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ABSTRACT
Motion planning in stochastic dynamic environments is a difficult problem with many applications towards self-driving vehicles,
UAVs, and video games. Human-automation collaboration can enhance navigation safety and efficiency in situations where pure
automation is not satisfactory, but it often relies on interface design to prevent over-reliance or under-reliance of the automation.
Commodity input devices for collaborative interfaces are currently
emerging as an alternative to specialized hardware and expensive simulators. This study presents Busy Beeway, a mobile game
platform to study human-automation collaboration in dynamic environments. Users share control with automation as they evade
stochastically moving obstacles in levels of increasing difficulty. In
this paper, data collection from game play is combined with survey
feedback to provide insight into Busy Beeway’s potential to aid
human-automation collaboration for navigation tasks.
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1

INTRODUCTION

Autonomous navigation in dynamic environments is critical in
many applications such as self-driving cars, UAVs and video games.
However, since motion planning in dynamic environments is NPHard and in PSPACE [5, 6] and real-world applications often have a
large number of moving obstacles with stochastic dynamics [20, 25],
providing navigation safety guarantees by identifying complete
collision-free solutions in real-time in these cases is practically
unachievable. Therefore, human-automation collaboration and
supervision have been used to improve navigation safety and efficiency [19]. Unfortunately, human-automation collaboration often
requires a carefully designed user interface to keep the operator
informed and engaged to prevent over-reliance or under-reliance
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on the automation [27]. Existing user studies on automation interaction for navigation require specialized simulated environments
or actual automated vehicles [23, 30]. However, future humanautomation collaboration interface designs may not require large,
expensive simulators. Google self-driving cars and DJI Phantom
4 are good examples where user interfaces for highly complex vehicles may use simple touch screens. In addition, a simple touch
screen was found to be more efficient than eye-tracking and computer mouse for human-robot teleopertion [14].
In this paper, we propose a fast paced, engaging mobile game,
Busy Beeway, as a platform to study human-automation collaboration in environments with stochastically moving obstacles. Within
this game, users and automation share control of a bee character in
order to avoid collision with stochastically moving obstacles and
navigate to multiple subgoals (flowers) before arriving at the final
goal (the hive). As a mobile game Busy Beeway enables the study of
the following key aspects of human-automation collaboration at an
extremely low cost: 1) efficient interface design, 2) human collaboration behavior and 3) human-automation collaboration performance
comparison with state of the art motion planning algorithms for
dynamic environments.
We conducted a user study of thirty two participants via game
interaction and pre- and post-survey before the official release
of Busy Beeway. The focus of this study is to investigate humanautomation collaboration behavior and to compare collaborative
navigation with state of the-art planning algorithms. Results indicate that users actively collaborate with automation in Busy Beeway,
and the game’s scoring system keeps users engaged and willing
to play more to improve their score. Additionally, despite the fact
that state of the-art planning algorithms often outperform humanautomation collaboration with our current interface design, the
success rate of collaborative navigation is much less sensitive to
problem difficultly as represented by the number of dynamically
moving obstacles. Busy Beeway also reveals that users are more
likely to take control in the presence of large numbers of obstacles,
but this intervention often does not improve navigation success.
The enclosed video demonstrates Busy Beeway game play.

2

RELATED WORK

Motion planning in dynamic environments remains an unsolved
challenge. Even the simplest case, where a 2D holonomic robot
must avoid collision with polygonal obstacles moving at constant
velocities, has been shown to be NP-Hard [6] and in PSPACE [5].
Therefore, in many real-world applications, identifying real-time
collision-free solutions is practically impossible due to factors such
as large numbers of obstacles, obstacle motion uncertainty, and
dynamics constraints of the robot. Real-time planning algorithms
typically rely on heuristics and often cannot provide complete
collision-free solutions. Common heuristics include Artificial Potential Fields (APF) [24, 26], Velocity Obstacles (VO) [18]. These
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methods react to nearby obstacles and compute motion control
actions at every time step. On the other hand, state sampling [3, 17]
and state-time sampling methods [2, 7, 8] typically consider obstacles in a wider range and plan a path over certain horizon.
Cooperation with automation can improve safety and reduce
workloads [19]. However, it can also introduce challenges such as
conflicting authority during emergency situations [12]. In addition,
collaboration interfaces have to be designed to prevent misuse,
such as over or under-reliance [27], and to earn the trust of their
operators [22]. While significant work has been done in humanautomation interaction for navigation, particularly in automotive
applications, these studies often rely upon small numbers of subjects
and highly customized, problem specific simulator platforms [11,
23, 30]. In contrast, we propose a touchscreen-based platform that
is amenable to repeatable, large-scale user studies, and is capable of
generating scenarios rich in relevant human-automation interaction
issues. Related work in human-robot teleoperation has shown
that a simple touch screen interface outperforms eye-tracking and
computer mouse [14] and shared control can be used to compensate
for input delay using a game controller [28].
Video games have become an important part of our culture
with emerging benefits and applications [21]. It has been shown
that many computationally challenging tasks such as protein folding [10], image recognition [29], and weather prediction [16] can
be presented as a video game in order to harness the human intuition, which outperforms state of the art algorithms in many cases.
However, for these games to be effective, various motivations and
competitive features must be present [15] in order to ensure the
quality and continuation of user contribution.

3 BUSY BEEWAY
3.1 Game Mechanics
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from flowers (8 in Figure 1), before heading towards the final goal,
i.e., returning to the hive (9 in Figure 1). To help users locate the
subgoals, a guidance arrow (6 in Figure 1) points toward the nearest
subgoal or the the final goal, the hive, if all subgoals have been
reached. A training level is presented that allows the user to become
familiar with the controls using a series of example subgoals. The
training level contains no dynamic obstacles. After training, users
must navigate without colliding with moving obstacles, wasps (2
in Figure 1). If the bee character reaches the final goal, it enters
the next level, which has more and/or faster stochastically moving
obstacles. Users are given up to five attempts at each level before
Busy Beeway automatically proceeds to the next level. The score
is defined as the lowest amount of time to complete the user’s
objective (3 in Figure 1), and the users are encouraged to obtain a
score as low as possible.

3.2

3.3

Figure 1: Busy Beeway user interface. The numbers represent: 1) on screen joystick for manual control of bee (users
can also touch bee itself to control), 2) stochastically moving
obstacles (red wasps), 3) current score as time elapsed (high
score underneath, if available), 4) the bee character, 5) indicator for whether the bee character is under manual or automation control, 6) guidance arrow that directs to nearest
subgoal or final goal, 7) indicator of number of remaining
goals, 8) subgoals (flowers), 9) final goal (hive).
Figure 1 shows a screenshot of Busy Beeway. The user’s objective
is to guide the bee character to all of the subgoals, i.e., collect honey

Automation System

Busy Beeway utilizes motion planning algorithms for the automation system. In principle, any efficient motion planning algorithm
can be used that is capable of returning a motion control action
within each game play frame. We used the lower-end video game industry standard that is acceptable for action game play of 30Hz [9].
In Busy Beeway the user can share control of the bee character
with the automation in a variety of ways in order to study collaborative interface design. We presume a scheme for human-automation
collaboration in which in the absence of user input, e.g., when the
user is not touching the screen, the automation is engaged and
the motion planner dictates the bee’s action. Otherwise, when the
user is touching the screen, the user’s control action dictates the
bee’s action. We chose this collaboration scheme due to the similarity to level 2 self-driving cars (current state of the art, where the
driver supervises and takes over controls when need arises) [12].
Using Human-Automation Collaboration Taxonomy (HACT) [4],
our scheme has a level 1 moderator, a level 1 or 5 generator, a level
1 decider, a black functional transparency level, raw information
transparency level and a command level interactivity.

Data Collection

Busy Beeway records, at 30Hz, the raw input on the screen, motion
control inputs to the bee character, the locations of the bee character
and dynamic obstacles, and the outcomes of each user’s attempts.
This data enables full reproducibility of the user’s experience and
choices, capturing both user actions and the stochastic nature of
the game. In our initial user study, these logs were saved locally on
the testing tablet and copied to external backup storage after each
play.
In this paper, a small-scale user study with pre- and post-survey
was conducted. The study protocol, recruitment, and compensation
was approved by the Institutional Review Board of University of
New Mexico (IRB ref. 01517). Participants were invited using emails, invitation cards and flyers posted in and around the university
campus. Interested applicants filled out the online pre-survey to
sign up for the study. Before each session began, the accepted
applicants were provided the consent form to review and sign.
Each play session lasted between 10 minutes to 15 minutes. A
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post-survey was given at the end of each participation session.
Participants were paid $10 for completing the study.

4 RESULTS AND DISCUSSION
4.1 Setup
Automation System. In this study, we chose an artificial potential
field (APF) motion planner [24] as the automation system. Within
Busy Beeway, the APF planner takes about 11 to 32 ms to compute
a motion control action (depending on the number of dynamic
obstacles), which is roughly 33% to 96% of the frame time. In
addition, as we will demonstrate in Section 4.4, full automation
using APF results in collision with moving obstacles about 44% of
the time in the most difficult Busy Beeway level. Therefore, it is
very likely a user will observe a failure of the automation during
the game play. This makes the task difficult enough that the user
are incentivized to collaborate with the automation, yet still remain
engaged and take over when warranted.
The action generated by the APF planner follows the gradient of
the sum of the attractive potential (Eq. 1) and repulsive potential
(Eq. 2). In Eq. 1, x is the user’s location, д is the goal’s location and
kд is a constant that adjusts the importance of moving toward goal.
In Eq. 2, d j (x) is the clearance between the bee character to the
jth obstacle , dmax is the cutoff distance, and kk is a coefficient to
adjust the importance of avoiding obstacles. In this study, we set
dmax = 6, kд = 0.01 and kk = 0.15.
U (x)at t r act ive = kд kx − дk 2
(
N
Õ
kk ( d 1(x ) − d 1 )2
max
j
U (x)r epul sive =
j=1 0

d j (x) ≤ dmax
Otherwise

(1)
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and must visits five subgoals placed at (5, 7), (11, 0), (10, 5), (15, 10)
and (13, −9) before heading to the final goal at (20, 0).
User Study. Thirty two participants completed the pre- and
post-surveys and Busy Beeway game sessions. Participants were
between the ages of 18 and 49 with an average age of 25 years. Half
of the participants were female and the other half were male.

4.2

User Engagement

As a mobile game, Busy Beeway has a much lower user perceived
risk in contrast with realistic driving vehicle simulators typically
used for human-automation collaboration [12, 19, 31]. This may
hinder users from collaborating with automation as the challenge
of the game may encourage users to attempt to complete levels
alone. However, we found that users have demonstrated a general willingness to work with the automation. Over half (59%) of
the users utilized the automation at least 50% of the time during
game play. In addition, 64% of users self-reported positive attitudes
towards automation in the post-survey question “Describe your
feelings towards using the autopilot.” To quote user 5: “I enjoy
using it. Probably one of the first game[s] where I experience using
autopilot and manual control. I think it’s pretty useful…”
The post-survey results also indicate that Busy Beeway motivates
users to further contribute to research. Users responded to a 5-point
Likert scale question: “I would like to play more to contribute to
human-automation collaboration research” with 81% agreeing (4
or 5), 16% neutral (3), and 3% disagreeing (1 or 2). In addition, the
survey question “I would like to play more to increase my scores”
reveals that the scoring system in Busy Beeway keeps users engaged,
with 72% of users agreeing, 16% neutral, and 12% disagreeing.

(2)

Level Design. Four levels were used in the study. First, users
were trained on the control of the bee character and the use of
automation. In this level, the user is encouraged to reach a series
of subgoals without the threat of moving obstacles. The average
amount of time users spent in the training level was 48.3±27.1s
while an absolute minimum time of 10s is required in the training level. In the next three levels, the bee character must reach
five subgoals and one final goal under increasingly higher numbers of obstacles. Level 1 (Figure 2 (b)) had 100 obstacles, Level
2 (Figure 2 (c)) had 200 obstacles, and Level 3 (Figure 2 (d)) had
300 obstacles. Both the bee character and obstacles had a collision
radius of 0.3 units and are confined to a world of radius 50. When
an obstacle reaches the edge of the world circle, it is teleported
to the antipodal position with an unchanged velocity. At the beginning of game play, obstacles are placed randomly in the world
with random headings. During the game play, obstacles stochastically re-sample speed every 0.1s from the set {2, 4, 6, 8}unit/s with
probability {.25, .35, .25, .15}. The bee character can move in any
direction (holonomic) at a max speed of 4 unit/s. Note that the
speed differential between the obstacles and robot favors the obstacles. Also, the number of obstacles is very high, especially in
the later levels. Both of these facts contribute to a problem that is
designed to be very challenging for an ordinary user to complete
without the help of automation. The bee character starts at (−20, 0)

4.3

Game Interaction

We explored several user behaviors and beliefs using both the survey questions and data collected by Busy Beeway. These included:
the use and willingness to collaborate with automation, the difficulty of the game controls, and the trust in automation.
We investigated the collaborative navigation success and efficiency as a function of automation usage. Figure 3(a) shows that
users who spend more time in manual navigation typically encounter more collision events. On the other hand, Figure 3(b) indicates that the completion time is not heavily impacted by users’
automation usage. These results indicate that the collaboration is
less effective when excessive control is exercised as it is more likely
to result in collisions. These results are likely due to the fact that
collision avoidance with large number of high speed stochastically
moving obstacles is very difficult for users without automation.
To investigate the user interface design and the user’s assessment
of difficulty, we asked the users“Was it easy to control Belinda (Bee
Character)” in the post-survey. A total of 44% of users answered
“Yes”, while 56% answered “No”. This is likely due to the fact that
the levels were tailored to be difficult, therefore it is very hard to
complete the level without utilizing automation. In another survey
question asking “Were any parts of the user interface useful?”, 50%
of users mentioned the guidance arrow (6 in Figure 1) in their
written response.

MIG2017, November 2017, Barcelona, Spain

(a) Training
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(b) Level 1 (100 obstacles)

(c) Level 2 (200 obstacles)

(d) Level 3 (300 obstacles)

Figure 2: The training level (a) and three trial levels (b-d) used in Busy Beeway. The flower path in (a) is designed to train users
on the human-automation collaborative control of the bee character.
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Figure 3: Percentage of time users spent in manual control
vs. (a) number of failures across all three levels and (b) time
taken to complete all levels.
We also investigated the users’ trust in the automation. In response to “The autopilot was competent (capable and control) guiding Belinda (bee character) on its own,” 78% of users agreed, 6%
disagreed, and 16% were neutral. In addition, in response to “Without the help of any guidance assistants, I can do better than the
autopilot,” 9% agreed, 69% disagreed, and 22% were neutral. These
responses indicate that users trust the capabilities of automation
and believe that automation can aid performance. It did not mean
that users felt incapable of controlling the bee character, as in response to “I felt competent (capable and control) guiding Belinda on
my own,” 53% of users agreed, 38% disagreed, and 9% were neutral.
We investigated the preferred collaboration strategy with automation via a multiple choice question on users’ self-reported
preferred strategy and data from game play. The numbers in parenthesis on the horizontal axis in Figure 4 show that most users
self-reported that they prefer to “Guide Belinda yourself and let
the autopilot jump in occasionally” (Semi-Manual) and “Let the
autopilot run and jump in occasionally” (Semi-Auto). The red bars
show these users’ actual automation usage, and the blue bars show
the average number of collisions. Users’ self-reported usage demonstrates general consistency with their actual automation usage. The
higher reliance on automation can also result in lower collisions,
as seen in Figure 3(a).
We also analyzed the change in automation usage after a user
witnesses a collision that occurred during user (Figure 6 (a)) or
automation (Figure 6 (b)) control. Figure 6 indicates that users
utilize automation more after witnessing a collision under manual
control. However, the amount of automation usage is unchanged
after users witness a failure caused by the automation. This is likely
due to the user quickly realizing that the level is difficult for them
and automation may be a way for them to improve performance.

Figure 4: Survey responses about a user’s preferred strategy for automation usage with number of users that selfreported each response shown in parenthesis. The average
number of collisions (blue bars) is shown with the average
automation usage (red bars) for each group.
On the other hand, the user may not understand the cause of automation failure due to the lack of legibility and predictability of
the automation system [13]. User 24 wrote “It is difficult to trust
where it may go,” and User 3 responded “It ran against my sense of
control.” Adapting the interface for future legibility experiments
would be straightforward within Busy Beeway.
To gain insight on why and when users take manual control,
we included in the post-survey, “Were there particular scenarios in
which you felt it was necessary for you to take over the autopilot
(automation)?” Among the collected written responses, 36% of users
mentioned that they took manual control when there were many
obstacles nearby. To investigate further, Figure 5 shows the average
number of obstacles visible on screen when the users take manual
control. The black vertical bar indicates the average number of
obstacles for each level. Figure 5 supports the users’ claim, as more
users took manual control when the number of obstacles visible on
screen exceeds the level’s average. Additionally, Figure 3(b) shows
that the utilization of automation by users increases with difficulty.

4.4

Comparison to Full Automation

Busy Beeway can also be used to compare the performance of collaborative navigation with state of the art planning algorithms. The
success rate of users is determined by the total number of successfully completed levels divided by the total number of attempts made
by all the users, while the success rate of the automation methods
were calculated out of 100 runs.
We compare user performance (collaborative navigation) with
APF, A* [1], VO [18], and Dynamic Risk Tolerance planning (DRT)
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Table 1 shows that collaborative navigation has a success rate
higher or on par with A*, while APF and VO outperforms collaborative navigation significantly in both success rate and completion
time. APF and VO compute actions every time step, thus they can
respond to potential collisions faster than a user can. However,
the success rate of these planning algorithms reduces dramatically
from Level 2 to Level 3, while the success rate of collaborative navigation remains similar in Levels 2 and 3. This is possibly due to the
fact that APF and VO do not consider obstacle density, while users
tend to take manual control when the obstacle density increases (in
Section 4.3). Lastly, DRT has a much higher success rate than all
methods. This is due to the fact that it explicitly samples collision
probability in the robot’s state-time space and thus can identify
and avoid regions of high collision probability.

Change in automation use (%)

(b)

Figure 6: Differences in percentage of time spent under automation control after first collision in (a) manual and (b)
automation control. Negative values indicate less automation usage, while positive indicates more.

[7]. A* discretizes the environment into 2D grids (at 0.13 units resolution) in order to find the shortest resolution-complete collisionfree path (considering all obstacles). To accommodate moving
obstacles, the graph search procedure is repeated at 3Hz. VO works
by computing the control action in the robot’s velocity space by
considering only obstacles within 4 units. It also assumes obstacles
move at a constant velocity. Unlike APF and A*, which require only
the knowledge of obstacle position information, VO also requires
obstacle velocities, which is typically more difficult to obtain. DRT
predicts the stochastic obstacle motion via forward reachability
analysis offline, and thus requires not only obstacle velocity, but
also knowledge of the stochastic dynamics of obstacles. Using this
prediction, DRT incrementally constructs a tree in the robot’s statetime space (x,y, and time) via random sampling. The nodes in the
tree are the robot’s position and time with a collision probability
lower than a time-varying heuristic function. The parameters used
for DRT are identical to those in [7] except for the tree time step,
which is set to 1/3s, and the obstacle detection range, which is set to
25 units. Note that aside from VO, all planning algorithms can react
to obstacles outside of the users’ screen area. The screen centers
around the bee character and is 16 units wide and 9 units high.

Table 1: Performance of all users and automation in terms
of success rate and average completion time
Level 1
Success
Time
(%)
(s)
All Users
APF
VO
A*
DRT

54
95
94
46
100

33±6.9
21±2.1
24±0.4
25±0.4
27±5.3

Level 2
Success
Time
(%)
(s)
34
81
81
33
98

35±6.4
26±3.8
24±0.7
24±0.5
36±7.9

Level 3
Success
Time
(%)
(s)
32
56
57
5
92

42±7.0
30±4.7
25±1.2
25±0.6
40±9.5

Table 2 lists times for the five users that were able to complete
each level in the shortest amount of time. For each user run, a
comparison to full automation is also listed. Recall that obstacles
movements and placements are stochastic, therefore each run is
unique. Due to differences in Android system performance, standard deviation of the automation is also listed. Top users can achieve
shorter completion time more often in Level 2 and 3, where the
number of obstacles is higher. Interestingly, little manual control
is needed in these cases. For example, Users 10 and 11 utilized automation 97.7% and 99.4% of the time, while full automation failed.
We believe this shows that top users can guide the automation out
of local minima formed by moving obstacles (a common problem
for APF-based planning algorithms) and therefore achieve shorter
completion time.
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Table 2: Shortest completion times by users, as compared
to full automation. (Times listed are in real-time and may
vary slightly with underlying Android system performance,
therefore the standard deviation is computed from 20 trials.)

Level

1

2

3

5

User
#

Manual
Control
(%)

User
Time
(s)

Automation
Time
(s)

14
18
10
31
13
10
31
1
11
17
24
18
13
10
12

9.3%
3.3%
14.3%
9.7%
23.9%
2.3%
0.0%
1.9%
0.6%
0.0%
97.6%
1.4%
0.0%
1.8%
22.2%

25.0
25.1
25.7
27.1
27.5
25.8
28.9
29.3
29.7
31.2
32.2
32.2
33.4
36.7
37.5

22.7±0.1
25.2±0.1
24.2±0.1
25.3±0.1
30.5±0.1
(fail)
29.0±0.1
29.1±0.1
(fail)
31.4±0.1
36.0±0.3
32.4±0.2
33.7±0.4
39.3±0.3
34.9±0.3

CONCLUSION

We demonstrated Busy Beeway as a platform to investigate humanautomation collaboration in environments with stochastically moving obstacles. A preliminary user study was conducted that combines pre- and post-surveys with performance metrics. Results suggest that Busy Beeway is a suitable platform for human-automation
collaboration studies. This is demonstrated through the self-expressed
user intention to collaborate and the potential for enhanced performance exhibited through collaboration. The scoring system
enforces the competitive nature of the game and keeps users engaged.

ACKNOWLEDGEMENTS
(Omitted for anonymous submission)

REFERENCES
[1] Andrew Bacha, Cheryl Bauman, Ruel Faruque, Michael Fleming, Chris Terwelp,
Charles Reinholtz, Dennis Hong, Al Wicks, Thomas Alberi, David Anderson,
et al. 2008. Odin: Team victortango’s entry in the DARPA urban challenge. Field
Rob. J. 25, 8 (2008), 467–492.
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