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Abstract—Visual detection failures are a critical challenge in
air traffic control (ATC), where undetected alerts can compromise
operational safety and decision-making. Previous studies have
primarily assessed detection failures through target fixation
patterns, yet this method struggles to identify the more complex
“look-but-fail-to-see” and ‘‘see-without-looking” scenarios. This
underscores the necessity of exploring peripheral vision mecha-
nisms, where dynamic tracking trajectories could better capture
the scope of visual attention. Therefore, this study proposes a
classification framework for visual detection by integrating pe-
ripheral vision tracking and human attentional states, including
detection failures such as peripheral vision neglect and look-
but-fail-to-see errors. A hierarchical detection failure recognition
framework specific to the ATC settings is further developed
and validated through an ATC simulation experiment. The
framework first employs an Adaptive Symbolic Alert Detection
method to identify and annotate ATC-specific alert regions with
spatiotemporal uncertainty (achieving 95.24% precision), fol-
lowed by LLM-based evaluation of operators’ visual attention to
these regions to intelligently assign classification labels. Addition-
ally, we introduce a fixation coordinate-sensitive multi-domain
feature set that captures spatiotemporal and frequency-domain
characteristics across detection types, achieving 93.13% four-
class classification accuracy, outperforming traditional feature
sets (83.69 %) and both single- and dual-domain features (ranging
from 76.82% to 90.11% accuracy). These findings demonstrate
that our framework effectively captures a broader and structured
range of visual detection failures, providing critical insights to
improve the reliability of alert detection in ATC and the design
of an intelligent human-centered ATC support system.

Index Terms—Visual detection, peripheral vision, look-but-fail-
to-see error, eye movements, air traffic control.

I. INTRODUCTION

ONFLICT detection and resolution are vital tasks for
air traffic controllers (ATCOs) [1]. With increasing air
traffic density and the advancement of automation technology,
controllers are required to monitor multiple digital displays
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[2]. This can lead to visual attention overload and detection
failures of potential conflicts, with perceptual failures being
the most common [3], [4]. Shorrock’s study, which included
interviews with 28 UK area controllers and a review of 48
loss of separation incidents over three years, found that visual
perceptual failures (e.g., no visual or late visual detection)
accounted for nearly 70% of all perceptual errors [3]. In
2022, the U.S. Federal Aviation Administration reported 1732
runway incursions that were probably caused by detection
failures to critical visual cues. It was reported that ATCOs fail
to report around 40% of alarms, and 70% fail to detect critical
stimuli on runways [5], [6]. Furthermore, detection failures
account for 50% of failures in safety risk perception [7].
Since visual detection failures are an unavoidable byproduct
of human behavior in dynamic contexts, it is critical to
promptly and accurately identify these failures, as ATCOs are
responsible for thousands of lives.

When evaluating visual detection failures, many studies
rely on target fixations to measure whether an individual
has detected the target [8]. For instance, when examining
visual field defects, inattentional blindness (IB)—the failure
to detect unexpected but salient stimuli in the visual field—is
the most frequently observed visual detection failure [8], [9].
The conventional criterion for IB is the absence of gaze on
the stimulus [10], [11]. However, not fixating on a target does
not necessarily mean it was not noticed [12]. This approach
overlooks more complex scenarios, such as “look-but-fail-to-
see” errors and “see-without-looking” phenomena—cases that
reflect distinct attentional mechanisms. “Look-but-fail-to-see”
errors occur when an individual fixates on a stimulus but fails
to cognitively process its existence, resulting in no response
[13]. This can be attributed to over-attention to a specific
cognitive task, leading to a lack of situational awareness of
unexpected stimuli despite direct visual engagement [14], [15].
On the other hand, “see-without-looking” describes a situation
where a stimulus is detected despite the absence of direct
fixation, primarily driven by covert attention and peripheral
vision processing [16], [17]. This phenomenon is known as
pre-attentive or automatic detection, where peripheral vision
facilitates the unconscious processing of unexpected stimuli
and triggers reflexive responses [18], [19]. Neurophysiological
evidence further supports this mechanism, revealing distinct
brain responses when peripheral stimuli are detected without
direct foveal fixation [12]. Considering the above two complex
scenarios would provide a deeper understanding of detection
failures in visual tasks, particularly in high-stakes operational
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environments such as ATC.

Therefore, this study aims to propose a novel peripheral
vision-aware visual detection classification to recognize in-
volved detection failures. This classification encompasses two
aspects: the gaze status on the stimulus and the individual’s
corresponding behavioral response. Specifically, when the gaze
is directed at a target, a lack of response in this context sug-
gests a “look but fail to see” error [2], while a corresponding
response denotes “effective detection” [20]. Conversely, if the
gaze is not directed at the target but a correct response occurs,
it implies “pre-attentive detection” via peripheral vision [12].
Failure to respond without gaze indicates “peripheral vision
neglect”” Despite this categorization, the understanding of
the visual properties underlying these four detection types is
limited, and no empirical data are available to support these
distinctions and accurately recognize the involved detection
failures.

Accurately recognizing the four different visual detection
types via peripheral vision-aware visual detection classifica-
tion in an ATC environment presents significant challenges.
On the one hand, a major challenge is the inherent spa-
tiotemporal uncertainty of alerts in dynamic natural scenes.
This uncertainty complicates the detection of alerts and the
verification of whether a controller’s gaze has landed on
them. For instance, controllers must monitor various dynamic
displays, such as radar and auxiliary displays, for weather
and airport information [2]. On the primary radar display,
each aircraft is represented by a blip and a label containing
information like callsign, flight level, and destination code,
with short-term conflict alerts causing the label to turn red
[3]. The spatiotemporal uncertainty of alert positions and
timings makes it impractical to use traditional pre-defined
Areas of Interest (AOIs) to determine if a controller’s gaze
has landed on an alert [21]. Thus, eye-tracking object detection
approaches using YOLO (You Only Look Once) were recently
proposed in [22] and [23], but they have limitations. While
the YOLO system is pre-trained to recognize common objects
such as vehicles and animals, the ATC radar interface is unique
and not composed of typical physical entities, requiring a more
tailored alert recognition method [3]. Additionally, verifying
whether a controller’s gaze has landed on the alert after alert
detection remains time-consuming and prone to human error.
In recent years, the rise of generative Al and vision-language
models like CLIP offers promising solutions for overcoming
challenges in complex scenarios, such as task-based zero-shot
transfer for distracted driver activity recognition, highlighting
their potential in intelligent behavior evaluation [24], [25].
Large Language Model (LLM) has been applied to automate
annotation tasks, particularly through natural language un-
derstanding and semantic labeling, where human verification
is combined with LLM efficiency to improve accuracy in
complex datasets [26], [27]. Inspired by this, applying the
image processing capabilities of LLMs to assess human visual
attention on alerts offers a novel approach to enhancing alert
detection processes [23], [28].

On the other hand, whether gaze trajectory can adequately
reflect peripheral vision processing has not been explored [29].
Traditional eye-tracking features like blink rate, pupil size,

and fixation duration, while extensively used to assess visual
attention in the central visual field [30]-[32], tend to oversim-
plify the complexities of human visual processing, especially
regarding peripheral awareness [33]. Peripheral vision plays a
critical role in detecting stimuli outside the direct line of sight,
relying on broader visual tracking mechanisms that require
different visual strategies, such as scanning movements and
subconscious tracking, which are not reflected in traditional
eye-tracking features [16], [18], [34]. These broader patterns
may involve rhythmic scanning and temporal shifts critical
for detecting peripheral stimuli. As indicated in [35], features
integrating graph theory provide a more precise interpreta-
tion of the visual tracking dynamics. Although meeting the
prerequisite of a graph neural network is challenging due
to non-coinciding fixations in visual trajectories, its concept
inspires us to fully explore the multi-layer information of
visual trajectories. For instance, by employing spatial analysis,
Fourier transform, and time-variant autocorrelation—methods
that span multiple levels of signal processing, from spatial
distribution to frequency analysis and temporal dynamics—we
can uncover novel multidimensional embedding features [36],
[37].

To address the aforementioned challenges, this paper pro-
poses a hierarchical peripheral vision-aware detection failure
recognition framework to assess human attentional states to-
ward ATC-specific alerts. By automating the recognition of
detection failures, the proposed framework can be integrated
into air traffic management systems to provide effective feed-
back on controller attention states. This capability not only
improves the reliability of alert detection in ATC, but also
establishes a foundation for the development of an intelligent,
human-centered ATC support system. The contributions of this
study are summarized as follows:

1. This paper proposes a visual detection classification that
accounts for peripheral vision tracking and human cognitive
states and further develops a hierarchical framework specific to
the ATC context to recognize the proposed detection failures.
Validated through an ATC simulation experiment, the frame-
work illustrates distinct visual tracking patterns across four
detection categories, highlighting the diversity and systematic
nature of detection failures and providing critical insights for
improving alert detection performance.

2. This paper introduces an Adaptive Symbolic Alert De-
tection method to assess location-specific alerts on ATC radar
interfaces. This innovative method utilizes color segmentation,
morphological transformations, and text interpretation to ac-
curately identify and annotate alerts, adapting to the dynamic
and time-sensitive nature of alerts in the air traffic monitoring
system.

3. Addressing the challenge of time-consuming and error-
prone manual labeling of visual attention to alerts, this study
demonstrates the potential of GPT-4V with LLM to ascertain
controllers’ visual attention engagement with alerts, offering
a more efficient and intelligent approach to alert detection
assessment, enhancing convenience and reliability in air traffic
monitoring and accident prevention.

4. A novel fixation coordinate-sensitive multi-domain fea-
ture set is developed, analyzing gaze trajectories across spatial,
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frequency, and time domains. These features outperform tra-
ditional ones in recognizing peripheral vision-aware detection
failures and adapting to the ATC system through diverse
parameter configurations, improving safety and efficiency in
transportation management.

This paper is organized as follows. In Section II, the
experimental setup is outlined. The proposed methodology is
explained in Section III. The results are detailed in Section
IV, and the discussions are presented in Section V. Finally,
the conclusions are provided in Section VI.

II. EXPERIMENTAL SETUP
A. Participants

This study evaluated the hierarchical framework via an
ATC simulation at the Hong Kong Polytechnic University
with 38 participants (age M = 23 yr, SD = 13.60, Max
= 38 yr, Min = 19 yr), including 27 pre-professionals with
ATC qualification certificates and 11 members from VATSIM
(Virtual Air Traffic Simulation Network) Hong Kong, a global
online community for realistic ATC simulation, all with over 1
year of simulated ATC training and simulated ATC experience,
ensuring ATC proficiency and consistency. All participants
had normal or corrected-to-normal vision. To ensure data
security, all visual data in ATC simulation experiment were
anonymized, with only relevant segments (e.g., eye movement
trajectories and specific alert regions) processed by GPT-4V.
Participants provided informed consent, and the study was
approved by the IRB (HSEARS20211117002), adhering to
ethical standards and guidelines.

B. Apparatus

In this study’s methodological framework, a desktop com-
puter with a 27-inch monitor (1920*1080 pixels) was paired
with a Gazepoint 3 (GP3) eye-tracker to collect detailed eye
movement data, as shown in Fig. 1. The eye-tracker software
operates on a separate laptop connected to the monitor via
HDMI. The GP3, an integrated desktop eye-tracking system,
records various eye movement metrics at a sampling rate of
60 Hz, using binocular tracking within an operating distance
of 50 cm to 80 cm from the monitor. The system’s spatial
accuracy ranges from 0.5° to 1° of visual angle, with a spatial
resolution of 0.1° RMS. Calibration was performed using a
9-point method, with successful calibration requiring accurate
fixation on each point. Calibration was checked regularly, and
recalibration was performed if discrepancies were detected.
Additionally, EEG data was collected using a synchronized
headset to support future gaze-neural correlation analyses in
ATC detection failures, with pre-experiment comfort assess-
ments confirming no significant discomfort and ensuring data
quality [38], [39].

C. Experiment procedures

The experimental procedure was designed to simulate the
complex environment characteristic of ATC operations. The
experimental interface, depicted in Fig. 2, comprises a radar-
map interface from the Euroscope platform and a simplified
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Fig. 1: Experimental setup showing a 27-inch monitor
(1920%1080 pixels) paired with a Gazepoint 3 eye-tracker,
recording eye movements data.
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Fig. 2: Experimental interface for the ATC multi-tasking
scenario, featuring a radar-map display from the Euroscope
platform (center and left) and a simplified weather interface
(upper right), with blue gaze trajectories recorded by an eye
tracker overlaid on the user interface.

weather interface, as informed by prior work on ATC hu-
man factors [3]. Participants engaged in a 40-minute multi-
tasking scenario, managing the safe arrival of 17 aircraft,
each requiring specific descent and approach instructions. This
scenario encompassed radar surveillance, issuing clearances,
weather monitoring, and radiotelephony communication with
a pre-arranged pseudo-pilot, an experienced ATC professional
who simulated realistic flight scenarios to create an immersive
operational environment [3]. Additionally, the scenario incor-
porated randomly appearing aircraft, termed fly-over flights,
crossing the radar airspace—a common feature in real ATC
operations. These flights, while not requiring direct partici-
pant intervention, increased cognitive load by necessitating
sustained situational awareness in a busy airspace. Overall, the
experimental duration was designed to simulate the sustained
cognitive load experienced in practical ATC operations while
ensuring sufficient data collection for robust analysis. It aligns
with similar studies, such as [40], which employed around
40-minute simulated driving tasks to simulate high-stress
environments and collect robust data.
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During each 40-minute ATC simulation session, a minimum
of 13 alerts per participant (M= 16, SD= 2) were randomly
triggered, with additional alerts varying based on the simula-
tion’s evolving traffic conditions, to simulate comprehensive
unpredictability of alert presentation and operational demands
in multitasking conditions, aligning with previous studies (e.g.,
[41] used probabilistic alerts; [42] employed variable alert
scenarios). The distribution of alerts across participants is de-
tailed in Appendix A. Post-experiment feedback validated the
design’s workload appropriateness, with participants reporting
a workload of 5-7 on a 1-9 scale, indicating a challenging
yet manageable cognitive demand. Throughout each 40-minute
session, a total of 13 pre-programmed alerts were randomly
triggered to evaluate participants’ ability to detect and respond
to sudden visual stimuli amidst concurrent tasks. Each alert,
defined as a single data point, lasted 5 seconds and appeared
individually at random intervals and locations. These alerts
were initiated by the pseudo-pilot, who randomly selected
one fly-over flight to simulate an emergency by activating the
7700-emergency squawk code—an ATC standard for distress
signals [43]. These brief, attention-grabbing signals, illustrated
in Fig. 3, caused the label of an aircraft to turn red, indicating
potential conflicts. This approach ensured that the timing
and location of each alert were unpredictable, reflecting the
dynamic and complex nature of real-world ATC operations.
Participants were instructed to monitor these alerts periph-
erally while focusing on their primary tasks. Upon noticing
an alert, they were required to press the “A” key, providing
a measurable indicator of their attentional engagement. This
setup ensured a dynamic assessment of attention allocation
under realistic, unpredictable conditions. Additionally, based
on the current control situation, they could engage with the
pseudo-pilot of the alerted aircraft, inquiring about flight
intentions to assess priority levels and ensure air traffic safety.
The alerts automatically resolved after 5 seconds, preventing
additional cognitive load from interfering with their ongoing
multi-tasking responsibilities.

In our experiment, we focused on the radar display as the
primary information source due to its critical role in ATCOs’
workflow. Radar alerts, such as those triggered by aircraft
proximity violations, are the most immediate and high-priority
tasks for controllers [44], [45]. We examined responses to
single radar alerts, a rare but critical aspect of ATC operations
[46]. This aligns with prior research on isolating critical events
to identify distinct visual and behavioral patterns [43], [44],
aiming to establish a foundational understanding of detection
failures and their eye-tracking characteristics.

D. Gaze data collection

In this study, gaze data were collected within a 7-second
window following the onset of each pre-programmed alert,
comprising a 5-second alert presentation duration and a 2-
second post-alert response buffer. This 5-second alert duration
ensures consistent reaction times [47], while also optimizing
response effectiveness in emergencies as noted by [48]. How-
ever, in multitasking scenarios, the process from perceiving
an alert to responding often involves attentional allocation or

Fig. 3: Example of a pre-programmed alert on the radar
interface, showing a red aircraft label indicating a potential
conflict during a 40-minute ATC simulation.

task-switching demands, resulting in a temporal lag, which
necessitates the 2-second response buffer to capture delayed
responses. This buffer, further supported by [49], accounts
for residual attention processing, as controllers may require
additional time to process and respond. As a result, the 7-
second window comprehensively captures the complete gaze-
behavior sequence, enabling accurate detection and response
assessment in alignment with our framework for classifying
detection failures. The timeline of this process is illustrated
in Fig. 4, which depicts the 7-second window, including the
alert presentation duration, response buffer, and gaze-behavior
sequence, while highlighting potential delayed responses. Con-
sequently, each 7-second interval is treated as an individual
sample for detailed behavioral analysis.
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Fig. 4: Timeline of the 7-second gaze data collection window,
comprising a 5-second alert presentation duration and a 2-
second response buffer. The gaze-behavior sequence below
illustrates alert detection and response, highlighting potential
delayed reactions in a multitasking context.

III. METHODOLOGY

This study first classifies visual detection types by integrat-
ing peripheral vision tracking and human attentional states
derived from human fixations and behavior. A Hierarchical
Peripheral Vision-aware Detection Failures Recognition
Framework specific to ATC alerts is further developed to
recognize the proposed detection failures, as depicted in Fig. 5,
and validated through an ATC simulation experiment yielding
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simulation, alert detection and annotation, LLM-based visual attention evaluation, and multi-domain feature analysis.
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empirical data. The framework comprises three phases: (1)
an Adaptive Symbolic Alert Detection method is introduced
to identify alert regions with spatiotemporal uncertainty on
the ATC radar interface; (2) a GPT-4V-powered evaluation of
visual attention engagement to alerts is employed to facilitate
labeling samples into four detection types; and (3) a Fixation
Coordinate-Sensitive Multi-Domain Feature Set is proposed
to analyze fixation dynamics to classify the four detection
types, comparing domain-specific and integrated feature per-
formance.

A. Peripheral vision-aware visual detection classification

The detection types in this study are categorized based on
a combination of gaze behavior and participant responses, as
illustrated in Fig. 6. The figure outlines a decision-making
process starting with an alert’s appearance and branching into
different outcomes based on whether the participant’s gaze was
directed at the alert and their timely response. These detection
outcomes serve as the ground truth for evaluating detection
methods, ensuring consistency and a well-defined standard for
classification tasks.

Firstly, peripheral vision processing is characterized by
the appearance of an alert within the participant’s peripheral
vision, a critical phase that determines whether the alert will
be subsequently attended to. If the participant responds to the
alert without directly gazing at it, the incident is classified
as Pre-Attentive Detection [18], [19]. This indicates that
peripheral vision was effective in detecting the alert, even
though the operator’s focus remained on other tasks, possibly
delaying their attention to the alert itself. This classification
will be essential in evaluating detection methods that lever-
age peripheral awareness, as it establishes the baseline for
identifying alerts that were recognized without direct gaze.
In contrast, Effective Detection occurs when the participant
not only shifts their gaze toward the alert but also responds
within the allotted time [20]. This suggests that the participant
visually processed and cognitively acknowledged the alert,
considering its implications for the broader radar environment
and aircraft management. The Effective Detection category
provides a critical benchmark for assessing methods designed
to ensure timely and appropriate responses to alerts, serving as
a reference point for successful alert recognition and reaction.
Another critical classification is the Look-but-Fail-to-See
(LBFTS) Error [13], [50]. This occurs when the participant’s
gaze does land on the alert, yet they fail to respond within
the designated time frame. Such an outcome indicates that
while the alert was visually perceived, it was not cognitively
processed in a manner that prompted an appropriate reaction
[17]. This error highlights a breakdown in the link between
visual attention and subsequent cognitive action. By including
LBFTS Errors in our classification, we provide crucial ground
truth for identifying situations where visual perception does
not translate into an effective response. This allows for the
analysis of cognitive processing failures in detection tasks.
Lastly, Peripheral Vision Neglect is observed when the par-
ticipant neither gazes at the alert nor responds within the time
limit, indicating a failure to detect alerts through peripheral

vision. This type is essential to assess, as peripheral vision
is crucial for detecting unexpected events and maintaining
situational awareness without direct fixation, as highlighted
in [17]. This classification will be used as ground truth to
evaluate the worst-case scenarios in detection methods, where
both visual attention and peripheral awareness fail, offering
insights into the limitations and challenges in alert detection.

Peripheral
vision processing

Alert appearance

Effective detection

Gaze on
alert?

Yes, ?@%Response? Yes,

lNo INo

Pre-attentive detection Look-but-fail-to-see error

E@% Response?

[No
Peripheral vision neglect

Fig. 6: Decision tree classifying peripheral vision-aware vi-
sual detection types (Effective Detection, Peripheral Vision
Neglect, LBFTS Error, Pre-attentive Detection) based on gaze
and response behavior in ATC alert scenarios.

B. Phase 1: Adaptive Symbolic Alert Detection Method

This study implements a robust image processing frame-
work designed to enhance the detection and annotation of
critical alerts on ATC radar interfaces. Each step in our
methodology is precisely calibrated to optimize accuracy and
efficiency, drawing from advanced computational techniques
to process images at a resolution of 512x288 pixels. The
image processing was implemented using Python 3.11, with
the following libraries employed: OpenCV (version 4.9.0.80)
for image processing tasks such as color segmentation and
morphological operations, and NumPy (version 1.23.5) for
handling array operations and matrix manipulations. Phase 1,
shown in Fig. 5, outlines the steps of the adaptive symbolic
alert detection method. The term ”Adaptive Symbolic” reflects
the method’s ability to dynamically process and integrate
various types of symbolic information—such as colors, con-
tours, and text—each representing different aspects of an alert.
By adapting to the specific characteristics of these symbolic
elements, the approach can effectively detect and annotate
alerts in a manner that is both contextually aware and highly
precise, ensuring that the system responds appropriately to the
complexity of the information it encounters.

The first stage involves effective color segmentation tech-
niques to isolate alerts based on color cues, specifically red,
commonly used in ATC systems to denote urgency. The
process begins with converting the input images to the Hue,
Saturation, Value (HSV) color space to better distinguish color
variations under different lighting conditions [51]. Specific
HSV ranges are targeted:

o Lower red range: HSV values of (0, 120, 70) to (10, 255,
255)
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o Upper red range: HSV values of (170, 120, 70) to (180,
255, 255)

These thresholds are chosen based on empirical data indicating
their effectiveness in capturing a wide spectrum of red tones
displayed on diverse ATC interface technologies. Binary masks
are then generated to identify areas of the image falling
within these red ranges, using OpenCV’s cv2.inRange ()
function.

The second stage, morphological transformations, refines
the segmented regions to ensure accurate detection. This
involves applying a series of filters:

o A closing operation with a 7x7 pixel kernel to close small
holes and connect broken regions within the alert areas,
ensuring continuity.

e An opening operation to remove minor noise points,
followed by dilation to enhance the visibility and dis-
tinctness of the contours.

These transformations are crucial in preparing the segmented
areas for precise contour detection, enabling the identification
of critical elements such as circular symbols (representing
aircraft icons), associated text labels (displaying flight infor-
mation and status), and connecting lines. The processed image
undergoes contour analysis to isolate these components, with
the Hough Line Transformation employed to detect any linear
elements connecting the symbols and labels.

The third stage, text interpretation, integrates all identified
elements into a cohesive alert region. In this step, the detected
contours and lines are merged into a single bounding rectangle
that encompasses the entire alert, including both the circular
symbols and the associated text labels. This unified region is
then annotated with "EMG” above it. The annotation serves as
a clear and precise interpretation of the alert’s nature, ensuring
that it is properly highlighted and ready for further analysis
by LLMs. This comprehensive process effectively prepares the
images to assess alert visibility and attention tracking in ATC
settings.

This method effectively segments, refines, and integrates
critical alert elements—such as aircraft icons and flight in-
formation—into a unified region. By accurately detecting and
annotating these components, the system ensures clear and
reliable identification of critical alerts, optimizing the images
for further analysis in ATC settings.

C. Phase 2: GPT-4V-powered evaluation of visual attention
engagement

This study tackles the challenge of manually verifying a
controller’s attention to alerts by utilizing GPT-4V, a visual ex-
tension of the GPT-4 model, in conjunction with LLMs. Phase
2, depicted in Fig. 5, outlines the refining summary of LLM-
powered evaluation of operators’ visual attention engagement
on alerts. Specifically, the GPT-40 model was selected for
its advanced capabilities in visual and language processing,
deemed suitable for handling the complex visual inputs typical
in ATC scenarios. The model provided a nuanced and context-
aware analysis of controllers’ visual attentional engagement
with alerts, as detailed in Algorithm 1.

Algorithm 1 Evaluating visual attention engagement using
GPT-4V
Require: Image dataset directory, OpenAl API key
Ensure: Responses are saved to an Excel file
1: Initialize variables:
2:  openai.api_key < Retrieve from environment
variable or set manually.
3:  folder_path < Path to the directory containing
images.
4:  image_paths <« List all image files in the specified
directory.
models < [‘gpt-40’].
: Define prompt for analyzing ATC images:

SAN

« Role Assignment:

Assume the role of a researcher analyzing eye
movement trajectories in ATC control tasks.

« Background:

Analyze images from a simulated ATC interface
showing various detailed information

with [’status indicators’], [’flight
information’], [’emergency alerts’],
["emergency highlighting’], [’eye movement
visualization’].

o Task Description:

Determine if eye movement trajectories focus
on areas highlighted for emergencies. Verify
the presence of blue trajectory markers within
red emergency zones, classifying observations
as ’Captured alert’ or ’'Non-captured alert’
based on their alignment.

7: Process each image using the defined models:
8: for each image_path in image_paths do

9: Convert image to base64 encoding

10: for each model in models do

11: Construct payload for API request
12: Send POST request to OpenAI’'s API
13: if response is successful then
14: Parse and save response

15: else

16: Log error details

17: end if

18: end for

19: end for

20: Compile responses into a DataFrame
21: Save the DataFrame to an Excel file at the specified path

To generate initial binary labels, we employed zero-shot
prompts tailored to the specific context of ATC interfaces [52].
Each event-specific image, annotated with alerts, was encoded
into a suitable format and input into the GPT-4V model. The
prompt structure defined the model’s role, background context,
and task objectives. It was instructed to act as a researcher
analyzing eye movement trajectories in ATC tasks, specifically
assessing whether blue trajectory markers (fixation trajectory)
fell within red emergency zones (alert region). The task was
to classify eye movement trajectories into Captured alert or
Non-captured alert based on gaze engagement with the alert
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region. Non-captured alerts were assigned when no fixations
were detected within the designated alert regions, while their
presence indicated a Captured alert.

This classification approach considers the distinction be-
tween central and peripheral vision, a key factor in assess-
ing gaze engagement. Central vision, defined by the fovea,
spans approximately 2° of visual angle for high-acuity per-
ception, while peripheral vision extends beyond this range
to  90°-100° eccentricity, with decreasing detail sensitivity
[53], [54]. Rather than applying a fixed 2° range, we as-
sess central vision engagement by determining if the fix-
ation trajectory overlaps the alert region. This approach is
grounded in three primary considerations: its theoretical basis
in foveal dynamics, its alignment with ATC task demands,
and its methodological efficacy. First, fixations, recorded as
stabilized gaze positions (200-300 ms), dynamically reflect
foveal focus [54]. The fixation trajectory embeds the 2° foveal
span within real-time gaze behavior, aligning with the fovea’s
natural targeting process without imposing a fixed angular
limit. Second, since ATC alerts vary in size and position
due to factors like aircraft labels and emergency trigger, the
annotated alert regions are directly aligned with task-relevant
targets, avoiding mismatches a fixed range might introduce
[3]. Third, a 2° range demands pixel conversion and overlap
assessment with a hypothetical circular zone per fixation point,
increasing computational complexity and potential mismatch
with variably sized alerts. Our approach relies on the direct
spatial relationship between fixation trajectory and the alert
region, providing a straightforward and efficient criterion.

To ensure the reliability of binary labels, the model sent
payloads to the OpenAl API for parsing and analysis, with
each image requiring approximately 750 tokens for process-
ing and generating categorical labels based on prompt-based
reasoning. This processing, involving batch analysis of eye
movement trajectories collected post-data acquisition, results
in delays typically ranging from 320 milliseconds to 1 second
per request, ensuring data integrity. Moreover, to validate these
labels, we aligned the LLM outputs with ground truth labels
established through expert evaluations. Therefore, the final
labels used for model classification were 100% consistent with
the ground truth. This method is similar to that described
in [55], where a natural prompt was used to generate initial
LLM labels, which were then refined to align the outputs with
ground truth labels. Alternative methods, such as traditional
AOI settings and computer vision techniques, offer insights in
some cases but have limitations in intelligently assessing visual
attention dynamics in relation to alert regions in ATC scenes
[56]. Thus, expert verification remains the most suitable com-
parison for this task. Finally, the binary labels (Captured/Non-
captured alerts) were further refined by integrating behavioral
response data to derive four visual detection types: Pre-
attentive detection, Peripheral vision neglect, LBFTS error,
and Effective detection. By integrating LLM outputs with
ground truth verification, we minimized the need for extensive
manual labeling while maintaining methodological rigor.

D. Phase 3: Fixation coordinate-sensitive multi-domain fea-
ture set

To comprehensively capture the nuanced patterns of visual
tracking dynamics, we propose a novel fixation coordinate-
sensitive multi-domain feature set. This approach integrates
spatial, frequency, and time-based features derived from gaze
and fixation coordinate data, leveraging the synergistic inter-
play among these domains to provide a robust representation
of gaze behavior. As illustrated in Fig. 7, this section will detail
how these dimensions are combined to form a comprehensive
feature set for peripheral awareness detection analysis.

1) Fixation-Based Spatial Metrics: The analysis of gaze
behavior in this study incorporates fixation-based spatial met-
rics, which are essential for quantifying how visual attention
is distributed across the visual field. These metrics include
gaze stability, fixation dispersion, the number of fixation
clusters, and total scanpath length, each contributing to a
comprehensive understanding of visual attention dynamics.

Gaze stability is assessed by calculating the standard devi-
ation of positions in pixels of gaze points that belong to each
fixation within a specified time window [34]. Mathematically,
if (z;,y;) represents the coordinates of gaze points within a
fixation, the gaze stability oy, is given by:

1 N
e = \| o DM@ =22+ (i =91 (D)

i=1
where Z and § are the mean coordinates of the gaze points in
the fixation. This metric reflects the consistency of gaze within
a fixation, with lower values indicating more stable gaze and
higher values suggesting greater variability.

Fixation dispersion is evaluated by calculating the root
mean square of the distances from each fixation point to the
average fixation position within a time window [57]. This
metric provides insight into how spread out the fixation points
are relative to their mean position. The fixation dispersion
Dispersion 18 calculated as:

N
Ddispersion = %Z |:\/(-rz - i‘)? i (yz — g)2:| 2 2
i=1

This measure helps to quantify how widely the participant’s
attention is distributed during the task, with larger values
indicating greater dispersion of fixation points.

The number of fixation clusters is determined using clus-
tering algorithms such as k-means, which identify groups of
fixation points that are spatially close. Each cluster represents a
distinct area of interest that repeatedly attracts the participant’s
gaze. The number of clusters C indicates how many different
regions of interest were focused on during the task. A higher
number of clusters may reflect more distributed attention
across multiple areas, whereas fewer clusters suggest more
focused attention.

Finally, total scanpath length L is calculated to evaluate
the overall distance traveled by the gaze across all fixation
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Fig. 7: Overview of the proposed fixation coordinate-sensitive multi-domain feature set, combining spatial metrics, frequency
descriptors, and time-lagged autocorrelation for analyzing fixation trajectories in ATC alert detection tasks.

points [35]. It is a measure of the visual exploration strategy
employed by the participant and is defined as:

N-—1
L= Z V(@i — @
i=1

)2+ (Yit1 — yi)? 3)
A longer scanpath length suggests a more exhaustive search
behavior, potentially indicating the need for more visual infor-
mation gathering, while a shorter scanpath indicates a more
efficient and focused scanning pattern.

Together, these fixation-based spatial metrics provide a
detailed characterization of how participants allocate their
visual attention across space, offering critical insights into
the mechanisms that drive effective visual processing and
peripheral awareness during task performance.

2) Frequency Analysis Using Discrete Fourier Trans-
Jorm: In the frequency domain, we analyze the horizontal
(z) and vertical (y) coordinates of fixations separately, as
each direction may exhibit distinct frequency characteristics.
Separating them ensures that we capture their individual
oscillatory patterns and periodic behaviors without interference
from cross-dimensional interactions. The frequency domain
features derived from Fourier Descriptors (FDs) and PCA.
These methods allow us to extract meaningful characteristics
from the gaze data and distinguish between different detection
types by focusing on the spatial distribution and movement
patterns of fixation points.

FDs provide a way to represent the shape of a signal in the
frequency domain [58]. Given a sequence of fixation points
represented as coordinates over time, the Fourier Transform
is applied to convert these coordinates from the time domain
to the frequency domain. This transformation is beneficial be-

cause it allows us to capture periodic patterns and oscillations
in the gaze data.

Given a sequence of fixation points (z;,y;) where i =
0,1,...,N — 1, we treat x and y as discrete signals. The
Discrete Fourier Transform (DFT) is applied to both = and y
to obtain their frequency domain representations. For a discrete
signal xz(n) with N samples, the DFT is defined as:

N-1

X(k) =" a(n) e H" )

n=0
where X (k) is a complex number comprising a real part
Re(X (k)) and an imaginary part Im(X (k)):

Re(X (k) = Nf 2(n) - cos (ﬁ’f”) )

n=0

e 2mkn
Im(X(k)) = — xz(n) - sin 6
X ==X e () ©
These components represent the cosine and sine components
of the signal at each frequency k. The same approach applies
to Y (k).

Given the sampling frequency of 60 Hz and a time window
of 5 seconds, the frequency range spans from -30 Hz to 30
Hz, with a frequency resolution of 0.2 Hz. We systematically
vary the number of Fourier descriptors (ngescriptors) to iden-
tify the optimal balance between capturing key oscillatory
patterns and maintaining model generalization. Lower values
may retain only coarse movement trends, while higher values
introduce finer details that may not improve classification. This
exploration ensures a compact yet informative representation
of fixation dynamics for robust recognition. Thus, the feature
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vector for each configuration is formed by concatenating the
real and imaginary parts of the selected frequency components
(Ndescriptors = k) for both z and y coordinates:

FD, = [Re(X(0)),Im(X(0)),...,Re(X(k—1)),Im(X (k—1))]

(N
FD, = [Re(Y(0)), Im(Y (0)). ..., Re(Y (k—1)), Im(Y (k—1))]
(3

The combined feature vector for both coordinates is:
FD = [FD,,FD,| 9

This feature vector provides a detailed frequency-based
representation of the fixation points, highlighting essential
periodicities and shape characteristics in the eye movement
data.

Given the dataset FD of shape (m,n), where m is the
number of samples and n is the number of features, PCA
is applied to reduce dimensionality while preserving key
variations [59]. It transforms the original descriptors into
uncorrelated principal components—Ilinear combinations of
the original features—that capture the most significant data
variations. The process involves:

1. Standardization: Subtract the mean of each feature and
divide by its standard deviation to ensure all features contribute
equally to the analysis.

2. Covariance Matrix Computation: Calculate the covariance
matrix > to understand how the features vary together:

1 T
¥>=——FD FD (10)
m—1

3. Eigenvalue Decomposition: Decompose the covariance
matrix into eigenvalues and eigenvectors. The eigenvectors
represent the directions of maximum variance, while the
eigenvalues represent the magnitude of this variance.

4. Principal Components Selection: Initially, the top 3 eigen-
vectors corresponding to the largest eigenvalues are selected
(i-e., Ncomponents = 3) to form the principal components. This
selection balances reducing dimensionality while retaining
significant information. However, to fully explore the impact
on classification performance, we also analyze the effects of
selecting different numbers of principal components p.

The transformed dataset PCAgp is given by:

PCArp =FD - W (11)
where W is the matrix of the selected eigenvectors. By
adjusting the number of retained components p, we create a
compact representation of the data that highlights the most
important variations in the gaze trajectories. Specifically, the
transformed feature vector PCAgp is:

PCApp = [PCApp1, PCAfp2,...,PCApp,] (12)

These components represent the most significant variations
in the gaze trajectories captured by the frequency domain
features, capturing both the overall trajectory shape and the

finer details of oscillatory behaviors.

3) Time-Lagged Correlation Analysis: In the time domain,
we analyze the horizontal () and vertical (y) coordinates of
fixations into a complex signal (as shown in Equation 13)
to effectively capture their synchrony, phase differences, and
interactions. We extracted the features of time domain using
autocorrelation [60]. Autocorrelation quantifies how a signal
relates to a time-shifted version of itself, revealing repetitive
patterns and periodicity in fixation trajectories. By computing
autocorrelation in the complex domain, we can characterize
both magnitude and directional consistency of movements over
time, which would be difficult to achieve by treating = and y
separately.

z(n) = z(n) +iy(n) (13)

where i is the imaginary unit (i = —1).
The autocorrelation of the complex signal z(n) is defined

as:
N—-t—1

Z z(n) - z(n+1t)

n=0

R.(t) = (14)
where Zz denotes the complex conjugate of z. This captures
joint variations in x and y over time while preserving phase
relationships.

To obtain a scale-invariant measure of periodicity, we nor-
malize by the zero-lag value R,(0):

R.(t)
R.(0)

The normalized autocorrelation coefficients r.(t) quantify
repetitive movement patterns while ensuring comparability
across different signal magnitudes.

To determine the optimal feature set, we evaluate r,(t)
over a range of lag values (f) and select those maximizing
classification accuracy across four detection types:

,72(T)]

A complex signal inherently comprises a real and an imaginary
part, each capturing different aspects of trajectory dynamics.
To fully characterize these dynamics, we extract and analyze
these components separately:

SN Re(2(n)) - Re(2(n + 1))

r.(t) =

15)

Autocorr = [r,(1),7.(2),... (16)

Re(r,(t)) = ==Y
) oo |=(m)P )
sy Im(z(n) - Im(z(n + £))
S oz (n)]2
SN Re(2(n)) - Im(2(n + t))
Im(r.(t)) = Sl ;

N SN Im(2(n)) - Re(z(n + 1))
>onso ()]

Equations (17) and (18) decompose r.(t) into real and
imaginary parts to capture different movement dynamics. The
real part reflects synchrony between x and y movements at lag
t, such as periodic scanning, while the imaginary part captures
asymmetric interactions, like out-of-phase shifts, leveraging
the phase information inherent in complex signals.
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From the resulting real and imaginary parts of r,(t), we
extract four features : their respective variances and maximum
values.

AutocorrgecaiMax = max(Re(r,(t))) (19)
AutocorrymagMax = max(Im(r,(¢))) (20)
Autocorrgea Var = Var(Re(r.(t))) 21)
Autocorrimag Var = Var(Im(r,(t))) (22)

The maximum values capture nonlinear peak correlations,
while the variances summarize overall periodicity and in-
teraction patterns, enhancing the representation of complex
trajectory behaviors. These features provide insights into the
visual tracking mechanisms underlying fixation dynamics.

E. Classification models

In this study, ten machine learning models were systemati-
cally evaluated for their effectiveness in detection type recog-
nition. The basic classifiers included support vector machine
(SVM) [61], known for handling high-dimensional spaces;
k-Nearest Neighbors (kNN) [17], valued for its simplicity
and pattern recognition; and multilayer perceptron (MLP), a
neural network adept at capturing non-linear relationships [62].
Advanced ensemble methods, including random forest [31],
eXtreme Gradient Boosting (XGBoost), and gradient boosting
decision tree (GBDT) and Light Gradient Boosting Machine
(LightGBM), were also tested for their robustness and effi-
ciency in complex datasets [63]. Additionally, three state-of-
the-art deep learning models were incorporated: Transformer-
MLP, which uses multi-head self-attention to encode fixation
sequences and an MLP for classification, capturing long-
range dependencies [64]; LSTM-Attn, a bidirectional LSTM
with attention to model structured dependencies and high-
light key fixation patterns [36]; and CNN-1D, employing
1D convolutional layers and max pooling to extract local
gaze dynamics for hierarchical feature classification [65]. To
ensure robust model evaluation and mitigate overfitting, we
employed 5-fold cross-validation with an independent test set
(20%), for generalization across all models. For deep learning
models, we applied L2 regularization (weight decay = le-5)
and Dropout (0.3) to reduce parameter overfitting, alongside
an adaptive learning rate schedule (ReduceLROnPlateau) to
optimize training. Additionally, the Synthetic Minority Over-
sampling Technique (SMOTE) and Min-Max normalization
were used to balance the dataset and standardize feature scales,
minimizing bias and enhancing robustness [66]. The models
were rigorously evaluated for classifying the four detection
types, using accuracy for overall performance and recall for
detecting critical failures, minimizing misses of subtle errors
[67].

Furthermore, our proposed feature set was utilized to en-
hance the classification of four visual detection types, com-
pared against twelve traditional eye-tracking features, matched
to our proposed set’s size for consistency. Traditional features
include average fixation duration, standard deviation of fixa-
tion duration, fixation frequency, fixation count, saccade count,

saccade frequency, blink rate mean, mean pupil size (left and
right), fixation-saccade ratio, standard deviation of saccade
magnitude, and maximum saccade magnitude, as extensively
documented in previous research on eye movement analysis
[21], [34], [57], [68].

IV. RESULTS

This section evaluates the effectiveness of our proposed
hierarchical detection failure recognition framework through
phase-specific state-of-the-art comparisons, as the framework
addresses the spatiotemporal uncertainty of alerts and con-
siders peripheral vision, making direct comparisons with pre-
defined AOI-based frameworks challenging due to their in-
ability to handle such randomness and visual factors. Detailed
results follow.

A. Adaptive symbolic alert detection performance

In this study, we implemented the Adaptive Symbolic Alert
Detection method to evaluate its effectiveness in accurately
detecting and annotating alerts within an ATC simulation. To
assess its performance, we collected 442 valid samples with ef-
fective eye-tracking and response data, as detailed in Appendix
A. Our proposed method successfully detected and annotated
alert regions in 421 of these samples, achieving an accuracy
of 95.24%. This metric demonstrates the robustness of our
method in accurately identifying alert regions within ATC
radar-based alert scenarios, specifically ensuring the complete
capture of aircraft icons and corresponding flight information.
As a result, the 421 successfully annotated samples were
selected for subsequent analysis.

Moreover, to compare our approach with state-of-the-art
methods, we evaluated our Adaptive Symbolic Alert Detection
method against the Segment Anything Model (SAM) [69] on
the same dataset of 442 images. SAM is a general-purpose,
transformer-based model designed for segmenting objects in
diverse scenarios with high adaptability, which makes it a
suitable benchmark for evaluating our adaptive approach.
The comparison results show that our method showed better
accuracy and efficiency. Specifically, our method correctly
identified 421 segmented alert regions, compared to SAM’s
405, resulting in a modest difference (95.24% vs. 91.63%). In
terms of efficiency, our method achieved a total execution time
of 2.883 seconds, averaging 0.007 seconds per image, while
SAM required 14086.439 seconds total, averaging 31.870
seconds per image, highlighting a substantial processing time
advantage for real-time applications. The SAM method’s lower
performance in domain-specific ATC applications stems from
its general-purpose, transformer-based architecture. While it
demonstrates high adaptability and robustness in diverse sce-
narios, its reliance on complex computations and a rigor-
ous processing pipeline inherently compromises operational
efficiency compared to our task-tailored methods [70]. For
qualitative comparison, we present 12 sample images in Fig.
8, with 6 images each from our method and SAM, showcasing
both consistent detections and notable differences.
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Fig. 8: Qualitative comparison of the proposed Adaptive
Symbolic Alert Detection method (red annotations) and SAM
method (white annotations) on ATC alert-region detection,
showing sample cases with both consistent and divergent
outcomes. The proposed method achieves higher accuracy
and efficiency, capturing complete aircraft icons and flight
information more reliably than SAM.

B. Visual attention engagement assessment

An LLM-based visual processing approach was used to
classify visual attention engagement on annotated alerts into
Captured and Non-captured alerts. A sample output illustrating
this process is provided in Appendix B. The 421 successfully
annotated alert samples from the previous section were cate-
gorized into four expert-derived ground truth labels: Effective
Detection (291 samples), Peripheral Vision Neglect (52 sam-
ples), LBFTS Error (21 samples), and Pre-attentive Detection
(57 samples). These labels serve as the reference standard for
evaluating the LLM’s accuracy in processing visual attention
patterns. As shown in Fig. 9, the LLM’s evaluations were
divided into Captured and Non-captured alerts, further dis-
tinguishing correct and incorrect assessments. Among the 312
Captured alert cases, GPT-4o correctly identified 231 instances
(74.04%), while 81 cases were misclassified. For the 109 Non-
captured alert instances, GPT-4V correctly assessed 61 cases
(55.96%) but misclassified 48 cases.

The results indicate that GPT-4V performs more effec-
tively in scenarios where alerts were captured, likely due
to clearer fixation overlaps with alert regions, reflecting its
strength in processing straightforward visual inputs. However,
its performance declines in Non-captured scenarios, which
are inherently more challenging due to the complexity and
ambiguity of peripheral or erratic eye movement trajectories,
sample imbalance (312 Captured vs. 109 Non-captured alerts),
and limitations in LLM’ pretraining on general-purpose im-
ages, underrepresenting dynamic ATC contexts. This dispar-
ity suggests that while GPT-4V demonstrates potential for
processing captured alerts, its accuracy in ambiguous, Non-
captured cases, such as Peripheral Vision Neglect, requires
refinement. Overall, these findings underscore the potential of

integrating LL.M-based approaches with our advanced multi-
domain detection algorithms, enhancing alert detection sys-
tems in complex operational environments like ATC.

GPT-powered Evaluation Ground Truth
231
Captured Alerts Captured Alerts
81 L
m 48
Non-Captured Alerts ¢ Non-Captured Alerts

Fig. 9: Performance of LLM (GPT-4V) evaluation of visual
attention to alerts, compared against expert-derived ground
truth, showing correct and incorrect classifications.

C. Domain-specific performance in distinguishing visual de-
tection failures

1) Spatial analysis: The analysis of multi-dimensional
spatial features across four detection types provides crucial
insights into how different visual detection types are charac-
terized by specific eye movement patterns. To ensure a more
reliable and representative comparison, the Mann-Whitney
U test was conducted based on the average values of each
spatial feature for each participant, rather than using the
overall sample size. This participant-level analysis reduces
the influence of intra-individual variability, offering a more
accurate assessment of between-group differences. The Mann-
Whitney U test, a non-parametric method, was chosen for its
robustness in handling non-normal data and effectiveness in
comparing independent groups [71]. The four spatial features
examined reveal distinct patterns among the detection types,
particularly highlighting statistically significant differences,
as shown in Fig. 10. In analyzing visual scanning behavior
across different detection types, several key patterns emerge
across the subfigures. In subfigures (a) and (b), the analysis
of gaze stability and fixation dispersion reveals consistent
patterns between “Peripheral Vision Neglect” and “Effective
Detection.” ”’Peripheral Vision Neglect” exhibits a significantly
more concentrated distribution of gaze points within fixations
(p = 3.939¢-03) and lower fixation dispersion (p = 8.547e-04)
compared to “Effective Detection.” These findings indicate a
more concentrated and stable visual focus during “Peripheral
Vision Neglect,” suggesting that participants’ intense focus
on central stimuli may limit their ability to effectively track
and respond to peripheral cues, leading to the neglect of
peripheral stimuli. In subfigure (c), the number of fixation
clusters shows significant differences between "LBFTS” errors
and both “Effective Detection” p = 3.800e-03) and Pre-
attentive Detection” (p= 3.843e-02), with "LBFTS” errors
having fewer clusters. This suggests that during LBFTS errors,
although the alert is perceived, the limited fixation clusters in-
dicate insufficient cognitive resource distribution for effective
processing and interpretation. This cognitive disconnect leads
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Fig. 10: Spatial feature analysis across four detection types:
ED (Effective Detection), PVN (Peripheral Vision Neglect),
LBFTS (Look-but-fail-to-see Error), and PD (Pre-attentive
Detection), with significant differences via Mann-Whitney U
test. (Note: Horizontal lines indicate significant differences
between pairs, with p-values shown above each line.)

to an inadequate response despite initial detection. In subfigure
(d), the analysis of total scanpath length reveals significant
differences between “Peripheral Vision Neglect” and both
"LBFTS” errors (p = 3.683e-02) and “Effective Detection”
(p = 4.981e-06). "Peripheral Vision Neglect” shows the short-
est scanpath length overall, indicating that participants’ eye
movements are most constrained during this condition. This
suggests a highly focused visual attention on specific tasks,
leading to the neglect of peripheral alerts. In addition, the
significant difference between “Pre-attentive Detection” and
“Effective Detection” (p = 4.753e-02), suggests that when
participants perceive an alert peripherally and respond without
direct fixation, their visual search is more efficient, requiring
less extensive eye movement. This efficiency likely stems from
quickly detecting and processing the alert within peripheral
vision, reducing the need for broader scanning typical in
“Effective Detection”.

Collectively, these findings across the subfigures underscore
the distinct visual scanning behaviors and the importance
of spatial features associated with different detection types,
providing valuable insights into the underlying mechanisms
that contribute to detection successes and failures.

2) Frequency Domain Analysis: This section evaluates
the classification performance of frequency-domain features
in distinguishing peripheral vision-aware detection failures
in ATC. By isolating Fourier Descriptors (FDs) and PCA
components, we assess their contributions to identifying four
visual detection types. Random Forest, the best-performing
model among ten classifiers, achieved the highest test precision
across all configurations.

Fig. 11 illustrates the classification accuracies for FD (k)
ranging from 3 to 10 and PCA components (p) from 2 to 4,
selected to balance capture sufficient frequency detail while
avoiding noise in Discrete Fourier Transforms, with PCA
limited to prevent redundancy. In general, accuracy peaks at
82% with k = 5 and p = 4, suggesting that this combination
optimally balances the richness of Fourier descriptors and the
reduction in dimensionality provided by PCA. Interestingly,
the middle values of k (e.g. 6) with lower p (e.g., 2) tend to
result in lower precision (61%), which could be due to the
descriptors in these values not providing enough variation or
being less representative of the shape characteristics needed for
optimal classification. In contrast, lower values of k (e.g., 3)
also lead to reduced accuracy (64%), likely due to insufficient
descriptor complexity. The trend suggests that increasing k
improves accuracy up to a point, but the model benefits
the most with the p = 4 components for the reduction of
dimensionality, as higher k£ without appropriate adjustments
p does not consistently improve performance. These findings
highlight the importance of carefully tuning FD and PCA pa-
rameters to optimize frequency feature extraction for complex
classification tasks, revealing their role in capturing nuanced
gaze dynamics critical for ATC detection.

To further explore the frequency domain’s role across de-
tection types, we examined the per-class performance of the
optimal configuration (k=5, p=4) using RF, as shown in Fig.
12. The normalized confusion matrix illustrates the classifi-
cation performance, with the diagonal values representing the
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proportion of correctly classified samples for each detection
type: Effective Detection (0.72), Peripheral Vision Neglect
(0.88), LBFTS Error (0.85), and Pre-attentive Detection (0.84).
Additionally, the recall scores were calculated for each class:
Effective Detection (0.60), Peripheral Vision Neglect (0.88),
LBFTS Error (0.93), and Pre-attentive Detection (0.81). These
results demonstrate that frequency features excel at detecting
Peripheral Vision Neglect and LBFTS Errors, likely due to
their sensitivity to rapid, oscillatory saccades and constrained
fixations, respectively, as supported by prior research on
saccadic dynamics [56]. However, the lower performance for
Effective Detection suggests integrating temporal or spatial
features to enhance its detection. Overall, the findings high-
light the frequency domain’s ability to model rhythmic gaze
disruptions, enhancing ATC safety by identifying subtle cog-
nitive lapses and attentional constraints with distinct dynamic
patterns.

Random Forest Classification Accuracy across
Different FD and PCA Combinations
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Fig. 11: Random forest classification accuracy for varying
Fourier Descriptors (k=3-10) and PCA components (p=2—4),
peaking at 81% with k=5 and p=4 for four visual detection

types.

3) Time-Lagged Correlation Analysis: This section exam-
ines the classification performance of time-lagged autocor-
relation features, evaluating their role in distinguishing four
detection failures in ATC. By isolating features capturing
maximum autocorrelation values and their variances of the
real and imaginary parts across lags 2—-10, we clarify their
contribution to recognizing proposed four visual detection
type. Random Forest, the highest-performing model among
ten classifiers, achieved the best test accuracy across all
configurations. Fig. 13 presents a radar plot of test accuracies
for lags ranging from 2 to 10, selected based on typical fixation
counts (13-22 per sample) to ensure meaningful temporal
patterns without overcomplicating the model. Results show
accuracy peaks at 81% for lag=9, with a range from 72%
(lag=2) to 80% (lag=8). This trend indicates that longer lags,
particularly lag=9, capture sustained attention patterns critical

Confusion Matrix for Best FD-PCA Combination (FD=5, PCA=4)
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Fig. 12: Confusion matrix for the random forest model using
four frequency-domain features, showing performance across
four detection types (0: Effective Detection, 1: Peripheral
Vision Neglect, 2: LBFTS Error, 3: Pre-attentive Detection

)

for ATC detection, revealing their role in modeling temporally
distinct gaze behaviors.

To evaluate the performance of time domain features across
detection types, we analyzed the per-class performance of the
optimal configuration (lag=9) using Random Forest, as shown
in Fig. 14. The normalized confusion matrix reveals classi-
fication performance, with diagonal values indicating correct
classification rates: Effective Detection (0.59), Peripheral Vi-
sion Neglect (0.86), LBFTS Error (0.92), and Pre-attentive
Detection (0.84). The model excels in classifying LBFTS Error
and Peripheral Vision Neglect, reflecting time-lagged features’
ability to capture distinct temporal dynamics, such as centrally
focused fixations in LBFTS and regular, concentrated patterns
in PVN, critical for identifying these failures. However, the
lower performance for Effective Detection suggests integrating
frequency or spatial features to enhance its detection.

To quantify these temporal dynamics, we analyzed the
average maximum autocorrelation values at lag=9. Peripheral
Vision Neglect and Pre-attentive Detection exhibit the highest
real part maximum values (0.86 each), indicating strong syn-
chronization in fixation coordinates, with low imaginary part
values (0.03 and 0.02) suggesting minimal phase differences.
LBFTS Error (real 0.83, imag 0.03) and Effective Detection
(real 0.82, imag 0.05) show slightly lower synchronization.
Despite Peripheral Vision Neglect’s strong synchronization,
LBFTS Error’s superior performance suggests time-lagged
features better capture its centrally focused fixation patterns,
possibly due to distinct temporal consistency in gaze concen-
tration. For qualitative comparison, Fig. 15 displays sample
trajectories (top-ranked by autocorrelation values at time-
lag=9), revealing prolonged, inconsistent temporal shifts in
Effective Detection, rhythmic and sustained fixation cycles
in PVN, stable and prolonged central focus in LBFTS, and
variable temporal patterns with intermittent attention shifts
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in Pre-attentive Detection, validating the distinct time-lagged
behaviors across categories.

Random Forest Classification Accuracy across Different Time Lag (f)

t=4

t=9

Fig. 13: Random forest classification accuracy across time lags
(t=2-10) in autocorrelation analysis, with peak performance of
81% at t=9 for four visual detection types.

Confusion Matrix for Best Time Lag = 9
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Fig. 14: Confusion matrix for the random forest model using
four time-domain features, showing performance across four
detection types (0: Effective Detection, 1: Peripheral Vision
Neglect, 2: LBFTS Error, 3: Pre-attentive Detection)

D. Integrated domain performance in visual detection failure
recognition

This study evaluates the classification performance of
visual detection failure recognition, focusing on four dis-
tinct detection types, by comparing the proposed fixation

Effective Detection |Peripheral Vision Neglect

LBFTS Error

Pre-attentive Detection

Fig. 15: Qualitative comparison of temporal characteristics
across four detection types using samples with top-ranked
maximum autocorrelation samples.

coordinate-sensitive multi-domain feature set with several al-
ternatives. The proposed feature set integrates 12 features
across three domains—four spatial, four frequency (FD=5,
PCA=3, the optimal configuration identified in Section IV-C2),
and four temporal (lag=9, the optimal value identified in
Section IV-C3)—to capture a comprehensive representation
of gaze behavior. For comparison, we include a traditional
feature set (also containing 12 features to ensure fairness),
alongside domain-specific subsets: single-domain sets (spatial-
only, frequency-only, temporal-only, each with four features)
and dual-domain combinations (spatial-frequency, spatial-
temporal, frequency-temporal).

Table I presents the classification accuracy across ten classi-
fiers, highlighting the robustness of the proposed multi-domain
feature set through an ablation study. Firstly, the proposed
set consistently outperforms the traditional feature set across
all models, achieving the highest accuracy of 93.13% with
Transformer-MLP, compared to 82.83% for the traditional
set—a 10.30% improvement. LightGBM ranks second at
92.27% (vs. 83.69% for traditional features), demonstrating
the proposed set’s superior generalization across classifiers.
Ablation analysis further reveals the contribution of indi-
vidual and paired domains. Single-domain subsets perform
significantly worse, with spatial features-only yielding the
lowest accuracy (peak at 76.82%), followed by temporal
features-only (peak at 81.00%) and frequency features-only
(peak at 80.69%), underscoring the limitations of relying
on isolated domains. Dual-domain combinations, however,
show marked improvements over single domains: frequency-
temporal features achieve 90.99% with LightGBM, and
spatial-frequency features reach 90.30% with Transformer-
MLP. Notably, spatial-temporal features underperform (peak
at 83.26%), suggesting potential challenges in model conver-
gence for this combination. These results confirm the necessity
of integrating all three domains, as the proposed multi-domain
set consistently surpasses both single- and dual-domain sub-
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TABLE I: Accuracy (%) of traditional and the proposed fixation coordinate-sensitive multi-domain feature sets for four-category
detection-type recognition across ten classifiers via ablation analysis of the proposed set with single- and dual-domain tests.

Feature Set SVM kNN MLP RF XGBoost GBDT LightGBM  Transformer-MLP LSTM-Attn CNN-1D
Traditional features set 66.09 79.40 7811 82.40 82.40 76.82 83.69 82.83 79.40 64.38
The proposed feature set 79.83 81.55 85.84 90.13 88.41 82.83 92.27 93.13 88.84 74.68
Spatial-frequency features 71.24 80.26 77.68 85.84 84.55 76.39 87.12 90.30 69.50 86.27
Spatial-temporal features 64.38 76.82 75.11 83.26 81.12 75.11 83.26 82.00 67.81 79.40
Frequency-temporal features  69.53  80.26 79.40 87.55 87.55 81.97 90.99 89.00 68.00 80.26
Spatial features-only 54.08 72.10 54.94 76.82 69.96 63.52 71.24 71.24 54.94 51.07
Frequency features-only 62.23 71.67 60.09  80.69 77.25 70.82 80.26 76.82 61.37 66.09
Temporal features-only 57.51 69.10 57.51 81.00 79.40 71.24 78.97 71.67 57.51 60.94

sets, highlighting the critical role of domain interplay in
enhancing detection-type recognition accuracy.

V. DISCUSSIONS

This study establishes a novel peripheral vision-aware visual
detection classification and validates it by introducing a Hi-
erarchical Detection Failure Recognition Framework, demon-
strating the distinct differences between various detection
types. We first conducted an ATC simulation experiment to
provide empirical data for the framework analysis. The first
phase of the framework introduces the Adaptive Symbolic
Alert Detection method, which identifies alert regions with
spatiotemporal uncertainty on the ATC radar interface. This
method enables robust identification of alert information on
radar interfaces, achieving a 95.24% precision rate. Our study,
aligned with prior research isolating critical events to establish
a foundational understanding of psychophysiological patterns
[43], [44], currently focuses on single-alert scenarios. Should
overlapping alert scenarios be further explored, our method
effectively identifies the overall alert regions; however, future
research should focus on delineating individual alert bound-
aries within overlaps and incorporating semantic information
and alert prioritization to enhance its applicability in complex
ATC environments.

In the second phase, GPT-4V is employed to evaluate visual
attention to alerts, facilitating the classification of samples into
four proposed detection types. Our findings reveal that the
LLM’s evaluation of detected alerts shows a clear advantage
in scenarios where alerts were captured accurately, with a
correct evaluation rate of 74.04%. This outcome aligns with
findings in similar studies, such as the research of [55],
where LLMs were integrated with EEG and eye-gaze data,
achieving a classification accuracy of over 60%. These studies
collectively highlight the potential of LLMs in tasks requiring
semantic and contextual understanding, especially when the
visual or linguistic data is straightforward and less ambiguous.
However, the LLM’s performance demonstrates a need for
further refinement in more challenging situations, such as
the evaluation of Non-captured alerts where the correct rate
dropped to 55.96%.

A potential explanation of the disparity in performance
between Captured and Non-captured alert evaluations can be
attributed to three key factors. The complexity and ambiguity
of Non-captured scenarios, where eye movement trajectories
often exhibit peripheral or erratic patterns, challenge GPT-
4V’s visual capabilities, as these patterns reflect peripheral

vision or cognitive failures (e.g., attention dispersion, lack
of understanding). Second, sample imbalance—312 Captured
versus 109 Non-captured alerts—biases LLM toward captured
scenarios, consistent with class imbalance theory [72]), which
shows models prioritize majority classes, and Al bias studies
[73], which highlight reduced sensitivity to rare events. Third,
GPT-4V’s pretraining on general-purpose images and texts
underrepresents dynamic ATC contexts, limiting its ability
to capture subtle differences in peripheral vision or unsta-
ble trajectories [74]. To address the challenges, we propose
building on the results of this study as a baseline to explore
different LLM models with prompt designs, such as chain-of-
thought (CoT) prompting for reasoning about gaze patterns or
instruction-based prompting with task-specific guidelines for
peripheral vision dynamics, and fine-tuning LLMs with ATC-
specific datasets. This approach aligns with recent advances
in LLM optimization [55] and aims to enhance the model’s
ability to capture nuanced eye movement patterns, ultimately
improving performance in ATC alert detection tasks.

Additionally, the framework introduces a novel fixa-
tion coordinate-sensitive multi-domain feature set, achieving
93.13% accuracy in peripheral vision-aware detection, surpass-
ing traditional eye-tracking metrics (83.69%) and both single-
and dual-domain features. Compared to prior research on
four visual attentional type classification [56], which achieved
only 79% accuracy, our results highlight the significant ad-
vantage of fixation coordinate-sensitive multi-domain feature
integration in capturing nuanced visual tracking dynamics.
The following discussion will examine how the four detection
types are differentiated through the employed domain-specific
analysis, shedding light on the underlying mechanisms and
their potential implications for improving detection accuracy.

In this study, spatial feature analysis offers critical insights
into how visual attention is distributed across detection suc-
cesses and failures. Previous studies, such as [35], have sug-
gested that efficient eye movement patterns are typically char-
acterized by broader and more extensive tracking trajectories,
indicating effective visual processing. Consistent with these
findings, our study found that LBFTS errors are associated
with significantly fewer fixation clusters compared to “Ef-
fective Detection” and “’Pre-attentive Detection”. Additionally,
the significantly higher gaze stability and lower fixation dis-
persion observed in “Peripheral Vision Neglect” compared to
“Effective Detection” align with the challenges in maintaining
consistent attention to peripheral stimuli, as highlighted by
[75]. Thus, the two detection failures result from difficulties



IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. , NO. , 17

in processing peripheral information, reflecting a more fo-
cused but less exploratory search strategy. Furthermore, the
two detection failures are significantly different, as reflected
by “Peripheral Vision Neglect” showing significantly shorter
scanpath lengths than “LBFTS,” indicating over-focus on
specific tasks and neglect of peripheral alerts. Besides, the two
successful detection types also differ significantly, with “Pre-
attentive Detection” exhibiting shorter lengths than “Effective
Detection,” indicating a more efficient, less extensive search
during peripheral detection without direct fixation.

The introduction of frequency domain analysis has proven
to be a powerful tool for distinguishing between different
detection types by analyzing how varying the number of FDs
and PCA components impacts recognition accuracy. Previous
studies, such as the examination of saccadic eye movements
in [58], have highlighted the importance of FDs in capturing
dynamic visual patterns. Similarly, [76] demonstrated that
incorporating frequency domain features can significantly en-
hance temporal information processing in emotion recogni-
tion tasks. In our study, we found that increasing the FD
generally improves accuracy, with a peak observed at FD=5
and PCA=4, achieving an accuracy of 81%. Furthermore, the
strong performance in detecting LBFTS Errors and Peripheral
Vision Neglect underscores the frequency domain’s sensitivity
to rhythmic gaze disruptions, such as oscillatory saccades
and constrained fixations, offering a reliable approach to
identify critical cognitive lapses in high-stakes ATC settings.
However, its limitation in capturing dispersed gaze patterns,
as observed in Effective Detection, underscores the need for
multi-domain frameworks integrating time, frequency, and
spatial features. Additionally, while our noise mitigation strate-
gies minimize distortion, advanced denoising techniques like
wavelet transforms or adaptive filtering could further suppress
high-frequency jitters and stabilize visual trajectory patterns,
addressing residual noise concerns [77].

Building on the insights from the time-lagged correlation
analysis, this discussion deepens the understanding of temporal
dynamics across detection types, with the highest accuracy
81% at lag=9 underscoring the importance of capturing sus-
tained attention patterns essential for identifying cognitive
lapses such as LBFTS Errors and Peripheral Vision Neglect.
This aligns with [12], which emphasizes the critical role
of temporal dependencies in visual attention mechanisms, a
finding reinforced by [78], who linked LBFTS failures to inef-
fective temporal processing. The robust performance in detect-
ing centrally focused fixations and rhythmic gaze disruptions
further validates a strong framework for pinpointing high-
risk attentional failures; however, the difficulty in capturing
dispersed patterns in Effective Detection highlights the neces-
sity for adaptive multi-domain approaches. These observations
inspire future research into dynamic lag optimization, real-time
integration of temporal features with spatial and frequency
domains, and personalized gaze modeling to accommodate
diverse attentional dynamics, thereby enhancing the resilience
of automated ATC systems by adapting to individual operator
variability and minimizing detection errors.

The proposed hierarchical peripheral vision-aware frame-
work enhances ATC as a critical transportation system by

dynamically assessing operator attentional states to improve
alert systems, effectively differentiating meaningful alert en-
gagement from mere gaze direction—a distinction vital in ATC
where missed warnings stem not from lacking visual contact
but from attentional prioritization failures [56]. Building on
this, the framework advances beyond immediate detection by
fostering an intelligent, human-centered ATC support system
that identifies detection failures and informs adaptive inter-
vention strategies. By analyzing visual attention fluctuations in
dynamic air traffic scenarios, it enables personalized alert opti-
mization, adjusting warning intensity and format to individual
controller engagement patterns. This shift from reactive moni-
toring to proactive enhancement strengthens ATC resilience
against attentional lapses, preserving situational awareness
and decision-making integrity in high-stakes settings. Future
research should focus on practical deployment strategies and
real-time implementation feasibility within ATC centers.

VI. CONCLUSIONS

This study introduced a novel classification framework
for visual detection results incorporating peripheral vision
awareness and human attentional states, highlighting a broader
and more structured range of visual detection failures. Fur-
thermore, a hierarchical framework has been developed to
effectively recognize the proposed detection failures in ATC-
specific environments. First, our Adaptive Symbolic Alert
Detection method successfully addressed the spatiotemporal
uncertainties of alert appearances on ATC radar interfaces,
achieving a precision rate of 95.24%. Additionally, the GPT-
4V-powered LLMs showed significant potential in enhancing
the verification of controllers’ visual attentional engagement
with alerts, extending the capabilities beyond what tradi-
tional eye-tracking methods alone could achieve. Finally, the
proposed fixation coordinate-sensitive multi-domain feature
set markedly enhanced detection-type recognition, with ac-
curacy rising from 83.69% (traditional features) to 93.13%
with Transformer-MLP, outperforming single-domain repre-
sentations (spatial: 76.82%, temporal: 81.00% and frequency:
80.69%), dual-domain combinations (ranging from 83.26%
to 90.99%) and other models like LightGBM (92.27%) and
Random Forest (90.13%), demonstrating the synergistic effec-
tiveness of multi-domain feature integration.

However, this study has limitations that warrant further
investigation. First, this study focused on visual-only alerts to
explore peripheral vision tracking in ATC scenarios, where
alerts may use visual cues alone or combine visual and
auditory signals based on importance. Future research should
include multi-modal alerts to better understand detection fail-
ures in settings with both visual and auditory components,
potentially integrating spoken instructions as explored by [79]
to enhance detection failure recognition. While we focused on
single radar-based alerts for foundation understanding of visual
tracking patterns, future work should explore overlapping
alerts to evaluate the framework’s robustness in complex ATC
scenarios. In addition, EEG data will be integrated—deferred
here to prioritize eye-tracking’s robust performance and main-
tain methodological focus—to explore gaze-neural correla-
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tions. Lastly, the LLM’s evaluation is computationally in-
tensive, necessitating optimized deployment strategies such
as lightweight model compression or specialized inference
acceleration for real-time ATC applicability, and the zero-
shot prompt’s accuracy limitations suggest fine-tuning to better
align with specific alert detection tasks.

APPENDIX

A. Sample distribution across participants

From an initial pool of 38 participants, 7 were excluded
due to invalid data: 3 for eye-tracking calibration failure, 3
for Euroscope platform timing issues preventing alert timing
confirmation, and 1 for missing platform log data. Of the 494
total samples collected, 442 (89%) were valid and 52 (11%)
were invalid, distributed across the remaining 31 participants
as shown in Fig. 16. Invalid samples resulted from technical
factors: (1) network delays in the Euroscope platform, causing
alerts to exceed the intended 5-second duration (e.g., 6 sec-
onds), and (2) track loss due to head movements beyond the
eye tracker’s range, leading to gaps in gaze data.
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Fig. 16: Distribution of valid and invalid samples per partic-
ipant. The dashed line represents that participant received at
least 13 alerts.

B. A sample output from GPT-4V Model

Output: The provided image shows a red rectangle in the
upper center of the image, marked with "EMG” indicating an
alert. The blue points and lines within the image represent the
eye movement trajectory of an operator.

Upon close inspection:

1. Identifying red rectangle and blue trajectory:

- The red rectangle is clearly marked at the top center of
the image.

- There are several blue points and lines observed in the
vicinity of this red rectangle.

2. Assessing the blue points or lines inside the red rectangle:

- There are clearly multiple blue points and lines (eye
fixation and saccades) inside the red rectangle.

Based on the criteria provided:

- Since there are blue points and lines inside the red rect-
angle, this indicates that the subject’s attention was captured
by the emergency.

Final Classification: Captured alert
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