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Abstract

Detection failure (DF) poses a critical challenge in air traffic control (ATC), where

undetected alerts threaten decision-making and safety. Since DF is an unavoidable

byproduct of human behavior in dynamic contexts, its accurate, proactive identifi-

cation is vital, protecting thousands of lives under controllers’ care. DF arises from

inattentional blindness due to attentional constraints, yet encompasses broader per-

ceptual and cognitive factors. Conventional methods rely on the presence or ab-

sence of fixations on the target to measure DF, but they overlook the cognitive

continuum of visual processing, where fixation does not guarantee awareness, and

human peripheral vision may detect target without direct fixations. This gap un-

derscores the need for a structured DF classification that accounts for these diver-

gent cognitive pathways and address complex “look-but-fail-to-see” and “seeing-

without-looking” scenarios. Further complicating DF analysis is the spatiotempo-

ral uncertainty of alerts in ATC, the dynamic nature of pre-alert attentional states,

and class imbalance in DF datasets, which degrade the recall and F1-scores of

current methods, necessitating a comprehensive analytical framework. This the-

sis proposes systematic DF analytics leveraging fixation dynamic-based feature

representation and large language model (LLM)-augmented intelligent analysis.

First, a gaze-behavioral DF classification grounded in Endsley’s situational aware-
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ness theory is developed, categorizing DFs into distinct types by awareness levels

and identifying their key gaze indicators through a four-phase theoretical frame-

work. Second, an ATC-specific hierarchical DF recognition framework is devel-

oped, integrating peripheral vision tracking, spatiotemporal uncertainty of alerts,

and multitasking demands. Third, proactive DF prediction is achieved through

a fixation-state transition feature set capturing pre-alert attention shifts, coupled

with an LLM-driven probabilistic threshold tuning method to adaptively calibrate

class-specific predictive probability boundaries.

Several ATC-specific case studies were conducted to validate the proposed

methods. The results revealed significantly distinct gaze patterns across differ-

ent DF types. The ATC-specific hierarchical DF recognition framework further

identifies DF types through an Adaptive Symbolic Alert Detection method (95%

precision in alert-region annotation) combined with LLM-based attention evalua-

tion for reliable labeling, and a novel fixation coordinate-sensitive feature set that

effectively captured spatiotemporal-frequency characteristics of diverse DF types

(93% accuracy vs. 84% traditional features). Additionally, in proactive DF predic-

tion, our proposed feature set outperforms existing features (78% vs. 71%–73%

accuracy), with the LLM-enhanced prediction method further enhancing overall

accuracy and significantly boosting DF-type-specific recall and F1-scores, show-

casing superior robustness in class imbalance .

In conclusion, this research establishes a systematic paradigm for analyzing a

broader and structured DF, introducing a streamlined feature set and a novel LLM-

driven pathway for safety-critical systems. These developments lay the ground-

work for designing intelligent, human-centered ATC support systems to improve

alert detection reliability and aviation safety.
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Chapter 1

Introduction

This introductory chapter is organized into five sections. Section 1.1 begins by

presenting the research background on human detection failures in aviation, high-

lighting the value of visual attention analysis in this context and motivating the

study. Section 1.2 states the research objectives formulated from this background.

The scope of the research is defined in Section 1.3, while Section 1.4 elaborates on

its significance. Finally, Section 1.5 provides an overview of the thesis structure.

1.1 Background

Conflict detection and resolution are critical tasks in air traffic control (ATC), re-

quiring air traffic controllers (ATCOs) to maintain a high level of vigilance and

make precise decisions in complex and dynamic environments [1]. As global air

traffic density increases and automation systems become more prevalent, ATCOs

face growing challenges in monitoring digital interfaces, significantly elevating

risks of detection failure (DF) – a type of human error where operators fail to

1
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notice or respond to unexpected and salient stimuli or signals [2]. Within high-

stakes ATC operations, DF constitutes a primary contributor to operational in-

cidents. Empirical evidence demonstrates their significant impact:  research re-

ported visual-perceptual failures as contributing to nearly 70% of all perceptual

errors in 48 instances of loss of separation incidents, with missed or delayed de-

tection of critical warnings being particularly prevalent [3]. Additionally, U.S.

Federal Aviation Administration (FAA) 2022 data documented 1,732 runway in-

cursions, many attributable to undetected visual cues [4, 5]. A striking example

includes the 2024 Haneda Airport collision in Japan, where ATCOs failed to detect

a flashing warning signal, resulting in a catastrophic runway collision [6]. These

incidents collectively underscore the urgent need for systematic DF analytics to

mitigate operational risks in ATC environments.

DF, as a category of human error rooted in cognitive psychology, is closely

related to inattentional blindness (IB), where attentional limitations prevent indi-

viduals from noticing salient visual stimuli [7, 8]. Foundational studies by Si-

mons and Chabris [9, 10] and Mack and Rock [11, 12] provided critical insights

into the mechanisms of IB, establishing a theoretical basis for DF research. How-

ever, while IB primarily stems from attentional allocation constraints, DF encom-

passes broader cognitive and perceptual limitations, such as perceptual constraints,

cognitive biases, and expertise-driven limitations, with IB representing only one

manifestation [13–15]. The absence of a comprehensive theoretical framework to

systematically classify these diverse DF mechanisms leaves its underlying path-

ways poorly understood, particularly in complex settings like ATC . On the other

hand, traditional methods for identifying DF—such as self-reporting and retro-

spective analysis—are limited by their subjective nature and inherent inability to
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reliably capture failures in dynamic operational settings [5, 11]. In recent years,

eye-tracking technology has emerged as an objective tool for DF investigation, en-

abling the analysis of physiological indicators such as fixation patterns and scan-

paths to better understand monitoring behaviors and attention lapses [16–18].

Therefore, this study aims to advance the analysis of DF in ATC by develop-

ing a comprehensive framework to address critical shortcomings identified in the

process. Through this analysis, three pivotal gaps have emerged that need to be

resolved to enhance DF understanding and analytics within the ATC context, as

outlined below:

• The absence of a systematic and theoretical framework for DF: Few sys-

tematic theoretical models have been developed to differentiate the varied

cognitive and perceptual mechanisms underlying DF in ATC, hindering pre-

cise identification and intervention [3]. For instance, “look-but-fail-to-see”

(LBFTS) errors, where ATCOs fixate on a warning yet fail to process it cog-

nitively, remain indistinguishable from complete misses using conventional

eye-tracking metrics [12, 15]. This gap reflects an overreliance on gaze-

based detection without integrating broader situational awareness theories,

limiting the ability to identify a broader range of DF types, such as those

driven by perceptual overload or expertise-driven biases.

• The lack of a DF recognition framework adapted to the ATC domain:

ATCOs operate in visually complex settings where warnings appear un-

predictably across multiple displays (e.g., radar, auxiliary panels) [3, 19].

Traditional eye-tracking analyses rely on static Areas of Interest (AOIs)—

predefined zones on a screen assumed to contain critical information [20,
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21]. These fixed boundaries cannot dynamically adjust to the real-time

movement of alerts across displays or account for ATCO’s shifting fixations,

making it struggle to adapt to this spatiotemporal variability of ATC-specific

alerts [22]. Moreover, ATCOs rely on peripheral vision during multitasking,

yet most studies focus on central eye movements, ignoring subconscious

tracking and scanning behaviors [23, 24]. This gap limits the accuracy of

DF recognition in ATC context, necessitating new approaches to effectively

capture peripheral visual dynamics.

• Unaddressed proactive DF prediction in ATC: In the field of aviation

safety, the transition from passive identification to proactive prediction of

DF is of critical importance [25–27]. This shift not only pertains to the

timeliness of error analysis but also directly determines the effective win-

dow for implementing preventive measures [28]. In the development of

next-generation intelligent control systems, there is a pressing need for sys-

tems to possess the capability to understand controllers’ real-time attention

states, rather than merely responding to operational commands [29]. How-

ever, DF prediction remains unexplored mainly because DF events are rare

compared to normal operations - creating a fundamental class imbalance

challenge – and traditional eye-tracking metrics struggle to reliably detect

the subtle changes in attention states before DF occurs [25]. This absence

of DF prediction limits the potential for elevating ATC safety standards.

This study introduces a rigorous analysis of DF through a systematic theo-

retical framework, categorizing DF types, examining their root causes and eye-

tracking indicators in ATC environments, and developing methods for DF recog-
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nition and prediction.

1.2 Objectives

The objectives of this research are aligned with addressing the research gaps as-

sociated with DF analytics in ATC, focusing on understanding, recognizing, and

predicting DFs within the context of ATCOs’ operational environments, as shown

in Figure 1.1. This goal is separated into three sub-objectives:

Figure 1.1: Organization of the thesis

• Conceptualize and categorize DF

Theoretically classifying DF based on Endsley’s situation awareness theory

is the first step in DF analytics [30]. According to Endsley’s theory, warning

detection involves three stages: perception (detecting a warning), compre-

hension (understanding the warning), and projection (anticipating potential

risks) [13, 31]. Disruptions at each stage may lead to different types of DF.
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This objective aims to categorize DF based on varying situation awareness

levels, exploring their underlying mechanisms, specific causes, and key vi-

sual features to deepen understanding of how visual and cognitive factors

jointly affect alert detection performance, while evaluating how different

warning frequencies influence these DF patterns.

• Recognize DF in dynamic ATC contexts

Based on the DF categorization, this objective aims to design a DF recog-

nition framework specific to ATC environments that accounts for the spa-

tiotemporal uncertainty of alerts and peripheral vision tracking in multitask-

ing [3]. This framework aims to effectively identify alert regions appear-

ing at uncertain times and locations, intelligently assess controllers’ visual

engagement with these alerts via large language model (LLM), and recog-

nizing DF types by accurately characterizing their dynamic fixation trajec-

tories, thereby better capturing their scope and patterns of visual attention

allocation.

• Predict DF through fixation state-enabled LLM analysis

This objective aims to predict DF through streamlined feature extraction

and adaptive modeling techniques. It intends to encode temporal attentional

switching patterns using fixation-state transitions [32, 33]. Additionally, it

aims to optimize probabilistic thresholds for diverse DF types to address

the class imbalance issues [34]. In contrast to static threshold approaches,

the LLM-driven threshold tuning method seeks to derive adaptive, class-

specific probability thresholds to improve prediction performance.
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1.3 Scope

Concerning the research objectives, this work conducts DF analytics from three as-

pects, including theoretical understanding, operational recognition, and predictive

modeling of DFs in ATC systems. The scope of the research is as follows:

• A Theoretical framework to conceptualize DF

This study focuses on developing a theoretical framework to conceptual-

ize DF, specifically targeting visual DF related to ATC operational warn-

ings, such as separation breaches, airspace violations, and procedural direc-

tives. The scope encompasses the application of situation awareness theory

to systematically analyze the formation pathways of DF, proposing a gaze-

behavioral DF classification framework to categorize these errors based on

visual-behavioral patterns [30]. The DF classification is validated by a con-

trolled DF induction experiment involving a basic ATC monitoring task de-

signed to induce diverse DFs and collect eye movement data. The experi-

ment examines gaze dynamics across continuous and intermittent warning

frequencies to understand attentional patterns. The scope further extends to

DF-type recognition and analytics, employing Shapley Additive Explana-

tions to interpret model outcomes and assess feature importance [25]. Ex-

cluded from this study are non-visual DFs and warnings not related to basic

ATC operational tasks, ensuring a focused investigation into visual-based

DF mechanisms in ATC environments.

• An ATC-specific hierarchical DF recognition framework

This study focuses on developing a hierarchical framework for recogniz-
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ing DF specific to the ATC domain, emphasizing visual attention dynamics

through eye-movement analysis. The scope encompasses the integration

of peripheral vision tracking during multitasking, assessing central vision

engagement by evaluating fixation trajectory overlaps with dynamic alert

regions, rather than relying on a fixed 2° central vision range, to account for

the variable size and position of ATC alerts [24]. The framework is validated

through ATC simulation experiments featuring spatiotemporally uncertain

radar-based warnings, excluding fixed alert regions. An Adaptive Symbolic

Alert Detection method is included to dynamically identify and annotate

radar alerts, supplemented using GPT-4V LLMs to automate the evaluation

of controllers’ visual attention, addressing the challenges of manual label-

ing. The study further develops a fixation coordinate-sensitive feature set,

analyzing fixation trajectories across spatial, frequency, and time domains.

The scope is limited to eye-movement-based DF recognition, explicitly ex-

cluding other physiological signals (e.g., heart rate or EEG) and non-ATC

contexts, ensuring a targeted investigation into visual attention dynamics in

ATC environments.

• A Fixation State-enabled LLM-Enhanced DF Predictor

This study focuses on developing a fixation state-enabled, LLM-enhanced

predictor for DF in ATC, targeting the proactive prediction of diverse DF

types. The scope includes designing a fixation-state transition feature set

to capture pre-alert attentional switching patterns, implementing a novel

LLM-driven Probabilistic Threshold Tuning (L-PTT) method to dynami-

cally adjust class-specific thresholds for improved sensitivity to critical DF



CHAPTER 1. INTRODUCTION 9

events, and conducting experiments to evaluate input feature formats (2D

heatmaps versus numerical tables) and tuning strategies (exhaustive versus

priority-based) to optimize LLM integration. This targeted scope supports

the creation of intelligent, human-centered ATC systems by leveraging fix-

ation data and LLM for adaptive DF prediction.

1.4 Significance

By achieving these goals, this study will advance the following research domains:

• Exploratory research on DF analytics in ATC operations

While practitioners have paid increasing attention to the criticality of DF in

ATC, the exploration of systematic approaches to DF analytics remains un-

derdeveloped. This research positions itself as a pioneering effort to inves-

tigate the theoretical underpinnings of DFmechanisms, particularly through

eye-tracking measurements in ATC environments. By developing stream-

lined fixation-specificmetrics—including fixation-coordinate dynamics dur-

ing alert periods and fixation-state transition features in pre-alert phases—

this study lays a groundwork for DF analytics in ATC operations, opening a

new paradigm for optimizing ATC alert detection reliability and enhancing

aviation safety.

• Development of LLM-augmented analytics for adaptive DF management in

ATC

This research expands the application scope of LLMs by integrating LLM-

driven analytics to provide adaptive insights into DF management in ATC.
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Key advancements include intelligent processing of visual engagement in

alert regions, dynamic learning of relationships between eye movement fea-

tures and predictive probabilities, and adaptive probabilistic threshold tun-

ing for DF prediction. This work establishes a groundbreaking LLM-enhanced

research paradigm that bridges human attentional dynamics with AI-driven

decision-making. By demonstrating LLMs’ potential in safety-critical ATC

operations, the study creates a transformative framework extendable to other

high-stakes domains like autonomous systems and medical diagnostics.

1.5 Structure of the thesis

This thesis comprises six chapters, as illustrated in Figure 1.2.

Chapter 1 introduces the research background, objectives, scope, significance,

and overall structure.

Chapter 2 reviews DF and eye-tracking studies in aviation, discusses class-

imbalance solutions, and identifies research challenges in developing intelligent

ATC support systems. It also examines potential applications of LLMs for DF

analysis.

Chapter 3 establishes a four-phase DF classification framework and identifies

gaze-based indicators. An experimental study validates the proposed model and

examines the effect of warning frequency on DFs, revealing distinct gaze patterns

and achieving robust four-category recognition.

Chapter 4 presents a hierarchical DF recognition framework integrating pe-

ripheral vision and attentional states. It introduces an ATC-specific alert detection

method and an LLM-based visual attention evaluation, achieving high accuracy
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through a novel fixation-aware feature set. A case study validates the framework.

Chapter 5 proposes a predictive approach using fixation-state transition fea-

tures and LLM-based L-PTT method for improved DF prediction. It demonstrates

the advantage of 2D heatmaps over numerical data for feature interpretation and

evaluates threshold strategies through a case study with expert validation.

Chapter 6 summarizes the research contributions, discusses limitations, and

suggests future research directions.

Figure 1.2: Organization of the thesis.



Chapter 2

Literature Review

In this chapter, a comprehensive review of the literature on DF in ATC is con-

ducted, with a focus on cognitive foundations, eye-tracking analytics, and com-

putational solutions. The chapter is structured as follows: Section 2.1 examines

the cognitive and behavioral underpinnings of DF, including conceptual analyses,

empirical approaches, alert detection studies, and identifies prevailing research

gaps. Section 2.2 explores eye movement measurements and their application in

DF analytics, highlighting relevant metrics and persistent challenges. Section 2.3

discusses machine learning solutions for class-imbalanced DF analysis, covering

recognition models, imbalance mitigation methods, potential LLM applications,

and remaining challenges in LLM-augmented DF analysis.

2.1 Cognitive and behavioral foundations of DF

This section explores the cognitive and behavioral underpinnings of DF in ATC,

focusing on related concepts such as IB, change blindness, and mind wandering. It

12
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clarifies their definitions, relationships to DF, and their implications for attentional

lapses in high-stakes environments.

2.1.1 Conceptual analysis of DF

DF in ATC refers to the failure to detect or respond to critical cues, such as radar

alerts, compromising safety. Although DF has not been extensively studied as

a standalone phenomenon in ATC, related cognitive and perceptual failures have

been extensively explored in cognitive psychology and human factors research. As

a human error rooted in cognitive psychology, DF is closely related to IB, where

individuals miss salient, unexpected stimuli due to attentional limitations [9, 11].

However, DF encompasses broader cognitive and perceptual limitations, and its

mechanisms remain underexplored [35, 36]. This section traces the historical de-

velopment of the related phenomena to clarify their interconnections and contribu-

tions to understanding DF. It then evaluates theoretical frameworks to assess their

applicability to DF in ATC’s dynamic context, highlighting the comprehensive fit

of Endsley’s situation awareness model.

The understanding of DF builds on a historical progression of research into

attentional and perceptual failures, which collectively informs its analysis in ATC.

Early studies on selective attention showed that cognitive resources prioritize task-

relevant cues, often at the expense of peripheral information [37]. This laid the

groundwork for IB, where focused attention causes individuals to miss salient, un-

expected stimuli, such as ATC alerts during aircraft monitoring [9, 11]. IB’s close

alignment with DF, due to the unexpected nature of alerts, evolved into research on

change blindness, where attentional disruptions prevent detection of visual scene
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changes, like dynamic radar updates [38]. This progressed to looked-but-failed-to-

see errors, where controllers scan but fail to register critical cues due to cognitive

overload or misprioritization, directly contributing to DF [3, 15]. Subsequent re-

search identified mind wandering, where attention drifts to internal thoughts dur-

ing prolonged shifts, and attentional tunneling, where excessive focus on one in-

formation source neglects others, both exacerbating DF in ATC’s high-pressure

environment [39, 40]. Complementing these, pre-attentive detection via periph-

eral vision describes unconscious processing of stimuli without direct fixation,

driven by covert attention [23]. This automatic detection can mitigate DF by fa-

cilitating reflexive responses but may fail under cognitive overload, contributing

to DF’s complexity. Collectively, these phenomena—termed degraded states of

engagement by [39]—highlight a progression from general attentional filtering to

specific failures in dynamic, safety-critical environments, providing a conceptual

foundation for analyzing DF in ATC.

Theoretical frameworks provide structured approaches for linking these phe-

nomena to model DF’s cognitive underpinnings in ATC. Signal detection theory,

developed by [41], models detection tasks as decisions under uncertainty, where

DF results from high detection thresholds or low sensitivity to signals amidst

noise. In ATC, SDT explains how controllers may fail to classify radar signals

as critical due to workload or ambiguous cues [35]. Visual information process-

ing models, which describe how sensory input is filtered and prioritized, high-

light the role of pre-attentive visual selection in DF, where irrelevant stimuli may

overshadow critical ones [37]. Similarly, the theory of early visual processing

[42] posits that early visual mechanisms optimize information encoding, but fail-

ures in this process, such as inefficient feature extraction, can contribute to DF
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in complex visual fields like ATC displays. While these models offer valuable in-

sights, Endsley’s situation awareness model [43] is particularly suited for ATC due

to its focus on dynamic, multi-level cognitive processing. The SA model delin-

eates three levels—perception (Level 1), comprehension (Level 2), and projection

(Level 3)—and frames DF as a breakdown in perceiving cues (e.g., due to IB or

failed pre-attentive detection), comprehending their significance (e.g., looked-but-

failed-to-see errors), or anticipating future states (e.g., attentional tunneling ormis-

detection) [14, 44]. Unlike SDT, which focuses narrowly on detection thresholds,

or visual processing models, which emphasize low-level perceptual mechanisms,

the SA model captures the holistic cognitive demands of ATC, where controllers

must integrate multiple information sources under time pressure [13]. This makes

it uniquely effective for analyzing DF’s cognitive roots and guiding interventions

in safety-critical contexts.

By tracing the historical development of attentional and perceptual failures and

grounding them in theoretical models, this section establishes a robust framework

for understanding DF in ATC. IB, pre-attentive detection, and related phenom-

ena provide multifaceted mechanisms for analyzing DF’s cognitive roots, while

Endsley’s SA model stands out for its ability to integrate these phenomena into

a cohesive model of cognitive performance in dynamic environments, offering a

foundation for subsequent analyses of eye movement metrics and predictive mod-

eling in ATC.
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2.1.2 Empirical approaches to analyze DF

Early studies on DF in ATC relied on self-reporting and retrospective analyses to

identify perceptual and cognitive failures, including IB and other detection errors

[11]. For example, Shorrock interviewed 28 ATC controllers and analyzed 48 air-

craft proximity incidents, classifying errors like late detection and misdetection

through subjective accounts, providing a foundational taxonomy for DF [3]. Ad-

ditionally, post-experiment questionnaires were used in a simulated flight task to

identify failures to notice objects during distracting tasks [5], highlighting the role

of divided attention in DF. Similarly, targeted questionnaires were employed in

driving scenarios to assess failures to detect incongruent objects, linking task rel-

evance to detection errors [45]. Subjective reports with behavioral metrics were

supplemented, observing failures to perform operations in ATC notifications as

indicators of DF [35]. Load theory [46] was tested in a subitizing task, using per-

formance metrics to explore how excessive perceptual load leads to DFs, relevant

to ATC’s high-cognitive-demand environment [47]. Moreover, the research team

of Anderson investigated habituation to security warnings, using questionnaires

and behavioral responses to show how repeated exposure reduced detection rates

[48, 49]. These methods, while critical for establishing DF’s cognitive underpin-

nings, were limited by recall biases and the inability to capture dynamic perceptual

processes, necessitating more objective approaches.

The limitations of subjective methods prompted a shift to objective physio-

logical measurements, with eye-tracking emerging as a practical, non-invasive

tool widely adopted for studying attentional processes in DF. Eye-tracking was

applied in simulated aviation tasks to confirm DFs, measuring fixation patterns
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to complement questionnaire-based findings [50]. For instance, longer fixation

duration were demonstrated to be associated with stimuli detection, highlighting

eye-tracking’s ability to quantify attention allocation [51]. In sustained detection

tasks, research revealed dissociations between looking and perceiving, critical for

understanding DF in ATC [52]. Blink rate patterns was linked to engagement

levels, offering a measurable indicator of attentional lapses relevant to DF [53].

Other physiological methods, such as EEG, have also been explored in contexts

like cybersecurity [49], ATC stress [54, 55], and mind-wandering [56], but eye-

tracking’s non-intrusive nature and ease of application in ATC settings have made

it a preferred method [20]. Given its practical advantages and widespread use, this

study focuses on eye-tracking to analyze DF’s attentional mechanisms, as detailed

in subsequent sections.

2.1.3 Studies on alert detection in ATC

Research on alert detection in ATC focuses on optimizing visual warning designs,

addressing auditory warning annoyance, and evaluating warning frequency to mit-

igate DF and enhance situational awareness. Existing research emphasized that vi-

sual alerts, such as radar display signals, are critical for conveying hazard-specific

information in ATC’s dynamic environment, requiring clear and consistent designs

to ensure effective attention allocation [36]. However, frequent visual signals like

Conflict Alerts (CA) and Minimum Safe Altitude Warnings (MSAWs)are often

missed during high workload [19], contributing to DF when excessive alerts erode

trust, as seen in the “cry wolf” effect [57]. Auditory alerts exacerbate this issue,

with Friedman-Berg et al. (2008) reporting that 62% of CAs and 91% of MSAWs
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in en route settings are perceived as unnecessary, causing annoyance and desen-

sitization that impair responsiveness [22]. It is demonstrated that semantic visual

alerts, providing context-specific information, significantly reduce response times

and enhance situational awareness for critical events like Short Term Conflict

Alerts, outperforming annoying acoustic alerts [58, 59]. Proactive visual warn-

ing systems in virtual environments improve hazard detection without disrupting

task performance, suggesting potential for real-time ATC applications [60]. Re-

lated studies on warning frequency highlight its impact, with frequent warnings

linked to information overload and reduced detection rates [61], and incomplete

warning information impairing decision-making in control settings [62]. Exces-

sive warnings can also erode trust, leading operators to deprioritize alerts [63].

These findings support the need for further research on the impact of continuous

versus selective warning strategies on DF and situational awareness, underscor-

ing warning frequency as a critical direction for designing human-centered visual

alerts to optimize attention and minimize auditory-induced annoyance in ATC’s

safety-critical context.

2.1.4 Remaining gaps in DF research

A comprehensive theoretical framework of DF remains understudied, lacking sys-

tematically classify its diverse error mechanisms. Objective analysis methods, like

eye-tracking, have shown promise for detecting attentional lapses but are rarely

applied to study DF specifically in ATC’s high-stakes environment. Furthermore,

excessive warnings also erode operator trust, exacerbating DF risks, yet effects

of dynamic alert designs adjusting frequency on DF occurrences are underdevel-
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oped. Integrating eye-tracking with warning frequency analysis to examine DF in

the context of ATC alerts is a critical gap, offering a vital direction for developing

human-centered, objective approaches to DF analytics.

2.2 Eye movement measurements and insights into

DF analytics

Eye-tracking is a critical tool for studying attentional lapses relevant to DF in ATC,

where controllers may miss vital cues like radar alerts, risking safety. Although

direct eye-tracking studies on DF in ATC are scarce, research on related attentional

processes—such as IB, perceptual overload, fatigue, and distraction—offers valu-

able insights [64]. This section synthesizes how eye-tracking metrics, particularly

fixation duration, frequency, and scanpath trajectories, have been applied to these

contexts, and discusses challenges in adapting these approaches to ATC’s dynamic

environment.

2.2.1 Eye-tracking analyses relevant to DF

Eye-tracking research, while limited in directly addressing DF in ATC, provides

critical insights into attentional lapses such as IB, high workload, and fatigue,

which are relevant to missed detections in safety-critical settings [28]. Early stud-

ies on IB demonstrated that fixation patterns are key indicators of DFs, as indi-

viduals may look at stimuli without perceiving them [65]. It is found that both

noticers and non-noticers fixated on unexpected objects in dynamic tasks, but only

those with sufficient cognitive processing registered them, suggesting that fixation
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alone does not guarantee detection, a critical concern for ATC controllers scanning

radar displays [52]. Similarly, a study showed that stimuli crossing the fovea were

missed without adequate fixation duration, emphasizing the need for sustained

attention to critical alert zones in ATC [51]. Building on this, Krueger et al. re-

vealed that microsaccade rates decrease under high visual attention demands, dis-

tinguishing “looking” from “seeing,” which could help identify DF events where

controllers fail to process alerts despite gazing at them [66].

These findings extend to workload and fatigue, which further exacerbate atten-

tional lapses in ATC’s demanding environment. Ranti et al. linked reduced blink

rates to higher engagement with visual content, while increased blink duration sig-

naled disengagement in prolonged tasks [53]. High workload compounds these

issues, as shown by [67], who used spatial density and fixation duration to demon-

strate that expert users focus more efficiently on critical areas in electronic medical

record tasks, a principle applicable to optimizing ATC display monitoring. Eye-

tracking metrics like blink behavior and head movements outperformed vehicle-

based features in detecting driver drowsiness, suggesting that direct monitoring of

fixation patterns could enhance DF detection [68]. In complex visual tasks, Krejtz

et al. used scanpath aggregation and transition matrix entropy to reveal focal atten-

tion in experts, contrasting with ambient scanpaths in non-experts, highlighting the

need for consistent scanpaths to maintain situation awareness [69]. Similarly, it is

showed that fixation patterns predict lane-change intentions in driving, indicating

that guided saccades could improve attention to critical cues in multi-screen in-

terfaces [70]. These studies collectively underscore fixation duration, frequency,

saccades, scanpaths, and blinks, often analyzed via Areas of Interest (AOI), as

pivotal for detecting attentional lapses. By modeling these metrics, eye-tracking
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can inform strategies to mitigate DF in ATC, supporting real-time monitoring and

adaptive interventions for safety-critical tasks.

To anticipate DF in ATC, eye-tracking studies highlight fixation duration as

the primary metric for assessing attention states, with saccades and pupil diameter

providing complementary insights into cognitive readiness for detecting critical

signals [71]. Specifically, Holmqvist et al. emphasized that fixation durations,

typically ranging from 200–500 ms in tasks like reading and scene perception,

reflect cognitive processing depth, with shorter durations (100–200 ms) indicat-

ing rapid scanning of familiar stimuli, and longer ones (over 500 ms) signaling

complex processing [72]. In addition, research found that fixation durations in

reading (200–400 ms) increase to over 500 ms for complex texts, suggesting that

prolonged fixations before an alert may indicate cognitive overload [73]. In scene

perception, Pannasch et al. [74] noted that shorter fixations (100–200ms) correlate

with exploratory scanning, while longer fixations (300–500 ms) reflect focal at-

tention, implying that pre-alert fixation patterns could predict whether controllers

are primed to detect alerts. Negi et al. [32] further showed that in subtitle learning,

fixation durations shift from 100–200 ms for quick scans to over 500 ms during

confusion, with saccade amplitude and pupil dilation indicating shifts in attention

intensity. These metrics, analyzed via AOI, suggest that shorter fixations and re-

duced pupil dilation before alerts may indicate low engagement, while prolonged

fixations and larger saccades reflect heightened attention, offering a pathway to

anticipate DF in ATC by monitoring pre-alert attention states.
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2.2.2 Remaining challenges in eye-tracking for DF analysis

Current eye-tracking research often focuses on specific attentional lapses, such as

those due to IB, workload or fatigue, using metrics like fixation duration or blink

rate, but distinguishing multiple attentional lapses underlying DF in a unified clas-

sification system remains underexplored. Developing a streamlined feature set of

eye movement metrics to differentiate diverse DF causes is challenging yet critical

for practical ATC applications [75]. Additionally, traditional AOI-based analyses,

as used in [20, 52, 76], rely on fixed regions like alert zones, which are less ef-

fective in ATC’s dynamic, spatiotemporally uncertain alert patterns [3]. Static

AOI methods struggle to capture attention in unpredictable interfaces, necessi-

tating more effective metrics focusing on visual tracking and attention scope to

enhance DF analysis in ATC’s complex environment.

2.3 Solutions for class-imbalanced DF analysis us-

ing LLMs

This section reviewsmodels for DF recognition and prediction, methods to address

class imbalance in DF datasets, potential applications of LLMs for DF analysis

and imbalance mitigation inspired by recent literature, and remaining challenges,

particularly in leveraging LLMs for adaptive DF analysis in ATC’s dynamic envi-

ronment.
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2.3.1 Models for DF recognition and prediction

Recent studies have employed a range of machine learning and deep learningmod-

els to analyze eye-tracking data, focusing on metrics like fixation patterns, blink

behavior, and gaze dynamics to identify these lapses. For instance, convolutional

neural network-based approaches have been used to predict eye fixation locations

in dynamic environments like driving, which is relevant to modeling scanpath tra-

jectories on ATC radar displays [27, 65]. However, such models primarily predict

eye fixations and are less suited for directly identifying DF types, as they focus on

intermediate eye movements rather than attentional outcomes.

In contrast, models designed for the classification of attentional states or task

performance have shown robust applicability for recognition and prediction. These

models leverage eye-tracking features to detect cognitive states, such as fatigue or

loss of situation awareness [26, 76, 77]. For example, support vector machines

have been applied to identify fatigue-related lapses by analyzing blink behav-

ior and head movements in driving contexts [68]. Similarly, ensemble methods

like random forest have been used to predict stress-related performance lapses in

industrial tasks, integrating eye-tracking with neurophysiological data [78, 79].

Advanced architectures, such as Transformer-based models combined with multi-

layer perceptrons, have also emerged for classifying cognitive states like reading

comprehension, offering potential for DF analysis by modeling multimodal eye-

tracking and EEG data [80–82]. Additionally, specialized models like LSTMwith

attention mechanisms and convolutional networks have been developed to cap-

ture structured gaze dependencies and local dynamics, enhancing eye movement

recognition relevant to DF [83, 84]. While a variety of models, including support
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vector machines, gradient boosting methods, neural networks, and Transformer-

based architectures, have been identified as effective, their selection depends on

the specific DF mechanism and task context, underscoring the need for tailored

approaches in ATC’s dynamic environment.

2.3.2 Methods for addressing class imbalance

Class imbalance, where DF events are rarer than routine successful detections,

poses a significant challenge for developing robust DF analysis models. Cur-

rent approaches to mitigate this issue can be categorized into three main areas:

data-level methods, algorithmic methods, and post-processing techniques, each

addressing the skewed distribution of DF events in distinct ways. Data-level meth-

ods which modify the dataset to balance class representation, are widely used as a

basic pre-processing step, with oversampling techniques being particularly com-

mon. Oversampling methods like Synthetic Minority Over-sampling Technique

(SMOTE) [85] generate syntheticminority class samples to balance datasets, while

Adaptive Synthetic Sampling (ADASYN) [86] focuses on creating samples near

challenging boundary instances, improving sensitivity to rare DF events. Brandt

and Lanzén [87] compared SMOTE and ADASYN across imbalanced datasets,

finding that both improve classifier performance, though SMOTE often outper-

forms ADASYNwith support vector machines as class imbalance increases, while

both enhance random forest performance similarly. Undersampling, which re-

ducesmajority class samples, and ensemble-based samplingmethods like EasyEnsem-

ble [88], which use balanced bootstrap sampling to create multiple balanced sub-

sets for training, are also employed, though less frequently than oversampling due
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to potential information loss. Algorithmic methods adjust model training to pri-

oritize minority classes. For instance, class-weighted objectives [89] modify loss

functions to assign higher penalties to misclassifications of rare DF events, en-

hancing detection accuracy. Additionally, Bayesian optimization techniques are

introduced [90], such as Bayesian Optimization with HyperBand (BOHB) [91]

and Bayesian Optimization with Tree-structured Parzen Estimator (BO-TPE) [92],

which combine Bayesianmodeling with early-stopping and tree-structured density

estimation to optimize hyperparameters for imbalanced datasets, improving model

performance on rare events.

Post-processing techniques play a critical role in optimizing model outputs

for imbalanced DF datasets, particularly through threshold adjustment methods,

which serve as a key baseline for detecting rare events like missed alerts in ATC.

Probability calibration [93] adjusts predicted probabilities to align with true class

distributions, improving the reliability of DF detection. Threshold adjustment us-

ing Receiver Operating Characteristic (ROC) / Precision-Recall (PR) analysis [94]

or grid search [34] optimizes metrics like F1-score or Youden’s index, enabling

precise identification of DF events despite their rarity. These static methods are

essential for establishing robust performance benchmarks to enhance DF analysis

in ATC’s dynamic environment.

These approaches can enhance the ability to model rare DF events, but their

effectiveness depends on dataset characteristics and task context. The choice of

methods requires careful consideration of trade-offs, such as information loss in

undersampling, with post-processing techniques providing a critical foundation

for optimizing detection performance.
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2.3.3 Potential applications of LLM for DF analysis and class

imbalance

Although LLMs have not been applied to DF analysis or class imbalance issues,

recent studies in related domains suggest their potential for analyzing complex

eye-tracking patterns and providing decision-making support [29]. For instance,

LLMs can process images and leveraging their contextual reasoning to assign la-

bels, as shown in chest X-ray analysis where LLMs combined with gaze heatmaps

improved diagnostic accuracy [95, 96]. This ability extends to integrating multi-

modal data, such as eye-tracking and EEG, to classify cognitive states, with studies

achieving over 60% accuracy in word-level neural state classification during read-

ing comprehension [80, 81]. Similarly, LLMs have been used to synthesize con-

ditioned traffic data for autonomous driving simulations [97] and accident inves-

tigation [98]. In task-oriented contexts, LLMs have simulated human-like coordi-

nation, integrating gaze and situational data to predict behavioral outcomes, adapt-

able to ATC’s dynamic environment [99]. Furthermore, LLMs support decision-

making by generating actionable recommendations, such as dynamic word cards

for communication based on gaze patterns [100] or context-aware pilot monitor-

ing to prevent out-of-the-loop states [20]. These capabilities are complemented by

LLMs’ ability to provide fine-grained reasoning, as seen in [80, 101] and medi-

cal diagnosis with knowledge-based prompts [102]. For instance, LLM-powered

robots have shown promise in enhancing human-robot interaction by adapting to

gaze-driven cognitive states [103]. By leveraging these strengths, LLMs could

enable adaptive threshold adjustment for class imbalance through modeling rela-

tionships between sparse data points and probabilistic outcomes, though practical
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ATC applications remain unexplored, highlighting a critical research gap.

2.3.4 Remaining challenges in class-imbalanced DF analysis

Despite advances, significant challenges persist in applying models and LLMs to

DF analysis in ATC. The absence of LLM-based approaches for DF analysis and

class imbalance is a critical gap, as their contextual modeling capabilities could

enable adaptive threshold adjustment for rare DF events, yet few studies have ex-

plored this in ATC. Dynamic threshold adaptation remains challenging, as static

methods like ROC analysis [94] struggle with relationship learning between eye

movement patterns and predictive probability, requiring adaptive probability ad-

justments. Developing an intelligent predictor leveraging LLMs for adaptive eye

movement data analysis, remains a critical area for in-depth investigation in ATC

safety.



Chapter 3

Situation awareness-based

theoretical analytics of DF

In this chapter, a situation awareness-based theoretical framework is proposed to

analyze DF in ATC. The study establishes a gaze-behavioral DF classification

and examines how warning frequency influences operators’ visual patterns and

error types. The structure of this chapter is organized as follows: Section 3.1

presents the research motivation and identifies key challenges in DF analytics.

Section 3.2 introduces the methodology, including the proposed DF classifica-

tion, experimental design for DF induction, gaze data collection procedures, and

analytical approaches for recognizing DF types. Section 3.3 presents the results,

highlighting gaze dynamics across DF types and warning frequencies, recognition

performance, and feature importance analysis using SHAP. Finally, Section 3.4

discusses the implications of these findings.

28
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3.1 Background

3.1.1 Motivation

Numerous ATC incidents arise from overlooking potential safety risks due to op-

erators’ focused awareness being limited to only a small subset of the visual en-

vironment [2]. An automated early warning system, communicating warnings of

varying urgency levels to ATCOs via a human-computer interface, is therefore in-

dispensable [104]. There is a crucial requirement for humans operating inATC: the

capacity to responsibly process meaningful information from an automated warn-

ing system, even in the absence of immediate action [105]. However, while the

control support tools may reduce the likelihood of human errors, the introduction

of new tasks could also bring new sources of cognitive errors [106]. For instance,

there are excessive warnings in the ATC domain, as missing is normally much

more terrible than false alarms or unnecessary alarms in ATC. Evidence from the

terminal environment indicates that 44% of conflict alerts and 61% of minimum

safe altitude warnings were assessed as not necessitating intervention from AT-

COs [22]. Under the situation of excessive warnings, operators might overlook

or deprioritize the unexpected warnings, leading to a heightened risk of DF to the

warnings [107].

Given the severe implications of DF, considerable attention has been paid to

DF recognition, intervention design, and reduction [21, 24, 108]. Recognizing

DF is a crucial initial step, serving as a reactive strategy to alert ATCOs about ig-

nored or misunderstood warnings. A cognitive strategy framework for DF detec-

tion, comprising awareness-based and planning-based detection mechanisms, has

been proposed in the literature [109]. Nevertheless, traditional DF identification
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methods, like self-reporting and retrospective analysis, are subjectively limited,

as noted by [11]. Recent studies have shifted to objectively assessing physiologi-

cal aspects such as eye movements and brain activities during monitoring [17, 75,

110]. For instance, research has examined the extent of visual processing and con-

sciousness in scenarios lacking attention and awareness, as well as the correlation

between visual parameters and ATCOs’ monitoring behaviors related to automa-

tion failures [111, 112]. However, few studies have focused on the importance of

the DF concept and its recognition using the eye-tracking technique in the ATC

industry.

In this chapter we aim to reveal the effective DF indicators and recognize DF

through the eye-tracking technique. This idea is supported by prior studies that

collectively underscored eye-tracking as a non-intrusive tool for assessing oper-

ators’ visual attention [113]. Vision is a vital channel for human-computer in-

teractions in cognitive tasks, especially in supervisory functions. For example,

[2] discussed the pivotal role of visual awareness in human-computer interface

design, highlighting how the limitations in our perception can lead to significant

DFs. Besides, [25] demonstrated the notable eye movement patterns linked to the

degraded states of engagement. [114] also confirmed that the relations between

saccade peak velocity and the first view time are affected by cognitive states.

3.1.2 Challenges

To achieve gaze-based DF recognition, several challenges have to be addressed.

First, few studies have classified DF systematically. DF is associated with the

complex interaction between human situational awareness and decision-making
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behaviors, classifying it aids in understanding its nature, causes, and potential im-

pact, enabling targeted mitigation strategies. Based on Endsley’s situation aware-

ness theory, warning detection involves three phases: perception (perceiving a

warning), comprehension (understanding the warning), and projection (foresee-

ing potential risks) [30, 31]. Disruption in the three stages would induce different

DF types, each necessitating specific countermeasures. Specifically, it is termed

as ordinary blindness (OB) when warnings are completely overlooked, indicating

a need for improved displays [19]. Look but fail to see (LBFTS) error, caused by

gaps in the awareness of the perceived warnings, has no response and suggests

reducing cognitive load [7]. Misinterpretation (MI) condition involves processing

but misunderstanding warnings, causing erroneous foresight of warnings and thus

necessitating enhanced training [21]. Hence, distinguishing these DF types is cru-

cial for developing targeted interventions. Second, the warning frequency would

affect gaze movements and thus should be considered during data collection, as

evidenced by increased missed warnings among ATCOs during excessive warning

periods [19]. Third, identifying suitable gaze-based DF indicators is challenging

due to the inherent connection between gaze patterns and the detection process.

Fixations and saccades, essential to visual search and decision-making, often over-

lap with successful detection, making it difficult to distinguish between DFs and

routine visual processing [72]. Additionally, gaze patterns related to DF are sub-

tle and vary across individuals, further complicating the identification of consis-

tent indicators [115]. Finally, the complex interplay between DF and eye move-

ments necessitates the careful selection of an optimal machine-learning method

from a wide array and an in-depth analysis of feature significance. Hence, re-

cently widely applied machine learning and feature importance methods may be
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utilized for recognition [28, 76].

3.1.3 Objective

To address the above challenges, a four-phase framework is proposed, includ-

ing gaze-behavioral DF classification, DF induction experiment, gaze dynamics

across various DFs and warning frequencies, and DF-type recognition and analyt-

ics. In the initial phase, we define detection types based on subjects’ visual and

behavioral responses, classifying them into correct detection and three DF types.

Following this, a DF induction experiment simulates basic ATCOs’ tasks by re-

quiring participants to monitor aircraft [21] and respond to two types of warning

frequencies, continuous and interval warnings. The third phase involves gaze pat-

tern analysis across DF types and the impact of warning frequency on DF types

reflected by gaze patterns. In this phase, we test the following two hypotheses:

H1: different DF types have significantly different gaze patterns. H2: warning fre-

quency can significantly affect the gaze patterns under distinct DF types. The final

phase applies three basic and four advanced tree-based machine learning models

for detection type recognition. Upon identifying the optimal model, Shapley Ad-

ditive Explanations (SHAP) are employed for model interpretation and feature

importance analysis [28]. In this phase, we test the following hypotheses: H3:

the gaze features and warning frequency can be used to recognize four detection

types.

This chapter establishes a basis for DF classification and DF-type recognition

through eye movements, enriching our understanding of attentional and cognitive

dynamics in ATC. It also guides the development of targeted strategies to mitigate
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these DF-induced issues in ATC and similar monitoring-intensive fields. More-

over, by understanding how warning frequency influences DF-type recognition,

our findings provide scientific references for ATCmanagement in automatic warn-

ing system design, thereby enhancing visual warning detection, and ultimately im-

proving human-computer interaction in aviation.

3.2 Methodology

In this study, we aim to systematically classify DF and identify the specific causes

and key indicators of each type through an experimental and analytical frame-

work. The framework, depicted in Figure 3.1, outlines the four-phase experimen-

tal and analytical process, illustrating the flow from DF classification and exper-

iment setup to final recognition and analysis. The subsequent sections will detail

each phase of this framework. To establish a clear foundation for this process, we

formalize the study’s objectives mathematically. Let xi,e ∈ Rn represent the eye-

tracking features of participant i for event e, with yi,e ∈ {OB,LBFTS,MI,CD}

denoting the corresponding DF type label. The classification model f is optimized

to capture the differences between DF types and select the best-performing model

by maximizing evaluation metrics including accuracy, precision, recall, and F1-

score. This can be expressed as:

f ∗ = argmax
f

N∑
i=1

Ei∑
e=1

M(f(xi,e), yi,e)

whereM represents the evaluation metrics. The distinct gaze patterns among the

DF types are further validated through statistical analysis and SHAP-based feature
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importance evaluation, ensuring a clear differentiation between these DF types.

Figure 3.1: Flowchart illustrating the four-phase framework for DF classification
and recognition.

3.2.1 Gaze-behavioral DF classification

Endsley’s situation awareness theory outlines a three-phase detection process –

perception, comprehension, and projection – which aligns with the typical stages

where DF occurs in complex and dynamic environments like aviation [30]. Specif-

ically, perception refers to the detection of a stimulus in the environment, compre-

hension involves the awareness of this stimulus to understand the current situation,

and projection is the ability to foresee future states of the environment based on

the understanding of the stimulus. These stages collectively contribute to effec-

tive detection and decision-making, particularly in dynamic contexts where rapid

response to changes is crucial [116]. As shown in Figure 3.2, according to the

three-phase detection process, DF can be categorized into three types through

gaze and behavioral responses. Specifically, when an unexpected warning ap-

pears, instances, where subjects concentrate on a single task and fail to visually
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Figure 3.2: The proposed gaze-behavioral DF classification based on Endsley’s
situation awareness theory.

fixate on the warnings, are categorized as ordinary blindness (OB) to warnings

[117]. Subsequently, instances, where an individual perceives warnings but fails

to cognitively process and comprehend them are classified as look-but-fail-to-see

(LBFTS) errors [7]. It indicates that the subjects perceive the new warning, but

they are unaware of it and thus do not cognitively comprehend it. Since com-

prehension is a covert cognitive activity and difficult to be observed directly, we

infer its occurrence through participant responses with the explicit instructions that

require subjects to report any warning perceived [118]. Furthermore, if subjects

fail to accurately judge the warning’s attributes or potential consequences, leading

to flawed risk projections about future events, this is defined as misinterpretation

(MI). This is consistent with [119], who highlight that misinterpretation of critical

cues in dynamic environments often leads to faulty situation awareness and inac-

curate predictions of future events. Finally, if the subject perceives and correctly

records the warnings, this is defined as correct detection (CD). Due to different

circumstances and attribution, clearly distinguishing DF types in studying DF in-

dicators and DF mechanisms is necessary and valuable for developing efficient
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interventions accordingly.

3.2.2 DF induction experiment

3.2.2.1 Participants

An experiment was conducted at the Hong Kong Polytechnic University to collect

data and demonstrate the proposed framework. The research protocol underwent

rigorous review and received approval (HSEARS20211117002), adhering to the

institution’s ethical standards and guidelines. Twenty-six postgraduate students

from The Hong Kong Polytechnic University, aged 20 to 30 years (M=25.65,

SD=2.69), were recruited. They were selected based on their training in basic

airspace monitoring and warning recognition, ensuring they had the necessary

task-related skills. As the experiment involved simplified and abstract interface

monitoring tasks, participants without prior experience as traffic controllers were

appropriate for the study [21]. All participants had either normal or corrected-to-

normal vision. Informed consent was obtained from all participants prior to the

commencement of the experiment, as shown in Appendix 6.2 and 6.2.

3.2.2.2 Apparatus

In the methodological framework of this study, a desktop computer with a 27-inch

monitor (1920*1080 pixels) was paired with a Gazepoint 3 (GP3) eye-tracking

apparatus to gather intricate eye movement metrics, as depicted in Figure 3.3. The

eye tracker software starts and runs with an extra laptop, which is connected to the

monitor by HDMI. The GP3 is a desktop-integrated eye-tracking system, capable

of recording a diverse range of eye movement metrics at a temporal resolution of
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60 Hz. It targets the subject’s eyes from an upward direction, ideally positioned

30 cm below the eye level and at a distance of 65 cm.

GP3 eye tracker 

and software

Desktop computer 

with a 27-inch monitor

Figure 3.3: Experiment setting.

3.2.2.3 Experiment procedures

The research was conducted through systematically organized procedures to en-

sure accurate and reliable results, including five phases: introduction, training,

practice, break and eye tracker calibration, and formal experiment, as shown in

Figure 3.4.

Introduction Participants are initially introduced to the overarching objectives

and methodologies of the research. This foundational step ensures a uniform base-

line understanding of the study’s context across participants.

Training The training process consisted of two key stages: familiarization with

aircraft types and labels, and identification of various warning types. In the 40-

minute training phase, subjects receive instruction on the types of aircraft in the

Endless ATC platform, a realistic and interactive ATC simulator designed to pro-

vide a user-friendly environment for simulating airspace management tasks, as de-
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Figure 3.4: Experiment procedures.

scribed in [120]. It allows users to manage multiple flights in a dynamic airspace

by providing functionalities such as radar separation monitoring, altitude control,

and direction adjustments. The platform’s capability to generate complex scenar-

ios and warnings makes it ideal for studying DFs and human response patterns in

a controlled environment.

In the 40-minute training phase, participants first learned to differentiate be-

tween two main types of aircraft: take-off planes with purple labels (leaving the

airspace) and landing planes with green labels (entering the airspace). They were

also familiarized with key flight label parameters, such as aircraft number, alti-

tude, speed, destination, and whether it was classified as heavy (denoted by an ’H’

indicating increased separation during landing). Next, participants were trained

to recognize 8 types of warnings. Two emergency warnings (radar separation and

area restriction breaches) appeared in red text, while six general warnings (airspace

entry, climb requirements, landing issues, detours, delays, and airspace exit) were
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displayed in blue text. To evaluate their understanding, participants completed a

25-question warning identification test, where each question presented a randomly

ordered warning scenario, and participants had to identify its type correctly. All 25

questions needed to be answered correctly before advancing to the experimental

phase. To further clarify, we have included a table in the Appendix (see Table 6.1)

that outlines the warning examples corresponding to questions used in the test.

Practice After training, participants had a short practice phase. They engaged

in tasks similar to those in the formal experiment phase, ensuring that they were

ready for the formal experiment.

Break and eye tracker calibration Following the practice session, participants

can take a break and then the experimenter set up and calibrated the eye tracker

for each participant to ensure data accuracy. Subsequently, the participants tran-

sitioned into the main experiment, applying the procedures and tasks they had

become familiar with during the practice phase.

Formal experiment In the formal experiment, subjects completed a 50-minute

airspace monitoring of the main task and handled the unexpected warnings during

the supervision. This duration was chosen to allow for sufficient data collection

on DF while avoiding mental fatigue, which could introduce the confounding ef-

fects of fatigue-related increases in DF, making it harder to determine whether

DF results from normal cognitive processes or mental exhaustion [121]. Detailed

information about the tasks is shown below.
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Airspace monitoring task. As shown in Figure 3.4, the experimental inter-

face can be divided into three main areas, including the airspace monitoring area,

warning display area, and warning-recording area. In practice, monitoring the

radar screen and tracking the position, altitude, and speed of the aircraft are the

basic tasks of ATCOs. Therefore, in this experiment, airspace monitoring is the

subjects’ main task. They need to supervise the aircraft in the airspace, recording

the number of aircraft entering the airspace and the number of ordinary and heavy

(H) aircraft successfully taking off and landing. Therefore, on the right side of the

radar screen, there are five recorded contents, namely plane entering, successful

take-off, successful take-off with H, successful landing, and successful landing

with H.

Unexpected event handling. During the interface monitoring task, unex-

pected events were simulated through triggered warnings. In this experiment, re-

ceiving and recording warnings represented the handling of these events. If par-

ticipants forgot the warning type, they could select the ”others” button, indicating

their attempt to comprehend the alert. To ensure exposure to various warning types

and analyze participants’ responses, a 50-minute ATC video was pre-recorded us-

ing the Endless ATC platform. It allows participants to perform a radar supervi-

sion task by monitoring the video. As depicted in the DF induction experiment

phase shown in Figure 3.1, pre-experiment recording was conducted and critical

aircraft control actions, such as altitude, speed, and heading, were designed to

trigger warnings at random intervals, replicating unexpected real-world scenarios.

All the eight types of warnings shown in Table 6.1 in Appendix I were induced in

this video and shown in the recording area. Besides, only one warning appeared
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at a time, lasting for 10 seconds. The 10-second display time, supported by [22],

who found that controllers need 10-12 seconds to recognize and respond to alerts,

was also confirmed as sufficient in our practice phase for subjects to perceive and

record the warnings. This duration was thus adopted as the fixed analysis win-

dow, ensuring it captured the complete behavioral response cycle while provid-

ing a standardized timeframe for comparing time-sensitive eye-movement metrics

(e.g., the first view time) across all trials. Each participant was exposed to 189

warnings over the 50-minute duration, reflecting the high frequency of alerts seen

in real-world ATC environments [19] and ensuring sufficient data collection on

DFs, which are rare occurrences.

3.2.2.4 Warning frequency settings

Two types of warning frequency are set in the experiment, including continuous

warnings and interval warnings, as shown in Figure 3.5. Continuous warnings

can be defined as a subsequent warning that occurs immediately after a preceding

warning, potentially overwhelming the operator’s capacity to adequately respond

to the primary task and unexpected warnings. By comparison, the subsequent

warnings that appear at random intervals after the previous warning are regarded

as interval warnings. Throughout the 50-minute experimental duration, partici-

pants were exposed to 189 warnings, comprising 68 continuous and 121 interval

warnings. This continuous warning scenario is less intense compared to actual

ATC situations where three or more consecutive warnings might occur.
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Figure 3.5: The settings of two types of warning frequency.

3.2.3 Gaze data collection

In the experiment, DFs were categorized based on subjects’ gaze and response to

warnings, as shown in Figure 3.6. OBwas identified when there was no fixation on

the warnings, indicating a complete miss. LBFTS occurred when subjects fixated

on the warnings but failed to record them. MI errors were noted when subjects

fixated on and recorded the warnings, but the recording was incorrect. Correction

detection (CD) was achieved when subjects fixated on the warnings and recorded

them accurately. Eye movement data were collected for each of the above four

detection types. In cases of CD and MI, where subjects perceived and recorded

the warnings, eye movements were tracked from the warning’s appearance to its

recording. For OB and LBFTS instances, where warnings were either perceived

or responded to, eye movements were collected for the entire 10-second warning

display duration.

After collecting the gaze data, the widely used eye-tracking features were ex-

tracted, including fixation count (FC) and fixation duration (FD) on the warning
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Figure 3.6: The eye movement data collection of different DF types during the
experiment.

display area, the first view time (FVT) to the warnings, blink frequency (BF), mean

saccade amplitude (MSA) and mean pupil diameter (MPD) in millimeters during

the warning period. Besides, MPD includes mean left pupil diameter (MLPD) and

mean right pupil diameter (MRPD).

After collecting the eye movement data, we applied the baseline normalization

method to reduce individual differences in pupil diameter and blink frequency.

Specifically, we consider the task-evoked pupillary response as the input of MPD.

First, we set the baseline of MPD, which is in the thirty seconds after five min-

utes from the start of the experiment. Then, we compare the pupil diameter when

the stimulus appears with that of the baseline, and the change between them is a

task-evoked pupillary response. Similarly, we compare the BF when the stimu-

lus appears with that of the baseline of BF, and the change between them is the

task-evoked blink response.
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3.2.4 Gaze dynamics across various DFs and warning frequen-

cies

For statistical analysis, we consolidated the samples on a per-participant basis,

producing a mean value for each individual before proceeding with significance

testing. This approach is taken to ensure that the statistical significance is not ar-

tificially exaggerated by the larger number of samples. Meanwhile, samples from

the same participant might be correlated with their unique behaviors and charac-

teristics. Therefore, by averaging the data per participant, our results reflected true

patterns rather than random variation within subjects and maintained the integrity

of our statistical tests.

In our study, we compared the visual features under four detection scenarios

(i.e. OB, LBFTS, MI, and CD). Initially, we employed the one-way Analysis of

Variance (ANOVA) as our primary statistical method, which requires the data to

be normally distributed as a prerequisite. However, the data did not meet the nor-

mality test, so we resorted to non-parametric methods, the Kruskal-Wallis H test.

Additionally, we utilized the Mann-Whitney U test to evaluate the impact of warn-

ing frequency (i.e. continuous warnings and interval warnings) on gaze patterns

for identical DF types. Specifically, the Kruskal-Wallis H test assesses median

differences across three or more independent groups, while the Mann-Whitney U

test compares medians between two independent samples.

3.2.5 DF-type recognition and analytics

The process of DF-type recognition and analytics is shown in Figure 3.7. Two DF

recognition tasks were compared: one with only eye movement inputs and another
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Figure 3.7: The process of DF-type recognition and analytics.

combining these with warning frequency types—’0’ for interval and ’1’ for con-

tinuous warnings—providing insight into the impact of warning frequency on DF

recognition. The specific features used in these recognition tasks are summarized

in Table 3.1, detailing the relevant eye movement metrics and warning frequency

information used as input for the models. The dataset consisted of 422 samples,

including 108, 109, 95, 109 samples of OB, LBFTS, MI and CD, respectively, to

ensure balanced sample sizes across all categories for fair comparison in the DF-

recognition models. Meanwhile, 5-fold cross-validation was applied to train the

recognition model, reducing overfitting by training and enhancing the reliability

of our results. Seven machine learning methods, widely adopted in existing litera-

ture for their effectiveness, were employed and compared for DF-type recognition

[25, 122]. Three basic models like support vector machine (SVM), preferred for

high-dimensional space handling; k-Nearest Neighbors (kNN), known for its sim-

plicity and pattern recognition efficiency; andmultilayer perceptron (MLP), a neu-

ral network proficient in learning non-linear relationships, were included [123].

Additionally, we utilized advanced tree-based ensemble models such as random
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forest, eXtreme Gradient Boosting (XGBoost), and gradient boosting decision tree

(GBDT), renowned since the early 2000s for their robustness in complex dataset

analysis [79]. Light Gradient Boosting Machine (LightGBM), developed by Mi-

crosoft in 2017, stands out for its efficiency and performance in large dataset con-

texts [124]. These models, selected for their classification prowess, were method-

ically assessed to identify the most fitting approach for DF-type recognition in

our study. Furthermore, four evaluation metrics were used in this work, including

accuracy, precision, recall, and F1 score [120]. The output of each model is the

classification of four detection types (i.e., OB, LBFTS, MI, and CD).

Table 3.1: The eye movement metrics and warning frequency feature used as input
for machine learning models.

Features Explanations
Fixation count (FC) The number of fixations within the warning display

area during a single warning display period (WDP).
Fixation duration (FD) The total time spent fixating on the warning display

area during a WDP in seconds.
Mean saccade amplitude
(MSA)

The average angular distance between consecutive
fixations during a WDP.

Mean left/right pupil di-
ameter (MLPD/MRPD)

The average size of the left or right pupil in millime-
ters during a WDP.

Blink frequency (BF) The number of blinks during a WDP.
The first view time
(FVT)

The time it takes to first fixate on the warning display
area in seconds.

Warning frequency type
(WFT)

The patterns of warning occurrence, either appearing
immediately after the previous one (continuous warn-
ing) or following a time interval (interval warning).

The predictive outcomes of the recognition model with the best performance

were interpreted using the SHAP method, which quantifies each feature’s mean

marginal contribution over all feature combinations [25, 28]. SHAP is a method

derived from game theory to explain the output of machine learning models. It as-
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signs each feature an importance value for a particular prediction, offering insights

into how each feature contributes to the model’s output. The core idea is based on

the Shapley value, a concept from cooperative game theory that distributes pay-

offs fairly among players according to their contribution to the total payoff. The

Shapley value for a feature value is defined as:

ϕi =
∑

S⊆F\{i}

|S|!(|F | − |S| − 1)!

|F |!
[fS(xS∪{i})− fS(xS)] (3.1)

where: F is the set of all features, S is a subset of features excluding i, |S| is the

number of features in S, |F | is the total number of features, fS(xS∪{i}) is the model

prediction with features in S plus i, fS(xS) is the model prediction with features

in S only. The overall prediction can be decomposed as the sum of the average

model output and the SHAP values for each feature:

f(x) = ϕ0 +

|F |∑
i=1

ϕi (3.2)

where ϕ0 is the average prediction of the model over the dataset. This approach

aggregates these SHAP values, yielding a detailed measure of each feature’s sig-

nificance, clarifying their enhancing or diminishing effects on predictions. This

process highlights the most influential features, and it also guides feature selection

to enhance predictive accuracy.
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3.3 Results

3.3.1 Gaze dynamics across various DFs and warning frequen-

cies

This subsection explores the gaze dynamics across diverse DF types. It also ex-

amines how different warning frequencies affect DF occurrence, as reflected by

eye movement metrics, shedding light on their impact on attentional allocation.

3.3.1.1 Gaze patterns analysis across DF types

Following the collection of data from 26 participants, 109 instances of LBFTS,

328 occurrences of OB, and 95 MI were obtained. The data indicates that OB

is the most common type of DF in response to warnings, appearing more than

three times as often as LBFTS and MI. Furthermore, comprehensive Kruskal-

Wallis tests of eye movement metrics across four warning detection types (i.e.

OB, LBFTS, MI, CD) were conducted, as presented in Table 3.2. The statisti-

cal analysis, employing the Kruskal-Wallis test, identified significant variances

in five metrics—FC, FD, MSA, MRLP, and FVT—across these detection types.

The significance of these metrics reveals distinct visual behavior patterns linked to

each detection type, verifying hypothesis 1 (H1). In contrast, BF and MLPD did

not show statistically significant changes (p = 0.445 and p = 0.088, respectively),

suggesting that these particular eye movement characteristics remain stable across

varying detection scenarios. Further analysis through pairwise comparisons is also

presented in Table 3.2 and allowed for an in-depth examination of each detection

type’s distinct eye-tracking features.
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While the overall pattern of results provides strong support for H1, a detailed

examination of individual metrics reveals one finding that warrants specific dis-

cussion: the asymmetry observed in pupil diameter measures. Specifically, the

analysis showed a statistically significant effect for mean pupil diameter of right

eye (MRPD) but not for its counterpart, mean pupil diameter of left eye (MLPD).

This inter-ocular discrepancy can be understood through a layered consideration of

physiological and methodological factors. First, physiological anisocoria—a nat-

urally occurring, minor baseline asymmetry in pupil size between the two eyes—is

common in the general population [125]. Since pupillometric analyses typically

examine changes relative to a baseline period, pre-existing baseline differences

can affect the sensitivity to detect task-evoked changes in each eye independently.

In addition, the inherent measurement characteristics of eye-tracking systems in-

troduce another layer of variability. Factors such as blinks, partial eyelid occlu-

sion, or subtle calibration drift can differentially impact data quality between eyes,

contributing to measurement noise [126]. Taken together, these factors provide

a parsimonious explanation for the observed statistical discrepancy, attributing

it to expected sources of variance rather than to a meaningful lateralized cogni-

tive effect specific to warning detection. Crucially, this nuance does not compro-

mise the validity of the primary findings concerning gaze patterns (FC, FD, MSA,

FVT), which are derived frommore robust, binocularly integrated or conjugate eye

movement signals. However, the observation offers a valuable methodological in-

sight for future research, suggesting the potential utility of employing binocular-

averaged pupil metrics or implementing more stringent, eye-specific data quality

criteria to enhance measurement reliability.

To further elaborate on the processed data and corresponding results, Figure
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Table 3.2: Differential eye movement metrics across warning detection types.

Eye-tracking
features

p-values in
Kruskal-Wallis
test (df=3)

Adjusted significance of pairwise comparisons
in Kruskal-Wallis test

1-2-3-4 1-2 1-3 1-4 2-3 2-4 3-4
FC 0.000** 0.000** 0.000** 0.000** 0.077 1.000 0.085
FD 0.000** 0.000** 0.000** 0.000** 0.113 1.000 0.201
BF 0.445 - - - - - -
MSA 0.000** 1.000 0.000** 0.000** 0.000** 0.000** 1.000
MLPD 0.088 - - - - - -
MRPD 0.031* 1.000 1.000 0.563 0.306 0.015* 1.000
FVT 0.000** 0.000** 0.000** 0.000** 0.066 0.045* 1.000

1, 2, 3, and 4 denote OB, LBFTS, MI, and CD, respectively.
* p-value less than .05.
** p-value less than .01.

3.8 presents violin plots of five metrics with significant differences, as indicated in

Table 3.2. These visualizations are closely tied to the data processing techniques

described in Section 3.2.4, where samples were consolidated on a per-participant

basis and averaged for each individual before undergoing statistical testing. The

shapes of each violin plot in Figure 3.8 reflect the distribution of specific features

across all participants for each detection type, with wider areas indicating higher

concentrations of participants sharing similar feature values, and narrower areas

indicating fewer participants with those values. The p-values displayed at the top

of each plot denote the overall statistical significance across the four detection

types, determined using the Kruskal-Wallis test. Additionally, horizontal lines be-

tween detection types in each plot, along with their respective p-values, indicate

the pairwise comparisons where significant differences were identified.

For both FC and FDmetrics (see Figure 3.8a and Figure 3.8b), theOBdetection

type is markedly distinct, with significantly lower values indicating minimal or no

fixations on warnings. This contrasts with the LBFTS and CD conditions, which

display comparable distributions, suggesting a moderate level of attention to the
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(a) FC (b) FD

(c) MSA (d) MRPD

(e) FVT

Figure 3.8: The violin plots of five metrics with significant differences across the
detection types.
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warnings. The MI condition stands out with its broader distribution, skewing to-

wards higher fixation counts and longer durations, indicative of increased attention

and engagement with the warnings. The significant differences between the OB

condition and the other three detection types are underscored by the lines with nu-

merical p-values, confirming these observations’ statistical significance according

to the Kruskal-Wallis test. For the MSA feature (see Figure 3.8c), the distribution

across the detection types varies, with OB having a lower range compared to oth-

ers. The plot shows that MSA is significantly higher for CD and MI compared

to LBFTS and OB, as denoted by the lines connecting these conditions and the

p-values above them, indicating that saccades are larger when warnings are cogni-

tively processed. Additionally, as shown in Figure 3.8d, the MRPD plot illustrates

varying distributions of pupil dilation across detection types, with LBFTS and CD

showing a statistically significant difference, as denoted by the p-value of 0.015

highlighting the divergence. This disparity suggests that the cognitive demands of

conflict detection in the CD condition may be higher than in the LBFTS condition.

Consequently, the variation in MRPD between these two types of detection could

serve as a discriminative feature, potentially useful for differentiating between the

cognitive processes associated with LBFTS and CD events. In our analysis of the

FVT feature, as illustrated in Figure 3.8e, the OB condition stands out significantly

as it completely missed the warning within the 10-second timeframe after onset,

showing no reaction to the alert. However, interestingly, the first view time for

LBFTS is distributed more variably and shows a substantial difference from both

CD and MI. The divergence between LBFTS and CD is statistically significant,

with a p-value of 0.045. In comparison, CD and MI display relatively quicker

and more concentrated first view times, indicating a more prompt and focused re-
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sponse to the warnings, whereas the first view times for LBFTS are more spread

out, implying a less consistent response pattern.

Figure 3.9: The split violin plot for comparative distribution of DF types across
warning frequency conditions.

3.3.1.2 Effects of warning frequency on DFs reflected by eye metrics

In our study of how warning frequencies influence DF occurrences through eye

movement effects, we initially analyzed the distribution of DF types across two

warning frequencies, as shown in Figure 3.9. The figure displays the frequency

of each DF type among 26 subjects under continuous and interval warning sce-

narios. Black bars represent data spread and median values. Notably, the occur-

rence of OB exhibits a dispersed distribution in both warning types, indicating

diverse operator experiences with OB. Conversely, LBFTS and MI demonstrate

more concentrated distributions, generally centering around lower occurrences.

Meanwhile, OB and LBFTS, especially LBFTS, arise more frequently under con-

tinuous warnings, suggesting heightened susceptibility to such conditions. Con-

versely, MI occurrences are less frequent during continuous warnings, indicating
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Table 3.3: p-values of Mann-Whitney U test for continuous and interval warnings
across three DF types and various eye-tracking features.

Eye-tracking
features

p-values of Mann-Whitney U test for continuous and interval warn-
ings across three DF types
OB LBFTS MI

FC 1.000 0.462 0.415
FD 1.000 0.980 0.124
BF 0.046* 0.038* 0.312
MSA 0.744 0.037* 0.048*
MLPD 0.398 0.314 0.487
MRPD 0.402 0.436 0.863
FVT 1.000 0.643 0.010**
* p-value less than .05.
** p-value less than .01.

a relative insensitivity to continuous warning presence.

Furthermore, the Mann-Whitney U test was employed to assess the influence

of warning frequency (continuous versus interval warnings) on gaze patterns for

identical DF types. The results are detailed in Table 3.3, where significant differ-

ences were observed. For example, a p-value of 0.046 indicates a notable diver-

gence in blink frequency (BF) between continuous and interval warnings under

the OB condition. Metrics such as BF, MSA, and FVT exhibited statistical sig-

nificance p < 0.05, demonstrating their ability to differentiate between warning

frequencies across the detection types tested. This provides strong evidence in

support of Hypothesis 2 (H2). Figure 3.10 complements these findings by dis-

playing ridgeline plots of the three significant gaze metrics, where density lines in

each plot capture the overall sample distribution for each warning frequency type,

and the median line marks the median gaze data.

Figure 3.10a presents a ridgeline plot of BF differences among DF types (OB,

LBFTS, and MI). The median lines, reveal a distinct BF distribution for OB and

LBFTS under varying warning frequencies. Under continuous warnings, subjects
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Figure 3.10: The ridgeline plots of three metrics with significant differences be-
tween continuous and interval warnings under different DF types.



CHAPTER3. SITUATIONAWARENESS-BASEDTHEORETICALANALYTICSOFDF56

show reduced andmore uniform BF, implying potential warning fatigue and a con-

sequent decrease in blinking as subjects strive to remain vigilant. Conversely, in-

terval warnings exhibit a varied BF distribution, suggesting a more variable blink-

ing pattern. For MI, continuous warnings slightly reduce BF but not significantly

when compared to interval warnings, suggesting minimal impact on blink rate in

this context.

Figure 3.10b illustrates that, in LBFTS scenarios, the MSA is significantly

larger during continuous warnings than interval warnings, possibly reflecting a

cognitive response to frequent alerts that broadens the visual search to assimilate

information overload. Conversely, MI scenarios show a reduced MSA with con-

tinuous warnings, potentially a cognitive strategy for a focused attentional state to

constrain attention to critical elements amidst frequent stimuli. These contrasting

patterns in saccadic responses could reflect adaptive strategies tomanage cognitive

load under different warning frequencies.

As depicted in Figure 3.10c, the OB scenario shows no FVT distribution due to

the total neglect of warnings. In LBFTS scenarios, the widespread distribution and

larger median of FVT indicate a consistent delay in noticing warnings, irrespective

of warning frequency. This points towards a cognitive processing challenge where

subjects notice the warnings but fail to recognize their significance promptly, lead-

ing to delayed or inadequate processing of the visual warnings. Conversely, in

MI scenarios, FVT is markedly higher under continuous warnings than interval

warnings. The slowing initial response reflects deeper cognitive engagement and

careful assessment of each warning.
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3.3.2 DF-type recognition and analytics

This section focuses on gaze-based DF-type recognition, which leverages eye

movement data to distinguish DF types, and feature importance analysis by SHAP,

which assesses the contribution of key features to the recognition process.

3.3.2.1 Gaze-based DF-type recognition

Table 3.4 presents a comparative analysis of seven machine learning models for

categorizing eye-tracking data into four detection types, highlighting GBDT as the

most effectivemodel with uniform scores of 0.74 across accuracy, precision, recall,

and F1 score. This indicates its superior capability in the four-type classification.

RF and lightGBM also perform well, particularly RF, which matches GBDT in

accuracy, precision, and recall. Among basic models, MLP outperforms SVM and

kNN. This comparison illustrates the advanced models’ proficiency in handling

complex multi-class eye-tracking data classifications.

Further, warning frequencies influence DF occurrences, prompting us to in-

tegrate warning frequency features into DF type identification to assess potential

improvements in results. The results are shown in Table 3.5, indicates an enhance-

ment in classification accuracywhen including thewarning frequency feature. The

RF model stands out with the highest scores of 0.80 for precision and 0.79 for ac-

curacy, recall, and F1 score, underscoring the benefit of integrating warning fre-

quency context. These results verified our hypothesis 3 (H3), the gaze features

and warning frequency can be used to recognize detection types.

After evaluating overall results, a model performance comparison across the

detection categories–CD, OB, LBFTS, and MI is conducted, corresponding to the
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Table 3.4: Performance of the compared models for classifying eye-tracking fea-
tures into four detection types.

SVM kNN MLP RF XGBoost GBDT LightGBM
Accuracy 0.67 0.65 0.69 0.74 0.67 0.74 0.73
Precision 0.68 0.65 0.69 0.74 0.66 0.74 0.73
Recall 0.67 0.66 0.69 0.74 0.67 0.74 0.73
F1 score 0.66 0.64 0.67 0.73 0.66 0.74 0.73

Table 3.5: Performance of the compared models for classifying eye-tracking fea-
tures and warning frequency types into four detection types.

SVM kNN MLP RF XGBoost GBDT LightGBM
Accuracy 0.69 0.63 0.68 0.79 0.76 0.77 0.74
Precision 0.69 0.66 0.67 0.80 0.77 0.78 0.75
Recall 0.69 0.64 0.68 0.79 0.77 0.78 0.74
F1 score 0.69 0.60 0.66 0.79 0.77 0.78 0.74

results of Table 3.5, as shown in Figure 3.11. Figure 3.11 shows notable variations

in model effectiveness across these categories, with each model demonstrating

varying degrees of proficiency for the four detection types. OB is identified as the

category with the highest prediction accuracy, succeeded by LBFTS, CD, and MI

in that order. This differentiation indicates that OB and LBFTS possess distinct

eye movement characteristics, resulting in markedly higher prediction accuracy.

Subsequently, a detailed analysis of the prediction results for each detection type

is provided as follows.

Within the OB type, defined by the lack of fixation on warnings, the models,

particularly the four advanced tree-based models, exhibit outstanding accuracy,

achieving precision and recall scores of up to 1.00. This exceptional performance

highlights the unique gaze characteristics associated with OB, such as absent fix-

ations and extended first view time as clarified by prior research [127], providing

distinct indicators for classification.
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(a) Precision (b) Recall

(c) F1 score

Figure 3.11: A comparative analysis of model performances from a single specific
detection category.

LBFTS exhibits unique gaze patterns, differentiating it from CD andMI, all of

which involve fixations on warnings. The GBDT and RF models excel in LBFTS

detection: GBDT scores 0.82 in precision, recall, and F1, whereas RF shows a pre-

cision of 0.85, recall of 0.77, and F1 of 0.81. These outcomes emphasize LBFTS’s

distinct eye movements compared to CD’s focused attention and MI’s attentional

errors. LBFTS correlates with reduced saccade amplitude, enlarged pupil diam-

eter, and prolonged first view time. These findings underscore the criticality of

eye movement patterns in identifying LBFTS, affirming their integral role in DF

classification.

The MI and CD categories, representing incorrect and correct warning record-
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ings, respectively, exhibit distinct predictive challenges. MI slightly surpasses in

precision, with MLP scoring 0.69, compared to CD’s highest of 0.64. In contrast,

CD excels in the recall, with kNN achieving 0.9, outdoing MI’s best of 0.67 by

XGBoost. Assessing F1 scores, CDmodels have a slight advantage, with MLP for

CD reaching 0.7 versus MI’s top score of 0.65 by GBDT. These results suggest

CD type is more distinguishable in eye movement analysis, yet the classification

outcomes for MI also remain significantly high.
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Figure 3.12: Beeswarm plot of importance ranking of the eye-tracking and warn-
ing frequency type (WFT) features.

3.3.2.2 Feature importance analysis by SHAP

SHAP is used to interpret and explain the feature importance and decision-making

process within a random forest model, selected for its optimal recognition perfor-
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mance. Figure 3.12 presents SHAP value distributions, denoting the importance of

a range of input features, including eye movement metrics and warning frequency

types (WFT), on the four-category classification. The SHAP values are each sub-

figure (a-d) corresponds to one detection type, illustrating the impact of various

features on model output. The color spectrum from blue to red depicts feature

values ranging from low to high. SHAP values on the horizontal axis quantify the

influence of each feature on the model’s prediction, with positive values indicat-

ing an increase and negative values a decrease in the likelihood of the target class.

Features are ranked vertically by their importance, with the most impactful at the

top.

A comprehensive analysis of these four sub-figures highlights key features—

FC, FVT, and MSA—as effective in identifying four DF types, followed by FD

and WFT. Specifically, in subfigure 3.12b, the defining characteristic of OB—the

absence of fixations and first view times on warnings—makes it easily recogniz-

able. This is especially reflected in the tightly mixed red and blue points for FC

and FD. Since OB is characterized by zero fixations on warnings, any non-zero

value of FC and FD, regardless of whether it is small or large, contributes simi-

larly to the classification of instances as non-OB. Then, in subfigure 3.12a, CD’s

quicker response time is captured by FVT as a critical feature. Moreover, for

LBFTS and MI, as shown in subfigure 3.12c and 3.12d, the scanning range is a

differentiator. Despite both perceiving warnings, LBFTS shows smaller saccade

amplitude and fewer fixations, making MSA, FC, and FD useful in distinguish-

ing it from MI. Additionally, compared to the subfigures of 3.12a and 3.12d, two

warning frequency types affect the recognition of CD andMI, and this impact is in-

teresting. Continuous warnings, contrary to expectations, reduce MI occurrences.
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This phenomenon suggests that a constant flow of alerts keeps operators vigilantly

responsive. In contrast, interval warnings disrupt operators’ expectation patterns

of operators, potentially leading to inconsistent cognitive engagement and misin-

terpretations. This is consistent with the top-down stimulus-related expectations

elaborated in [111].

3.4 Discussions

3.4.1 Gaze dynamics and importance analytics inDF-type recog-

nition

The statistical results in Section 3.3.1.1 reveal that four detection types exhibit

significantly different gaze patterns, demonstrating that non-perception, unaware

perception, and aware perception of warnings are characterized by unique gaze dy-

namics. Consequently, each DF type possesses distinct gaze indicators, yielding

robust recognition outcomes. Notably, OB achieves the highest recognition ac-

curacy, succeeded by LBFTS, CD, and MI. The subsequent discussion elaborates

on the specific eye movement characteristics derived from the statistical analyses

for each category, which align with the feature importance analysis provided by

SHAP.

The occurrence of OB can be characterized by statistically significant eye-

tracking features, including the absence of fixations, first view time to warnings,

and notably reduced saccade amplitude, as indicated by the statistical analysis in

Section 3.3.1.1. These metrics collectively help to identify OB and summarize the

lack of visual and cognitive engagement with critical warnings, consistent with
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prior research [127]. No response reflects a failure to perceive the warnings, sug-

gesting the warning display needs to be improved or the user’s attention resources

are insufficient [128]. The reduced saccade amplitude signifies a constrained vi-

sual search, implying that the user’s gaze remains fixated within a limited area, po-

tentially missing the peripheral warnings [129]. Extended first view time further

affirms the non-recognition of alerts, indicating a delayed or non-existent cogni-

tive processing of the warnings. These features collectively provide a composite

signal of OB, underscoring the need for improved warning strategies to capture

and maintain operator attention.

LBFTS can be differentiated from MI and correct detection through distinct

eye-tracking metrics identified in the statistical analysis: a reduced saccade am-

plitude distinguishes LBFTS from MI, while delayed first view time and an in-

creased pupillary diameter separate LBFTS from correct detection. The smaller

saccade magnitude in LBFTS compared to MI suggests a more focused yet po-

tentially insufficient visual search area, increasing the likelihood of overlooking

critical stimuli [130]. As highlighted in [67], the increased pupillary diameter indi-

cates a heightened cognitive workload. When the workload continually increases,

it can lead to cognitive fatigue and resource misallocation, ultimately reducing the

efficiency of information processing, as supported by research on workload and

fatigue impacts on performance [131]. Therefore, the increased workload may

coincide with insufficient information processing, particularly when the operator

is under strain, leading to the LBFTS error. This differentiation between LBFTS

and correct detection becomes apparent when increased pupil diameter is corre-

lated with insufficient processing capacity. Furthermore, the slower first view

time during LBFTS occurrences reflects a lag in cognitive recognition of the warn-
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ings [114], further underscoring the impact of cognitive overload on performance.

These metrics imply the attentional and cognitive state during LBFTS errors and

could guide the development of targeted strategies to deal with the task load of

controllers.

Records can indicate MI versus correct detection in certain contexts: incor-

rect records imply warning misinterpretation, while accurate ones suggest proper

detection and understanding, as noted by [117]. While the statistical analysis in

Section 3.3.1.1 did not reveal significant differences in eye-tracking metrics be-

tween MI and CD, the SHAP analysis provides valuable insights into the distinct

contributions of key eye-tracking features for their classification. For CD, the key

indicator is the first view time, which suggests a rapid and efficient response to

warnings. This aligns with the necessity for prompt recognition and reaction in

situations requiring accurate interpretation [132]. On the other hand, MI is pri-

marily distinguished by the scanning range, indicating a potentially less focused

visual search. According to [133], uncertain responses in MI cases were often

due to failures at the time of stimulus processing, marked by lower amplitude sen-

sory event-related potentials. This scanning behavior in MI could be indicative of

uncertainty or confusion, leading to erroneous interpretations of warning signals.

These variations in eye movement patterns, revealed by advanced modeling tech-

niques, not only enhance our understanding of detection behaviors but also indicate

potential areas for targeted training and system improvements in ATC operations.
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3.4.2 Effects of warnings frequency on DF types

Among the three DF types, OB and LBFTS occurrences differ between contin-

uous and interval warnings, particularly with LBFTS being more common dur-

ing continuous warnings. It indicates that continuous warnings affect operators’

awareness of the warning, resulting in more unaware perceptions of warnings.

Moreover, eye-tracking metrics further clarify the effects of warning frequency

on DF types. Based on the statistical findings from Section 3.3.1.2, the signifi-

cant reduction in blink frequency under continuous warnings for OB and LBFTS

suggests the occurrence of cognitive tunneling. The concept of cognitive tunnel-

ing is well-documented in high workload environments, where individuals, over-

whelmed by simultaneous stimuli, narrow their focus on information from specific

areas of a display, often ignoring broader contextual stimuli [14]. This attentional

narrowing explains both OB and LBFTS: under continuous warnings, operators

may either miss warnings entirely (OB) or fail to process them fully despite see-

ing them (LBFTS), as their cognitive resources become increasingly focused on

previously processed tasks or stimuli, leaving poorer information extraction and

situation awareness to address new warnings effectively. The reduction in blink

frequency during successive warnings reflects this narrowing of attention and pro-

vides valuable insights into the operator’s attentional state and ability to manage

multiple stimuli. Additionally, for LBFTS, the increased saccade amplitude under

continuous warnings indicates a broader visual search, potentially as a compen-

satory response to processing excessive information [129].

In recognizing four DF types, warning frequency mainly impacts MI and CD

recognition. Interestingly, the presence of continuous warnings diminishes occur-
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rences ofMI. It suggests that a consistent flow of warnings enhances the operators’

foresight of warning implications in a state of heightened vigilance. Observa-

tions in Section 3.3.1.2 indicate that under continuous warnings, MI is associated

with reduced saccade amplitude, pointing to a more focused attentional state. In

contrast, interval warnings may cause attentional lapses and unstable cognitive

engagement, increasing misinterpretations. This aligns with top-down stimulus-

related expectations, where attention and prior knowledge shape perception and

cognitive processing [111]. In other words, operators’ improved response to con-

tinuous warnings is shaped by their cognitive expectations and experience, reduc-

ing misinterpretations by focusing attention and using prior knowledge to enhance

vigilance and perception accuracy. In summary, continuous warnings reduce op-

erators’ alert awareness but improve their implications foresight. Thus, warning

frequency should be adjusted based on the targeted DF type for optimal mitiga-

tion.

3.5 Concluding remarks

This chapter aims to systematically classify DF in response to ATC warnings, de-

veloping a four-phase framework for identifying effective DF-type indicators and

machine-learning models. The framework includes gaze-behavioral DF classifi-

cation, DF induction experiment, gaze dynamics across various DFs and warn-

ing frequencies, and DF-type recognition and analytics. Additionally, it examines

the influence of warning frequency on DFs, as evident in eye-tracking data. The

study identifies distinct gaze dynamics between non-perception, unaware percep-

tion, and aware perception, with the GBDT model demonstrating a notable 74%
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precision in four-category recognition. A further enhancement is observed when

warning frequency is considered, with the random forest model achieving an 80%

precision. This step offers valuable theoretical and practical insights into advanc-

ing DF recognition and intervention in complex environments.



Chapter 4

ATC-specific hierarchical DF

recognition framework

In this chapter, an ATC-specific hierarchical framework is developed to improve

recognition of visual DF through a novel eye-tracking feature set and LLM-driven

evaluation. The hierarchical framework includes adaptive alert detection, GPT-

4V-based attention assessment, and fixation coordinate-aware feature extraction

to address DF complexity in realistic settings. The chapter is structured as fol-

lows: Section 4.1 presents the research motivation and challenges. Section 4.2

details the experimental setup. Section 4.3 explains the methodology, including

alert detection, visual attention evaluation, and multi-domain feature extraction.

Section 4.4 reports results on alert detection, attention assessment, and recogni-

tion performance across feature domains. Sections 4.5 and 4.6 provide discussion

and concluding remarks.

68
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4.1 Background

4.1.1 Motivation

When identifying visual DF, many studies rely on target fixations to measure

whether an individual has detected the target [129]. For instance, when examining

visual field defects, IB—the failure to detect unexpected but salient stimuli in the

visual field—is the most frequently observed visual DF [10, 129]. The conven-

tional criterion for IB is the absence of gaze on the stimulus [118, 134]. However,

not fixating on a target does not necessarily mean it was not noticed [135]. This

approach overlooks more complex scenarios, such as “look-but-fail-to-see” errors

and “seeing-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

[136]. This can be attributed to over-attention to a specific cognitive task, lead-

ing to a lack of situational awareness of unexpected stimuli despite direct visual

engagement [30, 116]. On the other hand, “seeing-without-looking” describes a

situation where a stimulus is detected despite the absence of direct fixation, pri-

marily driven by covert attention and peripheral vision processing [33, 137]. This

phenomenon is known as pre-attentive or automatic detection, where peripheral

vision facilitates the unconscious processing of unexpected stimuli and triggers

reflexive responses [44, 138]. Neurophysiological evidence further supports this

mechanism, revealing distinct brain responseswhen peripheral stimuli are detected

without direct foveal fixation [135]. Considering the above two complex scenar-

ios would provide a deeper understanding of DF in visual tasks, particularly in

high-stakes operational environments such as ATC.
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Therefore, this study aims to propose a novel peripheral vision-aware visual

detection classification to recognize involved DF. 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 suggests a “look-but-fail-to-see” error [21], while a cor-

responding response denotes “effective detection” [35]. Conversely, if the gaze

is not directed at the target but a correct response occurs, it implies “pre-attentive

detection” via peripheral vision [135]. 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 empir-

ical data are available to support these distinctions and accurately recognize the

involved DF.

4.1.2 Challenges

Accurately recognizing different visual detection types via peripheral vision-aware

visual detection classification in an ATC environment presents significant chal-

lenges. On the one hand, a major challenge is the inherent spatiotemporal uncer-

tainty of alerts in dynamic natural scenes. This uncertainty complicates the detec-

tion 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 [21]. 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 caus-

ing the label to turn red [3]. The spatiotemporal uncertainty of alert positions and
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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 [75]. Thus, eye-tracking

object detection approaches using YOLO (You Only Look Once) were recently

proposed in [139] and [140], 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 con-

troller’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 AI 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

[96, 141]. Large LanguageModel (LLM) has been applied to automate annotation

tasks, particularly through natural language understanding and semantic labeling,

where human verification is combined with LLM efficiency to improve accuracy

in complex datasets [142, 143]. Inspired by this, applying the image processing

capabilities of LLMs to assess human visual attention on alerts offers a novel ap-

proach to enhancing alert detection processes [140, 144].

On the other hand, whether gaze trajectory can adequately reflect peripheral vi-

sion processing has not been explored [145]. Traditional eye-tracking features like

blink rate, pupil size, and fixation duration, while extensively used to assess visual

attention in the central visual field [26, 28, 113], tend to oversimplify the complex-

ities of human visual processing, especially regarding peripheral awareness [146].

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
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strategies, such as scanning movements and subconscious tracking, which are not

reflected in traditional eye-tracking features [25, 44, 137]. These broader patterns

may involve rhythmic scanning and temporal shifts critical for detecting peripheral

stimuli. As indicated in [147], features integrating graph theory provide a more

precise interpretation of the visual tracking dynamics. Although meeting the pre-

requisite 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 infor-

mation 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 tempo-

ral dynamics—we can uncover novel multidimensional embedding features [83,

148].

To address the aforementioned challenges, this paper proposes a hierarchical

peripheral vision-aware detection failure recognition framework to assess human

attentional states towardATC-specific alerts. By automating the recognition ofDF,

the proposed framework can be integrated into air traffic management systems to

provide effective feedback 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.
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4.2 Experimental setup

4.2.1 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 quali-

fication certificates and 11members fromVATSIM (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, ensur-

ing ATC proficiency and consistency. All participants had normal or corrected-to-

normal vision. To ensure data security, all visual data in ATC simulation experi-

ment were anonymized, with only relevant segments (e.g., eye movement trajec-

tories and specific alert regions) processed by GPT-4V. Participants provided in-

formed consent, and the study was approved by the IRB (HSEARS20211117002),

adhering to ethical standards and guidelines.

4.2.2 Apparatus

In this study’s methodological framework, a desktop computer 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. 4.1. The eye-tracker soft-

ware 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



CHAPTER 4. ATC-SPECIFICHIERARCHICALDFRECOGNITIONFRAMEWORK74

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 DF, with pre-experiment comfort assessments confirming no significant

discomfort and ensuring data quality[54, 149].

Figure 4.1: Experimental setup showing a 27-inch monitor (1920×1080 pixels)
paired with a Gazepoint 3 eye-tracker, recording eye movements data.

4.2.3 Experiment procedures

The experimental procedure was designed to simulate the complex environment

characteristic of ATC operations. The experimental interface, depicted in Fig. 4.2,

comprises a radar-map interface from the Euroscope platform and a simplified

weather interface, as informed by prior work on ATC human factors[3]. Partici-
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Figure 4.2: Experimental interface for the ATC multi-tasking scenario.

pants engaged in a 40-minute multi-tasking scenario, managing the safe arrival of

17 aircraft, each requiring specific descent and approach instructions. This sce-

nario encompassed radar surveillance, issuing clearances, weathermonitoring, 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 incorporated randomly ap-

pearing 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 [150], which employed around 40-minute simulated driving tasks

to simulate high-stress environments and collect robust data.

During each 40-minute ATC simulation session, a minimum of 13 alerts per

participant (M= 16, SD= 2) were randomly triggered, with additional alerts vary-
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ing based on the simulation’s evolving traffic conditions, to simulate comprehen-

sive unpredictability of alert presentation and operational demands in multitask-

ing conditions, aligning with previous studies (e.g., [151] used probabilistic alerts;

[152] employed variable alert scenarios). The distribution of alerts across partic-

ipants is detailed in Fig. 6.1 in Appendix II. 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 sud-

den visual stimuli amidst concurrent tasks. Each alert, defined as a single data

point, lasted 5 seconds and appeared individually at random intervals and loca-

tions. 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[153]. These brief, attention-grabbing

signals, illustrated in Fig. 4.3, caused the label of an aircraft to turn red, indicat-

ing 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 peripherally

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 engage-

ment. This setup ensured a dynamic assessment of attention allocation under re-

alistic, unpredictable conditions. Additionally, based on the current control sit-

uation, 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
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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 trig-

gered by aircraft proximity violations, are the most immediate and high-priority

tasks for controllers[58, 154]. We examined responses to single radar alerts, a

rare but critical aspect of ATC operations[155]. This aligns with prior research on

isolating critical events to identify distinct visual and behavioral patterns[58, 153],

aiming to establish a foundational understanding ofDF and their eye-tracking char-

acteristics.

Figure 4.3: Example of a pre-programmed alert on the radar interface, showing a
red aircraft label indicating a potential conflict.

4.2.4 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 du-

ration and a 2-second post-alert response buffer. This 5-second alert duration en-

sures consistent reaction times [156], while also optimizing response effectiveness
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in emergencies as noted by [36]. However, in multitasking scenarios, the process

from perceiving an alert to responding often involves attentional allocation or task-

switching demands, resulting in a temporal lag, which necessitates the 2-second

response buffer to capture delayed responses. This buffer, further supported by

[22], accounts for residual attention processing, as controllers may require addi-

tional time to process and respond. As a result, the 7-second window comprehen-

sively captures the complete gaze-behavior sequence, enabling accurate detection

and response assessment in alignment with our framework for classifying DF. The

timeline of this process is illustrated in Fig. 4.4, which depicts the 7-second win-

dow, including the alert presentation duration, response buffer, and gaze-behavior

sequence, while highlighting potential delayed responses. Consequently, each 7-

second interval is treated as an individual sample for detailed behavioral analysis.

Gaze data collection

An alert presentation 

duration (5s)

Response 

buffer (2s)

Gaze-behavior sequence

Time(s)e.g.

e.g.

See the alert Response

Time(s)

Alerts

Multitasking

Operator’s attention

… …

…

…

… ……

Figure 4.4: Timeline of the 7-second gaze data collection window, comprising a
5-second alert presentation duration and a 2-second response buffer.



CHAPTER4. ATC-SPECIFICHIERARCHICALDFRECOGNITIONFRAMEWORK79

4.3 Methodology

This study first classifies visual detection types by integrating peripheral vision

tracking and human attentional states derived from human fixations and behav-

ior. A Hierarchical Peripheral Vision-aware Detection Failures Recognition

Framework specific to ATC alerts is further developed to recognize the proposed

DF types, as depicted in Fig. 4.5, and validated through an ATC simulation ex-

periment yielding empirical data. The framework comprises three phases: (1) an

Adaptive Symbolic Alert Detection method is introduced to identify alert regions

with spatiotemporal uncertainty on theATC radar interface; (2) aGPT-4V-powered

evaluation of visual attention engagement to alerts is employed to facilitate la-

beling 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.

4.3.1 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. 4.6. 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
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Phase 3: Fixation coordinate-sensitive multi-domain feature set
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Figure 4.5: Hierarchical peripheral vision-aware DF recognition framework for
ATC-specific system, integrating ATC simulation, alert detection and annotation,
LLM-based visual attention evaluation, and multi-domain feature analysis.
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alert within the participant’s peripheral vision, a critical phase that determines

whether the alert will be subsequently attended to [157]. If the participant re-

sponds to the alert without directly gazing at it, the incident is classified as Pre-

Attentive Detection [44, 138]. 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 es-

sential in evaluating detection methods that leverage 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 [35]. 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[12, 136]. 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 [33]. 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 participant neither gazes at the alert nor re-
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sponds 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 [33]. This classification will be used as ground truth to evalu-

ate 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.

Gaze on 

alert? 

Effective detection

Look-but-fail-to-see errorPre-attentive detection

Yes Yes

NoNo

No

Peripheral vision neglect

Peripheral 
vision processing

Alert appearance

Response?

Response?

Yes

Figure 4.6: Decision tree classifying peripheral vision-aware visual detection
types based on gaze and response behavior in ATC alert scenarios.

4.3.2 Phase 1: Adaptive symbolic alert detection method

This study implements a robust image processing framework 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, draw-

ing from advanced computational techniques to process images at a resolution of
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512x288 pixels. The image processing was implemented using Python 3.11, with

the following libraries employed: OpenCV (version 4.9.0.80) for image process-

ing 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. 4.5, outlines the steps of the adaptive symbolic alert detection

method. The term ”Adaptive Symbolic” reflects the method’s ability to dynami-

cally process and integrate various types of symbolic information—such as colors,

contours, and text—each representing different aspects of an alert. By adapting

to the specific characteristics of these symbolic elements, the approach can effec-

tively 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 techniques 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, Satura-

tion, Value (HSV) color space to better distinguish color variations under different

lighting conditions [158]. Specific HSV ranges are targeted:

• Lower red range: HSV values of (0, 120, 70) to (10, 255, 255)

• 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 tech-

nologies. Binary masks are then generated to identify areas of the image falling

within these red ranges, using OpenCV’s cv2.inRange() function.
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The second stage, morphological transformations, refines the segmented re-

gions to ensure accurate detection. This involves applying a series of filters:

• A closing operation with a 7x7 pixel kernel to close small holes and connect

broken regions within the alert areas, ensuring continuity.

• An opening operation to remove minor noise points, followed by dilation to

enhance the visibility and distinctness of the contours.

These transformations are crucial in preparing the segmented areas for precise

contour detection, enabling the identification of critical elements such as circu-

lar symbols (representing aircraft icons), associated text labels (displaying flight

information and status), and connecting lines. The processed image undergoes

contour analysis to isolate these components, with the Hough Line Transforma-

tion employed to detect any linear elements connecting the symbols and labels.

The third stage, text interpretation, integrates all identified elements into a co-

hesive 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 cir-

cular 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.

Thismethod effectively segments, refines, and integrates critical alert elements—

such as aircraft icons and flight information—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
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settings.

4.3.3 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 extension of the GPT-4 model, in conjunction

with LLMs. Phase 2, depicted in Fig. 4.5, outlines the refining summary of LLM-

powered evaluation of operators’ visual attention engagement on alerts. Specifi-

cally, the GPT-4o model was selected for its advanced capabilities in visual and

language processing, deemed suitable for handling the complex visual inputs typ-

ical in ATC scenarios. The model provided a nuanced and context-aware analysis

of controllers’ visual attentional engagement with alerts, as detailed in Algorithm

1.

To generate initial binary labels, we employed zero-shot prompts tailored to

the specific context of ATC interfaces[159]. 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 ob-

jectives. It was instructed to act as a researcher analyzing eye movement trajecto-

ries in ATC tasks, specifically assessing whether blue trajectory markers (fixation

trajectory) fell within red emergency zones (alert region). The task was to clas-

sify eye movement trajectories into Captured alert or Non-captured alert based on

gaze engagement with the alert region. Non-captured alerts were assigned when

no fixations were detected within the designated alert regions, while their presence

indicated a Captured alert.
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Algorithm 1 Evaluating visual attention engagement using GPT-4V
Require: Image dataset directory, OpenAI 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.
5: models← [‘gpt-4o’].
6: Define prompt for analyzing ATC images:

• 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'].

• 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
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This classification approach considers the distinction between central and pe-

ripheral vision, a key factor in assessing gaze engagement. Central vision, defined

by the fovea, spans approximately 2° of visual angle for high-acuity perception,

while peripheral vision extends beyond this range to 90°–100° eccentricity, with

decreasing detail sensitivity[73, 160]. Rather than applying a fixed 2° range, we

assess central vision engagement by determining if the fixation trajectory over-

laps 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 po-

sitions (200–300 ms), dynamically reflect foveal focus [160]. The fixation tra-

jectory embeds the 2° foveal span within real-time gaze behavior, aligning with

the fovea’s natural targeting process without imposing a fixed angular limit. Sec-

ond, 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 poten-

tial mismatch with variably sized alerts. Our approach relies on the direct spatial

relationship between fixation trajectory and the alert region, providing a straight-

forward and efficient criterion.

To ensure the reliability of binary labels, the model sent payloads to the Ope-

nAI API for parsing and analysis, with each image requiring approximately 750

tokens for processing and generating categorical labels based on prompt-based

reasoning. This processing, involving batch analysis of eye movement trajecto-

ries collected post-data acquisition, results in delays typically ranging from 320



CHAPTER4. ATC-SPECIFICHIERARCHICALDFRECOGNITIONFRAMEWORK88

milliseconds to 1 second per request, ensuring data integrity. Moreover, to vali-

date these labels, we aligned the LLM outputs with ground truth labels established

through expert evaluations. Therefore, the final labels used for model classifica-

tion were 100% consistent with the ground truth. This method is similar to that

described in [80], where a natural prompt was used to generate initial LLM labels,

which were then refined to align the outputs with ground truth labels. Alterna-

tive 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[161]. Thus, expert

verification remains the most suitable comparison for this task. Finally, the binary

labels (Captured/Non-captured alerts) were further refined by integrating behav-

ioral 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.

4.3.4 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 ap-

proach integrates spatial, frequency, and time-based features derived from gaze

and fixation coordinate data, leveraging the synergistic interplay among these do-

mains to provide a robust representation of gaze behavior. As illustrated in Fig.

4.7, this section will detail how these dimensions are combined to form a compre-
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Figure 4.7: Overview of the proposed fixation coordinate-sensitive multi-domain
feature set, combining spatial metrics, frequency descriptors, and time-lagged au-
tocorrelation for analyzing fixation trajectories in ATC alert detection tasks.

hensive feature set for peripheral awareness detection analysis.

4.3.4.1 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 num-

ber of fixation clusters, and total scanpath length, each contributing to a compre-

hensive understanding of visual attention dynamics.

Gaze stability is assessed by calculating the standard deviation of positions in

pixels of gaze points that belong to each fixation within a specified time window

[25]. Mathematically, if (xi, yi) represents the coordinates of gaze points within a



CHAPTER4. ATC-SPECIFICHIERARCHICALDFRECOGNITIONFRAMEWORK90

fixation, the gaze stability σgaze is given by:

σgaze =

√√√√ 1

N

N∑
i=1

[(xi − x̄)2 + (yi − ȳ)2] (4.1)

where x̄ and ȳ are themean coordinates of the gaze points in the fixation. This met-

ric 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 [162]. This metric provides insight into how spread out the fixation points

are relative to their mean position. The fixation dispersion Ddispersion is calculated

as:

Ddispersion =

√√√√ 1

N

N∑
i=1

[√
(xi − x̄)2 + (yi − ȳ)2

]2
(4.2)

This measure helps to quantify howwidely 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 clustering 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 par-

ticipant’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 points [147]. It is a measure of the visual



CHAPTER4. ATC-SPECIFICHIERARCHICALDFRECOGNITIONFRAMEWORK91

exploration strategy employed by the participant and is defined as:

L =
N−1∑
i=1

√
(xi+1 − xi)2 + (yi+1 − yi)2 (4.3)

A longer scanpath length suggests a more exhaustive search behavior, potentially

indicating the need for more visual information gathering, while a shorter scanpath

indicates a more efficient and focused scanning pattern.

Together, these fixation-based spatial metrics provide a detailed characteriza-

tion 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.

4.3.4.2 Frequency analysis using discrete fourier transform

In the frequency domain, we analyze the horizontal (x) and vertical (y) coordinates

of fixations separately, as each direction may exhibit distinct frequency character-

istics. 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 Prin-

cipal Component Analysis (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 do-

main[163]. 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 because it al-
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lows us to capture periodic patterns and oscillations in the gaze data.

Given a sequence of fixation points (xi, yi) where i = 0, 1, . . . , N − 1, we

treat x and y as discrete signals. The Discrete Fourier Transform (DFT) is applied

to both x and y to obtain their frequency domain representations. For a discrete

signal x(n) with N samples, the DFT is defined as:

X(k) =
N−1∑
n=0

x(n) · e−i 2πkn
N (4.4)

where X(k) is a complex number comprising a real part Re(X(k)) and an imagi-

nary part Im(X(k)):

Re(X(k)) =
N−1∑
n=0

x(n) · cos
(
2πkn

N

)
(4.5)

Im(X(k)) = −
N−1∑
n=0

x(n) · sin
(
2πkn

N

)
(4.6)

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 (ndescriptors) to iden-

tify the optimal balance between capturing key oscillatory patterns and maintain-

ing 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 dy-

namics for robust recognition. Thus, the feature vector for each configuration is
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formed by concatenating the real and imaginary parts of the selected frequency

components (ndescriptors = k) for both x and y coordinates:

FDx = [Re(X(0)), Im(X(0)), . . . ,Re(X(k − 1)), Im(X(k − 1))] (4.7)

FDy = [Re(Y (0)), Im(Y (0)), . . . ,Re(Y (k − 1)), Im(Y (k − 1))] (4.8)

The combined feature vector for both coordinates is:

FD = [FDx, FDy] (4.9)

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), wherem is the number of samples and n

is the number of features, PCA is applied to reduce dimensionality while preserv-

ing key variations[164]. It transforms the original descriptors into uncorrelated

principal components—linear 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 stan-

dard deviation to ensure all features contribute equally to the analysis.

2. Covariance Matrix Computation: Calculate the covariance matrix Σ to un-

derstand how the features vary together:

Σ =
1

m− 1
FDTFD (4.10)
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3. Eigenvalue Decomposition: Decompose the covariance matrix into eigen-

values 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 eigenvectors corre-

sponding to the largest eigenvalues are selected (i.e., ncomponents = 3) to form the

principal components. This selection balances reducing dimensionality while re-

taining significant information. However, to fully explore the impact on classifi-

cation performance, we also analyze the effects of selecting different numbers of

principal components p.

The transformed dataset PCAFD is given by:

PCAFD = FD ·W (4.11)

whereW is the matrix of the selected eigenvectors. By adjusting the number of re-

tained 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 PCAFD is:

PCAFD = [PCAFD1,PCAFD2, . . . ,PCAFDp] (4.12)

These components represent the most significant variations in the gaze tra-

jectories captured by the frequency domain features, capturing both the overall

trajectory shape and the finer details of oscillatory behaviors.



CHAPTER4. ATC-SPECIFICHIERARCHICALDFRECOGNITIONFRAMEWORK95

4.3.4.3 Time-lagged correlation analysis

In the time domain, we analyze the horizontal (x) and vertical (y) coordinates of

fixations into a complex signal (as shown in Equation 4.13) to effectively capture

their synchrony, phase differences, and interactions. We extracted the features of

time domain using autocorrelation [165]. Autocorrelation quantifies how a signal

relates to a time-shifted version of itself, revealing repetitive patterns and periodic-

ity 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 x and y separately.

z(n) = x(n) + iy(n) (4.13)

where i is the imaginary unit (i2 = −1).

The autocorrelation of the complex signal z(n) is defined as:

Rz(t) =
N−t−1∑
n=0

z(n) · z(n+ t) (4.14)

where z 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 normalize by the zero-

lag value Rz(0):

rz(t) =
Rz(t)

Rz(0)
(4.15)

The normalized autocorrelation coefficients rz(t) quantify repetitive movement

patterns while ensuring comparability across different signal magnitudes.

To determine the optimal feature set, we evaluate rz(t) over a range of lag val-
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ues (t) and select those maximizing classification accuracy across four detection

types:

Autocorr = [rz(1), rz(2), . . . , rz(T )] (4.16)

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:

Re(rz(t)) =
∑N−t−1

n=0 Re(z(n)) · Re(z(n+ t))∑N−1
n=0 |z(n)|2

−
∑N−t−1

n=0 Im(z(n)) · Im(z(n+ t))∑N−1
n=0 |z(n)|2

(4.17)

Im(rz(t)) =

∑N−t−1
n=0 Re(z(n)) · Im(z(n+ t))∑N−1

n=0 |z(n)|2

+

∑N−t−1
n=0 Im(z(n)) · Re(z(n+ t))∑N−1

n=0 |z(n)|2

(4.18)

Equations (4.17) and (4.18) decompose rz(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.

From the resulting real and imaginary parts of rz(t), we extract four features :

their respective variances and maximum values.

AutocorrRealMax = max(Re(rz(t))) (4.19)

AutocorrImagMax = max(Im(rz(t))) (4.20)
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AutocorrRealVar = Var(Re(rz(t))) (4.21)

AutocorrImagVar = Var(Im(rz(t))) (4.22)

The maximum values capture nonlinear peak correlations, while the variances

summarize overall periodicity and interaction patterns, enhancing the represen-

tation of complex trajectory behaviors. These features provide insights into the

visual tracking mechanisms underlying fixation dynamics.

4.3.5 Classification models

In this study, ten machine learning models were systematically evaluated for their

effectiveness in detection type recognition. The basic classifiers included sup-

port vector machine (SVM) [166], known for handling high-dimensional spaces;

k-Nearest Neighbors (kNN) [33], valued for its simplicity and pattern recogni-

tion; and multilayer perceptron (MLP), a neural network adept at capturing non-

linear relationships [123]. Advanced ensemble methods, including random for-

est [28], eXtreme Gradient Boosting (XGBoost), and gradient boosting decision

tree (GBDT) and Light Gradient Boosting Machine (LightGBM), were also tested

for their robustness and efficiency in complex datasets [124]. Additionally, three

state-of-the-art deep learningmodels were incorporated: Transformer-MLP,which

uses multi-head self-attention to encode fixation sequences and an MLP for clas-

sification, capturing long-range dependencies[81]; LSTM-Attn, a bidirectional

LSTM with attention to model structured dependencies and highlight key fixation

patterns[83]; and CNN-1D, employing 1D convolutional layers and max pooling

to extract local gaze dynamics for hierarchical feature classification[84]. To en-

sure robust model evaluation and mitigate overfitting, we employed 5-fold cross-



CHAPTER4. ATC-SPECIFICHIERARCHICALDFRECOGNITIONFRAMEWORK98

validation with an independent test set (20%), for generalization across all models.

For deep learning models, we applied L2 regularization (weight decay = 1e-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 [167]. The models were rigorously evaluated for classify-

ing the four detection types, using accuracy for overall performance and recall for

detecting critical failures, minimizing misses of subtle errors[120].

Furthermore, our proposed feature set was utilized to enhance the classification

of four visual detection types, compared against twelve traditional eye-tracking

features, matched to our proposed set’s size for consistency. Traditional features

include average fixation duration, standard deviation of fixation duration, fixa-

tion frequency, fixation count, saccade count, saccade frequency, blink rate mean,

mean pupil size (left and right), fixation-saccade ratio, standard deviation of sac-

cade magnitude, and maximum saccade magnitude, as extensively documented in

previous research on eye movement analysis [16, 25, 75, 162].

4.4 Results

This section evaluates the effectiveness of our proposed hierarchical DF recogni-

tion framework through phase-specific state-of-the-art comparisons, as the frame-

work addresses the spatiotemporal uncertainty of alerts and considers peripheral

vision, making direct comparisons with pre-defined AOI-based frameworks chal-

lenging due to their inability to handle such randomness and visual factors. De-
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tailed results follow.

4.4.1 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

effective eye-tracking and response data, as detailed in Fig. 6.1 in Appendix II.

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 eval-

uated our Adaptive Symbolic Alert Detection method against the Segment Any-

thing Model (SAM) [168] on the same dataset of 442 images. SAM is a general-

purpose, transformer-based model designed for segmenting objects in diverse sce-

narios 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 differ-

ence (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, highlight-
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ing 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 adapt-

ability and robustness in diverse scenarios, its reliance on complex computations

and a rigorous processing pipeline inherently compromises operational efficiency

compared to our task-tailored methods [169]. For qualitative comparison, we

present 12 sample images in Fig. 4.8, with 6 images each from our method and

SAM, showcasing both consistent detections and notable differences.

Figure 4.8: Qualitative comparison of the proposed Adaptive Symbolic Alert De-
tection method (red annotations) and SAM method (white annotations) on ATC
alert-region detection, showing sample cases with both consistent and divergent
outcomes.
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4.4.2 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 sam-

ple output illustrating this process is provided, as shown in Appendix 6.2. The

421 successfully annotated alert samples from the previous section were catego-

rized into four expert-derived ground truth labels: Effective Detection (291 sam-

ples), Peripheral VisionNeglect (52 samples), LBFTSError (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. 4.9, the LLM’s evaluations were divided into Captured and Non-captured

alerts, further distinguishing 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 effectively 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 chal-

lenging due to the complexity and ambiguity of peripheral or erratic eye move-

ment trajectories, sample imbalance (312 Captured vs. 109 Non-captured alerts),

and limitations in LLM’ pretraining on general-purpose images, underrepresenting

dynamic ATC contexts. This disparity 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 find-
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ings underscore the potential of integrating LLM-based approaches with our ad-

vanced multi-domain detection algorithms, enhancing alert detection systems in

complex operational environments like ATC.

Figure 4.9: Performance of LLM (GPT-4V) evaluation of visual attention to alerts,
compared against expert-derived ground truth, showing correct and incorrect clas-
sifications.

4.4.3 Domain-specific performance in distinguishing DF

4.4.3.1 Spatial analysis

The analysis of multi-dimensional spatial features across four detection types pro-

vides crucial insights into how different visual detection types are characterized

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 vari-

ability, offering a more accurate assessment of between-group differences. The
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Mann-Whitney U test, a non-parametric method, was chosen for its robustness

in handling non-normal data and effectiveness in comparing independent groups

[170]. The four spatial features examined reveal distinct patterns among the detec-

tion types, particularly highlighting statistically significant differences, as shown

in Fig. 4.10.

(a) Gaze stability (b) Fixation dispersion

(c) Number of fixation clusters (d) Total scanpath length

Figure 4.10: Spatial feature analysis across four detection types, with significant
differences via Mann-Whitney U test. (Note: Horizontal lines indicate significant
differences between pairs, with p-values shown above each line.)

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 ”Pe-
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ripheral Vision Neglect” and ”Effective Detection.” ”Peripheral Vision Neglect”

exhibits a significantly more concentrated distribution of gaze points within fixa-

tions (p = 3.939e-03) and lower fixation dispersion (p = 8.547e-04) compared to

”Effective Detection.” These findings indicate a more concentrated and stable vi-

sual focus during ”Peripheral VisionNeglect,” 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 indicate

insufficient cognitive resource distribution for effective processing and interpre-

tation. This cognitive disconnect leads to an inadequate response despite initial

detection. In subfigure (d), the analysis of total scanpath length reveals signif-

icant differences between ”Peripheral Vision Neglect” and both ”LBFTS” errors

(p = 3.683e-02) and ”Effective Detection” (p = 4.981e-06). ”Peripheral Vision Ne-

glect” shows the shortest scanpath length overall, indicating that participants’ eye

movements are most constrained during this condition. This suggests a highly fo-

cused visual attention on specific tasks, leading to the neglect of peripheral alerts.

In addition, the significant difference between ”Pre-attentive Detection” and ”Ef-

fective 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 eyemovement. This efficiency likely stems from

quickly detecting and processing the alert within peripheral vision, reducing the

need for broader scanning typical in ”Effective Detection”.
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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.

4.4.3.2 Frequency domain analysis

This section evaluates the classification performance of frequency-domain fea-

tures in distinguishing peripheral vision-aware DF in ATC. By isolating Fourier

Descriptors (FDs) and PCA components, we assess their contributions to identify-

ing four visual detection types. Random Forest, the best-performing model among

ten classifiers, achieved the highest test precision across all configurations.

Fig. 4.11 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 pre-

cision (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 re-

duced accuracy (64%), likely due to insufficient descriptor complexity. The trend

suggests that increasing k improves accuracy up to a point, but the model bene-

fits the most with the p = 4 components for the reduction of dimensionality, as

higher k without appropriate adjustments p does not consistently improve per-
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formance. These findings highlight the importance of carefully tuning FD and

PCA parameters to optimize frequency feature extraction for complex classifica-

tion tasks, revealing their role in capturing nuanced gaze dynamics critical for ATC

detection. To further explore the frequency domain’s role across detection types,

Figure 4.11: 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.

we examined the per-class performance of the optimal configuration (k=5, p=4)

using RF, as shown in Fig. 4.12. The normalized confusion matrix illustrates the

classification performance, with the diagonal values representing the proportion

of correctly classified samples for each detection type: Effective Detection (0.72),
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Figure 4.12: 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 Detec-
tion )

Peripheral Vision Neglect (0.88), LBFTS Error (0.85), and Pre-attentive Detec-

tion (0.84). Additionally, the recall scores were calculated for each class: Effec-

tive 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 [161]. However, the lower per-

formance for Effective Detection suggests integrating temporal or spatial features

to enhance its detection. Overall, the findings highlight the frequency domain’s
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ability to model rhythmic gaze disruptions, enhancing ATC safety by identifying

subtle cognitive lapses and attentional constraints with distinct dynamic patterns.

4.4.3.3 Time-lagged correlation analysis

This section examines the classification performance of time-lagged autocorre-

lation features, evaluating their role in distinguishing four DF types 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. 4.13 presents a radar plot of test accuracies for lags rang-

ing from 2 to 10, selected based on typical fixation counts (13–22 per sample)

to ensure meaningful temporal patterns without overcomplicating the model. Re-

sults 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 sus-

tained attention patterns critical for ATC detection, revealing their role inmodeling

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. 4.14. The normalized confusion matrix reveals

classification performance, with diagonal values indicating correct classification

rates: Effective Detection (0.59), Peripheral Vision Neglect (0.86), LBFTS Er-

ror (0.92), and Pre-attentive Detection (0.84). The model excels in classifying

LBFTS Error and Peripheral Vision Neglect, reflecting time-lagged features’ abil-

ity to capture distinct temporal dynamics, such as centrally focused fixations in
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Figure 4.13: Random forest classification accuracy across time lags (t=2–10) in
autocorrelation analysis, with peak performance of 81% at t=9 for four visual de-
tection types.

LBFTS and regular, concentrated patterns in PVN, critical for identifying these

failures. However, the lower performance for Effective Detection suggests inte-

grating frequency or spatial features to enhance its detection.

To quantify these temporal dynamics, we analyzed the average maximum au-

tocorrelation values at lag=9. Peripheral Vision Neglect and Pre-attentive Detec-

tion exhibit the highest real part maximum values (0.86 each), indicating strong

synchronization 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 synchroniza-
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Figure 4.14: 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 Detec-
tion)

tion. Despite Peripheral Vision Neglect’s strong synchronization, LBFTS Error’s

superior performance suggests time-lagged features better capture its centrally fo-

cused fixation patterns, possibly due to distinct temporal consistency in gaze con-

centration. For qualitative comparison, Fig. 4.15 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 in Pre-attentive Detection, validating the distinct

time-lagged behaviors across categories.
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Effective Detection Peripheral Vision Neglect LBFTS Error Pre-attentive Detection

Figure 4.15: Qualitative comparison of temporal characteristics across four detec-
tion types using samples with top-ranked maximum autocorrelation samples.

4.4.4 Integrated domain performance in visual detection fail-

ure recognition

This study evaluates the classification performance of visual DF recognition, fo-

cusing on four distinct detection types, by comparing the proposed fixation coordinate-

sensitive multi-domain feature set with several alternatives. The proposed fea-

ture set integrates 12 features across three domains—four spatial, four frequency

(FD=5, PCA=3, the optimal configuration identified in Section 4.4.3.2), and four

temporal (lag=9, the optimal value identified in Section 4.4.3.3)—to capture a

comprehensive representation of gaze behavior. For comparison, we include a
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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 4.1: 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 78.11 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

Table 4.1 presents the classification accuracy across ten classifiers, highlight-

ing 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. Light-

GBM ranks second at 92.27% (vs. 83.69% for traditional features), demonstrat-

ing the proposed set’s superior generalization across classifiers. Ablation analysis

further reveals the contribution of individual 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 re-

lying 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-



CHAPTER4. ATC-SPECIFICHIERARCHICALDFRECOGNITIONFRAMEWORK113

MLP. Notably, spatial-temporal features underperform (peak at 83.26%), suggest-

ing potential challenges in model convergence for this combination. These re-

sults confirm the necessity of integrating all three domains, as the proposed multi-

domain set consistently surpasses both single- and dual-domain subsets, highlight-

ing the critical role of domain interplay in enhancing detection-type recognition

accuracy.

4.5 Discussion

This study establishes a novel peripheral vision-aware visual detection classifi-

cation and validates it by introducing a Hierarchical Detection Failure Recogni-

tion Framework, demonstrating 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 ro-

bust 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 [58, 153],

currently focuses on single-alert scenarios. Should overlapping alert scenarios be

further explored, our method effectively identifies the overall alert regions; how-

ever, future research should focus on delineating individual alert boundaries 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,
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facilitating the classification of samples into four proposed detection types. Our

findings reveal that the LLM’s evaluation of detected alerts shows a clear advan-

tage 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 re-

search of [80], where LLMs were integrated with EEG and eye-gaze data, achiev-

ing a classification accuracy of over 60%. These studies collectively highlight the

potential of LLMs in tasks requiring semantic and contextual understanding, es-

pecially 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 complex-

ity and ambiguity of Non-captured scenarios, where eye movement trajectories of-

ten exhibit peripheral or erratic patterns, challenge GPT-4V’s visual capabilities,

as these patterns reflect peripheral vision or cognitive failures (e.g., attention dis-

persion, lack of understanding). Second, sample imbalance—312 Captured versus

109 Non-captured alerts—biases LLM toward captured scenarios, consistent with

AI bias studies[171], which highlight reduced sensitivity to rare events. Third,

GPT-4V’s pretraining on general-purpose images and texts underrepresents dy-

namic ATC contexts, limiting its ability to capture subtle differences in peripheral

vision or unstable trajectories[172]. To address the challenges, we propose build-

ing 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 pe-
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ripheral vision dynamics, and fine-tuning LLMs with ATC-specific datasets. This

approach aligns with recent advances in LLM optimization[80] and aims to en-

hance the model’s ability to capture nuanced eye movement patterns, ultimately

improving performance in ATC alert detection tasks.

Additionally, the framework introduces a novel fixation coordinate-sensitive

multi-domain feature set, achieving 93.13% accuracy in peripheral vision-aware

detection, surpassing traditional eye-tracking metrics (83.69%) and both single-

and dual-domain features. Compared to prior research on four visual attentional

type classification[161], which achieved only 79% accuracy, our results highlight

the significant advantage of fixation coordinate-sensitive multi-domain feature in-

tegration 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 successes and failures. Previous studies,

such as [147], have suggested that efficient eye movement patterns are typically

characterized by broader and more extensive tracking trajectories, indicating ef-

fective visual processing. Consistent with these findings, our study found that

LBFTS errors are associated with significantly fewer fixation clusters compared

to ”Effective Detection” and ”Pre-attentive Detection”. Additionally, the signif-

icantly higher gaze stability and lower fixation dispersion observed in ”Periph-

eral Vision Neglect” compared to ”Effective Detection” align with the challenges

in maintaining consistent attention to peripheral stimuli, as highlighted by [173].

Thus, the two DF result from difficulties in processing peripheral information,
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reflecting a more focused but less exploratory search strategy. Furthermore, the

two DF types are significantly different, as reflected by ”Peripheral Vision Ne-

glect” 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 vary-

ing the number of FDs and PCA components impacts recognition accuracy. Pre-

vious studies, such as the examination of saccadic eye movements in [163], have

highlighted the importance of FDs in capturing dynamic visual patterns. Simi-

larly, [174] demonstrated that incorporating frequency domain features can sig-

nificantly enhance temporal information processing in emotion recognition 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 lim-

itation 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 strategies minimize

distortion, advanced denoising techniques like wavelet transforms or adaptive fil-

tering could further suppress high-frequency jitters and stabilize visual trajectory
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patterns, addressing residual noise concerns[175].

Building on the insights from the time-lagged correlation analysis, this discus-

sion 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 [135], which emphasizes

the critical role of temporal dependencies in visual attentionmechanisms, a finding

reinforced by [176], who linked LBFTS failures to ineffective temporal process-

ing. The robust performance in detecting 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 Ef-

fective Detection highlights the necessity 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 per-

sonalized gaze modeling to accommodate diverse attentional dynamics, thereby

enhancing the resilience of automated ATC systems by adapting to individual op-

erator variability and minimizing detection errors.

The proposed hierarchical peripheral vision-aware framework 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[161]. Building on this, the framework advances beyond immediate detec-

tion by fostering an intelligent, human-centered ATC support system that identi-

fies DF and informs adaptive intervention strategies. By analyzing visual attention
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fluctuations in dynamic air traffic scenarios, it enables personalized alert optimiza-

tion, adjusting warning intensity and format to individual controller engagement

patterns. This shift from reactive monitoring to proactive enhancement strength-

ens 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.

4.6 Concluding remarks

This study introduced a novel classification framework for visual detection results

incorporating peripheral vision awareness and human attentional states, highlight-

ing a broader and more structured range of visual DF. Furthermore, a hierarchical

framework has been developed to effectively recognize the proposed DF types in

ATC-specific environments. First, the proposed Adaptive Symbolic Alert Detec-

tion method successfully addressed the spatiotemporal uncertainties of alert ap-

pearances on ATC radar interfaces, achieving a precision rate of 95.24%. Ad-

ditionally, the GPT-4V-powered LLMs showed significant potential in enhanc-

ing the verification of controllers’ visual attentional engagement with alerts, ex-

tending the capabilities beyond what traditional eye-tracking methods alone could

achieve. Finally, the proposed fixation coordinate-sensitive multi-domain fea-

ture set markedly enhanced detection-type recognition, with accuracy rising from

83.69% (traditional features) to 93.13% with Transformer-MLP, outperforming

single- and dual-domain representations and other models, demonstrating the syn-

ergistic effectiveness of multi-domain feature integration.



Chapter 5

Fixation state-enabled

LLM-enhanced DF prediction

In this chapter, a novel approach is proposed for predicting DF by leveraging

fixation-state transition features and L-PTT method. The study focuses on captur-

ing pre-alert attentional patterns and enhancing prediction interpretability through

2D heatmap analysis. The structure of this chapter is organized as follows: Section

5.1 presents the research motivation and challenges in DF prediction. Section 5.2

details the methodology, including pre-alert period identification, fixation-state

transition feature extraction, and the L-PTT framework. Section 5.3 evaluates the

proposed feature set, analyzes L-PTT optimization, and compares performance

with state-of-the-art methods. Sections 5.4 and 5.5 discuss key findings, practical

implications, and offer concluding remarks.
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5.1 Background

5.1.1 Motivation

As ATC demands precise and proactive responses to dynamic alerts, predicting

and mitigating these failures is essential to enhancing system reliability and pre-

venting accidents. Research on attentional lapses has significantly advanced the

understanding of DF prediction [21, 40, 45]. Foundational studies by Simons and

Chabris [9, 10], and Mack and Rock [11, 12] illustrate mechanisms like IB and

LBFTS errors, highlighting the role of cognitive overload and expectancy in miss-

ing critical alerts. Building on this understanding, DF has been systematically

classified into categories such as ordinary blindness, LBFTS errors, and misinter-

pretation, applying situational awareness theory to frame how cognitive processes

contribute to such failures [161]. Based on these insights, empirical research [18,

25, 114] further highlights the role of eye-tracking techniques in fatigue and atten-

tion lapses prediction, employing metrics like fixation patterns, pupil dynamics,

and scanpaths, offering non-invasive tools for detection failure analysis. More-

over, studies leverage practical algorithms, such as LSTM, random forest, and

transformers, to model failure patterns across safety-critical domains, enhancing

prediction capabilities [79, 90]. Additionally, our prior work advances this by

incorporating peripheral vision to investigate the scope of visual attention, distin-

guishing DF from complex see-without-looking situations, proposing LLM-based

fixation-coordinate-sensitive analysis for robust DF recognition [177]. These stud-

ies collectively offer robust strategies for predicting DF.
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5.1.2 Challenges

While prior studies have developed predictive methods for some cognitive activi-

ties (e.g., workload, stress, and fatigue), specialized predictive approaches for DF

remain challenging due to their unique characteristics [25, 28]. On the one hand,

DF prediction involves dynamic attention-switching patterns prior to alert trig-

gering, differing from post-hoc identification that analyzes gaze trajectories after

stimulus appearance [18, 178]. This poses a primary challenge in the complex-

ity of feature representation for accurate prediction. For instance, Verschooren et

al. [179] emphasize that attention-switching between internal and external infor-

mation involves asymmetrical switch costs, suggesting that dynamic transitions

in attention allocation are resource-intensive and context-dependent. These find-

ings highlight the need for features that model the dynamic interplay of attention

transitions to enable early detection of potential failures [20].

On the other hand, the low-frequency nature of DF leads to prediction classi-

fiers inherently biased toward majority classes, resulting in poor recall rates for

true DF instances [21, 39]. To mitigate this imbalance, recent studies have em-

ployed Bayesian optimization methods for algorithmic hyperparameter tuning [91,

180]. Beyond algorithmic optimization, standard practices also focus on data rep-

resentation and decision boundaries to improve model performance. For instance,

data resampling techniques like SMOTE augment minority class representation

by generating synthetic samples, rebalancing the dataset [87, 181]. These efforts

are further reinforced by post-processing methods, such as probability calibration

and probability threshold adjustment, to refine classifier outputs [93]. Established

tools like grid search [182], PR curves [183], and ROC analysis [94]optimize
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thresholds for rare events to maximize their recall rates and F1-scores. How-

ever, a key limitation persists: static thresholds cannot adapt to sample-specific

feature variations [184]. Key feature value ranges strongly correlate with minor-

ity DF type prediction probabilities [129, 185], and identifying these relationships

enables adaptive probability thresholds to lower decision boundaries for relevant

DF samples, boosting DF type recall. This need for intelligent threshold adjust-

ment has driven interest in generative AI. Notably, LLMs have shown promising

solutions in analyzing complex patterns in visual and textual tasks such as acci-

dent analysis and reasoning, human visual attention analysis [98, 186], as shown

in our prior work on assessing visual engagement on alerts [177]. By learning

intricate feature-conditioned relationships in imbalanced data, LLMs enable intel-

ligent threshold adaptation, enhancing the reliability of DF prediction compared

to conventional methods.

5.1.3 Objective

Therefore, this study aims to address the above challenges for robust DF predic-

tion. Firstly, a fixation-state transition feature set is proposed to capture human at-

tentional switching patterns, which focuses on capturing switches among distinct

fixation states, enhanced by state-specific frequency metrics and spatial sequence

patterns [71]. Moreover, we develop L-PTT method to enable intelligent thresh-

old adaptation in DF prediction. The LPT method operates through an LLM that:

(1) establishes initial probability thresholds by analyzing predictive probability

distributions in non-DF and DF classes, and (2) generates adaptive threshold ad-

justment rules by learning feature-probability relations. This allows the prediction
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model to automatically calibrate class-specific probabilistic thresholds according

to evolving feature characteristics, significantly enhancing detection sensitivity

for critical DF events while preserving overall stability. Moreover, we extend the

L-PTT method to investigate: (i) how input feature formats (2D heatmaps vs. nu-

merical table) affect LLM-driven threshold accuracy, and (ii) the effectiveness of

applying LLM-generated threshold plans via Exhaustive tuning (all adjustments)

versus Priority-based tuning (high-impact adjustments first). These investigations

advance our understanding of optimal LLM integration for adaptive prediction

systems.

5.2 Methodology

This section presents the methodology for specialized DF prediction, integrating

three coordinated components, as shown in Fig. 5.1. First, construct a feature

set from eye movement data to characterize pre-alert attentional patterns, quanti-

fying state transition dynamics and their spatial correlates. Second, perform DF

prediction using the LLM-driven probabilistic threshold tuning (L-PTT) method,

leveraging LLMs to enhance prediction reliability through three key operations:

learning feature-probability relationships from train data distributions to initial-

ize probabilistic thresholds and generate threshold adjustment rules, comparing

2D heatmap and numerical input formats to determine optimal feature representa-

tions, and implementing dynamic threshold adjustments through either exhaustive

or priority-based tuning strategies. Finally, a comprehensive evaluation assesses

system performance through class-specific metrics. Together, these components

form an adaptive framework that continuously refines DF predictions based on
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evolving attentional patterns.

Figure 5.1: Methodology overview: an integrated pipeline for DF prediction
through fixation-state transition feature set and LLM-driven probabilistic thresh-
old tuning.

5.2.1 Feature set construction

Under feature set construction, pre-alert period identification defines the pre-trigger

temporal window, fixation-state capture records eyemovement states, and fixation-

state transition feature set quantifies dynamic shifts and spatial correlates. Below

is a detailed explanation.

5.2.1.1 Pre-alert period identification

The eye-tracking data originates from a controlled ATC simulation experiment

in our prior work [177], capturing 421 warning-response instances classified into

four behavioral categories: two non-DF types—NDF-1 (effective detection, 291
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cases) and NDF-2 (pre-attentive detection, 57 cases)—and two DF types: DF-1

(peripheral vision neglect, 52 cases) and DF-2 (LBFTS errors, 21 cases). Focus-

ing on the four detection types, we analyze attentional patterns within pre-defined

temporal windows preceding warnings. The analysis adopts a 5-second baseline

window (0 to -5s relative to warning onset), a duration empirically validated across

ATC simulations and eye-tracking research as effectively capturing the eye move-

ment trajectory patterns of different DFs [177]. To address severe class imbalance

(e.g., only 21 DF-2 cases), we employ a sliding window approach with 1-second

steps to augment samples while maintaining temporal relevance [75, 149]. The 1-

second step size is physiologically justified by the 60Hz eye-tracking sampling rate

(16.7ms/frame), ensuring each window captures new gaze data without requiring

lengthy pre-alert observation periods. Based on the above settings, we evaluate

three distinct pre-alert period configurations: Focused period: 0 to -5s, 1×5s win-

dow; Moderate period: 0 to -9s, 5×5s windows; Extended period: 0 to -14s, 10×5s

windows. This stratified design provides progressive sample expansion (1×→ 5×

→ 10×) while preserving the 5s attentional analysis window established in ATC

studies.

5.2.1.2 Fixation-state capture

Following the identification of critical time windows of heightened attentional de-

mand, the attentional state capture module categorizes fixation durations to char-

acterize distinct cognitive processing levels. As informed by prior research, this

study analyzes fixation states according to fixation duration thresholds: short fix-

ations (<200 ms), medium fixations (200–500 ms), and long fixations (>500 ms)

[32, 73]. These thresholds are employed because they map to attentional intensity,
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with shorter fixations reflecting quick, automatic processing of simple stimuli and

longer fixations indicating complex cognitive effort or high cognitive load, as ob-

served in tasks like reading and visual search[72–74]. This categorization enables

precise quantification of attentional states, providing a foundation for analyzing

cognitive dynamics within pre-alert periods.

5.2.1.3 Fixation-state transition feature set

The state transitions modeling module illustrates the construction of fixation-state

transition feature set, depicting the fixation-state transition matrix, per-state fre-

quency statistics, and state-sequence spatial patterns, as shown in Figure 5.2. First,

the module extends the characterization of attentional states by constructing a

fixation-state transition matrix to quantify the dynamic shifts between these at-

tentional states. The transition matrix quantifies transition counts between short

/ medium / long fixation states within each time window, forming a 3×3 matrix

yielding a 9-dimensional feature space. For states si, sj ∈ {short,medium, long},

the transition count is defined as:

C(si → sj) = N(si → sj), (5.1)

where N(si → sj) is the number of transitions from state si to sj . The result-

ing fixation-state transition counts include: Clong→long, Clong→medium, Clong→short,

Cmedium→long,Cmedium→medium,Cmedium→short,Cshort→long,Cshort→medium, andCshort→short.

To complement the transition matrix analysis, we compute per-state frequency

statistics and state-sequence spatial patterns that characterize the overall distri-

bution of attentional investment across different processing levels. Per-state fre-
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Figure 5.2: Conceptual diagram of fixation-state transition feature set, depict-
ing the fixation-state transition matrix, per-state frequency statistics, and state-
sequence spatial patterns.

quency statistics, including the respective counts and total counts of short, medium,

and long fixations, and total fixation duration within each time window, provide

a quantitative summary of attentional state distribution [71]. Additionally, state-

sequence spatial patterns are characterized through three complementary metrics:

total scanpath length (reflecting visual coverage), fixation dispersion (quantifying

spatial distribution), and number of fixation clusters (indicating attentional focal

points). These spatial features, inspired by prior work [74, 177], enhance the fea-

ture set by linking state transitions to spatial attention patterns, such as clustering

of long fixations on complex regions, which is particularly relevant for tasks re-

quiring strategic visual exploration.

Together, these features provide a comprehensive representation of attentional

dynamics. To ensure robustness, features are standardized per participant using
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StandardScaler to account for individual variability.

5.2.2 DF prediction based on L-PTT

The DF prediction module integrates a structured pipeline to enhance class-specifc

probabilistic threshold tuning, as depicted in Figure 5.1. The process begins with

data partitioning, where the dataset is initially split with 20% reserved as an in-

dependent test set to evaluate model performance. LLMs are employed to learn

feature characteristics and derive probability threshold decisions from the training

samples, which are subsequently applied to the test data. To ensure robust model

evaluation, the remaining 80% of the data undergoes 5-fold cross-validation, fur-

ther partitioned into training and validation subsets for iterative model tuning and

assessment [187]. Additionally, to address class imbalance in the training data,

SMOTE with k = 5 neighbors is applied to oversample the training folds, bal-

ancing rare DF classes. Two robust-performing models identified in prior work

on DF recognition task were employed in this DF prediction task: random for-

est and Transformer-MLP [177]. Specifically, random forest utilizes ensemble

learning with 100 trees, Gini criterion, max depth 20, while Transformer-MLP

used PyTorch 1.9 with a 4-layer transformer encoder (8 attention heads, 512 units,

dropout 0.1) followed by a 2-layer MLP (256 units, ReLU activation) to capture

sequential fixation dependencies.

To address the challenges in specialized DF prediction, this study introduces L-

PTT method, which refines classification decisions through class-specific thresh-

olds. The process begins with computing the sample-specific predictive prob-

ability in each class using baseline models trained on the proposed feature set.
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These probabilities reflect the model’s confidence for each test instance across the

four DF categories. Next, to reduce computational overhead, feature importance

is evaluated globally via 5-fold cross-validation, with averaged scores (e.g., Gini

impurity) ranking features. Only the top-ranked features (e.g., k = 2, 3, 4, 5) are

retained, focusing on the most predictive ones to optimize efficiency. The selected

features are then used to generate the probability distribution in each class and top-

ranked features, capturing how feature values correlate with predicted probabilities

across DF categories. This distribution is represented in two formats as input to

the LLM: a 2D (two-dimensional) heatmap visualizing probability densities (e.g.,

using kernel density estimation for smooth interpolation) or a numerical table (e.g.,

CSV table of raw values). By comparing these formats, we evaluate which better

enables the LLM to interpret feature-probability relationships for threshold cali-

bration.

The core LLM-driven probabilistic threshold tuning step employsGPT-4-turbo

via theOpenAIAPI to analyze the input representations and generate class-specific

thresholds. For each class i (i = 0, 1, 2, 3; DF classes: i = 1, 2), the LLM-driven

threshold is calculated as:

Ti = T init
i +∆Ti(x) (5.2)

where T init is an initial threshold, and∆Ti(x) is a feature-conditioned adjustment

with x representing the input sample’s feature vector. This adjustment captures

the relationship between feature space and probability intensity, enabling context-

aware threshold adaptation.

In addition, the LLM’s workflow process and prompt design are detailed in
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Figure 5.3: Workflow of LLM-driven probabilistic threshold tuning (L-PTT)
method.

Figure 5.3, with probability distributions (as input) in 2D heatmap or numerical

table formats. The prompt guides the LLM to set initial thresholds based on high-

probability regions and adjust them dynamically—lowering for DF classes to en-

hance recall and refining for non-DF classes to preserve precision, while adapting

thresholds based on feature-driven probability intensity to reduce false positives.

The output comprises a Threshold Plan for each class, detailing initial thresh-

olds, feature-conditioned adjustments (including conditions, actions, values, and

magnitudes), and an explanatory basis for the adjustments. The generated thresh-

olds are applied through two tuning strategies. Exhaustive tuning sequentially

applies all LLM-proposed adjustments to optimize across feature combinations,

ensuring comprehensive performance gains. Priority-based tuning selects only

the largest-magnitude adjustment per sample (applying the first satisfied condition

when equal), prioritizing efficiency while maintaining focus on impactful shifts.
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Finally, sample-specific prediction intervenes in the classification decision as:

y = arg max
i|Pi≥Ti

Pi (5.3)

where Pi is the predictve probability in each class. The LPT method filters prob-

abilities that meet or exceed the threshold before selecting the maximum among

qualified classes.

5.2.3 Performance Evaluation

Performance evaluation employs three key metrics: accuracy measuring overall

detection correctness, class-wise recall assessing DF-category prediction capabil-

ity, and class-wise F1-score balancing precision and recall - particularly crucial

for handling class imbalance by penalizing scenarios where high recall might oth-

erwise inflate false positives [20]. The proposed feature set is rigorously com-

pared against two established baselines: (1) a classical feature set comprising 17

traditional eye-tracking metrics, where the number of features was deliberately

matched to our method’s dimensionality while maintaining comprehensive cov-

erage of fundamental attentional indicators. The metrics include average/total

fixation duration, fixation duration, fixation frequency, fixation count, saccade

count, saccade frequency, average/maximum saccade velocity, average/maximum

blink rate, and mean pupil diameter (left and right), fixation-saccade ratio, aver-

age/maximum saccademagnitude, as extensively documented in previous research

on eye movement analysis [16, 25, 75, 162]. and (2) a SOTA fixation coordinate-

sensitive feature set that demonstrated superior performance in prior work through

its 12-dimensional spatial-temporal characterization of fixation patterns [177].
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The L-PTT method undergoes comprehensive benchmarking against estab-

lished techniques, including probability calibration approaches [93] and threshold

optimization methods (ROC/PR curve-based tuning [183] and grid search [182])

for post-processing, aswell as data pre-processing, the standard SMOTE andADASYN

to evaluate their impact on class balance [87]. Additionally, this study also com-

pares class balancing strategies such as Class-Weighted learning, BalancedSam-

pling, and EasyEnsemble methods [88], and recent algorithmic optimization tech-

niques [91, 180], including BOHB and BO-TPE, assessing their effectiveness in

hyperparameter tuning for the ATC-specific dataset.

5.3 Results

5.3.1 Evaluation of fixation-state transition feature set

This section evaluates the proposed fixation-state transition feature set against tra-

ditional and fixation coordinate-sensitive feature sets across three pre-alert peri-

ods (i.e., the Focused (0 to -5s), Moderate (0 to -9s), and Extended (0 to -14s)

windows) using random forest and Transformer-MLP models, as shown in Tables

5.1 and 5.2. The analysis prioritizes overall accuracy for prediction reliability and

recall/F1-score for minority DF types, critical for accurate DF prediction.

For the random forest model (see Table 5.1), the proposed feature set consis-

tently outperforms Trad. and FCS across all time ranges, achieving the highest

accuracy (0.78) and minority class metrics in the Extended period (DF-1 recall:

0.35, F1-score: 0.49; DF-2 recall: 0.31, F1-score: 0.45). The Extended time range

yields the best overall performance, with the proposed feature set improving DF-1
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Table 5.1: Performance metrics comparison of random forest across different time
ranges and feature sets. Here, recall rate and F1-score focus on two DF types.

Time ranges Feat. set Acc. Recall rate F1-score

NDF-1 DF-1 DF-2 NDF-2 NDF-1 DF-1 DF-2 NDF-2

Focused
Trad. 0.69 1.00 0.00 0.00 0.00 0.83 0.00 0.00 0.00
FCS 0.65 0.93 0.00 0.00 0.00 0.79 0.00 0.00 0.00
FTFS 0.67 0.97 0.00 0.00 0.00 0.80 0.00 0.00 0.00

Moderate
Trad. 0.70 1.00 0.06 0.05 0.02 0.82 0.11 0.09 0.03
FCS 0.73 0.95 0.23 0.29 0.19 0.83 0.35 0.39 0.29
FTFS 0.73 0.92 0.42 0.29 0.18 0.83 0.51 0.39 0.26

Extended
Trad. 0.71 1.00 0.07 0.05 0.05 0.83 0.13 0.09 0.11
FCS 0.73 0.97 0.14 0.12 0.28 0.84 0.25 0.21 0.40
FTFS 0.78 0.97 0.35 0.31 0.36 0.86 0.49 0.45 0.49

Note:
- NDF denotes non-DF types, DF denotes DF types; Trad., FCS, FTFS denote traditional feature
set, fixation coordinate-sensitive feature set, fixation-state transition feature set (proposed), respec-
tively.
- Bold values indicate the best performance of each metric class in DF types.

Table 5.2: Performance metrics comparison of Transformer-MLP across different
time ranges and feature sets. Here, recall rate and F1-score focus on two DF types.

Time Range Feat. Set Acc. Recall Rate F1-score

NDF-1 DF-1 DF-2 NDF-2 NDF-1 DF-1 DF-2 NDF-2

Focused
Trad. 0.35 0.44 0.00 0.25 0.25 0.55 0.00 0.13 0.16
FCS 0.41 0.56 0.20 0.00 0.00 0.61 0.13 0.00 0.00
FTFS 0.61 0.81 0.20 0.00 0.17 0.76 0.22 0.00 0.19

Moderate
Trad. 0.57 0.71 0.29 0.10 0.30 0.72 0.29 0.11 0.27
FCS 0.54 0.64 0.29 0.33 0.30 0.70 0.25 0.21 0.29
FTFS 0.58 0.73 0.27 0.33 0.23 0.73 0.26 0.34 0.22

Extended
Trad. 0.60 0.77 0.17 0.17 0.32 0.75 0.19 0.20 0.30
FCS 0.58 0.73 0.22 0.19 0.32 0.73 0.23 0.16 0.32
FTFS 0.62 0.75 0.35 0.21 0.32 0.75 0.35 0.25 0.29

Note:
- NDF denotes non-DF types, DF denotes DF types; Trad., FCS, FTFS denote traditional feature
set, fixation coordinate-sensitive feature set, fixation-state transition feature set (proposed), respec-
tively.
- Bold values indicate the best performance of each metric class in DF types.
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recall by 5 times (0.07 to 0.35) andDF-2 recall by 6 times (0.05 to 0.31) compared

to Trad. in the same period. In contrast, the Focused period yields zero recall for

DF-1/DF-2 across all feature sets, as the single 5-second window and small test set

(e.g., 4 DF-2 samples) limit feature discriminability. The Moderate period shows

moderate gains (the proposed feature set: DF-1 recall 0.42, DF-2 recall 0.29), but

Extended’s larger sample size and temporal context improve overall performance.

By comparison, the Transformer-MLP model (see Table 5.2) exhibits less ef-

fective overall performance than random forest, with the proposed feature set still

achieving the highest accuracy (0.62 in Extended) and minority class metrics (DF-

1 recall: 0.35, F1-score: 0.35; DF-2 recall: 0.21, F1-score: 0.25). Compared to

Trad. and FCS, the proposed feature set improves DF-1 recall by 2 times (0.17

to 0.35) and DF-2 F1-score by 25% (0.20 to 0.25) in the Extended period. How-

ever, Transformer-MLP also struggles in the Focused period (DF-1 recall: 0.20,

DF-2 recall: 0.00 for the proposed feature set), indicating sensitivity to limited

temporal data. The Extended period again proves optimal, leveraging the pro-

posed feature set’s transition-focused features to enhance minority class detection,

though random forest’s superior robustness suggests better suitability for imbal-

anced datasets.

Given random forest’s superior performance and the proposed feature set’s

consistent effectiveness, particularly in the Extended time range, subsequent anal-

yses adopt the random forest model with the Extended period and the proposed

feature set to further optimize DF prediction. This choice ensures robust mi-

nority class performance while maintaining conciseness in evaluating the L-PTT

method’s adaptive threshold strategies. Under this optimal setting, the top-5 fea-

tures by global importance are: Clong→short (0.10), Cshort→long (0.07), short fixation
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count (0.07), fixation dispersion (0.07), and Cshort→medium (0.07). These features,

capturing frequent attentional shifts and spatial variability, are critical for distin-

guishing DF-1 and DF-2 by highlighting dynamic attention switching patterns.

5.3.2 Evaluation of DF prediction based on L-PTT

Table 5.3: Performance evaluation of L-PTT methods in different combinations
of top-k features, input forms and tuning strategies.

Top-k Methods Acc. Recall Rate F1-score

NDF-1 DF-1 DF-2 NDF-2 NDF-1 DF-1 DF-2 NDF-2

2

H-Pri 0.72 0.71 0.75 0.64 0.78 0.80 0.57 0.61 0.62
H-Exh 0.76 0.79 0.70 0.62 0.73 0.84 0.61 0.55 0.65
A-Pri 0.77 0.96 0.36 0.36 0.38 0.86 0.47 0.49 0.51
A-Exh 0.78 0.94 0.48 0.38 0.38 0.86 0.55 0.52 0.51

3

H-Pri 0.80 0.89 0.54 0.62 0.65 0.87 0.57 0.62 0.67
H-Exh 0.78 0.89 0.64 0.57 0.45 0.87 0.58 0.59 0.57
A-Pri 0.78 0.97 0.31 0.31 0.38 0.86 0.44 0.45 0.51
A-Exh 0.78 0.97 0.31 0.31 0.38 0.86 0.44 0.45 0.51

4

H-Pri 0.79 0.86 0.55 0.64 0.67 0.86 0.58 0.61 0.66
H-Exh 0.78 0.95 0.37 0.33 0.46 0.86 0.49 0.47 0.56
A-Pri 0.77 0.96 0.38 0.31 0.38 0.86 0.49 0.45 0.51
A-Exh 0.77 0.97 0.31 0.29 0.35 0.86 0.44 0.42 0.49

5

H-Pri 0.76 0.83 0.57 0.67 0.59 0.84 0.58 0.45 0.64
H-Exh 0.78 0.97 0.32 0.36 0.38 0.86 0.45 0.48 0.51
A-Pri 0.77 0.96 0.38 0.31 0.38 0.86 0.49 0.45 0.51
A-Exh 0.75 0.88 0.35 0.31 0.59 0.84 0.46 0.45 0.56

Method Key: H-Pri = Heatmap-Priority, H-Exh = Heatmap-Exhaustive
A-Pri = Array-Priority, A-Exh = Array-Exhaustive

Note: Bold values indicate the best performance in each metric class.

Building on the Section 5.3.1 findings, where random forest model with the ex-

tended time range and FTFS achieved the highest performance, limitations in recall

and F1-score for critical DF types, DF-1 and DF-2, necessitate further optimiza-

tion. This section introduces the L-PTT approach, which employs adaptive thresh-

old tuning to enhance recall and F1-score for these minority DF types. Table 5.3
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evaluates four L-PTT methods—Heatmap-Priority (H-Pri), Heatmap-Exhaustive

(H-Exh), Array-Priority (A-Pri), and Array-Exhaustive (A-Exh)—using two in-

put forms (2D heatmaps and numerical arrays) and two threshold tuning strategies

(exhaustive and priority-based). The table reports accuracy, recall, and F1-score

for four classes, with DF-1 and DF-2 being critical for improved recall and F1-

score due to their sparse representation. The H-Pri method demonstrates robust

performance across all top-k feature sets, achieving the highest accuracy (0.80 for

top-3, 0.79 for top-4, 0.76 for top-5) and strong recall for DF-1 (0.75, 0.55, 0.57)

and DF-2 (0.64, 0.64, 0.67). H-Exh also performs competitively, particularly for

top-2 (0.76 accuracy, 0.70 recall for DF-1) and top-3 (0.64 recall for DF-1), but its

minority class performance declines with larger feature sets (e.g., 0.32 recall for

DF-1 in top-5). In contrast, A-Pri and A-Exh consistently favor the majority class

ED (recall up to 0.97), but their performance on DF-1 and DF-2 (recall 0.31–0.38)

indicates a bias due to data imbalance. Increasing feature set size from top-2 to

top-5 does not always improve performance, as seen in A-Exh’s accuracy drop

(0.78 to 0.75), suggesting potential overfitting with larger feature sets.

Given H-Pri’s superior accuracy (0.80) with the top-3 feature set, 2D heatmaps

(Figure 6.2 in Appendix IV) were provided to visualize the joint probability distri-

butions of pairwise combinations among the top-3 features (i.e.,Clong→short,Cshort→long,

short fixation count) in the training set. These heatmaps, serving as inputs to the

L-PTT model, reveal lower probability densities for DF-1 and DF-2 compared to

ED, highlighting the challenge of imbalanced data in distinguishing critical DF

types. The focus on top-3 feature pairs is justified by H-Pri’s optimal balance of

high accuracy and improved minority class performance, providing insights into

feature interactions that enhance DF prediction.
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Table 5.4: Comparative performance of L-PTT method against SOTA DF predic-
tion methods addressing imbalance issues.

Method Acc. Recall Rate F1-score

NDF-1 DF-1 DF-2 NDF-2 NDF-1 DF-1 DF-2 NDF-2

SOTA Methods

SMOTE-only 0.78 0.97 0.31 0.31 0.38 0.86 0.44 0.45 0.51
Class-Weighted 0.78 0.97 0.31 0.31 0.38 0.86 0.44 0.45 0.51
Balanced Sampling 0.57 0.50 0.74 0.83 0.68 0.65 0.52 0.41 0.50
EasyEnsemble 0.37 0.34 0.46 0.52 0.41 0.47 0.30 0.20 0.30
BOHB 0.80 0.90 0.53 0.55 0.61 0.87 0.56 0.60 0.66
BO-TPE 0.79 0.89 0.54 0.55 0.63 0.87 0.58 0.57 0.67
PR-Threshold 0.78 0.97 0.31 0.31 0.38 0.86 0.44 0.45 0.51
ROC-Threshold 0.79 0.94 0.41 0.48 0.52 0.87 0.52 0.53 0.61
Grid Search 0.78 0.94 0.38 0.38 0.49 0.86 0.49 0.52 0.59
Probability-Calibrated 0.78 0.95 0.38 0.38 0.40 0.86 0.49 0.51 0.52

Proposed Methods

H-Exh (ADASYN) 0.78 0.95 0.35 0.60 0.38 0.86 0.48 0.60 0.51
H-Exh (SMOTE) 0.78 0.89 0.64 0.57 0.45 0.87 0.58 0.59 0.57
H-Pri (SMOTE) 0.80 0.89 0.54 0.62 0.65 0.87 0.57 0.62 0.67
H-Pri (ADASYN) 0.80 0.89 0.53 0.64 0.65 0.87 0.59 0.64 0.67

Note:
- NDF denotes non-DF types, DF denotes DF types; Trad., FCS, FTFS denote traditional feature
set, fixation coordinate-sensitive feature set, fixation-state transition feature set (proposed), respec-
tively.
- Bold values indicate the best performance of each metric class in DF types.

5.3.3 Comparative analysis with SOTA methods

The previous Section 5.3.2 analysis established the superiority of the top-3 fea-

tures with Heatmap input. Hence, this study evaluates the L-PTT method using

this configuration with two application strategies—Priority (H-Pri) and Exhaus-

tive (H-Exh), each with SMOTE or ADASYN preprocessing, against state-of-the-

art (SOTA) methods for DF prediction with class imbalance issue, as detailed in

Table 5.4. L-PTT’s H-Pri (SMOTE) and H-Pri (ADASYN) achieve a top accu-

racy of 0.80, matching BOHB, while surpassing it in DF-2 recall (0.62–0.64 vs.

0.55), and F1-scores. Although Balanced Sampling achieves high DF-1 (0.74) and
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DF-2 (0.83) recall, its low accuracy (0.57) risks excessive false positives, compro-

mising operational reliability. In contrast, H-Exh (SMOTE) excels in DF-1 recall

(0.64), second only to Balanced Sampling’s 0.74, and H-Pri (ADASYN) achieves

superior F1-scores (0.59 DF-1, 0.64 DF-2) alongside high accuracy and achieves

the second-highest DF-2 recall (0.64, behind Balanced Sampling’s 0.83). Addi-

tonally, unlike PR-Threshold, ROC-Threshold, and GridSearch, which use static

thresholds and underperform (0.31–0.48 DF-1/DF-2 recall, 0.44–0.53 F1-scores),

L-PTT’s adaptive feature-conditioned threshold enhances minority DF prediction.

Other SOTAmethods, such as SMOTE-only, Class-Weighted, EasyEnsemble, BO-

TPE, and Probability-Calibrated, show limited performance (0.31–0.54 DF-1 re-

call, 0.20–0.58 F1-scores), with EasyEnsemble notably weak (0.37 accuracy). In

summary, L-PTT’s H-Pri (ADASYN) ensures reliable DF prediction without com-

promising overall performance.

5.4 Discussion

5.4.1 Key findings and methodological implications

The results demonstrate that the proposed feature set significantly outperforms tra-

ditional feature sets, particularly in the Extended time window where it achieves

0.78 accuracy (vs. 0.71-0.73 baselines) and high improvement in DF-type re-

call. This superiority stems from the proposed feature set’s unique capacity to

encode temporal attentional transitions (e.g., long-to-short fixation sequences),

which conventional spatial features or static metrics fail to capture. The random

forest model’s consistent advantage over Transformer-MLP (0.78 vs 0.62 accu-
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racy) suggests ensemble methods better handle the imbalanced DF data distribu-

tion, likely through their inherent bootstrap aggregation, mitigating overfitting to

majority classes. Notably, the Extended period’s performance dominance reveals

a critical trade-off: while longer pre-alert windows (14s) provide richer contextual

cues for detection, they may delay response times in operational settings - a ten-

sion requiring careful calibration in real-world deployment. The top-performing

features (Clong→short (0.10), Cshort→long (0.07), short fixation count) empirically val-

idate cognitive theories that abrupt attentional shifts precede DF, offering neu-

roscientific grounding for our approach. Moreover, the results from the L-PTT

Optimization approach reveal that the top three features provide a more effective

framework for large language model (LLM) learning compared to configurations

incorporating the top two, four, or five features, suggesting a refined feature set

enhances model comprehension and performance [16]. In addition, LLM learn-

ing from 2D heatmaps demonstrates superior efficacy over traditional numeric

structure-based learning, indicating that simplified visual representations facili-

tate the model’s ability to discern and prioritize key patterns effectively.

5.4.2 Practical applications and future directions

L-PTT’s adaptive threshold tuning proves particularly valuable for safety-critical

ATC operations, where its 0.80 accuracy and 0.53-0.64 minority recall outperform

static methods while avoiding Balanced Sampling’s false positive risks (57% accu-

racy). The success of heatmap inputs (vs. numerical arrays) suggests visual feature

representations better preserve spatial-temporal relationships crucial for DF pre-

diction, aligning with recent vision transformer advancements [29, 96]. However,
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three limitations warrant future work: The pre-alert period’s time ranges (Focused,

Moderate, Extended) and sampling methods require finer-grained exploration to

optimize temporal granularity, as coarse intervals may obscure subtle attentional

shifts critical for DF detection. Additionally, L-PTT’s LLM-based threshold tun-

ing could benefit from enhanced prompt engineering to improve adaptability to

diverse feature interactions visualized in heatmaps. Finally, the real-time applica-

tion of LLMs in ATC systems faces computational constraints, limiting immediate

deployment despite robust performance. These challenges suggest future research

into refined temporal sampling and efficient LLM integration.

5.5 Concluding remarks

This study introduces a methodological reference for proactive DF prediction in

ATC by integrating fixation-state transition feature set and L-PTT. The results

demonstrate that the proposed feature set effectively captures pre-alert attentional

dynamics, achieving 0.78 accuracy (vs. 0.71–0.73 baselines) and significantly

enhancing recall for critical DF types (DF-1: 0.35 → 0.53–0.64; DF-2: 0.31 →

0.59–0.64). L-PTT further optimizes performance through adaptive thresholding,

outperforming static methods (0.80 accuracy) while maintaining robustness. The

superiority of 2D heatmap inputs and priority-based tuning highlights the impor-

tance of spatially aware feature representation and dynamic decision-making. By

providing practical guidance for reliable, human-centric DF prediction, this work

enhances ATC safety and sets a foundation for LLM-driven adaptive systems in

safety-critical domains.



Chapter 6

Conclusion

This chapter concludes the thesis by summarizing the key findings andmain contri-

butions in Section 6.1, and discussing the study’s limitations along with proposed

directions for future research in Section 6.2.

6.1 Contributions

This thesis significantly advances the theoretical classification, recognition, and

prediction of visual DF in ATC through the integration of eye-tracking analytics,

cognitive modeling, and LLM. The research establishes novel theoretical frame-

works, develops computationally informed methodologies, and provides action-

able insights for enhancing safety and operational efficiency in ATC systems. The

key contributions are summarised as follows:

1. Situation Awareness-Based Theoretical Foundation for DF Classifica-

tion

141
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• Proposed a novel gaze-behavioral DF classification grounded in End-

sley’s situation awareness theory, systematically categorizing DF and

linking diverse DF types to specific eye-tracking indicators.

• Revealed howwarning frequencymodulates operators’ attentional pat-

terns and DF types, offering theoretical insights into the interaction

between external stimuli and visual-cognitive behaviors in dynamic

environments.

• Provided a scientific basis for the design of adaptive warning systems,

supporting dynamic frequency adjustment and cognitive-state-aware

interventions.

2. Hierarchical and Peripheral Vision-Aware DFRecognition Framework

• Developed an ATC-specific hierarchical recognition framework inte-

grating peripheral vision tracking and multi-domain gaze feature ex-

traction, significantly improving DF classification accuracy under re-

alistic operational conditions.

• Introduced an Adaptive Symbolic Alert Detection method for auto-

matic identification and annotation of ATC alerts, enhancing the effi-

ciency and objectivity of alert region localization.

• Leveraged GPT-4V for evaluating controllers’ visual engagement with

alerts, reducing reliance on manual annotation and enabling scalable,

intelligent alert attention assessment.

3. Fixation State-Driven and LLM-Enhanced DF Predictive Modeling
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• Designed a novel fixation-state transition feature set to capture pre-

alert temporal attention patterns, enabling early and accurate predic-

tion of DF.

• Proposed an LLM-driven probabilistic threshold tuning method that

adaptively sets classification thresholds based on feature-probability

heatmaps, improving robustness in class-imbalanced scenarios.

• Demonstrated the advantage of 2D visual heatmaps over numerical

data in facilitating LLM interpretability, providing a new pathway for

explainable AI in safety-critical human-machine systems.

In summary, this thesis contributes to both the theoretical and practical dimen-

sions of human factors in ATC by introducing scalable, interpretable, and fixation-

aware frameworks for DF analysis. The methodologies developed are also trans-

ferable to other safety-critical monitoring domains such as autonomous driving,

medical supervision, and power grid management.

6.2 Limitations and Future Research

While this thesis provides substantial contributions to DF research, several limi-

tations remain that offer avenues for future investigation:

1. Experimental Scope and Scenario Complexity: Current studies employed

simplified ATC tasks with visual-only alerts. Future work should incorpo-

rate multi-modal alerts (e.g., auditory cues) and overlapping warning sce-

narios to better approximate real-world conditions.
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2. Sample Size and Participant Diversity: Constraints in data collection within

operational ATC settings resulted in a limited number of participants. Fu-

ture studies should include more controllers with varying expertise levels to

improve generalizability.

3. Temporal and Computational Granularity: The predefined pre-alert time

intervals and high computational demands of LLMs pose challenges for

real-time deployment. Future research should explore finer-grained tempo-

ral segmentation and efficient model compression or hardware acceleration

strategies.

4. Integration of Multi-Modal Data: This thesis focused primarily on eye-

tracking data. Incorporating EEG and other physiological signals could

provide a more comprehensive understanding of cognitive states during DF

episodes.

5. Context Adaptation of LLM Prompts: The zero-shot prompts used for alert

evaluation and threshold tuning showed limitations in task-specific accu-

racy. Fine-tuning LLMs onATC-specific corporamay enhance performance

and contextual alignment.

Future researchwill focus on extending the proposed frameworks tomore com-

plex and dynamic environments, integrating multi-modal data sources, enhanc-

ing computational efficiency, and refining LLM adaptations for real-time, safety-

critical applications.
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Appendices

Appendix I. Warning types and examples used in DF

induction experiment

The table 6.1 provides a comprehensive summary of the warning types and their

representation formats utilized in the simulation experiments discussed in Section

3.2.2.

Appendix II. Sample distribution across participants

For the experimental setup in Section 4.2, 7 participants were excluded from an

initial pool of 38 participants, due to invalid data: 3 for eye-tracking calibration

failure, 3 for Euroscope platform timing issues preventing alert timing confirma-

tion, 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. 6.1. Invalid samples resulted from technical fac-

tors: (1) network delays in the Euroscope platform, causing alerts to exceed the

intended 5-second duration (e.g., 6 seconds), and (2) track loss due to head move-

ments beyond the eye tracker’s range, leading to gaps in gaze data.
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Table 6.1: The description and representation formats of the different warning
types.

Warning types Descriptions & Representation formats
Infringing radar
separation minima

The planes infringe on radar separation minima if the vertical separation be-
tween planes is less than 1000 feet. For example:
1. Flight X and Flight Y are infringing radar separation minima.
2. Conflict: keep 1000 feet difference until both planes are on their localizer.

Infringing an area
restriction

Certain regions within the airspace require a minimum flight altitude, and the
violation of this altitude would trigger a warning. For example: Flight X is
infringing an area restriction.

A plane entering Upon entering the airspace, the plane triggers a warning to alert the ATCOs to
its presence. For example:
1. Flight X heavy with you.
2. Flight X heavy, weather E.
3. Flight X heavy at FL70.
4. Flight X heavy is passing FL96 descending FL70.
5. Flight X heavy with information F.

Require further
climb

Upon takeoff, the system alerts the ATCOs to instruct the plane to continue
ascending, ensuring a successful departure from the airspace. For example:
1. Flight X requires further climb.
2. Flight X climbing FL60, BERGI departure.
3. Flight X passing 2100 climbing to FL60, BERGI departure.
4. Flight X passing 2100, BERGI departure.

Unable to land A plane descending blindly to the glideslope from too steep an angle (over 3
degrees) or excessive altitude (over 4000 feet) will be warned that it is unable
to land successfully. For example:
1. Flight X cannot capture the localizer at this heading.
2. Flight X is above the glideslope of runway 27.
3. Flight X is crossing the glideslope of runway 27.
4. Flight X is about to cross the localizer of runway 27.

Go around If a plane exceeds 2000 feet in altitude or is within 4 miles of the preceding air-
craft during approach, a go-around is required, as this concerns safe separation
rather than the usual decision height of 1000 feet or below. For example:
1. Flight X is going around (too high).
2. Flight X is going around (too close behind a heavy).
3. Flight X is going around (runway not clear).
4. Flight X is going around (too fast).
5. Flight X is only 3.8 miles behind a heavy (need 4 miles).
6. Flight X is 0.2 miles too close to the preceding heavy aircraft.

Delays A plane is delayed while it takes over 30 minutes to land. For example: Flight
X is delayed.

About to leave the
airspace

If the plane is overlooked and it is about to leave its landing airspace, the system
will trigger a warning. For example:
1. Flight X is about to leave the airspace.
2. Flight X is almost leaving the airspace.
3. Flight X has just left the airspace.
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Figure 6.1: Distribution of valid and invalid samples per participant. The dashed
line represents that participant received at least 13 alerts.

Appendix III. A sample output from GPT-4V Model

Output: The provided image shows a red rectangle in the upper center of the image,

markedwith ”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:
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- Since there are blue points and lines inside the red rectangle, this indicates

that the subject’s attention was captured by the emergency.

Final Classification: Captured alert
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Appendix IV. 2Dheatmaps of joint probabilities among

top-3 features

(a) 2D heatmap of top-1 & top-2 feature pair

(b) 2D heatmap of top-1 & top-3 feature pair

(c) 2D heatmap of top-2 & top-3 feature pair

Figure 6.2: Joint probability distribution of top 1-3 feature pairs: 2D heatmap visu-
alization in train set. Here, Class 0-3 denote Effective detection, Peripheral vision
neglect, Look-but-fail-to-see error, and Pre-attentive detection, respectively.



INFORMATION SHEET  

Unseen Horizons: A Study on Detection Failures with Air Traffic Controllers 

You are invited to participate in the above project conducted by Dr Li Fan, who is a staff 

member of the Department of Aeronautical and Aviation Engineering in The Hong Kong 

Polytechnic University.  The project has been approved by the Human Subjects Ethics Sub-

committee (HSESC) of The Hong Kong Polytechnic University (HSESC Reference Number: 

HSEARS20211117002).   

The aims/objectives of this project are to study the characteristics of online students’ visual 

attention collected by Eye tracker, EEG device and capture students’ attention via interaction 

enhancement and a reasonable online course arrangement.  

You are invited to take part in a procedure to investigate the situation awareness level of the 

subjects. Measurements will be taken by eye tracker equipment. The eye tracker measures the 

eyeball positions and movement. There should be minimal discomfort or risk. The test does not 

hurt and the whole investigation will take about an hour. 

The testing should not result in any undue discomfort, but you will need to perform the tasks 

required by the researchers. You are required to complete the tasks as the pilot role and perform 

flying activities in a flight simulator. 

The information you provide as part of the project is the research data.  Any research data from 

which you can be identified is known as personal data.  Personal data does not include data 

where the identity has been removed (anonymous data).  We will minimise our use of personal 

data in the study as much as possible.  The researcher and his team, supervisor will have access 

to personal data and research data for the purposes of the study.  Responsible members of The 

Hong Kong Polytechnic University may be given access for monitoring and/or audit of the 

research. 

All information related to you will remain confidential. For data safety and confidentiality, the 

data will be stored in a locked computer. All the data, samples and study records will be stored 

with a password-protected zip. Only the investigator, the research staff and the research students 

under the investigator’s supervision have the right to access the data in the period of conducting 

the research experiments and research project. All the data, samples and study records will be 

stored with a password-protected achiever. The information collected will be kept one year after 

project completion/publication or public release of the research results. The Hong Kong 

Polytechnic University takes reasonable precautions to prevent the loss, misappropriation, 

unauthorized access or destruction of the information you provide. 

You have every right to withdraw from the study before or during the measurement without 
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penalty of any kind. 

If you have any questions, you may ask our helpers now or later, even after the study has 

started.  

You may contact Dr Li Fan (tel. no.: 3400 2468/ email: fan-5.li@__________) of PolyU under 

the following situations: 

a. if you have any other questions in relation to the study;

b. if, under very rare conditions, you become injured as a result of your participation in the

study; or

c. if you want to get access to/or change your personal data before 30th September 2023.

參與者須知 

Hung Hom Kowloon Hong Kong 香港 九龍 紅磡 

Tel 電話 (852) 2766 5111 Fax 傳真 (852) 2784 3374 

Email 電郵 polyu@polyu.edu.hk 

Website 網址 www.polyu.edu.hk 

In the event you have any complaints about the conduct of this research study, you may contact
Miss Cherrie Mok, the Secretary of the Human Subjects Ethics Sub-Committee of The Hong
Kong Polytechnic University by email (cherrie.mok@_________) or in writing (c/o Research
Office of The Hong Kong Polytechnic University) stating clearly the responsible person and
department of this study as well as the HSESC Reference Number.

Thank you for your interest in participating in this study. 

Dr Li Fan
Principal Investigator/Chief Investigator



基於視覺及認知註意力分析的空中交通管制員註意力失誤研究 

我們誠邀閣下參與上述由香港理工大學航空及民航工程學系李凡博士開展研究。此研究已

獲香港理工大學人類實驗對象操守小組委員會批准（人類實驗對象操守小組委員會項目參

考編號: HSEARS20211117002）。   

此研究的目的是通過在模擬空中交通管制員的真實工作場景中，研究操控者對警告或其他

關鍵信息的反應來了解他們的視覺和認知註意力分佈，分析眼動儀和腦電圖采集的特點。 

過程中，研究人員將透過眼動儀和腦電圖設備測量受試者的態勢感知程度。眼動儀用於測

量眼球的位置和動態。受試者於過程中或感到輕微不適或有輕微風險，但實驗不會對受試

者造成傷害。整個實驗需時約一個小時。  

此實驗不會引致強烈不適，但受試者需根據研究人員的指引完成實驗。受試者將以空勤人

員的身份模擬處理相應指令, 並於模擬器執飛指定任務。 

實驗中收集的數據為「研究數據」。任何可以識別出受試者的數據為「個人數據」。個人

數據並不包括已刪除身份識別資料的數據（ 即匿名數據）。我們將盡可能減少在研究中

對個人數據的使用。只有項目負責人及其團隊可存取及瀏覽研究數據和個人數據進行研

究。香港理工大學的相關人士亦會被授予監察和審核此研究項目的權限。  

所有與受試者有關的資料將會被保密。為保障數據的安全性和保密性，所有數據將儲存在

已鎖定的電腦設備裏。所有數據，樣本和研究記錄將額外使用密碼保存。在進行實驗和研

究項目期間，只有相關研究人員可在項目負責人的監督下存取數據。我們所收集的數據將

於項目完成或發布研究結果後保存一年。香港理工大學會採取合理的措施防止丟失、盜

用、未經授權的存取或破壞所收集到的數據。  

如您在實驗開始之前或實驗期間退出研究，您將不會受到任何形式的懲罰。 

如您有任何疑問，可隨時向研究人員查詢。 

若有以下情況，您可聯繫李凡博士（電話：34002468／電子郵件：fan-5.li@

）： 

a. 如果您有其他與此研究有關的問題；

b. 如果在非常罕見的情況下，您因參加此實驗而受傷；

c. 如果您想在 2023年 9月 30日之前存取或更改您的個人數據。



如果您對此項研究有任何投訴，可透過電子郵件（cherrie.mok@                  )或郵件聯繫

香港理工大學人類實驗對象操守小組委員會秘書莫小姐。若郵寄投訴，請於信封註明

「轉交香港理工大學研究事務處」、研究負責人、及其所屬部門及人類實驗對象操守小

組委員會項目參考編號。 

我們再次感謝您的參與。 

李凡博士 

項目負責人 

Hung Hom Kowloon Hong Kong 香港 九龍 紅磡 

Tel 電話 (852) 2766 5111 Fax 傳真 (852) 2784 3374 

Email 電郵 polyu@polyu.edu.hk 

Website 網址 www.polyu.edu.hk 



 

 

 

 

 

 

CONSENT TO PARTICIPATE IN RESEARCH  

Unseen Horizons: A Study on Detection Failures with Air Traffic Controllers 

 

I _______________________ hereby consent to participate in the captioned research conducted 

by Dr Li Fan.   

I understand that information obtained from this research may be used in future research and 

published. However, my right to privacy will be retained, i.e. my personal details will not be 

revealed.   

The procedure as set out in the attached information sheet has been fully explained. I understand 

the benefit and risks involved. My participation in the project is voluntary.   

I acknowledge that I have the right to question any part of the procedure and can withdraw at 

any time without penalty of any kind. 

 

Name of participant                                                                                                                   

Signature of participant                                                                                                             

Name of Parent or  

Guardian (if applicable)                                                                                                            

Signature of Parent  

or Guardian (if applicable)                                                                                                        

Name of researcher                                                                                                                   

Signature of researcher                                                                                                               

Date                                                                                                                                              

 

Hung Hom Kowloon Hong Kong 香港 九龍 紅磡 

Tel 電話 (852) 2766 5111 Fax 傳真 (852) 2784 3374 

Email 電郵 polyu@polyu.edu.hk 

Website 網址 www.polyu.edu.hk 
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參與研究同意書 

  

基於視覺及認知註意力分析的空中交通管制員註意力失誤研究 

 

 

本人___________________同意參與由李凡博士開展的上述研究。 

  

本人知悉此研究所得的資料可能被用作日後的研究及發表，但本人的私隱權利將得以保

留，即本人的個人資料不會被公開。 

  

研究人員已向本人清楚解釋列在所附資料卡上的研究程序，本人明瞭當中涉及的利益及風

險；本人自願參與研究項目。 

  

本人知悉本人有權就程序的任何部分提出疑問，並有權隨時退出而不受任何懲處。 

  

參與者姓名  ______________________________________                     

參與者簽署   ______________________________________                                              

家長或監護人(如適用) 姓名 _________________________ 

家長或監護人(如適用) 簽署 _________________________ 

研究人員姓名 ________              ______________________ 

研究人員簽署 _____________________________________ 

日期 _____________________________________________ 

    

  

Hung Hom Kowloon Hong Kong 香港 九龍 紅磡 

Tel 電話 (852) 2766 5111 Fax 傳真 (852) 2784 3374 

Email 電郵 polyu@polyu.edu.hk 

Website 網址 www.polyu.edu.hk 
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