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Abstract

In recent times robots are appearing in complex environments and share the physical space with

humans. This raises the importance of humans and robots being able to work well together and

not hinder each other. According to The Media Equation, people tend to treat computers as

real people if they behave humanlike. When designing robots, this should be taken into account.

How robots should be designed for navigation is one of these aspects. If people can predict

navigational intention, it will be easier to work together. People are used to predicting human

navigation behavior in their daily lives, so it is important to study what cues people focus on

in these situations first. This thesis focuses on what cues we use to predict people’s navigation

behavior, more specifically passing and approaching. An online experiment was performed in which

participants had to correctly predict whether a person is approaching or passing another person.

Participants also rated how comfortable the behavior was. Results indicate that most participants

used the body direction as the cue to make correct predictions. Additionally, participants who

used multiple cues were the fastest. For the perceived comfort level we see that people are less

comfortable with movements directed towards their back compared to their front. For robotics,

we should take both these results into account when designing them for navigating in complex

environments.
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Chapter 1

Introduction

In recent times robots are getting better at navigational tasks like motion planning and obstacle

avoidance (Kruse et al., 2013). As a result, these robots are able to perform tasks in more com-

plicated environments, ones in which the robots have to navigate while not colliding with dynamic

agents like humans. Some robots are already navigating in these complex environments e.g. house-

hold robots like the Roomba vacuum cleaner robot (Forlizzi and DiSalvo, 2006), assistive robots

in the elderly care (Bemelmans et al., 2012), museum tour guide robots (Kanda et al., 2014) or

mobile transport robots in warehouses (Culler and Long, 2016), at airports (Xu and Wang, 2018)

or in hospitals (Jeon and Lee, 2016). When robots work in the same physical space as humans,

it raises the importance of robots being able to work together with them, as stated by Mumm

and Mutlu (2011). They found that if robots do not follow societal norms of physical and psy-

chological distancing they can be seen as disruptive or threatening. This results in people feeling

unsafe or experiencing discomfort when the robot is safe (Kruse et al., 2013). All of the previously

mentioned robots have in common that they move in the same environments as people do, and

are able to occupy the same ground. These mobile robots should naturally not hinder human

movement; they should work together with people, or let them at least perform their own work

with the least possible obstruction. More specifically, to work together these robots need to be able

to predict human behavior, and vice versa (Klein et al., 2005). If a robot or person can predict

another actor’s planned path, then one can plan another path. This will allow both to adjust

their own behavior to the behavior of the other one. Additionally, encountering the same robots

everyday could allow people to learn its behavior . This is useful for staff in a work environment

that contains robots (Verhoeven and Ruijten, 2019). However in a public space like an airport or a

hospital, new people will encounter these robots everyday. It is important that robotic intentions

are immediately obvious in these situations, as people will not be able to rely on their memory of

the robot; they never encountered this particular robot before.

During navigation in human-rich environments, robots will encounter people. These people

need to be either avoided or be approached according to the situation. A vacuum cleaner robot

would want to avoid people nearly all the time, but a museum tour guide or assistive robot needs

to be able to do both comfortably. In crowded environments there are more agents and therefore it

Investigating Human Approach- and Passing Behavior 1



CHAPTER 1. INTRODUCTION

is harder to predict the navigational intentions of each agent. Techniques (algorithms) are used to

let robots navigate in a crowded environment. At the basics, robots have sensors that can be used

to detect and then avoid obstacles. However, robots also have other goals than avoiding obstacles.

Most of the time these mobile robots also move towards a person or an object. The robot needs

to plan the motion towards this goal. Possible algorithms to do this consist of path planning al-

gorithms (Buniyamin et al., 2011; Rathbun et al., 2002). Many of these algorithms exist, but most

do not respect social norms needed in a human environment. In crowded environments, robots

also have to fulfill their own goals while respecting these social norms (Charalampous et al., 2017;

Gómez et al., 2013), because people have become part of the environment. While the robot is

reaching its destination, these people can be passed by or approached. For example, in a crowded

area were a robot would need to give an object to a person, this robot would need to pass all other

people before approaching. In this situation every person needs to be aware what the robot’s

navigational intentions are. To make the robot’s intentions explicit, the robot will give different

cues e.g. rotating its body towards a destination or using speech to explain its behavior.

According to The Media Equation (Reeves and Nass, 1996), people tend to treat computers

(robots) as if they were real people (e.g. by being polite, cooperative or attributing personality

characteristics) if they behave humanlike. Important here is that the behavior of a robot needs to

be humanlike to be treated like a human. In our daily lives we already have experience in the rules

of social relationships and navigating the physical world. According to Reeves and Nass, people

use this learned behavior to react on computers because it comes naturally. Therefore they argue

that designers should take this experience into consideration when designing new computers. To

develop robotic navigation behavior, this implies that we should focus on the human navigation

behavior first. If we understand how people navigate and how they perceive other navigators,

it gives us insights on how to improve the same for robotics. The cues people look at can then

be adapted for robot design, so that people may use the same cues they already trained their

whole lives. Because human navigation is a very broad subject, we would like to focus on one

part of this. There is research about how people move with respect to each other like the Social

Force Model (Helbing and Molnar, 1995; Farina et al., 2017). This model states that people move

towards a certain goal, while an external social force can adapt their navigation behavior. This

social force can for example be a group of passing pedestrians which makes one wait. Without

social forces, one would just walk straight towards the goal. While this model is able to show

how people will navigate, there is not much research about how people indicate their intentions of

how they navigate, let alone research about how people indicate approaching or passing behavior.

Because this is also of importance for the robots within a human-rich environment, this will be

the focal point of the current thesis.

Because this step of studying human navigation behavior is not studied extensively yet, this

will be an important addition to the literature. It will be interesting to see how people behave in

approach- and passing situations. The original intention of this thesis was to investigate human

navigation behavior, the cues that people use to predict navigation behavior and translation of
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human navigation to robotic navigation behavior. Now that the COVID-19 pandemic has started

we want to keep the experiment performable in quarantine. Because of this, plans have shifted

towards studying the cues which people use to predict human navigation behavior.

So how do humans try to predict navigation behavior? People use cues, which can be described

as a stimulus that may communicate information (Breazeal et al., 2005). One example of a cue used

to initiate contact is shown in a study (Cary, 1978); by using their gaze to look at another person,

people are more likely to initiate a conversation. However, in a navigation context where people

may or may not approach another person, it is not clear what cues may be used for predicting this

behavior. The research aim is to find what exact cues people use to predict whether another person

will approach or pass them. To find out what cues people use, and online study was designed in

which people tried to predict navigation behavior of people shown in videos created for this study.

People also rated how predictable the behavior was and indicated the cues they used. Because

people also need to feel comfortable, people rated the comfort of the navigation behavior.
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Method

2.1 Participants and Design

Thirty-eight participants (16 males and 22 females, Mage = 25.2, SDage = 8.6, Range 18 to

60) were recruited through the JFS Participant Database or social links. All participated in an

online experiment with an 8 (Walking Direction) × 2 (Navigation goal: Approach or Pass) × 2

(Confederate actor) within-subjects design. Walking direction is the path that the confederate

will take. There are eight starting points corresponding with the eight principal wind directions.

The starting point and end goal is always one straight line with the other confederate at the

center, e.g., if the confederate actor starts at the South-Eastern starting point, the actor will move

towards the North-Western starting point. The confederate actor can either approach or pass the

other confederate, so the confederate stops either halfway to approach, or at the end while passing

the other confederate. Finally the confedere actors also switch positions; both confederate actors

perform the walking act and the standing act. All thirty-two options were presented randomly for

each participant.

Figure 2.1: Screenshot of the start of one of the videos. In this scenario one of the confederates

is starting in the northwestern corner. This confederate will either approach or pass the other by

walking towards the southeastern corner.
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During the experiment, participants were asked to predict the navigation behavior of a person

within a video. Video recordings were made with two confederates. A screenshot of the setup is

shown in Figure 2.1. For each recording, one confederate was asked to stand still at a 15 meter

distance from the camera, in the center of the screen. The other confederate was asked to either

pass or approach the other confederate. As seen in Figure 2.2, the walking direction starting

points of the confederate consisted of eight spots evenly spread around the standing confederate,

named according to the 8 wind directions. the starting distance between the two confederates was

adjusted for the recordings so that the walking confederate started at the edge of the screen. The

reasoning for this is that the participant would have enough time to make a decision. Because of

the national rules regarding the COVID-19 pandemic, a circle of 1.5m is drawn around the passive

confederate. The walking confederate will always approach till the end of this circle, or pass over

the edge of this circle.

Figure 2.2: Overview of the setup of the experiment with the start and end points of the active

confederate at the edges, and the position of the passive confederate at the center. The two arrows

indicate the approaching and passing paths the walking confederate can take. The circle around

the passive confederate indicates 1.5m distance

2.2 Materials, Measures and Procedures

The experiment was conducted using Inquisit 4 on an online server which could contain 40Mb of

data in total (questionnaire and video recordings). Videos were recorded with a high definition

camera on a tripod, and videos were compressed to fit the server data limit. Questionnaires were

completed on Windows computers; The video extensions were only supported in Windows and

the predictions needed to be made through fast keyboard inputs. On the keyboard either the ’A’

key needed to be pressed for approach, or the ’L’ key for pass.

Measures were all derived from the questionnnaire. For every input, both questions and video

interactions, a reaction time is measured in milliseconds. For the videos we measured if either the
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”A” or ”L” key was pressed. Furthermore, all the answers of both the Likert scale questions and

the open questions are saved as well.

Participants were invited to participate in this experiment through email. By clicking on the

link within the mail, the participant was redirected to the questionnaire within their browser. All

gave an informend consent before starting the experiment. Consequently, participants received a

short instruction on what they would have to do during the experiment (e.g., which key to press,

how the trials will appear). Participants were asked to press the ’next’ button if they understood

the instruction, after which the thirty-two video trials would start.

After each prediction participants were asked three 7-point Likert scale questions:

1. The person in the center is comfortable with the other person passing or approaching.

2. If I was the person in the center, I would feel comfortable.

3. The navigation behavior is predictable.

The first two questions are derived from the questionnaire of Neggers et al. (2018). the third

question is asked to give additional information about the prediction that is made.

At the end of the experiment there were some additional questions. Firsty, three 7 point-Likert

scale questions wherein participants could rate how much they relied on three different cues (head

direction, body direction and gaze direction). Secondly, there were two open questions using text-

boxes. One open textbox is used to let participants indicate if there were other cues they used.

The other is used for additional remarks. Finally, there were demographic questions about gender

and age.

At the end of the video trials, participants were asked to rate how much they relied on three

different cues to make predictions (head direction, body direction and gaze direction). In case the

participant used other cues, one could indicate this by filling in an open textbox.

Finally, participants were asked to give remarks or questions if they had any, and answer some

demographic questions. For taking part in the lottery for participation money, participants could

fill in an optional textbox for their email. The experiment lasted for about thirty minutes per

session and one out of five participants was handed out the compensation prize of 25 Euros. All

were thanked for participation at the end of the questionnaire.
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Results

Before analyzing the data on response times, the confederates’ walking duration was calculated for

each video. As every video had a different start and end time, we used the placing of the confed-

erate actor’s first step as the starting time (zero seconds). For the approach condition the end of

the motion (actor is standing still) is used as end time, while the end time for the pass condition is

taken from the moment when on confederate has reached at the 1.5 meter distance circle around

the other confederate. This allows for more accurate comparisons in the analysis. Consequently

a percentage is calculated (Reaction Time in Percentage) for each participant’s prediction button

press, enabling to compare the speed at which participants make their estimate.

Additionally, participants rated how much they relied on the different cues and answered an

open question where they could indicate which cue they mostly relied on. An overview is shown

in table 3.1. Results show that almost half of all participants focused on the body direction. In

addition to the cues provided in the questionnaire, another cue which was used multiple times is

’Walking speed’. Participants who rated multiple cues evenly or reported using multiple cues are

categorised as ’Multiple’ in the table.

The results consist of two main components. The first component is Reaction times. During

every trial a reaction is measured when a participant pressed the button correspending with the

Cue Percentage

Body 47.4

Speed 18.4

Multiple 15.8

Gaze 10.5

Head 7.9

Table 3.1: An overview of the cues the participants relied on. Participants are categorized in one

category according to their question answers. The percentages consist of the cues that participants

primarily used.
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confederate actor’s behavior. The second component consists of the comfort questions which

participants answered.

3.1 Reaction times

For the reaction time analyses, only trials which contain a reaction time between zero and two

hundred percent are utilized. Reaction times higher than two hundred percent have emerged from

presses after the video has finished and are therefore considered invalid. Additionaly we are only

interested in trials where participants correctly predicted the confederate’s behavior (86.2% of all

trials), so all incorrectly predicted trials are omitted from the following tests.

To test the hypotheses, data on Reaction Time Percentage were submitted to a linear mixed

model with Cue, Confederate, Direction, and Approach as predictors. The effect sizes are calcu-

lated according to the model by Xu (2003).

An overview of the reaction times in percentages for the different cues is shown in figure 3.1.

The results of this test show a significant difference between the different cues used, F (4,873) =

21.7, p < .001, ω2 = .080. Results indicate that using multiple cues produces the shortest reaction

times. For singular cues, body direction shows the smallest response time (M = 78.5, SE = 1.57).

the Gaze (M = 117, SE = 3.41) and Head (M = 97.3, SE = 3.88) direction cues show the largest

reaction times. People who used the Gaze direction cue almost mostly responded after the motion

had already ended.

Figure 3.1: Barchart showing the difference in reaction time percentage for the different cues. 95%

confidence intervals included.

An overview of the reaction times in percentages for the different confederate actors is shown

in figure 3.2. The results of this test show no significant difference between the two different

confederates, F (1,880) = .19, p = .67, ω2 < .001. This indicates that the two confederate actors

are similar enough for data comparison.

10 Investigating Human Approach- and Passing Behavior



CHAPTER 3. RESULTS

Figure 3.2: Barchart showing the difference in reaction time percentage for the two different

confederates. 95% confidence intervals included.

An overview of the reaction times in percentages for the different walking directions is shown

in figure 3.3. The results of this test show a significant difference between the different directions,

F (7,225) = 4.72, p < .001, ω2 = .032. results indicate that the North (M = 84.4, SE = 2.81)

and South directions (M = 85.3, SE = 3.09) show the fastest responses, while the East (M =

101, SE = 3.78), North-East (M = 104, SE = 3.23) and West (M = 99.4, SE = 2.81) responses

show the slowest. In general it seems that directions from left to right, or from right to left show

slow response time, while the directions away from the camera and to the camera show the fastest

response times. However, The North-East response is an outlier to this rule.

Figure 3.3: Barchart showing the difference in reaction time percentage for the eight different

directions. 95% confidence intervals included.

An overview of the reaction times in percentages for the different confederate behaviors is

shown in figure 3.4. The results of this test show a significant difference between the different

Investigating Human Approach- and Passing Behavior 11
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confederate behaviors, F (1,834) = 11.5, p = .001, ω2 = .011. Results indicate that approaching

(M = 90.5, SE = 1.60) is being detected faster than passing (M = 97.9, SE = 1.86).

Figure 3.4: Barchart showing the difference in reaction time percentage for the Approaching and

Passing behavior. 95% confidence intervals included.

3.2 Perceived Comfort

Two 7-Likert scale questions in the questionnaire were used to measure the comfort level of the

participant(’If I was the person in the center, I would feel comfortable.’ and ’The person in the

center is comfortable with the other person passing or approaching’. Because both questions are

asked to measure comfort, a Pearson correlation value is calculated. A significant correlation is

found, Pearson’s r(1214) = .75, p < .001. Correspondingly, the two questions were averaged to

form a general measure of perceived comfort.

To test the hypotheses, data on Comfort were submitted to a linear mixed model with Cue,

Confederate, Direction, and Approach as predictors.

An overview of perceived comfort for the different cues is shown in figure 3.5. The results

of this test show a significant difference between the different cues used, F (4,1157) = 14.6, p <

.001, ω2 = .050. Results indicate that primarily using the head direction cue returns the largest

perceived comfort value (M = 4.87, SE = .120), while the gaze cue returns the lowest (M = 3.71,

SE = .104).
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Figure 3.5: Barchart showing the difference in perceived comfort for the different cues. 95%

confidence intervals included.

An overview of perceived comfort for the different confederate actors is shown in figure 3.6. The

results of this test show no significant difference between the two different confederates, F (1,1157)

= .003, p = .96, ω2 < .001. This indicates that there is no difference in perceived comfort when

looking at different navigating people.

Figure 3.6: Barchart showing the difference in perceived comfort for the two different confederates.

95% confidence intervals included.

An overview of perceived comfort for the different walking directions is shown in figure 3.7.

The results of this test show a significant difference between the different directions, F (7,247) =

7.62, p < .001, ω2 = .037. Results indicate that the North (M = 4.61, SE = .108), North-East

(M = 4.52, SE = .101) and North-West (M = 4.70, SE = .102) return the highest perceived

comfort values, while the South (M = 4.00, SE = .101), South-East (M = 4.07, SE = .095) and
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South-West (M = 4.07, SE = .102) directions return the lowest. In general people perceive motion

directed to the back of a person as less comfortable than motions directed towards the front.

Figure 3.7: Barchart showing the difference in perceived comfort for the eight different directions.

95% confidence intervals included.

An overview of perceived comfort for the different confederate behaviors is shown in figure 3.8.

The results of this test show no significant difference between the different confederate behaviors,

F (1,1158) = 1.52, p = .22, ω2 < .001. See figure 3.8. Participants in general do not perceive

comfort differently when a person is approaching or passing.

Figure 3.8: Barchart showing the difference in perceived comfort for the Approaching and Passing

behavior. 95% confidence intervals included.
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Discussion and Conclusion

The current study investigated how people predict human walking motion and how comfortable

human approach and passing behavior is. Results show that people use the cue of others’ body

direction the most, while integrating multiple cues returns the fastest prediction time. Addition-

ally, people are faster at predicting movement behavior in the same direction as the line of sight,

opposed to movement behavior perpendicular to the line of sight. Lastly, people were faster at

predicting approaching behavior than passing behavior. For comfort, people who used the head

direction cue evaluated the motion as most comfortable, while people who used the gaze direction

cue perceived the movement as least comfortable. People also evaluated the walking motion to be

most uncomfortable when originating from the back.

The body direction is the most immediate visible part within the videos, so it makes sense that

almost half of all participants mainly used this cue to predict the other person’s walking behavior.

Using multiple cues allows people to be faster at predicting the correct movement behavior. A

passing person will at some point in the movement show a difference in one or multiple of their

cues. When passing, the body direction will change, the speed will most likely stay the same, and

the head or gaze direction may change. For an approaching person, the body direction will stay

the same, while the speed of the movement will reduce before stopping the movement. Both head

and gaze direction are more likely directed towards the person to be approached. What should

be clear is that a person will not show all the signs of approaching behavior while passing, or vice

versa. The cues are all trying to show the same motion. We see that people use multiple ways

to signal their navigational intentions, therefore it makes sense that people who focus on multiple

cues perform better. These results correspond with the results of Kater (2020). In this study

participants had to predict whether an industrial robot would make a left or right turn based on a

video in different signaling conditions. The robot was able to show either no signal, a gaze signal

or a LED signal. What was found is that both gaze and LED signals would raise predictability

compared to the no signal condition. Moreover, highest perceived predictability was found when

the robot would show both the gaze and LED signals at the same time. Even though the methods

are different, both that study and the current thesis show the same effect: Using multiple cues

leads to the best predictability. If one cue is slow to give away a certain motion, a person who
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uses multiple cues is faster at predicting the motion as they will be able to use another cue which

exposes the motion more effectively.

Results show a difference in reaction time for different directions. If the movement is in the

same direction as the line of sight, it will be easier to differentiate between approach- and passing

behavior than when the movement is perpendicular to the line of sight. When the walking person

will approach the other person, the total path will be straight. In case of passing, the path will

bend. When looking at the person walking towards you, a change in path will be visible immedi-

ately. When the person is walking from the left side to the right side, this immediate clear change

is absent. The practical implication of this may be less important. There will always be cases

were a person or robot needs to come from different directions.

Approaching behavior is being detected faster than passing behavior. This can have multiple

reasons, of which the first one is cue related. Of all cues, speed is the only cue which definitely

changes in the approaching condition. When approaching, the head, gaze and body direction

will not change because they are already in the correct direction. Speed is a cue which changes

during the approaching and not so during passing. It is possible that people detect this change

to make their prediction earlier. The second reason is definition related. The zero from the zero

to one-hundred percent scale for the reaction time is defined from the walking confederate’s first

motion in both behaviors. One-hundred percent is defined as the moment that the confederate is

standing still in the approaching condition, and the moment that the confederate is passing the

other confederate in the passing condition. In both cases, one-hundred percent is also the moment

that the walking confederate is at 1.5m distance of the other confederate. What this means for

the result is that the approach- and passing behaviors are not completely comparable because its

definitions are different. Additionally, because the effect size is small, this difference may not be

of much use when transferring this to real-life situations.

Results of comfort show a difference between the cues; head direction being rated as most

comfortable and gaze direction being rated as least comfortable. As both of these cues are spa-

tially very close to each other, this result is surprising. It can be argued why head direction is

rated as most comfortable. A study by Little et al. (2011) emphasizes the importance of faces by

highlighting other empirical research. From the first minutes we are born we particularly attend to

faces compared to other stimuli. Faces are often also the first type of visual information available

to a perceiver, we rely on faces when trying to recognize people we encounter and they convey our

feelings through emotional expressions (Little et al., 2011). In the experiment of the current thesis,

it could be the case that people tried to focus on the faces because this was most comfortable; it is

what we are used too. Because the resolution of the videos was small, it can then also be argued

that focusing on gazing behavior causes a lower perceived comfort as the eyes itself are hard to be

seen, let alone the behavior it is trying to show.

Being approached from the back is seen as least comfortable. One study by Hall (1966) explains
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the personal space model. It indicates a region around someone that is psychologically theirs. The

regions are divided in four categories: Intimate distance, personal distance, social distance and

public distance. Each has a different purpose, e.g. the personal distance is meant for family and

close friends. When somebody else enters this region, people perceive this as being uncomfortable.

A more recent study about personal space in Human-Robot Interaction indicates this model is

not completely circular (Neggers et al., 2020). In this study, participants rated their own comfort

levels after a robot passed them from different distances and starting locations. What was found

is that perceived comfort increases with distance, and that perceived distance is lowest when the

robot passes the person from the back. The last result is comparable to the results that is found

in the current thesis. An implication is that people and robots should generally not pass people

from behind.

4.1 Limitations and Future Work

One of the limitations of this study is the storage limit of the online experiment. The videos all

had to be very small, which greatly decreased the resolution of the videos. Cues like head and

gaze direction are therefore less visible, which is similar to predicting human motion from a large

distance in a real-life situation. At a closer distance or in a high-definition video it is easier to

view head and gaze direction. Therefore it is possible that people focus more on the gaze or head

direction for that condition, but this is something we cannot deduce from this study.

Another limitation is that participants had to rate comfort for another person. Ideally you

want participants to rate their own comfort instead of someone else’s. Experiencing the passing

and approaching of other people might yield a different comfort value. An advantage of presenting

videos is that everyone can be presented the same stimuli, creating a highly controlled environ-

ment. In a real-life situation, it is hard to let a confederate actor show exactly the same behavior

in all trials for every participant. Still, in future research it would interesting to see what happens

in real-life situations where distances are smaller, and the resolution is high by default.

As this study is restricted to predicting other people’s navigation behavior and rating other

people’s comfort, it will be important to see if the results of this study also transfer to Human-

Robot Interaction. In addition to the cues people can provide, robots can provide additional cues

like LED light indicators. Robots can also have different body shapes and do not have to move the

same way as we do. Even among different robots there can be a lot of different results. However,

results of previously mentioned studies by Neggers et al. (2020) and Kater (2020) do show similar

results to our experiment while using robots, even when the robots within those experiments do

not look humanlike. It is important that we performed an experiment which shows what works for

humans, as these are predictions we are used to making multiple times every day. In the future,

we can use the results of this study as a base for making robotic behavior easier to predict.
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CHAPTER 4. DISCUSSION AND CONCLUSION

4.2 Conclusion

In the current study we investigated how people predict human motion and how comfortable they

rate those motions. Although research is still needed to show if results truly transfer to Human-

Robot Interaction, our results can be useful for designing robots and their navigation. These

results also correspond with the results of other studies which do use robots. We propose that

robots should have a clear body orientation, as this is what most people focus on when trying to

predict movement. Additionally robots should be able to show more than one cue, as multiple

cues will allow people to correctly predict navigation behavior faster. Finally, robots should try to

always approach and pass people from the front to me more comfortable. We hope that this study

helps leading to a future where humans and robots can navigate easily within the same complex

environment, and that they can support rather than hinder each other.
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