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Abstract— In this paper, we present a new approach to
human-aware robot navigation, which extends our previous
proximity-based navigation framework [1] by introducing vis-
ibility and predictability as new parameters. We derived these
parameters from a user study and incorporated them into a
cost function, which models the user’s discomfort with respect
to a relative robot position based on proximity, visibility,
predictability, and work efficiency. We use this cost function
in combination with an A* planner to create a user-preferred
robot navigation policy. In comparison to our previous frame-
work, our new cost function results in a 6% increase in social
distance compliance, a 6.3% decrease in visibility of the robot
as preferred, and an average decrease of orientation changes
of 12.6◦ per meter resulting in better predictability, while
maintaining a comparable average path length. We further
performed a virtual reality experiment to evaluate the user
comfort based on direct human feedback, finding that the
participants on average felt comfortable to very comfortable
with the resulting robot trajectories from our approach.

I. INTRODUCTION

Since the start of the last decade, household robots have
slowly begun to enter our daily lives [2], [3]. While these
robots offer a lot of possibilities, they also present us with
new challenges to ensure a harmonic co-existence between
humans and robots inside the same house. An important
factor hereby is human-aware robot behavior, i.e., the robot’s
ability to comply with social rules to avoid disturbances of
the user. In this paper, we take a step further and not only
consider human-awareness but also aim for unobtrusive and
predictable robot behavior, which turned out to be important
factors for users. Thereby, we want to ensure that in an
optimal scenario the user is not even aware of the robot’s
movements and, in turn, cannot be disturbed by them.

This work is an extension of our previous work on human-
aware robot navigation [1] and long-term object interac-
tion prediction in indoor scenarios [4]. Based on these
foundations, we developed a new approach for generating
user-preferred robot navigation behavior. To do so, we first
designed studies to get more insights about the user prefer-
ences with respect to the robot’s navigation behavior. From
the results of these studies, we conclude that aside from
proximity constraints, users also value unobtrusiveness and
predictability in service robots. Based on this, we propose
to learn a weighted cost function by quantifying the robot’s
social compliance, visibility for the user, predictability of the
robot’s path for the user, and the efficiency for possible robot
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Fig. 1: Motivation of our approach. The robot notices that the user
is approaching its position and needs to decide which path to take.
The path to the left is non-visible to the user but would result in
increased travel time and a sudden change in direction. Continuing
in a straight line would be time-efficient but likely result in user
discomfort as the robot would be very close to them. The path to
the right would again result in non-visibility, but is a dead end,
therefore, the robot would need to wait until the user passes before
coming out again. To solve this dilemma, a model about user-
preferred robot behavior is needed.

positions. This function is then used to compute cost values
for an A* planner. The resulting path thereby minimizes
these costs and represents an optimal robot path under the
given constraints. A motivational example for our work is
depicted in Fig. 1.

To show the benefits of our approach, we conducted a
quantitative evaluation in a simulated environment and eval-
uated travel distance, social distance compliance, visibility,
and predictability as metrics. Furthermore, we carried out
an experiment in a virtual reality setting to evaluate how
comfortable users feel with the resulting robot navigation
behavior. We provide a comparison of our approach against
our previous human-aware navigation framework [1] and
a path planned with standard A*, without considering any
prediction. The contributions of this paper are the following:
• Studies about user-desired robot navigation behavior,
• A novel navigation policy for user-preferred robot be-

havior based on the results of the study,
• An evaluation based on simulated experiments and a

virtual reality user study.



II. RELATED WORK

By now human-aware navigation is an important topic in
social robotics, which has led to a multitude of promising
navigation policies for various kinds of assistant robots.
According to Kruse et al. [5], a human-aware navigation
approach can be evaluated using three metrics: human
comfort (absence of annoyance and stress for humans),
naturalness (similarity between robot and human behavior),
and sociability (adherence to cultural conventions). The most
common approaches to enable human-aware navigation are
proximity constraints between humans and the robot [6].
Those were also the basis of our previous work [1], in which
we combined a long-term movement prediction system with
a rule-based navigation policy that forbids robot movement
into the personal spaces of the user. Using knowledge about
common social distances between humans from Hall et
al. [7], typical human movements from Kitazawa et al. [8],
as well as from our own experiments, we concluded that
these spaces consist of: the social zone (SZ), a circular
region around the user with a radius of 1.2 meters [7], the
information process space (IPS), a rectangular area with a
length of 4 meters and a width of 1 meter in front of moving
humans, in which robots are considered to be potential
obstacles [8], and the area behind the human (B), with a
length of 5 meters and a width of 2.4 meters, in which robots
are negatively perceived as followers. However, proximity
rules alone are not sufficient to guarantee user comfort,
therefore in contrast to our previous work, in this paper we
additionally focus on the visibility and predictability of the
robot which also influences a user’s comfort as we found out
in our studies.

Other noticeable examples of human-aware navigation
systems are, e.g., given by Vega et al. who proposed to
avoid areas related to human-human and human-object in-
teraction in addition to personal spaces of users to enable
socially accepted robots paths [9]. To prevent the emotional
discomfort humans may feel when approached closer than
they like, Vega et al. used an adaptive spatial density function
modeling the personal spaces around groups of people [10].
Tsai et al. also used a human-aware approach and developed
NaviGAN [11], a generative navigation algorithm that com-
bines comfort and naturalness aspects. The authors presented
an adversarial training framework that learns to generate
a navigation path that is both optimized for achieving a
goal and for complying with latent social rules. Furthermore,
Scales et al. worked on a project to explore the impact of
the robot behavior on humans [12]. The pilot experiments
to that project focused on the person-following task with
a navigation method deployed among humans aiming to
consider navigation as more than a robot’s functionality.
Therefore, the authors selected a state-of-the-art person-
following method as basis and extended the method to be
more general and adaptable. Another example is given by
Randhavane et al. who argued that users feel more com-
fortable around robots that show complementary movement
behaviors to their own in regards to dominant or submissive

navigation actions [13]. In other words, if a user wants to let
the robot pass, i.e., shows submissive navigation behavior,
the robot should ignore possible proximity constraints and
pass by the user, i.e., show dominant behavior. Khambhaita et
al. also worked on requirements for effective human-robot
collaboration in interactive navigation scenarios [14]. The
authors used different environments as use cases where hu-
mans and robots moved in path-crossing situations, thereby
applying state-of-the-art human-aware navigation ideas, and
compared them with respect to the quality of the generated
trajectories to draw perspectives on future evolution of
human-aware navigation planning methods. Training inten-
sive deep reinforcement learning can also be used for human-
aware navigation, as for example shown by Chen et al.
with an approach to anticipate human dynamics for efficient
crowd navigation [15]. Further research of human-aware
navigation include the consideration of time-dependent social
interaction spaces which may change by the hour of the
day [16], long-term prediction of likely user movements to
avoid situations in which the robot cannot abide to proximity,
e.g., because it needs to use the same small corridor as a
user [4], as well as user-specific [17] or anthropomorphic
robot design [18] to increase the visual similarity between
the users and robots.

III. USER-PREFERRED ROBOT NAVIGATION BEHAVIOR

During our previous work [1], we performed a survey to
evaluate a human-aware navigation policy, which is based on
long-term motion prediction of humans. We found that beside
proximity constraints, our participants greatly valued pre-
dictability in robot behavior. To further explore this and find
possible additional important aspects of user-preferred robot
navigation behavior, we carried out three more studies: a
preliminary study to identify preferred robot trajectories
by letting participants draw them, a follow-up online self-
assessment survey to further explore which characteristics of
the trajectories were most important to our participants, and
a final online survey in which we again let participants draw
their ideal robot trajectories, this time with the intention to
derive a cost function based on the navigation characteristics
identified in the previous studies.

A. Preliminary Study

The preliminary study consisted of ten different domestic
environments in which the positions of the robot, the user,
and the navigation goal of the robot were marked. Addi-
tionally, in one third of the environments a navigation goal
for the user was also added. The task of the participants
was to draw their ideal trajectories for both, the robot and,
if applicable, the user. The trajectories should start at the
current positions of the robot and the user and end at their
respective navigation goals. If both the user and robot were
supposed to move in the scenario, the participants were also
asked if they preferred the robot to move first or the user to
move first in case there appeared to be intersections.

The preliminary study had 9 participants between the
age of 18 and 55 with different educational backgrounds.



All participants lived in Germany. While evaluating the
responses to this survey, it became apparent that the
responses mostly differed in the following three categories:

• Visibility of the robot: The robot was either in sight
for the human while moving or not.

• Distance to the user: The robot’s trajectory was either
close to the human or far away.

• Change in orientation: Most of the robot paths were
smooth with only small orientation changes over time,
resulting in predictable robot paths.

All of these observations were consistent with our previous
surveys and served as basis for the more extensive online
survey.

B. Self-Assessment Survey

We designed the self-assessment survey to identify sta-
tistically significant preferences of the previously found
characteristics. Therefore we asked the participants questions
about what they personally found to be most important about
human-aware robot navigation. The survey was created with
Qualtrics [19] and carried out via Clickworker [20]. It had
150 participants between the age of 18 and 69 and represents
a cross section of the German society.

We found that 59.1% of our participates preferred a non-
visible robot over a visible one, 80.5% preferred a high
distance to the user over a small distance, 53.7% preferred
if a robot moved behind the user instead of in front of them.
Lastly, 78.8% of the participants found unobtrusive robot
behavior more important than time efficiency.

All results were examined for differences between the age
and gender of the participants, however, none were found.

C. Navigation Cost Term Study

The final study was based on the results of the preliminary
study and the self-assessment survey. it was again created
with Qualtrics [19] and carried out via Clickworker [20],
with 140 participants between the age of 18 and 69 repre-
senting a cross section of the German society.

Similarly to the preliminary study, we asked our
participants to draw their preferred robot and user paths
in 10 different home environments. This resulted in 1400
drawn robot paths. For the evaluation of the results, we
used the identified characteristics of the last two studies to
build cost terms based on them:

• Social Distance Compliance: The ratio between robot
positions that are inside the social zone [1], and there-
fore too close, of the user and those outside it.

• Robot Visibility: The ratio between the visible and non-
visible robot positions for the user.

• Orientation Change: The orientation change of the
robot in regard to its last pose in degree.

• Path Efficiency: The ratio between the distance costs
of the drawn robot path and the shortest path to the

given goal computed with A*.

Averaged over all drawn paths we found a social distance
compliance value wSDC of 0.86 ± 0.18, a visibility value
wVis of 0.26±0.19, an orientation change w∆Θ of 16◦±8.9◦,
and an efficiency value wEff of 0.65± 0.13.

Using these results we can get an insight in how much
weight our participants assign to each of the corresponding
factors. We used these weights to construct a cost function,
which is described in the next section.

IV. NAVIGATION COST FUNCTION

The results of the studies discussed in the previous section
show that the robot should take into account its social
distance compliance, visibility, orientation change, and path
efficiency during navigation. To build a navigation function
around those terms, we first defined a general cost function
for each of them in regards to possible robot positions.
Let Xr be the robot’s position, Xh the user’s position, and
Xg the position of the robot’s navigation goal. To allow
comparability, all costs are normalized to be between 0 and 1.

A. Social Costs

This cost term models the social distance compliance of
the robot, which is based upon the proximity between the
robot and the user. As shown in our studies, a high distance
is vastly preferred by users as well as the robot’s compliance
to social norms regarding its relative position. The last aspect
is also based on the results of our previous work [1] and
should be high for robot positions that result in disturbances
or discomfort of the user, e.g., positions very close, directly
in front or behind the user, as discussed in Sec. II. Therefore,
the Social Costs S(X ) of a non occupied position X and a
weight term wS between 0 and 1 is defined as

S(X , wS) =


∞ if X ∈ SZ

∞ if X ∈ IPS
5

dist(X ,Xh) · wS if X ∈ B
0 else

(1)

B. Visibility Costs

This cost term corresponds to the visibility of the robot
to the user. Based on our studies, users prefer non-visible
robot states over visible ones. Let R(X ) be 1 if the non
occupied position X is in the same room as the user and
0 else, let further Vis(X ) be 1 if the position X is visible
for the user, i.e., inside their field of view, and 0 otherwise.
Let further wV be a weight term between 0 and 1. As a
user may unexpectedly turn around, we additionally decided
to discourage the robot from staying inside the same room
as the human, to avoid situations in which it may be
suddenly revealed to the user by unexpected movements. The
Visibility V (X ) of a position X is therefore defined as

V (X , wV ) =


0 if R(X ) = 0
wV

2 else if Vis(X ) = 0

wV else
(2)



C. Orientation Change Cost

The last cost value is the costs associated with orientation
changes. Consistently throughout our studies, we found that
users preferred smooth paths with only small orientation
changes at a time. Let θold be the current orientation of
the robot and θ(X ) be the orientation the robot would have
if it moved to the non occupied position X and wΘ be a
weight parameter, symbolizing a desired average change in
orientation between positions. The Predictability Pr(X ) of
a position X is defined as

Θ(X , w∆Θ) =
|θold − θ(X )|

w∆Θ
· ηp (3)

with ηp as the maximal possible orientation change as
normalizing constant.

D. Efficiency Costs

The Efficiency E(X ) of a non occupied position X and a
weight term wE between 0 and 1 models the distance costs
associated with X . The higher the value, the farther away the
position is from the goal. It is normalized over the highest
distance ηe between two points in the environment:

E(X , wE) = dist(X ,Xg) · ηe · wE (4)

with dist(XA,XB) as the A* distance between position XA

and XB.

E. Combined Cost Function

The combined cost function C(X ) of a non occupied
position X can be obtained by combining all individual cost
functions with the cost terms resulting from our studies:

C(X ) =S(X , wSDC ) + V (X , wVis) (5)
+ Θ(X , w∆Θ) + E(X , wEff )

We use this cost function in an A* planner to generate the
optimal path from the robot’s current pose to its navigation
goal under the given constraints in a grid map of the
environment. As heuristic function, we used the `2 distance.

In case the user is also moving and a prediction about its
movements is available, e.g., by applying a prediction-based
on object interactions [4], we instead apply time-dependent
A* path planning [21] to consider future movements of the
user and also use the time-dependent versions of the cost
terms. For details about the prediction and time-dependent
planning, we refer to our previous work [4].

V. EVALUATION

To evaluate our approach, we performed a quantitative
evaluation in simulated environments as well as a user study
with a virtual reality (VR) experiment. In the simulation
experiments, we evaluate proximity to the user, visibility
of the robot, predictability of the robot’s path, and time
efficiency, whereas in the VR study we directly evaluate the
comfort of users with the resulting robot navigation behavior.

We compared the results of our system with those of
similar literature approaches in all experiments.

Avg. Std. Avg. Std. Avg. Std. Avg. Std.
SDC SDC Vis Vis ∆Θ ∆Θ Dist Dist

Proposed
approach 80% 3% 0.7% 0.3% 9.9◦ 0.9◦ 29.8m 1.2m

Previous
approach [1] 74% 1% 7% 1% 22.5◦ 1.5◦ 28.9m 0.7m
A* Shortest

Path 48% 3% 20% 2% 7.3◦ 0.6◦ 27.3m 1.1m

TABLE I: Results of the quantitative evaluation with similar veloc-
ity for all approaches. The proposed approach achieves a 6% higher
SDC, 6.3% less visibility, and 12.6◦ less change in degrees than
our previous approach, thereby outperforming it in all metrics aside
from the overall path distance. With the exception of the average
path distance, all results show statistical significance towards each
other with respect to a paired t-test with α = 0.05.

A. Quantitative Evaluation

For the quantitative evaluation, we generated a dataset in 8
different simulated home environments with sizes of 100m2

using the V-REP editor [22]. We used a grid map resolution
of 0.25 meters.

To evaluate the robot’s proximity to the user, we used
the social distance compliance (SDC), which measures the
ratio of the number of robot positions X with a social cost
value S(X , wSDC )) of more than 0, i.e., positions that are
discomfortingly close to the user. To evaluate the robot’s
visibility (Vis) to the user, we used the ratio between the
number of positions that were visible to the user during the
robot’s movement and the robot’s overall number of positions
during the experiment. To measure the smoothness of the
robot’s path we computed the average orientation difference
between two consecutive positions on the path (∆Θ). Lastly,
to measure the efficiency, we used the robot’s total traveled
distance (Dist) in meters as metric.

We conducted 80 experiments, 10 in each environment.
For each experiment, we randomly chose the start locations
of the robot and the user in different rooms. Both, the robot
and the user then moved to the start point of the other with a
similar and constant velocity for all trajectories. We used this
setting to provoke a intersection of the robot and user path,
thereby providing a difficult setting for the approaches. The
user was simulated with A* as navigation strategy and moved
on the shortest path while the robot was controlled either by
our approach or by one from the literature we compare our
work to, i.e., our previous human-aware navigation method
using long-term movement prediction [1] and an A* shortest
path, which does not utilize any form of human-aware
navigation except for local, reactive collision avoidance.

The results of the experiments are depicted in Tab. I.
As can be seen, the proposed approach outperforms both
literature approaches in terms of social distance compliance
and visibility. It also produces a smoother path than our
previous approach, however, it is not able to outperform
the shortest path in this metric. All of these results are
statistically significant under a paired t-test with α = 0.05.
Our approach leads to a higher traveled distance of the
robot compared to both literature approaches, however, only
the difference to the shortest path is statistically significant.



Also as shown by our surveys, users are willing to trade
path efficiency against unobtrusiveness. This results from the
tendency of our approach to avoid the robot being in the
same room as the user, which leads to longer robot paths
but reduces visibility, social distance violation, or sudden
changes of direction. The later are typical if unexpected
user movements are encountered and the robot either needs
to change its course to avoid social distance violations,
resulting in higher average orientation changes, or ignore
them, resulting in high smoothness and a low path distance
but also a low SDC value.

B. Virtual Reality Experiment

To evaluate how comfortable humans actually feel with
our approach we performed a user study. However, as of the
current Covid-19 regulations such a study was only possible
with a pool of ten participants and had to be performed
in a virtual reality setting to minimize physical contact.
Additionally a VR system gave us the opportunity to show
the participants an environment similar to a private living
space instead of a laboratory. Also the robots could not injure
the participants, allowing us to simulate much more life
like trajectories in comparison to the typically very cautious
movements of robots inside lab environments. We conducted
the study using a HTC-VIVE system and environments of
the Facebook replica dataset [23]. The experiments were
setup in a similar way as in the quantitative evaluation, using
either our presented approach, or our previous approach [1].
As we could only perform a limited number of experiment
due to the current regulations and the shortest path strategy
showed the lowest SDC, thereby likely causing the highest
amount of discomfort to the users, we decided to exclude
it from the experiments. We showed each participants two
different environments. In each of them, the participants had
to perform two identical trajectories. During one of them, the
robot would navigate based on the approach presented here,
for the other using our previous long-term motion prediction
approach. The participants saw the environments in a first-
person view.

The first environment (see Fig. 2) was an eat-in kitchen
with some rooms on the site the participant could not observe
from its position. The participants moved from the living
room area to a nearby table. During the trajectory generated
by our new approach, the robot used the non-visible rooms
and just entered the room again when the participant reached
their goal, thereby avoiding visibility as much as possible.
In comparison to that, the long-term prediction approach
ignored the non-visible rooms and used a collision-free path
to the robot’s goal location, staying visible the whole time.
Fig. 2 depicts the robot’s and the participant’s trajectories.

The second environment was a hotel room with two double
beds and a small bathroom beside the entrance. In this
scenario, the participants moved from the middle of the
hotel room towards the entrance while the robot moved from
the entrance to the bathroom. This environment tested the
predictability of the robot, as on the trajectory computed by
our approach, it would move straight to the goal position. The

Fig. 2: Birds eye view of the first environment. The partici-
pants (pink path) moved from a sofa to a table while observing one
of two trajectories, corresponding to the robot behavior resulting
from our previous work [1] (orange trajectory) and the approach
presented in this paper (green trajectory). Using the new approach,
the robot avoids being visible as much as possible.

Fig. 3: Birds eye view of the scound environment. The partici-
pants (pink path) moved from a bed to the door, while observing
one of two different trajectories, corresponding to the robot behavior
resulting from our previous work [1] (orange trajectory) and the
approach presented in this paper (green trajectory). Using the new
approach, the robot moves straight to the goal on a predictable path
and does not increase its distance to the user first.

long-term prediction approach on the other hand chose to first
step out of the potential way of the user before moving to the
goal, which resulted in a less smooth and direct trajectory.
Fig. 3 depicts the robot’s and the participant’s trajectories.

After each trajectory, the participants were asked to
evaluate their comfort with the robot’s movements on a
Likert scale. The possible answers where very comfortable,
comfortable, neutral, uncomfortable and very uncomfortable.
The results are depicted in Tab. II.

Overall the presented approach was perceived positively.
The participants stated that they felt overall quite comfortable
with the robot behavior resulting from the proposed ap-
proach. They contributed this to the high distance of the robot
to them and to their ability to predict its future movements. In
contrast, while not outright disliking our previous approach
the participants felt much less sure about the intentions of the
robot, as it would change its directions more drastically to
balance a high distance to the user. The participants reacted



Proposed approach
VC C N U VU Avg. Std.
(5) (4) (3) (2) (1) value value

Environment 1 50% 40% 10% 0% 0% 4.4 2.1
Environment 2 60% 40% 0% 0% 0% 4.6 2.3

Previous approach [1]
VC C N U VU Avg. Std.
(5) (4) (3) (2) (1) value value

Environment 1 30% 40% 30% 0% 0% 4.0 1.6
Environment 2 0% 10% 50% 40% 0% 2.7 2.1

TABLE II: Results of the user study with ten participants who rated
their comfort with the robot’s behavior on a Likert scale ranging
from 1 to 5: very uncomfortable (VU), uncomfortable (U), neutral
(N), comfortable (C), very comfortable (VC). As can be seen, our
new approach was perceived as comfortable to very comfortable
and outperforms the previous work.

overall neither especially positive nor negative to the low
visibility of the robot with the proposed approach, however,
some participants noted that in such cases the robots should
not be silent as they would then be able “to sneak up” on
them, a scenario which they would dislike. In general, given
the good results of the quantitative evaluation in Tab. I and
the overall high comfort rates of the participants in the VR
experiment in Tab. II, the focus on low visibility and high
path smoothness in addition to social distance compliance
leads to unobtrusive and user comfortable human-aware
navigation.

VI. CONCLUSION

In this paper, we presented an extension of our pre-
vious proximity-based, long-term prediction human-aware
navigation approach [1]. We performed three user studies
with 299 participants in total to detect further important
factors for user comfort besides proximity and found that
our participants also valued the robot’s unobtrusiveness, and
the predictability of the robot’s movements. We used this
newly gained knowledge to define a cost function to generate
robot navigation behavior that incorporates all those factors,
which are weighted by the preferences of the participants of
our study.

The quantitative evaluation in a simulated environment
shows that our new approach significantly outperforms pre-
vious work in terms of social distance compliance, non-
visibility of the robot, and smoothness of the robot’s path.
Furthermore, we performed experiments with users in an VR
environment. The evaluation demonstrates that the presented
robot navigation approach was perceived positively by the
participants and outperforms our previous work in terms of
user comfort.
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