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Abstract

Introduction: Autonomous mobile robots are rapidly emerging in the workplace, which
potentially creates new hazards for human workers that interact with them.

Purpose: We aimed to systematically review previous research on human-robot interaction with
autonomous mobile robots that apply to industrial environments, and to identify research needs to
improve worker safety and trust.

Methods: We completed a systematic review following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) methodology. We focused on articles
that contained experiments with human participants and that included findings associated
with improving safety and/or trust of workers who interact with mobile robots in industrial
environments. We identified 50 articles that fit inclusion/exclusion criteria for the review.

Results: Almost all of the reported experiments were conducted in a controlled laboratory
setting. There were 27 different types of autonomous mobile robots. Only two studies involved
industrial mobile robots that were commercially available and could be implemented in an
industrial environment. Most studies used questionnaires, with the most common topic relating

to participant perceptions of various robot traits, while few directly evaluated perceived safety and
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Occupational Applications: Autonomous mobile robots are used in manufacturing and warehousing industries, to transport material
across the facility and deliver parts to work cells. Human workers might encounter or interact with these robots in aisle ways or at their
workstation. It is important to consider factors that impact worker safety and trust when implementing autonomous mobile robots in
the workplace. This paper reviews prior research that aims to improve the safety of human-robot interaction with autonomous mobile
robots and identifies needs for future research. Researchers used a variety of questionnaires and behavioral assessment methods to
measure perceived safety. Factors such as robot appearance, approach speed, and approach direction, significantly affect perceived
safety. Additionally, projection of signals on the floor, turn signals, and haptic communication devices, can improve the predictability
and overall safety of robot navigation.
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trust using questionnaires. Behavioral and physiological assessment methods were used in 70 and
8% of the studies, respectively. Separation distance between the participant and robot was the most
common behavioral assessment method. A variety of robot characteristics were found to have a
significant effect on human perception of safety and other similar concepts.

Conclusions: Future research requires rigorous reporting of participant demographics and
experience level with robots. We found that 34 and 44% of references failed to report the mean age
of their participant sample and their experience with robots, respectively. Among several gaps that
we identified in the literature were a lack of field experiments, sparse research involving multiple
mobile robots, and limited use of industrial mobile robots in experiments with human participants.

Keywords
Human-robot interaction; autonomous mobile robot; safety; trust

1. Introduction

1.1. Motivation

Recent advancements in mobile robotics have led to a rise of their implementation

in industrial environments, especially in manufacturing and warehousing industries.

Factors driving this growth include the potential to perform tasks that are endangering

or monotonous to human workers, and to possibly perform such tasks in a more

efficient manner. However, the implementation of mobile robots in industrial environments
introduces new hazards and risks for worker injury. Safety is a key concept in the
development of mobile robots and their implementation in industrial environments. Human-
robot interaction (HRI) is an extensive and rapidly expanding field in robotics research
(Liang & Cheng, 2023; Sheridan, 2016), and the concept of safety has been widely
investigated in HRI research (Lasota et al., 2017; Markis et al., 2019; Vasic & Billard,
2013). Lasota et al. (2017) defined two forms of safety: physical and psychological. Physical
safety refers to the prevention of unintentional contact between a human and robot that can
cause physical discomfort or injury. Psychological safety involves the prevention of stressful
interactions that might cause indirect psychological discomfort or harm. In this review paper,
we survey the literature relating to studies and experiments that have investigated factors that
affect safety and trust in HRI between humans and mobile robots that apply to industrial
environments.

1.2. Mobile Robots and Their Applications

An industrial mobile robot is a mobile platform capable of navigating through an industrial
environment to reach a specified location (American National Standards Institute/Robotic
Industries Association, 2020). The mobile platform can either be an automatic guided
vehicle (AGV), which traverses the environment along a predefined path, or an autonomous
mobile robot (AMR), which relies on obstacle and collision avoidance technology to
compute an obstacle-free path from one location to another. Therefore, AMRs are

more advantageous in warehousing and manufacturing industries that require frequent
restructuring of the facility, handling and transporting heavy components, and interacting
with human workers (Angerer et al., 2012).

1ISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.
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Service robots, also known as social robots, are another category of AMR that interact and
assist people in public spaces. These robots interact with humans in a socially acceptable
fashion and convey intentions in a human-perceptible way, often including the use of
human emotions (Breazeal, 2003). A service robot performs useful tasks for humans or
equipment, excluding industrial automation applications and requires a degree of autonomy
(International Organization for Standardization, 2021). Similar HRI safety concepts are
applied to service robots, since they navigate through public environments autonomously
and interact with people using similar methodologies as industrial mobile robots.

Industrial AMRs are versatile and perform various applications (Schneier et al., 2015;
Unger et al., 2018). For this paper, we focus on applications relating to manufacturing

and warehousing environments, because industrial AMRs are most commonly employed
these industries. Industrial AMRSs assist with material transport and delivery from receiving
locations to storage or lineside operations. These AMRs transfer material between work
cells and deliver products to storage shelves or shipping stations. In distribution and
fulfillment applications, AMRs assist with picking tasks. To improve order efficiency,
workers pick and place items directly onto AMRs, which then transport the items to another
location. Each of these applications requires HRI. Human workers encounter path crossing
situations as they navigate down the same aisleway as an AMR. They encounter different
robot approach scenarios as AMRs approach workers that operate in a designated work
cell. It is necessary for workers to physically interact with AMRSs as they retrieve or place
material directly onto the robot.

1.3. Mobile Robot Navigation

Safe and efficient navigation is a fundamental problem for AMRs, which researchers have
tried continually to solve for the past two decades (Pandey et al., 2017), and there are several
papers that present recent advancements in mobile robot navigation and obstacle avoidance
(e.g., Fauadi et al., 2018; Pandey et al., 2017; Tzafestas, 2018). The aim of navigation is

to search for an optimal path between two waypoints while maintaining obstacle avoidance.
Autonomous mobile robots utilize sensor-based measurements for navigation and obstacle
avoidance including vision-based sensors, infrared sensors, sonar sensors, position sensing
device sensors, laser range finders, inertial sensors, and bar codes.

Navigation methods for AMRs need to consider constraints of human comfort and social
rules. Human-aware navigation is a combination of research involving HRI and robot motion
planning (Kruse et al., 2013). This navigation technique is mostly related to AMRs that

are designed to interact with humans in a public environment, like tour guide robots that

are deployed in museums. Kruse et al. (2013) reviewed various approaches to human-aware
navigation and offered a general classification scheme for the presented methods. In addition
to obstacle avoidance techniques, the major human-aware navigation capabilities that an
AMR could exhibit, based on previous research, include respecting personal zones and
affordance spaces, avoiding culturally inappropriate behaviors, avoiding erratic motions or
noises that cause distraction, reducing velocity when approaching a person, approaching
from the front for explicit interaction, and modulating gaze direction. Currently, there

is no standard for AMRs to include human-aware navigation techniques. However, such
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techniques could be beneficial, since workers interact with AMRs and operate alongside of
them in industrial environments.

It is crucial for an AMR to reveal information about its current state and movement
intentions to achieve effective collaboration with human workers, trust in the robot,

and more engaging human-robot social interactions. Unlike AGVs, which follow guided
pathways, the route of an AMR is less restricted. Workers encounter and cross paths
with AMRs in industrial environments as they travel down aisles or between shelves.
Workers must comprehend an AMR’s movement intention to safely avoid the robot’s
path and prevent a collision. Communication in HRI relies on different sense channels,
including hearing (sounds and speech), sight (light and gestures), and touch (Bonarini,
2020). Industrial mobile robots utilize each of these channels for communicating with
human workers. This paper reviews past research on the effectiveness of different methods
in conveying navigation intention.

1.4. Perceived Safety Assessment Methods in HRI Research

Not only is it necessary for robots to operate safely in the same environment as a

worker, but it is also critical that workers perceive them as safe. In the context of HRI,
“perceived safety” refers to the user’s perception of danger when interacting with a robot,
and the user’s level of comfort during this interaction (Bartneck et al., 2009). A lack

of perceived safety can affect the acceptance of robots in the workplace and can have
negative effects on a worker’s mental health. In HRI research, perceived safety hasn’t
always been directly measured. Rubagotti et al. (2022) describes concepts related to
perceived safety — including trust, comfort, fear, anxiety, and surprise — and identified
four categories of assessment methods in physical HRI experiments: questionnaires,
physiological measurements, behavioral assessment, and direct input devices.

Questionnaires are a common assessment method. Experimenters can ask participants to
fill out pre- and post-interaction surveys that ask them to rate their perception on various
items. Two standardized questionnaires that are commonly used in HRI research include: 1)
the Godspeed Series Questionnaire (Bartneck et al., 2009), which evaluates the perception
of a robotic system using scales of anthropomorphism, perceived intelligence, likability,
animacy, and perceived safety; and (2) the Negative Attitude toward Robots Scale (Nomura
et al., 2014), which assesses negative attitude towards interactions with robots, social
influence of robots, and emotions in interaction with robots. Additionally, researchers have
developed their own questionnaires to assess various factors during HRI.

Physiological or psychophysiological measures focus on the body’s response to HRI. Bethel
et al. (2007) identified papers that used psychophysiological measures in HRI studies. Some
common measures include eye gaze patterns, heart rate, skin temperature, muscle activity,
and respiration rate. When combined with subjective questionnaires, physiological measures
are a valuable tool in assessing perceived safety during HRI.

Assessing human behavior is another common technique for measuring perceived safety.
This method relies on video recordings or motion capture technology to track participant
movement. Separation distance is a behavioral measure that relates to the concept of

IISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.
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proxemics. Hall (1966) first introduced the concept of human-human proxemics, which
refers to how people position themselves with respect to others. Human-robot proxemics and
human-robot spatial interaction are common terms for personal space in HRI. The distance
a person keeps between themselves and a robot during HRI is related to their perception of
comfort and safety. Similar to physiological measures, behavioral measures, when combined
with questionnaires, can enhance the quality of perceived safety assessment.

Lastly, direct input devices allow for direct feedback of a participant’s subjective response
during an experiment in real-time, compared to questionnaires that are administered pre- or
post-interaction. One example is the work of Koay et al. (2006) that evaluated the use of

a handheld comfort device, which had a slider control to receive users’ feedback and that
could be used to determine the comfort level of an approaching robot.

Prior review papers have summarized methods of measuring perceived safety in HRI
research. Rubagotti et al. (2022) summarized various terms researchers have used to
express the presence or absence of perceived safety. Bartneck et al. (2009) reviewed how
past researchers have measured perceived safety and summarized methods of measuring
anthropomorphism, animacy, likability, and the perceived intelligence of robots. Bethel
et al. (2007) identified papers that used psychophysiological measures in HRI studies.
Chapter 5 of Lasota et al. (2017) summarized HRI studies that used techniques for
measuring psychological safety, including questionnaires, psychological metrics, and
behavioral metrics. Additionally, they discuss how robot behaviors, such as robot features
(e.g., operating speeds, separation distances, and size) and social considerations (e.qg.,
personality traits, culture, and demographic factors), affect psychological safety factors

in HRI experiments. Leichtmann and Nitsch (2020) conducted a literature review and
meta-analysis on factors that affect interpersonal distances, or proxemics, in HRI studies.
They concluded that most studies lacked a theoretical foundation and had methodological
weaknesses.

These review papers provide valuable information that is relevant to improving safety in
HRI. The current paper differs from these earlier reports, though, by focusing on factors
that affect safety in HRI specifically with AMRs that are relevant to industrial environments.
While Rubagotti et al. (2022) covered various types of autonomous systems, they only
address 12 papers that investigated HRI with indoor mobile robots, and their primary
objective was to assess methods for evaluating perceived safety. Some earlier papers
provided a broad overview of assessment methods for either a broad category of robots
(Bethel et al., 2007; Lasota et al., 2017) or focused on service robots that apply to public
settings or personal care (Bartneck et al., 2009). Lastly, Leichtmann and Nitsch (2020)
provided an overview of HRI research with AMRSs that have either a mechanic or humanoid
appearance, however their paper was limited to only assessing proxemic distances during
HRI. Thus, there is a need for a contemporary literature review of research involving HRI
with AMRs that apply to industrial environments.

1.5. Study Objectives

The objective of this paper is to systematically review previous research that investigates
safety and/or trust during HRI with AMRs that apply to industrial environments. We

IISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.
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specifically focus on studies that included the application of an experiment design in which
there was a physical HRI with an AMR and the experiment task was similar to tasks

that workers perform in industrial environments. In this context, we address the following
research questions:

1. What are the most commonly used AMRs in HRI experiments?

2. What assessment methods are employed for measuring perceived safety and
trust?

3. What experimental conditions or types of independent variables have researchers

investigated in their HRI experiments?

4, What areas of research are needed to improve safety of HRI with AMRs that
apply to industrial environments?

2. Methods

2.1. Search Strategy

This review follows the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) methodology, which is a highly cited set of guidelines that aim to establish
a checklist of essential items to report in systematic reviews and meta-analyses (Page et

al., 2021). We obtained a list of articles on the topic of HRI with AMRSs using literature
search engines such as Scopus and ScienceDirect. We searched all articles published prior
to August 2022 with no earlier date limit. Search keywords used to identify relevant studies
included (*safe*’ or ‘trust*’ or ‘experiment*’ or ‘study’ or ‘participant’ or ‘autonomous*’)
and (“‘mobile robot*” or “moving robot*”) and (‘human robot interaction’ or (“human robot
collaboration’ or ‘robot human communication’). We selected any peer-reviewed journal
articles or conference proceedings that included the search keywords in the document title,
abstract, or author’s list of keywords. The literature search had no language restrictions. In
addition, we scanned article reference sections and selected other relevant articles to include
in the screening process.

2.2. Inclusion and Exclusion Criteria

Figure 1 displays the literature search and article selection process. The initial literature
search identified 937 articles after discarding duplicates. The article abstracts were imported
into a web-based tool (www.covidence.org) for the screening process. Titles and abstracts
of the articles obtained in the initial search were screened using the following criteria:

1) research study relating to safety and/or trust in humans interacting with an AMR; 2)

the article focused primarily on HRI with an AMR; and 3) the results of the paper could

be associated with improving safety of workers that interact with AMRs in an industrial
environment, such as manufacturing and warehousing facilities. Exclusion criteria for the
initial search phase included: 1) papers that focus primarily on technological developments
(e.g., sensors, motors, vision, and improved navigation techniques); 2) research involving
drones or biped robots; and 3) papers that do not include a physical HRI experiment with
human participants. In the title and abstract screening phase, we determined 799 articles
were irrelevant for our objectives.

IISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.
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A total of 138 articles were included in the full-text review phase. These were selected

for inclusion in our literature review if they fit the following criteria: 1) real-world or
laboratory experiments (either involving an actual robot or a virtual reality setup), with
interaction between an AMR and one or more human participants; 2) the HRI experiment
task was similar to common scenarios in industrial environments wherein workers interact
with AMRs (e.g., AMR approaching a work cell and an AMR crossing paths with a worker
while navigating down an aisleway); 3) the robot motion was autonomously determined by
a motion planning algorithm, or “Wizard of Oz” control (e.g., someone was controlling the
robot’s movements, but it was moving as if it were autonomous); and 4) the findings were
related to improving the safety of workers when interacting with an AMR in an industrial
environment. Our initial inclusion criteria required HRI research involving an industrial
AMR. However, we found only two references that fit this criterion. Therefore, we expanded
the search to include other types of AMRs as long as the HRI task applied to industrial
environments.

A total of 88 papers were excluded after the full-text review phase (Figure 1). The most
common reason for exclusion was that the paper focused primarily on technological
developments. While improvements in AMR technology and navigation models are
important for improving safety of HRI, we decided to exclude them because it is already a
thoroughly reviewed topic (Fauadi et al., 2018; Pandey et al., 2017; Tzafestas, 2018). We
excluded 27 papers because their HRI experiment tasks were not related to common HRI
scenarios that occur in industrial environments, thus they were outside the scope of our
review. Several of the HRI experiments in these papers involved controlling or teleoperating
an AMR using speech or gestures (Chinthaka et al., 2018; Green et al., 2008; Jevtic et

al., 2015; Villani et al., 2017; Villani et al., 2018), haptic devices (Che, Culbertson, et al.,
2018), or a remote controller (Chiou et al., 2016; Cosgun et al., 2013). Others involved
experimental tasks that were not relevant to industrial environments and applied mainly

to domestic (Chanseau et al., 2016; Huettenrauch et al., 2006; Mumm & Mutlu, 2011;
Walters et al., 2005) or social environments (Brock et al., 2010; Hoggenmueller et al., 2020;
Pourmehr et al., 2016; Walters et al., 2008; Zhang et al., 2022). We excluded 18 papers
because they did not include an experiment that involved physical HRI between a human
and AMR. Lastly, we excluded 11 papers that did not investigate an AMR (i.e., the robot
was either a biped robot or industrial robot manipulator) and one paper where the robot’s
motion was not autonomous.

2.3. Data Extraction

A total of 50 articles met the review criteria after the full-text review and were included

in our analysis. These articles were analyzed and coded according to the PRISMA
methodology for a systematic literature review. Extracted data included general information,
such as the author’s name, year of publication, study objective, total number of participants,
mean age, and the participant sample population (e.g., students, public, workers, etc.).

We also extracted information about the experimental task, the type of AMR used in the
experiment, and the independent and dependent variables used to evaluate safety and human
behavior. The Appendix includes a complete list of the reviewed studies and their details
(see Online Supplemental Material).

IISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.
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3. Results

The number of research studies involving AMRs has grown rapidly over the past decade.
The range of publication years for the 50 journal articles is 2006—-2022, with 84% (N

= 42) being published between 2012-2022. The mean (SD) sample size was 47.8 (44.6)
participants. Thirty-two of the 50 papers reported the mean age of the sample population.
The mean (SD) age of participants across these references was 29.7 (10.9) years. Forty-two
of the 50 references reported gender distribution. The mean (SD) female:male gender

ratio of these references was 0.9 (0.5). Berx et al. (2021) was the only reference to

conduct a field study with experienced workers. The majority of studies reported that

they recruited participants from the general public or from a University population. Only
27 studies explicitly asked participants about their experience with robots. Table Al in

the Appendix displays a list of the 50 references with details about the experiment task,
number of participants, sample population, and the assessment methods. Table A2 provides
a description of the different types of AMRs used in the HRI experiments.

3.1. Mobile Robots Used in HRI Experiments That Apply to Industrial Environments

There were 27 different types of AMR base models. Four studies didn’t specify the model
type. Eighteen AMRs were developed for research environments or in a research laboratory.
The Pioneer 3-DX (Omron Adept Mobile Robots) was the most common, with seven studies
using it in their experiments (Chen et al., 2018; Coovert et al., 2014; Rossi et al., 2017;
Shiomi et al., 2014; Shrestha et al., 2016; Shrestha et al., 2018; Thomas & Vaughan, 2019).
The Pioneer 3-DX is a lightweight, 2-wheel mobile robot, with an approximate height and
diameter of 215 mm and 380 mm, which was developed for research and instructional
purposes. Two AMRs were industrial AMRs, including the MiR 200 (Mobile Industrial
Robots) and the Rob@Work (Fraunhofer Institute for Manufacturing Engineering and
Automation), which were designed for industrial applications (Alves et al., 2022; Unhelkar
et al., 2014). Seven were social robots designed for HRI in social environments, including
the PeopleBot from Adept Mobile Robots. The PeopleBot has a Pioneer 3-DX mobile base
and a chest-height extension to allow for HRI via optional attachments such as a touchscreen
monitor.

Regarding AMR appearance, eight studies used AMRs that were humanoids, or designed to
appear humanlike (Joosse et al., 2021; Koay et al., 2007; May et al., 2015; Mead & Mataric,
2015; Mead & Matari¢, 2016; Neggers et al., 2018; Neggers et al., 2022). In other words,
they contained human features, such as a head, arms, or torso. Eight studies used AMRs that
were short mobile bases less than 1000 mm in height (Alves et al., 2022; Che et al., 2020;
Che, Sun, et al., 2018; Chen et al., 2022; Jost et al., 2021; Neggers et al., 2022; Thomas

& Vaughan, 2019; Unhelkar et al., 2014), while most of the AMRs were tall mobile bases
that were greater than 2000 mm in height. Three studies used mobile manipulators (Brandl
et al., 2016; Fischer et al., 2016; Takayama & Pantofaru, 2009) and three used autonomous
forklifts (Bunz et al., 2016; Chadalavada et al., 2015; Chadalavada et al., 2020).

IISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.
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3.2. Subjective Assessment Methods Using Questionnaires

Questionnaires were used in 76% (N = 38) of the studies, and researchers used a variety of
specific questionnaires assessment methods (Figure 2). The most common questionnaire
topic related to participant perception of various robot traits, which includes ratings

about the robot’s physical appearance and personality attributes. Some researchers used
standardized questionnaires about robot traits, including the Godspeed Questionnaires Series
(Joosse et al., 2021; Jost et al., 2021; Mead & Matari¢, 2016), the Big Five Domain Scale for
personality traits (Koay et al., 2007; Syrdal et al., 2006; Takayama & Pantofaru, 2009), the
Networked Minds Social Presence Inventory scale (Fiore et al., 2013; Warta et al., 2018), the
Robot Attributes Scale (Suvei et al., 2018), and the Circular Mood Scale (Fiore et al., 2013).
The most common traits that researchers assessed were intelligence and likability. These
traits are included in the Godspeed Questionnaire Series, yet some researchers assessed them
independently (Coovert et al., 2014; Fischer et al., 2016; Lo et al., 2019; Mavrogiannis et
al., 2019; Siino et al., 2008). Other common traits include reliability (Batista et al., 2020;
Chadalavada et al., 2015; Lo et al., 2019), cooperativeness (Fischer et al., 2016; Lo et al.,
2019; Wiltshire et al., 2015), and naturalness (Shrestha et al., 2016; Shrestha et al., 2018;
Wiltshire et al., 2015).

Sixteen references assessed participant comfort after an interaction with an AMR. Comfort
level was often evaluated in HRI experiments where an AMR approached a participant.
After the interaction, participants rated their comfort level on either a 5-point (Dautenhahn
et al., 2006; Pacchierotti et al., 2006; Shomin et al., 2015; Syrdal et al., 2006; Walters et al.,
2007), 7-point (Batista et al., 2020; Fernandez et al., 2018; Mead & Matari¢, 2016; Neggers
et al., 2018; Neggers et al., 2022; Unhelkar et al., 2014; Wiltshire et al., 2015), 8-point (Lo
etal., 2019), or 9-point (Shrestha et al., 2016; Shrestha et al., 2018; Suvei et al., 2018) Likert
scale.

Twelve references utilized questionnaires relating to perception of the AMR’s movement
intention. Several researchers assessed the predictability (Chadalavada et al., 2015; Lo et
al., 2019; Mavrogiannis et al., 2019; Shrestha et al., 2016; Wiltshire et al., 2015), legibility
(Alves et al., 2022; Chadalavada et al., 2020; May et al., 2015; Shrestha et al., 2018),

and transparency (Chadalavada et al., 2015) of an AMR’s movement during various path
crossing scenarios, where a participant and AMR were moving around in the same vicinity
as one another. A few researchers assessed the ability of an AMR to communicate its
movement intention (Fernandez et al., 2018; Matsumaru, 2006) and participant’s confidence
level in regard to the AMR’s movement intention (Dautenhahn et al., 2006).

Ten references assessed perception of safety using questionnaires. Researchers either asked
participants to rate their perception of safety or the safety of the robot’s behavior after an
interaction with an AMR, using either 5-point (Chen et al., 2022; Mavrogiannis et al., 2019;
Shomin et al., 2015), 7-point (Unhelkar et al., 2014; Wiltshire et al., 2015), or 8-point (Lo et
al., 2019) Likert scales. Takayama and Pantofaru (2009) assessed perceived safety, yet they
did not describe in detail how they measured it.

Researchers used various pre-experiment questionnaires to assess participant attributes or
predispositions toward robots. These questionnaires include the Negative Attitude Toward

IISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.
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Robot scale (Joosse et al., 2021; Jost et al., 2021; MacArthur et al., 2017; Takayama &
Pantofaru, 2009), the Cognitive Differences Scale (Fernandez et al., 2018; Hart et al., 2020),
pet ownership (Takayama & Pantofaru, 2009), and technology adoption (Mead & Mataric,
2016).

Seven references evaluated participant trust in the AMR after the experimental interaction.
A few researchers used validated methods, such as the Human Trust in Automation
Questionnaire (Alves et al., 2022; MacArthur et al., 2017) and the Social Credibility Scale
(Joosse et al., 2021). Others asked participants to rate their level of trust using 5-point (Chen
et al., 2022; Mavrogiannis et al., 2019), 7-point (Che et al., 2020), and 8-point (Lo et al.,
2019) Likert scales.

Some researchers evaluated User Experience after participant interaction with an AMR.
Jost et al. (2021) utilized the User Experience Questionnaire developed by Laugwitz et

al. (2008). In May et al. (2015), questionnaires were used for participants to rate their
preference between different AMR movement signaling methods after a path crossing
experiment scenario with an AMR. Likewise, in Dautenhahn et al. (2006), participants rated
their preference in which direction an AMR approaches them. Similarly, post-interaction
questionnaires have been used to gather general perceptions of an AMR (Berx et al., 2021;
Shiomi et al., 2014; Takayama & Pantofaru, 2009).

Lastly, questionnaires have been used to evaluate the efficiency or the performance of

an AMR after an interaction scenario, using 5-point (Batista et al., 2020; Walters et al.,
2007) and 9-point (Shrestha et al., 2016) Likert scales. Siino et al. (2008) and Wiltshire et
al. (2015) evaluated participants’ sense of control using questionnaires. Only two studied
assessed mental workload in their HRI experiments. Berx et al. (2021) employed the
Questionnaire on the Experience and Assessment of Work, and Chen et al. (2022) utilized
the NASA Task Load Index developed by Hart and Staveland (1988).

3.3. Behavioral and Physiological Assessment Methods

Figure 3 shows the different behavioral and physiological assessment methods and number
of references that included them in their HRI experiments. Behavioral and physiological
assessment methods were used in 70% (N = 35) and 8% (N = 4) of the reviewed references,
respectively. No references included direct input devices to measure participant comfort.

Separation distance between the participant and AMR was the most common behavioral
assessment method. Several references investigated the effect of AMR design and movement
characteristics on minimum acceptable separation distance (Brandl et al., 2016; Jost et al.,
2021; Koay et al., 2007; Kosinski et al., 2016; Lauckner et al., 2014; Mead & Mataric,

2015; Mead & Matari¢, 2016; Rossi et al., 2017; Suvei et al., 2018; Takayama & Pantofaru,
2009). In these studies, an AMR approached a stationary participant, and they would signal
to stop the AMR when they began to feel uncomfortable. Minimum separation distance

was measured in experiment scenarios where a participant is walking toward a goal and is
required to cross paths with an AMR (Bunz et al., 2016; Che, Sun, et al., 2018; Lichtenthéler
etal., 2013; Lo et al., 2019; Mavrogiannis et al., 2019; May et al., 2015; Shiomi et al., 2014;
Vassallo et al., 2017, 2018). In these scenarios, Bunz et al. (2016), Lo et al. (2019), and
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Mavrogiannis et al. (2019) also measured path deviation, or the lateral distance participants
deviated from their trajectory path. A few researchers measured the participant separation
distance from the AMR at the instant they start to veer off from their trajectory path as

they walk toward an approaching AMR (Chadalavada et al., 2015; Chadalavada et al., 2020;
Shrestha et al., 2016).

Multiple references measured and analyzed participant kinematic parameters in their
experiments, including walking speed (Bunz et al., 2016; Chen et al., 2018; Lichtenth&ler
etal., 2013; Lo et al., 2019; Pacchierotti et al., 2006) and acceleration (Mavrogiannis et al.,
2019). Various methods were used to calculate participant kinematics. Bunz et al. (2016)
computed mean walking speed from the AMR laser scanner, Pacchierotti et al. (2006)
estimated mean speed from video recordings, and the remaining references utilized motion
capture systems.

A few researchers evaluated parameters related to participant cooperativeness, which refers
to the participant compliancy to the AMR’s request, or if they give the right of way to the
AMR in a path-crossing scenario. For instance, Shrestha et al. (2018) evaluated cooperation
rate in response to an AMR that indicated its movement intention with a projected arrow.

In other studies, researchers evaluated if participants either crossed in front or behind an
AMR, in scenarios where they move toward a common goal or encounter one another at an
intersection point (Che et al., 2020; Thomas & Vaughan, 2019; Vassallo et al., 2017, 2018).

Five references measured the number of conflict or hesitation events that occurred between
a participant and an AMR. Hart et al. (2020) defined a conflict as an event where the
participant and AMR encounter a problem navigating around each other or they nearly
collide. In their experiment, an observer counted the number of conflicts that occurred
during the experiment trial. Fernandez et al. (2018) counted conflict events in their study,
and defined it as an event where a participant or AMR need to stop or adjust their
movement trajectory to avoid a collision. Similarly, Alves et al. (2022) and Kaiser et

al. (2019) measured the number of hesitation events in their experiment trials. Hesitation
events were defined as situations where the participant slowed down, stopped, moved to the
side, retreated, granted the robot the right to pass, visually checked the robot, moved first
but tentatively, seemed somewhat forced by the robot to pass first, passed the bottleneck
jointly with the robot, or both got stuck in the crossroad (Alves et al., 2022). In these
studies, two observers counted the number of hesitation events from video recordings.
Shrestha et al. (2018) defined a hesitation event as a change greater than 0.4 m/s in the
participant’s velocity profile after the initial acceleration in an experiment trial. Velocity
profiles were computed from participant trajectories, which were measured using a motion
capture system.

Three references analyzed trial or task time. Chen et al. (2022) investigated the effect of
AMR payload and the effect of working alongside an AMR vs. working alone, working near
another human, or working alongside a teleoperated robot, on the time it took to complete a
brick-building task. Additionally, Chen et al. (2022) was the only reference to analyze how
many errors participants committed in an experiment task. Unhelkar et al. (2014) analyzed
time in a product assembly task where an AMR brought participants pieces to assemble.
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They analyzed the time spent interacting with the AMR, the participant idle time, and how
quickly participants were able to notice the AMR approaching the workstation. Thomas
and Vaughan (2019) analyzed task completion time in their experiment, which involved
participants crossing paths with an AMR at a doorway, as they delivered paperwork to the
other side of the laboratory.

The least common behavioral assessment methods were avoidance behavior (Joosse et al.,
2021), head orientation (Shomin et al., 2015), and path length (Che et al., 2020). Joosse

et al. (2021) defined avoidance behavior as negative emotional responses to an AMR (e.g.,
gazing at the AMR, looking surprised, or behaving anxiously) or physical avoidance actions
(e.g., stepping away). Shomin et al. (2015) analyzed video data to track participant head
orientation in a task where participants worked alongside an AMR by moving blocks
between workstations. Che et al. (2020) measured participant path length, or the distance
traveled throughout an experiment trial, which is a method for measuring efficiency.

Four references included physiological assessment methods. Bunz et al. (2016) and
Chadalavada et al. (2020) utilized eye-tracking glasses to determine where participants
fixated their gaze during experimental trials. Similarly, Fischer et al. (2016) counted the
number of glances away from the robot during experimental trials from video data. They
hypothesized that people would not monitor the robot’s behavior if they felt safe during
the interaction. Chen et al. (2022) was the only study to analyze changes in pupil diameter
across experiment conditions. No other physiological parameters were measured in the
reviewed references.

3.4. Independent Variables Investigated in HRI Experiments with AMRs that apply to
industrial environments

Researchers investigated a variety of independent variables in their HRI experiments with
AMRs. Table 1 outlines the various types of independent variables and what assessment
methods were used to evaluate them.

Robot Appearance—Robot appearance, size, and movement action impact human
behavior. Neggers et al. (2022) and Warta et al. (2018) used questionnaires to investigate
the influence of robot appearance. Neggers et al. (2022) found slightly higher perceived
comfort for non-humanoid robots compared to humanoid robots. Warta et al. (2018) reported
a higher level of social presence for robots with humanlike displays than with iconic

and symbolic displays. However, Brandl et al. (2016) found no difference in minimum
separation distance between a robot that had a mechanical vs non-mechanical appearance
during an approach task. Their results showed no significant effect of robot appearance on
the accepted distance in two sub-experiments with different speed profiles. The respective
mean accepted distance for the fast and slow approach speeds were 1.02 and 0.84 m for the
non-mechanical appearance and 1.01 and 0.84 m for the mechanical appearance.

Jost et al. (2021) examined the influence of emotional expression and robot height in

an approach scenario. Robot height significantly affected the stopping distance while the
emotional expression did not. Similar results were reported by Joosse et al. (2021), where
the participants perceived the shorter Magabot robot (78 cm height) as safer than the taller
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Giraff robot (163 cm height). Koay et al. (2007) studied the robot’s action when handing
over objects to a human such as the handover height preference, and their results showed
that the preferences were distributed with mean of 78.9 cm.

Robot Speed—Robot speed is an important factor in HRI (Matsumaru, 2006; Walters et
al., 2007). People demonstrate higher trust in the robot when it approaches them at a slower
speed (MacArthur et al., 2017). Similarly, the accepted distance between the robot and the
human is related to the robot’s approach speed. In Brandl et al. (2016), faster robot speeds
led to longer mean accepted distances, and decelerated speed profiles resulted in shorter
accepted distances compared to constant speed profiles.

In path crossing situations, the robot approach speed influences human behavior and the
perceived comfort of passing distances. Chen et al. (2018) studied how an AMR affects a
group of people’s behavior in an exit corridor environment, finding that overall speed is
slowed down in the presence of the robot, and the faster the robot moves, the lower the
mean velocity becomes. In contrast, the comfortable passing distances in Lauckner et al.
(2014) did not vary between robot speeds of 0.6 and 0.8 m/s. In Rossi et al. (2017), human
subjects were asked to perform four activities (standing, walking, sitting, or lying) while
the robot approached at speeds of 0.2, 0.6, and 1 m/s. Higher robot speeds were associated
with smaller accepted distances. Robot approach scenarios with different speed and speed
profiles were investigated by Joosse et al. (2021). Robot speed did not significantly affect
human behaviors or perceived safety. However, Jost et al. (2021) found that different robot
speeds resulted in different human behaviors during a robot approach scenario. Shomin et al.
(2015) compared approach speeds of 0.3 and 0.7 m/s and found no significant difference in
perceived safety.

Approach Direction and Passing Side—Several studies explored the impact of the
robot approach direction and passing side on human perceptions and behaviors during HRI.
In a seated scenario, participants preferred the robot to approach from the side rather than
the front (Dautenhahn et al., 2006). In contrast, Koay et al. (2007) found that participants
preferred a front approach when a robot approached them to hand over an object.

Neggers et al. (2018) and Neggers et al. (2022) explored the passing side of a robot during
interactions. In Neggers et al. (2018), the effects of the passing side were not significant,
which suggests that participants were comfortable with robot passing on both the right

and left sides. However, in Neggers et al. (2022), the passing side significantly influenced
perceived comfort, with the front side being rated as the most comfortable and the back side
as the least comfortable. Walters et al. (2007) investigated robot approaching methods in a
fetch and carry task. In their experiments, participants were either seated or standing and
either against other objects (table or wall) or not. Syrdal et al. (2006) also studied robot
approach direction in a fetch and carry task. Their results showed that frontal approaches
were perceived as the least comfortable, while the front right and front left approaches were
rated as the most comfortable. On the other hand, Shomin et al. (2015) compared straight
and curved approach paths in human and robot collaborative delivery tasks. Although their
hypothesis was that participants would have higher ratings for the curved path, their results
showed that ratings did not increase much compared with the straight path.
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Unhelkar et al. (2014) examined the effect of approach angle on user comfort and awareness.
Participants reported being more comfortable when approached at 45 vs. 90 degrees. In
Kosinski et al. (2016), researchers investigated and developed a model to predict comfort
levels based on stopping distances for different approach angles. The left flank angle (45
degrees) was rated as the least comfortable, while the right flank angle (90 degrees) was
perceived as the most comfortable.

Approach and Passing Separation Distance—Researchers have investigated the
impact of robot approach or passing distance on comfort and trust (Walters et al., 2007).
MacArthur et al. (2017) found that robot proximity and speed were two significant factors
that affected trust level in an approaching robot scenario. Human-robot passing scenarios
in a corridor have been studied to determine comfortable passing distances and passing
strategies (Lauckner et al., 2014; Neggers et al., 2018; Pacchierotti et al., 2006). Neggers et
al. (2018) and Neggers et al. (2022) examined the effects of passing distance on perceived
comfort and observed that comfort increased with increasing distances. Participants reported
being least comfortable at a passing distance of 50 cm, while the highest comfort was
reported at 110 cm. Pacchierotti et al. (2006) studied different lateral distances (0.2, 0.3,
and 0.4 m) and their impact on user comfort, with 0.4 m rated as the most comfortable
distance. Overall findings indicate that the passing distance affects human comfort level,
from a minimum of 45 cm up to 80 cm.

Koay et al. (2007) investigated different factors in a robot handover task to a seated human,
including approach direction, robot distance (base and hand), and gesture. Their results
indicated that the participant’s preference for a robot handover task is from the front
direction with a mean 66.8 cm distance. Suvei et al. (2018) examined the effectiveness

of the robot social gaze cue in a personal space invasion situation (20 and 50 cm distances).
The gaze animation on the robot changed from “looking at the participant” to “looking in
front of the participant” while approaching the participant to create the social cue. Results
showed that the social cue in robot personal space invasion improves perceived safety.

Navigation Intent—Workers must be capable of understanding an AMR’s movement
intention to prevent unintended collisions. Several references investigated the effectiveness
of projecting a signal on the floor to communicate AMR movement intention. Studies have
shown when an AMR projects an arrow on the floor, the AMR’s movement intention is
rated as more intelligible (Matsumaru 2006) and legible (Shrestha et al., 2018). Additionally,
participants perceive the AMR as more likable (Coovert et al., 2014; Shrestha et al., 2018),
feel more comfortable around the AMR, and make fewer hesitated movements (Shrestha et
al., 2018)

A few articles focused on HRI interaction with an autonomous forklift that projected
movement intent. In Chadalavada et al. (2015), ratings of communication and predictability
increased by 81% and 62%, respectively, and participants veered off course significantly
further away from the AMR, when it projected its movement intention (On: 2.01 m vs Off:
1.40 m). Bunz et al. (2016) compared three types of projections, including a trajectory line,
an arrow, and a rectangular white space. Participants gazed longer at the white rectangular
projection, although projection type did not affect walking speed or deviation distance.
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Chadalavada et al. (2020) compared projections of a trajectory line, a triangular arrow, and
a blinking triangular arrow. Participants veered-off a mean of 2.72 m when any projection
was used, compared to 2.01 m when no projection was used, indicating they could plan a
safer trajectory. Eye-tracking data determined participants had focused more on the blinking
arrow projection compared to the others, yet projection type had no effect on the number of
fixations toward the robot.

Multiple researchers have evaluated the intelligibility of turn signals to convey navigation
intent. The use of a visual light turn signal has been shown to improve understanding of
AMR movement intention, increase participant comfort, and impact the distance they keep
away from the AMR (May et al., 2015; Shrestha et al., 2016). However, not all researchers
have concluded that turn signals are effective. Fernandez et al. (2018) found almost no value
in the use of an LED turn signal to convey the robot’s turning behavior. In a related study,
Hart et al. (2020) found that the participant and robot had conflicting trajectories in 50%

of the trials when the robot communicated its intent with gaze behavior, compared to 100%
conflicting trajectories when it used the LED signal.

Che, Sun, et al. (2018) proposed a wearable haptic interface device to convey a robot’s intent
to a human by modulating vibration amplitudes and patterns. The haptic communication
channel was effective and intuitive for the user. Users passed in front of the robot when

they were given the right of way and expected it to slow down, even when the robot was
moving aggressively. Conversely, when the robot did not communicate its intent, users
tended to either pass behind the robot or keep a large distance when passing in front. In

a related article (Che et al., 2020), the authors found there was increased trust and human
performance when the robot used both implicit and explicit communication methods.

Robot Noise—A limited number of references investigated the effect of robot noise during
HRI. Joosse et al. (2021) reported higher ratings on the Godspeed scale when the robot

had intentional noise, compared to incongruent noise, during an AMR approach scenario.
However, other studies have shown that supplementing a turn signal (Shrestha et al., 2016)
and a projection arrow (Shrestha et al., 2018) with an auditory alert to signal navigation
intent did not impact the AMR’s predictability, participant comfort, or proxemics. The effect
of an auditory alert alone on conveying movement intention requires further investigation.

Courtesy Cures and Proxemic Behavior—An AMR’s display of courtesy cues (e.g.,
stopping and retreating), in various navigation scenarios, impacts perceived safety. When an
AMR displays courtesy cues, researchers have shown that it is perceived as more socially
present (Fiore et al., 2013), its navigation intention is more legible, (Alves et al, 2022;
Kaiser et al., 2019), and there are significantly fewer hesitation events (Alves et al, 2022;
Kaiser et al., 2019). However, Alves et al. (2022) found no difference in self-reported trust
across various courtesy cues.

Robot navigation models or algorithms can improve human-robot proxemics. Human
avoidance methods can benefit HRI, especially in crowded situations (Lo et al., 2019;
Shiomi et al., 2014). Lo et al. (2019) found that AMR navigation avoidance behaviors
increase perceived safety, comfort, and impact human behavior. Similarly, perceived safety
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improves when an AMR navigates in a similar manner as a human, compared to traditional
obstacle avoidance methods, in path crossing scenarios (Shiomi et al., 2014). Likewise,
Mavrogiannis et al. (2019) investigated three robot navigation strategies performed in a
crowded environment. Based on the human-robot proxemics, the autonomous navigation
strategy was more acceptable to participants, however there were no differences in perceived
safety or trust across navigation strategies.

Crossing situations at a doorway are critical in AMR navigation due to limited space and

a short response period. Thomas and Vaughan (2019) examined a new AMR navigation
strategy in which it would speed-up or stop, depending on the participant’s proximity to
the doorway, and found that this strategy increased the participant’s respect for the robot’s
right-of-way. Other research indicates that manipulating an AMR’s navigation strategy can
improve human-robot proxemics, based on the perception of who has the right-of-way at an
intersection (Vassallo et al., 2017; Vassallo et al., 2018). Crossing situations while walking
down a hallway or aisleway are also critical to worker safety. Perceived safety (Wiltshire
et al., 2015), comfort (Wiltshire et al., 2015), cooperativeness (Wiltshire et al., 2015), and
AMR social presence (Warta et al., 2018) improve when the AMR utilizes an assertive
navigation stategy, compared to a passive one. Ratings of cooperativeness and intelligence
also increase when an AMR directs its gaze at the participant, during a hallway interaction
scenario (Fischer et al., 2016).

AMR Presence—Several studies investigated how the presence of an AMR impacts

the perception of safety and other various factors during an experiment task. Berx et

al. (2021) found that working with or without an AMR during a “picking task” had no
impact on psychosocial workload. Chen et al. (2022) investigated the influence of AMRSs on
human coworkers’ safety perception and efficiency in two experiments where participants
performed an assembly task in a simulated grocery store environment. Working alongside
an AMR increased task time and mental workload scores compared to working alone or
alongside a human. Unhelkar et al. (2014) compared the efficiency and perceived safety

of working with a human assistant to a mobile robot assistant in a product assembly

task. Interaction and idle times were significantly higher for the robotic assistant than the
human assistant, and participants reported increased comfort when the robot had an oblique
approach. Joosse et al. (2021) studied how humans react to an approaching robot with
different factors (noise, velocity, and height). Participants were more accepting of personal
space invasion by a robot than by a human. Takayama and Pantofaru (2009) found that
participants had more negative attitudes and kept larger distances from an approaching robot
compared to an approaching human.

Participant Characteristics—Demographic factors and personal experiences were
usually collected, but only a few studies analyzed such data to identify impacts on HRI.
Most of the studies did not analyze demographic data. Matsumaru (2006) found no
significant differences based on gender or age in robot navigation intent. Syrdal et al.
(2006) did not observe consistent correlations between demographics, personality traits,
and comfort ratings in robot fetch and carry tasks. Brandl et al. (2016) investigated age
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and gender in robot approaching scenarios but did not find significant effects in their
experiments.

In Rossi et al. (2017), personality traits such as extraversion, agreeableness,
conscientiousness, neuroticism, and openness were explored, but no relationships were
found between personality and personal comfort distance in four participants activities. In
Jost et al. (2021), no significant effects were found for gender or robot experience. However,
pet ownership showed a significant interaction with robot height, where participants

who once owned or currently owned a pet kept a smaller distance from the robot.

Likewise, Takayama and Pantofaru (2009) investigated the effects of robot experience and
pet ownership on separation distance. Participants with past pet ownership were more
comfortable with the robot being closer, and those with at least one year of robot experience
were also comfortable with being closer to the robot compared to those with less experience.

Number of Approaches and Trials—In HRI research, repeated exposure to an AMR
can play a crucial role in understanding how humans perceive robot behavior over time.
Comfort level (Fiore et al., 2013) and AMR social presence (Warta et al., 2018) increase
over multiple experiment trials in path crossing scenarios. Likewise, Lauckner et al.
(2014) found significant differences in lateral and frontal separation distances between
repeated trials. Brandl et al. (2016) found the accepted minimum separation distance for
an approaching AMR is shorter for later trials (N: 1-5 = 1.15m vs. N: 25-30 = 0.90m).
Additionally, people adapt their proxmic preferences after an interaction with an AMR
(Mead and Mataric, 2015; Mead & Matari¢, 2016). These findings indicate that human
comfort and proxemic preferences vary over repeated trials due to factors such as familiarity
with the robot and past interaction experiences.

Number of Robots—Batista et al. (2020) was the only study to investigate the impact

of multiple AMRs on HRI. Comparing interactions between one vs. a team of three

AMRs, there were no significant differences found in participants’ responses or experiences.
However, the feedback from participants suggested that their perception of robot teams was
similar to a single robot, but they raised concerns about being able to notice all three robots
at the same time. Additionally, no behavioral or physiological measures were analyzed to
supplement the questionnaire data. More research is needed to fully understand influence of
multiple AMRs on human perceived safety in HRI.

4. Discussion

Autonomous mobile robots are being rapidly implemented in various industries because

of their utility. The introduction of these emerging technologies into the workplace has
presented new hazards for humans that are required to interact with them. Concurrently,
research investigating safety and trust during HRI with an AMR has increased over the past
decade to mitigate these hazards. We reviewed 50 articles that reported research involving
HRI with an AMR to review the current state of the science and to identify any gaps that
could inform future research.
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4.1. Analysis of AMRs

A variety of AMRs were used in the HRI experiments. Only two references used industrial
AMRs that are designed for industrial applications. This is not surprising, since industrial
AMRs are more expensive and harder to customize, compared to AMRs that are designed
for research settings. Companies that manufacture and sell industrial AMRs can be reluctant
to provide their products to researchers for the sole purpose of conducting research with
them. The Pioneer 3-DX from Adept Mobile Robots was the most common AMR, likely
because it is relatively affordable and easily customizable. It is designed for laboratory and
classroom use, thus making it useful for multiple applications.

Several references used social AMRs that either had a humanoid appearance or an
interactive monitor screen attached to the mobile base. Social AMRs are typically employed
in public and retail environments to assist people with various tasks. They were commonly
used in references that focused on human-robot proxemics. The most common model

was the PeopleBot from Adept Mobile Robots. While social AMRs are not designed for
implementation in industrial environments, they interact with humans in a manner that

is similar to industrial AMRs. One example is the FlexShelf line of AMRs from Fetch
Robotics, which are used for order fulfillment applications. The FlexShelf is an industrial
AMR with adjustable shelves and an interactive touchscreen to manage the fulfillment task
and relay information to workers. For fulfillment applications, it approaches workers who
can pick and place items from shelves onto the AMR. Therefore, social AMRs and their
applications are related to industrial AMR applications in many ways.

The implementation of AMRs in warehousing and manufacturing facilities is rapidly
increasing. There is a need for more HRI research involving industrial AMRs, to investigate
factors that impact worker safety and trust. The majority of references in our review used
AMRs designed for research purposes or social environments. While the findings from these
references are important and relevant to industrial environments, they may not provide a
comprehensive understanding of how workers interact with industrial AMRs.

4.2. Analysis of Assessment Methods

The use of subjective and objective data collection measures is critical for accurately
quantifying human perception of safety and trust during HRI experiments with AMRs.
Subjective measurements, such as questionnaires, were the most employed method. They
provide a deeper insight into the thoughts and perspectives of individuals on complex
aspects that may not be easily quantifiable in other ways. For example, several references
used questionnaires to assess perceptions of various robot social attributes, such as likability,
naturalness, and intelligence. While subjective measures offer these advantages, they can be
influenced by individual biases, and their interpretation may be more open to subjectivity.
In contrast, objective measures, including human behavior and physiological metrics, are
less susceptible to biases and can often provide clear and unambiguous results. They can
also quantify changes over time, compared to subjective assessment methods, which must
be administered before or after a particular event. The most common objective measure
was separation distance between the participant and AMR, and it was frequently applied to
participant comfort level.
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Surprisingly, we found that the questionnaires in our review mainly applied to robot

traits, comfort level, and the ability to understand an AMR’s movement intention. Only
20% and 14% of the references directly evaluated perceived safety and trust using
questionnaires, respectively. This finding contrasts with perceived trust being the most
common questionnaire topic in prior research involving shared space HRI (Hopko et al.,
2022). There are a few possible explanations for this difference. Trust is an important
concept for human-robot teams that work together to accomplish a common goal (Hancock
et al., 2011). While every reference in our review involved an HRI experiment, the

vast majority of the experiments did not involve a collaborative human-robot work task.
Instead, the experiment tasks required participants to either navigate around an AMR or be
approached by an AMR. Additionally, a majority of the studies involved HRI experiments
with social AMRS, where it was common to evaluate AMR appearance and human-robot
proxemics.

Using both subjective and objective data collection measures can offer a more
comprehensive understanding of the research topic. Only 46% of the references collected
questionnaires and human behavior data. A number of these found disagreement between
data collection methods and therefore benefited from using both types (Alves et al., 2022;
Fernandez et al., 2018; Joosse et al., 2021; Jost et al., 2021; Mavrogiannis et al., 2019;
Mead & Matari¢, 2016; Suvei et al., 2018). For example, in Suvei et al. (2018) there

was no difference in perception of robot traits or feelings of discomfort during a robot
approach task. However, the robot behavior significantly affected the minimum separation
distance. Similarly, in a navigation scenario (Fernandez et al., 2018), participants reported
no differences in perceived comfort or communication, yet robot behavior significantly
impacted the number of conflict events during the task. Thus, integrating subjective and
objective data collection measures to assess safety and trust in HRI experiments with AMRs
can provide a more accurate understanding of the phenomenon being studied.

4.3. Discussion of Independent Variables in HRI Experiments

Human-robot proxemics research has focused on the perception or behavior of humans in
various robot-to-human or human-to-robot approaching tasks. Experiments were focused
on preferences of different factors such as AMR social cue, separation distance, speed, or
approach direction. Experimental results indicate that slower speeds lead to higher trust
levels and shorter accepted separation distances, although some studies indicated speed had
no effect on separation distance and comfort. In general, an oblique approach direction

is preferred over a frontal direction, yet one study found a frontal approach to be more
favorable, and a few others concluded that approach direction had no effect on participant
comfort. Among the studies of AMR separation distance during an approach task, it was
unanimous that larger distances improve perceived safety and comfort, as expected. Studies
also showed that the proxemics preference would change after interacting with robots (Mead
and Mataric 2015). One way to improve human-robot proxemics is by using navigation
strategies to approach humans or avoid collisions in a crowded environment (Shomin et al.
2015; Mavrogiannis et al., 2019). The contradictory findings across references that studied
similar concepts can be explained by several factors, including differences in the type of
AMR used in the HRI experiments, the experiment tasks, and the assessment methods.
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For decades, researchers have worked on methods to improve the safety and efficiency

of AMR navigation (Pandey et al., 2017). When humans and AMRSs share the same
environment, one challenge is to navigate around each other and understand or interpret
their mutual navigation intent. Humans must understand an AMR’s current and future status
to increase trust in the robot and to lower the risk of colliding with it. We identified 16
articles that investigated different methods for conveying movement intent to a human user.
As noted earlier, communication in HRI relies on different sense channels, including hearing
channel, sight, and touch (Bonarini, 2020). The sight channel was the most popular for
conveying movement intention, by projection of an image on the floor or via a turn signal.
The results show that projecting an image on the ground increases the user’s understanding
of the robot’s intent and increases their comfort level. Turn signals had a similar effect, but
there were some contradictory findings suggesting that they were difficult to interpret unless
the robot demonstrated their use prior to an interaction (Fernandez et al., 2018). Only a few
papers investigated the touch channel, where researchers used a haptic interface device to
convey movement intent (Che et al., 2020; Che et al., 2018).

Other factors impacting perceived safety and trust during HRI have been examined in the
literature. The appearance, size, and action of robots impact human comfort level, with non-
humanoid robots being slightly more preferred than humanoid robots. Additionally, shorter
AMRs were perceived as more safe than taller AMRs. The presence of the robot in the
experiment can also impact perceived safety, such as working alongside AMRSs, teleoperated
robots, with other human workers, or alone. Working alongside an AMR increased task time
and mental workload scores for participants (Chen et al., 2022). Finally, individual factors,
such as gender, age, previous robot experience, and pet ownership, are often collected and
analyzed, but their influence has been found to be inconsistent in different scenarios (Jost et
al., 2021; Matsumaru, 2006; Takayama & Pantofaru, 2009).

4.4. Future Research Needs

Our review identified several future research needs that could improve safety and trust
during HRI with AMRs in industrial environments. There is a need for rigorous reporting
of participant demographics and experience with robots. In our review, 44% of references
failed to report the experience level of their participants with robots. Prior experience with
robots has been shown to affect participant outcomes in HRI experiments (Sanders et al.,
2017). Therefore, not reporting such information may lead to only a partial understanding
of experiment findings. In addition, 34% of references failed to report the mean age of their
participants, and 16% failed to report the gender ratio. Future HRI research with AMRSs
requires more robust reporting of sampling methods to provide a more comprehensive
understanding of the research topic.

There is a lack of research on auditory devices that convey movement intent for industrial
AMRs. A few papers investigated the hearing channel, but it was not found to be effective
for the given conditions, and it was only considered as a secondary objective (Shrestha et al.,
2016; Shrestha et al., 2018). Sounds and speech for human-robot communication is common
among mobile service robots. Sounds can be used to express emotional state, which might
make interacting with a robot more natural and realistic. Alarms and warnings can alert
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nearby human workers of the robot’s state and intent, as well as the status of its system
components. Johannsen (2001) developed an auditory display for a mobile service robot that
can communicate its position, movement intention, and failures, and can relate warnings

by means of nonspeech audio symbolic expressions to nearby humans. Johannsen (2004)
tested the auditory display in a supermarket scenario, where robot movement intentions
were communicated to the human, and found that, with training, robot audible alerts are a
feasible mean of robot-to-human communication. In an industrial setting, factory noise or
commotion could potentially affect the usability of such a device. However, further research
is necessary to determine the effectiveness of an auditory display on an industrial AMR.

There is a need for a standardized set of questionnaires and human behavior metrics

to quantify performance and perceptions of safety and trust in HRI experiments with
AMRs. Only 20% and 14% of the studies explicitly measured perceived safety and trust,
respectively, while other similar attributes, such as comfort, confidence, legibility, and
likability were common. While these metrics generally yielded similar conclusions across
the studies, a standard questionnaire would make it easier to compare findings across the
literature. Only one paper involved a field experiment with experienced participants (Berx
et al., 2021). While controlled laboratory experiments can provide valuable information, it
can be difficult to replicate industrial environments and tasks in the laboratory. Similarly,
participants who have experience working with AMRs at their workplace may have different
performance or behaviors when interacting with an AMR, compared to an inexperienced
person. There is a lack of research involving multiple AMRs. Typically, warehouses will
employ a fleet of AMRSs, as opposed to just one. Therefore, workers will often encounter
multiple AMRs while traversing aisles between shelves. It is unknown how the presence
of two or more AMRs affects human behavior, perceived safety, and trust. Lastly, there is
limited research on industrial mobile robots. Most of the experimental robots were either
custom made or were not specifically industrial mobile robots that are used in industrial
environments.

4.5. Study Limitations

Our review was limited to research involving HRI with AMRs that apply to industrial
environments. Research involving HRI with AMRs in social environments was included in
the review, but only if the findings could be applied to industrial environments. Research

on drones and biped robots was outside the scope of our study. We only included papers

that involved an experiment with human participants who had a physical interaction with an
AMR. Human-robot interaction research with mobile robots is a rapidly expanding field, and
this review is only a small part of the existing literature.

5. Conclusions

Autonomous mobile robots are rapidly emerging in the workplace, which creates new
hazards for human workers that are required to interact with them. We reviewed past
research on HRI with an AMR, which yielded a few key conclusions and guidance for future
research:
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There is a need for more HRI research involving industrial AMRs. The majority
of the references used social AMRs or AMRs designed for research purposes,
while only two studies used an industrial AMR in their HRI experiment.

Questionnaires were the most employed assessment method, and 46% of
references used both subjective and objective measures. Only 20% and 14% of
the references directly evaluated perceived safety and trust using questionnaires,
respectively, whereas 44% and 32% evaluated participant perception of robot
traits and comfort level.

Future research requires rigorous reporting of participant demographics and
experience level with robots. We found that 34% and 44% of references failed to
report the mean age of their participant sample and their experience with robots,
respectively.

We identified a variety of independent variables that researchers have
investigated in HRI experiments with AMRs. Overall, we found that factors
such as robot appearance, approach speed, and approach direction significantly
affect perceived safety in human-robot interactions. Non-humanoid robots were
generally perceived as more comfortable, and robot height affected the stopping
distance during interactions. Additionally, human comfort levels and distance
preferences may vary over repeated trials, potentially due to factors such as
familiarity with the robot and past interaction experiences.

The ability of a user to understand an AMR’s navigation intent was a common
research theme. Projection of signals on the floor, using turn signals, and haptic
communication devices, improve the predictability and overall safety of AMR
navigation. Similarly, the display of courtesy cues or adjustments in proxemic
behavior, such as stopping or decelerating, improves the legibility of AMR
navigation, but there are mixed findings on how they impact perceived safety and
trust.

We identified several gaps in the literature including a lack of field experiments,
limited research involving multiple AMRs, and a limited use of industrial AMRs
in experiments with human participants.

Supplementary Material

Funding:

6. References

Refer to Web version on PubMed Central for supplementary material.

This research was supported by the National Institute for Occupational Safety and Health

Alves C, Cardoso A, Colim A, Bicho E, Braga AC, Cunha J, Faria C, & Rocha LA (2022).
Human-Robot Interaction in Industrial Settings: Perception of Multiple Participants at a Crossroad
Intersection Scenario with Different Courtesy Cues. Robotics, 11(3). 10.3390/robotics11030059

1ISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Haney and Liang

Page 23

American National Standards Institute/Robotic Industries Association. (2020). American National
Standard for Industrial Mobile Robots - Safety Requirements Part 1: Requirements for the Industrial
Mobile Robot ANSI/RIA R15.08-1-2020

Angerer S, Strassmair C, Staehr M, Roettenbacher M, & Robertson NM (2012). Give me a hand—
The potential of mobile assistive robots in automotive logistics and assembly applications IEEE
international conference on technologies for practical robot applications (TePRA) (111-116). IEEE.

Bartneck C, Kuli¢ D, Croft E, & Zoghbi S (2009). Measurement Instruments for the
Anthropomorphism, Animacy, Likeability, Perceived Intelligence, and Perceived Safety of Robots.
International Journal of Social Robotics, 1(1), 71-81. 10.1007/s12369-008-0001-3

Batista MR, Macharet DG, & Romero RAF (2020). Socially Acceptable Navigation of People with
Multi-robot Teams. Journal of Intelligent and Robotic Systems: Theory and Applications, 98(2),
481-510. 10.1007/s10846-019-01080-4

Berx N, Pintelon L, & Decré W (2021). Psychosocial impact of collaborating with an autonomous
mobile robot: Results of an exploratory case study ACM/IEEE International Conference on Human-
Robot Interaction (280-282). IEEE Computer Society.

Bethel CL, Salomon K, Murphy RR, & Burke JL (2007). Survey of Psychophysiology Measurements
Applied to Human-Robot Interaction. RO-MAN 2007 - The 16th IEEE International Symposium on
Robot and Human Interactive Communication (732-737). IEEE.

Bonarini A (2020). Communication in human-robot interaction. Current Robotics Reports, 1(4), 279-
285. [PubMed: 34977589]

Brandl C, Mertens A, & Schlick CM (2016). Human-Robot Interaction in Assisted Personal Services:
Factors Influencing Distances That Humans Will Accept between Themselves and an Approaching
Service Robot. Human Factors and Ergonomics In Manufacturing, 26(6), 713-727. 10.1002/
hfm.20675

Breazeal C (2003). Toward sociable robots. Robotics and Autonomous Systems, 42(3-4), 167-175.
10.1016/s0921-8890(02)00373-1

Brock D, McClimens B, Wasylyshyn C, Trafton JG, & McCurry M (2010). Evaluating the utility of
auditory perspective-taking in robot speech presentations In (MVol. 5954 LNCS, pp. 266-286).

Bunz E, Chadalavada RT, Andreasson H, Krug R, Schindler M, & Lilienthal A (2016). Spatial
Augmented Reality and Eye Tracking for Evaluating Human Robot Interaction. RO-MAN 2016
Workshop: Workshop on Communicating Intentions in Human-Robot Interaction, New York,
USA, Aug 31, 2016

Chadalavada RT, Andreasson H, Krug R, & Lilienthal AJ (2015). That’s on my mind! robot to
human intention communication through on-board projection on shared floor space 2015 European
Conference on Mobile Robots (ECMR) (1-6). IEEE.

Chadalavada RT, Andreasson H, Schindler M, Palm R, & Lilienthal AJ (2020). Bi-directional
navigation intent communication using spatial augmented reality and eye-tracking glasses for
improved safety in human-robot interaction. Robotics and Computer-Integrated Manufacturing,
61. 10.1016/j.rcim.2019.101830

Chanseau A, Dautenhahn K, Koay KL, & Salem M (2016). Who is in charge? Sense of control and
robot anxiety in Human-Robot Interaction. 25th IEEE International Symposium on Robot and
Human Interactive Communication, RO-MAN 2016 (743-748). IEEE.

Che Y, Culbertson H, Tang CW, Aich S, & Okamura AM (2018). Facilitating Human-Mobile Robot
Communication via Haptic Feedback and Gesture Teleoperation. ACM Transactions on Human-
Robot Interaction, 7(3). 10.1145/3243503

Che Y, Okamura AM, & Sadigh D (2020). Efficient and trustworthy social navigation via explicit and
implicit robot-human communication. IEEE Transactions on Robotics, 36(3), 692-707.

Che Y, Sun CT, & Okamura AM (2018). Avoiding Human-Robot Collisions Using Haptic
Communication EEE International Conference on Robotics and Automation (5828-5834). IEEE.

Chen, Yang C, Gu Y, & Hu B (2022). Influence of Mobile Robots on Human Safety Perception
and System Productivity in Wholesale and Retail Trade Environments: A Pilot Study. IEEE
Transactions on Human-Machine Systems, 52(4), 1-12. 10.1109/THMS.2021.3134553

Chen Z, Jiang C, & Guo Y (2018). Pedestrian-Robot Interaction Experiments in an Exit Corridor 15th
International Conference on Ubiquitous Robots (29-34). IEEE.

1ISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Haney and Liang

Page 24

Chinthaka P, Premachandra C, & Amarakeerthi S (2018). Effective natural communication between
human hand and mobile robot using Raspberry-pi (1-3). IEEE.

Chiou M, Hawes N, Stolkin R, Shapiro KL, Kerlin JR, & Clouter A (2016). Towards the Principled
Study of Variable Autonomy in Mobile Robots (1053-1059). IEEE.

Coovert MD, Lee T, Shindev I, & Sun Y (2014). Spatial augmented reality as a method for a mobile
robot to communicate intended movement. Computers in Human Behavior, 34, 241-248. 10.1016/
j.chb.2014.02.001

Cosgun A, Florencio DA, & Christensen HI (2013). Autonomous person following for telepresence
robots IEEE International Conference on Robotics and Automation (4335-4342). IEEE.

Dautenhahn K, Walters M, Woods S, Koay KL, Nehaniv CL, Sisbot EA, Alami R, & Siméon T (2006).
How may i serve you? A robot companion approaching a seated person in a helping context
Proceedings of the 2006 ACM Conference on Human-Robot Interaction (172-179). Association
for Computing Machinery.

Fauadi MHFM, Akmal S, Ali MM, Anuar NI, Ramlan S, Noor AZM, & Awang N (2018).

Intelligent vision-based navigation system for mobile robot: A technological review. Periodicals of
Engineering and Natural Sciences, 6(2), 47-57.

Fernandez R, John N, Kirmani S, Hart J, Sinapov J, & Stone P (2018). Passive demonstrations
of light-based robot signals for improved human interpretability. 2018 27th IEEE International
Symposium on Robot and Human Interactive Communication (RO-MAN) (234-239). IEEE.

Fiore SM, Wiltshire TJ, Lobato EJC, Jentsch FG, Huang WH, & Axelrod B (2013). Toward
understanding social cues and signals in human-robot interaction: Effects of robot gaze and
proxemic behavior. Frontiers in Psychology, 4(NOV), 1-15. 10.3389/fpsyg.2013.00859 [PubMed:
23382719]

Fischer K, Jensen LC, Suvei S, & Bodenhagen L (2016). Between legibility and contact: The role
of gaze in robot approach. 2016 25th IEEE International Symposium on Robot and Human
Interactive Communication (RO-MAN) (646-651). IEEE.

Green SA, Richardson SM, Stiles RJ, Billinghurst M, & Chase JG (2008). Multimodal metric study
for human-robot collaboration 1st International Conference on Advances in Computer-Human
Interaction (218-223). Advances in Computer-Human Interaction.

Hall ET (1966). The hidden dimension Anchor Books.

Hancock PA, Billings DR, Schaefer KE, Chen JY, De Visser EJ, & Parasuraman R (2011). A meta-
analysis of factors affecting trust in human-robot interaction. Human factors, 53(5), 517-527.
[PubMed: 22046724]

Hart J, Mirsky R, Xiao X, Tejeda S, Mahajan B, Goo J, Baldauf K, Owen S, & Stone P (2020). Using
Human-Inspired Signals to Disambiguate Navigational Intentions. ICSR 2020: Social Robotics
(320-331). Springer, Cham.

Hart SG, & Staveland LE (1988). Development of NASA-TLX (Task Load Index): Results of
Empirical and Theoretical Research. In Hancock PA & Meshkati N (Eds.), Advances in
Psychology (Vol. 52, pp. 139-183). North-Holland. 10.1016/S0166-4115(08)62386-9

Hoggenmueller M, Chen J, & Hespanhol L (2020). Emotional expressions of non-humanoid urban
robots: The role of contextual aspects on interpretations (87-95). Association for Computing
Machinery, Inc.

Hopko S, Wang J, & Mehta R (2022). Human Factors Considerations and Metrics in Shared Space
Human-Robot Collaboration: A Systematic Review. Frontiers in Robotics and Al, 9. 10.3389/
frobt.2022.799522

Huettenrauch H, Eklundh KS, Green A, & Topp EA (2006). Investigating Spatial Relationships in
Human-Robot Interaction IEEE/RSJ International Conference on Intelligent Robots and Systems
(5052-5059). IEEE.

International Organization for Standardization. (2021). 1SO 8373:2021 Robotics — Vocabulary
ISO/TC 299

Jevti¢ A, Doisy G, Parmet Y, & Edan Y (2015). Comparison of Interaction Modalities for Mobile
Indoor Robot Guidance: Direct Physical Interaction, Person Following, and Pointing Control.
IEEE Transactions on Human-Machine Systems, 45(6), 653-663. 10.1109/THMS.2015.2461683

1ISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Haney and Liang

Page 25

Johannsen G (2001). Auditory displays in human—-machine interfaces of mobile robots for non-speech
communication with humans. Journal of Intelligent and Robotic Systems, 32(2), 161-169.

Johannsen G (2004). Auditory displays in human-machine interfaces. Proceedings of the IEEE, 92(4),
742-758.

Joosse M, Lohse M, Berkel NV, Sardar A, & Evers V (2021). Making Appearances: How
Robots Should Approach People. ACM Transactions on Human-Robot Interaction, 10(1), 1-24.
10.1145/3385121

Jost J, Kirks T, Chapman S, & Rinkenauer G (2021). Keep Distance with a Smile - User
Characteristics in Human-Robot Collaboration. IEEE International Conference on Emerging
Technologies and Factory Automation, ETFA (1-8). IEEE.

Kaiser FG, Glatte K, & Lauckner M (2019). How to make nonhumanoid mobile robots more likable:
Employing kinesic courtesy cues to promote appreciation. Applied ergonomics, 78(July 2019),
70-75. 10.1016/j.apergo.2019.02.004 [PubMed: 31046961]

Koay KL, Dautenhahn K, Woods SN, & Walters ML (2006). Empirical results from using a comfort
level device in human-robot interaction studies Proceedings of the 1st ACM SIGCHI/SIGART
conference on Human-robot interaction (194-201). Association for Computing Machinery.

Koay KL, Sishot EA, Syrdal DS, Walters ML, Dautenhahn K, & Alami R (2007). Exploratory study of
a robot approaching a person in the context of handing over an object. AAAI Spring Symposium:
Multidisciplinary Collaboration for Socially Assistive Robotics (18-24). AAAL.

Kosinski T, Obaid M, Wozniak PW, Fjeld M, & Kucharski J (2016). A fuzzy data-based model for
Human-Robot Proxemics. 25th IEEE International Symposium on Robot and Human Interactive
Communication, RO-MAN 2016 (335-340). IEEE.

Kruse T, Pandey AK, Alami R, & Kirsch A (2013). Human-aware robot navigation: A survey.
Robotics and Autonomous Systems, 61(12), 1726-1743. 10.1016/j.robot.2013.05.007

Lasota PA, Fong T, & Shah JA (2017). A survey of methods for safe human-robot interaction.
Foundations and Trends® in Robotics, 5(4), 261-349.

Lauckner M, Kobiela F, & Manzey D (2014). ‘Hey robot, please step back!” - exploration of a
spatial threshold of comfort for human-mechanoid spatial interaction in a hallway scenario. The
23rd IEEE International Symposium on Robot and Human Interactive Communication (780-787).
IEEE.

Laugwitz B, Held T, & Schrepp M (2008). Construction and Evaluation of a User Experience
Questionnaire. Symposium of the Workgroup Human-Computer Interaction and Usability
Engineering of the Austrian Computer Society (63—76). Springer.

Leichtmann B, & Nitsch V (2020). How much distance do humans keep toward robots? Literature
review, meta-analysis, and theoretical considerations on personal space in human-robot interaction.
Journal of Environmental Psychology, 68(April 2020), 1-14. 10.1016/j.jenvp.2019.101386

Liang C-J, & Cheng MH (2023). Trends in Robotics Research in Occupational Safety and Health: A
Scientometric Analysis and Review. International Journal of Environmental Research and Public
Health, 20(10), 5904. MDPI AG. 10.3390/ijerph20105904 [PubMed: 37239630]

Lichtenthdler C, Peters A, Griffiths S, & Kirsch A (2013). Social navigation - ldentifying robot
navigation patterns in a path crossing scenario. International Conference on Social Robotics 2013:
Social Robotics. Lecture Notes in Computer Science (84-93). Springer, Cham.

Lo SY, Yamane K, & Sugiyama K. i. (2019). Perception of Pedestrian Avoidance Strategies of a
Self-Balancing Mobile Robot 2019 IEEE/RSJ International Conference on Intelligent Robots and
Systems (IROS) (1243-1250). IEEE.

MacArthur KR, Stowers K, & Hancock PA (2017). Human-robot interaction: proximity and speed—
slowly back away from the robot! In Advances in human factors in robots and unmanned systems
(pp. 365-374). Springer.

Markis A, Papa M, Kaselautzke D, Rathmair M, Sattinger V, & Brandstotter M (2019). Safety of
mobile robot systems in industrial applications. Proceedings of the ARW & OAGM Workshop
(26-31). Robotics.

Matsumaru T (2006). Mobile Robot with Preliminary-announcement and Display Function of
Forthcoming Motion using Projection Equipment. ROMAN 2006 - The 15th IEEE International
Symposium on Robot and Human Interactive Communication (443-450). |IEEE.

1ISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Haney and Liang

Page 26

Mavrogiannis C, Hutchinson AM, MacDonald J, Alves-Oliveira P, & Knepper RA (2019). Effects
of Distinct Robot Navigation Strategies on Human Behavior in a Crowded Environment 2019
14th ACM/IEEE International Conference on Human-Robot Interaction (HRI) (421-430). IEEE
Computer Society.

May AD, Dondrup C, & Hanheide M (2015). Show me your moves! Conveying navigation intention of
a mobile robot to humans 2015 European Conference on Mobile Robots (ECMR) (1-6). IEEE.

Mead R, & Mataric MJ (2015). Robots have needs too: People adapt their proxemic preferences to
improve autonomous robot recognition of human social signals. AISB Convention 2015

Mead R, & Matari¢ MJ (2016). Robots have needs too: how and why people adapt their proxemic
behavior to improve robot social signal understanding. Journal of Human-Robot Interaction, 5(2),
48-68. 10.5898/JHRI.5.2.Mead

Mumm J, & Mutlu B (2011). Human-robot proxemics: Physical and psychological distancing in
human-robot interaction Proceedings of the 6th ACM/IEEE International Conference on Human-
Robot Interaction (331-338). ACM/IEEE.

Neggers MME, Cuijpers RH, & Ruijten PAM (2018). Comfortable Passing Distances for Robots
International Conference on Social Robotics 2018: Social Robotics. Lecture Notes in Computer
Science (431-440). Springer, Cham.

Neggers MME, Cuijpers RH, Ruijten PAM, & ljsselsteijn WA (2022). Determining Shape and Size
of Personal Space of a Human when Passed by a Robot. International Journal of Social Robotics,
14(2), 561-572. 10.1007/s12369-021-00805-6

Nomura S, Inoue T, Takahashi Y, & Nakamura T (2014). Learning control based on intention
recognition by inverted two-wheeled mobile robot through interactive operation Joint 7th
International Conference on Soft Computing and Intelligent Systems, SCIS 2014 and 15th
International Symposium on Advanced Intelligent Systems (117-122). IEEE.

Pacchierotti E, Christensen HI, & Jensfelt P (2006). Evaluation of Passing Distance for Social Robots.
ROMAN 2006 - The 15th IEEE International Symposium on Robot and Human Interactive
Communication (315-320). IEEE.

Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, Shamseer L, Tetzlaff
JM, Akl EA, Brennan SE, Chou R, Glanville J, Grimshaw JM, Hrdbjartsson A, Lalu MM, Li T,
Loder EW, Mayo-Wilson E, McDonald S, ... Moher D (2021). The PRISMA 2020 statement:
An updated guideline for reporting systematic reviews. International Journal of Surgery, 88, 1-9.
10.1016/j.ijsu.2021.105906

Pandey A, Pandey S, & Parhi D (2017). Mobile robot navigation and obstacle avoidance techniques: A
review. Int Rob Auto J, 2(3), 96-105. 10.15406/iratj.2017.02.00023

Pourmehr S, Thomas J, & Vaughan R (2016). What untrained people do when asked “make the robot
come to you” 11th Annual ACM/IEEE International Conference on Human-Robot Interaction
(495-496). IEEE Computer Society.

Rossi S, Staffa M, Bove L, Capasso R, & Ercolano G (2017). User’s Personality and Activity
Influence on HRI Comfortable Distances International Conference on Social Robotics 2017:
Social Robotics. Lecture Notes in Computer Science (167-177). Springer, Cham.

Rubagotti M, Tusseyeva I, Baltabayeva S, Summers D, & Sandygulova A (2022). Perceived safety
in physical human-robot interaction—A survey. Robotics and Autonomous Systems, 151(May
2022), 1-22. 10.1016/j.robot.2022.104047

Sanders TL, MacArthur K, Volante W, Hancock G, MacGillivray T, Shugars W, & Hancock PA
(2017). Trust and prior experience in human-robot interaction. Proceedings of the Human Factors
and Ergonomics Society (1809-1813).

Schneier M, Schneier M, & Bostelman R (2015). Literature review of mobile robots for manufacturing
NIST Interagency/Internal Report (NISTIR), National Institute of Standards and Technology,
Gaithersburg, MD.

Sheridan TB (2016). Human-robot interaction: status and challenges. Human factors, 58(4), 525-532.
[PubMed: 27098262]

Shiomi M, Zanlungo F, Hayashi K, & Kanda T (2014). Towards a Socially Acceptable Collision
Avoidance for a Mobile Robot Navigating Among Pedestrians Using a Pedestrian Model.
International Journal of Social Robotics, 6(3), 443-455. 10.1007/s12369-014-0238-y

1ISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Haney and Liang

Page 27

Shomin M, Vaidya B, Hollis R, & Forlizzi J (2015). Human-approaching trajectories for a person-sized
balancing robot Proceedings of IEEE Workshop on Advanced Robotics and its Social Impacts,
ARSO (20-25). IEEE.

Shrestha MC, Kobayashi A, Onishi T, Uno E, Yanagawa H, Yokoyama Y, Kamezaki M, Schmitz
A, & Sugano S (2016). Intent communication in navigation through the use of light and screen
indicators 2016 11th ACM/IEEE International Conference on Human-Robot Interaction (HRI)
(523-524). IEEE.

Shrestha MC, Onishi T, Kobayashi A, Kamezaki M, & Sugano S (2018). Communicating Directional
Intent in Robot Navigation using Projection Indicators. 2018 27th IEEE International Symposium
on Robot and Human Interactive Communication (RO-MAN) (746-751). IEEE.

Siino RM, Chung J, & Hinds PJ (2008). Colleague vs. tool: Effects of disclosure in human-robot
collaboration. RO-MAN 2008 - The 17th IEEE International Symposium on Robot and Human
Interactive Communication (558-562). IEEE.

Suvei SD, Vroon J, Somoza Sanchéz VVV, Bodenhagen L, Englebienne G, Kruger N, & Evers
V (2018). “I would like to get close to you”: Making robot personal space invasion less
intrusive with a social gaze cue. UAHCI 2018: Universal Access in Human-Computer Interaction.
Virtual, Augmented, and Intelligent Environments. Lecture Notes in Computer Science (366-385).
Springer, Cham.

Syrdal DS, Dautenhahn K, Woods S, Walters ML, & Koay KL (2006). ‘Doing the right thing wrong’

- Personality and tolerance to uncomfortable robot approaches. ROMAN 2006 - The 15th IEEE
International Symposium on Robot and Human Interactive Communication (183-188). IEEE.

Takayama L, & Pantofaru C (2009). Influences on proxemic behaviors in human-robot interaction
2009 IEEE/RSJ International Conference on Intelligent Robots and Systems (5495-5502). IEEE.

Thomas J, & Vaughan R (2019). Right of Way, Assertiveness and Social Recognition in Human-Robot
Doorway Interaction 2019 IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS) (333-339). IEEE.

Tzafestas SG (2018). Mobile robot control and navigation: A global overview. Journal of Intelligent &
Robotic Systems, 91(1), 35-58.

Unger H, Markert T, & Miller E (2018). Evaluation of use cases of autonomous mobile robots in
factory environments. Procedia manufacturing, 17, 254-261.

Unhelkar VV, Siu HC, & Shah JA (2014). Comparative performance of human and mobile robotic
assistants in collaborative fetch-and-deliver tasks ACM/IEEE International Conference on Human
Robot Interaction (HRI) (82-89). IEEE Computer Society.

Vasic M, & Billard A (2013). Safety issues in human-robot interactions IEEE International Conference
on Robotics and Automation (197-204). IEEE.

Vassallo C, Olivier A-H, Souéres P, Crétual A, Stasse O, & Pettré J (2017). How do walkers avoid a
mobile robot crossing their way? Gait & posture, 51, 97-103. [PubMed: 27744251]

Vassallo C, Olivier A-H, Souéres P, Crétual A, Stasse O, & Pettré J (2018). How do walkers behave
when crossing the way of a mobile robot that replicates human interaction rules? Gait & posture,
60, 188-193. 10.1016/j.gaitpost.2017.12.002 [PubMed: 29248849]

Villani V, Sabattini L, Riggio G, Levratti A, Secchi C, & Fantuzzi C (2017). Interacting With a Mobile
Robot with a Natural Infrastructure-Less Interface (12753-12758). Elsevier B.V.

Villani V, Sabattini L, Secchi C, & Fantuzzi C (2018). A Framework for Affect-Based Natural
Human-Robot Interaction. 27th IEEE International Symposium on Robot and Human Interactive
Communication, RO-MAN 2018 (1038-1044). IEEE.

Walters ML, Dautenhahn K, Te Boekhorst R, Koay KL, Kaouri C, Woods S, Nehaniv C, Lee D,

& Werry 1 (2005). The influence of subjects’ personality traits on personal spatial zones in a
human-robot interaction experiment. ROMAN 2005 - IEEE International Workshop on Robot and
Human Interactive Communication (347-352). IEEE.

Walters ML, Dautenhahn K, Woods SN, & Koay KL (2007). Robotic etiquette: Results from user
studies involving a fetch and carry task 2007 2nd ACM/IEEE International Conference on Human-
Robot Interaction (HRI) (317-324). IEEE.

Walters ML, Syrdal DS, Koay KL, Dautenhahn K, & Boekhorst R. t. (2008). Human approach
distances to a mechanical-looking robot with different robot voice styles. RO-MAN 2008 - The

1ISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Haney and Liang Page 28

17th IEEE International Symposium on Robot and Human Interactive Communication (707-712).
IEEE.

Warta SF, Newton OB, Song J, Best A, & Fiore SM (2018). Effects of social cues on social signals in
human-robot interaction during a hallway navigation task. Proceedings of the Human Factors and
Ergonomics Society (1128-1132). Human Factors and Ergonomics Society.

Wiltshire TJ, Lobato EJC, Garcia DR, Fiore SM, Jentsch FG, Huang WH, & Axelrod B (2015).
Effects of robotic social cues on interpersonal attributions and assessments of robot interaction
behaviors. Proceedings of the Human Factors and Ergonomics Society (801-805). Human Factors
and Ergonomics Society.

Zhang B, Amirian J, Eberle H, Pettré J, Holloway C, & Carlson T (2022). From HRI to CRI: Crowd
Robot Interaction—Understanding the Effect of Robots on Crowd Motion: Empirical Study of
Pedestrian Dynamics with a Wheelchair and a Pepper Robot. International Journal of Social
Robotics, 14(3), 631-643. 10.1007/s12369-021-00812-7

1ISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Haney and Liang

Page 29

Figure 1.

z Database searching (n = 933)
é Articles identified by subject matter
b= experts and hand-searching
5 reference sections (n = 38)

Y

Articles identified (n = 971) > Duplicates removed (n = 34)
‘ . .
Titles/abstracts screened (n = 937) p Articles excludeggfgr) Irelevancy (n =

(@]
c
c
o
g Articles excluded for reasons (n = 88)

A 31 Technology or model development

Full texts screened | 27 Experiment task is not relevant
(n=138) | 18 No physical HRI experiment
11 Not an AMR
1 Robot motion is not autonomous

-
-% Articles included after full text review
§ (n=150)

Diagram of the article identification and selection process.

1ISE Trans Occup Ergon Hum Factors. Author manuscript; available in PMC 2025 January 08.




1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Haney and Liang

Total References

Page 30

25
20
15
10
. i =
«(@ & & 0 «@é\ & O
O & & X 8 @ o
J o & > $ & &
@Q) KQQ' " {b(\ Q} (\G-’
O\\Q, QQ, &Q\Q 0"0 %Qz
\\ Q?
Figure 2.

Questionnaire assessment methods used in HRI experiments with AMRs.
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Behavioral and physiological assessment methods for perceived safety in HRI experiments
with AMRs.
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