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Abstract …….. 

We conducted an investigation of the impact of automation on crew performance in a picture 
compilation task.  Two studies were conducted with university students. The first study explored 2 
levels of automation and 2 crew configurations.  In terms of percentage of tracks classified, 
participants in the high automation condition did not perform as well as participants in the low 
automation condition.  In particular, participants in the high automation condition did not check the 
classifications of the automation adequately. No significant differences were found for crew 
configuration.  The second study introduced an automation coach, to help improve performance in 
the high automation condition.  However, the coach intervention did not improve performance.  
These studies confirmed the hazard of automation complacency when operators must work with 
high levels of automation.  Further automation complacency seems to be an effect that is resistant 
to correction.  Implementations of technology with high levels of automation should remain 
cognizant of the risk of automation complacency and the need to work diligently to overcome this 
effect.  More research is required on how to best mitigate the effects of automation complacency. 

Résumé …..... 

[Enter text: French] 
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Executive summary  

Naval Crew Automation Study: Final Report   
[Murat Dikmen, Yeti Li, Shi Cao, Catherine Burns]; Defence R&D Canada – 
Toronto; May 2019. 

Introduction or background: The Halifax Class Modernization (HCM) project has introduced 
new technologies and capabilities intended to support the crew of the OPS room of the  Halifax 
class frigates. The impact of automation on crew performance, awareness, and communication, 
however, has been underexplored. We collaborated with Defence Research & Development Canada 
(DRDC) to investigate this research topic. Our previous project report presented a comprehensive 
literature review on a maritime human-automation interaction, and teamwork and identified gaps 
in the research that would be important to fill in order to adopt automation into the OPS room.  
From these gaps, an investigation was proposed to examine the influence of different levels of 
automation on crew size and configuration.   

Results: Two studies were conducted that explored crew interactions with two levels of automation 
in a picture compilation task.  The two levels of automation were Track fusion automation and 
Identification automation, where Identification automation was the higher level of automation.  In 
the first study, teams worked in one of two configurations, divided by sector (GEO) or divided by 
warfare area (TYPE).  In this study there was no significant influence of team configuration on 
performance, but all teams performed less well with the higher level of automation.  In the second 
study, a third team member was introduced who was an automation coach, inspired on the role of 
the Operations Room Supervisor.  The automation coach corrected potential misconceptions on 
how the automation worked and aimed to encourage the teams to check the automation more 
closely.  However, the teams in the second study still performed more poorly with the high level of 
automation.  Finally, the two studies were compared to examine whether the additional team 
member improved team performance.  The results showed that team performance was better in a 
team of two people than in the team of three people.    

Significance:  The experimental study protocol described in this report is in direct support of an 
ongoing DRDC study that investigates the effect of crew size with RCN Naval Combat Operators. 
The results of this study indicate that the Canadian Armed Forces must be wary of introducing 
highly automated tools to their crews, as the high level of automation may encourage complacency 
and result in poorer performance.  Employing a larger team did not mitigate this effect. 

Future plans: At this time there are no plans for further work. 
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1 Introduction 

The Halifax Class Modernization (HCM) project has allowed new sensor technologies to be 
adopted to advance the capability of the Halifax Class frigates, the foundational ships of the Royal 
Canadian Navy (RCN). Sponsored by the RCN, Defence Research & Development Canada 
(DRDC) is developing a research program to examine the effect of automation introduced in the 
operation of these ships. The University of Waterloo research team, collaborated with DRDC on 
this program to investigate the effect of automation on crew performance, including individual and 
team performance, workload, situation awareness and team communication. 

This report is built on Qin et al. (2017) - our previous report that reviewed the latest research on 
human-automation interaction and team collaboration. The deliverables of the previous report 
included literature-based hypotheses on the automation effects and recommendations for the design 
of experimental studies. Two important independent variables were suggested: level of automation 
and team characteristics. 

This report describes two experimental studies conducted to address the issues identified in the 
literature review. In Section 2, the background and the motivation are presented. In Section 3, the 
method and measures are described. Sections 4 introduces the software tool developed by the 
University of Waterloo team to automate the data analysis process. Sections 5 and 6 present the 
experiment results. Section 7 reports the cross-experiment comparison. Finally, in Section 8 we 
discuss limitations, recommendations, and conclude this report. 
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2 Background and Motivation 

Our literature review had revealed that there is very little guidance on how level of automation 
interacts with crew composition and crew size.  For example, while higher levels of automation 
may be anticipated to relieve workload, this result has not always occurred in some of the literature.  
Guidance on crew composition was largely missing from the literature. 

To fill these gaps, we proposed to run an investigation that would look at picture compilation 
automation at two levels, with two different crew role structures.  It was anticipated that higher 
levels of automation would likely increase performance, but that different crew roles might modify 
this effect.  It was not clear though that automation would always have a positive effect, given that 
automation that is incomplete can sometimes make work more complex for operators. 

In this proposed study, we addressed two research questions: 

1. Would increasing the level of automation affect the crew’s performance on target 
identification scenarios? Currently, a new technology, data fusion, has started to replace 
some of the functionality that was previously carried out by human operators, such as 
integration information from different sensors including radars. In this context, level of 
automation is defined as data fusion capability. 

2. How should different roles should be allocated to team members, given the different levels 
of automation support? Since some of the tasks human operators were carrying out could 
become redundant with more advanced automation, it is important to study whether a new 
team structure will be more beneficial in this new context. The current allocation scheme 
in the maritime context is to allocate team members roles by contact type (e.g., one operator 
is responsible for classifying surface contacts, and another operator classifies air contacts). 
In this study, we evaluate this scheme but also investigate other possible role allocation 
schemes. 

As an academic institution, these questions needed to be investigated using student participants, 
using a naval scenario that was appropriate for student participants. 

2.1 Theoretical Predications 

In our previous report, we constructed decision ladder models to generate hypotheses on human 
performance with Track and Identification automation (Qin et al., 2017). In this section, we review 
those models and how the automation is expected to interact with human information processing 
stages. 

The track fusion automation model involves the automation organizing raw sensor data into 
distinguishable tracks using a data fusion algorithm. The automation is limited to the early 
processing and must soon hand over to the operators for assessing the contact behaviors. The 
operators must also resolve automation failures pertaining to inappropriate track fusion (Figure 1). 
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Figure 1. Track fusion automation model (Qin et al., 2017).

The more capable identification automation uses the same track fusion algorithm to differentiate 
the contacts as described in the previous model. The automation then uses an identification 
algorithm to observe contact behaviors, in addition to using other information sources, and 
correlates these behaviors to known characteristics of ships and aircrafts to support contact 
identification. The identification algorithm has built-in rules to suggest the classification of 
behavior as friendly, neutral, foe requiring further investigation and replaces operator control in 
this pre-processing. It is important to realize though, that unless the identification automation can 
capture all the rules and classify correctly 100% of the time, the operators must verify each 
suggestion and make the final decision on classification (Figure 2).
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Figure 2. Identification automation model.

2.2 Hypothesized Performance Outcomes

The distinct automation allocations described in the two models suggest that the operators face 
different risks and are required to perform different tasks. Further, the automation allocations have 
differential risks associated with the reliability of the automation.  Table 1 summarizes the operator 
performance outcomes we hypothesized. The following sections provide explanations derived from 
the models. In a maritime domain, operators work in a team to develop a situational picture and 
their responsibilities are often divided (e.g., one operator is responsible for identifying surface 
contacts and another operator takes charge of air contacts, or operators are divided by sectors). We 
included a preliminary analysis on the anticipated communication, but this work is more 
hypothetical, as Cognitive Work Analysis does not provide model-driven implications about 
communication during work.

Table 1. Hypothesized performance outcomes.

Track fusion automation Identification automation

Predicted workload (perfect reliability)
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Operator proceeds through each contact, 
identifies and classifies (medium workload) 

Operator reviews suggestions and classifies 
each contact, and investigates ambiguous 
contacts further (low workload) 

Predicted workload (imperfect reliability of Track Fusion Automation) 

Track fusion correct: Operator proceeds 
through each contact, identify and classify 
(medium workload) 

Track fusion failure: Operator handles track 
fusion failure (low to medium workload), then 
proceeds to classification. 

Track fusion correct: Operator proceeds 
through each contact, identify and classify 
(medium workload) 

Track fusion failure: Operator must identify 
track fusion failure handles track fusion failure 
(low to medium workload), then proceed to 
classification. 

 

Predicted workload (imperfect reliability of Identification Automation) 

NA Identification automation correct: Operator re-
identifies correctly classified contact (medium 
workload) 

Identification automation failure: Operator 
must identify identification failure and re-
classifies the contact correctly (high 
workload) 

Anticipated SA 

Operator can develop deep SA of the tactical 
picture, but this development takes longer due 
to time to process contacts 

In fast evolving events, SA may not be 
revised quickly enough 

Operator develops reasonable SA very 
quickly but SA of the entire tactical picture 
could be of less depth. Any errors introduced 
by the automation, could impact the accuracy 
of SA. 

Operator SA should revise quickly in fast 
evolving events 

Anticipated communication 
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Operator communicates when working 
through automation failure, and 
communicates assessment of the overall 
picture and priorities for processing 

 

Operator communicates updates on contacts 
processed and contacts remaining to be 
processed, and communicates when foe 
contacts are found 

Operator communicates when working 
through automation failure, and 
communicates assessment of the overall 
picture and priorities for processing 

Predicted workload (perfect reliability). The operators’ workload with full automation reliability 
can be predicted by making a comparison of shaded (automated) processing in each model. With 
track fusion automation, the operators experience medium workload because they need to identify 
and classify every contact, even when the automation is reliable. In contrast, with identification 
automation, the operators verify suggestions on classification and should experience lower 
workload. In this case, we expect the operators to be more capable of classifying suspicious contacts 
that require more time to investigate. 

Predicted workload (imperfect reliability). There are two possible sources of automation error, the 
track fusion automation, and the identification automation.  Errors in the identification automation 
only affect that condition.   

In the case of Track fusion errors, the operators must resolve track fusion failures by reasonably 
justifying extra contacts as artifacts (low workload), separating contacts from a cluster (medium 
workload) and un-hiding tracks inappropriately removed by the automation (high workload). In the 
decision ladder, these failures are handled by taking the “manual fusion” shortcut in either 
condition. Note, in our implementation of our study, manual fusion of tracks was not possible so 
operators could not take this shortcut. While track fusion errors did occur, they showed up as 
transient artifacts that disappeared after a few seconds.  Artifacts occurred in both conditions. 

In the case of Identification automation errors, the operators must “re-identify” the contact, to 
reclassify it.  This sends them backwards in processing which may be a very difficult task to 
perform, particularly given the tendency to trust and accept the recommendations of the automation.   

Anticipated SA. The operators could slowly develop deep SA in the track fusion automation case, 
as they go through more information processing as shown in the model. In contrast, in the 
identification automation case, the operators should quickly develop SA that is directly relevant to 
the goal of picture compilation, since automation suggestions on classifications are immediately 
provided as “system state” (Figure 2). However, it is may be more difficult for the operators to have 
SA related to individual contacts as the information that informed the classification algorithm may 
have been hidden. The ability to develop deep SA with automation depends on the display of 
information influencing automated decisions. 
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Anticipated communication. Lastly, we compared the anticipated communication within the 
operator team under the influence of the two types of automation. We expect in both cases the 
operators will communicate when they experience automation failures and when they evaluate the 
overall picture of the battlespace. The operators might communicate more with the track fusion 
automation on prioritizing and allocating contacts, particularly in a high workload scenario. 
However, the decision ladder does not provide any guidance on communication or team 
coordination. 
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3 Method 

The study involved teams of student participants performing in a picture compilation task in a 
simulation of maritime operation. The goal of the picture compilation task was to understand the 
whereabouts of each surface vessel and aircraft, their motion data, and their identity and generate 
a classification for the contact. While performing this task, the groups of participants used 
automated support systems to aggregate sensor data collected from multiple sources.  The study 
received ethics clearance application from the University of Waterloo and the DRDC ethics 
committee.  At the conclusion of the first study, the results showed strongly that teams using higher 
levels of automation were not performing as well.  For this reason, a second study was conducted 
using the same basic experiment design, but with the addition of a “coach” to help the teams 
understand the automation better.  The idea of including a “coach” on the team came from two 
sources. First a small set of studies in the literature review suggested that adding an automation 
coach might improve performance.  Second, the “coach” was considered to be a reasonable 
derivative of the role of the Operations Room Supervisor, an existing role in the Ops room.  This 
slightly modified design was also approved by the ethics committee as a modification to the first 
experiment. 

The experiment design was the same for both experiments, with the exception of the “coach” who 
was added to the second experiment.  In the next sections we describe the experiment design and 
the results for both experiments.  Finally the two experiments are compared with each other, to 
understand the investigation as a whole. 

3.1 Experiment Design 

The study designs were 2x2 within subjects with 2 factors at 2 levels: Automation (Track and 
Identification) and Role Allocation (Geo and Type).  Scenarios were designed so that all 
participants would experience all combinations of the levels.   

Automation (Track fusion automation or identification automation):  The low level of automation 
(Track) in this study used data fusion that automatically combines multiple sensors and presents an 
integrated signal or track on the screen. The high level of automation, Identification, performed the 
track fusion of the Track level but also provided a recommendation regarding the target ship’s 
nature (friendly, neutral or foe). In the Track fusion condition, this classification task would be 
carried out by the human participants based on a set of criteria. For example, if a ship deviates from 
a shipping lane (a shipping lane is a regularly used route for vessels as a navigational guide on 
oceans and large lake), then it is considered as a foe.  It should be noted though, that since 
Identification automation is also built on a set of rules, it is not always 100% reliable, similar to 
how this automation performs in the real world. 

Role Allocation Scheme (GEO – role allocation by geographic location or TYPE – role allocation 
by contact type): In the GEO condition, each participant was assigned a particular geographic zone 
on the map. The map was divided into east and west, and each zone was assigned to one participant. 
In the TYPE allocation condition, each participant was assigned only one contact type. For 
example, one participant will be responsible for all air contacts on the map, and the other participant 
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will be responsible for all maritime surface contacts. The participants were allowed to help each 
other by classifying tracks that are not in their own assigned zone.

3.2 Apparatus

An experimental testbed of maritime operations developed by TrackGen (TrackGen Solutions Inc.) 
was used for this study. The testbed is a web-based client that displays the tactical plot and uses 
ISR360, a TrackGen software, as a server for developing maritime sensor and fusion tracks.  The 
testbed server provides the capabilities for collecting human behaviour data. The graphical interface 
is a tactical map that shows a geographic area that the group’s own ship occupies, surrounded by 
surface and air contacts as identified by the sensor systems. Each participant could monitor 
parameters related to a target by selecting them on their own computer screen. A sample screenshot 
of the software during a mission is presented in Figure 3.

Figure 3. A sample screenshot of the experimental testbed developed by TrackGen Sol. Inc.

The testbed was deployed on a server computer and two client computers. The ISR360 server was 
used by the researcher to launch the missions and to monitor the status of the team as they 
completed the picture compilation task. The two participants played the roles of the sensor 
operators with the goal of successfully identifying threats, and each was provided with a client 
computer.

A recording server was placed next to the server computer. Multiple video and audio feeds were 
set up in the experiment room to record the proceedings of the experiment. Each client computer 
hosted an open source video broadcaster (iSpy Server, https://www.ispyconnect.com/) that 
recorded and transmitted the screen information to the recording computer. Each participant used 
a Logitech wireless headset with a microphone attached while communicating with each other, and 
their voices were captured and transmitted to the recording server. A video camera was set up in 
the experiment room to capture the participants’ activities while attending the experimental study.
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The layout of the experiment room at the University of Waterloo is shown in Figure 4. 

 
Figure 4. Example experiment room layout. 

3.3 Task 

The primary task was a picture compilation task. Two participants set up a team to locate and 
classify tracks comprised of surface (i.e., ships) and air (i.e., planes) contacts in their designated 
area of responsibility. The team of participants experienced several scenarios for the different 
experimental conditions. In the Track condition, at the beginning of each scenario, tracks 
representing surface and air contacts were shown on the screen, but the identity of the tracks were 
unknown. Each contact needed to be evaluated by the participants and classified as friendly, neutral 
or foe by clicking on the contact and choosing from a list of types using a mouse. In the 
Identification condition, all tracks were initially classified by the automation, and the participants 
were told to verify the results by reclassifying each track. Once a track was reclassified by any of 
the two participants, the identification automation disengaged from that track and did not participate 
in further identifications. This action prevented the possibility of the automation immediately 
reclassifying the track. 

The picture compilation task mimicked the real-world task of “picture compilation” in a naval 
setting where multiple crew members in the operations room share their understanding of the 
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situation and the information they are getting from the ship’s sensor to make sense of the 
environment, contacts (i.e., ships and planes) and whether these contacts are friendly, neutral or 
foe. To complete the picture compilation task, the participants classified the type of threats 
according to designated criteria, shown in Table 2.  Each participant used a mouse to interact with 
the map and the data fusion and to identify the threats when appropriate. The classification made 
on each track by any participant was synchronized in real time across all computers, meaning their 
team member could see the classification. Although the teams were given specific tracks to work 
on (GEO or TYPE), tracks could be reclassified by either the participant who initially classified the 
tracks or the other participant. 

Table 2. List of Surface and Air Contact Criteria 

Type "Friendly" "Foe" "Neutral" 

Surface Speed less than 30 
km/h 

Has AIS 

On a shipping route 

Speed greater than 30 
km/h 

No AIS 

Not on a shipping 
route 

Loitering 

Intercepting you 

(All others) 

Air Speed less than 400 
km/h 

On a flight route 

Attitude higher than 
500 m 

Speed greater than 
400 km/h 

Not on a flight route 

Altitude lower than 
500 m 

Intercepting you 

(All others) 

3.4 The Coach As Automation Expert 

In the second study, we introduced a third team member we called the automation “COACH”.  The 
role of the automation coach was to provide the team with guidance on when the automation was 
limited and when the team needed to check their classifications more closely.  The coach was 
modeled to some degree on the idea of an Operations Room Supervisor, who typically watches and 
guides the front row operators, helping them to improve their compiled picture. 
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To develop this role with consistency, the coach was played by a member of the experimental team 
and had preplanned coaching statements to deliver during the experiment. The coaching statements 
were as follows: 

1. Don’t trust automation completely when classifying as you still have to check for friendly 
vehicles, or vehicles that automation got wrong. 

2. Automation considers a vehicle on its respective lane, only if the vehicle is located within 
a certain range on both sides of the lane. 

3. Automation does not take direction into account when classifying. 

4. Automation does not take loitering behaviour into account when classifying. 

5. Automation does not follow accurate guidelines when classifying planes based on the 
altitude criteria. 

6. Automation does not follow accurate guidelines when classifying vehicles based on the 
speed criteria 

The coach delivered one of these statements in Identification automation scenarios at every 90 
seconds. The order of the statements was random in each scenario except the first statement. The 
statements were intentionally vague to avoid introducing bias.  

3.5 Procedure 

Each group of two participants attended a training session then an experimental session. There was 
at least one researcher present at the sessions to take the observer role. Together, the training session 
and the testing session took no longer than 2 hours. 

3.5.1 Training Session 

The training session presented information on the maritime mission, the picture compilation task, 
the ISR360 simulation software, the data fusion capabilities (automated support system that 
integrates multiple sensor information and helps operators to identify relevant targets), and the roles 
and responsibilities of the study. Each Training Session took no longer than 30 minutes. A training 
session contains the following three phases: 

Consent: Each participant was provided with a hard copy of the information letter and consent 
form. The researcher answers any question each participant may have. Each participant signed their 
own copy of the consent form if they agreed to participate. They were also told they would be 
recorded and provided additional consent for this. Each participant was requested to remove their 
watch and silence their cellphone and other electronic devices. The participants put their personal 
belongings in a designated location in the room. 

Training Slides: Each participant was presented with interactive training slides. The participants 
were requested to read through each training slide. At certain points during the training slides, the 
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participants were reminded to switch to a browser to experience a training mission. After the 
completion of each training mission, the participants were asked to switch back to the training slides 
and continue reading. The training slides introduced the maritime operation context, key concepts 
in this context, the simulation software graphical interface, the picture compilation task, and the 
experiment conditions. 

Training Scenarios: Each group of participants were first trained with classification criteria for 
surface contacts and then experienced a training scenario that only involved surface contacts and 
track fusion automation, which was expected to require the least training effort. After that, the 
participants were trained with classification criteria for air contacts and experienced a training 
surface involving air contacts and track fusion automation only. The third training scenario 
involved both surface and air contacts and track fusion automation. Finally, the fourth training 
scenario was similar to the third training scenario but was performed with identification automation. 
In the first training scenario, the experimenter asked participants to complete certain tasks to 
become familiar with the simulator (e.g. “Click on RADAR-AIS 2 and tell me its speed”). 

3.5.2 Experimental Session 

In the experimental session, each group of participants performed four scenarios, each representing 
an experimental condition. The presentation order of the four scenarios was counter-balanced. Each 
scenario took about 10 minutes to complete. Each scenario contained three phases: 

Briefing: The mission category (automation level, team configuration) was introduced by the 
researcher. Each participant was able to choose their desired role prior to the launch of the mission. 
In GEO scenarios, participants could choose to monitor the west or the east region to the own ship. 
In TYPE scenarios, participants could choose to monitor surface or air contacts. 

Scenarios: Participants engaged in the picture compilation task as a team. During scenarios, the 
experimenter did not answer the participants’ questions. 

Post-Scenario Measures: Each participant completed an individual copy of the post-scenario 
questionnaire, including NASA-TLX, memory and teamwork questionnaires. 

3.5.3 De-Brief 

After the completion of the training session and the testing session, the participants were debriefed 
about the purposes of this experimental study and were financially compensated for their time. The 
researcher and the two participants signed a receipt and a standardized payment acknowledgement 
form required by the University of Waterloo. A feedback letter was sent to the participant group 
electronically after the completion of the study. 

3.6 Scenario Design 

The tested scenarios were designed in certain ways to balance the difficulty across all conditions 
under investigation. The scenario design involved balancing as follows: 
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Map: Map (or geographic area) is the foundation of the battlespace where the participants perform 
their primary task. Each map targets a certain oceanic area of the Earth and holds a certain number 
of surface and air contacts. Since a within-subject experiment design is used, we built a variety of 
maps to reduce the learning effects each group of participants may experience while interacting 
with the identical maps across scenarios. There are four base maps (Map 1 to 4) and each was 
randomly assigned to one scenario the participants performed.

Role Allocation Scheme: In TYPE scenarios, one participant was responsible for classifying 
surface contacts and the other participant classified air contacts. These scenarios are balanced such 
that each participant received the same number of contacts. Similarly, in GEO scenarios, the 
number of surface and air contacts in the west region of the map were the same as in the east region 
of the map. Each map was built with the two role allocation schemes and as a result, there are eight 
maps (Map 1 TYPE, Map 1 GEO, Map 2 TYPE, Map 2 GEO, etc.).

Contact type: The number of friendly, neutral or foe contacts was balanced through map types, and 
distribution evenly across roles.

Automation: Automation as an independent variable does not interfere with the map and is 
subsequently not counter balanced.   However, it should be noted that contact type, while set in the 
scenario design truth, would be assessed dynamically by the algorithms. This could create small 
differences in contact type classifications in the high automation scenarios.

Figure 5 contains the different criteria for classifying surface and air contacts and was used as a 
reference for balancing the number of contacts that is either friendly, neutral or foe.

Each group of participants experienced four scenarios. Each scenario used a different base map 
(Map 1 to 4) with the role allocation scheme that was appropriate for the scenario.

Figure 5. Criteria used to balance scenarios.
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3.7 Track Anomalies 

Participants were trained with tactics which could be used by surface and air contacts to prevent 
detection or to generate sensor data that may not always be completely reliable. Two types of track 
anomalies were developed and balanced across all scenarios: 

 Surface Track Anomaly: A surface contact could be hiding in the shadow of another ship, 
sailing so close that it appears that there is only one ship. Hiding is a suspicious activity. 
These ships may become visible for a time if they are too far from the ship that they are 
using to hide. They will appear and disappear randomly. 

 Air Track Anomaly: An air contact could change its behaviour by abruptly changing its 
trajectory. For example, an air contact that was moving away from own ship could suddenly 
turn and move towards own ship. 

Participants were told that such behaviours showed an indication of the enemy gathering a force to 
attack and such targets should always be classified as foe. 

3.8 Measures 

We considered both quantitative and qualitative measures to analyze the experiment data. 

3.8.1 Performance (Quantitative) 

Participants’ performance measures were collected by the simulation software and analyzed 
quantitatively. In general, performance measures included response time to classify tracks and 
classification accuracy. Detailed measures are discussed in the data analysis section. 

3.8.2 Situation Awareness (Quantitative) 

After the completion of each scenario, each participant completed a post-scenario task on their 
computer that required a Situation Awareness (SA) questionnaire, a NASA-TLX questionnaire and 
a teamwork questionnaire section. Situation Awareness (SA) in the maritime operations is 
distributed by team role of necessity. For the picture compilation task, sensor operators are typically 
required to maintain good Level 1 and 2 SA. It is the supervisor’s or the commander’s responsibility 
to develop and maintain good Level 3 SA as that is instrumental to overall mission success. In this 
study, participants were evaluated for their awareness of the overall picture that consisted of 
friendly, neutral and foe contacts. In general, there were two types of SA questions. Each participant 
answered SA queries independently and their answers were used to compile a team SA measure. 

 Perception (Level 1 SA). The participants were asked to compare the number of friendly 
contacts to the number of neutral contacts. For example: “Select the one type that has a 
higher number of tracks in your area of responsibility. Choose from foe and friendly”. 

 Comprehension Questions (Level 2 SA). The participants were requested to move a slider 
to provide an answer on the proportion of neutral contacts out of all contacts. This question 
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was consistent with the perception question but required participants to have an in-depth 
understanding of the situation. For example: “In general, how many tracks in your area of 
responsibility are friendly? Use a slider (range 0-100) from none to all”. 

While the SA queries were implemented in the experiment, the analysis was not included in this 
report because it was difficult to make claims about participants’ SA during a scenario using this 
method.  

3.8.3 Perceived Workload (Quantitative) 

The NASA-TLX questionnaire is standardized and includes a pairwise comparison section 
followed by a perceived workload rating section. NASA-TLX scores were measured after each 
scenario, and the scores were calculated using the weighting method described in Hart and 
Staveland (1988) for each team member, then averaged to create a team mental workload score. 
We only measured mental workload “after each scenario” and did not consider before-after 
comparisons for each scenario because this could create an imbalance between the first scenario 
and other scenarios.   

3.8.4 Participant Activity and Team Communication (Qualitative) 

Audio and video recordings were used to collect possible physical or verbal interactions between 
the participants. The initial goal was to conduct a content analysis of the screen and voice 
recordings. However, the team communication analysis was not included in the report because the 
recording system stopped working after several sessions and the available data was limited. The 
verbal communication between participants was used in an exploratory fashion.  

3.8.5 Teamwork (Quantitative) 

The teamwork questionnaire was a modified version of the SHAPE teamwork questionnaires 
(Dehn, 2018). Only questions applicable to the current task context were used. The final 
questionnaire included the following five questions: 

 “It was clear to me which tasks I shared with my team partners” 

 “It was clear to me which tasks were my responsibility” 

 “It was clear to me which tasks were done entirely by the other team members” 

 “I had full trust in my team partners when using the system” 

 “The goals of the team were clearly defined” 

Each question used a 7-point Likert scale (i.e., totally disagree, disagree, somewhat disagree, 
neutral, somewhat agree, agree and totally agree). The teamwork questionnaire was presented at 
the end of each scenario to provide quantitative insights into understanding the team activities and 
communications while performing the picture compilation task and interacting with the track fusion 
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automation and the identification automation.  The results from teamwork questionnaires showed 
no patterns or significant differences across conditions in both experiments, therefore, they were 
excluded from the report and will not be discussed further.

3.8.6 Team Activities

A recording server has been deployed with a quad-core CPU and a dedicated graphics card to enable 
recording via multiple channels (Figure 6). Each participant completed the tasks on a separate 
computer, and their screen was captured by iSpyServer, a video surveillance and broadcasting tool. 
Participants used a headset and a microphone to communicate with each other, and the 
communication was recorded on the server computer. 

Figure 6. Recording server screenshot. The server can capture and integrate video feeds from 
participant computer screens as well as from the camera (top right corner) which records 

participants’ faces during the scenarios.
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4 Data Analysis Tool Development 

The data analysis was performed using three sources, the ISR360 simulation log files, video and 
audio recordings and questionnaire data. Due to the complexity of this study, the data logging 
quality and data patterns were checked at multiple points during the study to make sure data logging 
was occurring as expected.  

To analyze the log data, a software tool was developed to automate the process of analyzing 
simulation data. ISR360 generates a unique log file after the simulation of each scenario. The log 
file is named using the date and time when the scenario was initiated. A data analysis script 
containing approximately 1,000 lines of code was developed in R (Version 13.4.0). The 
development took approximately 3 months. The development was conducted in parallel with the 
deployment of the simulator. With this tool, each log file in the same folder with the script was 
imported and analyzed automatically. 

The script allowed the following analyses to be performed automatically: 

 Identifying scenario name and condition; 

 Reconstructing track, truth and own ship trajectories; 

 Track and truth mapping; 

 Participant performance analysis. 

The following sections describe how we developed the tool to accomplish each type of analysis. 

4.1 Identifying Scenario Name and Condition 

4.1.1 Scenario Name 

Scenario name was explicitly logged and can be immediately extracted by the data analysis tool. 

4.1.2 Condition: Role Allocation 

Experiment conditions (data fusion and role allocation) were not explicitly recorded by ISR360. As 
we described earlier in this report, distinct scenarios were made for each role allocation and were 
named by role allocation. For example, a scenario that was being used for the GEO condition was 
named as: Scenario 1 (GEO). The script identified the role allocation while parsing the scenario 
name. 
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4.1.3 Condition: Automation Level

For data fusion capability, each scenario could be used in both the track fusion case and the 
identification automation conditions. The script could not identify automation level by reading the 
log file, though we could subjectively identify the automation level by examining the resulting data 
(e.g., in the identification automation condition, the automation does not engage in classifying the 
tracks at all). As a result, we documented the automation level for each scenario in the 
experimenter’s logbook.

4.2 Reconstructing Track, Truth and Own Ship Trajectories

Track, truth and own ship trajectories were parsed by the data analysis tool in similar ways. For 
example, the tool first identified all tracks that appeared in a scenario from the log file and extracted 
the coordinates, type of the associated contact (surface or air), identity (unknown, foe, neutral or 
friendly) and record time. In the log file, each track was typically recorded once every second. The 
data analysis tool then plotted the trajectory of each track onto a two-dimensional battlespace that 
matched the space that the participants performed the picture compilation task on. Figure 7 shows 
a reconstructed battlespace of all tracks, truths and own ship trajectories.

Figure 7. Examples of Reconstructed Track (Black), Truth (Green) and Own Ship (Red) 
Trajectories
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4.3 Track and Truth Mapping

The ground truth tracks are actual contacts and such information was not available to either the 
participants or the classification automation. In the design of the scenarios, we specified the 
trajectory and the identity pertaining to each truth, and ISR360 simulated the tracks based on the 
truth. In other words, the truth identity is being used as a rubric for analyzing the identity suggested 
by the participants (with the track fusion automation) or the participants-automation team (with the 
identification automation) on the corresponding track. Therefore, understanding how to map tracks 
to truths was an important first step for analyzing the performance of the picture compilation task 
(Figure 8).

Figure 8. Track-Truth Mapping

Once the Track and Truth data were extracted from the log files, the script walked through each 
Track to look for a closet Truth (Table 3). In an actual scenario, a single target could appear as 
multiple tracks, which we called “track trailing”. The script could handle this issue and map a 
unique Truth to more than one Tracks. For example, in Table 3, Truth 14 is mapped to Track 2, 31, 
32 and 33, and only Track 2 which first appears on the screen will be flagged as a normal track in 
picture compilation.

The track and truth mapping were instrumental in dealing with the track trailing issues we 
previously discussed. The track trailing issue caused false tracks to be generated and due to the 
nature of the sensor system ISR360 intends to simulate, the number of truths that caused track 
trailing and the number of false tracks would be slightly different across all scenarios. Further, with 
track and truth mapping, track anomalies could be analyzed separately from the analysis on normal 
tracks.

Table 3. Example Track-Truth Mapping.

Track Track Type Truth

15 Normal 10

18 Normal 13

2 Normal 14
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31 Trailing 14 

32 Trailing 14 

33 Trailing 14 

... ... ... 

4.4 Performance Analysis 

4.4.1 Final Response Time and Accuracy 

Table 4 shows the wide range of measures that were available through the data analysis tool. Each 
row shows the track, the associated truth and when that specific track first appeared on the screen. 
The unit of first appearance time was in seconds and was relative to the beginning of the scenario. 
Certain tracks were designed to appear right after a scenario starts but experienced a few seconds 
of delay in the real system due to the way ISR360 handled track generation (the system needs to 
collect a certain amount of track sensor data to construct the tracks). For example, in Table 4, track 
12 and 17 appeared 4 seconds after the scenario starts. 

First identification time represents when the participants first clicked on a track using the left mouse 
button. This measure was used as a proxy for attention as the experiments did not use eye-tracking 
measures. For example, in Table 4, track 12 has appeared on the screen but none of the participants 
have attended to it (clicking) throughout the scenario. 

Under the “classification” category, the first classification time, final classification time, the 
correctness of the final classification and the total number of attempts to classify were considered. 
These measures were used because the participants could reclassify a track multiple times due to 
the nature of the task. For example, in Table 4, track 1 was classified only once, and the first 
classification time subsequently equals to the final classification time. Track 17, on the other hand, 
was classified three times after it appeared on the screen, and the final attempt to classify this track 
has been successful.  

Table 4. Data captured through log files. 

 
Tra
ck 
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uth 

First 
Appearance 

(sec) 

First 
Identification 

(sec) 

Classification 

First 
Classification 
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Final 
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(sec) 
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Correct 
Atte
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1 1 0 111 117 117 Yes 1 

2 14 0 267 - - - 0 

3 15 0 59 160 160 Yes 1 

4 18 0 373 378 378 No 1 

… … … … … … … … 

12 4 4 - - - - 0 

… … … … … … … … 

17 11 4 17 28 55 Yes 3 

4.4.2 Measures 

Table 5 summarizes the performance related measures used in both experiments. 

Table 5. Performance Metrics. 

Measure Description 

Percentage of Tracks Clicked Of all the tracks that appeared in a scenario, the 
percentage of tracks the participants clicked 
on. 

Percentage of Tracks Classified Of all the tracks that appeared in a scenario, the 
percentage of tracks the participants classified 
(correctly or incorrectly). 

Operator Accuracy – Total Accuracy Of all the tracks that appeared in the scenario, 
the percentage of tracks the participants 
correctly classified. 

Operator Accuracy for Classified Tracks Of all the tracks the participants classified 
(correctly or incorrectly), the percentage of 
tracks that were classified correctly. 



 

24  
 
 
 
 

Team Accuracy Of all the tracks that appeared in the scenario, 
the percentage of tracks the team correctly 
classified. Team refers to participants in Track 
Fusion condition, and participants + 
automation in Identification Automation 
condition. 

Average Time to Correctly Classify Average time participants spent classifying a 
track correctly. This is the time between the 
first click on a track and the successful 
classification of the track. 

Average Number of Attempts for Correct 
Classifications 

Average number of times participants 
classified a track until the classification was 
correct. This could be minimum 1 if the 
participants were always correct in their first 
attempt. 

We should note that some of the measures were closely related. For example, percentage of tracks 
classified sets the upper limit for operator accuracy – total accuracy. In other words, if participants 
classified 50% of all targets, and even if they were correct all the time, operator accuracy – total 
would be 50%.  

4.4.3 Progressive Performance 

Further, a unique feature that was not available with manual data analysis was the evaluation of 
progressive performance, in other words, how participants performed over time during a scenario. 
This type of analysis helped understanding to reveal the strategies of participants, particularly in 
terms of handling normal contacts and anomalies.  

Both percentage of tracks clicked on and percentage of tracks classified increased over time as the 
participants worked on more tracks. It should be noted that operator accuracy - total could increase 
or decrease based on participants’ performance. The progressive performance analysis was used in 
both Track Fusion and Identification Automation conditions. In the Identification Automation 
conditions, we evaluated both the performance of the participant-automation team and the 
performance of participants alone (Table 6). The progressive performance methods were initially 
used to understand how performance changes during different scenarios. Later, the method was 
used to balance scenario difficulties. For the final analysis, traditional statistical procedures were 
used to compare end-of-scenario performances between conditions. 

Table 6. Example Progressive Performance Analysis (Identification Automation). 

 Classification: Participant Classification: Automation 
Classification: 
Participant-
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Time 
(sec) 

Automation 
Team 

Clicked Classified 
Correctly 
Classified Classified 

Correctly 
Classified 

Correctly 
Classified 

0 0% 0% 0% 100% 0% 0% 

60 20% 10% 3.3% 90% 50% 53.3% 

120 67.7% 40% 30% 60% 36.7% 56.7% 
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5 Experiment 1 Results

In this section, results from the first experiment will be presented. The first experiment was 
conducted by recruiting 14 groups of participants with two members in each group. One group was 
removed before the analysis because of technical issues with the simulator during the experiment. 
Results related to engagement metrics will be presented first, followed by performance metrics and 
mental workload results. For statistical analyses, 2 x 2 (Automation: Track fusion vs. Identification 
automation; Role Allocation: Geography-based (GEO) vs. Warfare domain-based (TYPE) repeated 
measures ANOVAs were used. For effect sizes, generalized eta-squared statistics(η2

G) were 
reported (Olejnik & Algina, 2003).

5.1 Engagement

5.1.1 Percentage of Tracks Clicked by Operators

Figure 9 shows the percentage of tracks clicked by operators in each condition. Overall, participants 
clicked on almost all targets in Track Fusion condition and missing only a few in Identification 
Automation condition. Statistical tests showed that participants clicked on more targets in Track 
Fusion condition compared to Identification Automation condition, F(1,12) = 15.33, p = .002, η2

G

= 0.26. Additionally, participants clicked on more targets when the role allocation was set to TYPE-
based allocation, F(1, 12) = 6.25, p = .028, η2

G = .06. Overall, participants missed only 1 or 2 targets 
(out of 30 targets in a typical scenario). The interaction effect was not significant, F(1,12) = .02, p 
= .65, η2

G =.007.

Figure 9. Percentage of tracks clicked by operators.
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5.1.2 Percentage of Tracks Classified by Operators

Figure 10 shows the percentage of tracks classified by operators in each condition. Overall, 
participants classified almost all targets in Track Fusion condition and missed about 30% in 
Identification Automation condition. This difference was significant, F(1, 12) = 27.72, p < .001, 
η2

G = .48. Taken together with the percentage of tracks clicked (reported in the previous section), 
the results indicate that participants did check most of the targets in Identification Automation yet 
failed to classify all of them. This is not observed in Track Fusion condition. These results will be 
further discussed in the discussion section. Role allocation did not have a significant effect, F(1,12) 
= 1.66, p = .22, η2

G = .02. Interaction effect was not significant, F(1,12) = .35, p = .57, η2
G = .004.

Figure 10. Percentage of tracks classified operators.

5.2 Performance

Table 7 shows the aggregated summary of operator, automation, and team performance in 
classification of tracks by the end of scenarios. The results are reported in more detail in the 
following sections.

Table 7. Aggregated summary of accuracy in classification of tracks.

Condition Operator Identification 
Automation

Participant-
Automation 

Team

Data Fusion Role 
Allocation 

Scheme

Classified Correctly 
Classified

Classified Correctly 
Classified

Correctly 
Classified

98% 99%

72%
77%

30%

40%

50%

60%

70%

80%

90%

100%

GEO TYPE

Precentage
Track

Identification
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Track Fusion GEO 98% 69% - - 71%

Track Fusion TYPE 99% 70% - - 76%

Identification 
Automation

GEO 72% 51% 28% 20% 69%

Identification 
Automation

TYPE 77% 57% 23% 18% 70%

5.2.1 Operator Accuracy

5.2.1.1 Total Accuracy

As shown in Figure 11, operator accuracy was higher in Track Fusion condition compared to 
Identification Automation condition, F(1, 12) = 14.28, p = .003. Role allocation had no significant 
effect, F(1, 12) = 4.06, p = .06, η2

G = .02. The interaction effect was not significant, F(1, 12) = .57, 
p = .47, η2

G = .009.

Figure 11. Percentage of correctly classified tracks (of all tracks that appeared on the screen).
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5.2.1.2 Accuracy for Classified Tracks

The operator accuracy for classified tracks is shown in Figure 12. The accuracies were close and 
there were no statistically significant effects: F(1, 12) = .21, p = .65, η2

G = .004 for the main effect 
of automation, F(1, 12) = .68, p = .43, η2

G = .008 for the main effect of role allocation, and F(1, 12) 
= .26, p = .62, η2

G = .003 for the interaction effect. In other words, when operators classified (or re-
classified in Identification Automation condition), they performed similarly, regardless of the 
condition.

Figure 12. Percentage of correctly classified tracks (of all tracks operators classified).

5.2.2 Team Accuracy

Figure 13 shows the team accuracy results. For reference, the dotted line represents base-line 
accuracy of automation, i.e. if automation classifies all targets, it would be accurate in 63% of the 
time. Statistical tests showed no significant effect of automation level, F(1, 12) = 2.63, p = .13, η2

G

=.05, role allocation, F(1, 12) = 1.99, p = .18, η2
G = .03, and automation level x role allocation 

interaction, F(1, 12) = .61, p = .45, η2
G = .007.
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Figure 13. Percentage of tracks correctly classified by the team.

5.2.3 Task Completion Time and Number of Attempts

5.2.3.1 Average Time to Correctly Classify a Track

Time to correctly classify a track is reported in Figure 14. Participants spent more time to correctly 
classify tracks in Identification Automation compared to Track Fusion condition, F(1, 12) = 13.83, 
p = .003, η2

G = .16.  The effect of role allocation was not significant, F(1, 12) = 1.22, p = .29, η2
G

= .03. However, the interaction effect was significant, F(1, 12) = 4.92, p = .046, η2
G = .07. 

Participants spent more time to correctly classify tracks in TYPE role allocation compared to GEO 
role allocation in Track Fusion condition, and vice versa in Identification Automation condition.
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Figure 14. Average time operators spent to correctly classify tracks.

5.2.3.2 Average Number of Attempts to Correctly Classify a Track

The number of attempts made by operators to correctly classify each track is shown in Figure 15. 
Statistical tests showed that the main effects and the interaction effect were not significant, F(1, 12) 
= .79, p = .39, η2

G = .03 for automation level, F(1, 12) = 1.31, p = .27, η2
G = .02 for role allocation, 

and F(1, 12) = .20, p = .66, η2
G = .003 for automation level x role allocation interaction.
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Figure 15. Mean number of attempts to classify tracks correctly.

5.3 Mental Workload

Figure 16 shows NASA-TLX scores. Statistical tests showed no significant differences between 
conditions: F(1, 12) = .47, p = .50, η2

G = .002 for automation level, F(1, 12) = .11, p = .74, η2
G = 

.0004 for role allocation, and F(1, 12) = .96, p = .35, η2
G = .004 for automation level x role allocation 

interaction. Average NASA-TLX score was 52% across conditions, indicating a medium level of 
mental workload.

1.18
1.25

1.25

1.28

1

1.1

1.2

1.3

1.4

1.5

GEO TYPE

Number of 
Attempts

Track

Identification



33

Figure 16. Average weighted NAXA-TLX scores for each condition.

The histogram of workload scores in Figure 17 shows more details about the range and the 
distribution of NASA-TLX scores across all conditions. The figure shows that most teams reported 
mental workload levels in the 40-75 range. 

Figure 17. Histogram of NASA-TLX scores.

5.4 Discussion

The results from the first experiment showed that participants clicked on and classified more tracks 
in Track Fusion condition compared to Identification Automation condition, however among the 
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tracks classified, participants performed similarly across conditions. Consequently, operator 
accuracy – total was higher in Track Fusion condition, however with the help of the automation, 
team accuracy did not differ across conditions. There were also minor differences between role 
allocation conditions, however these were not consistent, and we did not observe a pattern regarding 
performance metrics between role allocation conditions. On average, participants spent more time 
classifying targets in Identification Automation condition compared to Track Fusion condition. 

The percentage of tracks classified was different across automation conditions. One explanation for 
this finding is that in the Identification Automation condition, participants had to verify the 
automation's decisions by re-classifying all the tracks they see on the screen. However, the current 
implementation of ISR360 simulator did not provide feedback regarding which tracks had been 
verified and it was up to the participants to remember which tracks they had re-classified and which 
ones were left. This might have created an additional memory task, and participants may have 
decided to only deal with a manageable number of targets, I.e. Classify fewer targets. Another 
possibility is that automation complacency may have occurred in the Identification Automation 
condition. Since the targets were already pre-classified by the automation, it is possible that 
participants over-trusted the automation and did not rigorously check and verify the tracks, despite 
the instructions. It is also possible that verifying the classifications was more difficult in the 
Identification Automation condition compared to the Track Fusion condition because participants 
had to re-classify the tracks and make sense of automation’s classification, which was incorrect 
about 40% of the time. The differences in average time spent to correctly classify tracks supports 
this idea, as participants spent more time to correctly classify tracks in Identification Automation.  

While these results provide insights about the effects of introducing automation to the simulated 
OPS room, the mechanism of why a more capable automation resulted in less task engagement was 
not clear. To better understand if participants had difficulty in dealing with automation, we 
conducted the second experiment by introducing an automation expert who supported participants 
when working with Identification Automation. 
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6 Experiment 2 Results 

In this section, results from the second experiment will be presented. The second experiment was 
conducted by recruiting 14 groups of participants with two members in each group. One group was 
removed before the analysis because the experimenter observed significant deviations from the task 
during scenarios. As a reminder, the second experiment was identical to the first experiment except 
the experimenter played the automation expert COACH role in Identification Automation 
conditions. Like the first experiment section, results related to engagement metrics will be 
presented first, followed by performance metrics and mental workload results, using the identical 
statistical procedures (2 x 2 repeated measures ANOVAs and generalized eta-squared statistics).  

6.1 Engagement 

6.1.1 Percentage of Tracks Clicked by Operators 

Figure 18 shows the percentage of tracks clicked by operators in each condition. Overall, 
participants clicked on almost all tracks in Track Fusion condition and missed only a few in 
Identification Automation condition. Statistical analysis showed that participants clicked on more 
targets in the Track Fusion condition compared to the Identification Automation condition, F(1,12) 
= 16.45, p = .002, η2

G = .42, a result also observed in the first experiment. Unlike the first 
experiment however, there was no difference between role allocation conditions, F(1, 12) = .02, p 
= .90, η2

G = .0006. The automation level x role allocation interaction was also not significant, F(1, 
12) = .02, p = .90, η2

G = .0006. 
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Figure 18. Percentage of tracks clicked by operators.

6.1.2 Percentage of Tracks Classified by Operators

Figure 19 shows the percentage of tracks classified by operators in each condition. Overall, 
participants classified almost all targets in Track Fusion condition and missed about 46% in 
Identification Automation condition. This difference was significant, F(1, 12) = 65.84, p < .001, 
η2

G = .71. There was no significant difference between role allocation conditions, F(1, 12) = .88, p 
= .37, η2

G =  .003. The interaction effect was not significant, F(1, 12) = .03, p = .86, η2
G = .0001. 

Taken together with the percentage of tracks clicked (reported in the previous section), the results 
indicate that participants did check most of the targets in Identification Automation yet failed to 
classify almost half of them. This finding is surprising given that there was an automation expert 
as the COACH in the second experiment. The implications of these results will be discussed in the 
discussion section.
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Figure 19. Percentage of tracks classified operators.

6.2 Performance

The following sections report the results on operator and team accuracy as well as task completion 
tasks and the number of attempts operators made when classifying tracks.

6.2.1 Operator Accuracy

6.2.1.1 Total Accuracy

The operator accuracy - total is shown in Figure 20. The operator accuracy was higher in Track 
Fusion condition compared to Identification Automation condition, F(1, 12) = 77.97, p < .001, η2

G

=  ,63. No other effects were significant: F(1,12) = .14, p = .71, η2
G =  .0002 for role allocation, 

F(1, 12) = .35, p = .56, η2
G = .002 for automation level x role allocation interaction.
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Figure 20. Percentage of correctly classified tracks (of all tracks that appeared on the screen).

6.2.1.2 Accuracy for Classified Tracks

The operator accuracy for classified tracks is reported in Figure 21. Accuracies in the different 
conditions were close and there were no statistically significant differences, F(1,12) = .02, p = .89, 
η2

G = .0008 for automation level, F(1, 12) = .62, p = .45, η2
G = .005 for role allocation, and F(1, 12) 

= .71, p = .42, η2
G = .005 for automation level x role allocation interaction. Similar to the first 

experiment, when operators classified (or re-classified in Identification Automation condition), 
they performed similarly, regardless of the condition.
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Figure 21. Percentage of correctly classified tracks (of all tracks operators classified).

6.2.2 Team Accuracy

Figure 22 shows the team accuracy results. For reference, the dotted line represents base-line 
accuracy of automation. Statistical tests showed no significant effect of automation level, F(1, 12) 
= .03, p = .87, η2

G = .0008, role allocation, F(1, 12) = .67, p = .43, η2
G = .005, or automation level 

x role allocation interaction, F(1, 12) = .96, p = .35, η2
G = .009.
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Figure 22. Percentage of tracks correctly classified by the team.

6.2.3 Task Completion Time and Number of Attempts

6.2.3.1 Average Time to Correctly Classify a Track

Figure 23 shows that operators spent more time to correctly classify tracks in Identification 
Automation compared to Track Fusion condition, F(1, 12) = 17.61, p = .001, η2

G = .27.  Unlike the 
first experiment, there was no significant difference between TYPE and GEO role allocation 
conditions, F(1, 12) = .95, p = .35, η2

G = .02. The automation level x role allocation interaction was 
not significant, F(1, 12) = 1.03, p = .33, η2

G = .02.
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Figure 23. Average time operators spent to correctly classify tracks.

6.2.3.2 Average Number of Attempts to Correctly Classify a Track

The number of attempts made by operators to correctly classify each track is reported in Figure 24. 
Statistical tests showed no significant differences: F(1, 12) = 3.22, p = .10, η2

G = .09 for automation 
level, F(1, 12) = .27, p = .61, η2

G = .005 for role allocation, and F(1, 12) = 1.28, p = .28, η2
G = .02 

for automation level x role allocation interaction.
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Figure 24. Mean number of attempts to classify tracks correctly.

6.3 Mental Workload

Figure 25 shows NASA-TLX scores. Statistical analysis showed no significant differences: F(1, 12) 
= .52, p = .48, η2G = .007 for automation level, F(1, 12) = .18, p = .68, η2G = .001 for role allocation, 
and F(1, 12) = 1.35, p = .27, η2G = .02 for automation level x role allocation interaction. Average 
NASA-TLX score was 53% across conditions, indicating a medium level of mental workload.
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Figure 25. Average weighted NAXA-TLX scores for each condition.

The histogram of workload scores in Figure 26 shows more details about the range and the 
distribution of NASA-TLX scores across all conditions. The figure shows that most teams 
reported mental workload levels in the 40-70 range.

Figure 26. Histogram of NASA-TLX scores.

6.4 Discussion

The results from the second experiment were similar to the first experiment. Participants classified 
less tracks in Identification Automation condition compared to Track Fusion condition, however 
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they performed similarly when classifying a track. Overall team accuracy did not differ between 
conditions as automation was able to handle the tracks the participants missed. The COACH did 
not seem to create an improvement, as participants classified about 54 percentage of tracks in 
Identification Automation condition (In experiment 1, this percentage was about 75). To better 
understand the effects of having an automation expert in the team, we compared two experiments 
and conducted a cross-experiment analysis, which we will discuss next. 
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7 Cross-Experiment Comparison

In this section, the comparison of two experiments is reported. Since GEO and TYPE role allocation 
conditions did not show distinctly different patterns in both experiments, we collapsed the role 
allocation conditions, and conducted 2 x 2 (Experiment: Experiment 1 vs. Experiment 2; 
Automation Level: Track Fusion vs. Identification Automation) mixed ANOVAs to simplify the 
statistical model and to facilitate interpretation. While the between-subjects factor is described as 
Experiment, the difference between two experiments was the addition of the automation expert 
COACH in the second experiment (Track Fusion conditions were identical). However, the results 
are reported as a comparison between two experiments to avoid confusion. The automation level 
(collapsed over role allocation conditions) was the within-subjects factor.

7.1 Engagement

7.1.1 Percentage of Tracks Clicked by Operators

Figure 27 shows the percentage of tracks clicked by operators. Statistical analysis showed that 
participants clicked on more targets in Track Fusion condition compared to Identification 
Automation condition, F(1,24) = 32.41, p < .001, η2

G = .42. The main effect of experiment was not 
significant, F(1, 24) = 2.80, p = .11, η2

G = .05. The automation level x experiment interaction was 
not significant, F(1, 24) < .0001, p = .996, η2

G < .0001.

Figure 27. Percentage of tracks clicked by operators.
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7.1.2 Percentage of Tracks Classified by Operators

Figure 28 shows the percentage of tracks classified by operators. Overall, participants classified 
more targets in Track Fusion conditions compared to Identification Automation condition, F(1, 24) 
= 92.85, p < .001, η2

G = .66, and more targets in experiment 1 compared to experiment 2, F(1, 24) 
= 7.87, p = .01, η2

G = .14. Importantly, there was a significant automation level x experiment 
interaction, F(1, 24) = 8.89, p = .006, η2

G = .16. Post-hoc t-tests using Bonferroni correction 
revealed that in Track Fusion condition, participants correctly classified similar number of tracks 
across experiments, p = .17, however, in Identification Automation condition, participants 
classified significantly fewer tracks in experiment 2 compared to experiment 1, p = .008. This 
difference seems to be related to the presence of the automation expert and the advice given about 
the limitations of the automation, as this was the only difference between experiment 1 and 
experiment 2.

Figure 28. Percentage of tracks classified operators.

To further investigate these results, Figure 29 shows the distribution of classification percentages 
in Identification Automation conditions across two experiments (26 scenarios per experiment). The 
figure shows that there is an overall increase in the percentage of tracks classified by operators in 
experiment 1 compared to experiment 2. In experiment 1, participants classified more than 80% of 
the tracks in 18 scenarios (out of 26) whereas this number is only 5 (out of 26) in experiment 2. 
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Figure 29. Histogram of percentage of tracks classified by operators in each scenario in 
Identification Automation condition across two experiments.

7.2 Performance

The following sections report the results on operator and team accuracy as well as average time to 
correctly classify tracks and the number of attempts operators made when classifying tracks.

7.2.1 Operator Accuracy

7.2.1.1 Total Accuracy 

As shown in Figure 30, operator accuracy was higher in Track Fusion condition compared to 
Identification Automation condition, F(1, 24) = 76.71, p < .001, η2

G = .53. The effect of experiment 
was not significant, F(1, 24) = 1.34, p = .26, η2

G =  .04. However, there was a significant automation 
level x experiment interaction, F(1, 24) = 10.70, p = .003, η2

G = .13. Post-hoc t-tests using a 
Bonferroni correction showed that in Track Fusion condition, participants correctly classified 
similar number of tracks across experiments, p = .14, however, in Identification Automation 
condition, participants classified fewer tracks correctly in experiment 2 compared to experiment 1, 
p = .032.
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Figure 30. Percentage of correctly classified tracks (of all tracks that appeared on the screen).

7.2.1.2 Accuracy for Classified Tracks
As shown in Figure 31 the accuracy for classified tracks in the different conditions and across 
experiments is similar and there is no statistically significant difference, F(1, 24) = .12, p =  .74, 
η2

G = .002 for automation level, F(1, 24) = 2.06, p = .16, η2
G = .04 for experiment, and F(1, 24) 

= .009, p = .93, η2
G = .0001 for automation level x experiment interaction. These results indicate 

that the presence of the automation expert in experiment 2 did not result in better re-classification 
performance.
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Figure 31. Percentage of correctly classified tracks (of all tracks operators classified).

7.2.2 Team Accuracy

Figure 32 shows the team accuracy results. The dotted line represents base-line accuracy of 
automation. Overall, statistical tests showed no significant effect of automation level, F(1, 24) = 
.88, p = .36, η2

G = .01, experiment, F(1, 24) = 1.50, p = .23, η2
G = .04, and automation level x 

experiment interaction, F(1, 24) = 1.31, p = .26, η2
G = .02.
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Figure 32. Percentage of tracks correctly classified by the team.

7.2.3 Task Completion Time and Number of Attempts

7.2.3.1 Average Time to Correctly Classify a Track

Figure 33 shows that operators spent more time to correctly classify tracks in Identification 
Automation compared to Track Fusion condition, F(1, 24) = 31.19, p < .001, η2

G = .34. There was 
also a significant experiment effect, F(1, 24) = 6.70, p = .016, η2

G = .14. Participants were faster in 
classifying tracks in experiment 2 compared to experiment 1. The interaction effect was not 
significant, F(1, 24) = 1.38, p = .25, η2

G = .02.
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Figure 33. Average time operators spent to correctly classify tracks.

7.2.3.2 Average Number of Attempts to Correctly Classify a Track

The number of attempts made by operators to correctly classify each track is reported in Figure 34. 
Statistical tests showed that there was an experiment effect, F(1, 24) = 5.19, p = .032, η2

G = .06. On 
average, participants made less attempts to correctly classify a track in experiment 2 compared to 
experiment 1. Automation level had no significant effect, F(1, 24) = 3.55, p = .07, η2

G = .09. The 
interaction effect was not significant, F(1, 24) = .41, p =.52, η2

G = .01.
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Figure 34. Mean number of attempts to classify tracks correctly.

7.3 Mental Workload

Figure 35 shows the NASA-TLX scores. Statistical analysis showed no differences between 
automation levels, F(1, 24) = 1.57, p = .22, η2

G = .02, or experiments, F(1, 24) = .02, p = .88, η2
G = 

.0006. The interaction effect was also not significant, F(1, 24) = 1.21, p = .28, η2
G = .02.
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Figure 35. Average weighted NAXA-TLX scores for each condition.

7.4 Discussion

The results from the cross-experiment comparison showed that the experiments were comparable 
as we did not observe differences in Track Fusion conditions. However, there was a significant 
drop in the number of tracks participants classified in experiment 2 in Identification Automation 
condition, despite having the automation COACH in the team. This finding needs further 
exploration as the automation expert provided information on the limitations of automation to 
prevent over-reliance on automation. One explanation is that the automation expert's suggestions 
might have been distracting during a scenario, however mental workload results showed that 
participant did not experience increased workload. Another possibility is that perhaps 
participants were confused about how the automation classified tracks and took longer to decode 
whether the automation's classifications were accurate. However, results on average time to 
correctly classify tracks rules this out as participants did not spend more time to correctly classify 
tracks in experiment 2. Certainly, these results are unexpected and need further investigation. 
Analyzing the strategies participants used might address whether or not the additional 
information on automation influenced how participants approached the task and measuring 
attitudes towards automation (e.g. trust) can help explain the automation complacency.
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8 Limitations, Recommendations and Conclusion 

In this section, we will discuss the limitations of the work, provide recommendations for future 
research and conclude the report.  

8.1 Limitations 
This work had several limitations. First, the participants were university students, and therefore 
the task and the simulator had to be simple enough for collecting data efficiently from this 
population. This resulted in the simulator representing a simpler version of the picture 
compilation task. However, the results regarding how automation level affects performance 
should still be applicable, to an extent, in real world situations. 
 
Second, the Identification Automation used in the experiment had 63% accuracy. As reported in 
Qin et al., 2017, the literature suggests that team performance increases if the automation has 
sufficiently high reliability. The relatively low accuracy of the Identification Automation might 
have contributed to the decreased operator performance observed in the experiments.  
 
Finally, the simulator did not have a history functionality where the participants could see the 
history of tracks (e.g. when/if it was re-classified, what the previous classification was, and when 
it occurred). This might have created an additional memory task in the Identification Automation 
scenarios. While mental workload scores were similar across automation levels, participants 
might have used a specific strategy in Identification Automation scenarios and limited themselves 
to classifying fewer tracks in order to maintain an acceptable level of workload. A further 
investigation using a simulator with a built-in history functionality is needed to address these 
hypotheses. 

8.2 Recommendations 
Based on the two experiments presented in this report, the following recommendations were 
made for future work:  

 Future research should consider increasing automation reliability and ideally investigate 
team performance using different levels of automation reliability. 

 Future research should incorporate history functionality and other means (e.g. UI 
changes) to support operators in distinguishing between the actions taken by the 
automation and the actions taken by humans. 

 Future research should also measure trust in automation and participants’ mental models 
to better understand and explain the differences in human performance under different 
automation levels. 

 The results from two experiments showed that while automation can support teams in 
overall performance (i.e. team accuracy), it can also degrade human performance 
significantly. Therefore, automated systems should be very carefully implemented in the 
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real world. Before introducing automation to team environment, extensive testing should 
be done. 

 Training on automation capabilities should be considered carefully. The results from the 
second experiment indicated that providing technical information about automation 
during the task may result in poorer human performance. 

8.3 Conclusion 

In this report, we presented an investigation of the impact of automation on crew performance in a 
picture compilation task. Based on the ideas developed in a previous report, two studies were 
conducted in a simulated maritime environment. The studies explored two levels of automation, 
Track Fusion (lower level) and Identification Automation (higher level), and two crew 
configurations, Geography-based and Warfare domain-based. Overall findings suggested that 
crews in the high automation condition did not perform as well as crews in the low automation 
condition. Further, no patterns were observed regarding crew configuration. To better understand 
the performance drop in high automation, the second study introduced an automation coach to 
support the crew when interacting with automation. The results showed similar patterns as in the 
first study, and the automation coach did not improve crew performance in high automation 
condition. These studies highlight the importance of risks when higher level, more capable 
automation is introduced to teams. Moreover, these findings suggest that more research is needed 
to understand and reduce automation related risks such as complacency or confusion before these 
systems are implemented in RCN.  
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9 Appendix A: Pilot Study Results 

We ran two rounds of pilot study to improve upon the experiment design prior to conducting a full-
scale experiment. The first round was conducted with a team of two members on this research 
project (Internal Group). The second round was performed by two external participant teams that 
were recruited from the University of Waterloo student population (External Group). Each group 
went through the training session and four formal scenarios. The training materials and procedures 
were slightly different across three groups, as the experiment design was still in progress. The 
scenarios and the main picture compilation task performed by the participants, however, have been 
finalized at the time of running the pilot study. SA, perceived workload and teamwork measures 
are not reported as these measures were not finalized. The internal group completed their sessions 
on March 1, 2018. The two external groups attended the pilot study on March 21, 2018 and March 
26, 2018, respectively. The following results were generated by the data analysis tool we developed. 

9.1 Appendix A: Internal Group Performance 

An aggregated summary of classification accuracy by the end of scenarios is presented in Table 10. 
Figure 36 to 39 show progressive performance throughout each scenario. The X axis of the figures 
is the timeline starting from the beginning of the scenario until the end (unit: minute). The Y axis 
shows percentage of tracks classified or correctly classified, depending on the measure.  

The overall pattern observed was the team achieved a higher accuracy rate with the identification 
automation than with the track fusion automation. When participants allocated their roles 
geographically in the battlespace (west to the own ship or east to the own ship, as in GEO 
scenarios), the accuracy rate was lower than in the TYPE scenarios which reflect the current 
operation room setup.  

Table 8. Summary of Internal Group Final Performance. 

Condition 
 

Participant 
 

Identification 
Automation 

Participant-
Automation 

Team 

Data Fusion 
Capability 

Role 
Allocation 

Scheme 

Classified Correctly 
Classified 

Classified Correctly 
Classified 

Correctly 
Classified 

Track fusion GEO 91.2% 64.7% - - 64.7% 

Track fusion TYPE 96.8% 67.7% - - 67.7% 

Identification 
automation 

GEO 69.7% 45.5% 30.3% 24.2% 69.7% 
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Identification 
automation

TYPE 86.7% 60.0% 13.3% 13.3% 73.3%

Figure 36. Internal Group Performance – track fusion automation & GEO.
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Figure 37. Internal Group Performance – track fusion automation & TYPE.
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Figure 38. Internal Group Performance – identification automation & GEO.
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Figure 39. Internal Group Performance – identification automation & TYPE.

9.2 Appendix A: External Group 1 Performance

Data from the first external group showed a similar pattern in the team performance between GEO 
and TYPE scenarios but only with identification automation.

Table 9. Summary of External Group 1 Final Performance.

Condition Participant Identification 
Automation

Participant-
Automation 

Team

Data Fusion 
Capability

Role 
Allocation 

Scheme

Classified Correctly 
Classified

Classified Correctly 
Classified

Correctly 
Classified

Track fusion GEO 96.8% 67.7% - - 67.7%
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Track fusion TYPE 96.8% 71.0% - - 71.0%

Identification 
automation

GEO 48.5% 36.4% 51.5% 33.3% 69.7%

Identification 
automation

TYPE 60.0% 26.7% 40.0% 33.3% 60.0%

Figure 40. External Group 1 Performance – track fusion automation & GEO.
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Figure 41. External Group 1 Performance – track fusion automation & TYPE.
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Figure 42. External Group 1 Performance – identification automation & TYPE.
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Figure 43. External Group 1 Performance – identification automation & GEO.

9.3 Appendix A: External Group 2 Performance

The second external group performed better with the TYPE scenarios than with the GEO scenarios, 
which is consistent with the results of the internal group. In the first scenario (track fusion with 
GEO) participants experienced severe track trailing issues and performed worse. We have 
improved the design of that particular scenario and implemented better methods for dealing with 
such issues in data analysis. 

Table 10. Summary of External Group 1 Final Performance.

Condition Participant Identification 
Automation

Participant-
Automation 

Team

Data Fusion 
Capability

Role 
Allocation 

Scheme

Classified Correctly 
Classified

Classified Correctly 
Classified

Correctly 
Classified
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Track fusion GEO

68.0%

32.0% - - 32.0%

Track fusion TYPE 100% 70.0% - - 70.0%

Identification 
automation

GEO 70.0% 30.0% 30.0% 23.3% 53.3%

Identification 
automation

TYPE 73.3% 46.7% 26.7% 23.3% 70.0%

Figure 44. External Group 2 Performance – track fusion automation & GEO.
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Figure 45. External Group 2 Performance – track fusion automation & TYPE.
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Figure 46. External Group 2 Performance – identification automation & TYPE.
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Figure 47. External Group 2 Performance – identification automation & GEO. 
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List of symbols/abbreviations/acronyms/initialisms  

DRDC Defence Research & Development Canada 

NASA-TLX NASA Task Load Index 

SA Situation Awareness 

HCM Halifax Class Modernization 

RCN Royal Canadian Navy 

GEO Role Allocation by Geographical Location 

TYPE Role Allocation by Contact Type 
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