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Abstract — Human performance and supervisory control
strategies were examined using the RoboFlag simulation
environment. In an emulation of a multiple unmanned
vehicle mission, a single operator supervised a team of
six robots using automated modes or “plays” as well as
manual control. A simplified form of a delegation type
interface, Playbook, was used. Effects on user
performance of two factors, opponent ‘“posture”
(offensive, defensive, or mixed) and environmental
uncertainty (visual range of the robots: low, medium, or
high), were examined in 18 participants who completed
five mission trials in each of the nine combinations of
these factors.  Objective performance measures and
subjective assessments of mental workload and situation
awareness were obtained from each participant.
Opponent posture had a significant effect on the percent
of missions successfully completed and the duration of
the games. Both opponent posture and visual range also
significantly affected the use of manual and automated
control strategies. — Operator strategy selection and
implementation are discussed with regard to performance
data and the design of supervisory control interfaces that
support flexible task delegation.
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1 Introduction

Many military and civilian missions (e.g.,
reconnaissance, search and rescue) involve the use of a
team of robots that have to be sent into territory that is
hazardous or under the control of an adversary. Mobile
robots and other unmanned vehicles play an important
information-gathering role in these settings [10]. Given
that completely autonomous operation is not currently
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technically feasible or may be undesirable in certain
operational conditions, human supervision is necessary to
allow for the management of unexpected events, and to
ensure that mission goals are met [24]. Close attention
must therefore be paid to the design of the human-robot
interface, so as to allow for effective teaming and
communication. The design of human-robot interfaces,
which has traditionally been pursued from a purely
engineering perspective, needs to be complemented by
analysis and modeling of human performance [1,14].

Human supervision of robots can be seen as an
extension of human control of automated agents (with
variation in the level of autonomy and with the addition of
perceptual and motor capabilities). Previous of human-
automation coordination have revealed both benefits and
costs of particular interfaces and designs [12,18]. Over-
reliance, reduced situation awareness, mistrust, mode
errors, loss of operator skill, and unbalanced mental
workload are among the costs that have been found to be
associated with particular styles of interaction between
human and automation. These benefits and costs also
differ depending on whether the automation supports
information analysis or decision-making activities [13].
Systems that minimize human participation in higher-level
decision-making processes by providing automated
solutions can enhance overall system efficiency and reduce
operator mental workload, but only if the automation is
completely reliable, a requirement that can seldom be
achieved in practice [4,7,16,17,22]. Furthermore, even if
full automation of decision-making functions can be made
more reliable, the required computational and engineering
efforts may be considerable, with only diminishing returns
in benefits obtained. This was illustrated in a recent study
in which the tradeoff between the cost of additional
automation and the gain in efficiency was examined using
human telerobotic control of a simulated “sheepdog”
herding a group of simulated “sheep” [23].

These considerations have led to the view, both in the
human-automation and human-robot interaction research



communities, that the interface between humans and
technology should be adjustable, adaptable, or adaptive
[3,11,15,19]. Humans should be able to delegate tasks to
automation at times of their own choosing, and receive
feedback on their performance. Delegation in this sense is
identical to that which occurs in successful human teams.

An interaction method that permits delegation should
embody a real time approach to supervisory control [20].
Delegation architectures represent a particular type of
mixed initiative interaction wherein the human sets an
objective, provides more or less detailed instructions, and
then “delegates” or authorizes the automation to determine
the best method to proceed toward the goal within the
delegation instructions. Delegation architectures should
provide highly flexible methods for the human supervisor
to declare goals and provide instructions and thereby
choose how much or how little autonomy to delegate to
automation on an instance-by-instance basis. An example
of such an delegation architecture is the Playbook, which
we have described elsewhere [8,9]—so named because it is
based on the metaphor of a sports team’s book of approved
plays and the selection of these plays by the team leader
(e.g., the quarterback in American football) and executed
by the team members (the other players). The feasibility of
this approach has been demonstrated previously in an
application involving mission planning for unmanned
combeat air vehicles (UCAV) [8,9].

The Playbook uses a hierarchical task model to
provide a common language for a human supervisor to
communicate goals and intents and a Hierarchical Task
Network planning system [6] to understand, reason over
and either critique or complete partial plans provided by
the human. A playbook permits the operator to “task”
automation (such as robots or unmanned air vehicles):

» ata wide variety of functional levels of depth

or granularity,

» via provision of goals, full or partial plans,
and/or positive or negative constraints
in any combination,

» by providing temporal, sequential or
conditional  constraints on  task
performance at varying levels of depth.

In the present study we examined the use of a highly
simplified form of Playbook interface in a simulation
study of human-robot teaming. We used the RoboFlag
simulation environment [2,21,24]. The RoboFlag
Playbook provides the ability to command simulated
robots, individually or in groups, at two levels of
granularity: via providing designated endpoints for robot
travel or via commanding higher level behaviors (or modes
or plays) such as “Patrol Border.” The RoboFlag
simulation was modified to emulate a typical unmanned
vehicle (UV) mission involving a single operator
managing a team of robots. The simulated mission goal
was to send the robots from a home area into enemy
territory, access and obtain a specified target, and return
home as quickly as possible with minimum loss of assets.

A previous human performance study has
demonstrated that performance within the RoboFlag
simulation is sensitive to increased operator mental
workload resulting from increased task demands from

supervising greater numbers of robots [21]. This suggests
that RoboFlag is an appropriate simulation environment
for empirical investigations of the effects of different
interface styles in supervising multiple robots. One of the
postulated benefits of delegation type interfaces such as
Playbook is that they allow for flexible use of automated
tools in response to unexpected changes in task demands,
without simultaneously increasing the operator’s mental
workload in using the automation [8,9]. Accordingly, we
explored the use of the Playbook interface in a multiple
UV simulation in which two sources of task demand were
varied: (1) adversary "posture," in which the enemy
engagement style was changed unpredictably between three
types, offensive, defensive, or mixed; and (2)
environmental uncertainty, as manipulated by variation in
the effective visual range of each robotic vehicle under the
control of the operator. We hypothesized that the use of
the Playbook interface would allow users to respond
effectively to unexpected changes in opponent posture and
to increased uncertainty. We therefore assessed changes in
how users tasked and supervised robots (using both
manual control and the automation tools that were part of
the Playbook interface) as a function of these two factors.
We also examined the effects of these factors on overall
mission efficiency (success rate and time to completion)
and operator mental workload and situation awareness.

2  Methods

2.1  Participants

Eight males and 10 females between the ages of 18
and 33 (M = 23 years) served as paid participants.

2.2 Experimental Design

A within-subjects design was employed, with three
robot Visual Range Conditions (Low, Medium, High)
combined factorially with three Opponent Postures
(Offensive, Defensive, Mixed), giving nine conditions in
all. Visual Range was inversely related to uncertainty in
the environment (e.g., low visual range = high
uncertainty). Each participant completed five mission
trials in each condition, for a total of 45 trials. Visual
Range, represented by various ring sizes around each
robot, was treated as a blocked factor with three levels,
while Opponent Posture was randomized within each
block. Participants filled out the NASA Task Load Index
(TLX) and 3-D Situation Awareness Rating Technique
(SART) questionnaires after each of the three blocks.

2.3  Apparatus and Procedure

The RoboFlag simulation ran on three separate PCs
communicating under TCP/IP protocol. ~The human
operator utilized one PC while another ran the opposing
team script and the third PC displayed a central
processing executive (the “Arbiter”) and collected the data.
The RoboFlag simulation was modified to allow a single
operator (blue team) to compete against an opponent (red



team) operating under scripted procedures that simulated
different opponent postures. The field of engagement was
divided into two halves, one for the blue team and one for
the red team (see Figure 1). The operator supervised six
robots and was required to send some or all of them into
the opponent half of the field, capture the opponent’s
“flag” (located in at the center of a circular area in the
opponent’s half) and return safely to midfield, while
simultaneously protecting their own flag (also located at
the center of a circle in the home half).
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Figure 1. Human-robot interface for the Blue team.

The opponent or red team posture or stance was
varied according to three available scripts: offensive,
defensive, or mixed. In the offensive script (circle
offense), all six red team robots attempted to capture the
blue team’s flag and return it to the mid-field line to win
the game. In the defensive script, three red team robots
defended the mid-field line (patrol border) and the other
three circled around their own flag (circle defense) to
prevent the blue team from penetrating the area and
reaching their flag. The mixed script apportioned three
red team robots to offense and three to defense (with none
on patrol border). These three opponent postures were
varied randomly and in an unpredictable (to the human
operator of the blue team) way within each block of trials
for a given visual range. The human operator had control
of all six blue team robots and could assign any number
of them to one of the automated plays available in the
Playbook (circle offense, circle defense, patrol border) or
could control them manually by giving the robot an
endpoint to move to (see Figure 1).

Participants were trained by showing them the field
of play, how to select and move robots, and utilize the
Playbook plays. They were instructed that the only way a
red team robot could be seen was if they entered into the
visual range of the blue team robot, otherwise the red
team robot was invisible to the blue team operator. They
were shown the objective of capturing the opponent flag
and crossing back into their own territory.  Each
participant completed a training trial for each of the nine
experimental conditions and was informed in advance of
the experimental condition for each trial. During data

collection trials, the participant was not informed of the
experimental condition for each trial. The objective of
each trial was the same: cross into the opponent area with
one or more robots, capture the opponent flag, and cross
the mid-field line while concurrently defending their own
flag from capture by the opposing team.

3 Results

3.1 Overall Performance

The performance data were submitted to a 3 (low,
medium, high) visual range X 3 (offense, defense, mixed)
Opponent Posture Analysis of Variance (ANOVA). The
overall performance metrics included the percentage of the
games that were won (mission success rate) and the time
elapsed for each game (mission completion time). The
results of the ANOVA indicated that there was a
significant effect of Opponent Posture on the percentage of
the games won, F(2,34) = 50.89, p < .01. Expectedly, the
participants won 100% of the games when the opponent
stance was purely defensive and no moves were made to
capture the blue team flag. Excluding the defensive
opponent posture condition, participants won significantly
more games, t(34) = 3.51, p < .05, when they played
against the red team on offense (M = 75.56%, SE =
2.6%) than when that team split the robots in the mixed
condition (M = 62.22%, SE = 3.0%). Neither the effect
of Visual Range nor the interaction between Visual Range
and Opponent Posture were statistically significant.
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Figure 2. Averaged elapsed game times
as a function of Opponent Posture.

A similar 3 X 3 ANOVA was conducted for the
duration of each game (time for mission completion,
whether successful or not). Game times were significantly
shorter when participants played against the offensive
stance (M = 36.48s, SE = 0.47s) compared to when they
played against the mixed posture (M = 51.29s, SE =
1.63s), F(2,34) = 177.92, p < .01. The longest games
were those where the participants played against the
defensive stance (M = 126.14s, SE = 4.33s), which was
also the condition when a 100% mission success rate was
achieved, as described previously. These significant
differences, F(2,34) = 177.92, p < .01, are illustrated in
Figure 2. Thus, while participants won every game when
playing against the defensive opponent posture they also
took over twice as long to win the game in that condition.
Conversely, participants won about 75% of the games



when they played against the offensive strategy; however
these games were of the shortest duration. None of the
other experimental factors in the ANOVA of game
duration times were statistically significant.
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Figure 3. Percent of time
robots were under manual control.

3.2  Strategy Usage

There were nine different states a robot could
transition to: Inactive, Unassigned, Circle Defense, Circle
Offense, Patrol Border, Manual Control, Tagged, Flagged
Circle Offense, and Flagged Manual. We examined
differences in the manual and automated plays used, and
subsequently, what automated plays were used under
which experimental conditions. The percent of time that
the robots were under manual control was submitted to a
3 X 3 ANOVA. There was a significant interaction
between Visual Range and the Opponent Posture, F(4,68)
=2.96, p <.05. The results, shown in Figure 3, indicate
that manual control was used less frequently when the
participant was playing against a defensive posture and
more frequently under the offense and mixed conditions.
Furthermore, Visual Range mediated the use of manual
control. When the Visual Range was low, indicating a
high level of uncertainty, manual control was used more
often in the mixed condition. This was not the case in
the offensive or defensive conditions.
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Figure 4. Percent of time robots were instructed
to execute an automated play.

We also analyzed the amount of time the robots were
directed to perform an automated play. All plays were
grouped so that the percent of time the robots were
functioning in an automated state could be determined.
This percent was submitted to a 3 X 3 ANOVA. There

was a significant effect of Opponent Posture, F(2,34) =
11.34, p < .05. Plays were used most often and equally
when the opponent stance was offensive or mixed, but
less often with a defensive opponent.
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Figure 5. Games lost and
strategy used by robot that won.

To better understand the type of automation used, the
automated plays (Circle Defense, Circle Offense, Patrol
Border) were included as an additional factor in the
statistical analysis yielding a 3 X 3 X 3 ANOVA. There
was a significant interaction between the Opponent Posture
and the type of automation used, F(4, 68) = 8.30, p < .05.
Figure 4 illustrates that the Circle Defense automated play
was the most utilized play compared to the other available
plays regardless of the opponent posture encountered.
When the participants played against the offense or mixed
condition they used the Circle Defense automated play far
more often than the Circle Offense or Patrol Border
automated plays. While the proportion of automated plays
was similar in the Offensive and Mixed conditions, the
proportion was altered in the Defensive condition.
Participants utilized the Circle Defense play less often
when they played against the Defense Opponent Strategy
and increased the use of the Circle Offense play.

Another aspect of the use of automation or manual
control concerns the capturing of the opponent’s flag.
Participants could either use the Circle Offense automated
play or direct the robots manually to capture the flag and
bring it to the mid-line to win the game. An alternative
method to ending the game was for the opponent team to
cross the mid-line with the participant’s flag. Figure 5
shows the three possible outcomes for ending a game.
There was a potential non-independence assumption
violation in the factors so a statistical analysis could not
be performed with these data. Rather, Figure 5 provides a
profile of the percent of games won and lost as well as
what strategy was employed for the robot that won each
game under the nine possible experimental conditions.

3.3  Subjective Measures

The NASA TLX and 3-D SART were administered
after each block (visual range) of 15 trials. Overall
subjective mental workload was computed by averaging
the six NASA-TLX sub-scales and submitted to a 3-way
ANOVA. There was a significant difference in subjective



mental workload, F(2,34) = 8.77, p < .001, across the
low, medium, and high visual range conditions, with
reported mental workload increasing as the visual range
was reduced. There was no significant difference between
the subjective assessments of overall situation awareness
across the visual range conditions.

4 Discussion

Evaluations of different interfaces for human control
of multiple robots can be informed by human-in-the-loop
studies in which objective measures are obtained of
human performance and strategy use [1,14]. Such studies
are still relatively rare [5,21]. The present study using
RoboFlag examined how human operators use automated
tools to supervise multiple robots in response to changing
task demands imposed by unpredictable changes in
opponent “posture” (offensive, defensive, or mixed) and
environmental uncertainty (robot visual range).

There were several results of interest.  First, the
results showed that the multi-level tasking of the
simplified Playbook interface allowed effective user
supervision of robots, as evidenced by the number of
missions successfully completed (percent games won) and
the time for mission execution. As expected, significantly
fewer games were won when the opponent posture was
mixed rather than entirely offensive. Nevertheless, users
still won a moderately high proportion of games (about
62%) and in a relatively short time (about 51 seconds) in
the mixed posture condition. These findings suggest, but
do not prove, that the Playbook interface, as a simple
example of a delegation interface, allowed users to
respond effectively to unexpected changes in opponent
posture by tasking robots appropriately. Further
confirmation of this view requires studies in which more
complex versions of the Playbook interface are evaluated.

Adaptable interfaces (such as Playbook) are also
posited to allow for regulation of mental workload and
maintenance of situation awareness [8,9,11]. With respect
to mental workload, there was an expected effect of visual
range. As the robot vision radius was reduced,
environmental uncertainty increased and users reported
greater overall workload. However, the experimental
design we used did not allow us to examine the effects of
opponent posture on workload. Presumably users found it
more difficult to complete their mission when the
opponent stance was mixed rather than purely offensive. It
would be interesting to examine in a future study whether
the Playbook interface would “balance out” the variations
in user mental workload in response to changes in task
demands in supervising multiple robots, as has been
reported in studies with other adaptive interfaces [11].

A basic goal of this study was to examine user
strategies in using either manual control or automated
plays in carrying out the mission. Users had three
automated plays they could use, Circle Offense, Circle
Defense, and Patrol Border. Of the several results of
interest, the most general was that manual control was
used less frequently against a defensive opponent posture

than when opponent stance was offensive or mixed. In
addition, when environmental uncertainty was high due to
a low robot visual range, manual control was used more
often in the mixed condition. This was not the case with
the offensive or defensive postures. The combination of
low visual range and a mixed opponent posture
represented the most challenging condition to the user.
The greater use of manual control may reflect a greater
perceived need for redirecting robots from previously
assigned plays in this case, possibly due to reduced trust
in the automation to achieve the mission goal.

Of the three plays available to the user, Circle
Defense was used most often, particularly in the offensive
and mixed conditions, when Circle Defense was activated
far more often than the Circle Offense or Patrol Border
automated plays. When the opponent stance was purely
defensive, however, participants used the Circle Defense
play less often and increased the use of the Circle Offense
play. Both these patterns of Playbook usage seem
appropriate given the task conditions. However, it will be
of interest to examine whether the relative proportion of
time a given automated play was used was appropriate or
optimal (according to some specified criteria) for a given
condition. We plan on conducting a Markov modeling
analysis to examine this issue.

The present results provide a preliminary empirical
evaluation of the use of delegation type interfaces [8,9] for
human supervision of multiple robots. It should be noted
however, that we used a simplified form of Playbook
without the full functionality and sequential command
ability that such an interface provides. Nevertheless, while
our goal was not to compare Playbook to other interfaces
(or to either manual control or full automation), the
results nevertheless are suggestive of the effectiveness of
this style of interface in allowing users flexible use of
automation in response to changing task demands.

In situations where the robot to human operator ratio
is high, as in the present work, low-level control of all
robots becomes increasingly difficulty, mandating the use
of automation at this level. At the same time, limitations
in the reasoning capabilities of semi-autonomous agents
and the brittleness of some automated behaviors
necessitate intervention through human intelligence. These
requirements indicate that the human-robot interface must
support multiple levels of interaction [24]. We propose
that delegation type interfaces such as Playbook allow for
such multi-level interaction in a flexible manner that
keeps human workload within a manageable range.

Finally, the results show that the RoboFlag
simulation environment provides a viable platform for
empirical evaluations of operator strategies in controlling
multiple robots. We plan additional studies to extend the
results obtained here and to examine other issues in
human operator supervision of multiple robots.
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