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Abstract

In recent years a growing number of companies started pilot projects with delivery robots. Previous research on
pedestrian-robot interaction has looked at, for instance, the effect of robot velocity and anthropomorphism on pedestrian
behavior towards a robot, as well as people’s ethical concerns towards these robots. However, little is known about what
effect a clearly conveyed function of a robot has on behavior towards this robot. Therefore, a field study was done where
observations of pedestrians encountering a stationary mobile robot without a clear function were compared to observations
of pedestrians encountering a stationary Garbage cleaning robot. We found that, for pedestrians that encountered the
Garbage bot, the chance of ignoring that robot was higher compared to pedestrians encountering the robot with no
clear function. An additional finding was that women are more likely to ignore a mobile robot compared to men. The
findings have emphasized that companies would benefit from ensuring that their robot conveys a clear function. The clear
conveyance of the robot’s function decreases the likelihood of pedestrians interfering with the robot’s tasks. In addition, it
decreases the chance of pedestrians getting distracted by the mobile robot, therewith increasing overall road safety. Future
studies could conduct experiments with an autonomously driving robot, rather than a stationary one. These studies could
aim to investigate the behavior of the demographic groups for which the current study did not provide enough data, as
well as investigate how behavior towards mobile robots changes over time.

I. Introduction

In the past decades the field of automation and
robotics has become increasingly prominent in soci-
ety. In the automotive industry the focus has been
set on developing (semi-)autonomous vehicles, with
companies like Tesla gaining a lot of interest and
popularity due to their advancements in autonomous
vehicle software (Endsley, 2017). The advancements
in the automation of vehicles have not been limited
to passenger transport but are also seen in the field of
autonomous mobile robots, which gained more inter-
est in recent years. These robots can serve multiple
purposes, but a prime example would be the last-mile
delivery robots. The purpose of last-mile delivery
robots is to employ a safer, environmentally friendlier,
and more efficient method of delivering goods to pop-
ulated urban areas. Many companies have started

projects related to last-mile delivery tasks.

Figure 1: From left to right the robot designs from DHL, Aus-
tralia Post and Starship technologies.(USpostalservice,
2018)

DHL has conducted pilots with a delivery robot
named “PostBOT”; a robot that carries packages and
closely follows the person delivering the mail. Aus-
tralia Post has done similar pilots with a package
delivery robot that does not need assistance from
humans, but instead delivers packages from a cen-
tral hub to people’s homes. Besides delivery of mail,

*Thanks to Baptist for his excellent guidance in this project.
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other companies have focused on food delivery. For
instance, Starship has been partnering with food de-
livery companies to test out the effectiveness of food
delivery by autonomous mobile robots (USpostalser-
vice, 2018). Figure 1 shows these three delivery robot
designs.

With the rapid rise of the global e-commerce mar-
ket, advancements in the field of last-mile delivery
robots become more relevant by the day. A 2019
e-commerce report revealed estimations that the to-
tal e-commerce revenue is expected to rise to an as-
tonishing 2568.8 billion euros by 2023 (Striapunina,
2019). Naturally, this increase in online orders of
goods will lead to an increase of packages being de-
livered worldwide every day. Deliveries in the last
mile are not efficient and often slowed down by park-
ing limitations, traffic congestion and environmental
regulations (Akeb et al., 2018). Therefore, the intro-
duction of these vehicles is a great opportunity for
the e-commerce industry.

Besides last-mile delivery robots there are other
applications for mobile robots. An example is the
prototype garbage cleaning robot shown in Figure 2.
This mobile robot uses image recognition to identify
and collect garbage in places like parks where people
often litter (Bai et al., 2018).

Figure 2: A mobile garbage cleaning robot (Bai et al., 2018).

Other examples of mobile robot applications in-
clude a bridge inspection robot aimed to replace
human workers performing risky bridge inspection
tasks (Sutter et al., 2018) and a recently developed
COVID-robot designed to encourage groups of peo-
ple in large public spaces to adhere to social dis-
tancing rules related to the, at the time of writing,
COVID-19 pandemic (Sathyamoorthy et al., 2020).

The increasing number of real world projects in-
volving mobile robots performing various tasks have
raised ethical and legal concerns regarding the use
of (semi-)autonomous mobile vehicles. An example
of these concerns regard delivery robots collecting
audiovisual information for purposes like accident
documentation. The robots are often designed to
collect information like photos, sound recordings
and films in order to provide evidence in the case
of accidents occurring that involved the robot. The
collected data is seen as personal data according to
the General Data Protection Regulation (Voigt and
Von dem Bussche, 2017) and therefore should be han-
dled with great care and in accordance with the rules
and regulations regarding personal information.

Another concern relates to liability. When an
autonomous mobile robot causes an accident there
are several parties that can be blamed. The parties
involved include the potential person or persons
involved in the accident, the person monitoring the
robot in an operator room, the company that deploys
the robot and the manufacturer of the robot. The
manufacturer should arguably be held responsible
for any accidents caused by defective robots, with
defective meaning that the robot did not work as
specified by the manufacturer. However, the man-
ufacturer can limit the risk of liability by clearly
instructing the company deploying the robots on
how to use them and inform the company of any
risks involved in deploying them (Hoffmann and
Prause, 2018). Liability would then rest with the
company as a whole or the specific operator working
during the accident. Making the operator a possible
liable party would require recording everything that
the operator monitors in order to have evidence that
shows the operator can be held responsible, but this
would circle back to the ethical concern of companies
collecting and storing audiovisual information of peo-
ple in traffic, mentioned in the previous paragraph.
Thus, the examples have shown the complexity of
dealing with ethical and legal concerns and show
that regulative parties like the GDPR need to set
clear rules regarding liability and the processing of
personal information.

Before mobile robots can be deployed on a large
scale it is vital to know how people would interact
with these robots as knowledge about this can help
with the optimization and design of the robots. Ide-
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ally, a robot should be designed and optimized such
that pedestrians only interact with it when necessary,
because any interactions that are unnecessary for the
task of the robot, will ultimately lead to an unwanted
delay in the execution of the robot’s tasks. Taking
DHL’s PostBOT as an example, the task of the robot
is to deliver packages. Therefore, DHL would only
want pedestrians to interact with the robot when
receiving packages meant for them. After all, any
disturbance of curious pedestrians would slow the
robot down and decrease the efficiency of the robot’s
delivery tasks. These mobile robots are sometimes
also able to make use of deep learning models, so any
knowledge about pedestrian behavior towards these
mobile robots would be useful to acquire, because it
could, in theory, be used to “feed” the models and
teach the mobile robots how to deal with pedestrian
interactions.

There have been a few studies that looked into the
interaction between pedestrians and mobile robots.
An example study was conducted by Chen and
colleagues who ran a series of experiments to investi-
gate the effect of robot moving speed on pedestrian
velocity. They found that as the robot moved on
faster, the pedestrians walked more slowly. In other
words pedestrian’s velocity was inversely correlated
with the robot’s velocity (Chen et al., 2018).

Besides the speed of the robot, other characteris-
tics of the robot can have an effect on people’s behav-
ior towards it. In a study by Koay and colleagues a
series of trials were conducted in which they looked
at the effect of anthropomorphic features on pedes-
trian behavior towards the robot. They found that
people feel more comfortable with the robot coming
closer if it has a “mechanoid” appearance compared
to when it has a “humanoid” appearance. However,
over the course of five weeks in which several ex-
periments were ran, the researchers noticed that the
effect of the robot’s appearance on pedestrian behav-
ior diminished. This was explained by the concept of
a “novelty effect”, which entails that responses in the
initial encounters differed significantly compared to
following encounters, because during the following
encounters the pedestrians had gotten used to the
robots and their appearance (Koay et al., 2007).

A similar study looking at the novelty effect was
conducted by Kim and colleagues who deployed
small autonomous mobile robots on a university

campus to investigate human interaction with these
robots and, more specifically, to observe a potential
change in perception towards these robots over time.
They found that more encounters with the robot
resulted in a decrease in perceived “mental capabili-
ties” of the robot. This finding was explained by the
"novelty effect" meaning that the expectations that
pedestrians had of the robot changed after the first
encounter (Kim et al., 2020).

Pedestrians can also occasionally have a nega-
tive attitude towards robots. Moore and colleagues
coined the term “griefing” to describe unexpected
or aggressive behavior towards automated vehicles
(Moore et al., 2020). Several studies have looked into
griefing behavior of pedestrians towards robots. One
study reported griefing behavior towards service
robots in a public plaza, which included people kick-
ing and punching the robot (Salvini et al., 2010). In
another study researchers built a hitchhiking robot
and tested it by letting it walk through Canada and
the Netherlands. This robot was at some point de-
stroyed by people that encountered the robot (Smith
and Zeller, 2017). Finally, a third study observed
griefing behavior specifically with children damag-
ing a robot in a shopping mall. The creators of this
robot even designed an algorithm that, given an
encounter with children and their parents, would at-
tempt to move close towards the parents rather than
the children in order to avoid any damage (Brščić
et al., 2015).

Another field of research, that is relevant for this
study, is gaze patterns of pedestrians. Knowing what
pedestrians look at when traversing a road can give
valuable insight into the effect of certain objects or
vehicles and their design choices on pedestrian be-
havior. An example study is one done by de Winter
and colleagues in which participants wearing an
eye-tracker were asked to walk through a parking
garage. The eye-tracker recorded all the data of the
participants’ gaze behavior. They found that while
walking through the parking garage the participants
looked at the ground only 20% of the time and gazed
towards parked cars roughly 35% of the time, and
more specifically looked at certain parts of the cars
including the back, side and front as well as the tires
of the car. Thus, pedestrian showed a general interest
in the vehicles they passed (de Winter et al., 2021).

A recent study by Liu and colleagues looked at
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the effect of understanding an automated vehicle’s
(AV) intentions on the gaze behavior of pedestrians.
They conducted a within-subject lab study where 10
participants interacted with an AV as well as a man-
ual driven vehicle (MV) over the course of multiple
trials. The participants were asked to walk a certain
route through the lab, after which there would be
an encounter with either the AV or MV. Afterwards
the participants were asked to fill in a survey with
questions about the extent to which the participants
understood the intentions of the vehicle. They found
that pedestrians’ gaze duration would be longer for
the AV compared to the MV. More importantly, they
found that duration of pedestrians’ gaze and their
understanding of the intentions of the AVs were
inversely correlated. In other words, not understand-
ing what the AV was doing led to pedestrians gazing
towards the AV longer on average compared to when
the participants had a clear understanding of what
the vehicle was doing (Liu et al., 2020).

The research discussed here gave some insight
into pedestrian behavior towards robots and the
effect of design choices like robot velocity and an-
thropomorphic features on the behavior of pedes-
trians towards mobile robots. The study by Liu
and colleagues showed that people’s perception and
understanding of a mobile robot can influence how
long they gaze at the robot. However, Liu and col-
leagues did not look at how design choices could
contribute to a better understanding of the robot’s
function and intentions. If a robot has a clear design
that conveys its function and intention, it is easier for
people to understand the robot. Understanding the
robot would then lead to shorter gaze durations.

The earlier discussed robot prototypes, which
were shown in Figure 1, differ considerably in how
their function is conveyed to pedestrians. DHL have
decided to use their recognizable bright yellow color
in combination with their company title and logo
to clearly convey the mail delivery function of their
"Postbot". Starship, on the other hand, has taken
less effort into clearly conveying the function of their
robot. Starship’s robot has a generic white color and
from the outward appearance of the robot it is hard
to determine that it is a food delivery robot. This de-
sign, that does not convey the robot’s function well,
makes it harder for pedestrians to understand what
the robot is doing which according to the findings of

Liu and colleagues would lead to longer gaze dura-
tions. Pedestrians gazing at a mobile robot can cause
multiple issues. Gazing at a robot for too long means
the pedestrians are distracted and do not watch out
for other traffic like bikes or cars coming their way.
Besides safety there is also the issue of hindrance. A
delivery robot needs to deliver its goods or food in a
timely manner, and people gazing at the robot while
standing in its way will inevitably slow it down. If
conveying the function of the robot well could lower
the chance of pedestrians bothering the robot while
it is performing its duties, this would be valuable
information to companies looking to deploy mobile
robots on a large scale. Also, if conveying the robot’s
function well decreases the time spent gazing at the
robot, this would lead to pedestrians paying better
attention to the road thus improving overall traffic
safety.

Therefore, to find out whether the extent to which
the function of a mobile robot is conveyed influences
how pedestrians interact with it, a between-subject
observational study was conducted in Bunnik, the
Netherlands, to investigate the behavior of pedestri-
ans towards two different designs of a mobile robot.
The first design was a robot that showed no clear
function. The second design was a "Garbage bot"
aimed to convey the function of transporting garbage.
The latter design’s function was clear and fit well in
the context of the green area of Bunnik, where the
local government is known for its effort of keeping
the area clean. The two robot designs can be seen in
Figure 3. In the present observational study, interac-
tions between pedestrians and the garbage bot were
compared to interactions between pedestrians and
the robot that showed no clear function. During the
observational sessions the robot was placed on the
sidewalk after which the observer inconspicuously
took place at a nearby picnic table and started taking
notes of passing pedestrians’ behavior towards the
robot. The taxonomy for pedestrian behavior used in
this study was adapted from a study by Usher and
colleagues who created such a taxonomy for possible
response behavior of pedestrians when interacting
with a mobile robot (Usher et al., 2017). The obser-
vational study aimed to collect data which could
provide insights into the behavior of pedestrians
towards the robot. More specifically, the data from
the observations was used to find an answer to the
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following research question:

How does a pedestrian’s perception of a robot’s func-
tion in its context influence their behavior towards this
robot?

The expectation for this study was that pedestri-
ans encountering the robot with no clear function
would be more likely to ignore the robot compared
to pedestrians encountering the Garbage bot. This
hypothesis was mainly based on the findings of Liu
and colleagues where pedestrians paid more atten-
tion to AVs when they did not understand what the
robot was doing. Thus, a clearly conveyed function
could help pedestrians understand what the robot is
doing and decrease the attention given to the robot.
It was also expected that a robot with an unclear
function would cause curiosity of pedestrians poten-
tially leading to them feeling more inclined to take a
close look at the robot.

The following section will provide details on the
method used in this study, including information on
participants, materials, design, procedure and mea-
sures. Then in the results section the data from the
observations is visualized after which it is analyzed
further with a Bayesian Logistic Regression model. In
the discussion section these results are reflected upon.
This section will also elaborate on the limitations of
the current study as well as potential future work,
and at the end a conclusion of the present study will
be drawn.

II. Method

Participants

In this study a dataset was created from observa-
tions of two groups of participants. The time frame
of this research project allowed for observation of 483
participants (222 Male ; 261 Female). The groups of
participants consisted of pedestrians that happened
to walk past the robot in a naturalistic setting in
Bunnik, the Netherlands. The estimated ages of the
pedestrians ranged from 25 to 70 years old (M = 43.14,
SD = 13.38).

For the data collection, any pedestrians that en-
countered the robot when walking in groups of 2
or more were seen as a single observation of an

encounter. Thus for the data analysis the number
of encounters was used, where an encounter in-
cluded either a single person or a group of 2 or more
people. This was done because whenever people
walked together, the behavior of the person walking
in front was usually copied by the other people. Nat-
urally, whenever one person of the group for instance
stopped to look at the robot the others stopped as
well. If these groups would be split up during data
analysis, their data could be misleading because if
they had walked on their own they might not have
stopped. In total 294 observations were made of
interactions between pedestrians and the robot, 147
observations per participant group. This number was
balanced by, on the last day of observations, ending
the observation session slightly early when the num-
ber of observations for both participant groups were
levelled out.

The experiment was approved by the ethics com-
mittee of Utrecht University. An informational flyer
was made that the experimenter could give to the ob-
served pedestrians after they encountered the robot
in order to obtain consent for using their anonymous
data in the current study. Giving the flyer (or verbally
asking consent) after taking note of the observed be-
havior prevented the pedestrians from changing their
behavior towards the robot due to knowing they were
part of an experiment. If any of the participants did
not want the data from their observations to be used,
the data was removed from the study.

Materials

For the experiment a mobile robot was used to
make observations. This robot was borrowed from a
company called "More Work Less Carbon" (MWLC)*,
which is based in Utrecht, the Netherlands. The robot
designs can be seen in Figure 3. There are cameras
attached on both the front and back part of the robot,
which are normally used by the robot to gather vi-
sual information in order to navigate the road, but
for this experiment the robot was standing still and
thus the cameras were not used. The robot on the left
in Figure 3 was used in the control condition of the
experiment. For the Garbage bot condition this same
robot was used but with a compartment mounted
on top which was carrying (seemingly transporting)
PMD waste. The components used for this design
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were:

• A transparent plastic box

• A PMD waste bag filled with plastic (mostly
packaging material)

• Materials to mount the box on top of the robot,
which included: screws, nuts, metal bars and a
hex key.

In order to effectively observe pedestrians an incon-
spicuous setup was created for the observer to ensure
that they would not draw the pedestrians’ attention.
The observer was placed at a picnic table near the
robot and was having lunch during the observations.
The observer wore headphones and had a mobile
phone in their hands to take notes of observations.
The notes were made in Google docs on the mobile
phone†. After observations the notes were entered
into a Microsoft Excel sheet for later use in data anal-
ysis. Data analysis was done on a pc with the latest
versions of programming languages Python and R.

Figure 3: Robot design in the Control condition (left) vs Robot
design in the Garbage bot condition (right)

As mentioned in the previous paragraph, a con-
sent flyer was made that could be given to observed
pedestrians to inform them of their anonymous data
used in the study. The consent flyer is shown in Ap-
pendix A. Most of the time giving the flyer was not
necessary because most observed pedestrians were
enthusiastic about the study and had no problem

with their anonymous data being used for research
purposes.

Design

In order to find out whether a pedestrian’s percep-
tion of a robot’s function in its context influences their
behavior towards this robot, an experiment was run
over the course of 6 weeks at a pedestrian walkway
in the green area of Bunnik, the Netherlands. Obser-
vations of this area prior to the study revealed that
the area is popular for people to go on a walk around
noon and that people from different age groups walk
by, which was beneficial for the study. The intervals
between passing pedestrians made this area more
suitable for the current study compared to for in-
stance a crowded shopping center street, because the
intervals allowed for the observer to takes notes of
the observed behavior as well as, where possible, ap-
proach the passing pedestrians to tell them they were
observed for the study.

In the experiment the robot was standing still on
a pedestrian walkway. Two designs were used for
the robot in the experiment, as seen in Figure 3. The
robot on the left was used in the control-condition.
For this design the function of the robot was not
clear. Therefore, the reactions to this robot formed a
baseline to which the results from the Garbage bot
design could be compared. The Garbage bot had
a function that fitted well within the context. The
robot was standing on a pedestrian walkway in an
area that is known for its green environment. The
local government makes a great effort to keep the
area clean by often sending workers to gather and
transport garbage. Therefore, a robot with a function
of transporting garbage fits well in the context.

Given the naturalistic setting of the experiment,
it was not possible to influence the type of people
participating in the study. However, an attempt was
made to create two homogeneous participant groups.
Therefore, the observations made during this study
were all made between 12:00 and 14:00 on weekdays,
to increase the chance of the pedestrians encountered
in one group being similar to those in the other group.
Observations were only made on days without pre-

†The notes can be accessed here.
*Thanks to Hans Steuten and Jan-Willem van Bentum (MWLC)

for their collaboration and for providing the robot used in this
study.
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cipitation, because this could influence pedestrians’
behavior as well as decrease the number of pedestri-
ans encountered during observations.

Figure 4 shows the layout for the experiment. The
robot’s location is shown with a cyan color, the ob-
server with yellow and the pedestrians are shown
in red. The observer’s location had a clear overview
of the robot and passing pedestrians. It was close
enough for the observer to be able to see the pedes-
trians as well as intervene where necessary, and far
enough to not draw any unwanted attention.

Figure 4: The spatial layout of the experiment (Google, (n.d.))

This experiment had a between-subjects design.
The pedestrians interacting with the robot from the
control condition formed participant group 1, and
their behavior towards the robot was compared to the
behavior of the pedestrians that interacted with the
robot from the Garbage bot condition, who formed
participant group 2. Random sampling was used
in this study to ensure pedestrians were randomly
assigned to either one of the two participant groups.
On day 1 of observations the robot from the con-
trol condition was used, on day 2 the robot from
the Garbage bot condition was used, on day 3 the
robot from the control condition again and so on.
At certain points during the study the number of
observations per condition were far apart due to the
fact that some days more pedestrians walked by the
robot than on other days. Therefore, whenever the
number of observations per condition were “drifting
apart” the robot design that had fewer observations
was used two days in a row to level out the number
of observations in both conditions.

When conducting a study that includes obser-
vations it is crucial to take "observation bias" into
account. Observation bias, or also known as the

Hawthorne effect, refers to a change in behavior of
participants in a study when they realize they are
being observed. A strong method that can elimi-
nate the observation bias is the covert observation
method. This is an observational method in which
participants have no idea they are being observed
(Wu et al., 2017). Thus, in this study, pedestrians in-
teracting with the robot were not told they were part
of an observational study until after the interaction.
The benefit of covert observation is that it results in
a higher external, and more specifically, ecological
validity. The higher ecological validity is due to the
fact that the trials took place on a public road, where
pedestrians were unaware that they were observed
at the moment of interaction. Therefore, the study’s
findings give insight into the behavior of pedestrians
towards small mobile robots in a real-life setting. The
higher external validity stemmed from the random
sampling of pedestrians that coincidentally encoun-
tered the robot, in an area of the Netherlands that
is representative for at least a large portion of the
country.

In order to test the experimental setup a pilot
study was conducted. In the pilot experiment the
setup as shown in Figure 4 was used. The main rea-
sons for the pilot experiment was to test the chosen
method as well as to see whether any unforeseen
circumstances would occur that needed to be taken
into consideration for the rest of the study. The robot
from the control condition was used in the pilot study.
The experimenter placed the robot on the pedestrian
walkway and observed for 1.5 hours between 12:00-
14:00 on a weekday. The pilot study confirmed a few
assumptions as well as that it helped gain insight into
certain factors that could influence the observations
made.

First of all, with Bunnik being a very green and
quiet area, it is a popular spot for runners. During
the pilot experiment two people who were on a run
encountered the robot. These people ran straight
past it while barely looking at it (other than ensuring
they would not run into the robot). Given the “goal
setting” nature of this sport, it makes sense that in
order to, for instance, maintain a steady running pace
or run a certain distance within a certain amount of
time, these people would refrain from stopping to
look at the robot regardless of the way it looks. There-
fore, in order to prevent data from runners skewing
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the results, it was decided to leave out any observa-
tions of runners encountering the robot.

Secondly, an assumption made in the design of
the experimental setup was that the observer would
not be easily noticed, let alone be seen as part of the
experiment, due to the inconspicuous setting created.
Based on reactions from observed pedestrians this
assumption seemed correct. Often the pedestrians
did not even notice the observer at all. According to
the participants this was mainly due to the fact that
it is common for people to sit down and have lunch
in this area.

Lastly, an insightful observation during the pilot
study was one where the pedestrian was upset about
the fact that they felt like they were being recorded.
The observer explained to the pedestrian that the
cameras were not used for this experiment and ex-
plained the nature of the experiment. The pedestrian
mentioned that “someone” might become angry with
the presence of a robot fitted with cameras and could
push it into the creek nearby. This encounter empha-
sized the need for the observer to be close enough
to intervene in the case that a displeased pedestrian
might show this type of griefing behavior.

Procedure

In table 1 information on the different observation
sessions is shown. The observations were made on
weekdays and exclusively on days without precipi-
tation. In week 1 a pilot study was done to test out
the experimental setup. On the day of the pilot study
the robot was picked up from the storage location
near the experiment location, and was carried to the
experiment location by the observer. Then for 1.5
hours between 12:00 – 14:00 observations were made
of interactions between passing pedestrians and the
robot. At the start of the observation sessions the
observer sat down at the picnic table and started up
the Google Docs document on their phone to take
notes of the observed behavior. Where possible the
pedestrians were approached to explain the nature
of the experiment and were asked consent for using
their anonymous data. If necessary the consent flyer
was given out. After observing for 1.5 hours the
robot was carried back to the storage location and

the session was ended. Due to the setup of the pi-
lot study being successful the following observation
sessions followed a very similar routine. At pickup
the robot design was prepared, which meant that
the transparent box with the PMD-waste bag either
had to be mounted on top of the robot if the robot
from the Garbage bot condition was to be used, or
demounted if the robot from the control condition
was to be used. The robot was then carried to the
experiment location by the observer. Then, just like
in the pilot study, observations were made of interac-
tion between pedestrians and the robot for 1.5 hours
within the time frame of 12:00-14:00. Notes were
made on Google docs again by the observer, who
was sitting at the picnic table. After observing, the
robot was brought back to the storage location and
the session was ended.

Table 1: Data collection sessions
Session Condition Observations‡

1 (Pilot) Control 32
2 Garbage bot 26
3 Control 19
4 Garbage bot 18
5 Control 27
6 Garbage bot 14
7 Control 29
8 Garbage bot 38
9 Garbage bot 51
10 Control 17
11 Control 23

Total: 294

Measures

For making observations of the interactions be-
tween pedestrians and the mobile robot, a coding
scheme was required. Coding schemes are catalogs
that classify the behavior of interest for the study
being conducted (Kim et al., 2010). As mentioned in
the introduction, Usher and colleagues created a tax-
onomy for possible response behavior of pedestrians
when interacting with a robot. This taxonomy was
used as a basis for a coding scheme that could be
used for the observations in the current study. Table

‡A single observation in the experiment is the observed be-
havior of either an individual or a group of 2 or more people
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2 shows the coding scheme used in this study. Some
parts of the taxonomy were slightly adjusted to fit
better with the conditions and environment of the
experiment. The original taxonomy used distance to
the robot as a factor, but this was irrelevant in this
study because pedestrians would always come very
close to the robot when passing it, due to narrow
walkways. Thus, the behavior was not categorized
on distance to the robot but solely on the action (or
inaction) of the pedestrian towards the robot, as well
as their walking behavior. A second adjustment that
was useful in order to turn the taxonomy into an
effective coding scheme was to number the response
types.

Table 2: Coding scheme used during observations (Adapted from
(Usher et al., 2017)

Response
Category

Response
Type

Response
behaviour

Attraction 1: Interact Stop and
interact

Attraction 2: Watch Stop and
observe

Attraction 3: Curious Slow down
and observe

None 4: Ignore No reaction to
robot

Repulsion 5: Cautious Avoid - small
path deviation

Repulsion 6: Avoid Avoid - large
path deviation

Using a coding scheme in this experiment was benefi-
cial as it allowed for quick notes of observations. This
was especially useful when multiple people would
walk past the robot in quick succession. For each
pedestrian that walked past the robot, the observer
noted down 6 characteristics, resulting in six data
points. First of all the behavior was noted down
according to the coding scheme. Then the group
composition was noted down by writing down an
‘A’ for each adult and ‘C’ for each child. After this
the gender of each pedestrian was noted down with
either an ‘M’ or an ‘F’ for male/female. Then the
estimated minimum age of the pedestrian was noted
down. If a group of pedestrians were estimated to be
roughly the same age only one age was noted down,
but if pedestrians were estimated to have different
ages the age of each pedestrian was noted down sep-

arately. If the pedestrians were walking their dog this
was noted down with a "Y" for "Yes" or, if they were
not, a "N" for "No" in the designated "Pet" column.
If anything out of the ordinary was observed, like a
pedestrian taking a photo, this was noted down in a
dedicated comment section.

Each day, after data collection, the data from the
observations was entered into an Excel sheet. When
all data was collected the data of all observation ses-
sions was aggregated into a single Excel sheet. The
benefit of having the data in an Excel sheet was that
it could be easily accessed with Python or R for (sta-
tistical) data analysis.

Statistical Analysis

1 Data Cleaning

Missing and incorrect values During the transfer
of the data from the observer’s notes to the Excel data
sheet, some data points were forgotten and thus a
few cells in the data sheet had missing values. These
values were later filled with the help of the observers
notes. For the notes on age estimate, in some cases
two people walking together were of a different age.
In the data this would be denoted as for instance
"35/65". For those data points the two ages were re-
placed by a single number representing the average
of the two ages.

Outliers Due to the dependent variable in this
study being a categorical variable, it is unconven-
tional to talk of "outliers" as there can not really be
an "extreme" value. However, if very few data points
were collected for certain behaviour categories, this
could be relevant in determining what data was use-
ful to add to the Logistic Regression model.

In the current study the response types defined
as: "Interact", "Cautious", and "Avoid", were rarely
observed during the sessions, and could thus be seen
as categorical "outliers". For those pedestrians that
exhibited the "Cautious" and "Avoid" behavior it was
hard for the observer to determine whether the robot
was the cause of this behavior, because pedestrians
could have just wanted to take a shortcut or have
changed their mind on which route to walk, thereby
coincidentally avoiding the robot by changing their
walking direction. For the "Interact" response type
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there were only three occurrences, two of which
occurred when two men were guiding two handi-
capped women along the path. The handicapped
women naturally moved extremely slow, which led
to the men guiding them spending a lot of time next
to the robot, patiently waiting for the women to catch-
up. This inevitably led to interaction with the robot.
Thus, due to indications that these already rare occur-
rences of behavior were likely influenced by external
factors, the data points of the three response types
"Interact" , "Cautious" and "Avoid" were dropped
from the data set.

For the Composition category, the group compo-
sitions of three or more people, as well as groups
containing children, were rarely observed. Therefore,
due to an inability of drawing strong conclusions due
to low amounts of data for these group compositions,
the data of groups larger than three people as well as
the data of children was removed from the data set.

Finally, the number of observations of pedestri-
ans walking their dog was very limited, therefore
the data of pedestrians walking with pets was not
analyzed.

Binning For some categories, like age, there were
many groups within that category. This led to a
low number of observations for those groups. For
example, only 17 observations were made of people
estimated to be 60 years of age. These 17 observations
are not enough to conclude something about behav-
ior of this age group. Therefore, data binning was
applied to aggregate data into larger groups so that
each group contains enough data to be able to form
a conclusion on the potential difference in behavior
between these groups. For the Age category partic-
ipants were split into two groups: "Young Adults"
and "Adults". The ages in the Young adults group
ranged from [25-44] and the ages in the "Adults"
group ranged from [45-70]. The Gender category
was reduced from five groups (M, MM, F, FF, MF)
to three groups (Male, Female, Mix), where the ob-
servations of individuals and duos were aggregated
for groups "Male" and "Female". As mentioned in
the previous paragraph, data of three response types
of "Behavior" were removed from the data set. This
left the responses types of "Watch", "Curious" and
"Ignore". As seen in table 2 the first two response
types belong to the "Attraction" category while the

latter response type belongs to the "None" category.
In order to effectively compare responses the data
was grouped into two contrasting behavior types "At-
tract" and "Ignore", where the "Attract" group thus
contained all "Watch" and "Curious" responses.

2 Bayesian Data Analysis

For the analysis of the data in this study a
Bayesian approach was preferred over classical meth-
ods. Bayesian statistics focus on calculating a poste-
rior distribution, normally using the following for-
mula:

p(θ|Y) = p(Y|θ)p(θ)
p(Y)

(1)

In this formula θ contains the model parameters and
Y contains the data. The posterior distribution is
calculated using the likelihood, prior distribution
and marginal likelihood. Firstly, The likelihood is
defined as p(Y|θ) and refers to the distribution of
the data given the parameters. Secondly, the prior
distribution is defined as p(θ) and describes the dis-
tribution before any data is seen. Lastly, the marginal
likelihood is defined as p(Y) and has the purpose
of normalization to ensure that the computed poste-
rior distribution is a probability distribution (Bürkner
and Vuorre, 2019).

Although Bayesian statistical models are often
computationally expensive, this approach was pre-
ferred over classical approaches due to a higher
model flexibility and overall more elaborate and in-
formative results (Bürkner and Vuorre, 2019).

Besides the general advantages of Bayesian statis-
tics mentioned in the previous paragraph, the pref-
erence for the Bayesian approach also stems from
the subtle and slightly philosophical difference in
interpretation of results between Bayesian statistics
and classical frequentist methods. In a study like
the one discussed in this paper where there are two
conditions, classical statistical models would try to
find a significant difference for these two conditions.
If a significant effect would be found with a "Con-
fidence Interval" of for instance 95%, this would be
interpreted as an implication that repeating the exper-
iment many times would result in finding the same
results 95% of the time. Credible Intervals, as used
in Bayesian statistics, indicate a 95% probability that
the estimated parameter value lies within a certain
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interval.
The aspect of Bayesian models predicting an out-

come fits well with the purpose of this particular
study. Knowing the probability of pedestrians show-
ing a certain behavior is useful knowledge for the
robot because it can use this knowledge to anticipate
pedestrian behavior and ensure that tasks are not
slowed down or undesirably influenced in any way
by pedestrian behavior (e.g. a mail delivery robot
preventing pedestrians from unnecessarily slowing it
down during delivery tasks).

III. Results

Before looking at the results of the data analysis
it is worth mentioning some of the rarely observed
behavior that was not categorized in the taxonomy
of Table 2. A few pedestrians who stopped to look
at the robot took out their phone and started tak-
ing pictures of the robot. Also, as mentioned in the
method section, one pedestrian was upset because
they felt like they were being recorded. They started
a discussion with the observer about their displea-
sure regarding the robot. Two children that were
observed during the study showed interesting behav-
ior, with one child poking the robot with a wooden
stick, and another child shouting about an intention
to destroy the robot. The rarely occurring behavior
mentioned here will be further reflected upon in the
Discussion section of this report.

The next chapters will go into the descriptive
statistics summarizing the data. After that an in
depth description is given of the Binomial Logistic
Regression model used to further analyze the data.

1 Descriptive Statistics

After data cleaning, the resulting data set con-
tained information on 269 observations. As men-
tioned earlier, the response behavior data was
grouped into the two contrasting behavior categories
"Attract" and "Ignore". In the following paragraph
the raw data counts of the two behavior categories
are shown for both conditions in the study, as well
as the difference in counts of the two behavior cate-
gories based on Gender, Age and Composition. The
stacked bar charts visualize the proportion of pedes-
trians that ignored the robot. After discussing the

count data, the findings of further analysis of the data
using the Logistic Regression model is discussed.

Figure 5: Counts of behavior "Attract" and "Ignore" for the
category Function

Robot Function The data for the two participant
groups is shown in Figure 5. In the participant group
that encountered the robot that showed a clear func-
tion (Garbage bot), 19.1% showed the "Attract" be-
havior and 80.9% showed the "Ignore" behavior. For
the participant group that encountered the robot that
did not show a clear function, 46.6% showed the
"Attract" behavior and 53.4% showed the "Ignore"
behavior. Thus, the proportions show the expected
effect of an unclear robot function causing pedestri-
ans to show interest in the robot more frequently.

Gender For the attribute Gender there were three
categories: Female, Male and Mixed. The data
for Gender is shown in Figure 6. For the Female
group 15.6% showed the "Attract" behavior and 84.4%
showed the "Ignore" behavior. For the Male group
this was 41.9% for "Attract" and 58.1% for "Ignore".
For the Mix group this was 42.4% for "Attract" and
57.6% for "Ignore". The graph shows that the propor-
tion of pedestrians ignoring the robot was higher in
the Female group, compared to the Male and Mix
groups. It should be taken into account here that
the category "Mix" exclusively contains duos (a man
and a woman) whereas the groups of Female and
Male contain the aggregated data of individuals and
duos. Thus, any difference between group Mix and
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the other groups could partially be attributed to the
effect of Composition.

Figure 6: Counts of behavior "Attract" and "Ignore" for the
category Gender

For the Age characteristic there were two cate-
gories: Young adults and Adults. Figure 7 shows
the data of these two age groups. In the group of
Young adults 34.0% showed the "Attract" behavior
and 66.0% showed the "Ignore" behavior. For the
Adult group this was 31.2% for "Attract" and 68.8%
for "Ignore". The data showed that there was barely
any difference in behavior between these two age
groups.

Figure 7: Counts of behavior "Attract" and "Ignore" for the
category Age

The Composition characteristic had two cate-
gories: Individual and Duo. Figure 8 shows the
data for this characteristic. In the group of individ-
uals 27.5% showed the "Attract" behavior and 72.5%
showed the "Ignore" behavior. For the group of duos

this was 36.9% for "Attract" and 63.1% for "Ignore".
The data shows that the proportion of pedestrians ig-
noring the robot was slightly higher with individuals
compared to duos.

Figure 8: Counts of behavior "Attract" and "Ignore" for the
category Composition

2 Binomial Logistic Regression

The proportions of the response behavior dis-
cussed in the previous paragraphs give an indica-
tion of the effect of both the function of the robot
as well as characteristics of the participants on the
pedestrians’ behavior towards the robot. To further
analyze the effect of the robot function and pedestri-
ans’ Gender, Age and Composition on the behavior
exhibited towards the robot, a statistical analysis was
done using a Binomial Logistic Regression model.
Binomial Logistic Regression is an effective method
of calculating predictions of a dichotomous outcome
variable. This is a variable that has two outcomes,
and the model predicts the probability of one of the
outcomes (Schüppert, 2009). In the current dataset
the dichotomous outcome is the dependent variable
"Behavior", which is either "Ignore" or "Attract". In
the following chapters the model selection process as
well as the output of the chosen model are discussed
in detail.

Brms To create the models an R package called
"BRMS" was used. This package allows for creating
models in R using the probabilistic programming
language Stan. After creating a model in R the code
is compiled to Stan code and run, after which the
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results are returned in an R object. The package has
the advantage of being able to create the model in R
while benefiting from the great modeling flexibility
provided in Stan (Bürkner, 2017).

3 The Model

In this study pedestrians’ characteristics were
noted down during observations so that these char-
acteristics along with the main manipulation of the
study could be added to a model to determine which
variables could predict pedestrians’ behavior towards
the robot. Multiple models were created and com-
pared to find the model with the most predictive
power. The following paragraph will discuss the
model selection process.

Model Selection The first model created was one
that incorporated all four predictor variables Func-
tion, Age, Gender and Composition. The second
model used these same predictors but additionally
looked at interactions between those predictor vari-
ables. The first model’s output predicted an effect
of Function and Gender on pedestrian behavior, but
did not predict an effect of Age and Composition on
pedestrian behavior. Therefore, a third model was
created that only used Function and Gender as pre-
dictor variables. In order to compare the predictive
power of these models the loo() function of the BRMS
package was used. This function applies the approxi-
mate Leave-one-out cross validation (ALOOCV) tech-
nique. The approximation lowers the computational
cost of the Leave-one-out cross validation (LOOCV)
technique (Beirami et al., 2017). Leave-one-out cross
validation is a commonly used method for comparing
Bayesian models on their estimated predictive perfor-
mance on new unseen data (Sivula et al., 2020). Table
3 shows the result of applying the loo() function to
the three models.

Table 3: Model comparison
elpd_diff elpd_se

Model3 0.0 0.0
Model1 −1.0 1.1
Model2 −4.1 1.9

The output of the loo() function in BRMS always puts
the best performing model at the top and compares

the other models to it. The "elpd_diff" column shows
the difference in predictive power. The details of the
calculations of the "elpd" scores are not relevant for
the comparison, but the difference can be seen as the
extent to which the models differ in their predictive
power. As a rule of thumb, any difference lower than
4 can be seen as a small difference (Sivula et al., 2020).
The difference between model 3 and 1 is low indi-
cating only a slight difference in predictive power
with that model. The difference between model 3
and 2 appears to be substantial as it is a difference
of slightly more than 4. Based on the model com-
parisons, model 3 was chosen for further analysis of
the data. The unused models 1 and 2 are shown in
Appendix B. The following paragraphs will provide
an in depth description of model 3 as well as discuss
and visualize the predictions of this model.

Model Fitting The brm() function of the BRMS
package was used to fit the models. The following
code snippet shows the code for model 3:

model3 <- brm(
formula = Behavior ~ Function+Gender ,
data = obs ,
family = "bernoulli",
prior = c(

prior("normal (0,1)",
class = "b"),
prior("normal (0,1)",
class = "Intercept")),

warmup= 2000, iter = 5000,
file = "model3"

)

The main argument f ormula identifies the de-
pendent variable on the left of the ∼ sign and the
predictor variables on the right. The + sign was put
in between predictor variables to indicate no inter-
action between predictors was desired. The f amily
argument describes the distribution of the response
variable. In this case bernoulli is used because this
distribution is effective for a dichotomous dependent
variable (Bürkner, 2017). The prior can be used to
incorporate knowledge from previous studies. Given
that the literature study did not yield any data on
what to expect in this study, a weakly informative
prior was used for every effect in the model. A
weakly informative prior entails a prior that incorpo-
rates an assumption of the "extremeness" of an effect.
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The alternatives are an informative prior that would
incorporate prior knowledge or a non-informative
prior that models no assumptions or prior knowl-
edge whatsoever (Lemoine, 2019). The priors for
the regression coefficients in this model were speci-
fied globally with a normal distribution. The normal
distribution had a mean of 0 and a standard devi-
ation of 1. This narrow distribution represents the
assumption that the study would not result in "ex-
treme’ results. In other words, it was not expected
that any of the predictor variables would cause the
extreme effect of either "Ignore" or "Attract" to be
near 100% of the response in one of the predictor
variable categories.

Model output An abbreviated version of the out-
put of the model can be seen in Table 4. The output
contains the coefficient table that is based on the pos-
terior distribution. For each term under "Population-
level Effects" the table shows the posterior mean
and the 95% credible interval. The first item under
"Population-Level effects" is the Intercept. For each of
the two predictor variables Function and Gender the
Intercept takes one random group within that cate-
gory and uses it as the reference category. This means
the Intercept describes the posterior distribution for
the group of pedestrians that fit in the reference cat-
egories: (Function:Clear, Gender:Female). In other
words, the Intercept describes female pedestrians
that encountered the Garbage bot. The other items
in the list are compared to the Intercept to measure
the effect of the particular predictor variables. The
item "FunctionUnclear", for instance, describes the
group of female pedestrians that encountered the
robot with no clear function.

Table 4: Summary of the Regression parameters in the model
fitted to the pedestrian behavior data

Population-
Level Effects

Estimate 95% Credible
Interval

Intercept 2.35∗ [1.74; 2.99]
FunctionUnclear −1.36∗ [−1.92;−0.82]
GenderMale −1.38∗ [−2.07;−0.72]
GenderMix −1.21∗ [−1.86;−0.58]
∗ 0 outside 95% credible interval.

The values under "Estimate" are the log odds ra-
tios of the response variable "Behavior". The odds

ratios can be extracted from these log values by tak-
ing the exponent, following this formula:

P(y = 1)/P(y = 0) = exp(µk) (2)

In this formula, "y" corresponds to the "Behav-
ior" category with the binary options 1 (Ignore) and
0 (Attract). To illustrate, taking the Intercept as an
example, the odds ratio for that group would be
exp(2.35) = 10.48. This means that the odds of
the behavior "Ignore" are 10.48 times higher than
the odds of the behavior "Attract" for the group de-
scribed in the Intercept, which are female pedestrians
encountering the robot that shows a clear function
(Garbage bot).

The log odds ratios for each Population-Level
effect gives an indication of the effect of particular
predictor variables. The further away from 0, the big-
ger the effect. Negative estimates indicate a higher
chance of the "Attract" behavior compared to the
group described in the Intercept, and positives esti-
mates indicate the opposite. In Table 4 the estimates
for which 0 is not in the 95% credible interval are
indicated with an asterix (∗). When 0 is not in the
95% credible interval, we can conclude with at least
95% probability that the predictor variable had an
effect on the pedestrian’s behavior towards the robot.
When looking at Table 4 it shows that this was the
case for the function of the robot, which was the main
manipulation of this study. According to the table it
appears that pedestrians’ gender also had an effect
on the probability of them ignoring the robot.

Figure 9: Predicted probabilities of the behavior "Ignore" for
predictor variable Function
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Using the marginal_e f f ects() function in BRMS
we can plot the effect of any of the predictor vari-
ables. Figure 9 shows the effect of the main manip-
ulation Function on the probability of pedestrians
ignoring the robot. The dots represent the predicted
probability of behavior "Ignore", with the error bars
representing the 95% credible intervals for the proba-
bilities. The graph shows that according to model 3’s
predictions, pedestrians are more likely to ignore the
robot with the clear function (Garbage bot) compared
to the robot with the unclear function. The credible
intervals are wide, especially for the predictions of
the robot with an unclear function, indicating that the
model’s predictions (the dots) are not very accurate.
However, given that the error bars do not overlap we
can be confident that there is an effect of Function on
pedestrian behavior towards a mobile robot.

Figure 10: Predicted probabilities of the behavior "Ignore" for
predictor variable Gender

Figure 10 shows the predicted probabilities of be-
havior "Ignore" for the category Gender. According
to model 3’s predictions, female pedestrians are more
likely to ignore the robot compared to male pedes-
trians. When men and women are walking together
they are less likely to ignore the robot compared to
female pedestrians. It should be taken into account,
as mentioned before, that the group "Mix" exclusively
contains duos whereas groups Male and Female con-
tain aggregated data of men and women. However,
given that our first model was not able to predict any
effect of Composition, it would be safe to assume
that the difference between groups Mix and Female
can, for the most part, be attributed to the effect of
Gender.

IV. Discussion

This study aimed to find out whether pedestri-
ans’ perception of a robot’s function in its context
would influence their behavior towards that robot.
The results have shown that when the function of the
robot was clear, pedestrians became much less likely
to stop and approach the robot compared to when
the function of the robot was unclear, in which case
pedestrians more often stopped to watch the robot
or slowed down their walking speed to have a look
at the robot.

Besides this main finding the results also showed
that Gender had an effect on the likelihood of pedes-
trians ignoring the robot. Female pedestrians were
more likely to ignore the robot compared to male
pedestrians as well as men and women encountering
the robot together. The results indicate that men tend
to have more curiosity towards the robot resulting in
men stopping to look at the robot more often than
women. The data of the "Mix" category indicate that
men show this same behavior when walking together
with a woman.

For the results of the model discussed in the pre-
vious paragraphs the credible intervals between the
compared groups did not overlap, indicating that
we can be confident in concluding these effects were
present. The first model that we discussed did not
show any evidence of an effect of age or group com-
position on the behavior towards the robot. For the
effect of age it should be taken into account that, if
there had been enough data to compare smaller age
ranges (e.g. age ranges like [25-34]) there could po-
tentially have been differences between these smaller
age groups. For group composition the data of
groups larger than three were not taken into con-
sideration due to a low number of observations of
groups larger than three. Given that the model did
indicate a slightly higher chance of ignoring the robot
for individuals, it could be the case that the chance of
pedestrians ignoring the robot is higher with groups
larger than three compared to duos and individuals.

In the introduction several studies were discussed
related to mobile robots. Research was done into the
effect of design choices like robot velocity and an-
thropomorphism on people’s behavior towards these
robots, but not on the effect of conveyance of func-
tion. The current study provided new information on
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the effect of how well a robot conveys its function on
pedestrian behavior towards the robot and therefore
contributed to a more complete understanding of the
effect of mobile robot design choices on pedestrian
behavior towards these robots.

During the observation sessions pedestrians were
assumed to encounter the robot for the first time,
which means that there was likely a novelty effect
in the encounters. This effect was researched by
Koay and colleagues who saw a change in behavior
towards mobile robots over the course of multiple
encounters. Kim and colleagues found similar results
in their study on the novelty effect. Although the
novelty effect has an impact on the generalizability of
the current study’s findings, it does not undermine
the results due to the fact that for both designs of
the robot the novelty effect would have been present,
allowing for an effective comparison of behavior to-
wards the two robot designs.

The behavior displayed by the child that poked
the robot with a stick and the other child that shouted
about intentions to destroy the robot were in line with
the findings of Brščić and colleagues regarding the
griefing behavior of children towards robots. The
pedestrian who got upset about the cameras attached
to the robot showed that the ethical concerns dis-
cussed in the introduction are present in society and
that these concerns should be addressed.

The current study effectively built upon the the
findings of Liu and colleagues that showed evidence
of pedestrians gazing at AV’s longer when it was
unclear what the AV was doing. A longer gaze essen-
tially means more attention to the robot which is, in
the context of for instance delivery robots, unwanted
behavior of pedestrians. The findings of the current
study have revealed that this amount of attention
given to the robot can differ with the extent to which
the robot’s function is conveyed clearly. Ensuring
that a mobile robot’s function is conveyed well can
reduce the amount of attention given to the robot by
pedestrians and increase the likelihood of pedestri-
ans ignoring the robot.

The evidence this study provided of the effect of
the robot’s function on pedestrian behavior impli-
cates that a proper design of a robot that has the task
of inspection or delivering goods can contribute to an
efficient and smooth execution of these tasks. When
the robot conveys a clear function, pedestrians that

encounter the robot are likely to ignore it or at the
very least not let their curiosity negatively impact the
robot’s ability to perform its tasks. For companies
looking to deploy these robots this knowledge can
be valuable because it can help with the efficiency
of the robot’s tasks. When taking Australia Post’s
robot as an example, ensuring that the robot conveys
in a clear way that it is delivering mail should de-
crease the likelihood of pedestrians interfering with
the robot’s task. Increasing the efficiency of the robot
in terms of number of packages delivered per hour
could increase revenue as well as contribute to the
satisfaction of customers. The same would apply to
Starship’s food delivery service. For food delivery
it is arguably even more crucial that delivery times
are kept to a bear minimum, given that the food gets
colder the longer it takes and customers do not want
to wait too long for their food to arrive when they
are hungry. Thus these companies would benefit
from spending time on the design of their robot and
ensuring that it conveys its function well.

While the findings for the effect of Gender on
behavior towards the robot might not be of great
importance for the field of mobile robots, it does
illustrate that specific characteristics of pedestrians
can have an effect on their behavior towards mobile
robots. Although the current study did not obtain
enough data on elderly people and people under
25, it could be that these groups behave differently
towards mobile robots. Companies deploying mo-
bile robots could program them in such a way that
they use pedestrians’ characteristics to determine the
likelihood of them approaching the robot. The robot
could then try to avoid people with characteristics
that indicate a higher chance of interference. The
method of Brščić and colleagues who programmed a
robot to stay close to adults and steer away from chil-
dren perfectly illustrates such an implementation of
pedestrian knowledge to allow the robot to perform
its tasks more efficiently.

Limitations

Stationary Robot In this study observations were
made of pedestrians who passed a stationary robot.
The robot used in this study is designed to drive
autonomously, but did not do so during the observa-
tional sessions due to limited human resources paired
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with safety concerns. Although the robot, when it is
used in practice, might stand still at several occasions
while performing its tasks, it will likely be driving at
a slow pace for the majority of the time. Reactions to
a driving robot could differ from the reactions to a
stationary robot.

Participants The participants in this study were all
adults with ages ranging from 25 to 70. During the
observational sessions only a handful of children and
adolescents were observed passing the robot. The
data was too scarce to draw any conclusions on the
behavior of children and adolescents towards the
robot. Although the findings in this study are based
on a large demographic age group, children and ado-
lescents still make up for a significant proportion
of the population in the Netherlands. More data of
children and adolescents would have made it easier
to generalize the results of the study to the general
population. Besides the demographic limitation the
method also allowed for participants to be counted
twice in the study. If, for instance, a person encoun-
tered the robot on Day 1 and their behavior was
observed and noted down, there is a slight probabil-
ity that this same person encountered the robot again
on another day, at which point their behavior was
noted down again. The second time the participant
encountered the robot they might have reacted dif-
ferently than they would have if it had been the first
encounter with the robot. This limitation should not
have had a large impact on the findings regarding the
research question, because due to random sampling
the odds of a person encountering the robot for the
second time would have been the same for the two
participant groups.

Observer As described in the method section the
observer was placed at a picnic table close to the
robot. The observer had a clear overview of the robot
and the pedestrians walking past the robot. While it
was necessary for the observer to be close enough to
the robot to be able to approach pedestrians when
needed, it would have been best if the observer had
been out of sight altogether during the interaction be-
tween pedestrians and the robot. A few pedestrians
might have suspected that the observer placed the
robot there and this suspicion could have influenced
their behavior towards the robot.

External factors The field experiments in this study
took place on the public road in a naturalistic setting.
While the choice for a field experiment was justified
by the benefit of the increased ecological validity, it
should be taken into account that results from field
experiments like these can be influenced by extra-
neous variables (e.g. variables that influenced the
results but were not accounted for). The alternative
to a field study would have been to create an "artifi-
cial setting" where the potential effect of extraneous
variables could have been limited, but this would
have had the unwanted effect of significantly decreas-
ing the ecological validity of the study.

Generalizability Although the choice for a field
study increased the ecological validity of the study, it
is still hard to determine whether the results of this
study can effectively be generalized to every situa-
tion. For instance, it could be that pedestrians in a
busy shopping street behave significantly different
towards mobile robots compared to pedestrians in
the relatively quiet and green area where the current
study was conducted. The observational sessions in
this study took place in November and December
which resulted in cold temperatures during those
sessions. It could be that pedestrians walking out-
side when there are warm temperatures in summer
would be in less of a hurry to get to their destina-
tion and be potentially more inclined to interact with
the robot, compared to the pedestrians observed in
the current study, who walked outside in cold tem-
peratures. Another factor that could influence the
generalizability of the study’s findings is the nov-
elty effect. It was assumed in the current study that
most if not all pedestrians encountered the robot for
the first time. Research by for instance Koay and
colleagues indicated that behavior towards mobile
robots can change after multiple encounters. There-
fore, it could be that the observed behavior in the
current study would be different from the behavior
of pedestrians that encountered the robot multiple
times.

Future studies

The findings of this study gave insight into the
effect of pedestrians’ perception of a robot’s function
on their behavior towards that robot. Besides this, it
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has laid some groundwork for future field studies
on similar topics. The data collected during obser-
vational sessions in this study lacked information
on the behavior of children and adolescents, peo-
ple walking their dog and people walking in groups
bigger than three. The field experiments were also
conducted with a robot that was stationary for the
entire duration of the experiments.

Future studies can aim to conduct experiments in
which information can be gained on how adolescents
and specifically children behave towards a mobile
robot. The literature showed that children are known
to be more likely to show griefing behavior compared
to adults. Gaining more knowledge on the behavior
of children could be beneficial due to the ability to
incorporate this knowledge into the robots to "teach"
them to watch out for the potential erratic behavior
of children. Using a driving robot in future studies
as opposed to a stationary robot will provide results
with increased ecological validity due to the robot
used in the study being a better representation of the
robots that will likely be used in real settings. The
literature also discussed the novelty effect when peo-
ple encounter a mobile robot. Future studies could
focus on experimenting with a mobile robot around
the same group of people for a longer duration to
investigate further how people’s behavior towards
mobile robots changes over time.

To gain more knowledge of how pedestrians will
react to mobile robots in society it would be useful if
researchers in future studies would attempt to coop-
erate with companies aiming to deploy mobile robots.
The companies could then, together with researchers,
create a prototype mobile robot that would be a good
representation of a robot that would be deployed in
the future, and have researchers use this prototype in
their studies on pedestrian behavior towards mobile
robots.

Conclusion

The current study aimed to find out whether
pedestrians’ perception of a robot’s function in its
context influences their behavior towards that robot.
The findings found evidence supporting the hypoth-
esis that a robot conveying a clear function increases
the likelihood of pedestrians ignoring the robot. This
finding has emphasized the importance of companies

ensuring that the mobile robots they deploy show
a clear function so that disturbance of the robot by
pedestrians is minimized and road safety is maxi-
mized by reducing the chance of pedestrians being
distracted by the robot. The findings also empha-
sized the possibilities for mobile robots to incorpo-
rate knowledge of pedestrian’s characteristics to aid
them in efficiently executing their tasks.
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Appendix

A. Consent Flyer (Dutch)

B. Unused models

Model 1 code:

model1 <- brm(
formula = Behavior ~ Function+Age
+Comp+Gender ,
data = obs ,
family = "bernoulli",
sample_prior = "yes",
prior = c(

prior("normal (0,1)",
class = "b"),
prior("normal (0,1)",
class = "Intercept")),

warmup= 2000, iter = 5000,
file = "model3"

)

Model 1 output:
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Model 2 code:

model3 <- brm(
formula = Behavior ~ Function*Age
*Comp*Gender ,
data = obs ,
family = "bernoulli",
sample_prior = "yes",
prior = c(

prior("normal (0,1)",
class = "b"),
prior("normal (0,1)",
class = "Intercept")),

warmup= 2000, iter = 5000,
file = "model3"

)

Model 2 output:
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