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Abstract. A driving simulation study of a manned-unmanned vehicle gunnery 
team was conducted to assess potential metrics of team trust and cohesion for 
evaluating future human-autonomy teams. Cadet dyads worked with a veteran 
commander within driving simulation to direct a weaponized robotic ground ve-
hicle from a command and control vehicle and identify and engage targets on a 
gunnery range. Subjective, behavioral, performance, communication, and physi-
ological data were collected to identify possible team trust and team cohesion 
metrics. Findings suggest that performance, behavior, and physiological data may 
provide useful windows into the trust and cohesion exhibited by crew members 
in human-autonomy teams.   
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1 Introduction 

The US Army seeks to identify emerging technologies and technology-enabled con-
cepts that could provide significant military advantage during operations in complex, 
contested, or congested environments. As robotic technologies advance from teleoper-
ation to advanced autonomy, it is essential to develop appropriate interdependent col-
laboration between the human and autonomy-enabled team members [1]. Effective 
teaming and appropriate use of the technology depends on the human’s understanding 
of the system, its behaviors, and the reasoning behind those behaviors [2]. If human 
expectations do not match system behaviors, users will question the accuracy and ef-
fectiveness of the system’s action, which can lead to degraded trust, and potentially, 
misuse or disuse of the system, even if it is operating effectively [3, 4].  

Driving simulation research has led to major advances in both the development of 
autonomy and the understanding of how trust can be measured and develops. For ex-
ample, recognizing the limitations of subjective assessments of trust [5], driving simu-
lation research has investigated other promising methods such as behavioral measures 
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(e.g., eye gaze) and physiological indicators of changes in trust-based behaviors by 
measuring electrodermal activity and changes in facial response [6, 7]. For human-
autonomy teams, driving simulation has provided viable insights into system 
needs and interactions in early development, teaming with remote operation of 
unmanned robotic vehicles, and multi-method approaches for assessing human-
autonomy interactions [8].  

The Combat Capabilities Development Command Army Research Laboratory’s Hu-
man Autonomy Teaming Essential Research Program has recently made headway in 
determining and developing metrics for assessing human-autonomy teams through the 
use of driving simulation and field research. This research suggests the importance of 
team dynamics, communication, and a multi-method approach for developing team 
trust metrics [9-11], and seeks to expand trust and cohesion metrics to larger human-
autonomy teams. Therefore, the goal of this research is to explore these metrics related 
to performance, behavior, communication, and physiological indicators for human-au-
tonomy teams during simulated manned-unmanned team gunnery exercises.  

2 Methodology 

2.1 Simulation 

The Wingman simulation testbed is a software-in-the-loop simulation environment. 
This means that it integrates all the real-world Wingman vehicle mobility and lethality 
autonomy software into a lab-based virtual setting [12-14]. It was designed to support 
a 5-man crew station on a command and control vehicle, where the roles (commander, 
LRAS3 operator, vehicle driver, robotic operator and robotic gunner) could be manned 
or simulated. For this experiment, the vehicle driver was a simulated role that allowed 
the manned vehicle to move through the virtual gunnery range. The LRAS3 operator 
role was simulated by targets being identified and communicated through the Warf-
ighter Machine Interface (WMI) user display. The commander role was filled by a con-
federate to communicate tasks and team instructions, and the participants filled the roles 
of the robot mobility operator and robot lethality operator. The robotic mobility opera-
tor was responsible for maneuvering the vehicle via teleoperation or initiating the vehi-
cle autonomy, and helping the lethality operator identify target and trajectory locations. 
The robotic lethality operator was tasked with detection, identification, and engagement 
of the target using teleoperation or engaging weapon system autonomy.  

2.2 Participants 

A total of 36 United States Military Academy Cadets, enrolled in introductory psychol-
ogy courses were recruited through the SONA participant pool. Analyses were con-
ducted on 12 dyads following removal of incomplete data on 2 dyads, and 8 no show 
participants.  



2.3 Design 

The Wingman task required participants to work as a team with an unmanned weapon-
ized robotic combat vehicle to identify and engage multiple targets on a gunnery range. 
Teams completed two sets of gunnery exercises, each consisting of five target engage-
ments, or sets of targets. These engagements included two offensive and three defensive 
operations, or postures, on stationary targets. The study was a within-subjects design 
where Exercise 1 had a target exposure time of 100s and Exercise 2 had a target expo-
sure time of 50s (in line with Army requirements). To avoid training effects, two dif-
ferent courses were used. Course order was counterbalanced with the order for the two 
gunnery exercises being fixed. The dependent variables were selected to help identify 
metrics of team trust and cohesion. Performance was measured using the Army’s stand-
ard for remote weapon station gunnery [15]. Subjective scales provided insight into 
team trust and cohesion [9], stress using the Multiple Affect Adjective Checklist-Re-
vised (MAACL-R) [16], and workload using the NASA-Task Load Index (NASA-
TLX) [17]. Behavioral data was captured via video of the participants’ facial expres-
sions and interactions with the system [18]. Psychophysiological changes were meas-
ured by electrodermal activity (EDA), heart rate (HR), and heart rate variability (HRV), 
to associate with a change in trust or the onset of a trust-based decision. Audio record-
ings of spoken communication provide semantic content. Only a subset of these find-
ings are reported here.  

2.4 Equipment 

The simulation testbed was set up in an isolated 8x10 laboratory. The room was set up 
with three touch screen monitors each running the WMI software. The WMI provides 
an interactive customizable display for the mobility operator, lethality operator, and 
vehicle commander to provide supervisory control over the associated autonomous sys-
tems on the weaponized vehicle [18]. A script running on each WMI computer recorded 
each interaction between the user and the screen. A Logitech web camera was placed 
on top of each WMI to capture the facial expressions of the Cadets. A boom microphone 
was connected to the evaluator computer to capture verbal communication from the 
crew.  Each participant had an Empatica E4 wristband sensor to read and record phys-
iological data during the study. 

2.5 Procedure 

Following informed consent, participants were randomly assigned either the lethality 
or mobility operator role, and fitted with an Empatica sensor. If both participants agreed 
to be visually and audio recorded, Logitech cameras and audio recorders were initiated. 
Participants were trained on their respective WMI, the fundamental controls, and their 
specific role. They then completed two exercises. After each exercise, participants com-
pleted the trust in the robotic combat vehicle, team readiness, stress, and workload ques-
tionnaires. The entire study took 55 minutes to complete.  



3 Results and Discussion 

3.1 Performance 

Gunnery performance was measured as a crew and reported in Table 1. Even though 
the length of the exercises was different, the standard for qualification remained the 
same.  
 

Table 1. Qualification Scores 
Crew Exercise 1 Exercise 2 
 # quali-

fied 
Total 
Score 

Avg 
Score 

# quali-
fied 

Total 
Score 

Avg 
Score 

2 3 272 54.4 3 340 68 
3 2 265 53 5 478 95.6 
4 2 309 61.8 3 314 62.8 
5 3 384 76.8 3 277 55.4 
6 3 393 78.6 0 191 38.2 
7 3 316 63.2 3 420 84 
8 1 200 40 3 324 64.8 
9 1 236 47.2 2 284 56.8 
11 2 305 61 3 385 79 
12 3 398 79.6 2 338 67.6 
13 3 347 69.4 2 281 56.2 
14 1 233 52.4 2 262 46.6 

Note. Each engagement had a possible maximum score of 100 points whereby 70 points is con-
sidered a qualifying score. 
 
A two-way ANOVA was conducted on the performance scores for exercise and posture. 
There was no significant difference in performance between Exercise 1 (M=61.45, SD 
= 34.597) and Exercise 2 (M=64.58, SD=33.066), p=.613. There was a significant dif-
ference in posture, F(1, 116)=10.70, p=.001 where by performance scores for defensive 
operations (M=70.72, SD=3.78) were significantly higher than offensive operation 
(M=51.46, SD=4.78). This is in line with standard gunnery findings where engagements 
in a defensive position were easier to qualify since timing for offense began once targets 
were locked in position. A significant interaction, F(1,116)=8.58, p=.004, showed that 
the difference between postures was only significant for Exercise 1 when participants 
had more time. Manned platform crews are given a standard of six months to train on 
their system as a crew prior to qualification. This enables the members to gain trust in 
their crew and their weapon system. The same is true here with only two exercises 
totaling 55 minutes.  

3.2 Subjective Response 

Paired samples t-tests were conducted to assess differences in subjective responses on 
trust, cohesion, stress (T-scores), and workload between Exercise 1 and 2. The only 
significant difference was in workload, t(23)=2.30, p=.030, where participants experi-
enced higher mental demand (M=43.96, SD=19.166) in Exercise 1 than Exercise 2 
(M=35.42, SD=22.745).  



Additional analysis was conducted to assess the impact of role on subjective ratings. 
When analyzing stress, we found that positive affect for the mobility operator was sig-
nificantly higher, t(39.79)=-2.40,  p=.021, whereas the lethality operator scored signif-
icantly higher on sensation seeking), t(44.39)=2.08, p=.044. With respect to the dys-
phoria scale, a composite of anxiety, depression, and hostility scales, lethality operators 
scored significantly higher, t(34.82) = 2.35, p =.025, which may suggest the presence 
of emotional distress. This matches with findings from the workload assessment which 
showed a significant main effect of role on total workload , F(1,44)=19.75, p<.001, 
mental demand, F(1,44)=6.61, p=.014, temporal demand, F(1,44)=14.46, p<.001, frus-
tration, F(1,44)=5.51, p=0.24, and effort, F(1,44)=15.38, p<.001, whereby the lethality 
operator had higher workload than the mobility operator. Yet no significant differences 
were found in trust in the robotic vehicle, trust in the weapon system autonomy, mobil-
ity autonomy, or team. However interestingly, trends show that the mobility operator 
had higher trust in the weapon system autonomy, and the lethality operator had higher 
trust in the mobility autonomy, and overall the mobility operator had higher trust in the 
team as a whole.  

3.3 Physiological Data 

Photoplethysmogram (PPG) is a noninvasive technique used for heart rate monitoring. 
It uses a light source and a photodetector to measure changes in blood flow. While PPG 
based wrist-worn wearable sensors such as the Empatica used in this study provide 
useful information related to the cardiovascular system during task performance, re-
search has shown that the data is less reliable and susceptible to noise when the wrist is 
moving. Therefore, although Figure 2 indicates that participants reduced their move-
ments during experiment phases (colored windows), these insights should be consid-
ered exploratory in nature. 
 

 
Fig 2. An example of raw Empatica data from one participant during the whole session. Shown 
are time series of the 3-axis acceleration (ACC), the photoplethysmogram (PPG) that was the 
basis of inter-beat-interval (IBI) and heart rate (HR) measures, and the electrodermal activity 
(EDA). Periods of participant resting, training, Exercise 1 and Exercise 2 are demarcated respec-
tively with shaded green, grey, blue and red. 
 



To understand how physiological measures could be used to predict team trust and 
cohesion over time and how they relate to team performance, we computed IBI syn-
chrony, the cross correlation of the inter-beat interval time series for each dyad during 
each period. It is suggested that higher IBI synchrony indicates greater strength of team 
coordination and interaction that may explain variability in team performance. Though 
we did not find any significant correlations between IBI synchrony and team perfor-
mance using this approach, we continue to explore different analytical techniques to 
quantify team physiology (i.e. heart rate variability synchrony) that might shed light on 
using physiological coupling to predict team performance. It is possible that, with more 
data to draw from and further testing, these real-time assessments may allow us to un-
derstand fluctuations in team trust and cohesion in real-time. Additional analyses are 
being conducted to look at the relationship between performance, subjective response 
and physiological indicators that occur during posture, between roles, and at specific 
points throughout each engagement. 

4 Conclusion 

Study results highlight the benefit of simulation research by providing the ability to 
understand system concepts and team constructs, such as trust and cohesion, during 
early system development. Overall, results showed a reasonable level of performance 
and trust in the robotic vehicle and team given minimal training and experience with 
the robotic system, team, and task. Strikingly, participants tended to trust the autonomy 
more than human teammates. This suggests that a robotic vehicle can be viewed as a 
teammate, although additional analysis on behavioral interaction with the autonomy 
and more in depth analysis of physiological response will provide additional insights 
into the team relationship. A key finding specific to team trust metrics specified the 
importance of quantifying workload and stress associated with individual roles. Future 
work will include how participants judge their trust in autonomy: do they perceive it to 
have a lower workload, or overall better performance than a human operator? Follow 
on studies are planned for field operations with the real-world vehicles with increased 
training and practice.  
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