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ABSTRACT
�is study presents Busy Beeway, a mobile game platform to investi-
gate human-automation collaboration in dynamic environments. In
Busy Beeway, users collaborate with automation to evade stochasti-
cally moving obstacles and reach a series of goals, in game levels of
increasing di�culty. We are motivated by the need for reliable nav-
igation aids in stochastic, dynamic environments, which are highly
relevant for self-driving vehicles, UAVs, underwater and surface ve-
hicles, and other applications. �e proposed mobile game platform
is agnostic to the particular algorithm underlying the autonomous
system, can be used to evaluate both fully autonomous as well
as human-in-the-loop systems, and is easily deployable, for large,
remote user studies. �is last element is key for rigorous study of
human factors in navigation aids. �rough a small 32-user study,
we evaluate preliminary �ndings regarding the relative e�cacy of
collaborative and fully autonomous navigation, the relationship
between success rate and users’ learned trust in the automation
(gathered via pre- and post-experiment surveys), and tolerance to
error (for decisions made by the automation and by the user). �is
study validates the feasibility of Busy Beeway as a platform for
human subject studies on human-automation collaboration, and
suggests directions for future research in human-aided planning in
di�cult environments.

CCS CONCEPTS
•Human-centered computing→ Empirical studies in collabora-
tive and social computing;
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1 INTRODUCTION
Navigation in environments with stochastic dynamics is a hard
problem that plagues self-driving cars and other transportation
applications [Glover and Lygeros 2004; LaValle and Sharma 1995].
Indeed, fully autonomous solutions are known to be NP-Hard and
in PSPACE [Canny 1988; Canny and Reif 1987]. Navigation aids that
enable collaboration between the human and the automated system
have the potential to improve safety and reduce workload [Flemisch
et al. 2008], and are a key element of many nascent solutions, such
as the Google self-driving car. However, important questions re-
main in the development of reliable autonomy and the e�ectiveness
of human interfaces in such systems [de Winter and Dodou 2011].
Interfaces to autonomous systems should ideally promote situa-
tional awareness and trust through transparency [Ho� and Bashir
2015], yet not overwhelm the human with unnecessary or untimely
information. E�ective ways to convey appropriate actions under
uncertainty are also an open area of human factors research. For
example, interfaces that promote engagement at appropriate times
may prevent over- or under-reliance on the automation [Parasura-
man and Riley 1997], and therefore improve overall performance
of the human-automation system. �e need for reliable tools and
methods to facilitate e�ective human-automation collaboration,
particularly in challenging environments, such as those that are
stochastic and dynamic, is paramount.

We propose a mobile game platform, Busy Beeway, to enable
large-scale studies of collaborative navigation systems in stochas-
tic, dynamic environments. In Busy Beeway, users collaborate with
the automation over control of a bee character (named Belinda) to
evade stochastically moving obstacles and reach a series of goals, in
game levels of increasing di�culty. Busy Beeway is agnostic to the
particular algorithm underlying the autonomous system and can
be used to evaluate both fully autonomous as well as human-in-the-
loop systems. We envision our platform as a precursor to human
subject testing in expensive, immersive, scenario-speci�c environ-
ments, such as those in [Johns et al. 2016; Xu and Dudek 2016]. Our
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platform enables exploratory inquiries in a cheap, fast, and easily
deployable manner, and hence is ideal for research in the rapidly
developing area of autonomy for human-on-the-loop systems. Our
platform exploits a simple touch screen interface, however, we be-
lieve that this is su�ciently generalizable; Google self-driving cars
and the DJI Phantom 4 also use touch screen interfaces.

We present a small, 32-user study, which consists of game play
as well as pre- and post-surveys that focus on demographics, at-
titude towards automation in general, and familiarity with video
games. Preliminary results from this study indicate that Busy Bee-
way is a feasible platform for study of collaborative navigation aids;
users actively collaborate with automation in Busy Beeway, the
game’s scoring system keeps users engaged, and Busy Beeway has
su�cient complexity that interesting human-automation interac-
tion phenomena can be observed. Our pilot study revealed trends
regarding relative e�cacy of collaborative and fully autonomous
navigation, the relationship between success rate and users’ learned
trust in the automation, and users’ tolerance to error (for decisions
made by the automation and by the user). Busy Beeway reveals that
users are more likely to take control in the presence of large num-
bers of obstacles, but this intervention o�en does not necessarily
improve navigation success. Based on the promising results of this
preliminary study, we believe that Busy Beeway is well suited to
serve as a platform for future studies in collaborative navigation.

2 RELATEDWORK
Very li�le work has been done on video games as collaborative
navigation aids. Most platforms for collaborative navigation occur
in automotive applications and exploit highly customized, prob-
lem speci�c simulator platforms [de Waard et al. 1999; Johns et al.
2016; Xu and Dudek 2016]. Work in human-robot teleoperation
has shown that a simple touch screen interface outperforms an
interface that uses eye-tracking and a computer mouse [Dunser
et al. 2015]; other work shows that shared control can be used to
compensate for input delay using a game controller [Storms et al.
2017]. 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 inter-
action issues. Video games have been successfully used to convey
computationally challenging tasks such as protein folding [Cooper
et al. 2010], image recognition [von Ahn and Dabbish 2004], and
weather prediction [Eveleigh et al. 2013]. Such applications seek to
harness human intuition, outperforming state of the art algorithms
in many cases. However, for these games to be e�ective, they must
motivate the user, e.g., through competitive features [Eveleigh et al.
2014], to ensure high quality data, and encourage repeated play.

While Busy Beeway can be used with any planning or control
technique, we implement solutions based on algorithms for motion
planning in stochastic, dynamic environments. �is di�cult prob-
lem has received considerable a�ention recently, as it is relevant to
many real-world applications, yet 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 o�en cannot provide complete collision-free
solutions. Common heuristics include Arti�cial Potential Fields

Figure 1: Busy Beeway user interface. Elements of the dis-
play include: 1) on screen joystick for manual control (users
can also touch the bee directly), 2) stochastically moving ob-
stacles (red wasps), 3) current score as time elapsed (high
score below, if available), 4) Belinda, 5) indicator forwhether
Belinda is under manual or automation control, 6) guidance
arrow pointing to nearest subgoal or �nal goal, 7) number
of remaining goals, 8) subgoals (�owers), 9) �nal goal (hive).

(APF) [Khatib 1986; Malone et al. 2017], Social Forces [Helbing and
Molnár 1995] and Velocity Obstacles (VO) [Fiorini and Shiller 1998].
�ese methods react to nearby obstacles and compute motion con-
trol actions at every time step. Other approaches use state- [Bruce
and Veloso 2002; Ferguson et al. 2006] or state-time sampling [Be-
nenson et al. 2006; Chiang et al. 2017, 2015], and typically consider
obstacles in a wider region to plan a path over known horizon.

3 BUSY BEEWAY
Design objectives for Busy Beeway include the ability to motivate
users toward future participation, su�cient di�culty that requires
collaboration with automation, and compatibility with benchmarks
that allow comparison to existing state-of-the-art algorithms.

3.1 Game Mechanics
Figure 1 shows a screenshot of Busy Beeway. �e user’s objective
is to guide Belinda to all of the subgoals, i.e., collect honey from
�owers in any order (8 in Figure 1), before heading towards the �nal
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 �nal 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.
�e training level contains no dynamic obstacles. A�er training,
users must navigate without colliding with moving obstacles, wasps
(2 in Figure 1). If Belinda reaches the �nal goal, it enters the next
level, which has more and/or faster stochastically moving obstacles.
Users are given up to �ve a�empts at each level before Busy Beeway
automatically proceeds to the next level. �e score is de�ned as the
lowest amount of time to complete the user’s objective (3 in Figure
1), and the users are encouraged to obtain the lowest score possible.

3.2 Automated System
In principle, any e�cient 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, 30 Hz, that is acceptable for action game play [Claypool
and Claypool 2007].
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In Busy Beeway the user shares control of Belinda with the au-
tomation in a variety of ways. We presume a collaboration scheme
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 plan-
ner dictates the bee’s action. Otherwise, when the user is touching
the screen, the user’s control action is used. We chose this collabo-
ration scheme for its similarity to SAE level 2, state-of-the-art for
self-driving cars (e.g., the driver supervises and takes control when
needed) [de Winter and Dodou 2011]. In the Human-Automation
Collaboration Taxonomy [Bruni et al. 2007], our scheme has a level
1 moderator, a level 1 or 5 generator, a level 1 decider, a black func-
tional transparency level, raw information transparency level, and
command level interactivity.

3.3 Data Collection and Study Protocol
Busy Beeway records, at 30Hz, raw screen input, control input to
Belinda, the location of Belinda and all dynamic obstacles, and all
other inputs from the user (e.g., screen touches that do not a�ect
Belinda because they are outside of the joystick area). �is data
enables full reproducibility of the user’s experience and choices,
capturing both user actions and the stochastic nature of the game.

�e human subject study protocol, recruitment, and compensa-
tion was approved by the Institutional Review Board of University
of New Mexico (IRB ref. 01517). Users were recruited via e-mails,
invitation cards and �yers posted on the university campus. Inter-
ested users completed the online pre-survey to sign up for the study.
Before each session, the users completed a consent form. Each play
session lasted 10 to 15 minutes. A post-survey was administered at
the end of each participation session. Users were compensated $10
upon completion of the study.

3.4 Experimental Setup
We implemented an arti�cial potential �eld (APF) motion planner
[Khatib 1986] as the automation system. Within Busy Beeway, the
APF planner takes approximately 11 to 32 ms to compute a motion
control action (the duration is dependent on the number of dynamic
obstacles), which is 33% to 96% of the frame time. A fully automated
solution using APF results in collision with moving obstacles about
44% of the time in the most di�cult Busy Beeway level. �erefore,
it is likely a user will observe a failure of the automation during
the game play. �is makes the task di�cult enough that the user is
incentivized to collaborate with the automation, yet still takes over
when warranted.

�e action generated by the APF planner follows the gradient
of the weighted sum of the a�ractive potential and repulsive po-
tentials. �e a�ractive potential is proportional to the squared
distance between Belinda and the goal. For each dynamic obstacle
within range dmax = 6, a repulsive potential inversely proportional
to the clearance between Belinda and the obstacle is constructed.
�e repulsive potentials are weighted 15 times stronger than the
a�ractive potential.

Four levels were used in the study. First, users were trained on
the control of Belinda and the use of automation. In this level, the
user is encouraged to reach a series of subgoals without the threat
of moving obstacles. �e average amount of time users spent in the
training level was 48.3±27.1s; a minimum of 10s is required in the

training level. In the subsequent three levels, Belinda must reach
�ve subgoals and one �nal 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 Belinda and the obstacles had a collision radius of 0.3 units
and are con�ned to a world of radius 50. When an obstacle reaches
the edge of the world circle, it is teleported to the antipodal position,
with unchanged velocity. At the beginning of game play, obsta-
cles are placed randomly in the world with random headings and
move linearly. During game play, obstacles stochastically re-sample
their speed at 10Hz from the set {2, 4, 6, 8}unit/s with probability
{.25, .35, .25, .15}. Belinda can move in any direction at a maximum
speed of 4 unit/s. Note that the relative speed between the obstacles
and robot favors the obstacles. Also, the number of obstacles is
very high, especially in the higher levels. Both of these facts make
the game challenging for an ordinary user to complete without
the help of automation. Belinda starts at (−20, 0) and must visit
�ve subgoals, located at (5, 7), (11, 0), (10, 5), (15, 10) and (13,−9),
before heading to the �nal goal, located at (20, 0).

�irty two users completed the pre- and post-surveys and Busy
Beeway game sessions. Users were between the ages of 18 and 49
with an average of 25 years. Half were male, and half were female.

4 RESULTS AND DISCUSSION
4.1 User Engagement
As a mobile game, Busy Beeway has a much lower user perceived
risk than that associated with realistic driving vehicle simulators
[de Winter and Dodou 2011; Flemisch et al. 2008; Zeeb et al. 2015].
�is could potentially reduce incentive to collaborate with automa-
tion, however, we found that users demonstrated a general will-
ingness to collaborate 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 a�itudes
towards automation in the post-survey question, “Describe your
feelings towards using the autopilot.” User 5 indicated, “I enjoy
using it. Probably one of the �rst game[s] where I experience using
autopilot and manual control. I think it’s pre�y useful…”

Encouraging continued contribution from users is important
to crowdsourcing platforms, and the post-survey results 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% dis-
agreeing (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.

4.2 Game Interaction
We explored user behaviors and beliefs using both the survey ques-
tions and data collected by Busy Beeway, including use of and
willingness to collaborate with automation, di�culty of the game
controls, and learned trust in automation.

We investigated the collaborative navigation success and e�-
ciency as a function of automation usage. Figure 3(a) shows that
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(a) Training (b) Level 1 (100 obstacles) (c) Level 2 (200 obstacles) (d) Level 3 (300 obstacles)

Figure 2: �e training level (a) and three trial levels (b-d) used in Busy Beeway. �e �ower path in (a) is designed to train users
on collaborative navigation of Belinda.
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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) total
time to complete all levels.

users who spend more time in manual navigation typically en-
counter more collision events. On the other hand, Figure 3(b) in-
dicates that the completion time is not heavily impacted by users’
automation usage. �ese results indicate that the collaboration is
less e�ective when excessive control is exercised, as it is more likely
to result in collisions. �ese results are likely due to the fact that
collision avoidance with large number of high speed stochastically
moving obstacles is very di�cult for users without automation.

In response to the post-survey question, “Was it easy to control
Belinda?”, 44% of users answered “Yes,” while 56% answered “No”.
We believe that since levels were designed to be di�cult, it was
hard for the users to complete levels without using of automation.
In response to the survey question, “Were any parts of the user
interface useful?”, 50% of users mentioned the guidance arrow (6 in
Figure 1).

We also investigated the users’ situational and learned trust in the
automation. In response to, “�e autopilot was competent (capable
and control) guiding Belinda 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 be�er than the
autopilot,” 9% agreed, 69% disagreed, and 22% were neutral. �ese
responses indicate that users trust the capabilities of automation
and believe that it can aid performance. It did not mean that users
felt incapable of controlling Belinda, since in response to “I felt
competent (capable and control) guiding Belinda on my own,” 53%
of users agreed, 38% disagreed, and 9% were neutral. However, we
believe that our user group was biased towards automation, since
in response to two questions about learned trust in automation, “I
would enjoy having a self-driving car take me home from work,”
and “I would trust an automated bus to drive my kids to school,”
91% agreed with the former, and 63% agreed with the la�er.

We investigated the preferred collaboration strategy with au-
tomation via a multiple choice question on users’ self-reported
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Figure 4: Survey responses about a user’s preferred strat-
egy for automation usage with number of users that self-
reported each response shown in parenthesis. �e average
number of collisions (blue bars) is shown with the average
automation usage (red bars) for each group.

preferred strategy and data from game play. �e numbers in paren-
thesis 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). �e red bars
show these users’ actual automation usage, and the blue bars show
the average number of collisions. Users’ self-reported usage demon-
strates general consistency with their actual automation usage. �e
higher reliance on automation can also result in lower collisions,
also seen in Figure 3(a).

We also analyzed the change in automation usage a�er a user
witnessed a collision that occurred during user (Figure 6 (a)) or
automation (Figure 6 (b)) control. Figure 6 indicates that users use
automation more a�er witnessing a collision under manual control.
However, automation usage is unchanged a�er users witness a fail-
ure caused by the automation. While the assessment that the former
is likely due to the user quickly realizing that the level is di�cult
for them, and automation may be a way for them to improve perfor-
mance, is straightforward, users were unexpectedly impervious to
the lack of transparency in the cause of automation failure [Dragan
et al. 2013]. User 24 responded, “It is di�cult to trust where it may
go,” and User 3 responded, “It ran against my sense of control.” �is
non-intuitive result has important implications for transparency of
automation in stochastic environments, as it indicates that there
is a certain tolerance for error in the automation, perhaps because
of the underlying uncertainty in the environment. Adapting the
interface to explore legibility and transparency further in future
experiments would be straightforward within Busy Beeway.
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Figure 5: Average number of obstacles visible on the screen when users took manual control. Average number of obstacles
visible on screen throughout the level marked (black line) is 2.2 in Level 1, 4.6 in Level 2, and 7.0 in Level 3.
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Figure 6: Di�erences in percentage of time spent under au-
tomation control a�er �rst collision in (a) manual and (b)
automation control. Negative values indicate less automa-
tion usage, while positive indicates more.

In response to a post-survey question, “Were there particular
scenarios in which you felt it was necessary for you to take over
the autopilot (automation)?”, 36% of users indicated that they took
control when many obstacles were nearby. Figure 5 shows the
average number of obstacles visible on screen at the instant that
users take manual control, with the average number of obstacles
for each level shown in the black vertical bar for reference. Figure 5
supports this claim, as more users applied manual control when the
number of on screen obstacles exceeded the average for that level.
Additionally, Figure 3(b) shows that automation usage increases
with di�culty.

4.3 Comparison to Full Automation
We apply available benchmarks to compare performance of collab-
orative navigation with state-of-the-art planning algorithms. �e
success rate under collaborative navigation is determined by the
total number of successfully completed levels divided by the total
number of a�empts made by all the users; the success rate of the
fully automated methods were calculated out of 100 runs.

We compare performance of collaborative navigation with APF,
A* [Bacha et al. 2008], VO [Fiorini and Shiller 1998], and Dynamic
Risk Tolerance planning (DRT) [Chiang et al. 2017]. A* discretizes
the environment into 2D grids (at 0.13 units resolution) in order to
�nd the shortest resolution-complete collision-free path (consid-
ering all obstacles). To accommodate moving obstacles, the graph
search procedure is repeated at 3Hz. VO computes the control ac-
tion in the robot’s velocity space, considering obstacles only within
4 units, and presuming that those 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 di�cult to obtain. DRT predicts the sto-
chastic obstacle motion via forward reachability analysis o�ine,

Table 1: Performance of all users and automation in terms
of success rate and average completion time

Level 1 Level 2 Level 3
Success Time Success Time Success Time

(%) (s) (%) (s) (%) (s)
All Users 54 33±6.9 34 35±6.4 32 42±7.0

APF 95 21±2.1 81 26±3.8 56 30±4.7
VO 94 24±0.4 81 24±0.7 57 25±1.2
A* 46 25±0.4 33 24±0.5 5 25±0.6

DRT 100 27±5.3 98 36±7.9 92 40±9.5

and thus requires not only obstacle velocity, but also knowledge of
the stochastic dynamics of obstacles. DRT incrementally constructs
a tree in the robot’s state-time space via random sampling; nodes
in the tree are robot positions and times with “acceptable” collision
probabilities, e.g., those that are less than a time-varying heuristic
function. �e parameters used for DRT are identical to those in
[Chiang et al. 2017] 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. �e screen centers around Belinda
and is 16 units wide and 9 units high.

Table 1 shows that collaborative navigation has a success rate
higher or on par with A*, while APF and VO outperforms collabo-
rative navigation signi�cantly 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 navi-
gation remains similar in Levels 2 and 3. �is 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 4.2). Lastly, DRT has a much higher success rate than all
methods. �is 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.

Table 2 lists times for the �ve users that completed each level
in the shortest amount of time. For each run, a comparison to the
fully automated case is also provided. Recall that due to obstacle
stochasticity, each run is unique. Due to di�erences in Android
system performance, standard deviation of the fully automated
case is also provided. Top users can achieve shorter completion
time more o�en in Level 2 and 3, which have higher numbesr of
obstacles. Interestingly, li�le manual control is used in these cases.
For example, Users 10 and 11 used the automation 97.7% and 99.4%



MiG ’17, November 8–10, 2017, Barcelona, Spain Torin Adamson, Hao-Tien (Lewis) Chiang, Meeko Oishi, and Lydia Tapia

Table 2: Shortest completion times by users, as compared
to full automation. (Times listed are in real-time and may
vary slightly with Android system performance; standard
deviation is computed from 20 trials.)

User Manual User Automation
Level Number Control [%] Time [s] Time [s]

14 9.3% 25.0 22.7±0.1
18 3.3% 25.1 25.2±0.1

1 10 14.3% 25.7 24.2±0.1
31 9.7% 27.1 25.3±0.1
13 23.9% 27.5 30.5±0.1
10 2.3% 25.8 (fail)
31 0.0% 28.9 29.0±0.1

2 1 1.9% 29.3 29.1±0.1
11 0.6% 29.7 (fail)
17 0.0% 31.2 31.4±0.1
24 97.6% 32.2 36.0±0.3
18 1.4% 32.2 32.4±0.2

3 13 0.0% 33.4 33.7±0.4
10 1.8% 36.7 39.3±0.3
12 22.2% 37.5 34.9±0.3

of the time, while the fully automated solution failed. We believe
this shows top users can guide Belinda out of local minima formed
by moving obstacles (a common issue for APF-based algorithms),
and thereby achieve shorter completion times.

5 CONCLUSION
Busy Beeway provides a platform for investigation of collaborative
navigation in large human subject studies. A preliminary study
suggests that, in combination with pre- and post-surveys focused
on the human factors of interest, Busy Beeway can reveal interesting
phenomena for further investigation in more realistic experimental
platforms. Given the dearth of platforms available to rigorously
quantify performance in dynamic, stochastic environments, and
that it is deployable on widely ubiquitous mobile devices, we believe
Busy Beeway is an enabling technology for crowdsourced studies
in human-centered autonomy.
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