The metrics include accuracy (Acc.), precision
(Prec.), recall (Rec.), and the F1 score (F1).

Str. Mod. Clus. Acc. Prec. Rec. F1

1
RF 1 0.78 0.64 0.78 0.70

2 0.49 0.67 0.49 0.57

1
GBDT 1 0.74 0.65 0.74 0.69

2 0.55 0.65 0.55 0.59

1
AdaB 1 0.70 0.62 0.70 0.66

2 0.51 0.60 0.51 0.55

1
FNN 1 0.74 0.65 0.74 0.69

2 0.55 0.65 0.55 0.59

1
XGB 1 0.78 0.64 0.78 0.70

2 0.51 0.67 0.51 0.58

2
RF 1 0.74 0.60 0.74 0.66

2 0.61 0.75 0.61 0.67

2
GBDT 1 0.70 0.60 0.70 0.65

2 0.63 0.73 0.63 0.68

2
AdaB 1 0.63 0.55 0.63 0.59

2 0.59 0.67 0.59 0.63

2
FNN 1 0.70 0.61 0.70 0.65

2 0.65 0.73 0.65 0.68

2
XGB 1 0.70 0.58 0.70 0.63

2 0.60 0.72 0.60 0.65

ABLATION STUDY

An ablation study is conducted to understand the impact of various feature sets on
the performance of PA detection. Based on the assumption that emotional and
attentional features may act as intermediate variables that improve PA detection,
participants’ self-reported emotions and attention are included for comparisons.
Since emotional and attentional features are not typically observable in real-world
conditions, we also predict these features based on human and robot movement
data, achieving a valence detection accuracy of 71.0%, arousal detection accuracy
of 69.2%, and attention detection accuracy of 72.8%. We evaluate the effectiveness
of the following feature combinations: Robot and human motion (RH), Robot and
Human motion + predicted emotion and predicted attention (RHP), Robot and
human motion + human reported emotion and attention data (RHEA).
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(a) ROC curves (b) Precision/recall curves

Figure 4.11: ROC and Precision/Recall curves showing the PA detection performance
with different features.

The effectiveness of the XGBoost algorithm across a variety of feature combinations
is assessed. Results include the Receiver Operating Characteristic (ROC) and
Precision-Recall (PR) curves (Figure 4.11). The ROC curve (Figure 4.11a) illustrates
the model’s sensitivity (true positive rate) versus its fall-out (false positive rate)
at various thresholds. This offers a comprehensive evaluation of the model’s
discriminative capability, unaffected by class distribution. The PR curve (Figure
4.11b), on the other hand, provides insight into the model’s precision in relation to
its recall, which is especially relevant for imbalanced datasets. The HREA feature
set demonstrates the highest performance, achieving the top Area Under the Curve
(AUC) scores in both the ROC (0.79 ± 0.02) and PR (0.77) analyses. This indicates
a consistent and reliable detection of true positives across different thresholds,
thereby enhancing the detection’s reliability and robustness. The high AUC values
suggest a model that accurately predicts while maintaining a balanced sensitivity and
precision. In comparison, the HRP feature set shows significant improvement over
the HR set, as indicated by higher AUC values in the ROC (0.69 ± 0.05 vs. 0.63 ± 0.05)
and PR (0.68 vs. 0.62) curves. This improvement highlights the benefit of including
predicted emotional and attentional features for superior detection capabilities.

The statistical significance of these findings is supported by the hypothesis tests
detailed in Table 4.4a. Comparing HREA to HR, and HRP to HR, the analysis reveals
significant t-values and small p-values, indicating not just statistical significance
but also meaningful effect sizes as measured by Cohen’s d. This confirms that
the performance differences are statistically significant and practically important.
Furthermore, the accuracy and F1 score statistics shown in Table 4.4b corroborate
these results, with HREA outperforming and HRP significantly better than HR.
These statistics, together with insights from the ROC and PR curves in Figure 4.11,
underscore that the inclusion of emotional and attentional features, as represented
by HREA, and the predicted emotional and attentional features, as described by
HRP, markedly improve the model’s detection effectiveness. Specifically, the high PA
detection performance with the inclusion of the human self-reported emotion and
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attention strongly demonstrates an upper bound on the usefulness of emotion and
attention to predict PA.

(a) Hypothesis tests for PA detection with different sets of features. Since the data used are
normal, Cohen’s d is used to measure the effect size.

Feature Accuracy F1 score

t (4) p d t (4) p d

HR vs HREA 12.00 0.004 4.37 12.82 0.003 4.10
HR vs HRP 6.831 0.019 2.00 6.35 0.003 1.56
HRP vs HREA 8.454 0.039 1.53 8.21 0.033 1.96

(b) PA detection statistics for Accuracy and F1 score with different features.

Features Accuracy F1

µ σ µ σ

HR 0.63 0.05 0.68 0.05
HRP 0.68 0.05 0.72 0.05
HREA 0.79 0.05 0.79 0.04

Table 4.4: Descriptive statistics and hypothesis tests for Accuracy and F1 score with
different feature sets using the XGBoost algorithm.

4.4.3. LIMITATIONS AND DISCUSSION

There are several limitations that could potentially affect the accuracy and utility of
the PARSNiP dataset. First, the reliance on participants’ self-reported data for PA,
emotion (valence and arousal), and attention after all interactions may introduce
recall biases, potentially compromising data reliability. Although measures such
as playing recorded interactions with their facial expressions and motions to the
participants and maintaining brief, straightforward interactions were implemented
to mitigate this issue, recall biases may still occur. Future research should consider
employing real-time annotation methods like the ’think-aloud’ technique, which
would allow participants to report their states immediately during or just after
each interaction. Second, we make the assumption of consistent human attention,
emotion, and PA during 2-second intervals, which may not accurately reflect
real-world dynamics. Future research should explore how varying time windows
for reporting attention, emotion, and PA might more accurately represent real-life
conditions. To note, the current study employs a 2-second interval to enhance the
efficiency of data collection. In real-life applications, it is suggested that researchers
and engineers train the system offline, subsequently applying a sliding-window
approach that involves overlapping data windows that shift incrementally over time
(such as per 0.5s) [328], allowing the robot to continually detect PA and adjust
its behavior based on ongoing interactions. This approach aims to minimize the
latency in PA detection, thereby allowing robots to adjust their navigational behavior
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in accordance with human preferences in time. While using an onsite camera for
data collection is advantageous for controlling experimental conditions, we recognize
that the specific setup—positioning the camera on a table at 0.75m height and 1m
distance—may not fully align with real-world applications. To bridge this gap, several
strategies can be employed to adapt the collected data for use with different setups
such as onboard cameras. For example, data mapping and transformation techniques
can simulate the perspective of an onboard camera, while data augmentation and
simulation can create additional datasets that replicate various camera positions and
angles. These approaches can improve the practicality of the dataset and deserve
further investigation.

4.5. CONCLUSION
We introduced a novel dataset, i.e., PARSNiP, which offers a complete range of
PA and incorporates emotional and attentional features to enhance PA detection.
Firstly, 30 participants interacted with a mobile robot 8 times, where an onsite 3D
camera and robot odometry were used to record human and robot motion data.
Then, these data were processed to compute motion features, while the recordings
showing the participants’ front views were replayed to the participants to enable
recall and report of their PA, emotion, and attention to enable dataset creation.
Finally, the dataset was tested with several typical machine learning models, and an
ablation study was conducted to compare PA detection performance among different
input feature groups: motion features alone, motion features with predicted emotion
and attention, and motion features with the participants’ self-reported emotion and
attention. The results showed improved PA detection when including emotion and
attention, even if they are predicted. This underscores the critical role of human
emotion and attention in enhancing the accuracy of PA detection. This dataset
can be used to train machine learning models, which can then be implemented
in robots to adapt their behaviors—such as stopping or moving away that are
typical robot adaptations— when around humans, enhancing their alignment with
human expectations and social acceptance. There are several limitations, including
the assumption of constant human attention, emotion, and PA during 2-second
intervals, potential biases in participants’ retrospective reports of their states, and
direct applicability on the robot. Future research should investigate ways to collect
real-time data and employ onboard cameras to simulate real-world conditions better
and improve PA detection accuracy.



5
ADAPTING INAPPROPRIATE ROBOT

NAVIGATION BEHAVIOR

When navigating social environments, robots inevitably exhibit behaviors that are
perceived as inappropriate by humans. Current robots lack the ability to adapt
to inappropriate behaviors, resulting in their repeated and continued occurrence.
Therefore, it is important to answer the research question: How do humans prefer a
robot to adapt its inappropriate navigation behavior in narrow environments (RQ4)?
This study explores human-preferred adaptations to inappropriate robot navigation
behaviors through a series of human-robot interactions, a semi-structured interview,
and an online survey. 12 participants were recruited to interact with a mobile robot at
virtual pathway intersections in a lab, reporting 139 instances of inappropriate robot
behaviors. A subsequent semi-structured interview regarding these instances yielded
9 types of inappropriate robot behaviors and 10 major types of human-preferred
robot adaptations, ranging from general ones, such as stopping the motion, to more
specific ones, like moving away and then stopping. One week later, an online survey
was conducted, presenting 12 selected human-preferred adaptations to the same
participants to evaluate how effectively these addressed the inappropriate behaviors
they had previously identified. The results highlight a strong human preference for the
robot to move to the side of the pathway and stop in most scenarios. This might
serve as a general adaptation for addressing inappropriate robot navigation behaviors,
especially in narrow environments.

5.1. INTRODUCTION
Robots play a vital role in social settings, ranging from providing services and
assisting in disaster recovery to transforming healthcare delivery [335]. Central to
these operations are socially aware navigation approaches, which aim to enable

This chapter has been published as: Zhou Y, Vroon J, Kortuem G. Exploring Human Preferences for
Adapting Inappropriate Robot Navigation Behaviors: A Mixed-Methods Study[J]. IEEE Robotics and
Automation Letters, 2024.
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robots to navigate in a safe, effective, and socially acceptable manner [11]. Key
to socially aware navigation is the adherence to established social norms, which
includes maintaining safe interpersonal distances [39], minimizing disruptions within
crowded spaces [8], and giving precedence to human activities [336]. Moreover,
these robots integrate advanced path prediction and planning techniques to improve
their interaction with humans [97, 337]. Their ability to navigate socially is further
enhanced by recognizing and adapting to the nuanced psychological states of
humans, including emotional states [165], dominance levels [52], and politeness [19].
These developments have increasingly enabled robots to navigate socially and safely
around humans.

While the majority of these approaches have dominantly focused on perfecting
robot behaviors, some other studies have tried to resolve challenges that emerge
during navigation when applying these approaches. Conflicts have been a significant
challenge in socially aware navigation. According to Mirsky et al.: “A conflict between
a robot and [...] pedestrians is a situation in which if there is no change of direction
or speed by at least one of the parties, they will collide” [338]. One common strategy
for resolving conflicts is for the robot to adjust its path or speed based on the inferred
intentions or movements of the humans [339]. Other studies focused on enhancing
the robot’s communication capabilities, using direct communications such as visual
signals (e.g., lights or projections) or sounds, thus preventing misunderstandings
and potential conflicts [340]. Some studies have tried to address the “freezing robot
problem (FRP)" [341], which occurs when a robot navigating a crowded environment
becomes paralyzed or stuck. One method, Frozone, computed a deviation velocity
that avoids the Potential Freezing Zone (PFZ) to ensure smooth and collision-free
navigation [59]. Additionally, a recent study tackled the FRP problem by utilizing
deep reinforcement learning, incorporating spatial-temporal reasoning along with
real-time pedestrian speed data [60]. Narrow spaces present a distinct problem for
robots as they offer limited space for both the robot and human to move around with
ease. Senft et al. found that humans generally favor robots that rotate their bodies
to clear the path, as opposed to a sliding motion [298]. In an effort to understand
the impact of inappropriate robot behaviors on humans, Koay et al. conducted
human-robot interaction studies and identified a set of potentially discomforting
robot behaviors, such as getting too close or blocking paths [323]. However, all these
works did not investigate human perception of robot behaviors, which is crucial for
pinpointing truly inappropriate behaviors. A recent study simulated robot actions
and evaluated their social appropriateness using human assessments. The trained
model effectively predicted social appropriateness, but the simulated, task-oriented
nature of these actions limits real-world relevance [342]. Another study by Vroon
et al. introduced the concept of “perceived appropriateness" (PA), which refers to
an individual’s subjective perception of how appropriate a robot’s behavior appears
[10]. They conducted real-life experiments to create a dataset for detecting human
PA of robot positioning behavior but ignored other inappropriate behaviors like path
blockage and acceleration and ignored robot adaptations.

Though not in the navigational contexts, many studies in human-robot interactions
have widely investigated inappropriate robot behaviors (also known as “errors",
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“mistakes", and “failures") [61, 343]. The researchers identified various types
of inappropriate behaviors in robots, which were primarily categorized into two
broad groups: technical failures (comprising software and hardware issues) and
social norm violations. Humans were found to exhibit varied social signals when
confronted with different types of robot errors [319], which enabled the robot’s
detection of their errors [68]. For instance, during technical failures, individuals
showed significantly more facial expressions, head movements, body movements,
and gaze shifts compared to during social norm violations [64]. These inappropriate
robot behaviors were found to decrease the perceived trustworthiness and reliability
of robots [65]. Consequently, numerous studies have explored robot adaptations
that could mitigate such negative perceptions, revealing human preferences for
error-specific adaptations [63]. While the studies were carried out in non-navigational
settings, potentially limiting their direct relevance to socially aware navigation, their
insights into human preferences for error-specific robot adaptations might still hold
significant value in navigational contexts.

In conclusion, existing studies have 2 gaps in the socially aware navigation
context that this study seeks to bridge. The first gap is the limited understanding
of human perception of robot navigation behaviors. We propose to address the
research question: RQ4.1: “How do humans perceive the appropriateness of robot
navigation behaviors, how do they trigger human concerns?" This question further
breaks down into specific sub-questions: RQ4.1.1: “What factors contribute to
the emergence of perceived inappropriate robot behaviors?" RQ4.1.2: “How do
humans perceive the appropriateness of robot navigation behaviors?" RQ4.1.3:
“What are the human concerns with the perceived inappropriate robot navigation
behaviors?"

The second gap is a lack of knowledge regarding how humans prefer robots
to adapt their inappropriate navigation behaviors. As the conflicts underlying
inappropriate behaviors are much more frequent in narrow environments [80], we
propose to address the research question: RQ4.2: “How should robots adapt
to resolve inappropriate navigation behaviors in narrow environments?" This
question further breaks down into specific sub-questions: RQ4.2.1: “How do humans
prefer the robot to adapt its inappropriate navigation in narrow environments?"
RQ4.2.2: “How do humans evaluate the appropriateness of robot behavior after
it behaved inappropriately in narrow environments?" RQ4.2.3: “How different
adaptations are preferred under different types of inappropriate behaviors in
narrow environments?"

5.2. METHOD

5.2.1. SAMPLING AND RECRUITMENT

A purposive sampling strategy was employed for participant recruitment. 12
participants (mean age = 28.8 years, SD = 6.0 years; 8 females and 4 males)
were recruited for the experiment. Each participant received a e10 voucher
upon completing the entire experiment. Participants were selected based on their
experience in relevant fields of design, particularly those involving interaction
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design and human-centered design, as these areas provide essential expertise in
interactions and problem-solving, which are crucial for exploring adaptations to
inappropriate robot behaviors. Eligibility also requires physical capability to interact
with the robot and proficiency in English for clear communication. Participants
were neither associated with the researchers’ laboratory nor briefed on the specific
research hypotheses before. Recruitment of additional participants was stopped
when thematic saturation was reached, indicating that no new themes emerged
during the analysis [344]. The research protocol was approved by the university’s
Human Research Ethics Committee.

5.2.2. EXPERIMENTAL PROCEDURE

The experimental procedure is presented in Table 5.1 and consists of 3 steps:
human-robot interactions, a semi-structured interview, and an online survey.

Table 5.1: Experimental procedure: the purpose and data collection for each step.

Step Purpose Data collection RQ

Human-
robot inter-
actions

Report in-
appropriate
robot behavior

“Press the button in your hand if you perceive that the
robot behaves inappropriately". Multiple button presses in
close succession are treated as a single instance.

Semi-
structured
interview

Robot behav-
ior factors

Q1.1: What occurred before you pressed the button? 4.1.1

PA type Q1.2: Which aspect of the robot’s behavior was
inappropriate?

4.1.2

Concern Q1.3: Why did the robot’s inappropriate behavior concern
you?

4.1.3

Preferred
adaptation

Q2.1: After pressing the button, how would you have
preferred the interaction to continue?

4.2.1

Evaluation of
the robot’s
next action

Q2.2.a: What did the robot do after the button press?
Q2.2.b: (-2 to 2, 5-point scale): How appropriate did you
find the robot’s behavior after the button press?

4.2.2

Online
survey

Evaluation of
12 adaptations

Q2.3 (-2 to 2, 5-point scale): For each adaptation, how
appropriate would you find it in this situation?

4.2.3

STEP 1. HUMAN-ROBOT INTERACTIONS

Upon arrival, the participants were briefed on the study, consent was obtained, and
they were introduced to the experiment: They would walk through the pathway
intersections in an indoor lab with designated start and end points 6 times (see
Fig. 5.1), each time interacting with a Clearpath Jackal robot (0.51 m x 0.43 m x
0.25 m); Due to the nature of the crossings, both the robot and the participants
were still allowed to move out of the boundary whenever they felt the need; During
interactions, they would press a button in their hands whenever they perceived the
robot behaving inappropriately and needed to make adaptations [10].

These 6 interactions altogether exposed participants to a total of at least 21 distinct
robot behaviors, detailed in Table 5.2, where the protocol for the operator and
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Figure 5.1: Overview of the designed setting.

tasks for the participants were also explained during each interaction. The operator
controlled the robot to achieve the desired robot behaviors without any feedback
information from the participants’ button presses. Should there be any danger,
the operator will initiate the emergency stop. These behaviors were inspired by
rich literature discussed in Section 5.1, containing identified inappropriate behaviors
from the literature and designed inappropriate behaviors by deliberately violating
social norms widely applied in socially aware navigation approaches. The main
pathway, with a length of 4.8 m and a width of 1.2 m, was designated for interactions
1-5, covering behaviors B1-B17. The entire region (including the main pathway),
with pathways of varying widths (0.80 m, 1.00 m, and 1.20 m), was specifically used
for interaction 6, covering behaviors B18-B21.

The robot was controlled by a skilled operator via a Bluetooth PS4 controller,
employing the Wizard of Oz protocol [326]. The operator’s station, equipped with
a standing desk, a chair, and a laptop, was located in a corner of the room. The
setup was designed so that the participant could not see the operator, thus ensuring
adherence to the Wizard of Oz protocol. The interactions were recorded by a
camera positioned facing the main pathway. The teleoperator was trained across
all 6 interaction types. For “Follow", the operator practiced speed and acceleration
control and maneuvers for human overtaking and catching up. In “Avoid", training
focused on alternating between moving aside and retreating. “Get close" involved
personal space violations with sudden and slow stops. “Sudden motion" emphasized
path narrowing, moving towards humans, and sudden direction changes. “Overtake"
centered on speed control and safe overtaking, while “Random motion" included
varying speed, direction, and extended stops over 3 minutes.

STEP 2. SEMI-STRUCTURED INTERVIEW

After 6 interactions in Step 1, the participants were presented with the recorded
videos (with timestamp information) of the interactions and the timestamp of their
own button presses to pinpoint and recall each instance. They were allowed to play
the videos before and after the moment of their button press to help understand
the situation better. After identifying each button press, they were interviewed
concerning the robot behavior factors (Q4.1.1), the inappropriate robot behavior
(Q4.1.2), their underlying concern (Q4.1.3), preferred robot adaptation (Q4.2.1), and
the evaluation of the robot’s next action (Q4.2.2). After the interview, the participants
were also asked how they would agree if the robot could adopt a general adaptive



5

74 5. ADAPTING INAPPROPRIATE ROBOT NAVIGATION BEHAVIOR

Tab
le

5.2:
Su

m
m

ary
o

f
6

in
teractio

n
s,

ro
b

o
t

b
eh

avio
rs,

an
d

th
e

p
ro

to
co

l
fo

r
th

e
o

p
eratio

n

In
teractio

n
B

eh
avio

r
T

h
e

p
ro

to
co

l
fo

r
th

e
o

p
erato

r
an

d
tasks

fo
r

th
e

p
articip

an
ts.

R
R

o
b

o
t

an
d

h
u

m
an

p
o

in
ts

are
visu

alized
in

F
ig

5.1.
R

A
,

R
B

,
R

C
,

an
d

R
D

refer
to

th
e

ro
b

o
t

p
o

in
ts,

w
h

ile
H

A
,

H
B

,
H

C
,

an
d

H
D

refer
to

h
u

m
an

p
o

in
ts.

Fo
r

each
in

teractio
n

,
b

o
th

th
e

ro
b

o
t

an
d

th
e

h
u

m
an

start
m

ovin
g

sim
u

ltan
eo

u
sly.

1:
B

1:
Fo

llow
s

slow
ly

[345]
T

h
e

ro
b

o
t

travels
R

A
to

R
B

an
d

b
ack,

th
e

h
u

m
an

H
A

to
H

B
an

d
b

ack,
each

co
m

p
letin

g
o

n
e

ro
u

n
d

trip
in

th
e

m
ain

p
ath

w
ay.

T
h

e
ro

b
o

t
m

oves
slow

ly
tow

ard
s

p
o

in
t

R
B

to
allow

th
e

h
u

m
an

to
overtake

it
(B

1,
B

4,
B

6,
B

7),
th

en
accelerates

to
catch

u
p

(B
2,

B
3,

B
5).

A
t

p
o

in
t

R
B

,
th

e
ro

b
o

t
tu

rn
s

an
d

rep
eats

th
is

seq
u

en
ce:

w
aitin

g
fo

r
th

e
h

u
m

an
to

p
ass

(B
1,

B
4,

B
6,

B
7)

an
d

th
en

acceleratin
g

to
catch

u
p

(B
2,

B
3,

B
5).

Fo
llow

B
2:

Fo
llow

s
at

a
sim

ilar
sp

eed
[345]

B
3:

Fo
llow

s
at

a
faster

sp
eed

[338]
B

4:
B

lo
cks

fro
m

th
e

fro
n

t
[323]

B
5:

A
ccelerates≤

3
m

/s 2
[31,

346]
B

6:
M

oves
slow

ly
[153]

B
7:

Is
overtaken

[347]

2:
A

vo
id

B
8:

A
vo

id
s

fro
m

th
e

sid
e

[323]
B

o
th

th
e

ro
b

o
t

an
d

h
u

m
an

m
ake

2
ro

u
n

d
trip

s
b

etw
een

R
A

an
d

R
B

an
d

H
A

an
d

H
B

resp
ectively

in
th

e
m

ain
p

ath
w

ay,
w

ith
4

en
co

u
n

ters.
T

h
e

ro
b

o
t

altern
ates

m
ovin

g
asid

e
an

d
retreatin

g
(B

8
&

B
9)

fo
r

each
en

co
u

n
ter.

B
9:

A
vo

id
s

b
y

retreatin
g

[323]

3:
G

et
B

10:
V

io
lates

p
erso

n
al

sp
ace

[323]
B

o
th

th
e

ro
b

o
t

an
d

h
u

m
an

m
ake

2
ro

u
n

d
trip

s
b

etw
een

R
A

an
d

R
B

an
d

H
A

an
d

H
B

,
resp

ectively
in

th
e

m
ain

p
ath

w
ay,

w
ith

4
en

co
u

n
ters.

T
h

e
ro

b
o

t
altern

ates,
sto

p
p

in
g

q
u

ickly
(B

11)
an

d
slow

ly
(B

12)
w

h
en

n
ear

th
e

h
u

m
an

(B
10).

clo
se

B
11:

Su
d

d
en

ly
sto

p
s

w
h

en
clo

se
[323]

B
12:

Slow
ly

sto
p

s
w

h
en

clo
se

[323]

4:
B

13:
N

arrow
s

h
u

m
an

p
ath

[347]
B

o
th

th
e

ro
b

o
t

an
d

h
u

m
an

m
ake

2
ro

u
n

d
trip

s
b

etw
een

R
A

an
d

R
B

an
d

H
A

an
d

H
B

,
resp

ectively
in

th
e

m
ain

p
ath

w
ay,

w
ith

4
en

co
u

n
ters.

T
h

e
ro

b
o

t
n

arrow
s

th
e

p
ath

(B
13),

ap
p

ro
ach

es
th

e
p

articip
an

t
(B

14),
an

d
th

en
su

d
d

en
ly

ch
an

ges
th

e
d

irectio
n

(B
15).

Su
d

d
en

B
14:

M
oves

tow
ard

h
u

m
an

[31]
m

o
tio

n
B

15:
Su

d
d

en
ly

ch
an

ges
d

irectio
n

[153]

5:
B

16:
M

oves
fast

at
1−

2
m

/s
[338,

341]
T

h
e

ro
b

o
t

travels
R

A
to

R
B

an
d

b
ack,

th
e

h
u

m
an

H
A

to
H

B
an

d
b

ack
in

th
e

m
ain

p
ath

w
ay,

each
co

m
p

letin
g

o
n

e
ro

u
n

d
trip.

T
h

e
ro

b
o

t
altern

ates
m

ovin
g

fast
an

d
overtakin

g
th

e
h

u
m

an
(B

16,
B

17)
fo

r
each

en
co

u
n

ter.
O

vertake
B

17:
O

vertakes
th

e
h

u
m

an
[347]

6:
B

18:
M

oves
tow

ard
s

th
e

h
u

m
an

[323]
T

h
e

ro
b

o
t

an
d

h
u

m
an

each
n

avigate
4

p
o

in
ts

u
n

til
th

e
3-m

in
u

te
tim

er
alarm

s.
T

h
e

ro
b

o
t

fo
llow

s
th

e
seq

u
en

ce
R

A
to

R
D

an
d

b
ack

rep
eated

ly,
w

h
ile

th
e

h
u

m
an

fo
llow

s
th

e
sam

e
p

attern
fro

m
H

A
to

H
D

.
T

h
e

ro
b

o
t

ran
d

o
m

ly
ch

an
ges

sp
eed

s
an

d
d

irectio
n

s
(B

18,
B

19,
B

20)
an

d
sto

p
s

fo
r

a
lo

n
g

tim
e

(B
21).

R
an

d
o

m
B

19:
B

lo
cks

fro
m

th
e

sid
e

[323]
m

o
tio

n
B

20:
C

h
an

ges
d

irectio
n

[31]
B

21:
Sto

p
s

fo
r

a
lo

n
g

tim
e

[341]



5.2. METHOD

5

75

motion that worked for most of the inappropriate behaviors they experienced. They
were also asked whether and what external interface(s) might be needed along with
the robot’s adaptive motion to improve their perception of the robot.

After all interactions and the interview, the interview answers to Q4.2.1 concerning
human-preferred adaptations were coded and analyzed. Among the 34 preferred
adaptations (see the Appendix 5.6.1), 12 were selected based on participants’ answers
to proceed to Step 3, including 11 most frequently reported adaptations and 1
baseline adaptation of “continue”.

STEP 3. ONLINE SURVEY

One week after completing all interactions and interviews, the same 12 participants
were invited for a follow-up online survey. The online survey included recordings
of the participants’ interactions with the robot and the timestamps of their button
presses, enabling them to pinpoint and recall each instance of their own button
press. They were asked to imagine that each of the 12 adaptations would occur
immediately after they pressed the button. Each adaptation was provided with
explanations to assist the participants in understanding the adaptation. They then
rated how appropriate each adaptation would be for each inappropriate robot
behavior previously identified by their own (Q4.2.3, 5-point scale, from strongly
inappropriate to strongly appropriate).

5.2.3. DATA CODING AND THEME EXTRACTION

The interview data were transcribed verbatim into Microsoft Word and systematically
analyzed using ATLAS.ti, following Braun & Clarke’s six-phase inductive approach
to thematic analysis [88]. Initially, the primary researcher, Yunzhong Zhou (Y.Z.),
became familiar with the data by reading the transcripts multiple times and noting
initial ideas and reflections. In the second phase, Y.Z. generated initial codes by
identifying meaningful segments throughout the data. To enhance coding reliability,
10% of the randomly selected data was coded by an independent researcher in
human-robot interaction studies. Discrepancies were discussed and resolved, which
further refined the coding framework. Cohen’s kappa values ranged from 0.71 to
1.00, indicating substantial to perfect agreement [348]. Third, Y.Z. grouped related
codes into potential themes. These themes were then collaboratively reviewed
and refined with the second author, Jered Vroon (J.V.), resulting in a preliminary
thematic map. The fourth phase involved a comprehensive review of these themes,
assessing them against the coded extracts and the entire dataset. This review led to
the modification of some themes, including merging related themes and redefining
others. Themes were defined and named through iterative discussions involving
Y.Z., J.V., and another author, Gerd Kortuem (G.K). Finally, a scholarly report was
produced.

The objective robot-human relative poses (including position and orientation
[212]) in the recorded videos were also coded, and each encounter was associated
with a timestamp. As the precise timing of participants pressing the button varied
(i.e., some pressed it after the encounter, some during), a combination of the video
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and the interview was used to pick the precise moment to code (within 2 seconds of
the timestamp, at exactly the timestamp if unclear). Specifically, the robot’s relative
poses to the participants were coded, including relative position (front, behind, left,
right) and orientation (same, opposite, left, right).

The coding and the results from the interview and videos are presented in
Table 5.3. Through the interview, participants altogether reported 139 instances
of inappropriate robot behaviors. Typically, participants provided 1 answer per
instance for most questions, except for their concerns in Q4.1.3 and the preferred
adaptations in Q4.2.1. This resulted in 139 instances of inappropriate robot behaviors
and evaluations of the robot’s next action, alongside 148 instances of preferred
adaptations and 203 instances of concerns.

Table 5.3: Coding data overview. K denotes Cohen’s kappa value [348], and Num
denotes the number.

Purpose Source Type Num K

Robot behavior factors
Videos, Interview Objective 139 0.71
Interview (Q4.1.1) Subjective 139 0.73

Inappropriate behavior Interview (Q4.1.2) Subjective 139 0.86
Concern Interview (Q4.1.3) Subjective 203 0.71
Preferred adaptation Interview (Q4.2.1) Subjective 148 0.79
Robot’s next action Interview (Q4.2.2a) Subjective 139 0.86
Evaluation of the robot’s next action Interview (Q4.2.2b) Subjective 139 1.00
Evaluation of 12 adaptations Online survey (Q4.2.3) Subjective 139 1.00

5.3. RESULTS

5.3.1. INAPPROPRIATE ROBOT BEHAVIORS

ROBOT BEHAVIOR FACTORS

Robot behavior factors contributing to inappropriate robot behaviors include both
objective robot-human relative poses and subjective reports from the participants.

An agent’s pose comprises position and orientation [212]. In our coding, the
robot-human relative poses consist of 16 types, including combinations of different
positions (front, behind, left, right) and orientations (same, opposite, left, right).
As can be seen from Fig. 5.2, the relative poses strongly influence the number of
reported inappropriate robot behaviors, especially when the robot approaches the
participants, particularly from the front.

Furthermore, without being directly asked in Q4.1.1, the participants reported
3 key robot behavior factors that influenced their button presses: acceleration
(43 instances), smoothness (42 instances), and speed (14 instances). Regarding
acceleration, feedback primarily focused on the robot accelerating (37/43) rather
than decelerating, especially when the robot approached or followed them from the
front (35/37). The smoothness factor, described by the participants as “random",
“unpredictable", or “jerky", was majorly mentioned when the robot was either in
front of or behind the participants (35/42). The speed factor was often associated
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Figure 5.2: Number of the reported inappropriate robot behaviors across different
robot-human relative poses.

with the robot moving too slowly or remaining stationary (12/14) rather than moving
too fast.

INAPPROPRIATE BEHAVIOR TYPES

Fig. 5.3 shows 139 instances of inappropriate robot behaviors reported by 12
participants, categorized into 9 types. The number of instances reported by each
participant ranges from 2 (P11) to 18 (P4 and P8). While most participants reported
multiple types of inappropriate behaviors, P11 was only sensitive to “Accelerate",
and P4 and P9 were dominantly sensitive to “Block". Among the various types
of inappropriate behaviors, “Block," where the robot inappropriately obstructed
the participants’ path, was the most frequently reported (59/139). This happened
predominantly when the robot was positioned in front of the participants (48/59),
especially in parallel (same or opposite) orientation (36/48), as shown in Fig. 5.4.
In such scenarios, the participants often perceived the robot as constantly blocking
(19/59) or making unexpected blocks (12/59). “Accelerate" was also frequently
reported (48/139), especially when the robot was in front (20/48) or behind the
participants (17/48), see Fig. 5.4. In such scenarios, the participants often reported
that the robot was making unexpected accelerations (21/48). Others include the
robot moving “Towards" the participants, exhibiting “Unpredictable" or “Sudden"
movements, “Follow", getting “Too close", “Watch", or “Squeeze" the participants’
path. Specifically, “Watch" denotes the participants’ feeling of being watched or
observed, while “Squeeze" refers to the robot restricting the participants’ paths.
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Figure 5.3: Reported inappropriate robot behaviors (with the number).

Figure 5.4: Heatmap of inappropriate behavior types vs. Robot-to-human pose

CONCERNS

Table 5.4 presents 203 instances of concerns from the participants, categorized into
8 types. The most common concern was “Safety" (79 instances), which was mostly
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related to the robot being in a collision course with the participants (relative poses:
front & opposite (25 instances), behind & same (16 instances), and front & same
(12 instances)). The concern of the robot “Interfere" with their walking paths (38
instances) was also frequently reported, especially when the robot was in the front
(relative poses: front & opposite (15 instances), front & same (9 instances), and
front & right (4 instances)). “Confuse" concerns (33 instances) mostly arose when
the robot was in the front (relative poses: front & opposite (12 instances), and front
&same (9 instances)). Other concerns include “Disrespect", “Comfort", “Efficiency",
a violation of “Privacy", and increased “Cognitive load".

Table 5.4: Number
of Concerns

Concern Number

Safety 79
Interfere 38
Confuse 33
Disrespect 25
Comfort 13
Efficiency 5
Privacy 5
Cognitive load 5

Table 5.5: Number
of Preferred Adaptations

Preferred adaptation Number

Away 60
Stop 37
Slow 19
Away, stop 11
Slow, speak 9
Stop, speak 7
Predictable 3
Away, speak 1
Continue 1
Stop, light 1

5.3.2. ADAPTING INAPPROPRIATE ROBOT NAVIGATION

PREFERRED ADAPTATIONS

Table 5.5 shows 148 instances of preferred adaptations categorized into 10 major
types (see Appendix 5.6.1 for all 34 types of preferred adaptations). The most
common was for the robot to move “Away" (59 instances), especially when the robot
was in the front, especially with the relative orientation of opposite (25 instances)
or same (12 instances). The second most frequently reported was to “Stop" (37
instances), especially when the robot was on a collision course with the human
(relative poses: front & opposite (8 instances), behind & same (7 instances)). Others
include for the robot to “Slow down", “Away, stop", “Slow, speak", “Stop, speak",
make “Predictable" behavior, “Away, speak", “Continue", or “Stop, light".

The relationships between inappropriate behavior, concern, and preferred robot
adaptation have also been analyzed and presented as a Sankey diagram in Fig.
5.5. Different colors in the diagram represent different types of inappropriate robot
behaviors. For analytical clarity and focus, only those sub-categories with at least 5
instances were included, collectively representing over 95% of the cases within each
category. Additionally, to facilitate a clear understanding of human preferences in
response to inappropriate behaviors, the preferred adaptations were clustered into 3



5

80 5. ADAPTING INAPPROPRIATE ROBOT NAVIGATION BEHAVIOR

categories: move “Away", “Slow down", and move “Away and slow down".

Figure 5.5: The Sanky diagram showing relations between inappropriate behavior,
concern, and preferred adaptation. Different colors represent different
inappropriate behavior types.

From the inappropriate behaviors perspective, “Block" and “Accelerate" predomi-
nantly trigger a broad range and a significant proportion of human concerns. Notably,
“Block" triggered concerns that were more evenly distributed across “Interfere",
“Confuse", “Disrespect", and “Safety", while “Accelerate" primarily triggered “Safety"
concerns. Other types were associated with different concerns such as “Sudden"
behavior causing concerns of “Safety", “Confused", or “Comfort".

From the concern perspective, the same concern could be triggered by different
inappropriate behaviors. Notably, “Interfere" was dominantly triggered by “Block",
and “Safety" was largely triggered by “Accelerate". These different concerns also
influenced humans’ preferred robot adaptations, as evidenced by a strong human
preference for the robot to “Slow down" rather than to “Move away" when having
“Safety" concerns and the preference for the robot to move “Away" rather than to
“Slow down" when having “Interfere" concerns. For other concerns, participants
showed a relatively balanced preference for the robot to either move “Away" or “Slow
down". Notably, the preference of the robot to move “Away" addressed a wider range
of concerns than to “Slow down" (8 vs. 6 types).

The direct relationship between inappropriate behaviors and preferred adaptations
was further analyzed, which can be seen from the distribution of the color blocks
in columns of the preferred adaptations category in Fig. 5.5. Most inappropriate
behavior types led to an evenly distributed preference for adaptations of “Away" and
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“Slow down." However, one notable exception was the “Accelerate", with the majority
leading to the preference for the robot to “Slow down" rather than to move “Away".

EVALUATIONS OF THE ROBOT’S NEXT ACTION

The participants also reviewed and evaluated the appropriateness of the robot’s next
action. Interestingly, participants often perceived the robot as adapting its behavior
(96 instances), although the operator did not receive any information from them and
thus did not adapt accordingly. This included “Slow down" (27/139), “Turn" (27/139),
“Stop" (13/139), “Jerky" (13/139), “Accelerate" (12/139), and “Follow" (4/139). In only
43 instances was the robot perceived as “Continue" its previous behavior.

The mean ratings for the robot’s next actions are presented in Table 5.6. The
robot’s next actions were generally rated negatively by the participants, with a mean
score of -0.47 and an std of 0.98. Actions of “Continue" were largely rated negatively
across various types of inappropriate behaviors, with a mean score of -0.91 and a
std of 0.32. Other actions, such as “Slow down" or “Stop" received mixed evaluations
depending on the situation. Notably, “Slow down" following the “Block" was slightly
rated positively (mean: 0.43, std: 0.51), whereas “Slow down" following “Follow" was
evaluated negatively (mean: -0.33, std: 0.47). Meanwhile, “Stop" following “Block"
or “Towards" motion was generally evaluated positively, while “Stop" following
“Accelerate" was rated slightly negatively.

EVALUATIONS OF 12 ROBOT ADAPTATIONS

Average participant evaluations of 12 adaptations concerning their own identified
inappropriate robot behaviors through the online survey are shown in Table 5.7.
The adaptations include: “Continue”, where the robot continues its current motion;
“Away”, where the robot moves away from the participants; “Slowly away”, in which
the robot moves away at a slow pace; “Retreat”, where the robot backs off; “Retreat,
stop”, where the robot backs off and then stops; “Aside”, where the robot moves to
one side of the pathway; “Aside, stop”, where the robot moves to one side of the
pathway and then stops; “Stop”, where the robot stops; “Quickly stop”, where the
robot stops quickly; “Slow”, where the robot slows down without stopping; “Slow,
inform”, where the robot slows down and informs its next action; and “Predictable”,
where the robot moves in a predictable manner, i.e., in a straight line.

In most scenarios, the robot continuing its previous inappropriate behaviors
consistently received negative evaluations (mean −1.43, std 0.42). Although the
robot received a positive evaluation during the “Squeeze" situation, this was based
on a single instance and might represent an outlier, as the robot generally received
negative evaluations overall. Adaptations such as “Slowly away" and moving “Aside"
or “Aside, stop" generally received positive evaluations across all situations, which
might indicate human preferences for these adaptations. Among the 12 adaptations,
“Aside, stop" was mostly favored, receiving the highest average evaluations across
most inappropriate behavior types (mean 1.19, std 0.35). A Mann-Whitney U test
was further conducted comparing “Aside, stop" with other adaptations due to the
non-normal distribution of the data [333]. The results revealed significant differences
between “Aside, stop" and all other adaptations, with Bonferroni-corrected p-values
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well below the adjusted significance level of = 4.5×10−3 [349]. This indicates
the dominant human preference for the robot to move “Aside, stop" to adapt its
inappropriate behavior.

5.4. DISCUSSION

5.4.1. INAPPROPRIATE ROBOT BEHAVIORS: FACTORS, TYPES, AND

CONCERNS

This study identifies 9 types of perceived inappropriate robot behaviors (Fig. 5.3),
which extends beyond the inappropriate robot positioning [10]. These inappropriate
behaviors were largely affected by robot-human relative poses (as shown in Fig. 5.2),
especially when a robot was in a collision course with the participants. This aligns
with studies in the literature on solving potential collisions/conflicts with humans
[338, 350]. Robots moving parallel to humans have led to a significantly higher
number of reports of inappropriate behavior compared to those moving in other
directions (95 vs. 4). This highlights the critical need to avoid parallel collision paths,
an issue often neglected in current research on human-robot conflict resolution,
which typically does not account for directional differences in conflicts. Furthermore,
participants’ perceptions of the robot were also influenced by other factors, such
as motion smoothness, acceleration, and speed. Yet, due to its exploratory nature,
this study did not implement stringent controls over parameters such as speed
and acceleration rates. This limitation prevented the study from making in-depth
quantitative insights and comparisons concerning how these factors contribute to
humans’ perceptions. Future research should conduct more controlled interactions
with more fine-grained robot motion parameters, such as speed and acceleration
rate, to allow for rigorous quantitative analyses. This will enhance our understanding
of the complex dynamics in socially aware navigation, thus providing deeper insights
into robot behavior design.

Among the inappropriate behaviors, “Block" and “Accelerate" were reported with
far greater frequency than others and thus deserve more attention. Specifically,
the inappropriate “Block" often stemmed from its recurrence or suddenness, while
current literature addressing conflicts and blockage often focused on avoiding them
[338, 350]. In situations where conflicts are inevitable, particularly in crowded
environments, robots should balance the timing and frequency of these conflicts
across different individuals. This approach helps reduce the impact on any
individual and minimizes potential disruptions. Inappropriate accelerations were
most frequently reported when the robot approached the participants from behind
and moved towards them (see Fig. 5.4), as well as when it was positioned directly in
front, which highlights the need for considering robot-human relative poses when
it accelerates. Participants frequently reported that the robot’s acceleration was
too abrupt, a finding consistent with prior studies imposing constraints on robot
acceleration rates [26, 351]. However, the specific parameters used in those studies
lack sufficient empirical support. Future research could build upon these findings to
explore how humans perceive varying acceleration rates, contributing to the design
of more suitable robot behaviors. Moreover, some less-studied inappropriate robot
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behaviors were identified, such as “watch", “follow", and “squeeze", which deserve
further investigation. While these behaviors were less frequently reported in this
study, they might actually occur more often in other contexts. In crowded areas
such as shopping malls, hotels, or public stations, a robot “watching" people could
trigger privacy concerns [352], while inappropriate “squeezing" in busy streets may
lead to feelings of physical threat or unease. Similarly, in museums or theme
parks, service robots might “follow" visitors to offer assistance or information [353,
354], but doing so too closely or persistently could trigger discomfort or anxiety.
Further studies could focus on settings where these inappropriate behaviors are
more common and examine the factors that trigger them, helping design robots to
avoid them. To note, participants only reported inappropriate robot behaviors after
all interactions, using timestamp information to synchronize their button presses
with the video recordings. This helped mitigate recall biases, but the external point
of view and the delay of the reports may still cause bias issues. Future studies
could explore real-time data collection methods, such as a “think aloud" approach
[355], to minimize such biases. Furthermore, while this study employs manual
operations to achieve the desired interaction efficiently and explore the richness of
interactions, this approach introduces limitations of potential inconsistencies and
reduced repeatability. Future research could build on these findings by programming
the robot to standardize behaviors across participants, enabling more meaningful
comparisons. To note, individual differences make achieving 100% repeatability in
human-robot interactions impossible.

The inappropriate behaviors observed in this study were triggered through
participants’ interactions with at least 21 robot behavior types (as shown in Table
5.2). These behaviors, especially the overtaking/overtaken and sudden motion
changes, enrich the understanding of potentially inappropriate robot navigation
behaviors identified by Koay et al. [323]. These behaviors were integrated into
6 continuous interactions: interactions 1-5 included in-between behaviors (such
as between behavior 1 and 2 there might be other behaviors), while interaction
6 introduced randomness of motion. This design enhanced the diversity of
robot behaviors and facilitated the exploration of human perceptions. However,
the continuous interaction approach made it challenging to differentiate between
behaviors or classify robot behaviors at any given moment into specific types to
understand how they affected human perceptions. Future studies should investigate
how human perceptions of robot navigation vary under different robot behaviors. To
overcome this limitation, experiments should engage participants with each behavior
type individually, allowing for meaningful insights and comparisons.

Contrary to the findings of Koay et al. [356], which reported discomfort among
subjects when a robot approached within 3 meters, and in contrast to the principles
of proxemics applied in socially aware navigation [12, 325], participants in this
study only reported 5 out of 139 instances of the robot being “Too close". This
discrepancy could be attributed to the relatively narrow space in the experimental
setting (path width ranging from 0.8m to 1.2m, as depicted in Fig. 5.1), which may
cause individuals to tolerate closer proximity due to the necessity of passing by the
robot [298]. Furthermore, Fig. 5.5 shows that the participants preferred the robot
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to “Slow down" over move “Away" even when they felt unsafe, which might further
indicate an acceptance of closer proximity in narrow spaces. These findings indicate
that proxemics rules should be adapted to account for path width, enabling robots
to make more context-aware decisions in varying environmental conditions.

Participants have also reported various concerns, see Table 5.4. This finding
aligns well with the literature understanding and optimizing human safety, comfort,
efficiency, legibility, and avoidance of interference [11, 165, 204, 357, 358]. However,
there have hardly been studies investigating human concerns about “Disrespect"
and increased “Cognitive load", which deserve further attention. Unlike other
concerns, the “Safety" concern was majorly triggered by inappropriate accelerations
(see Fig. 5.5). Since safety is the fundamental concern in socially aware navigation,
understanding how robot accelerations influence human perceptions and concerns
deserves further investigation.

5.4.2. HUMAN-PREFERRED ROBOT ADAPTATIONS

Unlike previous studies that assumed cooperative navigation between humans
and robots [280, 289], this study reveals human preferences for robots to make
adaptations while they continue their current behaviors, at least when the robot
behaves inappropriately. This is indicated by the participants predominantly
reporting solely on robot adaptations without mentioning their own, although Q2.1
openly asked about the interaction as a whole, see Table 5.2. Some participants
explicitly mentioned that they would prefer to continue their current behaviors
while the robot makes adaptations. Therefore, it is suggested that when a robot
is perceived as behaving inappropriately, it should change its own behavior while
assuming that humans continue their previous behaviors.

The participants rated the robot adaptations significantly better than the robot
continuing its inappropriate behavior (see Table 5.7), which emphasizes the necessity
of detecting the perceived appropriateness of robot navigation behavior, thus
paving ways for making adaptations [10]. Among all adaptations, the robot
moving “Aside, stop” was identified as the most preferred adaptation and was
statistically different from all other adaptations (Bonferroni-corrected p-values below
the adjusted significance level of = 4.5×10−3, see Section 5.3.2). This might indicate
that robots could always move “Aside, stop” when perceived as inappropriate
by humans, especially in narrow spaces. This experiment was conducted in a
relatively narrow space, which might explain why the participants overwhelmingly
preferred the robot to move “Aside, stop", and as such, its applicability might
not apply to open spaces. Though also in narrow spaces, the study by Senft
et al. [298] discovered a human preference for the robots to rotate their bodies
rather than a sliding motion. It would be interesting for future studies to also
take the robot body rotation into account when comparing different adaptations.
Note that the evaluations of the 12 adaptations relied on participants imagining
hypothetical scenarios where they assessed the appropriateness of each adaptation.
Although this yielded useful insights for designing robot adaptations, it did not fully
capture real-world conditions. Future research could benefit from employing the
“think aloud" approach, which would allow participants to express their perceived



5

86 5. ADAPTING INAPPROPRIATE ROBOT NAVIGATION BEHAVIOR

appropriateness and preferred adaptations in real-time [355]. At the same time, the
robot could make specific adaptations based on these real-time inputs, offering a
more accurate representation of their practical utility. The findings of this study
rely on the assumption that robots could detect the perceived appropriateness of
their navigation behaviors. While advancements have been made [10, 342], further
research is necessary to improve the detection performance, especially in identifying
and classifying various inappropriate behaviors/errors. As human responses to
different robot errors show considerable variation during human-robot interactions
[64], it would be beneficial to investigate how robots can differentiate between types
of inappropriate behaviors and adjust their responses for improved performance
accordingly.

5.4.3. ADDITIONAL INSIGHTS

Most participants (11 out of 12) agreed on a generic adaptation approach for
resolving most inappropriate robot behaviors. However, their preference underwent
a notable shift when presented with a broader selection of 12 specific adaptations
later on. While “Stop" emerged as the most favored choice when participants were
asked to propose solutions (8 out of 11), the introduction of the 12 adaptations later
on revealed considerable variability in their preferences. Despite this variation, all 11
participants agreed on the importance of the robot moving away rather than slowing
down. This preference was further underscored by participants’ overwhelmingly
positive evaluations of the robot “Aside" compared to merely “Stop" or “Slow down"
(see Table 5.7), while the combination of the two-“Aside, stop"-received the highest
average rating. This finding emphasizes the significance of the robot creating space
for humans after behaving inappropriately while slowing down further contributes
to the appropriateness of the adaptation.

Of the 12 participants, 11 preferred the inclusion of external interfaces for robot
behavior adaptations. Among various external interfaces considered, 8 participants
favored speech or lights, while 2 participants expressed a preference for facial
expressions. This underscores the importance of the robot utilizing external
interfaces alongside its motion to adapt inappropriate navigation behaviors.

5.5. CONCLUSIONS
This study investigated human-preferred adaptations for inappropriate robot
navigation behaviors by conducting a series of human-robot interactions, a
semi-structured interview, and an online survey. Firstly, 12 participants interacted
with a mobile robot in the designed lab narrow setting and identified robot
behaviors they perceived as inappropriate. Then, a semi-structured interview was
conducted to identify humans’ perceived inappropriate robot behaviors and the
preferred adaptations. Additionally, all participants were invited back to evaluate
the appropriateness of 12 selected robot adaptations for addressing inappropriate
robot behaviors. The coding of the interview revealed 139 instances of inappropriate
robot behaviors, categorized into 9 distinct types. These were influenced by factors
of robot-human relative poses, as well as the robot’s speed, acceleration, and
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motion smoothness. The study also revealed overwhelming negative evaluations
of the robot continuing its inappropriate navigation, highlighting the need for the
robot to adapt its inappropriate behaviors. As for adaptations, the robot moving
to the side of the pathway and stopping was the most preferred and evaluated
positively, reflecting its generalizability in addressing inappropriate robot navigation,
especially in narrow spaces. Despite the controlled laboratory setting, the small
and homogeneous participant sample, and the potential bias by having participants
identify inappropriate robot behaviors after all interactions, these conditions were
instrumental in allowing the exploration of human perceptions and preferred
adaptations. Future work will address these limitations by involving a more diverse
participant pool and conducting real-life comparisons of different adaptations to
compare their effectiveness in addressing inappropriate robot behaviors.

5.6. APPENDICES

5.6.1. PREFERRED ADAPTATIONS

Table 5.8 presents 34 types of preferred robot adaptations reported by the 12
participants.

Table 5.8: 34 types of preferred robot adaptations

Adaptation Number Adaptation Number

Away 22 Stop 31

Slowly away 6 Quickly stop 11

Quickly away 2 Slowly stop 5

Smoothly away 3 Smoothly stop 3

Perpendicular away 4 Slow down 19

Side 6 Slowly slow down 3

Slowly side 3 Smoothly slow down 2

Quickly side 1 Quickly slow down 1

Retreat 6 Speed up 5

Slowly retreat 3 Slow down, inform 6

Predictable motion 6 Stop, inform 4

Go straight 2 Stop, next to and copy, say sorry 3

Change direction 3 Say sorry, slowly stop 2

Turn right 4 Say sorry, slow down 1

Retreat, stop 9 Slowly slow down, ask for expectations 1

Slow down, change direction 1 Away, inform 2

Side, stop 6 Speech inform action 5

5.6.2. CODING SCHEME

Below is the coding scheme for each question, along with an example provided in
Table 5.9.
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Table 5.9: Example of coding scheme
Main theme Sub-theme Definition Example quote
Relative pose Behind,

Same
The robot is behind the
human, and moving in the
same orientation

Video showing the robot mov-
ing behind the human with the
same motion orientation

Robot behavior
factors (Q1.1)

Slow The robot moves at a slow
speed

“The robot moves slowly"

PA (Q1.2) Acceleration The robot behaved inappro-
priately because it made a
sudden acceleration

“The robot suddenly accel-
erated towards me without
stopping."

Concern (Q1.3) Unsafe The robot’s behavior triggered
human concerns about safety

“It’s going to hit me, which
makes me feel unsafe."

Preferred adapta-
tion (Q2.1)

Slow down
and say
sorry

The participant preferred the
robot to slow down and
apologize

“If the robot can say sorry to
me. Action-wise, like slowing
down."

Evaluation of the
next action (Q2.2)

Slowed
down; -2

The robot slowed down after
behaving inappropriately

“It slowed down. It’s already
about to hit me, so strongly
inappropriate (-2)."

Evaluation of the
12 adaptations
(Q2.3)

-2 The robot adaptation of “con-
tinue" is rated -2

“continue", strongly inappro-
priate (-2)

1. Robot-human relative pose: This category systematically analyzes interactions
recorded in videos supplemented by interview data. Each interaction is
timestamped to facilitate precise identification. The coding encompasses two
primary dimensions:

a) Relative Position: Coded relative to the participant’s walking direction
and categorized as front, behind, left, or right.

b) Relative Orientation: Coded relative to the participant’s walking direction
and categorized as same, opposite, left, right.

2. Participants’ reports of robot behavior factors (Q4.1.1): Participants’ descrip-
tions from interviews are also coded, focusing on aspects like robot Speed (e.g.,
“Fast", “Slow", “Stationary"), Acceleration (e.g., “Accelerating", “Decelerating"),
and motion Smoothness (e.g., “Jerky", “Snake-like", “Unexpected").

3. Inappropriate Robot Navigation Behavior (Q4.1.2): This category involves
coding participants’ perceptions of inappropriate robot behavior. The coding
process involves:

a) Identifying verbs participants use to describe robot behaviors, such as
“Accelerated", “Blocked", etc.

b) Merging semantically similar verbs into unified themes, for example,
“accelerated", “Sped up", and “Making accelerations", are grouped under
the theme of “Accelerate".

4. Participants’ Concerns (Q4.1.3): This category involves coding the participants’
concerns triggered by inappropriate robot behaviors. The coding process
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includes:

a) Identifying key terms related to concerns, such as “Collisions", “Delays",
“Increase my cognitive load", etc.

b) Grouping related terms into thematic categories, such as “Unsafe",
“Collisions", etc., under the broader theme of “Safety".

5. Participants’ Preferred Robot Adaptations (Q4.2.1): This category codes
the participants’ preferences for robot adaptations after inappropriate robot
behaviors. The coding includes:

a) Coding key terms, particularly verbs and adverbs, representing preferred
interactions, such as “Slow down", “Stop", “Aside", etc.

b) Grouping similar terms into themes, like “Stop", “Zero speed", “Pause",
under the theme of “Stop."

c) Creating sub-categories based on the intensity of the preferred behavior,
e.g., “Slowly stop", “Quickly stop", etc.

6. Participants’ Evaluations of the Robot’s Next Action (Q4.2.2): This category
involves coding the participants’ interpretations of robot actions after the
button press and their evaluations of these actions. The process includes:

a) Coding key terms, mainly verbs, to categorize robot behaviors, such as
“Slowed down", “Stopped", etc.

b) Grouping similar terms under themes like “Stopped", “Paused", etc.,
under the broader theme of “Stop".

c) Quantifying the participants’ evaluations on a 5-point scale, ranging from
“Strongly inappropriate" (-2) to “Strongly appropriate" (2).

7. Participant Evaluations of 12 Robot Adaptations (Q4.2.3): This category
involves coding the participants’ ratings of different adaptations. The process
includes:

a) Quantifying the participants’ evaluations on a 5-point scale, ranging from
“strongly inappropriate" (-2) to “strongly appropriate" (2).

b) Aligning the evaluations with its related adaptation and inappropriate
robot behavior instance.





6
CONCLUSION & DISCUSSION

This thesis contributes to socially aware navigation (SAN) by enabling robots to utilize
human-perceived appropriateness (PA) information to enhance their interaction
quality with humans. The core aim was to enable robots to adapt their behavior
based on human feedback.

6.1. MAIN FINDINGS AND CONCLUSIONS
This dissertation investigates how robots can understand and adapt to humans in
social environments to improve the appropriateness of their navigation behavior. We
address this with the following research questions:

RQ1: In existing research on socially aware navigation, what types of information
communicated between humans and robots have been studied, and what social
cues have been used for this communication? To understand the exchange of
information between humans and robots, we conducted a scoping review in Chapter
2, identifying 176 relevant studies. Results revealed that while a majority of 87%
studies focused on how robots process human information, only 13% examine how
humans perceive and process robot information. This highlights the need for more
research focusing on how to design effective communication strategies for robots
to convey information to humans. This could involve utilizing various modalities,
such as visual displays, auditory signals, or even haptic feedback, to ensure clear
communication.

The exchanged information within socially aware navigation studies were further
categorized into three major types: future behaviors (long-term goals, short-term
intentions, legibility, etc); social signals (emotion, dominance, activity, group
dynamics, PA, etc); and proxemic spaces (intimate, personal, social, public). The
quantitative analysis on this information revealed that social signals (compared
to future behaviors and proxemics spaces) and especially human PA of robot
behavior were understudied. PA is a crucial feedback to enable identification of
inappropriate robot behaviors for adaptations. Without understanding PA, robots
risk making repeated mistakes, which could significantly hinder their acceptance in
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social environments. This gap, with so few addressing it (e.g., Vroon et al. [10]),
motivates our further investigations on PA.

This study further revealed the detailed relations between social cues and different
types of information. Firstly, a thematic analysis was conducted on the collected
studies to collect a comprehensive list of social cues specifically relevant to
navigation, which expanded upon the cues typically summarized in non-navigational
contexts [359]. These include social cues of: head, velocity, position, motion,
distance, orientation, posture, gaze, trajectory, facial expressions, speech, gestures,
F-formations, gender, and external human-machine interfaces (eHMIs). Secondly,
quantitative analysis of the relations identified the distinct roles of various social
cues in communicating different information. Orientation, trajectory, and position
were found to be crucial for predicting future behavior, enabling robots to both
anticipate human behaviors and signal their own intentions. Social signals such
as emotions were primarily conveyed through facial expressions, and dominance
mostly through trajectories. Proxemic spaces relied majorly on social cues of
position and orientation. These findings highlight how a careful selection and
combination of social cues can enable both effective robot communication and
accurate understanding of human behavior in social navigation.

RQ2: What are the key factors contributing to human yielding to conflicts in
public spaces, and how do they influence human PA of robot navigation behaviors?
Failures often arise when humans and robots do not have a consensus when it
comes to yielding. While significant research has focused on conflict avoidance
[338, 350], factors influencing human yielding behaviors are often neglected. To
investigate human yielding, we conducted a field observation in Chapter 3, where
a robot was manually controlled to ignore humans, thereby triggering conflicts.
Based on 427 observed instances of human yielding behaviors, we identified various
contributing factors, covering human activities and demographics, robot behavior,
and environmental settings. In most cases, humans yielded to the robot, avoiding
potential collisions well before they would occur, despite in narrow spaces where
they exhibited richer perceptions and responses. This observation aligns with
previous research showing that conflicts are more frequent in narrow spaces [298]. In
these narrow spaces, humans tended to have a more negative perception of the robot
and expected it to adapt to them. This negative perception was further intensified by
inappropriate robot behaviors, such as blocking the path or moving too close, which
Koay et al. also found to trigger human discomfort [323]. Moreover, such negative
perceptions often elicited certain human reactions (social cues, attention shifts,
emotional responses). These findings highlight the need for further investigation into
how robot errors, reflected through human PA, can be inferred from social cues [10],
emotion, and attention.

Furthermore, Chapter 4 identified the influence of robot navigation behaviors on PA
based on human-robot interaction experiments. Specific behaviors such as blocking
and sudden direction changes correlated with negative PA, while behaviors of
remaining stationary and predictable movement at a distance elicited more positive
PA. Chapter 5 further elaborated on these findings, identifying specific influencing



6.2. REFLECTIONS

6

93

factors, including robot-human relative poses and robot motion characteristics
(speed, acceleration, smoothness), on the perception of robot behavior.

RQ 3: How can we detect the perceived appropriateness of robot navigation
behavior in narrow environments? Extending beyond the work of Jered et al. on
detecting the PA of robot positioning behavior [10], we conducted eight human-robot
interactions (inspired by the work of Koay et al. [323]) to create the PARSNiP
dataset for PA detection in Chapter 4. Apart from social cues, the dataset also
contains human emotion and attention. Several common machine learning models
were applied to the dataset to assess the contributions of various features in PA
detection. The results indicate that incorporating emotional and attentional features
greatly improves detection performance, consistent with prior work emphasizing
the significance of human emotions in identifying perceived robot mistakes in
human-robot team-working [318]. Specifically, accuracy improved from 63% to
68% when using algorithm-predicted emotional and attentional data, and further
increased to 79% when relying on participant-reported emotion and attention data.
Therefore, this study provides a dataset that enables PA detection and offers insights
into how emotion, attention, and possibly other social signals, such as dominance
levels, could further contribute to PA detection.

RQ4: How do humans prefer a robot to adapt its inappropriate navigation behavior
in narrow environments? Human-robot interaction experiments, conducted in a
narrow setting and detailed in Chapter 5, triggered a range of inappropriate robot
behaviors. Participant interviews then identified preferred adaptations for various PA
scenarios. Participants overwhelmingly perceived the robot’s continued inappropriate
behavior as unacceptable, contrasting with prior research suggesting increased
likeability of errant robots [64]. This discrepancy likely stems from contextual
differences: unlike non-navigation settings with lower safety risks, navigation errors
directly impact participant safety, reducing tolerance for inappropriate behaviors.
Furthermore, participants predominantly preferred the robot to move "Aside, stop",
regardless of the specific inappropriate behavior, suggesting this as a potential
generic adaptation strategy in narrow spaces.

6.2. REFLECTIONS

6.2.1. PA FRAMEWORK

Robots navigating in human environments often exhibit behaviors perceived as
inappropriate by humans (e.g., blocking a narrow path, approaching too closely),
leading to discomfort, disruption, and potential safety issues. This thesis argues that
incorporating human-perceived appropriateness (PA) into robot navigation systems
is crucial for creating socially acceptable robots. To structure this investigation, a
comprehensive framework for understanding and addressing PA in robot navigation
was developed, as illustrated in Figure 6.1.

This PA framework provides a holistic view of the factors, responses, detection
methods, and adaptation strategies relevant to achieving socially acceptable robot
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Figure 6.1: The Perceived Appropriateness (PA) Framework

navigation. At its core is the concept of Perceived Appropriateness (PA). This
perception is influenced by a set of Factors, categorized into three main groups:
Setting, which encompasses environmental characteristics like path width and
environmental density, etc; Human factors, including demographics such as age
and gender, and human behavior, etc; and Robot behavior, encompassing the
robot’s pose and navigation speed, etc. These influencing factors directly impact
Human Responses, which manifest in two primary ways: Yielding behaviors,
such as changing trajectory or speed to avoid the robot, and Perception, the
subjective evaluation of the robot’s behavior. Understanding these responses is
crucial for PA Detection. The framework highlights three key categories of features:
Social cues, like a person’s balance and walking speed; Social signals, including a
person’s attention level and emotion; and Relative motion features, such as the
distance and relative direction between the human and the robot. Finally, the
framework addresses Adaptations, the strategies a robot can employ to improve its
perceived appropriateness. These adaptations are divided into two main categories:
adjustments of the robot’s Motion, such as changing its speed or trajectory, and the
use of external Human-Machine Interfaces (eHMIs), such as lights or displays, to
communicate with humans. The framework posits a cyclical relationship: factors
influence human responses, which are detected, leading to adaptations that, in turn,
affect the influencing factors, continuously shaping the PA of the robot’s behavior.

It’s important to acknowledge that the specific factors influencing PA, and the
effectiveness of different adaptation strategies, can vary significantly across different
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contexts. This framework, therefore, is presented as a flexible structure that can be
adapted and tailored. Several key dimensions of variability warrant consideration:

Cultural Contexts: The perception of appropriate robot behavior is heavily
influenced by cultural norms. For example, personal space preferences vary
considerably between cultures [38]. What is considered an acceptable approach
distance in one culture might be perceived as intrusive or aggressive in another. The
framework’s Human Factors (specifically, aspects of demographics) must be tailored
to the specific cultural context in which the robot works. This might involve training
models on culturally-specific datasets or incorporating explicit rules derived from
sociological research.

Robot Type and Application: The function and form of the robot itself significantly
impact how the framework is applied. The relevant factors influencing PA might
differ. For a service robot, pedestrian density and obstacles are paramount. For
an industrial robot, task-specific factors (tool use, operational efficiency) and the
human worker’s role become critical. For a healthcare robot, human factors like
patient vulnerability and emotional state are key. Consequently, human responses
also differ, ranging from yielding behaviors in public spaces to direct instructions in
industrial settings, or subtle cues of discomfort in healthcare. Detection methods
must be tailored accordingly. Service robots might rely on visual cues and
proxemics, industrial robots on precise sensor data of tools, and healthcare robots
on physiological signals. Finally, appropriate adaptation strategies might also vary
according to different robot types and applications.

Setting: The physical and social characteristics of the setting itself exert a profound
influence on PA. A narrow hallway, for example, inherently limits maneuverability
and increases the likelihood of close encounters, amplifying the importance of
factors like approach speed and trajectory. In contrast, a wide-open plaza allows
for greater separation distances, potentially reducing the perceived severity of minor
navigational errors. The setting’s social context also matters; a robot navigating a
busy train station during rush hour will face different expectations and tolerances
than one operating in a quiet library. Crowd density, the presence of static
obstacles (e.g., benches, kiosks), and even ambient noise levels can all shape human
perceptions. Thus, a thorough understanding of the setting’s physical and social
attributes is crucial for effectively applying the PA framework.

6.2.2. THESIS REFLECTION

Based on the framework, this thesis investigates the four key aspects of PA, especially
in narrow environments rich in conflicts and negative human perceptions: 1)
the factors influencing human yielding behavior and their perceptions of robot
behavior appropriateness, 2) human responses to PA, 3) the detection of PA, and 4)
human-preferred robot adaptations.

Factors This thesis provided empirical insights into human yielding behaviors in
response to conflicts with a robot and factors contributing to such yielding in Chapter
3. The yielding behaviors examined included yielding timing, changes in navigation
(speed/trajectory), and bodily responses. Results revealed a human preference to
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yield early, highlighting the importance of robots minimizing interference to humans,
in line with findings from Peddi et al [347]. This might also explain why humans
preferred to change their trajectories instead of speed in most yielding instances,
a strategy which could enable humans to avoid conflicts as soon as possible.
These yielding behaviors were influenced by factors including robot-human relative
motion (crossing, head-on, or from behind), the environmental setting (path width,
environmental density), and human states such as whether the pedestrian was
stationary or moving, the pedestrian’s assumed age and gender, their engagement
level (distracted or not) and activities (cycling, carrying items, or using strollers). For
instance, a stationary pedestrian talking on the phone was far less likely to yield (5
out of 14 such encounters led to an emergency stop) compared to a young pedestrian
strolling around. However, yielding itself did not necessarily indicate a negative
perception of the robot; interviews revealed that while many pedestrians yielded,
they often described the encounter as "interesting" or "strange," suggesting curiosity
rather than disapproval. It was in narrow environments, where maneuverability
was limited [298], that pedestrians more strongly expressed the need for the robot
to adapt its behavior, often giving the robot less space and gazing at it longer
and sometimes with emotional reactions. These behaviors hint at the possibility
of using such cues and responses for PA detection. Beyond path width, Chapter
4 also revealed the influence of robot navigation behaviors on human perceptions
of appropriateness (PA). Behaviors such as blocking the path and sudden changes
in direction correlated with negative PA, whereas remaining stationary and making
predictable movements at a distance elicited positive PA.

Responses Individual responses to the robot varied significantly, as evidenced
by differing reactions even to the same robot behaviors (see Chapter 4). Some
participants exhibited discomfort or disorientation, while others maintained a
positive attitude regardless of the robot’s behaviors. This range of responses, from
completely inappropriate to completely appropriate, highlights the complexity of
human-robot interactions and the subjective nature of PA. The specifics of how
robot behavior parameters affected PA were further detailed in Chapter 5, including
the influence of relative robot-human poses and robot motion characteristics (e.g.,
speed and acceleration). Specifically, a robot positioned directly in front of or
behind the human triggered the most inappropriate behavior compared to a side
positioning. A robot moving in parallel (in the same direction) as the human,
but accelerating, was also frequently perceived as inappropriate. Furthermore,
"jerky" or "unpredictable" robot movements (related to motion smoothness) often
led to perceptions of inappropriateness. These results indicate a complex interplay
between robot motion and human perception, and that researchers and designers
can strategically manipulate these parameters to influence human perceptions and
yielding behavior, ultimately shaping desired interactions.

Detection This thesis demonstrates that emotion and attention play a more
significant role in improving PA detection performance than social cues or motion
features. These findings corroborate prior research, such as that by Loureiro et
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al., which emphasizes the role of emotion in identifying perceived robot errors
[318]. This significant contribution of emotion and attention likely stems from
their roles as indicators of human comfort and perceived safety; negative emotions
and heightened or fluctuating attention may signal that the robot’s behavior is
disruptive, unpredictable, or even threatening, thus leading to lower PA ratings.
Serving also as important indicators, other social signals such as dominance levels
[52] and attitudes [360] might also contribute to PA detection and deserve further
investigation. Beyond overall appropriateness, our findings highlight that humans
also form specific perceptions about the robot’s behavior, such as "blocking",
"squeezing", "sudden motion", "threatening", "unnatural", "fast", etc. These nuanced
perceptions are crucial and should be further investigated. This understanding could
inform researchers to develop datasets that enable robots not just to detect whether
behavior is appropriate, but also to identify the specific type of inappropriate
perception (e.g., blocking vs. squeezing), leading to more targeted and effective
behavioral adaptations.

Adaptation Chapter 5 revealed a predominantly negative human perception of
the robot’s continued inappropriate behavior, underscoring the necessity for robots
to adapt such behaviors. The identified adaptations included simple actions like
stopping ("Stop"), slowing down ("Slow"), and moving away from the participant
("Away"). More complex adaptations involved combinations of movement and
communication, such as slowing down and verbally informing the participant of the
intended action ("Slow, speak"), or stopping and using a visual cue (e.g., a light) to
indicate a change in plan ("Stop, light"). A comparison of these adaptations revealed
a strong preference for "Aside, stop" across a variety of inappropriate behaviors,
suggesting its potential as a general-purpose adaptation strategy, particularly in
narrow spaces. This preference likely stems from the combination of immediate risk
mitigation (stopping) and clear communication of intent (moving aside), providing
the participant with both physical safety and a predictable, unobstructed path. While
the PA framework (Figure 6.1 includes external Human-Machine Interfaces (eHMIs)
as a potential adaptation strategy, this thesis primarily focused on motion-based
adaptations. Further research is needed to fully explore the role and effectiveness
of various eHMIs in improving perceived appropriateness in different navigational
contexts.

6.3. IMPLICATIONS AND IMPLEMENTATIONS
This section explores the practical implications of the findings presented in this
thesis, offering guidance for designing robot navigation behaviors that are not only
functional but also socially intelligent and considerate of human perceptions and
expectations.

Chapter 2 revealed the understudied nature of social signals, particularly real-time
feedback signals such as human PA of robot behavior. This highlights a critical
need for robots to move beyond simply processing what information humans are
communicating (e.g., trajectory, intended goal) to also understanding how that
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information is being received and perceived. When designing robots, researchers
should carefully consider which type of human information is most relevant to the
robot’s tasks and how this information can be inferred from specific social cues.
For example, a robot designed primarily for navigation in crowded spaces might
prioritize understanding future states (predicting pedestrian trajectories) and social
signals (detecting discomfort or frustration). The review also provided a detailed
mapping between information types and the selection of appropriate social cues.
This mapping can guide the selection of appropriate sensors. For instance, predicting
future human behavior often relies on cues like head orientation, trajectory, position,
and motion direction [361], suggesting the use of cameras and potentially depth
sensors [362]. Detecting social signals like emotion, however, might require facial
expression analysis [281], necessitating high-resolution cameras, and potentially
even physiological sensors in the future. Critically, designers should recognize the
interconnectedness of information types. Specifically, when designing a robot that
can detect human social signals, it’s crucial to consider how these signals inform
the processing of other information, such as prediction and proxemics zones. This
makes the robot more informative. A robot should also not process future states,
social signals, and proxemic spaces in isolation [85, 363]. Instead, it should integrate
these different information streams to form a holistic understanding of the situation.
If, for example, a robot is predicting a human approaching—despite being within
the human’s personal space—and detects the human showing positive emotions, the
robot can infer that the human is interested in interaction and adjust its behavior
accordingly.

Chapter 3 revealed a human preference to avoid conflicts with robots from early
on, implying that robot behavior should be designed for proactive and legible conflict
avoidance [350], rather than relying solely on reactive responses. Robots should
not wait until a conflict is imminent before taking action. This requires not only
accurate prediction of human motion but also clear communication of the robot’s
own intentions. Legibility, as discussed in Chapter 2, can be achieved through careful
motion planning (e.g., predictable trajectories, smooth transitions) and the use of
eHMIs (e.g., directional indicators, lights, displays)[161]. Additionally, the study
identified several factors influencing yielding behaviors, including environmental
settings, human demographics and activities, and robot behavior. These findings
suggest that robot navigation should be context-aware. A robot should adapt its
behavior based on the specific environment (e.g., yielding more readily in a narrow
hallway than in a wide-open space), the characteristics of the humans it encounters
(e.g., exhibiting greater deference to an elderly person or someone carrying a large
object), and its own actions (avoiding sudden movements or close approaches).

Chapter 4 demonstrated that incorporating human emotion and attention
significantly improves the accuracy of PA detection. This finding underscores the
need for robot behavior design to extend beyond purely kinematic data (position,
velocity, trajectory). Robots should be equipped with sensors and algorithms
capable of inferring and responding to human social signals, particularly emotion
and attention. This includes, specifically, facial expressions, gaze, vocal intonation,
and body language [43]. The significant improvement in PA detection when using
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reported emotion and attention (compared to predicted data) highlights the potential
benefits of accurate social signal detection. This motivates continued research into
advanced emotion recognition and attention estimation algorithms, which would not
only enhance the robot’s understanding of human emotional states, but by extension
improve PA detection accuracy, contributing to fewer social errors [364].

Chapter 5 revealed a strong human preference for the "Aside, stop" adaptation
(moving to the side of the pathway and stopping), suggesting its potential as a
general-purpose strategy, particularly in narrow environments. However, it’s also
important to recognize that the "best" adaptation will likely depend on the specific
context. A robot should be capable of selecting from a repertoire of adaptations,
considering the type of inappropriate behavior, the environment, the human’s
emotional state, and its own capabilities. Furthermore, robot adaptation should
not be viewed as a one-time action, but rather an ongoing process of monitoring
and adjustment. The robot should continuously monitor human responses (through
social cues and other signals) and adjust its behavior accordingly. This iterative
process of perception, adaptation, and re-evaluation is crucial for achieving truly
socially acceptable navigation.

6.4. LIMITATIONS AND FUTURE RESEARCH

This thesis has investigated perceived appropriateness (PA) primarily within the
context of robot navigation in narrow environments, exploring the interplay of
various factors, human responses, detection methods, and adaptation strategies.
While these findings provide valuable insights, it is crucial to acknowledge the
limitations of this work and discuss its broader implications for robot design and
human-robot interaction.

6.4.1. SCOPE AND CONTEXTUAL FACTORS

The focus on narrow environments, while intentional to highlight the importance
of PA in situations with limited maneuverability and frequent potential conflicts,
inherently limits the direct generalizability of the findings to wider, less-restricted
spaces. Open spaces, while still relevant to PA, present different dynamics. A robot
crossing a large plaza, for instance, might disrupt the flow of many pedestrians,
leading to negative PA even if collisions are easily avoided. Similarly, a robot
positioned near a conversing group might be perceived as intrusive, even if
maintaining a technically "safe" distance. These examples illustrate that PA in open
spaces is often tied to more subtle violations of social norms, not solely collision
avoidance, which deserves further investigations.

Furthermore, the specific robot behaviors investigated, while informed by existing
literature and pilot studies, represent only a subset of potential inappropriate
behaviors. Real-world scenarios are far more complex and nuanced, involving a
wider range of human activities (conversations, queuing, carrying objects), group
dynamics (friends, families walking together), and environmental factors (crowd
density, ambient noise). Future research must broaden the scope to encompass these
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complexities, exploring how PA is shaped by diverse social contexts and individual
differences.

The intentional use of non-humanoid robots (Clearpath Husky and Jackal) in
this research allowed for a focused investigation of navigation behavior without the
confounding effects of anthropomorphic features. However, this design choice limits
the direct applicability of the findings to humanoid robots. People tend to attribute
greater social awareness and intentionality to robots that resemble humans, leading
to different expectations and interpretations of their behavior. A slight trajectory
deviation, easily dismissed as a minor navigational error in a non-humanoid robot,
might be perceived as rude or aggressive in a humanoid robot. Therefore, research
involving humanoid robots must carefully consider the impact of appearance, facial
expressions, gaze, posture, and even tone of voice on PA.

6.4.2. HUMAN RESPONSES AND MEASUREMENT

This thesis primarily examined human responses to PA through yielding behaviors,
gaze patterns, and self-reported perceptions. While these measures provide valuable
data, they represent only a partial picture of the complex human response to
inappropriate robot behavior. Future research should incorporate a wider range
of measures, including verbal reactions (complaints, comments), facial expressions,
physiological data (heart rate variability, skin conductance, brain activity), and even
subtle shifts in body language. There could be a time delay between robot behavior
and human reactions. Moreover, these responses may be dynamic, changing from
momentary confusion to increased anxiety or discomfort. Capturing these nuances
requires sophisticated methods that combine self-report techniques (questionnaires,
interviews, "think-aloud" protocols) with objective physiological and behavioral
measures.

6.4.3. PA DETECTION AND ADAPTATION

While this thesis demonstrated the promise of using machine learning to detect
PA, particularly by incorporating emotional and attentional features, significant
challenges remain for real-world deployment. The reliance on retrospective
self-reports of emotion and attention in the dataset creation introduces potential
biases. Future research should explore real-time emotion recognition algorithms and
integrate a broader range of social cues, including facial expressions, body posture,
and vocal intonation. Furthermore, temporal models, such as recurrent neural
networks or Hidden Markov Models, are needed to capture the dynamic nature of
PA and how it evolves over time.

The finding that "Aside, stop" was a generally preferred adaptation in narrow
spaces provides a valuable starting point, but it is unlikely to be a universally
optimal solution. Different types of inappropriate behavior, varying environmental
constraints, and individual preferences will necessitate a wider repertoire of
adaptation strategies. Future research should investigate the effectiveness of
multi-modal adaptations, combining kinematic adjustments (changes in trajectory,
speed) with communication methods (facial expressions, gaze, posture, or external
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human-machine interfaces (eHMIs) like lights, displays, or even speech). The
selection of appropriate adaptations should be context-aware, taking into account
the severity of the error, the user’s emotional state, and the robot’s own capabilities.
For instance, a robot that has committed a minor navigational error might simply
adjust its trajectory and offer a brief apology through a visual display. A more serious
error, such as nearly colliding with a person, might require a more substantial
adaptation, such as stopping completely, apologizing verbally, and waiting for the
person to pass.

6.4.4. BROADER IMPLICATIONS

Beyond the specific limitations discussed above, this research raises broader
questions about the long-term implications of integrating robots into social
environments. As robots become more commonplace, human expectations and
perceptions of appropriate behavior are likely to evolve. Longitudinal studies are
needed to track these changes and to understand how repeated interactions with
adaptive robots shape trust, comfort, and overall acceptance. Initially, interactions
with robots might be dominated by novelty and a high tolerance for errors. People
might be forgiving of awkward movements or misinterpretations of social cues,
viewing them as curiosities. However, as familiarity increases, expectations will
likely rise. Behaviors once considered minor inconveniences might become sources
of significant frustration. For instance, a robot that occasionally blocks a hallway
might be initially amusing, but if it persistently obstructs the path, it will quickly
be perceived as highly inappropriate. Conversely, positive, consistent adaptation
to PA could foster trust and acceptance. If a robot consistently demonstrates an
understanding of personal space, anticipates human needs, and gracefully corrects
its errors, humans may become more comfortable interacting with and relying on
robots in various contexts.

Furthermore, while this thesis focused primarily on robot navigation, the core
concept of PA extends to other areas of human-robot interaction. Whether a robot
is assisting with a task, providing information, or simply coexisting in a shared
space, its actions should align with human expectations and social norms. The
specific factors influencing PA, the relevant human responses, and the appropriate
adaptation strategies will vary depending on the context and the task, but the
fundamental principle of designing for perceived appropriateness remains crucial.
Consider these non-navigation scenarios: A collaborative assembly robot working
alongside a human on an assembly line must not only perform its tasks efficiently
but also in a way that is perceived as appropriate; if the robot consistently reaches
across the human’s workspace, creating a feeling of encroachment or risk, this
would be a violation of PA, even if no physical contact occurs, requiring the robot
to adapt its movements and timing to respect the human’s personal space and
workflow. Similarly, a receptionist robot providing information must interact in a
socially appropriate manner; consistently misinterpreting user requests, providing
irrelevant information, or using an inappropriate tone of voice would lead to it
being perceived as unhelpful and frustrating, even if it technically provides the
correct answer eventually, necessitating adaptations such as rephrasing responses,



6

102 6. CONCLUSION & DISCUSSION

offering alternative solutions, or escalating the interaction to a human operator.
An elderly-care robot offering companionship also needs to understand social
appropriateness, such as giving the elderly personal space if required; otherwise the
elderly might feel uncomfortable.

Future research should also consider the ethical implications of PA-aware robots.
As robots become more adept at understanding and responding to human emotions
and social cues, there is a potential for manipulation or exploitation. It is essential
to develop ethical guidelines and design principles that ensure robots are used to
enhance human well-being and promote positive social interactions, rather than to
deceive or control.

In conclusion, this thesis represents a significant step towards understanding and
addressing inappropriate robot behaviors. By systematically investigating the factors
influencing PA, exploring human responses, developing detection methods, and
evaluating adaptation strategies, this work lays the foundation for creating robots
that are not only functional and efficient but also socially intelligent and accepted
members of our human environments. Continued research in this area is essential to
realize the full potential of social robotics and to ensure a harmonious coexistence
between humans and robots in the future.
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[240] D. Brščić, H. Kidokoro, Y. Suehiro, and T. Kanda. “Escaping from children’s
abuse of social robots”. In: Proceedings of the tenth annual acm/ieee
international conference on human-robot interaction. 2015, pp. 59–66.



6

124 BIBLIOGRAPHY

[241] P. Salvini, G. Ciaravella, W. Yu, G. Ferri, A. Manzi, B. Mazzolai, C. Laschi,
S.-R. Oh, and P. Dario. “How safe are service robots in urban environments?
Bullying a robot”. In: 19th international symposium in robot and human
interactive communication. IEEE. 2010, pp. 1–7.

[242] M. Bruijnes, R. van Delden, and J. H. Vroon. “Telepresence Robots in the
Wide Wild World”. In: 3rd Workshop on Ethical Encounters in HCI: Research
in Sensitive Settings. 2017.

[243] G. Nichols. San Francisco bans delivery robots in most of the city. 2017.
URL: https://www.zdnet.com/article/san-francisco-bans-delivery-
robots-in-most-of-the-city/.

[244] T. Schulz, P. Holthaus, F. Amirabdollahian, and K. L. Koay. “Humans’
perception of a robot moving using a slow in and slow out velocity profile”.
In: 2019 14th ACM/IEEE International Conference on Human-Robot Interaction
(HRI). IEEE. 2019, pp. 594–595.

[245] L. Moshkina, S. Trickett, and J. G. Trafton. “Social engagement in public
places: a tale of one robot”. In: Proceedings of the 2014 ACM/IEEE international
conference on Human-robot interaction. 2014, pp. 382–389.

[246] C. Mavrogiannis, A. M. Hutchinson, J. Macdonald, P. Alves-Oliveira, and
R. A. Knepper. “Effects of distinct robot navigation strategies on human
behavior in a crowded environment”. In: 2019 14th ACM/IEEE International
Conference on Human-Robot Interaction (HRI). IEEE. 2019, pp. 421–430.

[247] E. Senft, S. Satake, and T. Kanda. “Would You Mind Me if I Pass by You?
Socially-Appropriate Behaviour for an Omni-based Social Robot in Narrow
Environment”. In: Proceedings of the 2020 ACM/IEEE International Conference
on Human-Robot Interaction. 2020, pp. 539–547.

[248] C. I. Mavrogiannis, W. B. Thomason, and R. A. Knepper. “Social momentum:
A framework for legible navigation in dynamic multi-agent environments”. In:
Proceedings of the 2018 ACM/IEEE International Conference on Human-Robot
Interaction. 2018, pp. 361–369.

[249] A. Rosenthal-von der Pütten, D. Sirkin, A. Abrams, and L. Platte. “The
Forgotten in HRI: Incidental Encounters with Robots in Public Spaces”. In:
Companion of the 2020 ACM/IEEE International Conference on Human-Robot
Interaction. 2020, pp. 656–657.

[250] T. Rosenbloom, D. Nemrodov, and A. B. Eliyahu. “Yielding behavior of Israeli
drivers: interaction of age and sex”. In: Perceptual and motor skills 103.2
(2006), pp. 387–390.

[251] X. Kong, S. Das, Y. Zhang, and X. Xiao. “Lessons learned from pedestrian-driver
communication and yielding patterns”. In: Transportation research part F:
traffic psychology and behaviour 79 (2021), pp. 35–48.

[252] X. Zhuang and C. Wu. “Pedestrian gestures increase driver yielding at
uncontrolled mid-block road crossings”. In: Accident Analysis & Prevention 70
(2014), pp. 235–244.

https://www.zdnet.com/article/san-francisco-bans-delivery-robots-in-most-of-the-city/
https://www.zdnet.com/article/san-francisco-bans-delivery-robots-in-most-of-the-city/


BIBLIOGRAPHY

6

125

[253] J. Vroon, Z. Rusák, and G. Kortuem. “Context-Confrontation: Elicitation and
Exploration of Conflicts for Delivery Robots on Sidewalks”. In: 29th IEEE
International Conference on Robot and Human Interactive Communication
(RO-MAN 2020). First international workshop on Designerly HRI Knowledge.
2020.

[254] H. Murakami, C. Feliciani, Y. Nishiyama, and K. Nishinari. “Mutual anticipation
can contribute to self-organization in human crowds”. In: Science Advances
7.12 (2021), eabe7758.

[255] A. Corbetta, J. A. Meeusen, C.-m. Lee, R. Benzi, and F. Toschi. “Physics-
based modeling and data representation of pairwise interactions among
pedestrians”. In: Physical Review E 98.6 (2018), p. 062310.

[256] E. T. Hall. The Hidden Dimension. Anchor Books New York, 1966.

[257] J. R. Aiello and D. E. Thompson. “When compensation fails: Mediating effects
of sex and locus of control at extended interaction distances”. In: Basic and
Applied Social Psychology 1.1 (1980), pp. 65–82.

[258] A. Kendon. Conducting interaction: Patterns of behavior in focused encounters.
Vol. 7. CUP Archive, 1990.

[259] R. Möller, A. Furnari, S. Battiato, A. Härmä, and G. M. Farinella. “A Survey on
Human-aware Robot Navigation”. In: arXiv preprint arXiv:2106.11650 (2021).

[260] J. Rios-Martinez, A. Spalanzani, and C. Laugier. “From proxemics theory
to socially-aware navigation: A survey”. In: International Journal of Social
Robotics 7.2 (2015), pp. 137–153.

[261] T. Kruse, A. Kirsch, E. A. Sisbot, and R. Alami. “Exploiting human cooperation
in human-centered robot navigation”. In: RO-MAN, 2010 IEEE. IEEE. 2010,
pp. 192–197.

[262] B. Leichtmann and V. Nitsch. “How much distance do humans keep toward
robots? Literature review, meta-analysis, and theoretical considerations on
personal space in human-robot interaction”. In: Journal of environmental
Psychology 68 (2020), p. 101386.

[263] T. Kruse, A. Kirsch, H. Khambhaita, and R. Alami. “Evaluating directional cost
models in navigation”. In: Proceedings of the 2014 ACM/IEEE international
conference on Human-robot interaction. ACM. 2014, pp. 350–357.

[264] F. Lindner. “How to Count Multiple Personal-Space Intrusions in Social Robot
Navigation”. In: Robophilosophy 2016. IOS Press. 2016.

[265] C. Lichtenthäler and A. Kirsch. “Goal-predictability vs. trajectory-predictability:
which legibility factor counts”. In: Proceedings of the 2014 acm/ieee
international conference on human-robot interaction. ACM. 2014, pp. 228–229.

[266] R. Mead and M. J. Mataric. “Robots Have Needs Too: People Adapt Their
Proxemic Preferences to Improve Autonomous Robot Recognition of Human
Social Signals”. In: New Frontiers in Human-Robot Interaction (2015), p. 100.



6

126 BIBLIOGRAPHY

[267] T. Q. Trinh, C. Schroeter, J. Kessler, and H.-M. Gross. ““Go ahead, please”:
recognition and resolution of conflict situations in narrow passages for polite
mobile robot navigation”. In: International Conference on Social Robotics.
Springer. 2015, pp. 643–653.

[268] M. Jung and P. Hinds. Robots in the wild: A time for more robust theories of
human-robot interaction. 2018.

[269] K. Fischer, S. Yang, B. Mok, R. Maheshwari, D. Sirkin, and W. Ju. “Initiating
interactions and negotiating approach: a robotic trash can in the field”.
In: AAAI Symposium on Turn-taking and Coordination in Human-Machine
Interaction. AAAI Press. 2015, pp. 10–16.

[270] H. Hüttenrauch, K. Severinson Eklundh, A. Green, and E. A. Topp.
“Investigating spatial relationships in human-robot interaction”. In: Intelligent
Robots and Systems, 2006 IEEE/RSJ International Conference on. IEEE. 2006,
pp. 5052–5059.

[271] H. Kidokoro, T. Kanda, D. Bršcic, and M. Shiomi. “Will I bother here? - A
robot anticipating its influence on pedestrian walking comfort”. In: 2013 8th
ACM/IEEE International Conference on Human-Robot Interaction (HRI). 2013,
pp. 259–266. DOI: 10.1109/HRI.2013.6483597.

[272] S. van Mierlo. “Field observations of reactions of incidentally copresent
pedestrians to a seemingly autonomous sidewalk delivery vehicle: An
exploratory study”. MA thesis. the Netherlands: University of Utrecht, 2021.

[273] A. M. Abrams, L. Platte, and A. Rosenthal-von der Pütten. “Field observation:
interactions between pedestrians and a delivery robot”. In: (2020).

[274] P. Desmet. “Measuring emotion: Development and application of an
instrument to measure emotional responses to products”. In: Funology.
Springer, 2003, pp. 111–123.

[275] P. A. Andersen, L. K. Guerrero, D. B. Buller, and P. F. Jorgensen. “An empirical
comparison of three theories of nonverbal immediacy exchange”. In: Human
Communication Research 24.4 (1998), pp. 501–535.

[276] L. A. Hayduk. “Personal space: Where we now stand.” In: Psychological
bulletin 94.2 (1983), p. 293.

[277] M. Argyle and J. Dean. “Eye-contact, distance and affiliation”. In: Sociometry
(1965), pp. 289–304.

[278] R. Mead and M. J. Matarić. “Autonomous human–robot proxemics: socially
aware navigation based on interaction potential”. In: Autonomous Robots 41.5
(2017), pp. 1189–1201.

[279] D. C. May, K. J. Holler, C. L. Bethel, L. Strawderman, D. W. Carruth, and
J. M. Usher. “Survey of factors for the prediction of human comfort with a
non-anthropomorphic robot in public spaces”. In: International Journal of
Social Robotics 9 (2017), pp. 165–180.

https://doi.org/10.1109/HRI.2013.6483597


BIBLIOGRAPHY

6

127

[280] H. Khambhaita and R. Alami. “Viewing robot navigation in human
environment as a cooperative activity”. In: Robotics Research: The 18th
International Symposium ISRR. Springer. 2020, pp. 285–300.

[281] A. Vinciarelli, M. Pantic, and H. Bourlard. “Social Signal Processing:
Survey of an Emerging Domain”. In: Image and vision computing 27.12
(2009). 10.1016/j.imavis.2008.11.007, pp. 1743–1759. ISSN: 0262-8856. DOI:
10.1016/j.imavis.2008.11.007.

[282] S. Saunderson and G. Nejat. “How robots influence humans: A survey
of nonverbal communication in social human–robot interaction”. In:
International Journal of Social Robotics 11 (2019), pp. 575–608.

[283] M. Bretan, G. Hoffman, and G. Weinberg. “Emotionally expressive dynamic
physical behaviors in robots”. In: International Journal of Human-Computer
Studies 78 (2015), pp. 1–16.

[284] N. Pérez-Higueras, R. Otero, F. Caballero, and L. Merino. “HuNavSim: A
ROS 2 Human Navigation Simulator for Benchmarking Human-Aware Robot
Navigation”. In: arXiv preprint arXiv:2305.01303 (2023).

[285] J. Vroon. “Responsive social positioning behaviour: for semi-autonomous
telepresence robots”. English. FP7-ICT-611153. PhD thesis. Netherlands:
University of Twente, Sept. 2018. ISBN: 978-90-365-4619-5. DOI: 10.3990/1.
9789036546195.

[286] I. Kastanis and M. Slater. “Reinforcement Learning Utilizes Proxemics:
An Avatar Learns to Manipulate the Position of People in Immersive
Virtual Reality”. In: ACM Trans. Appl. Percept. 9.1 (Mar. 2012), 3:1–
3:15. ISSN: 1544-3558. DOI: 10.1145/2134203.2134206. URL: http:
//doi.acm.org/10.1145/2134203.2134206.

[287] M. F. Jung. “Affective Grounding in Human-Robot Interaction”. In: Proceedings
of the 2017 ACM/IEEE International Conference on Human-Robot Interaction.
ACM. 2017, pp. 263–273.

[288] J. Vroon, G. Englebienne, and V. Evers. “Detecting perceived appropriateness
of a robot’s social positioning behavior from non-verbal cues”. In: 2019
IEEE First International Conference on Cognitive Machine Intelligence (CogMI).
IEEE. 2019, pp. 216–225.

[289] C. Mavrogiannis, P. Alves-Oliveira, W. Thomason, and R. A. Knepper. “Social
momentum: Design and evaluation of a framework for socially competent
robot navigation”. In: ACM Transactions on Human-Robot Interaction (THRI)
11.2 (2022), pp. 1–37.

[290] M. Kyrarini, F. Lygerakis, A. Rajavenkatanarayanan, C. Sevastopoulos, H. R.
Nambiappan, K. K. Chaitanya, A. R. Babu, J. Mathew, and F. Makedon. “A
survey of robots in healthcare”. In: Technologies 9.1 (2021), p. 8.

[291] C. Mavrogiannis, F. Baldini, A. Wang, D. Zhao, P. Trautman, A. Steinfeld,
and J. Oh. “Core challenges of social robot navigation: A survey”. In: ACM
Transactions on Human-Robot Interaction 12.3 (2023), pp. 1–39.

https://doi.org/10.1016/j.imavis.2008.11.007
https://doi.org/10.3990/1.9789036546195
https://doi.org/10.3990/1.9789036546195
https://doi.org/10.1145/2134203.2134206
http://doi.acm.org/10.1145/2134203.2134206
http://doi.acm.org/10.1145/2134203.2134206


6

128 BIBLIOGRAPHY

[292] A. H. While, S. Marvin, and M. Kovacic. “Urban robotic experimentation: San
Francisco, Tokyo and Dubai”. In: Urban Studies 58.4 (2021), pp. 769–786.

[293] C. Johnson and B. Kuipers. “Socially-aware navigation using topological maps
and social norm learning”. In: Proceedings of the 2018 AAAI/ACM Conference
on AI, Ethics, and Society. 2018, pp. 151–157.

[294] J. Ye, X. Li, X. Zhang, Q. Zhang, and W. Chen. “Deep learning-based
human activity real-time recognition for pedestrian navigation”. In: Sensors
(Switzerland) 20.9 (2020), pp. 1–30. ISSN: 14248220. DOI: 10.3390/s20092574.

[295] Y. Ma, H. M. Paterson, and F. E. Pollick. “A motion capture library for the
study of identity, gender, and emotion perception from biological motion”.
In: Behavior research methods 38.1 (2006), pp. 134–141.

[296] A. Rasouli, I. Kotseruba, T. Kunic, and J. K. Tsotsos. “Pie: A large-scale dataset
and models for pedestrian intention estimation and trajectory prediction”.
In: Proceedings of the IEEE/CVF International Conference on Computer Vision.
2019, pp. 6262–6271.

[297] V. Narayanan, B. M. Manoghar, R. P. RV, and A. Bera. “EWareNet: Emotion
Aware Human Intent Prediction and Adaptive Spatial Profile Fusion for Social
Robot Navigation”. In: arXiv preprint arXiv:2011.09438 (2020).

[298] E. Senft, S. Satake, and T. Kanda. “Would You Mind Me if I Pass by You?
Socially-Appropriate Behaviour for an Omni-based Social Robot in Narrow
Environment”. In: 2020, pp. 539–547.

[299] Z. Chen, T. Fan, X. Zhao, J. Liang, C. Shen, H. Chen, D. Manocha, J. Pan,
and W. Zhang. “Autonomous social distancing in urban environments using a
quadruped robot”. In: IEEE Access 9 (2021), pp. 8392–8403.

[300] P. T. Singamaneni, P. Bachiller-Burgos, L. J. Manso, A. Garrell, A. Sanfeliu,
A. Spalanzani, and R. Alami. “A survey on socially aware robot navigation:
Taxonomy and future challenges”. In: The International Journal of Robotics
Research (2024), p. 02783649241230562.

[301] G. Panahandeh, N. Mohammadiha, A. Leijon, and P. Händel. “Continuous
hidden Markov model for pedestrian activity classification and gait analysis”.
In: IEEE Transactions on Instrumentation and Measurement 62.5 (2013),
pp. 1073–1083.
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