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ABSTRACT

Humans differ significantly in cognitive traits associated with human-
robot teaming. Not utilizing these inherent differences in assigning
roles can be detrimental to the team’s performance. We developed
cognitive tests to quantify two human traits — situational aware-
ness and network conductivity — and are experimenting whether
scores from these tests correlate to performance in three typical
interactive human-robot tasks. This work is the first to explore
linking human cognitive traits to human-robot task performance.
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1 INTRODUCTION

Human-robot teaming (HRT) enables groups of humans and au-
tonomous robots to communicate, coordinate, and collaborate to-
gether to perform a joint activity. HRT has been studied across a
wide range of domains, including search and rescue [5], defense [9],
and space exploration [3]. In the context of HRT, the problem of
task assignment is that of determining which task or role each agent
(human or robot) should perform.
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Prior work on task allocation involving a mix of human and au-
tonomous agents has largely assumed that all human agents within
a given category (e.g., soldier, firefighter, rescuer) are interchange-
able and can be assigned arbitrarily. However, treating all human
operators as identical fails to account for individualized differences
in capabilities, skills, or cognitive abilities between operators. For
example, prior work has shown that humans varied up to 87.5% in
two traits associated with active robot path planning [12]. The re-
sulting task assignment fails to take advantage of the full potential
of certain individuals, harming team performance. We hypothesize
that developing explicit models of individual human strengths and
weaknesses can one day help improve task allocation in complex
human-robot teams.

In this work, we seek to develop a set of simple pretests that
enable us to model the variations in human cognitive abilities that
are pertinent to human-robot interaction, and how such models
can help predict an operator’s ability to control a team of agents. In
particular, we seek to identify a correlation between an operator’s
performance on simple cognitive tests, and their performance in
complex swarm coordination tasks. In the future, we envision this
type of predictive model will enable team-level coordination algo-
rithms, such as team composition and task assignment, to optimize
human-robot teaming performance.

2 STUDY OVERVIEW

Our objective is to develop a set of cognitive tests that evaluate
innate human abilities relevant to human-robot teaming, and to
demonstrate that an individual’s performance on these pretests
has a correlation with their performance on certain human-robot
teaming tasks. We hypothesize that some cognitive pretest scores
will correlate with the participants’ performances on some teaming
roles, but not others.

To test our hypothesis we will conduct a within-subject study in
which participants first take two cognitive pretests, and then com-
plete three scenarios in a simulated “search and retrieval" mission.
We will then evaluate the results to determine whether correlations
exist between each pretest and each scenario of the simulation. Cor-
relations would indicate that the pretests are useful in predicting
participant performance and therefore in assigning humans to roles
in human-robot teams. The simulation roles are designed to mimic
commonplace real-world robot control scenarios.
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Forty participants will be recruited using Amazon Mechanical
Turk and will be fully informed of the study. The study will be car-
ried out remotely using a web browser and an internet connection.

3 COGNITIVE PRETESTS

Prior work has identified a number of cognitive traits that affect
a human’s ability to control robots. Among the most prominently
cited traits are situational awareness [1, 4, 10], prior experience with
related tasks [10], understanding of the robots’ autonomy [1, 4],
and ability to context switch between tasks [1]. However, no prior
studies have attempted to find correlations between these cognitive
traits and a human’s performance in human-robot teaming tasks.

Below, we introduce two cognitive pretests that each seek to
estimate mental capabilities related to HRT. The pretests have the
following characteristics, which we deemed important to keep
pretests generalized and applicable to a variety of human-robot
tasks:

o Each pretest is abstract and does not directly mimic a specific
HRT task.

o Each pretest seeks to estimate a single human trait or ability.

o There is significant variance in participant performance on
a given pretest.

Our first pretest focuses on quantifying situational awareness,
and the second on quantifying a user’s ability to mentally model
networks.

3.1 Situational Awareness Pretest

Situational awareness (SA) is a person’s mental model of an envi-
ronment. In prior work, a number of metrics have been developed to
estimate a user’s situational awareness [2, 8, 11]. Most widely used
is the Situation Awareness Global Assessment Technique (SAGAT),
a format where the user is periodically interrupted from a task and
asked questions about the task’s environment [2].

In this pretest, we have developed an abstract task in which
the SAGAT metric is used to quantify the strength of a partici-
pant’s mental models. In the simulation shown in Figure 1, the user
watches ‘packages’ (represented by shapes) be distributed through
an abstracted warehouse network. The participant must keep track
of the capacity levels of each warehouse. To evaluate the partici-
pant’s situational awareness, the warehouse simulation is run for
30 seconds, then is paused and hidden. The participant is asked to
identify the capacity level of each warehouse as accurately as pos-
sible. The simulation then resumes and this process is repeated five
times. The participant is scored by the accuracy of their labeling.

3.2 Network Connectivity Pretest

Prior work in cognitive science has demonstrated that it is pos-
sible to effectively model and predict a human’s ability to learn
abstract structures and relationships between a stochastic sequence
of events [6]. Most interestingly, a simple simulated test was shown
to be an effective tool to measure this ability in a person. Effective
interaction with a team of autonomous robots similarly requires
a user to mentally model complex structural information, such as
the underlying communication topology, sensing capabilities, and
relative influence of each agent on the swarm. We hypothesize that
simple cognitive tests, such as the one in [6], will help model and
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Figure 1: Screenshot of the situational awareness pretest,
showing the packages (small shapes) being distributed
through the warehouse network (large shapes).

predict an individual’s innate ability to model network topologies,
and therefore their performance in HRT tasks.

Toward this goal, in our preliminary work we implemented the
cognitive test from [6]. However, we found it challenging to apply
in practice because it took up to 40 minutes of the participant’s
time. As a result, we created a different pretest variant, loosely
inspired by the prior work. Our pretest, shown in Figure 2, evaluates
an individual’s ability to efficiently propagate information across
a given network, much like a swarm’s communication network.
The test consists of two phases. In the first phase, the participant
observes exemplar runs illustrating how information originating at
various nodes propagates to the rest of the network, illustrated by
flashing nodes (not pictured). In the second phase, the participant is
asked to select the origin node such that information propagates to
the rest of the network in the shortest amount of time. This process
is repeated for seven networks of differing complexity (Figure 2(a)
and (b) are two examples). The underlying connectivity structure
of the nodes (dotted lines in the figure) is not shown to the user,
thus the operator must learn the underlying structure of the graph,
just as in a swarm interaction scenario the operator must maintain
a mental model of robot connectivity, line of sight, or other latent
features. The participant is scored by the number of hops it takes
for information to be propagated to all nodes in the graph.

4 HUMAN-ROBOT TEAMING DOMAIN

To validate participant performance in a human-robot teaming task,
we developed a WeBots [7] simulation of a “search and retrieval" op-
eration (Figure 3). In the simulation, participants control unmanned
aerial vehicles (UAVs) and unmanned ground vehicles (UGVs) to
locate and retrieve several supply caches hidden throughout a 3D
environment. To independently validate different human skill sets,
we split the task into three scenarios. The scenarios loosely repre-
sent three different operator roles that would typically be performed
in parallel:

Scenario 1 Search the environment to locate five hidden caches.

Scenario 2 Construct a communications relay network that
extends to the caches.

Scenario 3 Leverage the relay network to retrieve the caches.
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Figure 2: Screenshot of the network connectivity pretest,
showing nodes connected by edges (not shown to the user)
that determine the order in which information is passed
across the hidden network.

Each scenario requires a different skill set and is subject to differ-
ent constraints. We expect participants to score higher on scenarios
that emphasize their inherent traits.

While the scenarios build on each other sequentially (e.g., cache
locations from Scenario 1 are used in Scenarios 2 and 3, and the
relay network in Scenario 2 is used in Scenario 3), our experimental
procedure has been designed to keep them independent. Specif-
ically, each participant will begin each scenario with the same
configuration, regardless of their performance or outcome at a
previous scenario. Thus, for example, a poorly constructed relay
network from Scenario 2 will not affect a participant’s performance
on Scenario 3.

To reduce score variation due to learning effects, prior to starting
the trial simulation participants will given a visual tutorial covering
the contents of each scenario, and given a simple demo world in
which they can control a UAV, a UGV, and can see the live camera
feeds from each robot.

Figure 3: Screenshot of the simulated environment.

4.1 Scenario 1: Target Search and Identification

Participant Capability Being Assessed: Multitasking; context
switching between multiple largely independent tasks.

Overview: This scenario focuses on surveillance, a common task
in human-robot teaming. The participant has control of four UAVs,
each equipped with a downward facing camera. The scenario begins
with a blank map, and all UAVs co-located at some pre-determined
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Map Network Robot Multi-Robot
Visibility Type Control Coordination
Sc. 1 partial fully high level none
connected
Sc. 2 full ad-hoc relay  high level high
Sc. 3 full ad-hoc relay  low level low

Table 1: Summary of differences between scenarios.

base location. The participant’s objective is to use the UAVs to ex-
plore the map, to locate each of the five caches in the environment,
and to mark the location of each cache on the map as accurately
as possible (Figure 4). The participant controls the UAVs by setting
waypoints on a 2D overhead map of the area, with the UAVS au-
tonomously navigating between waypoints. In this scenario, we
assume unlimited and unrestricted communication between the
UAVs and the operator, regardless of distance. To assist the par-
ticipant’s search, circular regions of interest are marked on the
map, with one cache guaranteed to be in each region. The scenario
completes when all five caches are located.

Metrics: The participant is scored by the time it takes to locate all
five caches, and by the accuracy of their marked coordinates.

Aerial Exploration Control Interface Time Elapsed: 1:14
Score: 851
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Figure 4: Mockup of the Scenario 1 user interface.

4.2 Scenario 2: Relay Network

User Capability Being Assessed: Situational awareness in the
context of high level robot control; network modeling.

Overview: The second scenario focuses on constructing a com-
munication relay, or ad-hoc network, made up of a series of robots
- a common task in search and rescue missions. We assume that the
operator is given a complete map of the environment, including
location of the caches. Additionally, we implement a restriction
that both ground and aerial vehicles have a limited communication
range. To maintain communication with and control of a robot, the
operator must keep the robot within the communication limit of
the base station, or another robot connected to the base station.
The operator’s objective is to arrange available robots in a spatial
configuration that forms a relay network reaching all of the caches.
Seven UAVs and seven UGVs are used for this task.

As with Scenario 1, the participant controls the robots by setting
waypoints on a 2D overhead map. The vehicles autonomously travel
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between waypoints. If a UAV or UGV exceeds the boundaries of the
relay network, it becomes disconnected and stops; the disconnected
robot will remain out of contact until reconnected to the network.
The operator can retrieve disconnected robots by moving other
robots to reestablish the network.

Solving this scenario requires the network to be built gradually
from the robot base to the caches. While the UAVs’ movements
are not affected by obstacles in the environment, the UGVs’ are.
However, as a tradeoff, the UGVs have a larger relay range than
the UAVs due to their greater payload capacity. The user must
therefore stay aware of the movements of the robots and the overall
efficiency of the relay network. The scenario completes when the
relay network extends to cover all five caches and the robot base.

Metrics: The participant is scored by the time it takes to com-
plete the relay network, and the number of “hops" it takes from
each relay to the home base.

Ad Hoc Network Control Interface Time Elapsed: 1:14
Score: 851

Click & vehicle 1o select it, and then click on the map to set
a waypoint fer it. Remove waypainis by pressing “X"

Network Latency: 150ms
Construct an ad hoc network to reach the packages.

Figure 5: Mockup of the Scenario 2 user interface.

4.3 Scenario 3: Cache Retrieval

Participant Capability Being Assessed: Situational awareness
in the context of low-level robot control; context switching between
multiple largely independent tasks.

Overview: The final scenario focuses on low level robot control
with the objective of cache retrieval. The operator’s objective is to
retrieve each of the five caches and return them to base. To begin
the scenario, the participant is given a full map of the environment
labeled with cache locations, and additionally a series of UAVs
and UGVs have already been pre-arranged to form a suitable relay
network. This configuration approximates the results of Scenario
2, but each participant will be given the same ad-hoc network
configuration. The participant will only control the retrieval robots
and will not be able to change the network.

In this scenario, we will simulate a lower level of UGV control.
While in the prior scenarios UGVs autonomously path planned
around obstacles, in this scenario UGVs will always follow the
shortest direct path to the next waypoint. As a result, the operator
will be required to closely supervise each robot and manually ar-
range waypoints to avoid impassable terrain. The operator must
also keep each robot within the boundaries of the relay network; a
UGV that exceeds the boundaries of the relay network will become
disconnected and “lost”. When a UGV approaches a cache, the user
will be able to retrieve it with the press of a button. The scenario
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ends when all caches have been collected and all non-disconnected
robots return to the base. A total of seven robots will be provided
to retrieve five caches.

Metrics: The participant is evaluated by whether they success-
fully completed the scenario, how many robots were lost, and the
time taken to retrieve the caches.

UGV Navigation Control Interface Time Elapsed: 1:14
Score: 851
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Figure 6: Mockup of the Scenario 3 user interface.

5 DATA ANALYSIS

Once user study data is collected, we will plot each of the six pretest
and simulation scenario pairings and calculate the Pearson correla-
tion coefficient for each pairing. A pairing with a high correlations
will indicate a possible link between performance in that pretest
and performance in that general task domain. Correlated pairings
could then potentially be used to assign humans to roles in similar
environments to maximize mission performance.
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