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Abstract
Research is currently being conducted on the use of robots as human labor support technology. In particular, the service
industry needs to allocate more manpower, and it will be important for robots to support people. This study focuses on using
a humanoid robot as a social service robot to convey information in a shopping mall, and the types of robot behaviors were
analyzed. In order to convey the information, two processes must occur. Pedestrians must stop in front of the robot, and the
robot must continue the engagement with them. For the purpose of this study, three types of autonomous robot behaviors were
analyzed and compared in these processes in the experiment: greeting, in-trouble, dancing behaviors. After interactions were
attempted with 5,000+ pedestrians, this study revealed that the in-trouble behavior can make pedestrians stop more and stay
longer. In addition, in order to evaluate the effectiveness of the robot in a real environment, the comparative results between
three robot behaviors and human advertisers revealed that (1) the results of the greeting and dancing behavior are comparable
to those of the humans, and (2) the performance of the in-trouble behavior in providing information tasks is higher than that of
all human advertisers. These findings demonstrate that the performance of robots is comparable to that of humans in providing
information tasks in a limited environment; therefore, it is expected that service robots as a labor support technology will be
able to perform well in the real world.

Keywords Social service robot · Advertisement · Drawing attention · Field trial

1 Introduction

Social robots have been developed and are presently being
used in our daily lives. These social robots are deployed in the
service industry for various purposes. For instance, social ser-
vice robots are used as museum guides [1], travel guides [2],
shopping guides [3], and for hotel services [4]. Currently,
significant advancements inmachine learning have improved
the performance of robots; however, there are limitations for
the tasks that robots can perform. In the long-term perspec-
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tive, however, robots will gradually improve in performance
and become more necessary in our lives. As robots become
more widespread in our lives, they are expected to become
a labor support technology in society [5] and provide a new
type of customer service as avatar robots [6].

Among the various tasks in the service industry, tasks
of providing information and presenting advertisements in
commercial facilities are expected to be one of the roles that
robots can play [7]. The robot can directly approach a tar-
get customer more efficiently by using its embodiment, as
opposed to the conventionalmethodof providing information
through papers or digital signages. For example, the effects
of some applications of robots wherein they are used for a
variety of services have been validated such as consumers
ordering more food through communicating with robots [8].
Moreover, stakeholders, which includes customers, shop
managers, and mall managers, are positive about introducing
robots in shopping malls [9,10]. Consequently, introducing
robots into commercial facilities is not limited to advertising
and providing information, but they are also highly expected
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Fig. 1 One of the experimental scenes in a shopping mall. The
autonomous robot attempts to convey information about the mall to
pedestrians

to be a part of our future. Despite these expectations, it has
been reported that social robots in the real world tend to be
neglected by users even if the robots talk to them, owing
to the limitations of their abilities [11,12]. To maximize the
effectiveness of robots, it is necessary to not only improve
their capabilities but also to identify the types of behavior
they should display.

In this study, therefore, we investigated robot behaviors in
terms of providing information and advertising to pedestrians
in a shopping mall. The setup of the experiment is presented
in Fig. 1. In particular, the detailed aims of this study are
twofold:

1. This study explores versatile robot behaviors that do
not depend on providing specific types of information
or advertisements. In particular, this study proposes and
verifies the types of robot behaviors rather than detailed
behavioral verifications, such as eye-contact and talk tim-
ing.

2. This study verifies how well the robot works in the real
world by comparing the performance with humans that
give a baseline.

We believe that these aims will lead to a discussion on how
robot behaviors can be applied in general.

In this study, there are three main steps in which robots
successfully provide information. These steps are drawing
the attention of pedestrians to the robot, making pedestrians
stop in front of the robot, and continuing the engagement
until the message is delivered. In these tasks, we believe that
getting pedestrians to stop and conveying the information
to the end are the most difficult tasks. In order to provide
an opportunity for the robot to perform well for these two

tasks, we proposed three types of robot behaviors and per-
form experiments on the robots with these behaviors in a
shopping mall. Based on these results, we discuss what kind
of robot behaviors can trigger people to want to communi-
cate with robots. We also examined whether the proposed
robot system was more effective than human advertisers in
terms of providing information. For robots to support human
labor, they are expected to demonstrate performance equiva-
lent to that of humans. Thus, the comparison results between
the performance of robots and humans are very useful for
stakeholders to consider deploying the robot into a real envi-
ronment. Therefore, four human advertisers were gathered,
and the experiment was conducted under the same environ-
mental conditions as that of the robot. The human advertisers
are simply given the same tasks as the robots, which is pro-
viding pedestrians with information about the store, and they
perform the tasks with some minor constraints. This allows
Experiment II to provide a baseline for comparison with the
robot performance.

The paper is structured as follows. In Sect. 2, relatedworks
are described. The experimental methodologies and results
are described in Sects. 3 and 4, respectively. In Sect. 5, the
discussion based on the results in the two experiments is pro-
vided. Finally, Sect. 6 provides the conclusions and describes
future work.

The preliminary research for this study was presented at a
conference andpublished in the proceedings [13] inwhichwe
reported our limited results of the pedestrians affected by the
robot behaviors. The current paper provides a detailed anal-
ysis depending on the biological sex, age, and characteristics
of the pedestrians. In addition, the current paper provides a
comparison of the performance results between the robots
and the humans. The comparative results are crucial for the
discussion section as an insight into the competence of robots
and the diffusion of robots in society. Based on the added
results, the introduction, related works, discussion, and con-
clusion sections are also refined.

2 RelatedWorks

2.1 Service Robot in Real-World Environment

There are many examples of robots being used to provide
information and display advertisements in stores. One of the
aims of this research in real-world environments is to build
the robot system itself. For instance, experiments on a semi-
autonomous robot are supported by human operators for
dialogues. These robots have been placed at shopping malls
and stations [7,14], and a multiple robot system has been
implemented in a shopping mall [15]. These studies aimed
to verify the effectiveness of the system itself, i.e., whether
the robot system can be used in the real-world environment,
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rather than to verify the effects of the robot’s detailed behav-
ior.

Several previous studies focused on comparing and veri-
fying the detailed behaviors of the robots that are effectively
used by users in real environments. An example of a robot
using its mobility is a robot handing out flyers [16,17]. The
behavior of humans distributing flyers was analyzed, and the
analyzed optimal behavior was implemented into a robot and
then tested in a shoppingmall. The robots in the study applied
their mobility capabilities to the maximum effect in the task
of distributing flyers.

In contrast, stationary robots (or robots that rarely move)
have difficulty in terms of providing information because
their actions are limited because they cannot approach
pedestrians themselves. These robots need to attract pedes-
trians and draw them near the robot through their presence
and actions. After engaging with pedestrians, a study in a
museum [18] explored the timing of the robot’s head and
gaze action to increase a pedestrian’s engagement. In the
shopping mall, robot behaviors that are natural for humans
have also been validated when humans approach robots [19].
With respect to the behavior of the stationary robot before
engaging pedestrians, the social presence of robots is impor-
tant; thus, the talking behavior of a robot has been shown to
be effective [20]. In addition, a looking-back behavior is also
effective for gaining pedestrians’ attention [21].

A more detailed analysis shows that there are five ele-
ments of robot behaviors that are important in terms of
engaging with users: eye contact, duration of eye contact,
distance to users, approaching users, and laughing. Shiomi
et al. investigated different robot sizes and different conversa-
tional schemes for providing information to examine detailed
robot behavior [22]. This study revealed that smaller robots
that provide specific information have a high success rate in
terms of delivering information. Hayashi et al. validated the
effectiveness of providing information in terms of the num-
ber of robots and the conversation methods [23]. The results
suggest that a passive-social medium, where two robots talk
to each other and they can provide information to pedes-
trians indirectly, is better than an interactive-social medium
with the users. There is also a study of virtual agents that can
change their behavior that is based on the spatial characteris-
tics of humans to enable robots to engage with humans more
effectively [24].

Previous studies of stationary robots have often focused on
developing robots that can gain the attention or engagement
of pedestrians by implementing and comparingdetailed robot
behaviors. However, although specific behaviors such as
looking-back behavior tend to encourage pedestrian engage-
ment, other robots may be unable to implement them due
to functional limitations. Therefore, to implement common
behaviors to more robots, it is important to propose a type of
robot behavior.

2.2 Performance Comparison between Robots and
Humans

When developing a service robot to operate in a real environ-
ment, most research aims to be able to accomplish tasks such
as providing information and distributing flyers. However, if
robots are used as a labor support technology, it is important
to compare the performance of robots and humans, and a few
studies aimed at them.

As one of the studies that directly compared task per-
formance, an android robot as a salesperson attempted to
sell goods at a department store [25]. This study shows that
the android robot is able to sell goods as well as human
selling goods performance. Another study compared a tele-
operated robot with a human in the task of distributing food
samples [26]. By distributing food samples while the robot
passively approaches pedestrians, the robot achieves high
performance comparable to humans. These differences in
performance have been shown to be influenced by the unique
characteristics of the robot. Factors such as the eeriness of
the robot can cause discomfort to the consumer, and as a
result, compensatory consumer response such as ordering
more food is facilitated [8]. In other words, the high task per-
formance of robots is not only due to their high ability, but
also due to a variety of other factors.

There are also some studies that have investigated how
users feel when robots (and virtual agents) and humans per-
form the same task, although they are not directly compared
in task performance. A comparison of tasks performed by a
virtual agent and a human in service encounters shows no
difference in terms of service satisfaction [27]. Until recent
years, users have shown that human services are preferred
over robot services, but due to the influence of COVID-19,
robot services have also been shown to be particularly pre-
ferred in recent years [28].As in these studies,we candevelop
more valuable robots by not only showing that robots can
accomplish tasks but also by comparing their performance
with that of humans.

3 Methodology

The aim of this study is to propose the types of robot behav-
iors that perform in providing information tasks and to verify
the effectiveness of these behaviors in the real environment.
Comparing the proposed robot behaviors is useful for finding
the best behavior for that task; however, the results of the best
behavior are based on the relative results in comparison to
the other types of robot behaviors. In other words, it cannot
be argued whether robots can actually be introduced as a role
to support humans in an actual environment. Therefore, by
comparing the proposed robot behavior with human perfor-
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mance, we show the possibility for robots to play an active
role in the real world.

Therefore, in this study, we conducted two experiments.
In Experiment I, we proposed three types of robot behav-
iors and verified their effectiveness. In Experiment II, human
advertisers performed the same tasks as robots in the same
environment as Experiment I and compared their perfor-
mance with the results of Experiment I.

3.1 Experiment I:With an Autonomous Robot

Experiment I aims to investigate whether the humanoid robot
can make pedestrians stop and maintain engagement until
they have delivered their intended message. To achieve this,
three types of robot behaviors were designed and compared.

For our investigations, we conducted an exploratory field
experiment in a large shopping mall 1 during July–August
2019. The humanoid robot was present for three weekdays
and weekends and was available for 6 hours a day. The robot
was placed in one of the shopping mall’s corridors so that
visitors, such as families, couples, and friends, could freely
interact with the robot. We announced to all the pedestrians
through a notification board that this was an experiment, and
a video was being recorded along with the sensor data. This
study was conducted on an opt-out basis for unwilling partic-
ipants who wanted to be removed from the video and sensor
data. The opt-out process may have changed the pedestrians’
behavior, such as the pedestrians who attempted to interact
with the robot, but quit the interaction owing to the notifi-
cation. However, no one asked to delete the record in the
experiment; thus, the effect of opt-out on the experimental
results is expected to be minimal.

This experiment was approved by the facility authorities
in the shopping mall and the Research Ethics Committee
from Ritsumeikan University (Reference number: BKC-
HitoI-2019-006).

3.1.1 System Configuration

We built an interaction system containing a humanoid
social robot, five RGB-D image sensors, and a printer on
a table, as shown in Fig. 2. The robot “Sota” that was devel-
oped by Vstone Co. Ltd. was used as the social robot in this
experiment. The humanoid robot is approximately 0.3 m tall
and has functions such as voice and LED-generated facial
expressions. The robot includes arms with two degrees of
freedom (DOF), a head with three DOF, and body gestures
with one DOF. Although the robot was equipped with an
RGB camera on its head, we used additional cameras owing
to the field of view (FOV) of the camera equipped on the

1 Asia and Pacific Trade Center Co., Ltd. (ATC), Nankou-kita 2-1-10,
Suminoe Area, Osaka-shi, Osaka, Japan

Fig. 2 Interaction system. The robot and printer were installed on the
desk, and the five RGB-D sensors were set behind the robot

robot, resulting in the limitations for these experiments. In
terms of the 3D image sensors, we used five Intel RealSense
D415 sensors, which can capture a RGB image (FOV per
one camera: 69.4◦ × 42.5◦ × 77◦) and depth image (FOV
per one camera: 65◦ × 40◦ × 72◦); the maximum range of
the depth sensor was 10 m. A combined image of five cam-
eras is shown in Fig. 3, and the horizontal FOV of the five
sensors that were used in this study was 220◦. In addition,
the printer was installed next to the robot to print a voucher
for people who finished the interaction with the robot. The
voucher could be exchanged for a bottle of water.

To generate robot behaviors according to the behavior of
the pedestrians, we used the human detector “NUITRACK,”
which can estimate theposture of thehuman in the image [29].
From the results of NUITRACKand the depth image, we cal-
culated the 3D coordinates of all the pedestrians that were
observed from the robot’s coordination. We used a computer
(Intel Core i9-9900K CPU, NVIDIA GeForce RTX 2080 Ti
GPU) to obtain the human posture of all pedestrians at a rate
of 30 frames per second (fps). The limitation area to estimate
the human posture was approximately within 4 m from the
sensors.

3.1.2 Interaction Design

The robot had three types of robot behaviors when pedes-
trians were near the robot: “greeting behavior”, “in-trouble
behavior”, and “dancing behavior”. This study aims to ver-
ify the type of robot behavior, rather than comparing the
detailed behavior. While exploring the types of robot behav-
iors, we conducted a pre-experiment wherein we remotely
controlled the robot installed in front of a convenience store
at the university and performed a variety of behaviors to
attempt to make pedestrians stop. The pedestrians are uni-
versity students and faculty members unrelated to this study,
and the operator was tried by all authors. This situation is
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Fig. 3 Combined image of the five RealSense cameras giving a total 220◦ FOV

similar to the situation in Experiment I. From the results in
the pre-experiment, we determined that there are three main
behaviors that many people attempt during the task: greeting,
in-trouble, and dancing behaviors.

During the greeting behavior, many operators that con-
trolled the robot attempted to directly start a dialogue to the
pedestrians such as “Hello! How are you doing?” or “Where
are you going to?”. Then, the conversation starts with the
pedestrian replying to the robot. In contrast, some operators
attempted other ways of dialogue initiated from the pedes-
trian rather than making the robot initiate a dialogue. For
instance, the robot keeps muttering to itself “I’m in trou-
ble” or dancing. The robot does not start the dialogue with
the pedestrian until the pedestrian starts talking to the robot.
It is important for the robot to generate an opportunity that
makes pedestrianswant to talk to the robot. Instead of starting
a conversation when the pedestrian responds to the robot, the
robot should make pedestrians feel that they have spoken to
the robot. Thus, we used these in-trouble and dancing behav-
iors, that demonstrated good results to attract pedestrians in
the pre-experiment, for the experiment in the shopping mall.

This experiment here aimed to compare three types of
robot behaviors as the manipulative factors, rather than the
differences in the detailed movements of the robots. We veri-
fied the influence of the type of robot behavior by measuring
the behavior between participants at the same experimental
location on different dates. Therefore, only a single behavior
was presented each day, and each behavior was assigned two
days (1 weekday and 1 weekend).

3.1.3 Procedure

The common robot motion for the three behaviors is face-to-
face contact with the pedestrian that is closest to the robot
so as to clarify whom the robot targets. Face-to-face con-
tact has proven to be effective in human–robot interaction
from various aspects, such as conveying the robot’s atten-
tion [30]. For the greeting behavior, the robot makes hand
raising gestures to the pedestrians and says “Hello! Please
talk with me!” During the in-trouble state, the robot behaves

as if it has a headache and keeps muttering to itself for seek-
ing someone’s help “I’m in trouble. What should I do?” This
creates an opportunity for the pedestrian to want to talk to the
robot by pretending that the robot is in trouble. During the
dancing mode, the robot dances while saying “I’m dancing!
Let’s play with me!” This also creates an opportunity for the
pedestrian to want to talk to the robot for fun.

These behaviors were performed while the posture for
at least one pedestrian was measured (maximum range to
obtain the postures was 4 × 4 m as the lateral and depth
direction) until the pedestrian stopped in front of the robot.
The robot determined if the pedestrian stopped by examin-
ing whether or not the pedestrian stayed in the area of 1.2
× 2.5 m (lateral and depth direction) from the sensors for
3 s. After the pedestrian stopped in front of the robot, the
robot started talking about a store in the shopping mall for
13, 19, or 26 s, depending on the scenario. At the beginning of
every talk scenario, the robot says “At (store name), you can
buy a very delicious (recommend item name).” This talk sce-
nario was generated randomly regardless of the three types
of behaviors. Before introducing the store information, the
robot says “Can you listen to me? Thank you!” In this way,
we designed the robot story to feel natural by inserting a con-
necting statement between the remarks to stop the pedestrian
and the scenario of the store information. While the robot
was talking, the interaction system with the passersby was
not performed, which is called a passive medium [23]. When
the pedestrian finished listening to the robot, the printer next
to the robot printed a voucher. The pedestrian could exchange
the voucher for a bottle of water in the store that the robot
was advertising.

These series of robot behaviors were all performed auto-
matically. As explained above, the robot behavior is not
determined by verbal interaction with the pedestrian. This
is because the environment of the commercial facility was
noisy, and the robot system could not accurately recog-
nize what the pedestrians talk to the robot. Therefore, the
robot behavior was automatically generated by estimating
the pedestrian’s state based only on the posture data. Each
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Fig. 4 Paths of all the labels that were annotated from the recorded
video. The red and blue paths represent the stop rate (SR) and the distri-
bution success rate (DSR). The path through red-yellow-blue denotes
the whole distribution success rate (WDSR)

behavior in motion can be watched from a video that was
presented in the preliminary study (YouTube Link: [31]).

3.1.4 Measurement

Throughout the experiment, we recorded videos as shown in
Fig. 3 to analyze the behavior of all the pedestrians. There-
after, we labeled all the pedestrians that walked in front of
the robot front, the pedestrians that stopped in front of the
robot, and the pedestrians who received the voucher. Along
with counting the people that stopped in front of the robot,
we labeled pedestrians that stopped while excluding situa-
tions where there were only small children. The reason for
excluding small children-only situations from the “pedestrian
stopped” was that the human detector NUITRACK cannot
detect small children due to the occlusion by the robot and
the desk. Thus, the proposed robot system was not able to
proceed to the information provision phase even if the small
children were in front of the robot. On the other hand, in sit-
uations where there are tall children or where small children
and adults are together, the system can proceed to the next
phase. In this situation, children are also evaluated for the
rate of receiving vouchers. The number of people received
was labeled depending on the talk scenarios (A: 13 s, B: 19
s, and C: 26 s). The detailed path of all labels is shown in
Fig. 4.

The features extracted from the recorded videos include
the labeled behavior, apparent biological sex of the pedes-
trian(s), and estimated age (child under 12 years old or an
adult). This annotation was applied to all the pedestrians who
passed by the robot in the video. If the same person appeared
more than once a day, each appearance was annotated with-
out personal identification. To ensure valid results, video data

annotationwas performed by two coders. Onewas the author,
Y. O., and the other was a person unrelated to this study, who
was hired as a part-time worker. In order to ensure unifor-
mity in the criteria while judging “stop” behaviors in front of
the robot, the two coders worked together to determine the
criteria before annotating. The data for one day were over-
lapped, and the analysis of the overlapped data showed that
they were well matched (Cohen’s Kappa was .894).

We used three indexes for the evaluation: the stop rate
(SR), distribution success rate (DSR), and whole distribution
success rate (WDSR). The SR is the ratio of the number
of pedestrians that stopped to the number of all pedestrians
(red path in Fig. 4). The DSR is the ratio of the number of
pedestrians who received the voucher to the pedestrians that
stopped, while excluding only children (blue path in Fig. 4).
The WDSR is the ratio of the number of pedestrians who
received the voucher to the number of all pedestrians (path
through red-yellow-blue in Fig. 4).

3.1.5 Hypothesis

The greeting behavior was considered a basis because this is
often used to get the attention of pedestrians (e.g., [32]). On
the other hand, previous studies have demonstrated that emo-
tional robots [33] and human-dependent robots [34], which
are similar to the idea of in-trouble, can have a higher engage-
ment with users. In addition, in a collaborative task between
humans and robots, the robot’s request for help increases peo-
ple’s behavioral willingness [35]. Therefore, we can expect
that in-trouble also demonstrates a higher performance (SR,
DSR, and WDSR) in this experiment. In addition, the high
performance (SR, DSR, and WDSR) by the dancing behav-
ior is also expected because dancing for rhythmic interaction
was performed with higher engagement with children [36].

3.2 Experiment II: By Humans

Experiment I aims to identify robot behaviors that can make
pedestrians stop and maintain engagement with them. Com-
paring the three types of robot behaviors is useful for finding
the best behavior; however, the results of the best behavior
are based on the relative results in comparison to the two
other types of robot behaviors. Therefore, we cannot argue
that these robot behaviors are more competent than human
behaviors. If robots are to be used as a labor support technol-
ogy, a better performance by robots than humans is desirable.
In addition, clarifying the tasks wherein robots are superior
to humans provides invaluable insights in collaborating with
humans. Several studies have been conducted to examine
whether robots can play an active role in the real world by
comparing the performance of robots and humans (e.g. [25]).
Thus, to compare the results that are generated by the robots
and those from humans, we conducted a second experiment
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in which the robot was replaced by a person in an equivalent
experimental environment.

The experiment was conducted in the same location as
Experiment I in November 2019. With the same situation as
Experiment I, the experimentwas recordedwith a notification
board and conducted on an opt-out basis.

This experiment was approved by the facility authorities
in the shopping mall and the Research Ethics Committee
from Ritsumeikan University (Reference number: BKC-
HitoI-2019-006-1).

3.2.1 Human Advertisers

Four people who have experience in distributing flyers were
recruited through a temporary agency to participate in the
experiment (two males/females, average age: 23.75 years
old). The experiment was conducted over 4 days, and each
human advertiser performed the task each day. All the human
advertisers provided informed consent, which allowed for the
use of the collected data for scientific purposes and publica-
tion. The human advertisers received 9,500 JPY a day, and
they also received a reward in accordance with their perfor-
mance.

3.2.2 Interaction Design

The human advertisers were instructed to encourage the
pedestrians to stop to provide information about the shop that
is the same purpose as the robot task in Experiment I. The
advertisers were allowed to use the leaflet of the shop, which
is different from Experiment I. This task requires the human
advertisers to perform their usual way of providing informa-
tion. As one of the goals in Experiment II was to compare
the robot’s performancewith the human’s usual performance,
human behavior should be as unrestricted as possible. After
the pedestrians were stopped by the advertiser’s attempt,
the advertiser must provide them with information about
the shop, such as recommended products. It was forbid-
den to annoy the pedestrians to force them to stop, such as
interfering with their walking or saying that water is being
distributed. When the pedestrian finished listening to the
information about the shop, the advertiser gave a voucher
that could be exchanged for a bottle of water.

As a standard for the area in which the advertiser could
move during the experiment, an area of 1.2 × 2.5 m (lat-
eral and depth direction) was specified, which is the same
area for determining the pedestrians to stop in Experiment I.
Thus, the significant difference between Experiments I and
II was whether to use the leaflet, and other situations were
set up to be similar. However, we treated Experiments I and
II as separate experiments because the conditions were not
completely consistent.

Fig. 5 Example scene in Experiment II with a human advertiser con-
veying information to pedestrians

The human advertisers were allowed to practice the exper-
imental task for approximately 20min before the experiment.
The advertisers performed three sets of 50 min of executing
the experimental task followed by 10 min of rest. To provide
motivation to the advertisers, an additional reward of 500
JPY for every 10 vouchers was given to the advertisers. The
scene during Experiment II is shown in Fig. 5.

3.2.3 Measurement

We labeled some indices from the recorded video, which are
similar to the labels in Experiment I, as shown in Fig. 4.
While the robot system in Experiment I could not recognize
the situation with only small children, “Pedestrians stopped
excluding children-only situations” was not labeled because
the situationwhere human advertisers cannot recognize small
children does not occur in Experiment II. In other words, all
pedestrians including small children are evaluated. The time
during which a pedestrian stops in front of the advertiser was
also annotated, instead of the paths of each scenario. This
annotation was applied to all the pedestrians who passed in
front of the robot in the video. To ensure valid results, video
data annotation was also performed by two coders. One was
the author, Y. O., and the other was a person unrelated to
this study. The data for 1 day overlapped, and the analysis
of the overlapped data indicates that they were well matched
(Cohen’s Kappa was .917).

We used the same three indicators (SR, DSR, andWDSR)
for the performance evaluation as in Experiment I. By com-
paring the performance of robots and humans using these
indicators, we are able to discuss whether robots can be intro-
duced in the real environment.

3.2.4 Hypothesis

In some studies comparing the performances between the
robots and humans, the performance of robots is comparable
to that of humans [25,26]. Therefore, in this study as well,
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we assume that robots will show a comprehensive perfor-
mance (WDSR) that is comparable to humans in providing
information tasks. We also assume that the SR of the robot
is higher than that of humans as robots are more interesting
than humans, and the DSR of the robot is lower than that of
humans as the robots cannot interactively communicate with
passersby.

4 Results

4.1 Results of Experiment I

The results for the number of labeled pedestrians are
shown in Table 1. The results for the SR, DSR, and WDSR
according to each robot behavior are shown in Fig. 6. We
verified the differences in the number of pedestrians among
the behavior conditions with a Chi-squared test. We used the
Cramer’s V as the effect size in all the Chi-square test results.
The results revealed significant differences among the behav-
ioral conditions: (χ2(2) = 333.64, p < 0.01, V = 0.05) in
the SR, (χ2(2) = 81.61, p < 0.01, V = 0.10) in the DSR,
and (χ2(2) = 252.14, p < 0.01, V = 0.04) in the WDSR.
The residual analysis in comparison with the mean across
all behaviors showed that (1) the greeting had low SR and
WDSR ratios, (2) the in-trouble state had high SR, DSR, and
WDSR ratios, and (3) dancing had a high SR ratio but low
DSR and WDSR ratios. Therefore, our results show that the
robot motion that behaves as though it is in trouble makes
pedestrians stop more and stay longer in front of the robot
in comparison to the greeting and dancing behaviors. Mean-
while, the dancing behavior resulted in a significant number
of pedestrians to stop, but the stopped pedestrians did not
listen to the robot talk for a long time.

As described in the detailed analysis, the additional results
of the biological sex difference in the SR and DSR, age
difference in the SR and DSR, and scenario difference in
the DSR are shown in Figs. 7, 8, 9. We also verified the
differences in the number of people for the biological sex
in the SR and DSR, age in the SR and DSR, and sce-
nario in DSR through a Chi-square test. The results among
the biological sex revealed significant differences in the SR
(χ2(1) = 21.50, p < 0.01, V = 0.02) and the DSR
(χ2(1) = 5.26, p = 0.02, V = 0.04). The results among
the age showed significant differences in the SR (χ2(1) =
2666.67, p < 0.01, V = 0.20), but no significant differ-
ences in the DSR (χ2(1) = 1.10, p = 0.29, V = 0.02).
As a result, this indicates that females and children are more
likely to stop in front of the robot. However, there were no
biological sex or age differences in whether they listened
to the message to the end. In terms of the talk scenario
difference (Scenario A: 13 s, Scenario B: 19 s, Scenario
C: 26 s), there was a significant difference in the DSR

(χ2(2) = 77.37, p < 0.01, V = 0.12). In addition, the
findings revealed that the pedestrians listen to the robot talk
in its entirety as the scenario becomes shorter.

Next, there were differences in pedestrian behavior in the
hourly results; Fig. 10 shows the SR and DSR results for
each hour. As the start time of the experiment was different
for each condition, we validated the average results for all
conditions from 12–4 pm, which is the common time win-
dow when the experiment was conducted, with a Chi-square
test. In terms of the SR and DSR, the average results for each
time window (12–4 pm) were (6.2, 7.8, 7.7, 8.8, and 8.4%)

and (31.0, 28.2, 35.7, 36.9, and 37.2%), respectively. The
results among the time revealed significant differences in the
SR (χ2(4) = 65.76, p < 0.01, V = 0.02) and the DSR
(χ2(4) = 21.28, p < 0.01, V = 0.04). The residual analy-
sis in comparison with the mean across all times showed that
(1) 12 pm had low SR ratio, (2) 1 pm had low DSR ratio, and
(3) 3 pm and 4 pm had high SR and DSR ratios. Therefore,
these results indicate that it is difficult for robots to approach
pedestrians during the hours close to lunchtime.

Finally, we show the ratio of the number of times between
one pedestrian and the group that stopped in front of the robot
and listened to its message until the end, as shown in Table 2.
The results revealed that the differences are small for the
behavioral conditions in terms of the pedestrians stopping
rates and the received pedestrians. In addition, it was deter-
mined that pedestrians in a group stop in front of the robot
and listen to its entire message in comparison to those who
are alone.

4.2 Results of Experiment II

The results of the number of labeled pedestrians are shown in
Table 3. The results of each SR, DSR, and WDSR according
to each advertiser are shown in Fig. 11. The results show
that there are large individual differences in all the SR, DSR,
and WDSR evaluations. Advertiser 3 had the lowest SR, and
Advertiser 2 had the lowest DSR. In terms of the WDSR
as the total index to provide information, Advertiser 4 was
able to hand out the most vouchers to the pedestrians. In an
additional analysis, we measured how long the pedestrians
listened to the advertiser’s message when the pedestrian got
the voucher, as shown in Fig. 12. Advertiser 4 required the
least amount of time to provide information before handing
out the vouchers, with an average time of less than 20 s.
These results indicate that the shorter the time to provide the
information, the better the DSR.

Next, to examine the aims of Experiment II, we com-
pared the results that were generated by the robot behaviors
and that of the human advertisers. In terms of the SR, the
average results of the robots for the weekday and weekend
were 5.7, 10.6, and 7.7 % for the greeting, in-trouble, and
dancing behaviors, respectively. In contrast, the results by
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Table 1 Total number of
pedestrians that walked in front
of the robot, pedestrians who
stopped in front of the robot,
pedestrians stopped while
excluding only children, and
pedestrians who received the
voucher

Conditions All Pedestrians Pedestrians Stopped Pedestrians
Pedestrians Stopped excluding only children Received

Greeting Weekday 6306 362 273 94

Weekend 19738 1139 925 312

In-Trouble Weekday 6000 559 443 186

Weekend 10205 1162 953 396

Dancing Weekday 7509 819 644 169

Weekend 16884 1057 819 211

Fig. 6 Results of the stop rate (SR), distribution success rate (DSR), and the whole distribution success rate (WDSR) according to each robot
behavior in Experiment I

each advertiser were 3.5, 3.5, 0.8, and 4.1 %, respectively.
All the results in the SR by the robot outperform the human
performance, and the statistical results with the Chi-squared
test with the Cramer’s V compared the total values of the
robots to the advertisers also displayed significant differ-
ences: (χ2(1) = 636.84, p < 0.01, V = 0.08). In other
words, the robots can perform the stopping task easier.

With the DSR, the average results of the robots for the
weekday and weekend were 33.9, 42.0, and 26.0 % for the
greeting, in-trouble, and dancing behaviors, respectively. In
contrast, the results by each advertiser were 60.9, 43.9, 51.4,
and 86.2 %. All the results in the DSR by the advertisers out-

perform the robot performance. The results of comparing the
total values of the robots and the advertisers also show signif-
icant differences: (χ2(1) = 158.51, p < 0.01, V = 0.19).
This is the opposite result of the SR. We also measured the
length of the stop time by randomly sampling approximately
20% of the pedestrians who stopped in front of the robot
in Experiment I. The results show that the average length
of stop time for all robot behaviors was 21.5 s, whereas the
average length of the stop time for all human advertisers was
22.0 s.We verified the differences in these results with a non-
paired t-test, and the result showed no significant differences:
(t(678) = 0.25, p = 0.80, d = 0.02). This indicates that,
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Fig. 7 Results of the stop rate (SR) and the distribution success rate (DSR) according to the biological sex in Experiment I

Fig. 8 Results of the stop rate (SR) and the distribution success rate (DSR) according to the age in Experiment I

Fig. 9 Results of the distribution success rate (DSR) according to each
scenario in Experiment I

although the length of stop time is the same for robots and
human advertisers, the DSR is higher for the latter.

With the WDSR as the total index in providing the infor-
mation, the average results by the robots during the weekday
and weekend were 1.6, 3.6, and 1.6 % for the greeting, in-
trouble, and dancing behaviors, respectively. In contrast, the

results by each advertiser were 2.1, 1.5, 0.4, and 3.5 %. The
results of the greeting and dancing behaviors are compara-
ble to the average human performance. On the other hand,
in terms of the in-trouble behavior, the robot has a higher
performance than Advertiser 4, who demonstrated the best
performance among the advertisers. The results in comparing
the total values of the robots and the advertisers indicate sig-
nificant differences: (χ2(1) = 17.14, p < 0.01, V = 0.01).
Consequently, these results show that the robots are able to
perform similar to humans or even better.

Finally, we show the ratio of the number of times between
one pedestrian and the group that stopped in front of the
human advertiser and listened to their message, as shown in
Table 4. The results revealed that the differences between
the strategies of each human advertiser are large. Advertis-
ers 1 and 2 had a large percentage of successful stops and
distributions for one pedestrian because they likely tend to
talk to a large number of individual pedestrian. Meanwhile,
Advertisers 3 and 4 had a large percentage of stops and suc-
cessful distributions for groups. These results in Experiment
II differed from Experiment I, indicating that the results are
independent of the robot behaviors.
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Fig. 10 Results of the stop rate (SR) and the distribution success rate (DSR) according to the time window in Experiment I

Table 2 Ratio of the number of
times between one pedestrian
and the group that stopped in
front of the robot and listened to
the robot’s message until the end

Conditions Ratio of pedestrians stopped Ratio of pedestrians received
One Two or more One Two or more
pedestrian % pedestrians % pedestrian % pedestrians %

Greeting Weekday 36.2 63.8 13.5 86.5

Weekend 35.1 64.9 11.0 89.0

In-Trouble Weekday 39.5 60.5 10.0 90.0

Weekend 34.3 65.7 8.3 91.7

Dancing Weekday 37.3 62.7 12.5 87.5

Weekend 38.1 61.9 10.0 90.0

5 Discussions

5.1 Discussion on Experiment I

This study mainly aims to investigate whether the humanoid
robot can make pedestrians stop in front of it and maintain
engagement with them. Thus, we designed three types of
behaviors: greeting, in-trouble, and dancing behavior.

5.1.1 Comparison of three types of robot behaviors

The results in Experiment I show that when the robot exhib-
ited the in-trouble behavior, it had the best performance
among the proposed behaviors in terms of attracting pedes-
trians and providing information. This result is consistent
with the hypothesis that in-trouble behavior shows high per-
formance in all indicators. In addition, the dancing behavior
also showed a similar high performance in comparison to
in-trouble only to make people stop. This result is consistent
with the hypothesis that dancing behavior showed high per-
formance in SR, but not in agreement with the hypothesis
that DSR and WDSR are high.

The difference in these results is probably due to the differ-
ent reasonswhy the pedestrians approached the robots.When
humans see the weak or human-dependent robots, they tend
to increase their engagement with the robots because humans

Table 3 Total number of pedestrians, pedestrians who stopped, and
pedestrians who received the voucher

Human All Pedestrians Pedestrians
Advertisers Pedestrians Stopped Received

1 (Weekday) 1312 46 28

2 (Weekday) 1630 57 25

3 (Weekend) 8582 70 36

4 (Weekend) 7103 290 205

want to help robots [34]. This is similar to a phenomenon
wherein an adult reaches out to a child when the child is in
trouble. Therefore, it seems that many pedestrians were will-
ing to listen to the robot in the in-trouble situation because
the in-trouble behavior is a similar case. In contrast, in the
dancing behavior, we assume that the most common reason
that pedestrians approached the robot is for fun. However,
despite that they approached the robot to enjoy its dance, the
pedestrians felt disconnected when the robot started talking
about the shop’s information after they approached it. Thus,
it can be assumed that the DSR was the lowest among all the
proposed behaviors owing to this gap.

Consequently, these results suggest that in-trouble and
dancing behaviors are effective to make the pedestrians stop,
when compared to greeting behavior. They are designed to
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Fig. 11 Results of the stop rate (SR), distribution success rate (DSR), and the whole distribution success rate (WDSR) according to each human
advertiser in Experiment II

generate an opportunity thatmakes pedestrianswant to talk to
the robot. Instead of starting a conversation when the pedes-
trian responds to the robot, the robot makes pedestrians feel
that they have spoken to the robot. In this way, we consider
that taking the form of starting a conversation triggered by
the user’s behavior will help improve the performance of the
robot. In addition, even in such an effective type of robot
behavior, the consistency in the robot’s behavior is crucial in
maintaining its engagement with the pedestrians.

5.1.2 Comparison of biological sex and age differences

Other interesting results are the biological sex and age dif-
ferences in the SR and DSR. The results of the SR and
DSR showed that women, as well as children, mostly stop in
front of the robot and listen when the robot talks. The same
situation has also occurred in other studies [19], wherein chil-
dren, sometimes accompanied by their parents, often interact
with the robots. In addition, the results of the previous stud-
ies indicated that men have a more positive attitude toward
interacting with robots than women [37,38]. However, other
studies that use the robot “Sota,” which is the same as used
in the present study, [39] showed that women are more inter-

Fig. 12 Results of the duration when successfully making the pedestri-
ans stop during in Experiment II. The error bars represent the standard
error of the mean

ested in the robot; this finding is consistent with our results.
Therefore, the results suggest that biological sex difference
in terms of the interest in the robots does not give a definite
decision, but it may depend on the appearance of the robot.
Meanwhile, the results of the DSR did not show a signifi-
cant difference by the age. This robot was a non-interactive
robot; that is, it did not have the ability to communicate with
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Table 4 Ratio of the number of
times between one pedestrian
and the group that stopped in
front of the human advertiser
and listened to the their message

Human Ratio of pedestrians stopped Ratio of pedestrians received
Advertisers One Two or more One Two or more

pedestrian % pedestrians % pedestrian % pedestrians %

1 (Weekday) 65.6 34.4 52.9 47.1

2 (Weekday) 59.5 40.5 64.7 35.3

3 (Weekend) 17.1 82.9 16.7 83.3

4 (Weekend) 33.6 66.4 34.1 65.9

humans through dialogues. In this case, we assume that the
results of the DSR represent the pedestrian’s time where they
lost interest in the robot and it was similar regardless of the
age. In other words, even if the robots are interacting with a
person who is strongly interested in the robot, a robot with a
poor interactive ability will quickly get boring.

5.1.3 Comparison of pedestrian group sizes

Finally, it was determined that, when pedestrians are in a
group, they are more likely to stop and are more willing to
listen to the full message. Several examples of these obser-
vations have been reported in other studies [17,24,26,39].
These observations were thought to be caused by another
person who draws the pedestrian to interact with the robot,
and not by the robot itself [17,24]. Therefore, in this study,
the reason for this observation can be assumed to be that if
one person in the group is interested in the robot, the others
should listen to the robot; thus, they will wait for him and/or
her. Therefore, in crowded situations, such as shoppingmalls,
it is more efficient if the robots talk to the group to provide
the information than to an individual person.

5.2 Discussion on Experiment II

5.2.1 Comparison of performances between robot and
human

We also compared the results by the robots and the humans
in Experiment II. When comparing both their performance,
the SR was higher for the robots and the DSR was higher
for the humans. This result is consistent with the hypothe-
sis. The reason for the low DSR can be assumed to be that
the robot’s verbal interaction ability was significantly lower
than that of humans. It was not possible to implement verbal
interaction in the robotic system because the robots do not
exhibit a proper speech recognition in a noisy commercial
environment. In future studies, this problem can be solved
by developing a technology that can recognize the speech of
pedestrians correctly even in noisy environments.

In contrast, there are several possible reasons why, from
the SR perspective, the robots can perform better than
humans. Thefirst is simply because pedestrianswere strongly

interested in the robot’s behavior. The greeting behavior,
which is the lowest SR among the robot behaviors, is able to
improve the SR in comparison to humans owing to its nov-
elty effects [40]. In addition, other behaviors were able to
improve the SR drastically. Thus, the different types of robot
behaviors can attract pedestrians. The second was that the
pedestrians did not prefer the situation wherein the adult’s
human advertisers were calling out to them to provide infor-
mation. As mentioned in the discussion on Experiment I, an
adult tends to reach out to a child when the child is in trouble.
On the other hand, in the case of Japan, where the experiment
was conducted, when a strange adult talks to a person in a
shoppingmall or in a town, the stranger is often a salesperson
who recommends something. This is considered nuisance to
the pedestrians. Therefore, pedestrians avoid conversations
with strangers before they know the type of information will
be provided. Accordingly, we believe that the SR of the adult
advertisers was lower; however, the SR could be higher if a
child advertiser did the same task (if it were ethically possi-
ble).

The results of the WDSR for the greeting and dancing
behaviors of the robots are comparable to human per-
formance; however, the in-trouble behavior performance
exceeded all the results of the human advertisers. This result
is partially inconsistent with the hypothesis that the perfor-
mance of robots is comparable to that of humans. However,
this result shows the positive possibility that robots can play
an active role in the realworld.While theSRandDSRare part
of the process in evaluating the performance of an informa-
tional task, theWDSR is the final evaluation of performance.
In otherwords, in this experiment, the robot succeeded in pro-
viding more information to the pedestrians than the human
advertisers. Therefore, the results may indicate that robots
are more effective in the information provision task.

5.2.2 Robot Advantages

These results may be useful in the future collaborative design
of robots to support humans. For example, by having a remote
avatar robot system such as in [6,14], it is possible to build
a more high-performance system by integrating the capa-
bilities of robots with those of humans. In this study, the
environment was a noisy shopping mall in which it is diffi-
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cult to recognize the speech of a particular individual. Thus,
we constructed a passive medium system in which the robot
talks unilaterally. However, when it comes to interactingwith
pedestrians, humans can interpolate the dialogue to improve
the interactivity. The autonomous robot attempts to make
pedestrians stop in front of the robot, and humans are inter-
polated in situations where it is difficult for the autonomous
robot to talk with the pedestrians. Thus, we expect to build a
system that can demonstrate a high performance by interpo-
lating the weaknesses of the robots and humans.

In addition, this result does not consider the decrease
in human performance over time. In this experiment, the
advertisers were asked to perform the tasks for 3 h, and per-
formance degradation during this time was not measured.
However, if they perform the task over a longer period, per-
formance degradation due to fatigue occurs. In that case, the
robots can deliver better results than humans in the work
environment.

In Experiment II, we observed that the SR and WDSR of
Advertiser 3 were lower than those of the other advertisers.
This is because human advertiser 3 approached pedestrians
less often than the other advertisers (Number of people pass-
ing per approach for each advertiser: 4.6, 5.6, 46.9, and 10.9,
respectively). On the other hand, this phenomenon does not
occurwith robots; thus, robots have the advantage in that their
performance is not affected by factors such as human indi-
vidual differences. In summary, the results from this study
suggest that robots can be sufficient as a labor support tech-
nology, which is one of the goals of robotic research.

5.3 Limitations

Finally, we want to present the limitations of this study. First,
we compared the performances of the three types of robot
behaviors. However, it is unclear whether two types of robots
that are implemented with the same type of behavior but have
slightly different details ofmotion can achieve similar results.
This is a limitation that we need to explore in future studies,
which also considers the difference in the robot’s appearance
and degrees of freedom.

In addition, this study cannot demonstrate whether the
proposed robot behavior always shows the same results. In
this study, we conducted the experiment with the robot in a
commercial facility where many people have relatively more
time to spare. However, through the experiments, we found
thatmost of the approaches from the robot failed for people in
a hurry. Therefore, depending on environmental conditions
such as the context and location where the robot is installed,
we cannot guarantee if the in-trouble behavior has a signifi-
cant effect on people as the results of this study.

Next, our results strongly depend on the novelty effect.
In the in-trouble behavior, the robot said “I’m in trouble”
to attract pedestrians’ attention, and then they conveyed

information about the store. This may have been a type of
“crying wolf.” Further, in the field of HRI, for example, it has
been reported that robot errors decrease people’s trust in the
robot [41]. In other words, when people are exposed to the
in-trouble behavior more than once, their trust in the robot
may decrease, and they may not listen to the robot. In such a
situation, the robot may not be able to surpass human perfor-
mance even with SR that has shown superior performance
over humans. This long-term performance will be consid-
ered for future studies. In addition, it is possible to design
unethical interactions that deceive humans by applying the
in-trouble behavior. The unethical interactions reduce confi-
dence in the robot as a whole, which can hinder the spread of
robots. Therefore, we need to be careful about how to utilize
the in-trouble behavior.

We should also consider that the results of this study are
highly dependent on cultural differences. Previous studies
on human-robot interaction with several cultural differences
have shown that people with different cultures behave dif-
ferently depending on the task and the appearance of the
robot [42,43]. For example, for people who think robots are
mechanical rather than humans, a robot’s in-trouble behav-
ior may seem creepy. In this case, in-trouble behavior could
deliver the worst result. In human–human interaction, we
showed that pedestrians in Japan tend to avoid talking with
strangers. However, in other cultures, robots may not be able
to outperform humans in terms of the SR results. During this
experiment, we did not interview any pedestrians who inter-
acted with the robot. As we cannot infer how the pedestrians
felt through their interaction with the robot, we cannot have
a rigorous discussion on the cultural differences that affected
them. Therefore, the cultural difference is another limitation
of this study.

From a perspective closer to cultural differences, the
degree to which people are accustomed to robots affects the
results of this study. In today’s society, social robots are still a
rarity and an intriguing object. However, we believe that in a
future society where a variety of social robots are prevalent,
people care less about what a robot does even if it dances
or behaves as it is in trouble. Therefore, we need to con-
sider that, in the future, results may be different from those
obtained in this study.

6 Conclusion

This study investigated whether a humanoid robot can make
pedestrians stop in front of it and listen to its message. We
proposed three types of robot behavior: greeting, in-trouble,
and dancing behaviors. The robot with each behavior was
placed in a shopping mall, and the effectiveness of the robots
for providing information was verified.
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The results from the exploratoryfield experiments revealed
that the in-trouble behavior, that is, the robot behaves as if it is
in trouble, can make pedestrians stop more and stay longer in
front of the robot. These results were compared to the results
achieved by four humans under the same situation, in which
they attempted to make the pedestrians stop to provide infor-
mation. The comparative results show (1) the performance
of the robots was higher than that of the humans in the stop
rate (SR), and (2) in the distribution success rate (DSR), the
human performancewas better than the robots’ performance.
In particular, in terms of the whole distribution success rate
(WDSR), the performance obtained using the greeting and
dancing behaviors of the robots are comparable to the human
performance. Furthermore, it was determined that the perfor-
mance of the in-trouble behavior was higher than those of all
the human advertisers who participated in this experiment.
These findings demonstrate that the performance of robots is
not inferior to that of humans in providing information tasks.
Therefore, it is expected that service robots are able to per-
form well in the real world. In other words, the results of this
study suggest that robots can be sufficient as a labor support
technology, which is one of the goals of robotic research.

This study, however, has some limitations because it is
difficult for the robots to interact naturally with pedestrians
in a noisy environment. This is because automatic dialogue
generation is difficult due to the low accuracy of speech
recognition for certain pedestrians in noisy environments.
These problems are common to all robots that operate in
real environments. Hence, ensuring that the robot can recog-
nize the speech content of only the target person in a noisy
environment is required.However, by interpolating theweak-
nesses of the robots and humans, we can build an integrated
robot system that can demonstrate high performance. By
achieving this,webelieve that it is important for robot designs
to compensate for the weaknesses of robots and humans in
the future.
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