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ABSTRACT

As beyond visual line of sight (BVLOS) drone operations become increasingly
important, operational autonomy becomes critical for supporting operator decision-
making during emergencies. Understanding how operators process geographical
information and allocate attention is critical for designing effective interface and
training. Our previous study (Maeng et al., 2024) examined behavioural patterns
during emergency scenarios with different map types and instruction conditions.
Forty participants completed four emergency scenarios. This study investigates gaze
transition entropy (GTE) and stationary gaze entropy (SGE) using the same dataset,
to deepen understanding of attention allocation during beyond visual line of sight
(BVLOS) operations. While GTE and SGE showed no significant differences across
conditions, gaze transition probabilities from AOI1 (FPV camera) to AOI2 (GCS) and
from AOI2 to AOI1 differed significantly across scenarios (F(3, 108) = 4.68, p = .004).
The results indicate that emergency characteristics, particularly the characteristics of
obstacle visibility, fundamentally affect operator attention strategies, and can inform
the development of risk assessment frameworks and training protocols.
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INTRODUCTION

With the progress of drone technologies, drones have been actively used
in various fields, and both their applications and operational areas are
expanding. In existing drone operation, flights have mainly been conducted
in spaces where humans cannot enter, or in unmanned areas or areas with
small populations due to safety problems, but the role of drones is also
becoming important in the use of reconnaissance and delivery in urban area
(Vidovic¢ et al., 2024). Additionally, with the increasing trend in the number
and impact of natural disasters, drones can be an innovative solution for
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rapid emergency response in areas such as information collection, delivery,
and communication network recovery (Yucesoy et al., 2025).

Drone operation in the urban area is mainly assumed to be beyond visual
line of sight (BVLOS), which will be the key feature of the next generation
of drone operations. As drones are operated in increasingly complex and
populated situations and environments including BVLOS operations, the role
of human operators and the level of automation and autonomy becomes
critical in ensuring safe operations (FAA, 2022).

The Aviation Rulemaking Committee (ARC) developed Automated Flight
Rules (AFR) for UAS BVLOS operations that ensures UAS operators realize
the dangers and the Automation Risk Matrix which classifies risk levels based
on the degree of human interface in automated flight operations (FAA, 2022).
The role of human operators is to maintain situation awareness and prevent
accidents or respond for unexpected situations based on their decision and
the degree of control differed based on the autonomy level. In the case of
highly automated operations, the control of operational risk must clearly be
assigned to a person or entity that has an authority over the flights and who is
sufficiently responsible for the outcome of their decisions. Also, their training
should be customized to the risks and autonomy of aircraft operations.

Accordingly, to provide a baseline for interface design and operator
training that enhances situation awareness through geographical
information, our previous study investigated the impact of different map
representations and geographic knowledge on drone operators’ information
processing and decision-making during BVLOS emergencies (Maeng et al.,
2024). The study employed eye-movement analysis, examining pupil
diameter, fixation counts, and fixation ratios across Areas of Interest
(AOIs) including the First-Person View (FPV) camera and Ground Control
Station (GCS) displays. The results showed that only the map type has
a significant difference in pupil diameter, and the group with geographic
knowledge and more instant geographic information by using satellite map,
showed larger pupil diameter. Moreover, this previous study implied that
the risk assessment could rely on visual identification, location fixation,
and threat predictability of obstacles. However, eye tracking analysis using
only pupil diameters and fixations could not accurately certify the exact
movement and transition of eye movements between AOlIs.

Gaze transition entropy (GTE) and stationary gaze entropy (SGE)
are the indicators of focused attention and goal-directed behaviour for
understanding information processing with eye movement data (Krejtz et al.,
2015). GTE measures how systematically or randomly gaze moves between
displays or information sources (AOIs). SGE indicates the uncertainty about
the distribution of AOIs on which gaze is focused over a given time. Low GTE
with high SGE indicates systematic exploration where predictable scanning
patterns eventually cover all AOIs uniformly, suggesting efficient information
gathering. Low GTE with low SGE reveals focused examination where
predictable eye movements concentrate repeatedly on specific preferred
locations. High GTE with high SGE suggests random, scattered attention
across all regions without consistent strategy, potentially indicating high
cognitive load or uncertainty.
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In the study of Moacdieh et al., the effects of workload and
workload transitions on attention allocation and performance in a dual-
task environment were investigated using eye tracking, and GTE and SGE
were proven to be particularly sensitive to workload changes and can be
useful indicators (Moacdieh et al., 2020). Also, GTE and SGE analyses
demonstrated that gaze entropy can provide new insights into resource
allocation in multitasking environments by summarizing spatial distribution
and the predictability of attentional shifts between AOIs (Cui et al., 2024).
Gaze entropy analysis demonstrated that it can be used to infer attentional
strategies and cognitive states of users in automation design.

Therefore, in the current study, GTE and SGE were analysed to better
understand cognitive information processing using the same dataset. Based
on the previous findings, we hypothesized that (1) map type affects GTE and
SGE; (2) the absence of geographical information instruction does not affect
GTE and SGE; (3) scenario affects GTE, SGE, and gaze transition probability.

METHODOLOGY

The data collected from the 40 participants (M = 24.6, SD = 5.55)
were divided into four groups with two between-subjects factors: whether
geographic instructions were provided beforehand, and map type (Road
or Satellite). They completed four scenarios with various emergency
occurrences: a bird approaching (S1), a flock of birds on the route (S2),
sudden strong wind (S3), and a fire in a building on the route (S4) (see
Figure 1).

Instructi Abird Interview Flock of Interview Interview F Final
nstruction, ir Break ock o Break ] Break ire on ina
Training | Approach birds St(rigiﬁ')”d building | Interview
(25 min) (10 min) (10 min) (10 min) | (10 min) (10 min) (10 min) (10 min)
*‘:ﬂ-—

Figure 1: Schedule and the scenarios for the experiment.

The participants signed an informed consent form that included questions
about their proficiency in controlling drones and their familiar with the
location used in the experiment. After each scenario, participants were
interviewed and given a break. An ethical approval was obtained from the
ethics committee of the Institute of Systems and Information Engineering,
University of Tsukuba (Approval number: 2022R706R).

A drone simulator built using Unreal Engine 4 and PX4 software modules,
QGroundControl, and the AirSim engine was developed and used for the
experiment (see Figure 2). A 3D map of the Akihabara area was added to
the Unreal Engine project to simulate a drone flying over a populated area
in a BVLOS operation. The information of the map, units, vehicle status and
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flight plan functions were provided through the QGroundControl, which is
the GCS application. A Xbox joystick controller was used for flight control,
and participants used the controller to intervene in autonomous flight control
based on the operator’s decision-making.

2 Eye Tracking
Laptop—
|

Unreal Engine with Airsim

b ."A.‘;- .‘ .- .
L. 5 IF QerolindControl

Figure 2: The structure of drone simulator apps and experiment environment with
simulator, eye tracker and cameras (Maeng et al., 2024).

A Tobii Pro Nano eye tracker was used to record eye movements during
the simulation. The eye movements including fixations and saccades were
recorded.

The details of the experiment can be founding in Maeng et al. (2024).

ANALYSING THE RESULTS: GTE, SGE AND AOI TRANSITIONS

The fixation data were logged and categorized as either AOI 1 (FPV) or AOI 2
(GCS) based on the X-axis value on the screen with the boundary set at 745.7
pixels from the left (see Figure 3).

Figure 3: AOI1(FPV) and AOI2(GCS) during the drone operation simulation.
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The equations for GTE and SGE are shown in Equations (1) and (2),
respectively (Krejtz et al., 2015). H; measures the predictability of eye
movement transitions between AOI, with constant transition probabilities
pij and stationary probabilities 7;, where i and j are indices identifying the
source and destination AOIs respectively (i, j € {1, 2}); a value 0 indicates
completely predictable transitions where gaze always moves to the same AOI.
H; measures how evenly attention is distributed across AOIs over time.

Hy=—=>"7 ) pijlog, pij (1)
i j
H, = —Znilogz T (2)

GTE AND SGE ANALYSIS

Results showed that GTE and SGE were not significantly varied across map
types, geographic instruction, and scenarios (see Table 1). GTE slightly lower
in S2 and the group with instructions and satellite map showed highest
GTE and the group without instructions and road map showed lowest
GTE (see Figure 4). These GTE results suggest that when processing both
immediate visual information and prior geographic knowledge, their eye
movements become more random and less predictable, suggesting higher
cognitive workload.

Table 1: ANOVA results for GTE and SGE measures.

Source GTE SGE

df F P Effect df F P Effect
Scene 3,108 1.85 .140 ns 3,108 1.38 .252 ns
Instruction 1, 36 223 138 s 1, 36 0.45 .503 ns
Map 1, 36 0.29 .592 ns 1, 36 2.54 113 ns
Scene x 3,108 0.61 .611 ns 3,108 0.38 .769 ns
Instruction
Scene x Map 3,108 0.69 .557 ns 3,108 0.34 .794 ns
Instruction x 1, 36 1.01 .317 ns 1, 36 0.44 .508 s
Map
Scene x 3,108 0.75 .525 ns 3,108 0.25 .864 ns
Instruction x
Map

The SGE results suggest that especially the S3 with no visualized obstacle
(wind) resulted in lower SGE, suggesting that their focus remained on a
specific AOI: the FPV screen (see Figure 5). This is because, there was less
need to move the focus to GCS to decide the next movement. The group with
prior instructions shows higher SGE.
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Figure 4: The graph of GTE across four scenarios (S1-S4) and groups: N = no
instruction; Y = with instruction; road = road map type; sat = satellite map type. Error
bars represent standard deviations.
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Figure 5: The graph of SGE across four scenarios (S1-S4) and groups: N = no
instruction; Y = with instruction; road = road map type; sat = satellite map type. Error
bars represent standard deviations.

AOI Gaze Transition Probability

Although the GTE and SGE showed no significant relationship between
scenarios, gaze transition probabilities from AOI 1 (FPV) to AOI 2 (GCS)
and from AOI 2 to AOI 1 showed significant difference across scenarios (see
Table 2, F(3,108) = 4.68, p = .004**, respectively). S1 and S4 showed high
transition probability from AOI1 to AOI2 (see Figure 6). In contrast, S2 had
a low probability. On the other hands, the transition probability from AOI2
to AOI1 is shown higher in the S2.

It can be the result strongly supports that the characteristics of emergency
factors could affect the level of risk and cognitive load suggested in previous
studies. These findings reinforce the need for detailed risk assessment
classification, particularly based on the nature of the emergency situation
and, in particular, the visual characteristics of the threat.

Table 2: The result of ANOVA of AOI transition by scenarios.

Measure df f P-Value Effect
AOI1-1 3,108 0.29 .831 ns
AOI1-2 3,108 4.68 .004 o
AOI2-1 3,108 4.68 .004

AOI2-2 3,108 2.58 .056 ns




2182

Maeng and Itoh

From

From

S1
1.0
§' 0.99238 0.00762 0.8
0.6
- 0.4
§ 0.01476 0.98524
-0.2
' - 0.0
AQIL AOI2
To
S3
1.0
§ 0.99363 0.00637 08
0.6
- 04
3 0.01457 0.98543 s
] - 0.0

AOIL

AOI2

To

From

0.99422 0.00578

AOIL

0.01535 0.98465

AOI2

AOIL AOI2

1.0

0.8

0.99258 0.00742

AOIL

0.6

- 0.4

0.01460 0.98540

AOI2

-0.2

- 0.0

To

Figure 6: The gaze transition probability matrices of AOI transition across scenarios.

There was no significant relationship across map types or instruction

conditions. However, it was possible to confirm that the transition from AOI1
to AOI2 was slightly higher in the group with instruction. The transition
probability from AOI2 to AOI1, the group with instruction using satellite
map type shows higher than other groups (see Figure 7).
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Figure 7: The gaze transition probability matrices of AOI transition by groups.



Effects of Threat Visibility and Geographic Knowledge on Attention Allocation 2183

DISCUSSION

Our previous study demonstrated that map type significantly affected
pupil diameter and suggested that risk assessment should relies on visual
identification, location fixation, and threat predictability of obstacles (Maeng
et al., 2024). Building on these findings, we hypothesized that: (1) map type
affects GTE and SGE, (2) the absence of geographical instruction does not
affect GTE and SGE, and (3) scenario characteristics affect GTE, SGE, and
gaze transition probability.

The current study reinforces these findings by revealing that gaze transition
patterns between AOIs differ significantly across emergency scenarios.

The current study partially supports these hypotheses. While GTE and
SGE showed no significant differences across map types (rejecting Hypothesis
(1)) or instruction conditions (supporting Hypothesis (2)), gaze transition
patterns between AOIs differed significantly across emergency scenarios
(supporting Hypothesis (3)). Specifically, S1 and S4, which involved
visualized obstacles (bird approach and building fire) higher transition
probability between different AOIs, on the other hands, S2 with a flock
of birds, where the threat dynamically spread across a wide range, showed
lower transition probability. This can be inferred to result from differences in
the predictability of the visual obstacles’ subsequent movements. In cases a
single small bird rushed forward, or smoke rose from a fixed location, their
subsequent movements were not difficult to predict and could be avoided
with a small detour. Therefore, participants likely had time to search for
the detour direction or landing locations on the GCS map (AOI2) while
monitoring the current situation (AOI1). However, in the case of a flock
of birds, the size was large, and the random movements of individual birds
required constant observation, leaving relatively short time to shift gaze to
the GCS side. This confirms that the characteristics of emergency factors,
specifically their visibility and predictability, affect operators’ cognitive
processing and attention allocation strategies.

Beyond previous findings, although interpretation requires caution given
the non-significant statistical differences, gaze entropy analysis provides
potential insights into operator attention allocation strategies. S2 appeared
to show a pattern resembling low GTE with high SGE, which may suggest
systematic exploration behavior, though this tendency could also result from
temporary gaze concentration on the dispersed bird flock. The low GTE
with low SGE pattern observed in S3 (wind as a non-visualized obstacle)
appears to indicate that operators maintained focused attention on the FPV
screen when threats lacked visual cues. In contrast, a pattern of high GTE
with high SGE was notable in the group using satellite maps with prior
geographical instructions, which also showed larger pupil diameters in our
previous study (Maeng et al., 2024). This may suggest that processing both
immediate visual information and prior geographic knowledge increases eye
movement randomness, potentially leading to higher cognitive load and
increased demands when integrating multiple information sources during
decision-making.
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While requiring further validation, these patterns point out the need
for more comprehensive risk assessment frameworks that consider obstacle
characteristics. The Specific Operations Risk Assessment (SORA) by JARUS
provides detailed guidelines for ground and air risk classes yet lacks specific
guidance for sudden aerial obstacles (JARUS, 2024a; 2024b; 2024c).
Similarly, Banerjee et al’s study presented a framework for real-time
monitoring of obstacle collision risk under abnormal conditions such as
component failure, control degradation, and environmental disturbances.
Banerjee et al.’s study contributed to ensure safe operation of autonomous
unmanned aerial vehicles (UAVs) during BVLOS flights in low-altitude
airspace (Banerjee et al., 2021). However, their framework did not
specifically address how visual factors of obstacles, such as visibility,
predictability, and dynamic behavior, affect operator attention and decision-
making processes.

Therefore, the findings in this study have important implications for
operational risk assessment frameworks. The significant differences in gaze
transition patterns across emergency scenarios emphasize the need for
risk classification systems that account for aerial obstacle characteristics,
particularly visibility, predictability, mobility, range, and potential cascading
impacts. The findings suggest that training protocols and interface designs
should be coordinated for various potential obstacle types. visualized
threats with predictable movements may benefit from interfaces supporting
rapid information integration across displays or background knowledge
of geographic information through solid training, while unpredictable
or non-visualized threats may require enhanced instrument readings and
environmental indicators to maintain sustained situational awareness.

CONCLUSION

This study investigated operator attention allocation during BVLOS drone
operations by analysing gaze transition entropy (GTE), stationary gaze
entropy (SGE), and transition probabilities between the FPV camera view
and GCS display across different emergency scenarios. Building on previous
research that identified the effect of map types and geographic knowledge
in operator decision-making, this study revealed that the characteristics
of emergency factors, particularly the characteristics of obstacle visibility,
significantly influence gaze transition patterns between information sources.

There are two main findings. First, emergency scenario characteristics
significantly affect attention allocation strategies. Gaze transition
probabilities differed significantly across scenarios. Scenarios with
predictable visualized obstacles (bird approach, building fire) showed
higher FPV-to-GCS transitions, while unpredictable threats (bird flock)
showed lower FPV-to-GCS but higher GCS-to-FPV transitions. Second,
gaze entropy metrics provide complementary insights when combined with
transition probability analysis. While GTE and SGE showed no significant
differences, transition probabilities revealed nuanced attention strategies.
Integrating retained knowledge and immediate visual information increased
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eye movement randomness, particularly with satellite maps and prior
instructions.

These findings emphasize the need for risk classification systems based on
obstacle visibility, predictability, and spatial dynamics. Training protocols
and interface designs should be tailored based on visibility of threats and the
ability for integrating the information across displays and knowledge rapidly.

Just two AOI structure (FPV and GCS) used in this study may have
limited the sensitivity of entropy measures. Future research should explore
more granular AOI definitions, segmenting the GCS into specific functional
areas to capture finer-grained attention patterns. Furthermore, by examining
the temporal evolution of gaze entropy within a scenario and linking
entropy patterns to decision quality and response time, the validity of these
metrics as performance predictors could be validated. Finally, extending this
research to real-world operational situations and various emergency types
will strengthen the validity of our findings.
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