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Abstract

Mature Urban Air Mobility (UAM) operations will require operators to manage multiple
uncrewed and increasingly autonomous aircraft simultaneously. Operators will supervise
automated operations rather than directly control individual aircraft, with monitoring as
their primary task. Exploring this operational paradigm, we conducted a study to un-
derstand the effects of interruptions and set size (i.e., number of vehicles) on operators’
situation awareness. In this study, participants performed a multi-vehicle monitoring task
while eye movements were recorded. Eye tracking data were filtered and processed, and
various metrics were computed to characterize and better understand eye gaze behavior of
operators during multi-vehicle monitoring. The present analyses primarily tested set-size
effects on eye tracking metrics but also explored the efficacy of using gaze entropy metrics
to assess monitoring performance. Results indicated relationships between gaze entropy
metrics and set size. Additionally, the findings suggest that the multi-vehicle monitoring
task can be treated as a multiple identity tracking (MIT) task rather than a multiple ob-
ject tracking (MOT) task. This exploratory research provides valuable insights for future
research focused on developing passive performance metrics for multi-vehicle monitoring.
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1 Introduction

In some future aviation operations, remote supervisory control of multiple vehicles is ex-
pected to become the central responsibility for human operators, with monitoring serving
as their main task. The primary purpose of the current study was to examine how inter-
ruptions affect an operator’s ability to maintain situation awareness during multi-vehicle
monitoring. However, the purpose of the current paper is to analyze data from this study
to explore the broader potential of using eye tracking to understand monitoring behavior.
Specifically, we ultimately seek to develop non-invasive methods for quantifying monitoring
performance that can be computed in real-time. As a first step, we examined how par-
ticipants approached the task in terms of eye gaze behavior to better inform performance
metrics. This analysis is a critical step toward developing gaze-based metrics for quantifying
and characterizing monitoring performance. Consequently, this paper centers on character-
izing and analyzing the eye gaze behavior participants demonstrated during a multi-vehicle
monitoring task.

1.1 Operational Context

Advanced Air Mobility (AAM) encompasses various emerging aviation applications, such
as Urban Air Mobility (UAM; e.g., air taxis), which aim to transport both passengers
and cargo in areas under-served or un-served by current aviation operations (see National
Academies of Sciences, Engineering, and Medicine, 2020). Certain AAM applications may
adopt an m:N operational model, in which a smaller number of human operators (m)
remotely oversee a larger number of increasingly autonomous aircraft (N ; Aubuchon et al.,
2022). Them:N paradigm builds on the multi-vehicle operational concept, which posits that
a single individual can manage multiple vehicles simultaneously (cf. Lewis, 2013). Mature
UAM operations will depend on multi-vehicle (m:N ) frameworks as a crucial factor for
scalability (Patterson et al., 2021). As operations become increasingly autonomous, human
interactions with vehicles will shift toward supervisory roles (National Research Council,
2014), with monitoring as the operator’s primary task. This emphasizes the pressing need
to define performance metrics for monitoring.

1.2 MOT/MIT and Monitoring in Multi-Vehicle (m:N ) Operations

The literature on multiple object tracking (MOT; Pylyshyn & Storm, 1988) and multiple
identity tracking (MIT; Horowitz et al., 2007; Oksama & Hyönä, 2004, 2008) tasks is
highly relevant to monitoring in multi-vehicle operations. Although similar, MOT and
MIT tasks have key differences. In MOT tasks, observers track a set of visually identical
objects (e.g., four identical black circles). In contrast, MIT tasks require observers to track
different objects, each with a unique identity. This necessitates binding and updating both
identity and location information for the objects. These bindings are maintained through
overt, serial attention shifts, as evidenced by gaze location shifts to sample the tracked
objects. Evidence suggests that the cognitive systems used for tracking position and identity
are distinct (Oksama & Hyönä, 2016). Both MOT and MIT are associated with specific
phenomena and effects of task parameters on eye gaze behavior.

The task performed by participants in the current study was not explicitly framed
as an MIT task. However, the multi-vehicle monitoring task shared enough similarities
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with MIT tasks—such as requiring participants to track both the location and dynamic
values of multiple objects moving on a display over time—to infer that the phenomena
and effects associated with MIT tasks would emerge. This paper focuses on gathering
evidence to explore that possibility in detail. Although previous studies have examined
air traffic control-type tasks through the theoretical framework of MIT (e.g., Buck, 2019;
Hope, 2009; Hope et al., 2010; Nalbandian & Rantanen, 2015), this study is distinct due to
its task complexity and ecological sensitivity in relation to anticipated multi-vehicle UAM
operations.

1.3 Eye Tracking

Eye tracking is a well-studied physiological measurement that monitors the position and
movement of the eyes, providing insights into visual attention, cognitive processes, and
neurological health (Anastasio et al., 2022; Buswell, 1935). In aviation, eye tracking has
been used to inform recommendations aimed at improving safety and performance, including
analyzing pilots’ gaze patterns to detect fatigue, workload, and situation awareness (see
Peißl et al., 2018). Similarly, in uncrewed aircraft system (UAS) operations, eye tracking
has been widely used to assess operator mental workload (Russo et al., 2025) and also as an
innovative control method (Yang et al., 2024). For visual monitoring tasks, gaze data offers
significant potential as a non-invasive method for inferring insights about the operator,
enabling researchers to explore mechanisms for “closing the loop” between humans and the
automation they monitor (Belardinelli, 2024).

Eyes perform saccadic movements to fixate on relevant regions, enabling high-resolution
sampling of visual information (Guerrasio et al., 2010). Fixation behavior reflects both in-
ternal (top-down) and external (bottom-up) factors, with interactions between perceptual,
cognitive, and motor processes (Corbetta & Shulman, 2002; Gordon et al., 2019; Wickens
et al., 2022). Derivatives from raw eye tracking data provide insights into internal cog-
nitive and neural processes as well as the external environment (Mahanama et al., 2022).
Commonly used metrics include fixation duration, saccadic velocity, and blink frequency.
Quantifying area of interest (AOI) metrics, such as the number of times an object is re-
visited or transitions between objects, provides a broader understanding of gaze behavior
(Ponsoda et al., 1995). Additionally, gaze complexity metrics have been useful for analyz-
ing behavioral patterns (Krejtz et al., 2015; Schieber & Gilland, 2008). In this study, we
primarily focused on the subset of metrics most relevant to MIT tasks, as defined by prior
literature, but we also explored complementary metrics to deepen our characterization.

1.4 Current Study

We conducted an experiment investigating the effects of interruptions and set size (i.e.,
number of vehicles) on operators’ situation awareness (Endsley, 1995b). Situation awareness
was operationalized using the Situation Awareness Global Assessment Technique (SAGAT;
Endsley, 1995a), which served as the primary performance metric for the monitoring task.
The task configuration and associated display were designed to reflect anticipated realistic
scenarios that a remote operator might encounter during future UAM operations. Another
goal of the experiment, and the focal point of this paper, was to capture and analyze
operators’ eye gaze behavior during their primary monitoring task. This paper presents an
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analysis of the eye tracking data, emphasizing how various eye tracking metrics differ across
the independent variables, particularly the number of vehicles being monitored. Metrics
were selected based on precedent MIT literature and emerging gaze entropy measures. We
summarize the results, discuss their alignment with prior MIT research, and outline future
research directions to extend these findings.

2 Method

2.1 Participants

Thirty-five commercial pilots, private pilots, and/or Part 107 certificate holders (i.e., drone
pilots) were recruited for the study (33 men, 2 women; mean age = 44.1 years). However,
only 18 participants (all men; mean age = 47.0 years) had sufficiently high-quality eye
tracking data to be included in the current analyses (see Section 2.3.1). Participants were
compensated $350 for participating in the study. This study was approved by NASA’s
Institutional Review Board (STUDY00000796). Informed consent was obtained from each
participant.

2.2 Experimental Tasks

Participants engaged in a simulated multi-vehicle monitoring task, acting as supervisors
for electric vertical takeoff and landing (eVTOL) vehicles operating along predefined flight
paths across five distinct maps (Dothan, Greensboro, Knoxville, Pittsburgh, and Syracuse).
Scenarios involved two or four vehicles traveling between vertiports (i.e., takeoff and landing
areas; see Figure 1), and participants were tasked with maintaining situation awareness of
vehicle position, operational metrics (e.g., groundspeed, battery percentage, altitude, wind
direction, wind speed), and environmental factors (e.g., proximity to noise abatement areas).
Vehicle operations were presented as pre-recorded videos of the MPATH (Measuring Per-
formance for Autonomy Teaming with Humans) Ground Control Station (Politowicz et al.,
2023) display showing simulated flight operations. Pauses were introduced at specified in-
tervals for SAGAT queries. All participant interactions were performed using a mouse, and
the experimental setup was designed to approximate realistic future supervisory control en-
vironments. At experimentally derived intervals (see Section 2.4), participants experienced
interruptions in the form of a visuo-spatial n-back task, which required them to identify
whether the spatial location of a stimulus matched the location of a stimulus presented three
trials prior (Hockey & Geffen, 2004). This introduced cognitive demands designed to sim-
ulate interruptions that might occur in actual operational environments. Throughout the
task, eye tracking data were collected to analyze gaze behavior associated with monitoring
performance.

2.3 Eye Tracking

The eye tracking data were acquired using Tobii Pro Spark eye trackers. Data were streamed
and written to a file at 60 Hz using custom Python software that was built with the PyGaze
library (Dalmaijer et al., 2014). Raw eye gaze coordinates were provided in screen coor-
dinates of a 1080×1920-pixel display and were written to files locally with microsecond
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Figure 1. Snapshot of a 4-vehicle scenario (Greensboro). Vehicles are displayed as
directional icons on top of their full routes, each with an adjacent text box containing state
information. Vehicle parameters, including wind behavior, were continuously updating and
displayed.

timestamps. Each eye tracker recording was initiated before each trial and began with a
calibration and a validation procedure. Both procedures involved looking at 5 dots (4 cor-
ners and the center of screen) sequentially. The validation data were written to file locally.
Due to time constraints, we limited the calibration attempts to three per trial. If the cal-
ibration was not sufficiently aligned by the third attempt (based on observed results), eye
tracking data were still recorded, but poor quality data were filtered out prior to analyses
(see Section 2.3.1).

2.3.1 Data Processing

The consistent data log for each scenario in the monitoring task (includes vehicle states,
flight path segment locations, and noise abatement area locations) was generated through
a combination of two methods: (1) unpacking the raw aircraft messages (MAVLink proto-
col) from the simulated MPATH flights that were recorded in the scenario video, and (2)
performing computer vision analysis with OpenCV (https://opencv.org/) on the scenario
video. The monitoring task logs and participant eye tracking logs were then synced for each
participant, enabling single data frames with all data of interest for the current analyses.
This allowed the research team to determine what participants were looking at through-
out the trial and to generate new videos with the eye tracking overlaid, enabling manual
verification and quality assessment.

Several AOIs were defined for the monitoring task. The AOIs included the vehicle
locations, the location of the text box associated with each vehicle, the trajectory segments,
and the noise abatement areas. Hits on AOIs were determined by identifying the AOI that
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had the largest surface area within a 50-pixel diameter of the gaze point. This method was
used to account for small systematic offsets in the recorded gaze position due to calibration
error.

There were varying amounts of noise in the eye tracking data among and within partici-
pants from trial to trial. Therefore, we performed smoothing of the eye tracking time series
with a 2nd order Savgol filter with a 5-frame window and then calculated a custom quality
score for each participant’s eye tracking data for each trial. Because the primary outcome
of the eye tracking analysis was AOI hits, we used the AOI hits to define the quality score,
Qscore, which is derived from the probabilities of various types of AOI hits during the trial.
The quality score formula is:

Qscore = pgood + pbad + punknown good + punknown bad, (1)

where each p term represents a probability associated with AOI hits weighted by their
assigned relevance to data quality. These p terms are defined as:

• pgood: Probability of “good” AOI hits (fixations on meaningful task elements), posi-
tively weighted.

pgood =

∑
aoi counts[aoi good]

len(gaze data)
(2)

• pbad: Probability of “bad” AOI hits (blinks or off-screen areas), negatively weighted.

pbad = −1×
∑

aoi counts[aoi bad]

len(gaze data)
(3)

• punknown good: Probability of “unknown good” AOI hits (ambiguous fixations), posi-
tively weighted but reduced (0.1).

punknown good = 0.1×
∑

aoi counts[aoi unknown good]

len(gaze data)
(4)

• punknown bad: Probability of “unknown bad” AOI hits (uncertain fixations in irrelevant
areas), negatively weighted but reduced (-0.1).

punknown bad = −0.1×
∑

aoi counts[aoi unknown bad]

len(gaze data)
(5)

The weighting reflects the importance of each term, where “good” hits increase the
score, “bad” hits decrease it, and “unknown” hits (i.e., ambiguous fixations) have smaller
weights. The overall quality score for each trial was calculated by summing these weighted
probabilities, with higher values indicating better quality data. Participants that had >20%
of trials with quality scores below the chosen threshold were flagged for exclusion from
further analysis. The threshold value was chosen based on our manual review of the videos
with overlaid gaze to determine a threshold that would appropriately filter subpar data for
the current analyses.
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2.3.2 Metrics

Several metrics were derived from the raw eye tracking data, most of which have been used
in the precedent MIT literature (Hyönä et al., 2019; Li et al., 2018, 2019; Oksama & Hyönä,
2016; Oksama & Hyönä, 2004, 2008). For the primary analyses, each metric was averaged
over the trial, excluding the time when there was an n-back interruption or SAGAT probe.
Data indices with poor quality (e.g., low capture quality or a blink) were removed. Note
that multiple sequential fixations on the same AOI constitute a single target visit; in such
cases, the target visit duration is the sum of the individual fixation durations.

Entropy metrics, widely used in eye-tracking analyses (Shiferaw et al., 2019a) outside of
MIT literature, were derived from AOI target visit sequences. We used transition matrices,
comprised of conditional transition probabilities between AOIs, to compute normalized gaze
transition entropy (NGTE). Stationary gaze entropy is typically computed via counts and is
referred to here as frequency-weighted normalized stationary gaze entropy (FW-NSGE). We
also included an alternative formulation, time-weighted normalized stationary gaze entropy
(TW-NSGE), to see if using durations of target visits resulted in a difference. Note that all
entropy measures were normalized for two reasons. First, we wanted to be able to compare
between set-size conditions (i.e., number of vehicles), which doubled the number of AOIs.
Second, normalization of entropy measures facilitates cross-study comparisons (Shiferaw
et al., 2019a). All metrics included in the current analysis are defined as follows:

• Fixation Rate: Total number of fixations made per second over a trial.

Fixation Rate =
Total Number of All Fixations

Total Time (s)
(6)

• Target Visit Rate: Total number of times AOIs are visited per second over a trial.

Target Visit Rate =
Total Number of AOI Target Visits

Total Time (s)
(7)

• Mean Fixation Duration: Average duration of all fixations made over a trial, in
seconds.

Fixation Duration (s) =
1

N

N∑
i=1

(End Timei − Start Timei) (8)

where N is the number of fixations, and End Timei and Start Timei are the end and
start times of the i-th fixation.

• Saccadic Velocity: Velocity of saccadic eye movements, which are rapid movements
between fixations.

Saccadic Velocity =
Distance between Fixations

Time between Fixations
(9)
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• AOI Fixation Count Proportion: Proportion of fixations that occur on AOIs
compared to the total number of all fixations made.

AOI Fixation Count Proportion =
FAOI

FAOI + FnonAOI
(10)

where FAOI is the fixation count in AOIs, and FnonAOI is the fixation count in non-
AOIs.

• Fixation Duration Ratio (AOI vs Non-AOI): Ratio of average AOI fixation
durations compared to average non-AOI fixation durations.

AOI Fixation Duration Ratio =
DAOI

DnonAOI
(11)

whereDAOI is the average AOI fixation duration, andDnonAOI is the average non-AOI
fixation duration.

• Frequency-Weighted Normalized Stationary Gaze Entropy (FW-NSGE): A
measure of the uncertainty of the distribution of target visits, computed from total
target visit counts.

FW-NSGE =

−
∑
i∈S

pi log2 pi

Hmax
(12)

where S is the set of AOIs, pi is the probability of a target visit occurring at AOIi,
and Hmax is equal to log2(number of AOIs).

• Time-Weighted Normalized Stationary Gaze Entropy (TW-NSGE): Similar
to FW-NSGE, but the difference is that probabilities are computed from sums of
target visit durations rather than total target visit counts.

TW-NSGE =

−
∑
i∈S

pi log2 pi

Hmax
(13)

where S is the set of AOIs, pi is the probability of a target visit occurring at AOIi
(as derived from sums of target visit durations), and Hmax is equal to log2(number of
AOIs).

• Normalized Gaze Transition Entropy (NGTE): A measure of the uncertainty
of gaze transitions between AOIs.

NGTE =

−
∑
i∈S

πi
∑
j∈S

pij log2 pij

Hmax
(14)

where S is the set of AOIs, πi is the stationary probability of AOIi, pij is the transition
probability from AOIi to AOIj , and Hmax is equal to log2(number of AOIs).
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We also measured the correlation between the time elapsed since the last visual fixation
on a vehicle and the magnitude of error in the reported vehicle location from the SAGAT.
The first SAGAT probe required participants to drag and drop icons representing each
vehicle to corresponding locations on the map. Location error was measured as the deviation
(in pixels) between the actual vehicle location and the dropped icon. This specific analysis
examined the relationship between gaze, memory, and vehicle positioning accuracy, which
has been explored in the MIT literature (Li et al., 2018).

2.4 Experimental Design

We employed a 2 (interruption rate: 9 or 18 interruptions per trial) × 2 (interruption
length: 14 s or 28 s) × 2 (set size: 2 vehicles or 4 vehicles) within-subjects design with a
control condition that included only the set-size manipulation without any interruptions.
The experiment consisted of 10 different scenarios, resulting in a total of 10 trials. Each
scenario/trial lasted 630 seconds. Each participant saw the exact same scenario videos.
However, the timing of interruptions was pseudo-randomly applied such that an exact set
of interruptions, for a given map, was not repeated across participants.

2.5 Procedure

Up to six participants could participate simultaneously in a single session. Upon arrival,
participants signed an informed consent form, signed a Privacy Act Notice form, and com-
pleted a demographics questionnaire prior to being briefed on the study. The participants
then completed approximately 1.5 hours of training, which included watching instructional
videos and practicing the monitoring task, SAGAT probes, and interruption task (n-back).
Once participants indicated confidence in the protocol, they were offered a break prior to
beginning data collection. Each session lasted approximately 9 hours, including a 1-hour
lunch break. At the end of the session, participants were debriefed, thanked, and dismissed.

3 Results

We used linear mixed models to assess the significance of the factors of set size (2 vehicles
vs. 4 vehicles) and presence of interruptions (control trials vs. interruption trials) on the
metrics listed in Section 2.3.2. We assessed trial order as a fixed effect to confirm that
the long study session was not inducing fatigue as a confound. The effect of trial order
was not significant across all metrics, so we removed it from the model. Additionally, we
assessed scenario as a fixed effect in case particular map layouts with vehicle trajectories
were introducing a confound. However, the effect of scenario was also not significant across
all metrics, so we removed it from the model. Participants were treated as a random effect to
account for their repeated measures. For each model, Bayes Factors (BF) were computed
by comparing the Bayesian Information Criterion (BIC) of the full model to the BIC of
reduced models, each with an excluded individual fixed effect (Raftery, 1995).

We confidently rejected the null hypothesis of a factor’s non-significance (i.e., we rejected
a factor’s contribution as irrelevant) if both of the following were true:

1. The 95% confidence intervals of the parameter estimate for a factor with p < 0.05
excluded zero; and
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2. The Bayes Factor for that factor was greater than 1 (BF > 1), constituting evidence
for the full model over the reduced model.

For BF > 1 (i.e., evidence for the full model over the reduced model), we adopted the
following qualitative interpretation for strength of evidence from Jeffreys (1961; see Wetzels
et al., 2011): BF 1−3 constitutes anecdotal evidence, BF 3−10 constitutes substantial evi-
dence, BF 10−30 constitutes strong evidence, BF 30−100 constitutes very strong evidence,
and BF > 100 constitutes decisive evidence. As Bayes Factors grow extraordinarily high
(as was the result for several effects in this study), the likelihood that the reduced model
is superior to the full model becomes infinitesimally small. Note that BF < 1 constitutes
evidence for the reduced model over the full model.

The primary task involved maintaining situation awareness of 2 or 4 vehicles, depending
on the scenario. This task required constant scanning of each vehicle’s position and heading
(vehicle icon), state information (adjacent text box), as well as the projected flight path
and noise abatement areas. Figure 2 displays the fixation time spent on each AOI as a
percentage of total fixation time for the 2- and 4-vehicle conditions.

The statistical results from the metric analyses mixed models and BF calculations are
provided in Table 1. Every metric analyzed had a significant effect of set size (number
of vehicles) except saccadic velocity. Fixation rate, target visit rate, and mean fixation
duration were the only three metrics to show a significant effect of interruption with a BF
> 1. Fixation rate and target visit rate increased when there were interruptions, whereas
the mean fixation duration decreased.

Figure 3 provides a visualization of the results for set size, as this was the primary term
of interest (and had BF > 500 in most instances). The plots depict the individual data
points (color coded by participant) encased by a violin plot to provide distribution context.
The white line that extends across the violin plot is the calculated mean of the distribution.

Fixation rate and target visit rate increased from 2 to 4 vehicles, whereas the mean
fixation duration decreased from 2 to 4 vehicles. Counts and mean durations of fixations
made on AOIs, relative to fixations on non-AOIs, increased from 2 to 4 vehicles. Neither
factor had a significant effect on saccadic velocity. Both the FW-NSGE and TW-NSGE
increased substantially from 2 to 4 vehicles. The NGTE decreased from 2 to 4 vehicles.

The relationship between time since last fixation on a vehicle icon and accuracy of vehicle
location identification was significantly positive, r = .11, p < .001 (see Figure 4). The weak
positive slope suggests that the location error increased slightly as more time elapsed since
the participant last viewed the vehicle icon AOI.
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Figure 2. Percent fixation time spent on AOIs for the 2- and 4-vehicle condi-
tions. Values are calculated as a percentage of total fixation time. Error bars represent
standard deviations. V1 = Vehicle 1; V2 = Vehicle 2; V3 = Vehicle 3; V4 = Vehicle 4;
abatement/abate = the noise abatement area associated with a specific vehicle’s flight path;
path = the specific vehicle’s indicated flight path drawn on the map; position/pos = the
drone icon associated with a specific vehicle; text = the black data tag associated with a
specific vehicle. (See Figure 1 for depiction of AOIs.)
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Table 1. Statistical results for eye tracking metrics.

Bayes
Factor Coef.

Std.
Error z p [ 0.025 0.975 ]

Fixation Rate

Intercept NaN 3.299 0.076 43.296 0.000 3.150 3.449

set-size 4[T.True] 552.133 0.159 0.037 4.343 0.000 0.087 0.231

interruption[T.True] 1.115 0.107 0.046 2.342 0.019 0.018 0.197

Target Visit Rate

Intercept NaN 1.635 0.071 22.925 0.000 1.495 1.774

set-size 4[T.True] 7.37E+25 0.499 0.036 13.744 0.000 0.428 0.570

interruption[T.True] 1250.890 0.206 0.045 4.547 0.000 0.117 0.296

Mean Fixation Duration

Intercept NaN 0.273 0.006 45.099 0.000 0.261 0.284

set-size 4[T.True] 6307.390 -0.015 0.003 -4.940 0.000 -0.021 -0.009

interruption[T.True] 2.111 -0.010 0.004 -2.610 0.009 -0.018 -0.003

Saccadic Velocity

Intercept NaN 56.547 2.191 25.812 0.000 52.253 60.841

set-size 4[T.True] 0.237 -2.232 1.467 -1.522 0.128 -5.108 0.643

interruption[T.True] 0.477 -3.550 1.836 -1.934 0.053 -7.149 0.048

AOI Fixation Count Proportion

Intercept NaN 0.863 0.012 74.750 0.000 0.840 0.886

set-size 4[T.True] 2.68E+06 0.041 0.007 6.227 0.000 0.028 0.054

interruption[T.True] 0.107 -0.007 0.008 -0.843 0.399 -0.023 0.009

Fixation Duration Ratio (AOI vs Non-AOI)

Intercept NaN 1.332 0.060 22.049 0.000 1.214 1.451

set-size 4[T.True] 8.698 0.118 0.038 3.127 0.002 0.044 0.192

interruption[T.True] 0.707 -0.100 0.047 -2.131 0.033 -0.192 -0.008

Frequency-Weighted Normalized Stationary Gaze Entropy (FW-NSGE)

Intercept NaN 0.714 0.004 174.531 0.000 0.706 0.722

set-size 4[T.True] 1.11E+149 0.230 0.002 102.532 0.000 0.225 0.234

interruption[T.True] 0.346 0.005 0.003 1.756 0.079 -0.001 0.010

Time-Weighted Normalized Stationary Gaze Entropy (TW-NSGE)

Intercept NaN 0.638 0.011 59.708 0.000 0.617 0.659

set-size 4[T.True] 2.56E+95 0.238 0.005 49.036 0.000 0.228 0.247

interruption[T.True] 0.720 0.013 0.006 2.141 0.032 0.001 0.025

Normalized Gaze Transition Entropy (NGTE)

Intercept NaN 0.728 0.009 85.225 0.000 0.712 0.745

set-size 4[T.True] 1.50E+10 -0.046 0.006 -7.828 0.000 -0.057 -0.034

interruption[T.True] 0.081 0.003 0.007 0.388 0.698 -0.011 0.017

Note. Linear mixed models assessed the effects of set size and interruption on each metric. Rows are bold
where Bayes Factor > 1 and 95% confidence intervals exclude zero. Fixed effect terms are dummy coded
such that *term*[T.True] is the “treatment group.” The coefficient for this term corresponds to the expected
change in the metric in question, where the intercept coefficient is effectively the expected measured value
of the metric in the reference condition (in this case, a set size of 2 vehicles and no interruptions).
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Figure 3. Eye tracking metric results. Violin plots are shown for all eye tracking
metrics except saccadic velocity, which was not statistically significant (see Section 2.3.2).
For each plot, horizontal white line depicts the mean, dots depict individual trials, and
colors depict participants. The x-axis labels apply vertically to all plots.
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Figure 4. Correlation between last fixation and location error. This plot depicts
the relationship between time since last fixation on a vehicle icon and accuracy of vehicle
location identification. The red line is the linear regression between the two variables, with
r and p displayed in the top left of the figure. The red banding corresponds to the 95%
confidence interval.

4 Discussion

4.1 Metrics with Known Relevance to Multiple Identity Tracking

Based on our results, the multi-vehicle monitoring task was likely treated as an MIT task
(rather than an MOT task) by the participants, which is reflected in the eye tracking metrics
(see Table 2). Both fixation rates and target visit rates increased with set size, consistent
with findings from Oksama and Hyönä (2008). This suggests that operators increase their
sample rate as the number of AOIs they need to sample grows. Consistent with Oksama and
Hyönä (2016), mean fixation duration decreased with a larger set size, suggesting that more
frequent sampling is necessary as the number of AOIs increases. The fixation duration ratio
(AOI vs non-AOI) metric results aligned with previous findings (Li et al., 2018; Oksama
& Hyönä, 2016) showing that operators spent more time and made more frequent fixations
on AOIs compared to non-AOIs, with this effect becoming more pronounced as set size
increased.

The only analysis that did not support treating the monitoring task as an MIT task,
based on precedent literature, was the correlation between the recency of target fixation
and location error. The relationship was positive, as expected, but its strength was notably
weaker compared to previous findings (Li et al., 2018). A plausible explanation for this
result is that the constant visibility of the complete flight path likely accounts for much
of the observed correlation. In studies where this correlation was stronger, there was no
visible flight path. Additionally, the speed of all vehicle icons across scenarios was relatively
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Table 2. Summary of eye tracking metrics, results, and MIT support.

Metric Result
Supported

MIT?

Fixation Rate Higher set-size increased fixation rate. ✓

Target Visit Rate Set-size increased target visit rate. ✓

Mean Fixation Duration Higher set-size reduced fixation durations. ✓

AOI Fixation Count
Proportion

More fixations on AOIs than non-AOIs. ✓

Fixation Duration Ratio
(AOI vs Non-AOI)

AOI fixations were longer than non-AOI. ✓

Recency of Target Fixation /
Tracking Accuracy

Small correlation between target fixation and accuracy. ×

Saccadic Velocity Set-size and condition affected MSV. ?

NGTE Higher set-size decreased NGTE. ?

FW-NSGE and TW-NSGE Higher set-size increased FW-NSGE and TW-NSGE. ?

Note. The results highlight the significant findings in support of the multi-vehicle monitoring task being
treated as an MIT task. The green check marks suggest positive support; the red “x” suggests insufficient
support; and the “?” suggests that support of MIT is unclear due to insufficient body of work.

slow and consistent, such that vehicle icon locations changed very little even over extended
periods. Displacement per second, a metric shown to predict location error (Hope, 2009),
was minimal in this context. Therefore, operators could reasonably extrapolate a vehicle’s
location based on its constant speed and the known flight path, even without having recently
fixated on the vehicle.

Gaze behavior metrics derived from the eye tracking data provide sufficient evidence
to support treating the multi-vehicle (m:N ) monitoring performed by participants as an
MIT task. Thus, it is reasonable to expect the findings to translate more broadly to other
multi-vehicle monitoring tasks. If these findings do generalize, the MIT literature can be
used to guide the design of task configurations, processes, and corresponding displays. For
example, evidence suggests that fixation duration and fixation rate have lower bounds rela-
tive to set size (Oksama & Hyönä, 2016), which may impact monitoring tasks by potentially
creating bottlenecks in performance. This effect appears to result from set size increasing
the demands of an MIT task, such that the trade-off between sampling rate and observation
time that observers may employ can no longer be exploited, leading to a precipitous decline
in tracking accuracy (Moray, 1984).

Interestingly, the effect of interruption increased both fixation and target visit rates,
and decreased mean fixation duration. This pattern suggests that interruptions prompted
participants to better exploit the trade-off between sampling rate and observation. Specif-
ically, in trials where interruptions occurred, participants appeared to ‘make better use of
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their time’ by sampling more frequently and for shorter durations during the periods when
they were on task. However, the effect of interruptions has not been explored in prior MIT
literature. Therefore, this finding does not provide additional support beyond the observed
set-size effects for treating the task as an MIT task.

4.2 Exploratory Metrics

In addition to the metrics discussed in Section 4.1, we examined the lower-level metric of
saccadic velocity, as well as the higher-order metrics of NGTE, TW-NSGE, and FW-NSGE.
Table 2 includes question marks next to these metrics because no prior literature provides
an a priori basis for hypotheses regarding their relevance to MIT. We found no significant
effects of set size or interruptions on saccadic velocity. However, all of the entropy metrics
showed significant effects, offering intriguing insights.

We considered the possibility that saccadic velocity may be higher for the 4-vehicle
condition given that more fixations are being made, with less time being spent on each
fixation. A plausible (though simplistic) hypothesis is that individuals might attempt to
‘save time’ by shifting their gaze between targets at a faster speed, just as they ‘save
time’ by sampling AOIs more frequently and for shorter durations. However, saccadic
velocity is not easily subject to conscious control (Zuber et al., 1965), especially when
compared to factors like fixation frequency or duration. Notably, peak saccadic velocity
has been shown to be a far more sensitive metric than mean saccadic velocity for detecting
changes in task complexity (Di Stasi et al., 2013). Interestingly, there is some evidence
that peak saccadic velocity can be slightly influenced voluntarily (Muhammed et al., 2020),
unlike mean saccadic velocity. However, due to the sampling rate of the eye-tracking data,
we were unable to reliably compute peak saccadic velocity and therefore did not include
this metric. Additionally, given the relationship between saccadic velocity and saccadic
amplitude (Bahill et al., 1975; Baloh et al., 1975), any decrease in saccadic velocity observed
when transitioning from 2- to 4-vehicle scenarios would likely be attributable to a reduction
in the average distance between AOIs. In the 4-vehicle scenarios, the number of AOIs
doubles but occupies the same amount of space. This idea suggests that if the distance
traveled by saccades is generally shorter in one condition compared to another, the mean
saccadic velocity is also likely to be slower.

Set size (i.e., number of vehicles) significantly affected all entropy metrics. The effect of
set size on NGTE indicates that gaze transitions become more predictable and structured in
the higher set-size condition (4 vehicles), likely due to the increased demand of monitoring
more AOIs. These findings suggest that, as task demands increase, operators may adopt
more systematic gaze patterns to process information more efficiently, as evidenced by
the lower NGTE in the 4-vehicle condition. This observation aligns with recent research
highlighting gaze transition entropy as a critical metric in dynamic, automation-driven
workspaces (Cui et al., 2024).

There was a notable increase in TW-NSGE and FW-NSGE from the 2-vehicle condition
to the 4-vehicle condition. This suggests that operator gaze behavior became more uniform
as the number of AOIs increased. Di Stasi et al. (2016) provided evidence for an effect of
task complexity on FW-NSGE, but the study manipulated task complexity by varying the
surgical tasks performed. Thus, comparing those results to the current work is challenging,
as task complexity in Di Stasi et al. (2016) was derived by entirely changing the tasks.
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Regardless, our findings emphasize the need for further exploration of entropy metrics
in relation to task complexity. This brings to light an important consideration for future
work: determining how task complexity should be controlled to assess its impact on gaze
entropy metrics. Another essential aspect to consider is whether task complexity stems from
completely changing the task itself (e.g., different goals or tools available) or from modify-
ing specific aspects of the task (e.g., the number of elements to monitor, the information
bandwidth of the display, the level of precision required). Ultimately, understanding the
role of the source of task complexity in shaping its effect on entropy metrics remains an
open line of inquiry.

Although not explicitly analyzed, FW-NSGE appears higher than TW-NSGE. This
suggests that although operators may visit certain AOIs more frequently than others, the
disparity becomes more pronounced when viewed through the lens of duration. Specifically,
certain AOIs—such as vehicle text boxes—exhibited a disproportionately larger sum of
target visit durations on average (see Figure 2) compared to other AOIs, which supports
this interpretation.

Finally, operators may prioritize certain AOIs containing more critical information (such
as the vehicle text boxes) over others, resulting in lower TW-NSGE compared to FW-NSGE.
This prioritization could be influenced by factors such as the task, training, and operator ex-
pectations. Related work has explored this concept, such as research on the SEEV (Salience,
Effort, Expectancy, Value) model (Wickens et al., 2001; see Wickens et al., 2022).

4.3 Limitations and Considerations

This work provides valuable insights into gaze behavior in the context of monitoring multi-
vehicle operations, but it does not come without limitations and considerations. Foremost,
it is important to reiterate that eye tracking served as a secondary, exploratory component of
the study. Specifically, the experiment was not designed around any particular eye tracking
hypotheses, which limited the analyses that could be performed (e.g., time-series analysis;
see Section 4.4). Additionally, the eye tracking sampling rate (60 Hz) and data quality
(excluded data from 17 participants) also posed limitations. The sampling rate is sufficient
for basic eye tracking metrics, but it may not be sufficient for capturing higher frequency
gaze patterns like peak saccadic velocity or derivatives of pupillometry data. Future studies
could benefit from higher frequency sampling to make use of these more sensitive measures.
The loss of subject data due to poor quality most likely stems from individual differences,
as well as incompatibility between participant corrective vision prescriptions and the eye
tracking sensor. This poor data quality led to a reduction in the available sample size, which
in turn affected the statistical power of the analyses. Although significant results were still
observed, it is possible that the exclusion of participants diminished the ability to detect
additional effects, especially concerning the interaction between interruption rates and set-
size conditions. Future studies should consider ensuring compatibility between participants’
vision prescriptions and eye tracking equipment to prevent such exclusions. Future work
will benefit from addressing these limitations.
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4.4 Future Work

Although the current study provides valuable insights into gaze behavior during the moni-
toring of multi-vehicle operations, further research is needed to refine our understanding of
eye tracking metrics and their implications for complex monitoring tasks. Entropy metrics,
in particular, show strong potential for revealing how operators manage and respond to
informational demands in monitoring tasks through gaze behavior. These metrics should
be examined both independently and together, as Shiferaw et al. (2019a) suggest: “Because
they measure different aspects of visual scanning, concurrent evaluation of gaze transition
entropy and stationary gaze entropy measures may provide a more complete assessment of
gaze behavior” (p. 358).

Limited research has examined operators’ gaze behavior in relation to informational
demands within the context of MIT. However, evidence suggests that operators may, per-
haps unconsciously, attempt to “optimally sample” display elements based on informational
demands (Oksama & Hyönä, 2016). However, this work was limited to location-identity
bindings of targets only, and informational demand was operationalized as the frequency
with which objects simultaneously changed both speed and direction. A compelling argu-
ment posits that displacement over time may be a better way to operationalize informational
demand. However, the study supporting this approach notes that the objects being tracked
were moving faster—measured in visual angle per second—than what is typical in most
multi-vehicle monitoring tasks (Hope, 2009). Thus, we propose that future research on eye
tracking during MIT tasks should consider using displacement over time, rather than speed
or direction change frequency, in combination with low object speeds. This approach would
enhance the ecological relevance of the study to multi-vehicle monitoring tasks and allow
for more precise modulation of informational demand.

The potential relationship between task dynamics and entropy metrics over time merits
further exploration. Specifically, we recognized that these metrics lend themselves to being
structured as a time series rather than a single value that characterizes an entire scenario.
A comprehensive review of entropy metrics and their applications supports this perspective:
“The spatial distribution of information changes over time in fully dynamic stimuli. In such
cases, calculating entropy rate per a given time bin (depending on the rate of change in
the stimuli) may better account for associated changes in visual scanning” (Shiferaw et al.,
2019a, p. 363). This approach allows for more nuanced examination of gaze behavior over
time, particularly when considering the dynamism of monitoring moving vehicles.

A key step in this direction is quantification of the information bandwidth (IBW), a
measure of informational demand (or output) of display elements, as a proxy metric for
the overall dynamism of a scenario. This concept is similar to the value and expectancy
parameters in the SEEV model (Wickens et al., 2022), in which the value of the infor-
mation being presented and the expectation of new information appearing both influence
visual attention allocation. We developed an exploratory calculation of IBW that checked
for significant changes in various system parameters (e.g., battery percentage, altitude, air-
speed, groundspeed, heading) over time. This approach used thresholds for each parameter
to track cumulative changes, and when the cumulative change exceeded a set threshold, a
“flag” was triggered marking a notable change. This tracking was done for each system
parameter, and the overall IBW value was the sum of the individual system parameter
IBW values. Figure 5 displays a time series representation of IBW along with gaze entropy
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Figure 5. Time series data for information bandwidth and entropy. Overall IBW
(for each vehicle in a 2-vehicle scenario), TW-NSGE, and NGTE are displayed over time.
The gaze entropy lines depict data from all participants during the same 2-vehicle scenario.
The x-axis is in units of time windows that were used for calculating the variables (30-second
windows with 2-second steps). Bands correspond to 95% confidence intervals.

metrics (TW-NSGE and NGTE). The figure provides insight into potential patterns and
relationships that are not immediately apparent in static statistical models. However, due
to the absence of control over some experimental variables (e.g., IBW) and the applied
nature of the current study, further work is needed to effectively establish relationships
over time. Additionally, further refinement of the IBW calculation is necessary to more
accurately reflect the relative magnitude of an operator’s perceived value and expectation
of specific information on the display.

Ultimately, a deeper understanding of typical gaze behavior is necessary for envisioned
multi-vehicle monitoring tasks, particularly with varying task parameters and atypical op-
erator states. Additionally, the potential of using entropy metrics (i.e., NGTE, FW-NSGE,
and TW-NSGE) as robust metrics for capturing gaze behavior warrants further exploration.
Future research should pursue a deeper examination of the meaning and applicability of
these metrics as tools for measuring performance during monitoring tasks. Given previ-
ous literature demonstrating the potential efficacy of stationary gaze entropy for inferring
change detection (Radun et al., 2017), entropy metrics could potentially be applied to tasks
where monitoring is a prerequisite, such as detection or supervisory control tasks. Further-
more, entropy metrics demonstrate sensitivity to physiological state changes, such as the
consumption of exogenous substances like alcohol (Shiferaw et al., 2019b) and the onset of
fatigue (Naeeri et al., 2022), which could significantly impact performance in monitoring or
related tasks.
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By addressing the limitations of the current study and refining our approach in future
studies, we aim to provide a more robust understanding of how gaze metrics like entropy
can inform the design of systems that support multi-vehicle monitoring tasks with safety
and efficiency in mind.

5 Conclusion

We conducted a study in which commercial pilots, private pilots, and Part 107 certificate
holders (i.e., drone pilots) performed a multi-vehicle monitoring task. Eye tracking data
were collected during the experiment and then filtered, processed, and used to compute
various metrics. These metrics included lower-level metrics such as fixations and target visits
per second, mean fixation duration, AOI fixation count proportion, and fixation duration
ratio (AOI vs non-AOI). The metrics were compared to findings from precedent MIT
literature to evaluate whether multi-vehicle monitoring tasks could be considered analogous
to MIT tasks.

We argue that our results provide sufficient evidence to support this claim, as all ob-
served effects (except for a single analysis that fell outside the primary focus of the study)
aligned with findings in precedent MIT literature. We also conducted several additional
analyses using metrics that have not been explicitly examined in the context of MIT tasks,
including higher-level gaze metrics such as NGTE and FW-NSGE/TW-NSGE. The purpose
of these analyses was to identify potential set-size or interruption effects on these metrics.
Set-size effects were observed for all gaze entropy metrics. We connected our findings to
precedent literature on the various applications of gaze entropy metrics and identified a
promising opportunity to use these metrics as real-time performance measures for multi-
vehicle monitoring tasks, potentially in combination with some of the lower-level metrics
analyzed in this study. In doing so, we have provided insights into expected gaze behavior
in MIT tasks, particularly concerning the task parameter of set size, which can be leveraged
within the multi-vehicle operational space.

We offered a basic example of a promising future research avenue, along with additional
suggestions for potential directions. Ultimately, this work has made considerable progress
toward using gaze behavior metrics derived from eye tracking data as passive performance
measures for multi-vehicle monitoring.
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