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Abstract

Hazard perception is fundamental to driver safety, yet current assessment meth-
ods, including those employed by the UK Driver and Vehicle Standards Agency
(DVSA), rely primarily on reaction-time-based scoring and offer limited insight
into the attentional processes underlying hazard detection. Although eye-tracking
research has demonstrated the importance of visual attention in hazard perception,
traditional approaches depend on specialised hardware, restricting their scalability
and integration into real-world assessment environments.

This study presents a proof-of-concept investigation into the integration of
webcam-based gaze estimation within a hazard perception testing framework. A
prototype system was developed using MediaPipe to estimate gaze direction during
video-based hazard perception tasks, enabling the capture of low-resolution atten-
tional signals using standard consumer hardware. Ten domain-informed partici-
pants, all software engineers within the UK Department for Transport, completed
the task and provided structured feedback through a mixed-methods evaluation.

Findings demonstrate strong support for the integration of gaze-based feedback,
with all participants indicating that such information would enhance hazard per-
ception training or testing. Despite recognised limitations in accuracy, calibration
stability, and sensitivity to environmental conditions, participants considered coarse
gaze data sufficient to provide meaningful insights into attentional behaviour. The
results highlight a clear distinction between the requirements of high-stakes assess-
ment and training applications, with gaze estimation showing particular promise
as a diagnostic and feedback tool.

This research contributes an initial validation of the feasibility of incorporating
low-resolution gaze estimation into hazard perception systems in a manner that
is interpretable, accessible, and aligned with existing assessment constraints. The
findings establish a foundation for future work exploring gaze-informed feedback,
improved calibration techniques, and the development of scalable, attention-aware
driver training systems.



Contents

List of Abbreviations

1

Introduction
1.1 Problem Definition . . . . . . . . . ..

Literature Review

2.1 Introduction to the Subject Area . . . . . . .. ... ... ... ...

2.2 Critical Literature Review . . . . . . . . . . . . ... ... ... ...
2.2.1 Theoretical Foundations . . . . . . . . .. . ... ... ... ...
2.2.2 Current State of Research . . . . . . . . ... ... ... .....
2.2.3 Industrial Applications and Practice . . . . ... ... ... ...
2.2.4  Gaps and Opportunities . . . . . . . .. .. ... ... ... ...

2.3 Research Rationale and Justification . . . . . . ... ... ... .....
2.3.1 Rationale for the Study . . . . ... ... ... ... .. ... ..
2.3.2 Justification of Research Focus . . . . . ... ... ... .....
2.3.3 Academic Contribution . . . . . . . . . .. ... L.
2.3.4 Practical Significance . . . . ... ...
2.3.5  Methodological Justification . . . . . . ... ... ... ... ...
2.3.6 Research Gap Analysis . . . . . . .. ... ... ... ... ....

System Design

3.1 Design Objectives . . . . . . . . . . . . .
3.2 System Architecture . . . . . .. ... L
3.3 Gaze Estimation Pipeline. . . . . . . . . . ... ... ...
3.4 Hazard Mapping and Alignment . . . . . . .. ... ... ... .. ...
3.5 Implementation Details . . . . . .. .. ... ... 000000

Research Philosophy and Design Strategy
4.1 Research Approach . . . . . . . . . ...
4.2  System Implementation . . . . . . ... ..o
4.3 System Design Methodology . . . . . . . ... .. ... ... ...
4.4 Participants . . . . . ...
4.5 Survey Design . . . . . . ..
4.6 Data Collection Procedure . . . . . . . .. .. .. ... ... ... ...
4.7 Data Analysis . . . . . . ...
4.8 Methodological Considerations . . . . . . .. . . ... ... ... .....
4.8.1 Participant Awareness of System Operation . . . ... ... ...
4.8.2 Technical Constraints of Webcam-Based Gaze Estimation . . . . .
4.8.3 Exploratory Study Scope . . . . . ...
4.8.4 Ethical Considerations . . . . . . .. .. ... ...
4.9 Summary ...

Results

5.1 Overview of Responses . . . . . . . . . . . ... ... ... ... ....
5.2 Calibration and Setup Experience . . . . . . . .. . ... ... ... ...
5.3 System Usability . . . . . . .. ...
5.4 Physical Comfort and Webcam Awareness . . . . . ... ... ... ...

10
10
10
10
12
15
16
18
18
19
19
19
20
20

23
23
23
24
25
25

27
27
28
28
29
29
30
31
31
31
31
32
32
32



5.5 Hazard Perception Task Experience . . . . . . . .. ... ... ... ...

5.6 Attitudes Toward Gaze Tracking . . . . . . .. ... ... ... .....
5.7 Qualitative Feedback . . . . . . . . ... ... ..o
Discussion

6.1 Overview of Findings . . . . . . . . . ... .. o
6.2 Interpretation of Key Results . . . . ... ... .. ... ... ... ...
6.3 Comparison with Existing Literature . . . . . . .. ... ... ... ...
6.4 Implications for Hazard Perception Systems . . . . .. .. .. ... ...
6.5 Limitations . . . . . . ...
6.6 Future Work . . . . . . . .
6.7 Reflections on the Project . . . . . . . . . ... ... ... ... ...,

Conclusions and Recommendations

System Screenshots

A.1 Welcome Screen . . . . . . . . . .o
A.2 Instructions Screen . . . . . . . . . .
A.3 Gaze Calibration . . . . . . . . .
A.4 Calibration Validation . . . . . . . . . . . . ..
A5 Test Phase . . . . . . . .
A6 Debug Mode . . . . . . . . .
A.7 Results Screen . . . . . . ...
A.8 Aol Marker Tool . . . . . . . . . . .

Source Code

B.1 Application Entry Point . . . . .. ... ..o
B.2 Type Definitions . . . . . . .. ..o
B.3 Main Application Component . . . . . . . . . . . ... ... ... ...
B.4 MediaPipe Gaze Tracker . . . . . . . . . . .. ... ... ... ... ..
B.5 Affine Calibration Transform . . . . . . . . ... ... ... ... .....
B.6 Gaze Utilities . . . . . . . . . . .
B.7 Calibration Component . . . . . . . . . .. ... ... L.
B.8 Video Player Component . . . . . . . . ... .. .. ... ... ...
B.9 Card Component . . . . .. . . . .. . ... ...
B.10 Status Badge Component . . . . . . . ... ...
B.11 Data Capture Manager . . . . . . . . . . . . .. ... ... ... ...
B.12 Aol Marker Tool . . . . . . . . . . . . ... .



List of Figures

U W N =

N

System architecture of the prototype hazard perception platform . . . . .
The initial setup screen prompting the user to start the test. . . . . . ..
Instructions presented to the user before calibration. . . . . . ... ...
The 9-point gaze calibration interface. . . . . . .. ... ... ... ...
The validation screen showing the gaze dot tracking the user’s eye position
against reference points. . . . . . . . ..o
A hazard perception clip during the test phase. . . . . . ... ... ...
Debug mode showing the gaze overlay, hazard AOI bounding boxes, and
CAMETA PIEVIEW. . . . . . o v v v v e i e e e e e e e
The results screen displaying the user’s score and data export options. . .
The standalone Aol Marker Tool used to define hazard regions on video

53
23
54

25
56

o6
o7



List of Tables

U W N =

Participant perceptions of the calibration process . . . . ... ... ...
Participant perceptions of system usability . . . . . . ... ... ... ..
Participant perceptions of physical comfort and webcam awareness . . . .
Participant perceptions of the hazard perception task . . . . . . ... ..
Participant attitudes toward gaze-based hazard perception systems

33
34
35
36
37



List of Abbreviations

DfT Department for Transport

DVSA  Driver and Vehicle Standards Agency
DMS Driver Monitoring System

MSc Master of Science

pPC Personal Computer
SA Situational Awareness
Ul User Interface

WBET Webcam-Based Eye Tracking



1 Introduction

Road safety remains a significant public concern, with human factors continuing to play
a central role in traffic collisions [1, 2]. Among these factors, hazard perception is widely
recognised as a critical component of driver competence [3, 4, 5]. It refers to the ability to
identify, interpret, and respond to potentially dangerous situations as they develop within
the driving environment. Deficiencies in hazard perception are strongly associated with
increased crash risk, particularly among novice drivers, who often exhibit delayed hazard
recognition and less effective visual engagement with the road scene [3, 6, 7].

In the United Kingdom, hazard perception is formally assessed through video-based
tests administered as part of the driving theory test. These assessments require candi-
dates to observe pre-recorded driving scenarios and indicate when a developing hazard is
detected. While this approach offers scalability, standardisation, and ease of deployment,
it relies heavily on response timing as the primary measure of performance [4, 8]. As
a result, it provides limited insight into the perceptual and cognitive processes that un-
derpin hazard detection. In particular, existing assessment methods do not capture how
drivers allocate visual attention, despite substantial evidence that attentional behaviour
plays a central role in hazard perception [7, 9, 10].

Eye-tracking research has provided important insights into the relationship between
visual attention and hazard perception. Studies consistently show that experienced
drivers tend to exhibit broader scanning patterns, earlier fixation on potential hazards,
and more anticipatory visual behaviour compared to novice drivers [7, 4, 9]. However,
much of this research relies on laboratory-based infrared eye-tracking systems, which re-
quire specialised equipment and controlled environments [11, 12]. These constraints limit
their applicability in large-scale or assessment-oriented contexts, where systems must be
accessible, robust, and capable of operating under varying conditions [12, 13].

Recent advances in computer vision have led to the development of webcam-based
eye tracking (WBET), which enables gaze estimation using standard consumer hardware
[14, 15, 16]. Although WBET operates at lower spatial and temporal resolution than
traditional eye-tracking systems, it offers a more accessible and scalable alternative [12,
17]. This raises an important question: whether a lower-resolution gaze signal may still
provide meaningful insight into attentional behaviour within hazard perception tasks,
particularly when aligned with the constraints of existing assessment methods [18, 10].

This dissertation investigates the feasibility of integrating webcam-based gaze esti-
mation into a hazard perception testing framework. Rather than attempting to model
detailed visual search strategies, the study adopts a proof-of-concept approach focused
on whether coarse gaze information can be used to validate attentional alignment at the
point of response. This reflects the practical limitations of WBET and the structure of
existing hazard perception assessments, which rely on discrete user responses evaluated
within defined time windows [12, 17].

The research is guided by two key questions:

» Can webcam-based gaze estimation be feasibly integrated into a hazard perception
system using standard hardware?

e Do domain-informed users perceive value in incorporating gaze information into
hazard perception training or assessment?

To address these questions, a prototype hazard perception system incorporating
webcam-based gaze estimation was developed and evaluated through interaction with



participants. Feedback was collected using a structured survey and supported by qual-
itative observations from post-task discussions. The study therefore considers both the
technical feasibility of the approach and its perceived usefulness within a transport-related
context [19, 20].

The contribution of this work is intentionally scoped as exploratory. It does not
seek to replace existing hazard perception assessment methods or to make claims about
detailed attentional processes. Instead, it evaluates whether a minimal and interpretable
gaze-based signal can be captured and meaningfully integrated into a hazard perception
task. In doing so, the research provides a foundation for future work exploring the use of
gaze-based feedback in driver training and the potential evolution of hazard perception
assessment practices [21, 22, 23].

1.1 Problem Definition

Existing hazard perception assessments, including those used by the DVSA| rely primarily
on reaction-time-based scoring and provide limited insight into the attentional processes
that underpin hazard detection. As a result, they cannot distinguish between timely
responses that reflect effective visual engagement with a developing hazard and those
that arise from coincidental timing. At the same time, traditional infrared eye-tracking
systems are too costly and specialised for widespread deployment, creating a gap for
more accessible, webcam-based approaches that can provide a coarse but interpretable
attentional signal suitable for integration into hazard perception tasks.



2 Literature Review

2.1 Introduction to the Subject Area

Hazard perception is widely regarded as a fundamental component of road safety and
driver competence. It is commonly defined as the ability to detect, interpret, and respond
to hazards as they emerge within the driving environment. Crucially, hazard perception
extends beyond the mere detection of objects in the visual field, involving judgement
under time pressure and the recognition of situations that may become dangerous before
they fully materialise. Impairments in hazard perception are strongly associated with
increased crash risk, a relationship that is particularly well documented among novice
drivers, who typically recognise hazards later and exhibit less effective visual engagement
than experienced drivers [3, 4, 5].

Despite this conceptual complexity, hazard perception is still most commonly assessed
using outcome-based measures such as reaction time. In the United Kingdom, for ex-
ample, the DVSA’s video-based hazard perception tests require candidates to indicate
developing hazards within predefined scoring windows, an approach that is scalable and
standardised but provides limited insight into the attentional processes underlying those
responses [8, 1].

Eye-tracking research has demonstrated that visual attention plays a central role in
hazard perception, with experienced drivers typically exhibiting earlier and more consis-
tent visual engagement with potential hazards than novice drivers [7, 4]. Much of this
evidence, however, is derived from laboratory-based infrared eye-tracking systems, which
offer high precision but require specialised equipment and controlled environments. These
constraints limit their suitability for large-scale or assessment-integrated deployment and
raise questions regarding ecological validity [12, 13].

WBET has emerged as a more accessible alternative, enabling gaze estimation using
standard consumer webcams and computer vision techniques [12, 14]. Although such
systems operate at lower spatial and temporal resolution than infrared trackers, they
are capable of capturing broad attentional information that may be sufficient for assess-
ment contexts. Their low cost and ease of deployment make them viable candidates for
integration into existing hazard perception testing frameworks [17, 19].

Accordingly, this study is positioned as a proof-of-concept (POC). Rather than at-
tempting to model full scan-path behaviour or anticipatory visual strategies, it examines
whether coarse, assessment-compatible gaze information obtained via WBET can be fea-
sibly integrated into a hazard perception test. Specifically, the study explores whether
validating attentional alignment at the point of response can provide additional infor-
mation beyond reaction time alone. This framing prioritises feasibility, robustness, and
alignment with current assessment practices, while explicitly acknowledging the need for
further research to address finer-grained attentional processes [18, 22].

2.2 Ciritical Literature Review
2.2.1 Theoretical Foundations

Hazard perception is fundamentally grounded in cognitive psychology, drawing on theo-
retical models that explain how individuals perceive, interpret, and act upon information
in dynamic and time-critical environments. Driving represents a particularly demanding
cognitive task, requiring continuous visual monitoring, rapid interpretation of unfold-
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ing events, and anticipatory decision-making under conditions of uncertainty. As such,
theoretical frameworks concerned with situational awareness (SA), attentional resource
allocation, and cognitive processing provide essential foundations for understanding haz-
ard perception and its failure modes [24, 6].

One of the most influential theoretical models in this domain is Endsley’s theory of
SA, which conceptualises awareness as a three-level construct consisting of the perception
of environmental elements, comprehension of their meaning, and projection of their future
status [24]. Within the driving context, this model offers a structured account of how
drivers move from detecting visual cues, such as vehicles or pedestrians, to interpreting
their relevance and anticipating potential hazards. Failures in hazard perception may
occur at any stage of this process, for example when a driver visually registers an object
but fails to recognise its potential threat, or when they are unable to predict how a
situation is likely to develop.

Although widely adopted, the SA model has been subject to critique, particularly re-
garding its apparent linearity and the difficulty of empirically separating its constituent
levels. Endsley later clarified that SA should not be interpreted as a rigid, sequential
pipeline, but rather as a dynamic and continuously updated cognitive state shaped by
both bottom-up sensory input and top-down goal-driven attention [25]. This clarification
is particularly relevant in driving contexts, where hazard perception depends on con-
tinuous updating of expectations as situations evolve. Delayed hazard recognition may
therefore arise from difficulties in attentional prioritisation or expectation management,
rather than from failures of visual perception alone.

Closely related to SA is Wickens’ Multiple Resource Theory, which proposes that hu-
man cognitive capacity is limited and distributed across multiple resource pools, including
visual, auditory, cognitive, and motor modalities [26]. According to this theory, task in-
terference occurs when concurrent demands compete for the same cognitive resources,
resulting in degraded performance. Driving frequently involves such competition, par-
ticularly in complex traffic environments where visual attention must be shared between
monitoring hazards, reading signage, and maintaining vehicle control. Under high cog-
nitive load, the allocation of attentional resources to hazard detection may therefore be
compromised.

Multiple Resource Theory provides a useful explanatory framework for interpreting
gaze behaviour in driving contexts. Narrow scanning patterns or prolonged fixations
may indicate cognitive overload rather than deliberate attentional focus, while reduced
visual exploration may reflect an adaptive but ultimately risky coping strategy. When
examined qualitatively, gaze behaviour can provide insight into the cognitive demands
experienced by drivers during hazard perception tasks. This perspective aligns well with
WBET, which is more suited to identifying broad attentional patterns than to capturing
fine-grained oculomotor detail [12, 17].

Selective attention theory further contributes to hazard perception research by ex-
plaining how individuals prioritise behaviourally relevant stimuli while filtering out irrel-
evant or distracting information. In real-world driving environments, drivers are exposed
to a large volume of visual input, only a subset of which is directly relevant to safety.
Effective hazard perception depends on the ability to selectively attend to cues that sig-
nal potential danger, such as changes in vehicle trajectory or pedestrian movement, while
suppressing non-critical stimuli [6]. Novice drivers often struggle with this prioritisation,
leading to attentional capture by visually salient but low-risk elements of the scene.

Dual-process theories of cognition also provide valuable insight into hazard percep-
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tion by distinguishing between fast, automatic processing and slower, more deliberative
reasoning [27]. Experienced drivers are thought to rely more heavily on rapid, intuitive
processes developed through repeated exposure, enabling them to anticipate hazards with
minimal conscious effort. In contrast, novice drivers may depend more on slower ana-
lytical processing, which can be overwhelmed in time-critical situations. This distinction
helps explain why novice drivers may recognise hazards too late, even when their gaze is
directed towards relevant areas of the scene [7, 4].

Empirical eye-tracking research supports these theoretical accounts, demonstrating
that experienced drivers exhibit more anticipatory gaze behaviour, broader scanning pat-
terns, and earlier fixation on potential hazards compared to novice drivers [7, 4]. These
findings suggest that expertise in hazard perception is characterised less by faster reac-
tion times and more by predictive attentional strategies. Such evidence reinforces the
view that hazard perception is fundamentally an anticipatory cognitive skill rather than
a simple reflexive response [10, 28].

Despite the explanatory value of these theoretical models, their empirical operational-
isation remains challenging. Constructs such as situational awareness and attentional
allocation are inherently abstract and cannot be directly observed. Eye tracking pro-
vides a useful window into visual attention, but gaze data alone cannot reliably represent
comprehension or projection. This limitation has prompted debate regarding the ex-
tent to which gaze metrics can meaningfully support claims about higher-level cognitive
processes [29].

For this reason, the present research adopts a deliberately constrained interpretation of
gaze data. Rather than treating webcam-based gaze estimation as a proxy for anticipatory
attention or situational awareness, the study evaluates whether coarse gaze information
can validate attentional alignment at the point of response within a hazard perception
test. Theoretical frameworks remain useful for motivating why attentional engagement
matters, but the empirical claims of this study are limited to what can be supported by
a low-resolution gaze signal [18, 17].

2.2.2 Current State of Research

Research into hazard perception has evolved substantially over the past two decades,
driven by advances in sensing technologies and a growing recognition of the role of visual
attention in driving safety. Early studies in this area focused primarily on behavioural
outcomes such as reaction time and error rates, often using video-based hazard perception
tasks to assess driver performance. While these approaches provided valuable large-
scale insights, they offered limited visibility into the perceptual and cognitive processes
underlying hazard recognition [4, §].

Eye-tracking technology has since become a central tool in hazard perception research,
enabling direct observation of how drivers allocate visual attention in dynamic traffic en-
vironments. A substantial body of work has demonstrated systematic differences between
novice and experienced drivers, with experienced drivers exhibiting broader scanning pat-
terns, earlier fixation on potential hazards, and greater anticipatory attention to areas
of latent risk [7, 4]. These findings have shifted the focus of hazard perception research
away from simple response timing and towards the study of attentional strategies and
visual search behaviour [10, 30].

Traditionally, eye-tracking studies in driving research have relied on infrared (IR) sys-
tems, which provide high spatial accuracy and temporal resolution. Such systems are well
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suited to controlled experimental environments and have enabled detailed measurement
of fixations, saccades, and gaze dispersion. However, IR-based eye trackers are costly,
require specialised setup, and often constrain head movement, which can limit ecological
validity. Participants may behave differently under laboratory conditions than they would
in naturalistic or assessment-based settings, raising questions about the generalisability
of findings to real-world driving behaviour [8, 13].

In response to these limitations, recent research has increasingly explored WBET as
a more accessible alternative. Advances in computer vision, facial landmark detection,
and machine learning have improved the accuracy and robustness of webcam-based gaze
estimation, bringing performance closer to laboratory standards for certain constrained
applications [12, 14]. However, compared to infrared systems, webcam-based solutions
typically operate at lower frame rates and are more susceptible to noise arising from
lighting conditions and head movement. In pilot testing, accuracy degraded noticeably
under overhead lighting glare and when participants shifted posture after calibration,
which reinforced the decision to adopt a deliberately broad interpretation of gaze. Under
these limitations, WBET can still provide broad indicators of attentional direction that
may be sufficient for assessment-oriented applications, particularly when the aim is to

validate general gaze alignment rather than to model detailed scan-path behaviour [17,
12).

Webcam-Based Eye Tracking Frameworks In practice, WBET is not a single
method but a family of implementation approaches that differ in how gaze is inferred from
webcam imagery. Two particularly relevant frameworks in this space are WebGazer.js
and MediaPipe, as they represent contrasting design philosophies for browser-based gaze
estimation.

WebGazer.js is an open-source webcam eye-tracking library designed to infer a user’s
gaze location on a web page in real time using a standard webcam. A distinguishing fea-
ture of WebGagzer is that it self-calibrates by observing user interactions with the page and
learning a mapping between eye features and screen positions. This makes it attractive for
web-based applications because it can be integrated directly into browser environments
and used without specialist hardware [31]. However, the same self-calibrating behaviour
that makes WebGazer flexible can also introduce instability in contexts where user inter-
action patterns are limited, atypical, or difficult to separate from the primary task. In
assessment-oriented environments, where consistency and interpretability are important,
this can create practical challenges [19].

By contrast, MediaPipe does not function as a dedicated eye-tracking framework in
the same sense. Instead, it provides real-time facial landmark detection and related vision
tasks that can operate on continuous image or video streams. In its web implementation,
MediaPipe’s Face Landmarker can detect facial landmarks from webcam input and can
therefore be used as the basis for a custom gaze estimation pipeline [32]. This makes Me-
diaPipe more flexible at the implementation level, as developers can derive coarse gaze
direction from facial and eye landmarks rather than relying on an end-to-end gaze pre-
diction library. The trade-off is that additional application logic is required to transform
landmark output into usable gaze estimates [33, 34].

The distinction between these frameworks is methodologically important. WebGazer
offers a more direct path to browser-based gaze estimation, but its self-training approach
may be harder to control in dynamic hazard perception tasks. MediaPipe, by contrast,
provides lower-level computer vision outputs that can be incorporated into a more con-
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strained and transparent estimation pipeline, albeit with less direct support for screen-
based gaze prediction. For proof-of-concept research such as the present study, this
distinction matters because implementation stability and interpretability may be more
important than attempting to maximise gaze precision [12, 17].

This comparison also reinforces a broader point in the WBET literature: feasibility
depends not only on the general capabilities of webcam-based tracking, but also on the
characteristics of the framework used to operationalise it. Different frameworks embed
different assumptions about calibration, interaction, and inference, and these assumptions
affect their suitability for hazard perception contexts [14, 35].

The growing viability of WBET has led to its adoption across a range of domains,
including human—computer interaction, online learning, and driver monitoring systems
(DMS) [14, 19]. In driving research, webcam-based approaches are particularly attrac-
tive for large-scale and remote studies, where traditional eye-tracking hardware may be
impractical. These systems enable researchers to study driver attention in environments
that more closely resemble real-world testing contexts, such as desktop-based simulations
or web-delivered hazard perception assessments [12, 36].

Despite these advantages, WBET remains underutilised in hazard perception research,
particularly in studies that seek to interpret gaze behaviour qualitatively. Much of the
existing literature continues to prioritise quantitative performance metrics, such as mean
fixation duration or reaction time, even when using eye-tracking data. While these metrics
provide useful summary indicators, they often fail to capture the dynamic and context-
dependent nature of visual attention during hazard encounters. As a result, important
aspects of driver behaviour, such as ineffective scanning strategies or delayed situational
interpretation, may be overlooked [18; 10].

In parallel with technological developments, hazard perception assessment methods
have remained relatively static. Video-based tests, including those used by licensing au-
thorities such as the UK DVSA, continue to dominate formal assessment practices. These
tests offer standardisation and scalability but are inherently passive, requiring drivers to
respond to pre-recorded scenarios without interacting with the driving environment. Re-
search has raised concerns regarding the ecological validity of such assessments, as they
do not fully reflect the perceptual and cognitive demands of real-world driving [8, 2].
Moreover, the scoring mechanisms employed by these tests provide limited insight into
why a driver fails to identify a hazard.

Simulated driving environments offer greater interactivity and immersion and have
been widely used in experimental research. Studies using driving simulators combined
with eye tracking have demonstrated their value in examining attentional behaviour under
controlled yet dynamic conditions [37]. However, simulator-based studies often require
specialised equipment and are resource-intensive, which restricts their scalability and
applicability in training or assessment contexts. As a result, there is growing interest in
hybrid and lightweight approaches that balance experimental control with accessibility
36, 23].

This matters because WBET occupies a practical compromise. While it cannot repli-
cate the precision of IR-based systems, it may provide sufficiently reliable low-resolution
indicators of attentional direction for assessment-oriented applications. Importantly, its
accessibility enables investigation of whether a minimal gaze signal can be used within
hazard perception tasks without specialist hardware. In the context of this study, the rel-
evant question is not whether WBET can support rich modelling of gaze behaviour, but
whether it can support a defensible, low-resolution validation of attentional alignment at
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the point of response [12, 17].

The trade-off is clear: high-precision eye tracking supports detailed analysis, but it
does not scale well into assessment-style settings. While eye tracking has deepened un-
derstanding of visual attention in driving, its adoption within assessment and training
contexts remains limited by cost, setup complexity, and limitations on deployment at
scale. WBET presents a plausible route towards more accessible integration, but its ap-
plication to hazard perception assessment remains underdeveloped and requires careful
scoping of what can be validly inferred from lower-resolution gaze estimates. This gap mo-
tivates research that evaluates whether WBET can contribute an assessment-compatible
attentional signal, rather than assuming it can replicate laboratory-grade analyses [18,
22].

2.2.3 Industrial Applications and Practice

Advances in eye-tracking technology have increasingly influenced industrial applications
in driver training, vehicle safety systems, and human—machine interaction. Within these
contexts, hazard perception is not only a subject of academic investigation but also a prac-
tical concern linked to accident prevention, driver monitoring, and regulatory compliance.
As a result, many contemporary systems seek to assess or influence driver attention in real
time, often using eye-tracking data as a proxy for engagement and situational awareness
9, 38].

Driver training and education represent one of the earliest and most established ap-
plication areas. Eye tracking has been incorporated into driving simulators to provide
feedback on visual scanning behaviour and hazard anticipation skills. Research has shown
that presenting drivers with feedback on their gaze behaviour can improve awareness of
ineffective scanning strategies and encourage more anticipatory visual search patterns [9].
Such systems are particularly relevant for novice drivers, who often struggle to identify
latent hazards despite visually fixating on the driving scene.

Beyond training environments, eye tracking has become a key component of DMS in
modern vehicles. These systems are designed to assess driver attentiveness and detect
states such as distraction, drowsiness, or inattention. Commercial solutions developed
by companies such as Tobii and Smart Eye are increasingly integrated into production
vehicles and simulators, using gaze direction, eyelid closure, and head pose to infer driver
state. In advanced driver assistance and partially automated driving systems, such mon-
itoring is essential to ensure that drivers remain sufficiently engaged to resume control
when required [38, 29].

Automotive manufacturers have also begun embedding eye-tracking-based monitoring
into consumer vehicles. Systems such as Tesla’s Autopilot and General Motors’ Super
Cruise incorporate inward-facing cameras to track driver attention and issue warnings
when gaze is diverted from the road. While these systems operate in fundamentally
different contexts to desktop-based hazard perception testing, they demonstrate broader
industrial confidence in camera-based attention monitoring, albeit using proprietary and
non-transparent methods. However, they are primarily designed for safety enforcement
rather than behavioural insight. Their internal metrics and decision thresholds are typ-
ically proprietary, limiting transparency and making them unsuitable for research or
pedagogical applications [29].

Despite their increasing prevalence, industrial eye-tracking systems raise important
ethical and practical concerns. The collection of biometric data, including facial features
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and gaze behaviour, introduces risks related to privacy, consent, and data misuse. Smith
and Miller [29] highlight that biometric technologies, when deployed without adequate
safeguards, may erode user trust and raise concerns about surveillance. These issues are
particularly salient in automotive contexts, where data may be collected continuously
and without explicit user interaction. As such, ethical considerations must be central to
the design and deployment of eye-tracking-based systems.

From a technical perspective, the reliability of eye-tracking systems in real-world con-
ditions remains a challenge. Variations in lighting, user appearance, and environmental
conditions can degrade tracking accuracy, particularly for camera-based systems deployed
outside controlled laboratory settings. Studies examining driver monitoring and drowsi-
ness detection have noted that performance can be inconsistent across individuals and
contexts, highlighting the need for robust validation and cautious interpretation of re-
sults [38]. These limitations are especially relevant when eye tracking is used to support
high-stakes decisions, such as driver warnings or safety interventions.

Importantly, industrial applications tend to prioritise binary or threshold-based out-
comes, such as whether a driver is attentive or distracted. While appropriate for safety
systems, this approach offers limited insight into the nuanced perceptual and cognitive
processes underlying hazard perception. For example, a driver may be visually attentive
yet fail to interpret a developing hazard correctly. This distinction is critical for assess-
ment and training contexts, where understanding why a hazard was missed is often more
valuable than simply identifying that it was missed [18, 23].

WBET occupies a distinct position within this industrial landscape. Although it
lacks the precision and robustness required for safety-critical in-vehicle systems, it of-
fers sufficient fidelity for training, assessment, and research applications. Its low cost
and ease of deployment make it particularly suitable for large-scale or remote hazard
perception studies, where traditional hardware-based solutions are impractical. Further-
more, webcam-based approaches can offer greater transparency and flexibility in analysis,
supporting interpretable use of gaze-related signals rather than reliance on opaque pro-
prietary metrics [12, 17].

Overall, industrial applications of eye tracking illustrate both the strengths and lim-
itations of gaze-based monitoring in driving contexts. While commercial systems have
successfully incorporated eye tracking into safety and training applications, their em-
phasis on enforcement and automation limits their usefulness for understanding hazard
perception as a cognitive skill. This reinforces the value of research-focused approaches
that prioritise transparency and behavioural interpretation [29, 18].

2.2.4 Gaps and Opportunities

Despite substantial progress in hazard perception research, several important gaps re-
main, particularly in relation to methodological accessibility, interpretability, and the
integration of attentional data into assessment contexts. While eye tracking has signifi-
cantly enhanced understanding of how drivers allocate visual attention, its application has
been constrained by reliance on specialist hardware, quantitative performance metrics,
and laboratory-based methodologies. These constraints have limited both the scalability
of research and the extent to which findings can inform real-world hazard perception
assessment and training [8, 13].

A key gap lies in the underutilisation of WBET within hazard perception research. Al-
though recent studies have demonstrated that modern webcam-based systems can achieve

16



performance approaching laboratory standards for certain gaze metrics [12, 17], their
adoption in time-sensitive, dynamic driving tasks remains limited. Existing work has pre-
dominantly focused on feasibility or technical validation, rather than on applying WBET
to investigate how drivers visually engage with hazards in realistic assessment scenarios.
This remains an underexplored area, particularly given the widespread availability of
webcam-equipped devices and the increasing demand for scalable research methods [19,
35].

Closely related to this is a methodological gap in how gaze data are analysed and
interpreted. Much of the hazard perception literature continues to prioritise quantitative
outcome measures, such as reaction time, fixation counts, or aggregate gaze statistics.
While these measures are useful for summarising performance, they provide limited in-
sight into the strategies and perceptual processes that underpin hazard recognition. As
a result, they often fail to explain why drivers miss hazards or respond inappropriately.
Despite their potential to reveal how attentional strategies unfold over time, qualita-
tive approaches to analysing gaze behaviour remain relatively uncommon within hazard
perception research [18, 10].

Another significant gap concerns the alignment between research methodologies and
formal hazard perception assessment practices. Video-based tests used in licensing con-
texts, such as those employed by the UK DVSA, continue to rely on passive viewing and
binary scoring systems. These assessments offer little transparency regarding the per-
ceptual behaviours associated with success or failure, limiting their diagnostic and ped-
agogical value. Although research has highlighted differences in gaze behaviour between
novice and experienced drivers, these insights have not been systematically integrated
into assessment design or feedback mechanisms [4, 8, 21].

There is also a theoretical opportunity to more explicitly connect cognitive models
of attention and SA with observable gaze behaviour in hazard perception tasks. While
frameworks such as SA and Multiple Resource Theory are frequently cited, their em-
pirical application often remains indirect. Eye tracking is commonly treated as a proxy
for attention without sufficient consideration of how gaze behaviour reflects higher-level
cognitive processes such as comprehension and anticipation. Qualitative interpretation
of gaze data offers a pathway for bridging this gap, enabling researchers to examine how
theoretical constructs manifest in practice [25, 18].

From a practical perspective, the emphasis on high-precision eye tracking has in-
advertently limited participation and diversity in hazard perception research. Studies
conducted using laboratory-grade equipment often involve small, homogenous samples
and artificial testing environments. Webcam-based approaches offer an opportunity to
address this limitation by enabling data collection in more naturalistic settings and from
broader participant populations. This is particularly relevant for novice drivers, who are
both at greatest risk and most likely to benefit from improved assessment and training
tools [1, 22].

Finally, ethical and transparency considerations present both a challenge and an op-
portunity. Commercial DMS increasingly collect gaze and facial data, yet their internal
decision-making processes are often opaque. Research-oriented webcam-based systems,
by contrast, allow for greater methodological transparency and participant agency. When
combined with qualitative analysis, these systems support more interpretable and ethi-
cally grounded investigations of driver behaviour, which is especially important in edu-
cational and assessment contexts [29, 23].

In summary, the literature reveals clear gaps in the assessment-oriented application of
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WBET to hazard perception, particularly in relation to feasibility, interpretability, and
integration with existing scoring models. While richer gaze analysis remains a longer-
term research direction, a more immediate gap concerns whether WBET can provide an
assessment-compatible signal that helps distinguish between timely responses that reflect
attentional engagement with the hazard and those that do not. By focusing on low-
resolution gaze alignment at the point of response, this research addresses a foundational
feasibility question and establishes a baseline for future work that may extend towards

higher-resolution gaze representations and more detailed behavioural interpretation [12,
17, 18].

2.3 Research Rationale and Justification

This chapter outlines the rationale for the proposed study and justifies its focus, scope,
and methodological approach. Building on the gaps identified in the literature, the chap-
ter explains why a POC investigation into the feasibility of integrating WBET within
hazard perception tasks is timely and necessary. The justification is presented in terms of
topical relevance, practical significance, academic contribution, and methodological suit-
ability, with claims deliberately constrained to what can be supported by a low-resolution
gaze signal suitable for assessment contexts [12, 17].

2.3.1 Rationale for the Study

Hazard perception remains a central concern in road safety research and driver assess-
ment, particularly among novice drivers, who are consistently associated with higher
collision risk in the road safety literature [1, 3].

At the same time, the literature consistently suggests that hazard perception per-
formance is strongly linked to visual attention and the ability to allocate attention to
relevant cues as situations unfold. Eye-tracking studies have demonstrated differences
between novice and experienced drivers in how they visually engage with hazards, yet
these insights have not been systematically integrated into formal assessment practices.
As a result, a persistent disconnect remains between research evidence on visual attention
and the practical reality of hazard perception testing, where outcomes are scored without
reference to where drivers are looking [7, 18].

Recent advances in WBET provide an opportunity to address this disconnect in a
pragmatic way. Unlike laboratory-based infrared eye tracking, webcam-based approaches
can be deployed using widely available consumer hardware, lowering cost and reducing
barriers to integration within existing testing environments [12, 14]. However, WBET
is inherently limited in spatial and temporal precision and is sensitive to calibration
drift, lighting variation, and head movement. These constraints mean that the most
defensible near-term application is not detailed modelling of visual search strategies,
but the extraction of coarse, interpretable attentional signals aligned with assessment
limitations [17, 13].

Against this background, the study evaluates whether broad gaze information cap-
tured via WBET can be feasibly incorporated into a hazard perception test and whether
it can add interpretive value beyond reaction time alone. Specifically, the study examines
attentional alignment at the point of response as a minimal signal of whether a candidate
was visually engaged with the hazard when they indicated detection [18, 10].
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2.3.2 Justification of Research Focus

The decision to focus on WBET is justified on both practical and methodological grounds.
From a practical perspective, infrared eye trackers are costly, require specialist setup, and
are typically confined to controlled laboratory environments. These practicalities limit
scalability and reduce the feasibility of embedding eye tracking into assessment contexts
that must be standardised, repeatable, and robust across large candidate populations.
Webcam-based systems, by contrast, can be deployed with standard computing equip-
ment, enabling broader participation and supporting evaluation in contexts closer to
real-world hazard perception testing [12, 20].

Methodologically, the study adopts a deliberately constrained approach that matches
the capabilities and limitations of WBET. Rather than attempting to infer detailed scan-
path behaviour, fixation dynamics, or anticipatory gaze patterns, the research focuses
on whether a low-resolution attentional signal can be derived reliably enough to support
assessment augmentation. This is operationalised through evaluating whether gaze is
broadly aligned with the hazard, operationalised at the quadrant level, at the moment of
response. This focus avoids false precision and aligns with the structure of existing hazard
perception assessments, which rely on discrete responses evaluated within predefined
temporal windows [4, 21].

This POC framing is also justified by the current state of the literature. While WBET
has been examined in other domains and has improved substantially in robustness, there
remains limited work assessing how it can be integrated into hazard perception testing
in a way that prioritises interpretability and feasibility. Establishing whether a minimal,
coarse gaze-response congruence signal is viable is a necessary first step before more
complex gaze-based approaches can be credibly proposed for assessment settings [12, 17].

2.3.3 Academic Contribution

From an academic standpoint, this research contributes to hazard perception and applied
attention research by addressing a practical methodological gap: whether webcam-based
gaze estimation can support an attentional signal within hazard perception tasks. The
contribution is intentionally foundational. Instead of advancing claims about anticipatory
attention or situational awareness inference from gaze, the study evaluates the feasibility
and interpretive usefulness of a minimal signal that can be transparently operationalised
and realistically deployed [18, 17].

The study also contributes to ongoing discussion around the operationalisation of
attention-related constructs in applied settings. The literature frequently motivates haz-
ard perception in terms of attentional allocation and situational awareness, but empirical
work often either relies on laboratory-grade instrumentation or treats attention as equiv-
alent to reaction time. By examining broad gaze alignment at the point of response,
this research offers a pragmatic bridge between theory and assessment practice, while
explicitly limiting inference to what the measurement can support [25, 39].

2.3.4 Practical Significance

The findings of this study have potential implications for hazard perception assessment
and, indirectly, for training. If low-resolution gaze alignment can be captured reliably
enough to contextualise a response, hazard perception testing could move beyond purely
outcome-based measures towards a more interpretable account of performance. In prac-
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tical terms, a response that falls within the scoring window but is accompanied by gaze
directed away from the hazard may warrant a different interpretation than one where
gaze falls within the same screen quadrant. This could support the development of more
diagnostic assessment feedback without requiring fundamental changes to existing test
formats [22, 40].

In addition, the accessibility of WBET aligns with broader trends towards digital and
remote assessment. Demonstrating feasibility in controlled, assessment-like conditions
is a prerequisite for considering wider deployment. While this study does not claim to
deliver a complete assessment system, it provides evidence regarding whether WBET can
contribute a usable attentional signal under realistic limitations [1, 23].

2.3.5 Methodological Justification

The methodological choices underpinning this study follow directly from the research
aim. The goal is not to predict crash risk or to automate hazard detection, but to assess
whether gaze information from WBET can feasibly augment hazard perception testing in
an interpretable manner. A coarse spatial representation of gaze is therefore appropriate,
as it is more robust to the noise and variability inherent in webcam-based estimation and
avoids implying precision that cannot be supported [12, 17].

By constraining analysis to attentional alignment at the point of response, the method-
ology avoids overextending claims about higher-level cognition. This positioning supports
a defensible POC contribution: establishing whether a minimal gaze-response congru-
ence signal can be obtained reliably enough to justify subsequent research into richer
gaze representations, longer temporal analysis windows, or more detailed behavioural
interpretation under more controlled conditions [18, 13].

Overall, the study is motivated by limitations in current hazard perception assessment
practices, practical barriers to traditional eye tracking, and the emerging potential of
WBET. By adopting a POC approach focused on broad gaze alignment at response,
the research aims to provide a realistic and defensible foundation for future work on
integrating gaze-based signals into hazard perception assessment and training [17, 22].

2.3.6 Research Gap Analysis

This section synthesises the key gaps identified in the literature and clarifies how the
proposed study addresses them. While hazard perception has been extensively stud-
ied within road safety research, significant limitations remain in how driver attention is
measured, interpreted, and integrated into assessment contexts [4, 8]. These gaps span
methodological, theoretical, and practical dimensions, and collectively justify the need
for the present research [12, 17].

A primary gap concerns the continued reliance on outcome-based measures in hazard
perception assessment. Much of the existing research, as well as formal testing practices,
focuses on reaction time, hazard detection accuracy, or binary scoring outcomes [4, 21].
While these measures offer scalable and standardised evaluation, they provide limited
insight into the perceptual and cognitive processes that underpin performance. As a
result, they often fail to explain why hazards are missed or detected late, particularly
among novice drivers. This limits the diagnostic value of hazard perception testing and
constrains its potential as a training tool [22, 10].

Although eye tracking has been widely used to study visual attention in driving,
its application within hazard perception research has been shaped by methodological
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practicalities. The majority of studies employ IR eye-tracking systems, which offer high
precision but require specialist equipment, controlled environments, and small partici-
pant samples [7, 37]. These constraints reduce ecological validity and limit the feasibility
of deploying eye tracking in assessment-like or remote contexts. Consequently, insights
gained from eye-tracking research have had limited impact on real-world hazard percep-
tion assessment practices [8, 13].

A further gap exists in the underrepresentation of WBET within hazard perception
research. While recent studies demonstrate that modern webcam-based systems can
capture gaze behaviour with sufficient accuracy for behavioural analysis, their use in
dynamic, time-sensitive hazard perception tasks remains limited [12, 17]. Existing work
has largely focused on technical validation or feasibility rather than on applying WBET
to examine how drivers visually engage with hazards during assessment scenarios. This
represents a missed opportunity, particularly given the widespread availability of webcam-
equipped devices and the growing demand for scalable and accessible research methods
(19, 35].

The literature also reveals a conceptual gap in how gaze data are analysed. Many
studies treat eye-tracking outputs as quantitative proxies for attention, relying on aggre-
gate metrics such as fixation duration or gaze frequency. While useful, these metrics often
fail to capture the temporal and contextual dynamics of visual attention during hazard
encounters. Qualitative approaches to gaze analysis, which emphasise scanning strate-
gies, attentional shifts, and the sequencing of visual behaviour, are comparatively rare.
This limits the field’s ability to link observable gaze behaviour to higher-level cognitive
constructs such as SA and anticipatory processing [18, 10].

Additionally, there is a gap between theoretical models of hazard perception and their
empirical operationalisation. Frameworks such as SA, Multiple Resource Theory, selective
attention, and dual-process cognition are frequently cited, yet their application often
remains abstract [24, 26, 6, 27]. Eye tracking is commonly used as an indirect indicator of
attention without sufficient consideration of how gaze behaviour reflects comprehension,
expectation, or projection. More interpretative approaches are required to bridge this
gap and to examine how theoretical constructs manifest in real hazard perception tasks
25, 18].

From a practical perspective, existing hazard perception assessments offer limited
feedback to learners and instructors. Licensing tests typically indicate whether a hazard
was detected within an acceptable time window but provide no information about visual
search behaviour or attentional strategy [4, 8]. This constrains opportunities for targeted
training and behavioural improvement. Research methods that prioritise interpretability
and behavioural insight are therefore needed to support more informative assessment and
feedback mechanisms [21, 23].

In response to these gaps, the present study adopts a POC approach to investigating
hazard perception using WBET. Rather than attempting to characterise full visual search
strategies, the study evaluates whether coarse gaze alignment at the point of response
can be captured robustly enough to augment existing outcome-based assessment [18,
17]. WBET offers an accessible means of capturing this minimal attentional signal in
assessment-like contexts, while keeping empirical claims aligned with the limitations of
low-resolution gaze estimation [12, 13].

In summary, the research gap addressed by this study lies at the intersection of acces-
sibility, interpretability, and theoretical integration. Existing hazard perception research
has yet to establish whether WBET can provide a robust and interpretable attentional
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signal that is feasible to integrate alongside existing outcome-based measures [17, 22].
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3 System Design

This chapter describes the design and implementation of the prototype hazard perception
system developed in this study. The system was designed to demonstrate how webcam-
based gaze estimation could be integrated into a hazard perception testing environment
using standard consumer hardware, following recent work on browser-based eye tracking
using MediaPipe-style pipelines [12, 17, 35]. The design prioritises simplicity, robustness,
and compatibility with existing hazard perception interaction models.

3.1 Design Objectives

The primary objective of the system was to evaluate whether gaze estimation could be
incorporated into a hazard perception task without negatively affecting usability or user
experience. To achieve this, the system was designed around the following goals:

o Integrate gaze estimation into a hazard perception task using standard webcam
hardware

o Maintain a user experience consistent with conventional hazard perception tests
o Ensure the system operates unobtrusively without distracting the user

« Provide a foundation for visualising gaze behaviour for training purposes

Given the exploratory nature of the study, the system prioritises feasibility and ro-
bustness over high-precision gaze tracking, consistent with recommendations for low-
resolution, browser-based gaze estimation in applied settings [14, 17].

3.2 System Architecture

The prototype system was implemented as a web-based application running locally in a
browser environment, in line with recent scalable eye-tracking frameworks that emphasise
commodity hardware and on-device processing [35, 34]. The system consists of three
main components: hazard perception video playback, user interaction handling, and gaze
estimation.

Figure 1 illustrates the high-level architecture of the prototype system, showing how
webcam input, gaze estimation, and hazard mapping interact within the application.
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Figure 1: System architecture of the prototype hazard perception platform

As shown in Figure 1, the system processes webcam input using MediaPipe to estimate
gaze direction, which is then mapped to predefined hazard regions and compared with
user interaction events [32, 33]. Additional components support debugging and post-task
evaluation.

3.3 Gaze Estimation Pipeline

The gaze estimation pipeline is based on Google’s MediaPipe framework, which provides

real-time facial landmark detection using standard webcam input [32]. The system detects

key facial and eye landmarks and uses these to approximate gaze direction relative to the

screen, following common practice in recent MediaPipe-based gaze tracking work [33, 34].
The pipeline consists of the following stages:

1. Webcam input capture and frame processing
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2. Facial landmark detection using MediaPipe
3. Extraction of eye and head pose features

4. Mapping of landmark positions to screen coordinates

Because MediaPipe does not provide dedicated eye-tracking functionality, gaze estima-
tion is approximate and operates at a coarse spatial level. This approach was considered
sufficient for the purposes of this study, which focuses on feasibility rather than precise
oculomotor analysis, and is consistent with guidance that webcam-based systems are best
used to capture broad attentional direction under realistic conditions [12, 17].

3.4 Hazard Mapping and Alignment

The hazard perception clips used in this study were sourced from a publicly available
online practice resource provided by TheoryPass, which offers DVSA-style video scenarios
for learner drivers [41].

To enable comparison between gaze direction and hazard location, the video display
area was divided into a set of predefined spatial regions. In this study, a quadrant-based
approach was used to represent coarse areas of the screen, providing robustness to noise
and head-movement-induced drift that commonly affect webcam-based trackers [12, 13].

Hazard locations within each video clip were manually annotated and mapped to these
regions. During playback, the system determines whether the estimated gaze position falls
within the same region as the hazard at the moment a user indicates detection.

This approach allows for a simple form of attentional alignment, where gaze and
hazard location are compared at a broad spatial level. The use of quadrants provides
tolerance to noise and drift in gaze estimation while still allowing meaningful distinctions
between attention directed toward and away from hazards, aligning with recent recom-

mendations to avoid over-interpreting fine-grained webcam gaze data in dynamic driving
tasks [18, 17].

3.5 Implementation Details

The prototype was implemented using a web-based technology stack, enabling it to run
on standard desktop hardware without the need for specialised equipment. The system
was developed using TypeScript to provide type safety and improve code maintainability
during development.

MediaPipe was integrated into the application to handle real-time facial landmark
detection, mirroring current browser-based eye tracking examples that use MediaPipe or
similar facial landmark models as a backbone [32, 34]. The gaze estimation logic was
implemented within the client-side application, allowing all processing to occur locally
without reliance on external services, in line with privacy- and latency-motivated designs
in recent scalable browser trackers [35].

The user interface was designed to be minimal and consistent with conventional hazard
perception systems. Video playback, user input, and gaze estimation operate concurrently
within the same environment, ensuring a seamless user experience that closely resembles
existing PC-based hazard perception platforms [21, 23].
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Overall, the system design demonstrates that webcam-based gaze estimation can be
integrated into hazard perception tasks using accessible technologies, providing a founda-
tion for further development of gaze-based training tools and diagnostic feedback mech-
anisms [42, 43].
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4 Research Philosophy and Design Strategy

This study is informed by a pragmatic research philosophy, which focuses on selecting
methods that best address the research problem rather than adhering to a single method-
ological paradigm. The aim of the research is to evaluate the feasibility and perceived
usefulness of integrating webcam-based gaze estimation into hazard perception systems,
building on recent work that emphasises feasibility and interpretability in applied gaze
estimation [12, 17]. As such, both technical implementation and participant perception
are considered equally important.

In terms of research approach, the study adopts an exploratory, proof-of-concept
strategy. Rather than testing predefined hypotheses, the research seeks to investigate
whether a novel combination of technologies can be applied within a specific domain,
consistent with design-oriented feasibility studies in driving and training contexts [42,
13]. This aligns with an inductive approach, where insights are derived from observed
system behaviour and participant feedback.

The methodological choice can be described as a mixed-methods approach. Quanti-
tative data is collected through Likert-scale survey responses, providing measurable in-
dicators of participant perception. This is complemented by qualitative data in the form
of open-ended responses and informal discussions, which provide deeper insight into user
attitudes and system limitations, in line with recommendations to interpret gaze-based
systems through both quantitative and qualitative lenses [18, 19].

From a research strategy perspective, the study combines elements of design science
and user evaluation. A prototype system is developed to demonstrate the technical fea-
sibility of the concept, and this artefact is then evaluated through interaction with par-
ticipants. This aligns with design-oriented research approaches, where artefact creation
and evaluation are central to knowledge generation [44, 42].

The time horizon of the study is cross-sectional, as data is collected from participants
during a single session rather than over an extended period. This reflects the exploratory
nature of the research and the focus on initial feasibility rather than long-term behavioural
change.

Overall, the research design reflects the layered structure of the research onion, pro-
gressing from a pragmatic philosophical stance through an exploratory approach, mixed-
methods data collection, and a design-oriented evaluation strategy [12, 17].

4.1 Research Approach

The research adopts an exploratory proof-of-concept approach. The aim of the study is
not to produce statistically generalisable behavioural findings but to evaluate whether
webcam-based gaze estimation could realistically be integrated into hazard perception
testing systems [12, 17].

Hazard perception assessments used in driver licensing contexts must operate at large
scale and under a wide range of technical conditions. Consequently, any gaze-based
augmentation must be compatible with commodity hardware and robust to variation in
lighting, camera quality, and participant behaviour [12, 13]. These constraints informed
the design of the prototype system developed in this study.

The research therefore focuses on two key questions:

o Whether webcam-based gaze estimation can be integrated into a hazard perception
environment using widely available technology.
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o Whether professionals working within the transport domain consider such a system
to have potential value for hazard perception training or assessment.

By combining a prototype demonstration with structured participant feedback, the
study provides an initial evaluation of the feasibility and perceived usefulness of the
concept, consistent with early-stage applications of WBET in other applied domains [20,
19].

4.2 System Implementation

To explore the feasibility of the concept, a prototype hazard perception platform was
developed. The prototype demonstrates how webcam-based gaze estimation could be in-
tegrated into a hazard perception testing environment using standard consumer hardware
(35, 34].

Initial development attempted to integrate the WebGazer.js library, a browser-based
eye-tracking framework commonly used in webcam gaze estimation research. However,
during early testing the library proved difficult to stabilise within the hazard perception
environment due to calibration inconsistencies associated with its continuous training
mechanism, echoing previously reported challenges with interaction-dependent calibra-
tion [31, 19].

As a result, the implementation was revised to use Google’s MediaPipe framework.
MediaPipe provides real-time facial landmark detection and head pose estimation using
standard webcams [32]. Within the prototype system, MediaPipe was used to detect
facial and eye landmarks and estimate approximate gaze direction relative to the screen,
following recent work that derives gaze from MediaPipe-based landmark pipelines [33,
34].

While MediaPipe does not provide dedicated eye tracking functionality comparable to
laboratory-grade systems, its facial landmark model provides sufficient spatial informa-
tion to approximate gaze direction at a coarse level. For the purposes of this study, this
level of accuracy is sufficient to demonstrate the potential integration of gaze-based sig-
nals within a hazard perception system, consistent with recommendations to use WBET
for broad attentional indicators rather than fine-grained oculomotor analysis [12, 17].

The prototype system demonstrates how gaze estimation could operate alongside haz-
ard perception video playback. During a hazard perception clip, the system estimates
gaze direction relative to the video frame. This information can be visualised using debug-
ging tools to illustrate how participant gaze might align with predefined hazard regions.
The system therefore illustrates how gaze information could be used to augment hazard
perception feedback in training or assessment contexts [42, 18].

4.3 System Design Methodology

The development of the prototype system followed an iterative and experimental design
process. Given the exploratory nature of the study, the system was not developed using
a rigid software development lifecycle, but instead evolved through successive refinement
based on technical feasibility and observed behaviour [44, 35].

Initial implementation focused on integrating existing webcam-based gaze estimation
libraries into a hazard perception environment. Early attempts using WebGazer.js high-
lighted challenges relating to calibration stability and interaction with dynamic video
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content. These limitations informed a design pivot toward the MediaPipe framework,
which provided more stable facial landmark detection and allowed for a more robust
implementation [31, 32].

The system was developed incrementally, with individual components such as gaze
estimation, video playback, and hazard mapping implemented and tested independently
before being integrated. This modular approach allowed specific challenges, such as
coordinate mapping and gaze alignment, to be addressed in isolation, reflecting patterns
in other WBET feasibility studies [20, 19].

Design decisions were guided by practical constraints, including the need to operate
on standard hardware and to maintain a user experience consistent with conventional
hazard perception systems. As a result, the system adopts a coarse-grained approach to
gaze estimation, prioritising robustness and usability over fine-grained accuracy [12, 13].

Overall, the system design process reflects an iterative prototyping methodology,
where implementation decisions are continuously informed by technical limitations, user
interaction requirements, and the overarching goal of evaluating feasibility.

4.4 Participants

Ten participants took part in the study. All participants were software engineers working
within the UK Department for Transport (DfT). Participants were therefore familiar with
digital systems and technology used within transport-related environments.

Participants were recruited through voluntary participation within the organisation.
All participants were over 18 years of age and reported normal or corrected-to-normal
vision.

The participant group was intentionally limited in size because the study focuses
on evaluating the feasibility of the proposed concept rather than producing statistically
generalisable behavioural findings. As professionals working within the transport domain,
participants were well positioned to provide informed feedback regarding the potential
practical value, implementation challenges, and relevance of the proposed system within
real-world transport environments [1, 21, 23].

4.5 Survey Design

Following completion of the hazard perception task and the subsequent system walk-
through, participants were asked to complete a structured survey designed to collect
feedback on the perceived usefulness and feasibility of the approach.

The survey was implemented using Google Forms, which provided a straightforward
and reliable mechanism for collecting responses. The survey included a mixture of Likert-
scale questions and short-response questions.

The Likert-scale questions were designed to measure participant agreement with state-
ments relating to:

« the perceived usefulness of gaze feedback in hazard perception training
» the potential value of gaze information within hazard perception testing

» the practicality of implementing webcam-based gaze estimation in real-world sys-
tems
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Short-response questions allowed participants to provide additional comments regard-
ing potential benefits, limitations, or concerns associated with the approach. These re-
sponses were used to capture qualitative insights that may not be reflected in structured
survey responses.

This combination of quantitative and qualitative questions allowed the study to cap-
ture both measurable perceptions of usefulness and more detailed participant observa-
tions, mirroring approaches used in other applied webcam eye-tracking evaluations [20,
19, 43].

4.6 Data Collection Procedure

Participants completed the study individually using the prototype hazard perception
system. Each session lasted approximately 20-30 minutes and consisted of three stages:
completion of the hazard perception task, a post-task system walkthrough and discussion,
and completion of a structured feedback survey.

During the first stage, participants completed a hazard perception task while the
webcam-based gaze estimation functionality, implemented using MediaPipe, operated in
the background. This allowed participants to gain direct experience of how the system
estimated gaze direction during hazard perception video playback.

Participants interacted with the system in a manner similar to a conventional hazard
perception test, observing driving scenarios and identifying developing hazards. During
this stage, the gaze estimation component operated in the background, estimating gaze
direction using webcam-based facial landmark tracking. No visual feedback or overlays
were presented to participants during the test itself, allowing the task to more closely
resemble a conventional hazard perception assessment [4, 21].

After completing the hazard perception task, a short informal interview and system
walkthrough was conducted with each participant. During this stage, the technical com-
ponents of the prototype were explained in more detail. Using the system’s built-in
debugging tools, participants were shown how gaze estimation operated during the test.
This included visualising the estimated gaze position overlay, the screen quadrants used
for attentional alignment, and the mapping of hazard locations within the video frame.

This walkthrough allowed participants to better understand how the system inter-
preted gaze behaviour and how gaze data could potentially be integrated into hazard
perception training or assessment environments. Participants were able to ask questions
and provide immediate feedback during this stage, similar to debrief procedures used in
prior gaze-based hazard perception studies [42, 18].

Following the discussion and system demonstration, participants were asked to com-
plete a structured survey implemented using Google Forms. The survey collected par-
ticipant feedback on the perceived usefulness, practicality, and potential applications
of integrating webcam-based gaze estimation into hazard perception testing or training
systems.

Participants were asked to reflect on their experience using the prototype system and
the explanations provided during the walkthrough. The survey consisted primarily of
Likert-scale questions along with optional short-response questions to capture additional
observations.

All survey responses were automatically recorded by the Google Forms platform and
exported for analysis.
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Including the hazard perception task ensured that participant feedback was informed
by direct interaction with the system rather than by a purely conceptual demonstration.

4.7 Data Analysis

Survey responses were analysed using a combination of descriptive statistics and qualita-
tive analysis. Given the exploratory nature of the study and the small participant group,
the analysis focused on identifying trends in participant opinion rather than performing
inferential statistical analysis.

Responses to Likert-scale questions were summarised using frequency counts and per-
centage distributions to identify general trends in participant opinion. These results
provide an overview of how participants perceived the usefulness and feasibility of the
proposed approach.

Responses to open-ended questions were analysed qualitatively by reviewing partic-
ipant comments and identifying recurring themes. This process allowed common ob-
servations, concerns, or suggestions to be identified across participants, consistent with
qualitative analysis practices in exploratory eye-tracking research [18, 19].

Because the study is exploratory and the sample size is small, the analysis focuses on
identifying patterns and insights rather than performing statistical hypothesis testing.

4.8 Methodological Considerations

Several methodological considerations influenced the design of the study, including the
limitations of webcam-based gaze estimation, the exploratory nature of the research, and
the use of domain-informed participants.

4.8.1 Participant Awareness of System Operation

Participants were informed about the technical operation of the prototype during the
post-task walkthrough. While this explanation may influence participant perceptions of
the system, it was intentionally included so that survey responses reflected an informed
understanding of the system’s capabilities and limitations, which is particularly important
when evaluating novel biometric technologies [29].

4.8.2 Technical Constraints of Webcam-Based Gaze Estimation

Webcam-based gaze estimation introduces several technical limitations compared to spe-
cialised infrared eye-tracking systems. These include lower frame rates, reduced spatial
accuracy, and sensitivity to lighting conditions and participant movement [12]. As a re-
sult, webcam-based approaches cannot provide the same level of precision as laboratory-
grade eye trackers.

In the context of this study, the aim was not to obtain precise eye movement mea-
surements but rather to demonstrate that approximate gaze direction signals could be
captured using widely available hardware. This level of accuracy is sufficient for eval-
uating whether gaze estimation could plausibly be incorporated into hazard perception
training or testing tools [12, 17].
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4.8.3 Exploratory Study Scope

The study is exploratory in nature and focuses on evaluating the feasibility of the concept
rather than producing behavioural conclusions about hazard perception performance.
The prototype system and survey feedback therefore provide indicative insights into the
technical and practical potential of the approach.

Future work could extend this research by conducting larger studies with more di-
verse participant groups and by integrating gaze estimation into fully interactive hazard
perception testing environments [22, 40].

4.8.4 FEthical Considerations

Ethical considerations were taken into account throughout the study. Participants were
informed about the purpose of the research and the nature of the data being collected.
Participation was voluntary and participants were free to withdraw from the study at
any time.

Survey responses were collected anonymously using Google Forms and no personally
identifiable data was stored. All data were handled in accordance with institutional data
protection policies and broader guidance on the ethical use of biometric and gaze-related
data [29, 43].

4.9 Summary

This chapter has described the research design used to evaluate the feasibility of integrat-
ing webcam-based gaze estimation into hazard perception testing systems. A prototype
implementation was developed using MediaPipe to demonstrate how gaze estimation
could operate within a hazard perception environment [32, 33]. Feedback from domain-
informed participants working within the Department for Transport was collected using
a structured survey. The methodology reflects the exploratory nature of the research
while providing insight into both the technical feasibility and perceived usefulness of the
proposed approach [12, 17].
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5 Results

5.1 Overview of Responses

A total of ten participants completed the post-session survey following their interaction
with the prototype hazard perception system. The survey was designed to collect par-
ticipant perceptions regarding the usability of the prototype, the practicality of webcam-
based gaze estimation, and the potential value of integrating gaze information into hazard
perception testing or training systems [12, 17].

Responses consisted primarily of Likert-scale ratings supported by optional short-
response comments. Because the study involved a relatively small number of participants
and was exploratory in nature, the results are presented using descriptive statistics rather
than inferential statistical testing, in line with common practice in early-stage feasibility
work [20, 19]. Mean scores are used to provide a general indication of participant attitudes
across different areas of the system.

The results are organised into several categories corresponding to different aspects
of the system: calibration experience, usability of the interface, physical comfort and
awareness of the webcam, interaction with the hazard perception task, attitudes toward
gaze tracking, and overall acceptance of the technology.

5.2 Calibration and Setup Experience

Before interacting with the hazard perception system, participants completed a calibra-
tion procedure that allowed the gaze estimation model to approximate the participant’s
gaze direction relative to the display. Calibration is a critical step in webcam-based
gaze estimation because the system must establish a mapping between facial landmark
positions and screen coordinates [14, 12].

Participants were therefore asked several questions relating to the clarity and usability
of the calibration process. These questions aimed to evaluate whether the calibration
stage presented any usability challenges that might affect the practicality of deploying
the system in real-world environments, reflecting concerns raised in prior webcam-based
tracking research [15, 17].

Question Mean Score (1-5)
Calibration instructions were clear 4.6
Calibration was quick and easy 4.7
Confidence calibration worked correctly 3.4

Table 1: Participant perceptions of the calibration process

The results indicate that participants generally found the calibration process easy to
complete. The question relating to the clarity of the calibration instructions received a
mean score of 4.6, suggesting that most participants felt that the instructions provided
sufficient guidance to complete the process successfully.

Similarly, participants reported that the calibration procedure itself was quick and
straightforward, with a mean score of 4.7. This suggests that the calibration stage did
not introduce significant delays or complexity before participants could begin the hazard
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perception task. In the context of real-world deployment, a calibration process that is per-
ceived as simple and efficient is important because lengthy or confusing setup procedures
can discourage user engagement [20, 19].

However, the question relating to participant confidence in the calibration accuracy
received a lower mean score of 3.4. This indicates that while participants were comfortable
completing the calibration process, they were somewhat less confident that the resulting
gaze estimation would be fully accurate.

This result reflects a broader theme that emerged across several survey responses.
Participants generally appeared to support the concept of gaze estimation within hazard
perception systems but expressed some uncertainty regarding the reliability of webcam-
based tracking compared with dedicated eye-tracking hardware, a concern echoed in
comparative evaluations of WBET and infrared systems [12, 13].

The difference between perceived ease of use and perceived reliability suggests that
participants viewed the system as technically promising but recognised that further refine-
ment may be required before such technology could be relied upon in formal assessment
contexts [18, 43].

5.3 System Usability

Participants were asked several questions relating to the usability of the prototype haz-
ard perception system. These questions aimed to evaluate how easily participants could
interact with the interface and whether the system allowed them to complete the hazard
perception task without difficulty. Usability is an important consideration when evalu-
ating prototype systems, as complex or unintuitive interfaces may influence participant
behaviour and reduce the practicality of real-world deployment [42, 21].

The usability questions focused on three key aspects of interaction with the system:
the overall ease of use of the interface, the participant’s confidence while using the system,
and whether the interface allowed hazards to be identified and responded to quickly.

Question Mean Score (1-5)
The system was easy to use 4.9
I felt confident using the system 4.3
The interface allowed quick responses 4.6

Table 2: Participant perceptions of system usability

The results indicate that participants generally found the prototype system highly
usable. The question relating to overall ease of use received the highest mean score of
4.9, suggesting that participants were able to understand and interact with the interface
with minimal difficulty. This indicates that the prototype successfully replicated the basic
interaction model used in conventional hazard perception tests [4, 21].

Participants also reported relatively high confidence when using the system, with
a mean score of 4.3. This suggests that participants felt comfortable navigating the
interface and interacting with the hazard perception task. Although slightly lower than
the ease-of-use score, this value still indicates a positive overall perception of the system.

The ability to respond quickly to hazards is an important aspect of hazard perception
testing, as the timing of hazard identification forms a key component of such assess-
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ments. The mean score of 4.6 for the question relating to response speed suggests that
participants did not feel constrained by the interface when indicating hazards.

Overall, these results suggest that the prototype interface did not introduce usability
barriers that could interfere with participant interaction during the hazard perception
task. Participants were able to focus primarily on identifying hazards rather than navi-
gating the interface itself.

5.4 Physical Comfort and Webcam Awareness

Because the prototype system relied on a webcam to estimate gaze direction, participants
were also asked about their physical comfort during the task and whether the presence
of the webcam influenced their behaviour. Webcam-based gaze estimation systems must
operate unobtrusively if they are to be used effectively in real-world environments. If
users feel uncomfortable or overly aware of the webcam, this may alter their natural
behaviour during hazard perception tasks [12, 17].

Participants were therefore asked to rate their level of physical comfort while using
the system, whether they were able to sit naturally during the task, and whether the
webcam itself caused any distraction.

Question Mean Score (1-5)
I felt physically comfortable during the task 4.6
I was able to sit naturally while using the system 4.0
The webcam distracted me during the task 1.1

Table 3: Participant perceptions of physical comfort and webcam awareness

The results indicate that participants generally felt comfortable while completing the
hazard perception task. The question relating to physical comfort received a mean score of
4.6, suggesting that the system did not require participants to adopt unusual or restrictive
positions while interacting with the interface. This is an important consideration when
evaluating systems intended for widespread use, as uncomfortable setups may discourage
user engagement.

Participants also reported that they were generally able to sit naturally while using
the system, with a mean score of 4.0. Although slightly lower than the overall comfort
score, this still indicates that participants did not feel significantly constrained by the
webcam-based gaze estimation component.

Notably, the question relating to webcam distraction produced a very low mean score
of 1.1. This suggests that participants were largely unaware of the webcam during the task
and did not feel that it interfered with their ability to concentrate on identifying hazards.
From a usability perspective, this is a desirable outcome, as gaze estimation systems
intended for training or assessment should ideally operate without drawing attention
away from the primary task [42, 43].

Overall, these results suggest that the presence of the webcam did not negatively
affect participant comfort or behaviour during the hazard perception task.
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5.5 Hazard Perception Task Experience

Participants were asked several questions relating to their experience completing the
hazard perception task using the prototype system. These questions aimed to evaluate
whether the task was clear and understandable, and whether the interface supported
timely responses when participants identified developing hazards.

Ensuring that participants clearly understand the hazard perception task is important
when evaluating prototype systems. If participants find the task confusing or difficult to
follow, this may affect their responses and reduce the reliability of the feedback provided
during the survey [4, 21].

Question Mean Score (1-5)
The hazards were clear to identify 4.3
I understood when to click to indicate a hazard 4.3
The interface allowed me to respond quickly 4.6

Table 4: Participant perceptions of the hazard perception task

The results suggest that participants generally found the hazard perception scenarios
clear and understandable. The question relating to hazard clarity received a mean score
of 4.3, indicating that participants were able to recognise developing hazards within the
video scenarios without significant confusion.

Participants also reported that they understood when to click to indicate a hazard,
which also received a mean score of 4.3. This suggests that the interaction model used
in the prototype system successfully replicated the basic behaviour expected in conven-
tional hazard perception tests, where users indicate the moment they believe a hazard is
developing [4, 6].

The ability to respond quickly to hazards is an important aspect of hazard perception
testing, as reaction timing is typically used as a measure of hazard awareness. The
relatively high score of 4.6 for the question relating to response speed indicates that
participants felt the interface allowed them to react promptly when identifying hazards.

Overall, these results suggest that the prototype system successfully reproduced the
basic interaction model used in traditional hazard perception tests. Participants were
able to focus on identifying hazards within the driving scenarios without being hindered
by the interface or task design.

5.6 Attitudes Toward Gaze Tracking

Participants were also asked several questions relating to their attitudes toward the use
of gaze estimation within hazard perception systems. These questions aimed to evalu-
ate whether participants believed that gaze information could provide useful insight into
driver behaviour and whether they felt comfortable with such technology being incorpo-
rated into hazard perception training or assessment environments.
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Question Mean Score (1-5)

It is reasonable to consider where someone is looking 4.4
I trust gaze tracking at a broad level 3.3
I would be comfortable using this for training 4.9
I would be comfortable using this in formal assessment 4.8

Table 5: Participant attitudes toward gaze-based hazard perception systems

The results suggest that participants were generally supportive of the concept of
incorporating gaze information into hazard perception systems. The question relating to
whether it is reasonable to consider where someone is looking received a mean score of 4.4,
indicating that participants broadly agreed that gaze direction could provide meaningful
information about how individuals perceive hazards within driving scenarios, consistent
with prior work linking gaze patterns to hazard perception performance [7, 10].

However, participants expressed somewhat lower confidence in the reliability of gaze
estimation itself. The question relating to trust in gaze tracking received a mean score of
3.3, which suggests that participants were more cautious when considering the accuracy
of webcam-based gaze estimation technologies. While participants appeared receptive to
the concept, this result indicates that some uncertainty remains regarding the precision
of the technology, mirroring concerns raised in earlier webcam-based tracking and driver
monitoring studies [12, 17, 13].

Participants reported particularly strong acceptance of the technology when consid-
ered in a training context. The question relating to comfort using the system for training
received a mean score of 4.9, indicating that participants viewed gaze-based feedback as
potentially useful for improving hazard perception skills, in line with prior findings that
gaze feedback can support more effective scanning strategies [9, 43].

Similarly, participants reported high levels of acceptance when asked whether they
would be comfortable using such technology within formal assessment environments. The
mean score of 4.8 suggests that participants were generally open to the idea of gaze-based
systems being integrated into hazard perception testing, provided that the technology
operates reliably.

Overall, these results indicate that participants viewed gaze estimation as a promising
addition to hazard perception systems, particularly for training purposes. However, the
lower trust score highlights that perceptions of technological reliability may influence how
such systems are adopted in practice.

5.7 Qualitative Feedback

In addition to Likert-scale questions, participants were invited to provide open-ended
feedback about their experience using the prototype system. These responses provided
qualitative insight into how participants perceived the system, the limitations they ob-
served, and how the concept might be improved in future implementations.

Several common themes emerged from participant responses.

Calibration and Tracking Limitations. Participants were asked whether they
noticed any factors that may have affected calibration accuracy. While three participants
reported no issues, others identified factors such as head movement, webcam positioning,
lighting conditions, and the presence of glasses as potential influences on tracking per-
formance. These responses are consistent with known limitations of webcam-based gaze
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estimation systems, which can be sensitive to lighting variation, head pose changes, and
reflective surfaces such as eyeglass lenses [12, 14, 45].

Perceived Realism of the Hazard Perception Task. Participants were also
asked how the prototype hazard perception task compared with existing DVSA hazard
perception tests. Four participants reported that the task felt approximately the same as
the official test format, while three participants considered the prototype to be slightly or
significantly more realistic. Only one participant indicated that it felt slightly less realis-
tic, and two participants reported that they were unsure. Overall, the responses suggest
that participants perceived the prototype system as broadly comparable to existing haz-
ard perception testing environments, aligning with prior work showing that desktop and
simulator-based tasks can approximate formal hazard perception assessments [4, 8, 42].

Interpretation of Gaze and Click Mismatch. Participants were asked to explain
potential reasons why the system’s estimated gaze location might not align with the
moment a hazard was identified. The most common explanation provided was that the
gaze tracking itself may be inaccurate, which was mentioned by four participants. Three
participants suggested that peripheral vision could allow hazards to be detected without
directly looking at them, while others suggested timing differences between when the
hazard was perceived and when the click response occurred. These responses indicate
that participants were aware of both technological and behavioural factors that could
influence gaze alignment, reflecting similar discussions in eye-tracking studies of driving
and hazard perception [18, 10, 30].

Value of Gaze-Based Feedback. Participants were also asked whether they would
find it useful to receive feedback about where the system estimated they were looking
during hazard perception scenarios. All ten participants responded positively to this
question, indicating that gaze-based feedback could provide useful insight into their haz-
ard perception behaviour. Several participants suggested that such feedback could help
drivers understand whether they were scanning the road environment effectively, echoing
prior findings that gaze feedback can support training in simulated driving tasks [9, 42,
21].

Participants also proposed several types of feedback that could be incorporated into
such a system. These included visual heatmaps of gaze distribution, screenshots highlight-
ing gaze location when hazards appear, quadrant-based indicators, and timeline views
showing gaze position relative to hazard emergence, all of which are consistent with vi-
sualisation techniques used in existing gaze-analysis tools [18, 19].

Suggested Improvements. Participants also suggested several improvements to
the prototype system. The most common suggestions related to improving gaze tracking
accuracy, making the calibration process more robust, allowing greater head movement
during tracking, and improving support for users wearing glasses. Some participants also
suggested minor interface improvements such as full-screen video playback and clearer
scoring feedback. These suggestions align with technical and usability challenges identi-
fied in other WBET implementations [12, 31, 34].

Overall, the qualitative responses were strongly positive toward the concept of inte-
grating gaze estimation into hazard perception systems. Participants generally viewed
the system as easy to use and believed that gaze-based feedback could provide valuable
insight for training purposes, supporting the view that webcam-based gaze estimation
can play a useful role in applied training and assessment contexts despite its limitations
(17, 23].
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6 Discussion

6.1 Overview of Findings

This study set out to evaluate the feasibility of integrating webcam-based gaze estimation
into a hazard perception testing framework. The results presented in the previous chapter
provide insight into both the usability of the prototype system and participant attitudes
toward the use of gaze information within hazard perception environments [12, 17].

Overall, participants reported a high level of usability when interacting with the
prototype system. The interface was perceived as easy to use, and participants were
able to complete the hazard perception task without difficulty. In addition, participants
reported minimal distraction from the webcam component, suggesting that webcam-
based gaze estimation can operate unobtrusively within a hazard perception context,
in line with findings from other desktop and simulator-based eye-tracking studies [42,
43]. One participant did recommend removing the calibration check screen to further
obfuscate the tracking system; however, this would require a very high level of confidence
in the calibration and is not feasible with the current prototype, where many participants
recalibrated after their first attempt due to inaccuracy on the check screen.

Participants also expressed strong support for the concept of incorporating gaze infor-
mation into hazard perception systems. All participants indicated that they would find
gaze-based feedback useful, particularly in a training context. This suggests that there
is clear potential for gaze estimation to enhance hazard perception training by providing
additional insight into where attention is directed during driving scenarios, echoing prior
work showing that gaze feedback can support more effective scanning behaviour [9, 21].

However, despite this strong conceptual acceptance, participants expressed lower con-
fidence in the accuracy of the gaze estimation itself. This indicates a distinction between
acceptance of the idea and trust in the underlying technology. Participants appeared
willing to engage with gaze-based systems but remained cautious about the reliability of
webcam-based tracking, particularly in scenarios where such data might influence formal
assessment outcomes, a concern consistent with comparisons between webcam-based and
infrared systems [12, 13].

Qualitative feedback further supported these findings, with participants identifying
factors such as lighting conditions, head movement, and the use of glasses as potential
sources of inaccuracy. These limitations align with those identified in existing research on
WBET, reinforcing the importance of considering technical constraints when evaluating
the feasibility of such systems [14, 45].

Taken together, these findings suggest that webcam-based gaze estimation is a promis-
ing addition to hazard perception systems, particularly for training applications. How-
ever, concerns regarding accuracy and robustness highlight the need for further devel-
opment before such systems could be confidently deployed in high-stakes assessment
contexts [17, 18].

6.2 Interpretation of Key Results

The results of this study highlight several important themes relating to the feasibility
and potential application of webcam-based gaze estimation within hazard perception
systems. These themes centre around system usability, participant acceptance of gaze-
based feedback, and concerns regarding the reliability of the underlying technology.
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Usability and System Integration. Participants consistently reported high us-
ability scores, indicating that the prototype system was easy to interact with and did not
introduce barriers to completing the hazard perception task. This is a significant finding
in the context of hazard perception testing, where the interface must not interfere with
the user’s ability to detect and respond to hazards [4, 21]. The high usability scores sug-
gest that gaze estimation can be integrated into hazard perception environments without
negatively affecting the user experience.

The finding that participants reported minimal distraction from the webcam compo-
nent is particularly important. For gaze-based systems to be viable in real-world contexts,
they must operate unobtrusively. The results suggest that webcam-based tracking can
function in the background without altering user behaviour, which supports its potential
use in both training and assessment settings [42, 12].

Acceptance of Gaze-Based Feedback. A key finding of this study is the strong
participant support for gaze-based feedback. All participants indicated that they would
find it useful to receive feedback about where the system estimated they were looking
during hazard perception tasks. This suggests that gaze estimation has clear potential
as a tool for enhancing driver training, especially when combined with rich visualisations
such as heatmaps and timelines [18, 19].

From a theoretical perspective, this aligns with models of situational awareness, which
emphasise the importance of attention allocation in perceiving and responding to hazards
[24, 25]. Providing feedback on gaze behaviour may help individuals better understand
how they attend to relevant elements within the driving environment, potentially improv-
ing hazard perception performance over time [7, 10].

Acceptance Versus Trust in Technology. Despite strong support for the concept,
participants expressed lower confidence in the accuracy of the gaze estimation itself. This
distinction between acceptance of the concept and trust in the technology is a central
finding of the study and mirrors wider concerns about user trust in imperfect sensing
technologies [12, 17].

Participants appeared willing to engage with gaze-based systems, particularly in train-
ing contexts, but were more cautious when considering their use in formal assessment.
This suggests that perceived reliability plays a key role in determining whether such sys-
tems are considered appropriate for high-stakes applications, much as it does in driver
monitoring and safety-critical systems [38, 43].

Perceived Causes of Gaze Mismatch. Participants frequently attributed discrep-
ancies between gaze estimation and hazard identification to limitations in the tracking
system rather than to their own behaviour. This suggests that participants were aware of
the limitations of webcam-based tracking and were cautious in interpreting its outputs.

Interestingly, some participants also identified behavioural factors such as periph-
eral vision and timing differences between perception and response. This highlights the
complexity of interpreting gaze data in hazard perception contexts, where attention and
action do not always align directly [18, 10, 30].

Implications for Training Versus Assessment. Taken together, the results sug-
gest that webcam-based gaze estimation is particularly well suited to training applica-
tions. Participants were highly receptive to the idea of receiving gaze-based feedback as a
means of improving their hazard perception skills, which aligns with prior evidence that
targeted hazard perception training can improve performance [21, 22].

However, the lower levels of trust in tracking accuracy indicate that caution would be
required if such systems were to be used in formal assessment contexts. In such scenarios,

40



inaccuracies in gaze estimation could lead to unfair or misleading evaluations of driver
performance, especially when hazards may be detected through peripheral vision or when
gaze does not directly coincide with the response location [18, 12].

Overall, these findings suggest that while webcam-based gaze estimation shows strong
potential as a training tool, further improvements in accuracy and robustness would be
required before it could be reliably used within high-stakes testing environments.

6.3 Comparison with Existing Literature

The findings of this study align with several key themes identified within existing hazard
perception and eye-tracking research. In particular, the importance of visual attention
in hazard perception, the differences between novice and experienced drivers, and the
limitations of WBET are all reflected in the results.

Previous research has consistently demonstrated that effective hazard perception is
closely linked to how drivers allocate visual attention within the driving environment |7,
4]. Studies have shown that experienced drivers exhibit more efficient scanning patterns
and are more likely to fixate on potential hazards earlier than novice drivers. The strong
participant support for gaze-based feedback observed in this study is consistent with these
findings, as it suggests that individuals recognise the importance of where attention is
directed during hazard perception tasks [10, 28].

The results also align with theoretical models of situational awareness. Endsley’s
model [24] emphasises the role of perception as the first stage in understanding dynamic
environments. In the context of hazard perception, this involves identifying relevant
elements within the visual field. The positive response to gaze-based feedback suggests
that participants intuitively understand the value of monitoring attentional focus as part
of hazard detection and decision-making processes.

Similarly, Wickens” Multiple Resource Theory [26] highlights the limitations of cog-
nitive resources and the need to allocate attention effectively across competing stimuli.
The interest in feedback relating to gaze behaviour may reflect an awareness that atten-
tion is a limited resource and that improving how it is distributed could enhance hazard
perception performance [6, 39)].

The distinction observed in this study between acceptance of gaze tracking as a con-
cept and lower confidence in its accuracy is also consistent with existing research on
WBET. While recent studies have shown that webcam-based systems can approach the
performance of laboratory-based systems under certain conditions [12], they remain sen-
sitive to environmental factors such as lighting, head movement, and occlusion [14, 45].
The qualitative responses in this study, which identified glasses, lighting, and posture as
sources of inaccuracy, directly reflect these known limitations.

Furthermore, the finding that participants often attributed mismatches between gaze
estimation and hazard identification to technological limitations rather than their own
behaviour is notable. This suggests that users may be cautious in trusting automated
interpretations of attentional data, particularly when the system lacks the precision of
dedicated eye-tracking hardware, echoing broader concerns around the interpretation of
gaze metrics in applied contexts [18, 29].

Finally, the strong preference for using gaze tracking as a training tool rather than a
strict assessment mechanism is consistent with prior critiques of hazard perception test-
ing. Traditional DVSA-style hazard perception tests have been criticised for their limited
ecological validity and reliance on simplified response measures [2, 8]. The results of
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this study suggest that gaze-based systems may offer a way to enrich training by provid-
ing additional insight into attentional behaviour, without necessarily replacing existing
assessment methods.

Overall, the findings of this study broadly support prior work showing strong links
between gaze behaviour and hazard perception but do so under less controlled and more
assessment-like conditions than many infrared-based studies, which strengthens the case
for considering webcam-based methods as a pragmatic, lower-resolution alternative in
training-focused environments [17, 13].

6.4 Implications for Hazard Perception Systems

The findings of this study have several implications for the design and application of
hazard perception systems, particularly within the context of driver training and licensing.
The results suggest that webcam-based gaze estimation has clear potential to enhance
existing hazard perception approaches, although its role may differ depending on whether
it is used for training or formal assessment.

One of the most significant implications is the potential use of gaze estimation as a
training tool. Participants expressed strong interest in receiving feedback about where
they were looking during hazard perception tasks, with all participants indicating that
such feedback would be useful. This suggests that gaze-based systems could be used to
provide learners with additional insight into their attentional behaviour, helping them
to understand whether they are effectively scanning the driving environment [9, 42, 21].
Such feedback could complement existing hazard perception training methods, which
typically rely on response timing alone [4, 22].

In contrast, the findings indicate that the use of gaze estimation within formal as-
sessment contexts would require more careful consideration. Although participants were
generally open to the idea of gaze-based systems being incorporated into hazard percep-
tion testing, lower levels of trust in tracking accuracy suggest that such systems may
not yet be suitable for high-stakes evaluation. Inaccuracies in gaze estimation could lead
to incorrect interpretations of driver behaviour, particularly in cases where hazards are
detected using peripheral vision or where gaze does not directly align with the point of
response [18, 12].

These findings support a distinction between formative and summative use of gaze-
based systems. In a formative context, such as training, approximate gaze information
may be sufficient to provide meaningful feedback without the risk of penalising users
unfairly. In a summative context, such as driver licensing assessments, higher levels of
accuracy and reliability would be required before gaze-based measures could be incorpo-
rated into scoring frameworks [40, 43].

The results also highlight the importance of system design considerations when inte-
grating gaze estimation into hazard perception environments. Participants suggested a
range of potential feedback mechanisms, including heatmaps, gaze overlays, and timeline
visualisations. These features could be used to present gaze information in an accessible
and interpretable manner, allowing users to reflect on their performance without requiring
detailed technical knowledge of eye-tracking systems [18, 19].

From a broader perspective, the findings suggest that gaze-based hazard perception
systems could contribute to more comprehensive models of driver behaviour. By com-
bining traditional response-based measures with information about attentional focus, it
may be possible to develop richer assessments of hazard perception that account for both
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what drivers respond to and how they visually engage with the driving environment |7,
28].

Overall, the results indicate that webcam-based gaze estimation has strong potential
as a tool for enhancing hazard perception training. However, its application within
formal assessment contexts remains dependent on improvements in accuracy, robustness,
and user trust [12, 17].

6.5 Limitations

While this study provides useful insight into the feasibility of integrating webcam-based
gaze estimation into hazard perception systems, several limitations must be acknowl-
edged.

Firstly, the study involved a relatively small sample size of ten participants. As a
result, the findings are not intended to be statistically generalisable to a wider population.
Instead, the results provide an exploratory indication of how such a system may be
perceived by users, consistent with other early-stage WBET feasibility studies [20, 19]. A
larger and more diverse participant group would be required to draw broader conclusions
about user acceptance and system effectiveness.

Secondly, all participants were software engineers working within the Department for
Transport. While this group was well positioned to provide informed and technically
aware feedback, it does introduce a potential bias. Participants may have been more
familiar with digital systems and more receptive to emerging technologies than the general
population. As such, their responses may not fully reflect the perceptions of typical
learner drivers or members of the public [1, 23].

Another limitation relates to the use of webcam-based gaze estimation itself. As
identified in both the quantitative and qualitative results, the system is sensitive to envi-
ronmental and user-related factors such as lighting conditions, head movement, and the
presence of glasses. These factors can reduce tracking accuracy and introduce uncertainty
into the interpretation of gaze data [12, 14, 45]. While the study deliberately adopted a
coarse-grained approach to gaze estimation, these limitations still affect the reliability of
the system.

The study is also limited by its focus on participant perception rather than objective
performance measures. No quantitative data was collected relating to hazard detection
accuracy or reaction time. As a result, the study does not assess whether gaze-based feed-
back improves hazard perception performance, but instead evaluates whether such an ap-
proach is perceived as useful and feasible. Future work will therefore need to incorporate
performance metrics to determine the impact of gaze-based feedback on driving-related
outcomes [22, 40].

Finally, the prototype system was evaluated within a controlled environment using
the researcher’s machine. This limits the ability to assess how the system would perform
across a wider range of hardware configurations, camera qualities, and environmental
conditions. Real-world deployment may introduce additional variability that was not
captured within this study [13, 36].

These limitations highlight that while the study provides valuable insight into the
feasibility of the approach, further research would be required to evaluate system perfor-
mance, robustness, and user acceptance at scale.
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6.6 Future Work

The findings of this study highlight several areas for further development, both in terms of
improving the technical implementation of webcam-based gaze estimation and expanding
its application within hazard perception training systems.

A key area for future work is the exploration of alternative gaze estimation approaches
beyond the MediaPipe framework used in this study. While MediaPipe provided a stable
and accessible baseline for estimating gaze direction, it does not offer dedicated eye-
tracking capabilities and is limited in terms of precision [32, 33]. Future work could
investigate specialised webcam-based gaze estimation models or hybrid approaches that
combine facial landmark detection with machine learning-based gaze prediction. Such
approaches may improve spatial accuracy and robustness, particularly under varying
lighting conditions and head movements [35, 34].

Improving the calibration process represents another important area for development.
Although participants found the calibration procedure easy to complete, confidence in
its accuracy was lower. Future systems could incorporate adaptive or continuous cali-
bration techniques that update the gaze model dynamically during use, as explored in
other webcam-based tracking work [31, 20]. Additionally, calibration procedures could be
refined to better account for variations in head position, camera angle, and the presence
of glasses. Providing real-time feedback on calibration quality may also help users achieve
more reliable tracking performance [12, 45].

The results of this study strongly support the use of gaze estimation as a training
tool rather than as a strict assessment mechanism. Future work should therefore focus
on the development of a dedicated training platform that leverages gaze data to provide
meaningful and actionable feedback to users [21, 22].

One potential direction is the implementation of a post-task feedback dashboard.
Following each hazard perception clip, users could be presented with a summary of their
performance, including where they were looking during key moments in the scenario.
This could be supported by visualisations such as heatmaps that highlight areas of visual
attention across the duration of the clip [18, 19].

To further enhance usability, users could be given the ability to review individual
clips interactively. By scrubbing through the video timeline, users could observe how
their gaze behaviour evolved over time and how it aligned with the emergence of hazards.
This would allow users to identify missed hazards or delayed responses and understand
how their visual attention contributed to these outcomes.

In addition to individual feedback, future systems could incorporate comparative met-
rics. For example, aggregated gaze data from multiple users could be used to generate
baseline or reference gaze patterns. Individual users could then compare their gaze be-
haviour against these reference patterns to identify areas where their visual scanning
differs from expected or optimal behaviour. Such comparisons may provide valuable
insight into how attention is distributed during hazard perception tasks [10, 28].

Finally, future work could evaluate the impact of gaze-based feedback on hazard
perception performance. This would involve conducting larger-scale studies that measure
whether providing users with feedback on their visual attention leads to measurable
improvements in hazard detection accuracy or response timing. Such studies would help
determine whether gaze-based training systems can contribute to improved driver safety
outcomes, addressing calls in the literature to link attentional measures more directly to
performance and crash risk [22, 40].
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Overall, future research should focus on improving the accuracy and robustness of
webcam-based gaze estimation while developing user-centred feedback mechanisms that
translate gaze data into meaningful training insights [17, 23].

6.7 Reflections on the Project

From a personal and professional perspective, the project underscored the importance
of balancing research ambition with technical feasibility when working with emerging
tools such as webcam-based gaze estimation. A substantial amount of time was ulti-
mately devoted to stabilising tracking and adapting the study design around practical
constraints, which highlighted the value of iterating on small, testable components rather
than assuming that existing frameworks would transfer directly into an assessment-style
environment. The experience also reinforced the benefits of combining technical prototyp-
ing with early, domain-informed user feedback, as participants’ perceptions of usefulness,
trust, and realism significantly shaped how the concept should evolve beyond this initial
proof of concept.
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7 Conclusions and Recommendations

This dissertation investigated the feasibility of integrating webcam-based gaze estima-
tion into a hazard perception testing framework. The research was motivated by the
limitations of existing hazard perception assessments, which rely primarily on response
timing and provide limited insight into how users allocate visual attention during driving
scenarios [4, 8]. By combining a prototype implementation with participant feedback,
the study explored both the technical viability of webcam-based gaze estimation and its
perceived usefulness within hazard perception contexts [12, 17].

The results demonstrate that webcam-based gaze estimation can be successfully in-
tegrated into a hazard perception system using standard hardware. Participants were
able to complete the task without difficulty, and the system was perceived as easy to
use and non-intrusive [42, 20]. Importantly, the presence of the webcam did not signifi-
cantly affect participant comfort or behaviour, suggesting that such systems can operate
unobtrusively within realistic testing environments [12, 43].

A key finding of the study is the strong support for gaze-based feedback. All partic-
ipants indicated that they would find it useful to receive information about where they
were looking during hazard perception tasks. This highlights a clear opportunity to en-
hance hazard perception training by providing users with additional insight into their
attentional behaviour, consistent with evidence that gaze feedback can improve scanning
and hazard anticipation [9, 21]. Participants recognised that understanding where at-
tention is directed could help improve hazard detection and overall driving awareness |7,
10].

However, the study also identified a critical distinction between acceptance of the
concept and trust in the technology. While participants were highly receptive to the
idea of gaze-based systems, confidence in the accuracy of webcam-based gaze estimation
was more limited. Factors such as lighting conditions, head movement, and the use of
glasses were identified as potential sources of inaccuracy, reflecting known limitations of
WBET [12, 14, 45]. This suggests that while the concept is well received, the reliability of
the underlying technology remains a key barrier to adoption, particularly in high-stakes
assessment contexts [13, 18].

These findings support the conclusion that webcam-based gaze estimation is currently
best suited to training applications rather than formal assessment. In training environ-
ments, approximate gaze information can provide meaningful feedback without the risk of
penalising users unfairly [21, 22]. In contrast, the use of gaze data within licensing or as-
sessment frameworks would require significantly higher levels of accuracy and robustness
to ensure fairness and reliability, comparable to expectations for in-vehicle monitoring
and assessment tools [40, 43].

From a broader perspective, this study contributes to the understanding of how gaze
estimation technologies can be applied within hazard perception systems. It demon-
strates that even coarse-grained gaze information can be perceived as valuable by users
and can complement existing response-based measures [17, 18]. By combining behavioural
responses with attentional data, future systems may be able to provide a more compre-
hensive view of driver awareness and decision-making processes [7, 28].

The study is exploratory in nature and has several limitations, including a small
and domain-specific participant group and a focus on perceived usefulness rather than
objective performance outcomes. However, these limitations are consistent with the proof-
of-concept approach adopted in this research and with other early-stage evaluations of
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webcam-based gaze systems [20, 19]. The findings provide a foundation for future work
that can build on both the technical implementation and the evaluation of gaze-based
feedback mechanisms.

Future development should focus on improving the accuracy and robustness of
webcam-based gaze estimation, as well as designing user-centred feedback systems that
translate gaze data into actionable insights. In particular, the development of interac-
tive training tools incorporating features such as gaze heatmaps, timeline-based analysis,
and reference gaze patterns offers a promising direction for enhancing hazard perception
training [18, 19, 23].

In conclusion, this study demonstrates that webcam-based gaze estimation is a feasible
and well-received addition to hazard perception systems [12, 17]. While current limita-
tions restrict its use in formal assessment, the strong participant support for gaze-based
feedback highlights its potential as a valuable training tool. With further development,
gaze-based systems may play an important role in improving driver awareness and con-
tributing to road safety outcomes [22, 40].
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A System Screenshots

The following screenshots illustrate the key screens and states of the hazard perception
test prototype.

A.1 Welcome Screen

Hazard Perception Test

Welcome to the Hazard Perception Test

This test requires camera access for eye tracking. Please ensure you're in a well-lit environment.

Start Test

Figure 2: The initial setup screen prompting the user to start the test.

A.2 Instructions Screen

Hazard Perception Test

Instructions

- Watch each video clip carefully
- Click when you spot a developing hazard
- Your gaze position determines if you hit the hazard

« The earlier you click, the more points you score (5-0 points)
+ You have 5 attempts per clip - highest score counts
- First, we need to calibrate the eye tracker

Start Calibration

Figure 3: Instructions presented to the user before calibration.
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A.3 Gaze Calibration

Hazard Perception Test

Figure 4: The 9-point gaze calibration interface.
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A.4 Calibration Validation

Hazard Perception Test

Test Your Calibration

Look at the blue dots. The red dot should follow your gaze accurately.

Recalibrate Start Test

Figure 5: The validation screen showing the gaze dot tracking the user’s eye position
against reference points.
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A.5 Test Phase

Hazard Perception Test

e S

Start video

Click when you spot a hazard. You have 5 attempts remaining.

Next Clip

Figure 6: A hazard perception clip during the test phase.

A.6 Debug Mode

Hazard Perception Test

Clip 3 (3/5) &

Next Clip

Figure 7: Debug mode showing the gaze overlay, hazard AOI bounding boxes, and camera
preview.
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A.7 Results Screen

Hazard Perception Test

Test Complete!

Your Results

2225

Keep practicing!

Export Test Data

Download JSON Download CSV

Take Test Again

Figure 8: The results screen displaying the user’s score and data export options.

A.8 Aol Marker Tool

localhost:5173 says
Added hazard "Van" at 39.51s
Position: (-1, 248)

Size: 630x316px

Figure 9: The standalone Aol Marker Tool used to define hazard regions on video clips.
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B Source Code

B.1 Application Entry Point

1 import React from ’react’

2 import ReactDOM from ’react-dom/client’
3 import App from ’./App’

4 import ’../styled-system/styles.css’

5

6 ReactDOM.createRoot (document.getElementById(’root’)!).render (
7 <React.StrictMode >

8 <App />

9 </React.StrictMode>

Listing 1: main.tsx — Application bootstrap

B.2 Type Definitions

export type GazePoint = {
X: number
y: number
t: number

6 conf?: number

[ N N

Listing 2: types.ts — Shared type definitions

B.3 Main Application Component

import React from ’react’
import { css } from ’../styled-system/css’

import { getCalibratedGaze } from ’@/utils/gazeUtils’
import StatusBadge from ’./components/StatusBadge’

1 type TestClip = { id: number; path: string; name: string }

13 const TEST_CLIPS: TestClip[] = [

4 { id: 1, path: ’/clips/done/1.m4v’, name: ’Clip 1°’},
15 { id: 2, path: ’/clips/done/2.m4v’, name: ’Clip 2’},
6 { id: 3, path: ’/clips/done/3.m4v’, name: ’Clip 3°’},
17 { id: 4, path: ’/clips/done/4.m4v’, name: ’Clip 4°’},
8 { id: 5, path: ’/clips/done/5.m4v’, name: ’Clip 5’}

6 import Calibration from ’./components/Calibration’

7 import VideoPlayer from ’./components/VideoPlayer’

8 import { dataCapture, TestSession } from ’Q@/utils/dataCapture’

9

0 type TestPhase = ’setup’ | ’instructions’ | ’calibration’ | ’validation’
results’

function getVideoDisplayBounds(video:

HTMLVideoElement) {

const rect = vide
const videoAspect

P6 let displayWidth,

} else {

o.getBoundingClientRect ()
= video.videoWidth / video.videoHeight

1
2
3

24 const containerAspect = rect.width / rect.height
5

displayHeight , offsetX, offsetY

P8 if (containerAspect > videoAspect) {
29 displayHeight = rect.height
B0 displayWidth = displayHeight * videoAspect
1 offsetX = (rect.width - displayWidth) / 2
2 offsetY = 0

3
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2
3 import { initMP, getLastLandmarks, getCameraStream } from ’Q@/gaze/mediapipe’
4
5
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displayWidth = rect.width

displayHeight = displayWidth / videoAspect

offsetX = 0

offsetY = (rect.height - displayHeight) / 2
}

return { displayWidth, displayHeight, offsetX, offsetY }

export default function App() {

const [phase, setPhase] = React.useState<TestPhase>(’setup’)

const [camReady, setCamReady] = React.useState(false)

const [calibrated, setCalibrated] = React.useState(false)

const [currentClip, setCurrentClip] = React.useState (0)

const [clipScores, setClipScores] = React.useState<{ clipId: number; score:
number; maxScore: number }[]>([])

const [clicks, setClicks] = React.useState<{ time: number; score: number }[]1>([])

const [debugMode, setDebugMode] = React.useState(false)

const [currentGaze, setCurrentGaze] = React.useState<{ x: number; y: number 1} |
null>(null)

const [sessionData, setSessionData] = React.useState<TestSession | null>(null)

const [aoiData, setAoiData] = React.useState<any>(null)

const previewRef = React.useRef<HTMLVideoElement >(null)

const overlayCanvasRef = React.useRef<HTMLCanvasElement >(null)

const videoRef = React.useRef<HTMLVideoElement >(null)

const hazardOverlayRef = React.useRef<HTMLCanvasElement >(null)

const validationRef = React.useRef<HTMLDivElement >(null)

async function startCamera() {

try {
const originallLog = console.log
console.log = (...args) => {
if (typeof args[0] === ’string’ && args[0].includes(’TensorFlow Lite’
)) return
originallog(...args)
}

await new Promise(resolve => setTimeout (resolve, 100))
await initMP ()

console.log = originallog

await new Promise(r => setTimeout(r, 1000))

setCamReady (true)

const session = dataCapture.startSession ()

setSessionData(session)

setPhase(’instructions’)

} catch (error) {

console.error (’Camera initialization failed:’, error)

alert (‘Camera initialization failed: ${error instanceof Error 7 error.
message : ’Unknown error’}. Please check camera permissions and try
again. ‘)

setCamReady (false)

setPhase (’setup’)

}

function handleCalibrated () {
setCalibrated (true)
setPhase(’validation’)

}

async function handleVideoClick () {
const video = videoRef.current
if (!video || !calibrated) return
const currentTime = video.currentTime

// Check if already have 5 attempts
if (clicks.length >= 5) return

let score = 0
let hitHazard = false
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let hazardId: string | undefined

try {
const gaze = await getCalibratedGaze ()
if (!gaze || !aoiData) return
const rect = video.getBoundingClientRect ()

const { displayWidth, displayHeight, offsetX, offsetY } =
getVideoDisplayBounds (video)

const relativeX = gaze.x - rect.left - offsetX
const relativeY = gaze.y - rect.top - offsetY

const videoX = (relativeX / displayWidth) #* aoiData.videoWidth
const videoY = (relativeY / displayHeight) * aoiData.videoHeight

const midX = aoiData.videoWidth / 2
const midY = aoiData.videoHeight / 2

let gazeQuadrant = 7~
if (videoX < midX && videoY < midY) gazeQuadrant = ’top-left’
else if (videoX >= midX && videoY < midY) gazeQuadrant = ’top-right’
else if (videoX < midX && videoY >= midY) gazeQuadrant = ’bottom-left’
else gazeQuadrant = ’bottom-right’
for (const hazard of aoiData.dynamic || []) {

const frames = hazard.frames.sort((a, b) => a.t - b.t)

let activeFrame = null

// Check if between two frames for interpolation
for (let i = 0; i < frames.length - 1; i++) {
const framel = frames[i]
const frame2 = frames[i + 1]

if (currentTime >= framel.t && currentTime <= frame2.t) {

const ratio = (currentTime - framel.t) / (frame2.t -
)
activeFrame = {
x: framel.x + (frame2.x - framel.x) * ratio,
y: framel.y + (frame2.y - framel.y) * ratio,
w: framel.w + (frame2.w - framel.w) * ratio,
h: framel.h + (frame2.h - framel.h) * ratio,
t: currentTim
}
break

}

// If not between frames, check tolerance around each frame
if (lactiveFrame) {
for (const frame of frames) {
if (Math.abs(currentTime - frame.t) < 2.5) {
activeFrame = frame
break

}

if (activeFrame) {
// Check which quadrants the hazard overlaps

const hazardQuadrants = []

const left = activeFrame.x < midX

const right = activeFrame.x + activeFrame.w > midX
const top = activeFrame.y < midY

const bottom = activeFrame.y + activeFrame.h > midY

if (left && top) hazardQuadrants.push(’top-left’)

if (right && top) hazardQuadrants.push(’top-right’)

if (left && bottom) hazardQuadrants.push(’bottom-left’)
if (right && bottom) hazardQuadrants.push(’bottom-right’)

if (hazardQuadrants.includes (gazeQuadrant)) {
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hitHazard = true
hazardId = hazard.id

// Find the earliest hazard frame time for this hazard

const earliestFrame = Math.min(...hazard.frames.map(f => f.t)
)
const timeDiff = currentTime - earliestFrame

if (timeDiff < 0) {

score = 0
} else if (timeDiff <= 1) {
score = 5
} else if (timeDiff <= 2) {
score = 4
} else if (timeDiff <= 3) {
score = 3
} else if (timeDiff <= 4) {
score = 2
} else if (timeDiff <= 5) {
score = 1
} else {
score = 0
}
break
}
}
}
setClicks (prev => [...prev, { time: currentTime, score }])

// Store click in session
const session = dataCapture.getCurrentSession ()
if (sessiomn) {

const currentClip = session.testResults[session.testResults.length -

1]
if (currentClip) {
currentClip.clicks.push ({
timestamp: Date.now(),
videoTime: currentTime,

score,
hitHazard,
hazardId
B
}
}
} catch {
// scoring fatiled
}
}
const isTransitioning = React.useRef (false)

function nextClip() {
if (isTransitioning.current) return

isTransitioning.current = true

const clipId = TEST_CLIPS[currentClip].id

const highestScore = Math.max(...clicks.map(click => click.score), 0)

dataCapture.endClip (highestScore)

setClipScores (prev => [...prev, { clipId, score: highestScore, maxScore: 5

13D

if (currentClip < TEST_CLIPS.length - 1) {
setCurrentClip (currentClip + 1)
setClicks ([1)
dataCapture.startClip (TEST_CLIPS [currentClip + 1].1id,
currentClip + 1].name)
isTransitioning.current = false
} else {
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const finalSession = dataCapture.endSession ()
setSessionData(finalSession || sessionData)
setPhase(’results’)

}

function downloadJSON() {
const json = dataCapture.exportAsJSON()
if (!json) return

const blob = new Blob([json], { type: ’application/json’ })
const url = URL.createObjectURL (blob)

const a = document.createElement(’a’)

a.href = url

a.download = ‘hpt_session_${sessionData?.sessionId}. json*
a.click()

URL.revokeObjectURL (url)
}

function downloadCSV() {
const csv = dataCapture.exportAsCSV()
if (!csv) return

const blob = new Blob([csv], { type: ’text/csv’ })
const url = URL.createObjectURL(blob)

const a = document.createElement(’a’)

a.href = url

a.download = ‘hpt_session_${sessionData?.sessionId}.csv"
a.click()

URL.revokeObjectURL (url)
}

React .useEffect (() => {
if (phase === ’test’ && currentClip === 0) {
dataCapture.startClip (TEST_CLIPS[0].id, TEST_CLIPS[O0].name)
}
}, [phasel)

React.useEffect (() => {
if (phase === ’test’) {
const clipId = TEST_CLIPS[currentClipl.id
fetch(‘/clips/done/${clipId}.aois.json")
.then(res => res.json())
.then(data => setAoiData(data))
.catch(e => console.log(’Failed to load AOI data:’, e))
¥
}, [phase, currentClip])

React.useEffect (() => {
if (!debugMode || phase !== ’test’ || !videoRef.current || !aoiData) return

let animationId: number

const drawHazards = () => {
const video = videoRef.current
const canvas = hazardOverlayRef.current
if (!video || !'canvas) return
const ctx = canvas.getContext(’2d’)

if (lctx) return

const rect = video.getBoundingClientRect ()
canvas.style.left = ‘${rect.leftl}px’

canvas.style.top = ‘${rect.toplpx®

canvas.style.width = ‘${rect.width}px®
canvas.style.height = ‘${rect.height}px®

const videoAspect = video.videoWidth / video.videoHeight
const containerAspect = rect.width / rect.height

let displayWidth, displayHeight, offsetX, offsetY
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if (containerAspect > videoAspect) {
displayHeight = rect.height
displayWidth = displayHeight * videoAspect
offsetX = (rect.width - displayWidth) / 2
offsetY = 0
} else {
displayWidth = rect.width
displayHeight = displayWidth / videoAspect
offsetX = 0
offsetY = (rect.height - displayHeight) / 2
}

canvas .width = rect.width
canvas.height = rect.height
ctx.clearRect (0, 0, canvas.width, canvas.height)

const scaleX = displayWidth / aoiData.videoWidth
const scaleY = displayHeight / aoiData.videoHeight

const currentTime = video.currentTime
for (const hazard of aoiData.dynamic || []) {
const frames = hazard.frames.sort((a, b) => a.t - b.t)
let activeFrame = null
for (let i = 0; i < frames.length - 1; i++) {
const framel = frames[i]
const frame2 = frames[i + 1]
if (currentTime >= framel.t && currentTime <= frame2
const ratio = (currentTime - framel.t) / (frame2.
)
activeFrame = {
x: framel.x + (frame2.x - framel.x) * ratio,
y: framel.y + (frame2.y - framel.y) * ratio,
w: framel.w + (frame2.w - framel.w) * ratio,
h: framel.h + (frame2.h - framel.h) * ratio
}
break

if (lactiveFrame) {
for (const frame of frames) {

if (Math.abs(currentTime - frame.t) < 2.5)
activeFrame = frame
break

if (activeFrame) {

ctx.strokeStyle = ’rgba(255, 0, 0, 0.8)°

ctx.lineWidth = 2

ctx.strokeRect (
offsetX + activeFrame.x * scaleX,
offsetY + activeFrame.y * scaleY,
activeFrame.w * scaleX,
activeFrame.h * scaleY

)
ctx.fillStyle = ’rgba(255, 0, 0, 0.9)°
ctx.font = ’12px Arial’

ctx.fillText (
hazard.id,
offsetX + activeFrame.x * scaleX,
offsetY + activeFrame.y * scaleY - 5

}

for (const hazard of aoiData.static || []1) {
ctx.strokeStyle = ’rgba (255, 165, 0, 0.8)°
ctx.lineWidth = 2
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ctx.strokeRect (
offsetX + hazard.x * scaleX,
offsetY + hazard.y * scaleY,
hazard.w * scaleX,
hazard.h * scaleY

)
ctx.fillStyle = ’rgba(255, 165, 0, 0.9)°
ctx.font = ’12px Arial’

ctx.fillText (
hazard.id,
offsetX + hazard.x * scaleX,
offsetY + hazard.y * scaleY - 5

)
}
animationId = requestAnimationFrame (drawHazards)
3
animationId = requestAnimationFrame (drawHazards)

return () => cancelAnimationFrame (animationId)
}, [debugMode, phase, aoiDatal])

React .useEffect (() => {
if (!calibrated || (phase !== ’test’ && phase !== ’validation’)) return

let raf = 0

const loop = async () => {
const gaze = await getCalibratedGaze ()
if (!gaze) return

if (phase === ’validation’ && validationRef.current) {
const rect = validationRef.current.getBoundingClientRect ()
const boundedGaze = {

x: Math.max (0, Math.min(rect.width, gaze.x - rect.left)),
y: Math.max (0, Math.min(rect.height, gaze.y - rect.top))

}

setCurrentGaze (boundedGaze)

} else if (phase === ’test’ && videoRef.current) {

const rect = videoRef.current.getBoundingClientRect ()

const boundedGaze = {
x: Math.max (0, Math.min(rect.width, gaze.x - rect.left)),
y: Math.max (0, Math.min(rect.height, gaze.y - rect.top))

}

setCurrentGaze (boundedGaze)

}

raf = requestAnimationFrame (loop)
}
raf = requestAnimationFrame (loop)
return () => cancelAnimationFrame (raf)
}, [calibrated, phasel)

React .useEffect (() => {
if (debugMode && camReady && previewRef.current) {

const stream = getCameraStream()
if (stream) {
previewRef .current.srcObject = stream

previewRef .current.play().catch (() => {})
}
}
}, [debugMode, camReadyl)

React.useEffect (() => {
if (!camReady || !'debugMode) return

let animationId: number

const drawLandmarks = () => {
const landmarks = getLastLandmarks ()
const canvas = overlayCanvasRef.current
const video = previewRef.current

if (landmarks && canvas && video) {
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const ctx =

if (ctx) {
const rect =
canvas.width = rect.width
canvas.height = rect.height
ctx.clearRect (0, 0, canvas.width,

canvas.getContext (’2d’)

canvas.

const leftIrisCenter = {
x: (landmarks[33].x + landmarks [133].

y: (landmarks[33].y + landmarks [133].
}
const rightIrisCenter = {

x: (landmarks [362].x + landmarks [263]

y: (landmarks [362].y + landmarks [263]
}

landmarks.forEach ((point) => {

const x = point.x * canvas.width
const y = point.y * canvas.height
ctx.fillStyle = ’rgba(0, 255, 0, 0.8)
ctx.beginPath ()
ctx.arc(x, y, 1, 0, Math.PI x 2)
ctx.fill ()

B

ctx.fillStyle = ’rgba(255, 0, 0, 0.8)°

ctx.beginPath ()

ctx.arc(leftIrisCenter.x * canvas.width,
canvas.height, 2, 0, Math.PI * 2)

ctx.£ill ()

ctx.beginPath ()

ctx.arc(rightIrisCenter.x * canvas.width,
canvas.height, 2, 0, Math.PI * 2)

ctx.fill ()

}
}
animationId =
}
animationId =
return ()
}, [camReady,

requestAnimationFrame (drawLandmarks)
=> cancelAnimationFrame (animationId)
debugMode])

const totalScore = clipScores.reduce((sum, clip)
const totalMaxScore = clipScores.reduce ((sum,

return (

video.getBoundingClientRect ()

height)

x) / 2,
y) / 2

.x) / 2,
Ly) /2

>

leftIrisCenter.y x*

rightIrisCenter.y *

requestAnimationFrame (drawLandmarks)

=> sum + clip.score, 0)
clip) => sum + clip.maxScore, 0)

<div className={css({ minH: ’>100vh’, bg: ’slate.900’, color: ’white’ })}>
<div className={css({ p: 6, mx: ’auto’, maxW: ’7xl’ })}>
<h1l className={css({ fontSize: ’3x1’, fontWeight: ’bold’, mb: 6,
textAlign: ’center’ 1})1}>
Hazard Perception Test
</h1>
{phase === ’setup’ && (
<div className={css({ textAlign: ’center’, py: 20 })}>
<h2 className={css({ fontSize: ’2x1’, mb: 4 })}>Welcome to
the Hazard Perception Test</h2>
<p className={css({ mb: 6, color: ’slate.300’ })}>
This test requires camera access for eye tracking. Please
ensure you’re in a well-1lit environment.
</p>
<button
onClick={startCamera}
className={css ({
px: 8, py: 4, bg: ’blue.600’, color: ’white’, rounded
Jlg?,
fontSize: ’1g’, _hover: { bg: ’blue.700’ }

198,

Start Test
</button>
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</div>

)3
{phase === ’instructions’ && (
<div className={css({ maxW: ’2x1’, mx: ’auto’, py: 10 })1}>
<h2 className={css({ fontSize: ’2x1’, mb: 6 })}>Instructions
</h2>
<div className={css({ space: ’y-4’, mb: 8 })1}>
<p>- Watch each video clip carefully</p>
<p>- Click when you spot a developing hazard</p>
<p>- Your gaze position determines if you hit the hazard
</p>
<p>- The earlier you click, the more points you score
(5-0 points)</p>
<p>- You have 5 attempts per clip - highest score counts
</p>
<p>- First, we need to calibrate the eye tracker</p>
</div>
<button
onClick={() => setPhase(’calibration’)}
className={css ({
px: 6, py: 3, bg: ’green.600’, color: ’white’,
rounded: ’lg’,
_hover: { bg: ’green.700’ }
3
>
Start Calibration
</button>
</div>
)3
{phase === ’calibration’ && (
<div className={css({ h: ’80vh’ })3}>
<Calibration onCalibrated={handleCalibratedl} />
</div>
)3
{phase === ’validation’ && (
<div>

<div className={css({ textAlign: ’center’, mb: 6 })}>
<h2 className={css({ fontSize: ’2x1’, mb: 4 })}>Test Your
Calibration</h2>
<p className={css({ mb: 6, color: ’slate.300’ })}>
Look at the blue dots. The red dot should follow your
gaze accurately.
</p>
</div>

<div ref={validationRef} className={css({ position: ’relative
>, h: ’60vh’, bg: ’slate.800’, rounded: ’lg’, mb: 6 })1}>
<div className={css({ position: ’absolute’, top: 4, left:
4, w: 4, h: 4, bg: ’blue.500’, rounded: ’full’ })}
/>
<div className={css({ position: ’absolute’, top: 4, right
4, w: 4, h: 4, bg: ’blue.500’, rounded: ’full’ })}
/>
<div className={css({ position: ’absolute’, bottom: 4,
left: 4, w: 4, h: 4, bg: ’blue.b00’, rounded: ’full’
»r />
<div className={css({ position: ’absolute’, bottom: 4,
right: 4, w: 4, h: 4, bg: ’blue.500’, rounded: ’full’
»Y />
<div className={css({ position: ’absolute’, top: ’50%’,
left: ’50%’, w: 4, h: 4, bg: ’blue.b500’, rounded: °’
full’, transform: ’translate(-50%, -50%)’ })} />

{currentGaze && (
<div className={css ({
position: ’absolute’, w: 6, h: 6, bg: ’red.500’,
rounded: ’full’,
transform: ’translate(-50%, -50%)’, zIndex: 10
P2} style={{

left: currentGaze.x,
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top: currentGaze.y

¥y />
)}
</div>
<div className={css({ textAlign: ’center’, display: ’flex’,
gap: 4, justifyContent: ’center’ })}>
<button
onClick={() => setPhase(’calibration’)}
className={css ({
px: 6, py: 3, bg: ’orange.600’, color: ’white’,
rounded: ’lg’,
_hover: { bg: ’orange.700’ }
P}
>
Recalibrate
</button>
<button
onClick={() => setPhase(’test’)}
className={css ({
px: 6, py: 3, bg: ’green.600’, color: ’white’,
rounded: ’lg’,
_hover: { bg: ’green.700’ }
P}
>

Start Test
</button>

</div>
</div>
)3
{phase === ’test’ && (
<div>
<div className={css({ display: ’flex’, justifyContent: °

between’, alignItems: ’center’, mb: 4 })}>
<h2 className={css({ fontSize: ’x1°’ 1})}>
{TEST_CLIPS [currentClip].name} ({currentClip + 1}/{
TEST_CLIPS.length})
</h2>
<div className={css({ display: ’flex’, gap: 2 })1}>
<StatusBadge status="success">Eye Tracking Active</
StatusBadge>
<StatusBadge status="info">Attempts: {clicks.length
}/5</StatusBadge >
<button
onClick={() => setDebugMode (!debugMode)}
className={css ({
px: 4, py: 2, bg: debugMode ? ’orange.500’
’slate .600’,

color: ’white’, rounded: ’1lg’, fontSize: ’sm’

_hover: { bg: debugMode 7 ’orange.600’ : °’
slate.700’ }
B}

{debugMode ? ’Debug ON’ : ’Debug OFF’}
</button>
{clicks.map ((click, i) => (
<StatusBadge key={i} status={click.score > 0 7
success’ : ’warning’}>
{click.score} pts
</StatusBadge >

)}
</div>
</div>
<div className={css({ position: ’relative’, h: ’70vh’ })1}>
<VideoPlayer
ref={videoRef}
enabled={calibrated?}
srcPath={TEST_CLIPS [currentClip].path}
onVideoClick={handleVideoClick}
/>
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{debugMode && (
<>
<div className={css ({
position: ’absolute’, top: O, left: 0, right:
0, bottom: O,
pointerEvents: ’nomne’, zIndex: 10
P>
<div className={css ({
position: ’absolute’, top: ’50%°’, left:
0, right: O,
h: ’2px’, bg: ’red.500’
»r />
<div className={css ({
position: ’absolute’, left: ’50%’, top:
0, bottom: O,
w: ’2px’, bg: ’red.500’
»r />
</div>

<canvas
ref={hazardOverlayRef}
className={css ({
position: ’fixed’,
pointerEvents: ’none’,
zIndex: 15
B}
/>

{currentGaze && (
<div className={css ({
position: ’absolute’, zIndex: 20,
pointerEvents: ’none’,
w: 4, h: 4, bg: ’red.500’, rounded: ’full

>
s

transform: ’translate(-50%, -50%)°

3} style={{
left: currentGaze.x,
top: currentGaze.y

¥y />

)}
</>
)}

{debugMode && camReady && (
<div className={css ({
position: ’fixed’, bottom: 4, right: 4, zIndex:

50,
rounded: ’lg’, overflow: ’hidden’, border: ’2px
solid’, borderColor: ’orange.500’
P>
<video
ref={previewRef}
autoPlay playsInline muted
className={css({ w: ’200px’, display: ’block’
, transform: ’scaleX(-1)’ })}
/>
<canvas
ref={overlayCanvasRef}
className={css ({
position: ’absolute’, top: 0, left: 0, w:
’100%’, h: ’100%°,
pointerEvents: ’none’, transform: ’scaleX
(-1)°
Pl
/>
</div>
)}
</div>
<div className={css({ textAlign: ’center’, mt: 4 1})}>

<p className={css({ mb: 4, color: ’slate.300’ })}>
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Click when you spot a hazard. You have {5 - clicks.
length} attempts remaining.
</p>
<button
onClick={nextClip}
className={css ({
px: 6, py: 3, bg: ’blue.600’, color: ’white’,
rounded: ’lg’,
_hover: { bg: ’blue.700’ }

P}
>
{currentClip < TEST_CLIPS.length - 1 7 ’Next Clip’
’Finish Test’}
</button>
</div>
</div>
)}
{phase === ’results’ && (

<div className={css({ textAlign: ’center’, py: 10 })}>
<h2 className={css({ fontSize: ’2x1’, mb: 6 })}>Test Complete
1</h2>

<div className={css({ bg: ’slate.800’, p: 6, rounded: ’lg’,
maxW: ’md’, mx: ’auto’, mb: 6 })}>
<h3 className={css({ fontSize: ’x1’, mb: 4 })}>Your
Results </h3>
<div className={css({ fontSize: ’3x1’, fontWeight: ’bold’
, color: ’green.400’, mb: 4 })}>
{totalScore} / {totalMaxScorel}
</div>
<p className={css({ color: ’slate.300’ })}>
{totalScore >= totalMaxScore * 0.8 7 ’Excellent!’
totalScore >= totalMaxScore * 0.6 ? ’Good job!’
’Keep practicing!’}
</p>
</div>

<div className={css({ bg: ’slate.800’, p: 4, rounded: ’lg’,
maxW: ’md’, mx: ’auto’, mb: 6 })}>
<h4 className={css({ fontSize: ’lg’, mb: 3 })}>Export
Test Data</h4>
<div className={css({ display: ’flex’, gap: 3,
justifyContent: ’center’ })}>
<button
onClick={downloadJSON}
className={css ({
px: 4, py: 2, bg: ’green.600’, color: ’white’
, rounded: ’md’,
_hover: { bg: ’green.700’ }
P}

Download JSON
</button>
<button
onClick={downloadCSV}
className={css ({
px: 4, py: 2, bg: ’blue.600’, color: ’white’,
rounded: ’md’,
_hover: { bg: ’blue.700’ }
P}

Download CSV
</button>
</div>
</div>

<button
onClick={() => window.location.reload ()}
className={css ({
px: 6, py: 3, bg: ’blue.600’, color: ’white’, rounded
Jlg)’
_hover: { bg: ’blue.700’ }
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57 Take Test Again
b8 </button>

59 </div>

70 )

71 </div>

72 </div>

Listing 3: App.tsx — Main application logic and test flow

B.4 MediaPipe Gaze Tracker

import type { GazePoint } from ’@/types’

let landmarker: FaceLandmarker | null = null
5 let booted = false

7 let cam: HTMLVideoElement | null = null

9 let lastXY: { x: number; y: number } | null = null
o let lastTs = 0

1 let raf =0

2 let lastProcessedTime = 0

4 let smoothK = 0.3
15 let fx: number | null null
6 let fy: number | null = null

8 let lastLandmarks: Array<{x: number, y: number}> | null = null

20 type InitOpts = {

b1 wasmRoot?: string

02 modelUrl?: string

b3 smoothingK?: number

b4 3}

b6 export async function initMP(opts: InitOpts = {}) {
b7 if (booted) return

bs smoothK = typeof opts.smoothingK === ’number’ ? opts.smoothingK
29

B0 const handleResize = () => {

1 fx = fy = null

2 lastXY = null

33 X

4

35 window.addEventListener (’resize’, handleResize)
6 ; (initMP as any)._resize = handleResize

7

8 const stream = await navigator.mediaDevices.getUserMedia ({
9 video: {

10 facingMode: ’user’,

1 width: { ideal: 1280 1},

12 height: { ideal: 720 }

i3 },

4 audio: false

45 b

6

g cam = document.createElement (’video’)

8 cam.style.position = ’fixed’

49 cam.style.left = ’-9999px’

50 document .body.appendChild (cam)

1 cam.autoplay = true

b2 cam.playsInline = true

3 cam.muted = true

b4 cam.srcObject = stream
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1
2 import { Facelandmarker, FilesetResolver } from ’@mediapipe/tasks-vision’
3
4

.3




await new Promise<void>((res) => {
const onMeta = () => { cam!.removeEventListener (’loadedmetadata’, onMeta);
res() }
cam!.addEventListener (’loadedmetadata’, onMeta)
»

await cam.play()

const wasmRoot = opts.wasmRoot ?? ’https://cdn.jsdelivr.net/npm/@mediapipe/tasks-
vision@latest/wasm’

const modelUrl = opts.modelUrl ?? ’https://storage.googleapis.com/mediapipe-
models/face_landmarker/face_landmarker/floatl6/1/face_landmarker.task’

try {
const fileset = await FilesetResolver.forVisionTasks (wasmRoot)
landmarker = await FacelLandmarker.createFromOptions(fileset, {
baseOptions: { modelAssetPath: modelUrl },
runningMode: ’VIDEO’,
numFaces: 1
B

} catch (error) {

console.error(’Failed to initialize MediaPipe FaceLandmarker:’, error)

try {
(cam?.srcObject as MediaStream | null)?.getTracks().forEach(t => t.stop()

)

} catch {}

throw new Error(’MediaPipe initialization failed. Check network connection
and model availability.?’)

}
booted = true
lastXY = null

lastTs = 0
fx = fy = null

lastLandmarks = null
lastProcessedTime = 0
const vis = () => {
if (document.hidden) cancelAnimationFrame (raf)
else { cancelAnimationFrame (raf); raf = requestAnimationFrame (loop) 2}
}
document .addEventListener (’visibilitychange’, vis, { passive: true 1})
; (initMP as any)._vis = vis

cancelAnimationFrame (raf)

raf = requestAnimationFrame (loop)
}
export async function getPrediction(maxAgeMs = 200): Promise<GazePoint | null> {
if (!lastXY) return null
const age = performance.now() - lastTs
if (age > maxAgeMs) return null
return { x: lastXY.x, y: lastXY.y, t: lastTs, conf: 0.6 }
}

export function resetHeadPose() {
// Reserved for future head-pose compensation

}

export function setCalibrationHeadPose () {
// Reserved for future calibration head-pose baseline

}

export function getLastLandmarks(): Array<{x: number, y: number}> | null {
return lastLandmarks

}

export function isTrackerReady (maxAgeMs = 250): boolean {
return !!(lastTs && performance.now() - lastTs <= maxAgeMs)

}

export function getCameraStream(): MediaStream | null {
return cam?.srcObject as MediaStream | null

}
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p5 function loop() {

b6 if (!booted || !'cam || !landmarker) return

27 const t = performance.now()

8

29 if (cam.readyState >= 2) {

0 const timestamp = Math.max(t, lastProcessedTime + 1)

B1 lastProcessedTime = timestamp

2

33 try {

4 const res = landmarker.detectForVideo(cam, timestamp)
5 if (res.facelandmarks && res.facelLandmarks.length) {
6 processLandmarks (res.facelLandmarks [0], timestamp)
7 }

38 } catch (e) {

9 console.warn(’MediaPipe detection failed:’, e)

0 }

a1 }

2

13 raf = requestAnimationFrame (loop)

i}

L5

16 function processLandmarks(lm: Array<{x: number, y: number}>, t: number) {
7 lastLandmarks = 1m

18

9 const leftIris = 1m[468] || 1m[33]

50 const rightlris = 1m[473] || 1m[362]

1

2 const screenX = ((leftIris.x + rightlIris.x) / 2) * window.innerWidth
53 const screenY = ((leftIris.y + rightlIris.y) / 2) * window.innerHeight
b4

b5 const k = smoothK

6 fx = fx == null 7 screenX : (k * screenX + (1 - k) * fx)

¥ fy = fy == null ? screenY : (k * screenY + (1 - k) * fy)

8

$9 lastXY = { x: fx!, y: fy! }

50 lastTs = t

51}

Listing 4: mediapipe.ts — Webcam-based gaze estimation via MediaPipe FaceLandmarker

B.5 Affine Calibration Transform

1 export type Pt = { x: number; y: number }
2 export type Affine = { a: number; b: number; c: number; d: number; e: number;
number }

export function applyAffine(T: Affine, p: Pt): Pt {
6 return { x: T.a * p.x + T.b * p.y + T.e, y: T.c * p.x + T.d * p.y + T.f }
7}

9 export function fitAffine(src: Pt[], dst: Pt[]): Affine | null {
0 const n = Math.min(src.length, dst.length)

11 if (n < 3) return null

2

3 const M = Array.from({ length: 6 }, () => Array(6).£fill(0))
4 const v = Array(6).£ill (0)

16 for (let i = 0; i < n; i++) {

7 const { x, y } = srclil

18 const { x: u, y: w } = dstl[i]

9 addOuter (M, [x, y, O, O, 1, 0]); addRHS(v, [x, y, 0, O, 1, 0], u)
20 addOuter (M, [0, O, x, y, O, 1]1); addRHS(v, [0, O, x, y, O, 1], w)
}

t
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const theta = solve6x6(M, v)

if (!theta) return null

const [a, b, ¢, d, e, f] = theta
return { a, b, ¢, d, e, f }
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}

function addOuter (M: number [J[], r: number[]) {

for (let i = 0; i < 6; i++) for (let j = 0; j < 6; j++) M[il[j] += r[i] * r[j]
}
function addRHS(v: number[], r: number[], s: number) {
for (let i = 0; i < 6; i++) vI[i] += r[i]l * s
}
function solve6x6(A: number [J[], b: number []): number[] | null {
const n = 6
for (let i = 0; i < n; i++) A[i].push(b[il) // augment
for (let col = 0; col < mn; col++) {
let piv = col, best = Math.abs(A[col]l[coll)
for (let r = col + 1; r < n; r++) {
const v = Math.abs(A[r][coll]); if (v > best) { best = v; piv = r }
}

if (best < 1e-8) return null

if (piv !== col) [A[piv], Alcoll]]l = [Alcol]l, Alpiv]l]
const d = A[col]l[coll]
for (let ¢ = col; c <= n; c++) Alcolll[c] /= 4d
for (let r = 0; r < n; r++) if (r !'== col) {
const £ = A[r][coll]
for (let ¢ = col; c <= n; c++) A[r][c] -= £ % A[col]ll[c]

}
}

return A.map(row => rowl[nl)

Listing 5: affine.ts — Least-squares affine transform for gaze calibration

B.6 Gaze Utilities

import

import

{ getPrediction } from
{ getCalibration } from

’@/gaze/mediapipe’
’@/components/Calibration’

{ applyAffine } from

’@/logic/affine’

1
2 import
3
4
5

export

async function getCalibratedGaze ():

const gaze await getPrediction ()
if (!gaze) return null

const calib getCalibration ()
return calib ? applyAffine(calib,

gaze)

Promise<q{ x:

gaze

number ;

y:

number }

null> {

Listing 6: gazeUtils.ts — Calibrated gaze helper

B.7 Calibration Component

import React from ’react’

1
2
3
4

import
import
import

{ css } from .

{ fitAffine,

./../styled-system/css’

type Affine } from

’@/logic/affine’

resetHeadPose,

setCalibrationHeadPose} from ’@

{getPrediction,

isTrackerReady,

/gaze/mediapipe’
5 import Card from ’./Card’

73

6 import StatusBadge from °’./StatusBadge’

7

8 const points = [

9 {x: 0.1, y: 0.1 }, { x: 0.5, y: 0.1 }, { x: 0.9,
L0 {x: 0.1, y: 0.5 }, { x: 0.5, y: 0.5 }, { x: 0.9,
1 {x: 0.1, y: 0.9}, { x: 0.5, y: 0.9 }, { x: 0.9,
12 ]

3

l4 let _calib: Affine | null = null

<< <
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export function getCalibration(): Affine | null { return _calib }
function setCalibration(T: Affine | null) { _calib =T }

async function sampleAvg(windowMs = 2000): Promise<{ x: number; y: number } | null> {

const tWait = performance.now()
while (!isTrackerReady() && performance.now() - tWait < 500) {
await new Promise(r => setTimeout(r, 16))

}

setCalibrationHeadPose ()
await new Promise(r => setTimeout(r, 1000))

const t0 = performance.now()
const samples: { x: number; y: number }[] = []

while (performance.now() - t0 < windowMs) {
const p = await getPrediction()
if (p) samples.push(p)
await new Promise(r => setTimeout(r, 33))

}

if (samples.length < 30) return null

const xs
const ys

samples.map(s => s.x).sort((a, b) => a - b)
samples.map(s => s.y).sort((a, b) => a - b)

const qlx = xs[Math.floor(xs.length * 0.25)]
const q3x xs[Math.floor (xs.length * 0.75)]
const iqrx = q3x - qlx

const qly ys [Math.floor(ys.length * 0.25)]
const q3y = ys[Math.floor(ys.length * 0.75)]

const iqry = q3y - qly

const filteredSamples = samples.filter(s =>
s.x >= qlx - 1.5 * iqrx && s.x <= q3x + 1.5 * iqrx &&
s.y >= qly - 1.5 * iqry && s.y <= q3y + 1.5 * iqry

return {
x: filteredSamples.reduce((sum, s) => sum + s.x, 0) / filteredSamples.length,
y: filteredSamples.reduce((sum, s) => sum + s.y, 0) / filteredSamples.length

export default function Calibration({ onCalibrated }: { onCalibrated: () => void }) {

const [i, setI] = React.useState (0)

const [done, setDone] = React.useState(false)

const [sampling, setSampling] = React.useState(false)

const [pairs, setPairs] = React.useState<{ pred: { x: number; y: number }; true:
{ x: number; y: number } }[1>([1)

const [readyNow, setReadyNow] = React.useState<boolean>(isTrackerReady ())

const boxRef = React.useRef <HTMLDivElement >(null)

const p = points[i]

React.useEffect (() => {
const id = setInterval (() => setReadyNow(isTrackerReady()), 150)
return () => clearInterval (id)

}, D

async function handleClick () {
if (!readyNow || sampling) return

setSampling (true)

const el = boxRef.current

if (!'el) return

const box = el.getBoundingClientRect ()
const trueX = box.left + p.x * box.width

const trueY = box.top + p.y * box.height

const pred = await sampleAvg(2000)
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}

setSampling (false)
if (!pred) {

alert (’No gaze found. Look at the dot and try again.’)
return

setPairs(prev => [...prev, { pred, true: { x: trueX, y: trueY 1} }])
if (i < points.length - 1) {

setI(i + 1)
return

// Fit calibration with all points

const src = pairs.map(pr => pr.pred).concat([pred])

const dst = pairs.map(pr => pr.true).concat([{ x: trueX, y: trueY }])
let T = fitAffine(src, dst)

// Fallback to simple translation if affine fails

return (

if (1T) {
const avgSrcX = src.reduce((sum, p) => sum + p.x, 0) / src.length
const avgSrcY = src.reduce((sum, p) => sum + p.y, 0) / src.length
const avgDstX = dst.reduce((sum, p) => sum + p.x, 0) / dst.length
const avgDstY = dst.reduce((sum, p) => sum + p.y, 0) / dst.length
T = {
a: 1, b: 0, c: 0, d: 1,
e: avgDstX - avgSrcX,
f: avgDstY - avgSrcY
}
}
setCalibration(T)
setDone (true)
onCalibrated ()
<Card
title="Gaze Calibration"
status={
<div className={css({ display: ’flex’, gap: 3, alignItems: ’center’,
fontSize: ’xs’ })1}>
<StatusBadge status={readyNow ? ’success’ : ’error’}>
tracker: {readyNow ? ’ready’ : ’not ready’}
</StatusBadge >
<span className={css({ color: ’slate.600’ })1}>
{i + 1}/{points.length}
</span>
<StatusBadge status={done 7 ’success’ : sampling ? ’warning’ : °’
info’}>
{done 7 ’Done’ : sampling ? ’Sampling...’ : ’Ready’}
</StatusBadge >
</div>
}
>
<p className={css({ fontSize: ’xs’, color: ’slate.500’, mb: 4 })}>
Look directly at each dot, then click. Keep your head still during
sampling.
</p>
<div

ref={boxRef}
className={css ({

position: ’relative’, flex: 1, bg: ’slate.100’, rounded: ’x17,
cursor: readyNow && !sampling 7?7 ’crosshair’ : ’not-allowed’,
overflow: ’hidden’,

opacity: sampling 7 0.7 : 1

B}
onClick={handleClick}
aria-label="Calibration area"
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> full’,

undefined

7 >

8 {!done && i < points.length && (

9 <div

50 className={css ({

51 position: ’absolute’, w: ’12’, h: ’12’, rounded:

52 border: ’3px solid white’,

3 animation: sampling ? ’pulse 1s infinite’

54 B}

55 style={{

56 background: sampling ? ’var(--colors-orange-500)°’
(--colors-red-500)’,

7 left: ‘${p.x * 100}%°,

53 top: ‘${p.y * 100}%°,

59 transform: ’translate(-50%, -50%)°

7o }}

F1 />

& )}

73 </div>

L

75 <div className={css({ mt: 3, display: ’flex’, gap: 3 })}>

76 <button

77 type="button"

7S onClick={() => {

79 setPairs ([])

0 setCalibration (null)

1 setI (0)

2 setDone (false)

3 setSampling(false)

4 resetHeadPose ()

5 3}

6 disabled={sampling}

7 className={css ({

38 px: 3, py: 2, rounded: ’lg’,

9 bg: ’slate.200’,

0 _hover: { bg: ’slate.300’ 1},

)1 _disabled: { opacity: 0.5, cursor: ’not-allowed’ }

2 P}

3 >

h4 Reset calibration

5 </button>

D6 </div>

7 </Card>

h8 )

9 ¥

’var

Listing 7: Calibration.tsx — 9-point gaze calibration Ul

B.8 Video Player Component

import React from ’react’

import { css } from ’../../styled-system/css’
import Card from ’./Card’

import StatusBadge from ’./StatusBadge’

SISO I,

6 export default React.forwardRef <HTMLVideoElement , {
enabled: boolean
8 srcPath: string
9 onVideoClick?: () => void
0 }>(function VideoPlayer ({ enabled, srcPath, onVideoClick }, ref) {

11 const videoRef = React.useRef <HTMLVideoElement >(null)
2 const [hasMeta, setHasMeta] = React.useState(false)
13

4 React.uselmperativeHandle (ref, () => videoRef.current!, [])
15

16 React.useEffect (() => {

7 const v = videoRef.current

18 if (!v) return

9 const onMeta = () => setHasMeta(true)

20 const onEmptied = () => setHasMeta(false)

D1 v.addEventListener (’loadedmetadata’, onMeta)
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50 })

v.addEventListener (’emptied’, onEmptied)
return () => {
v.removeEventListener (’loadedmetadata’, onMeta)
v.removeEventListener (’emptied’, onEmptied)
}
Y, [

const handleVideoClick = () => {
if (!enabled) return
onVideoClick?. ()

}

function handleStart () {
videoRef.current?.play ()

}
return (
<Card
title="Video Player"
status={
<StatusBadge status={enabled ? ’success’ : ’warning’l}>
{enabled ? ’Tracking active’ : ’Calibration required’}
</StatusBadge >
}
>
<div className={css({ position: ’relative’, flex: 1, rounded: ’x1’,
overflow: ’hidden’ 3})}>
<video
ref={videoRef}
className={css({ w: ’full’, h: ’full’, objectFit: ’contain’ })}
src={srcPath}
preload="metadata"
data-video-player="true"
onClick={handleVideoClick}
/>
</div>

<div className={css({ mt: 3, display: ’flex’, gap: 3 1})}>
<button
type="button"
onClick={handleStart}
className={css({ px: 3, py: 2, rounded: ’lg’, bg: ’slate.900’,
color: ’white’, _hover: { bg: ’slate.800’ } })}

>
Start video
</button>
</div>

</Card>

B.9

Listing 8: VideoPlayer.tsx — Hazard clip playback

Card Component

7}

import { css } from ’../../styled-system/css’

title: string
status?: React.ReactNode
children: React.ReactNode

1
2
3 type CardProps = {
4
5

9 export default function Card({ title, status, children }: CardProps) {

return (
<div className={css ({
h: ’“full’, display: ’flex’, flexDirection: ’column’,
rounded: ’2xl1’, borderWidth: ’1px’, p: 4,
bg: ’white’, boxShadow: ’md’
P>
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6 <div className={css({ display: ’flex’, justifyContent: ’space-between’,

alignItems: ’center’, mb: 4 })}>
7 <h2 className={css({ fontWeight: ’medium’ })}>{title}</h2>
18 {status}
9 </div>
20 {children}
D1 </div>
bo )
3}

Listing 9: Card.tsx — Reusable card layout

B.10 Status Badge Component

import { css } from ’../../styled-system/css’

1
2

3 type StatusBadgeProps = {

A status: ’success’ | ’warning’ | ’error’ >info’
5 children: React.ReactNode

ﬂ }

8 export default function StatusBadge({ status, children }: StatusBadgeProps) {
9 const colors = {

0 success: { bg: ’green.100’, color: ’green.800’ },

1 warning: { bg: ’amber.100’, color: ’amber.900’ },

2 error: { bg: ’red.100’, color: ’red.800° 1},

3 info: { bg: ’blue.100’, color: ’blue.800’ }

4

}
5
16 const statusColor = colors[status] || colors.info
7
18 return (

9 <span className={css ({

20 px: 2, py: 1, rounded: ’'md’, fontSize: ’xs’,
bg: statusColor.bg,

color: statusColor.color

t
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P>
{children}
</span>

=N o
(-]
~

Listing 10: StatusBadge.tsx — Status indicator badge

B.11 Data Capture Manager

export interface TestSession {
sessionld: string
startTime: number
endTime?: number
testResults: ClipResult[]

6 metadata: SessionMetadata

7}

aA W N

9 export interface ClipResult {
Lo clipId: number

1 clipName: string

12 startTime: number

3] endTime: number

4 clicks: ClickEvent []

5 score: number

6 maxScore: number

9 export interface ClickEvent {
PO timestamp: number
21 videoTime: number
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score: number
hitHazard: boolean
hazardId?: string

export interface SessionMetadata {
userAgent: string
screenWidth: number
screenHeight: number

}

class DataCaptureManager {
private session: TestSession | null = null

startSession(): TestSession {
this.session = {
sessionId: crypto.randomUUID(),
startTime: Date.now(),
testResults: [],
metadata: {
userAgent: navigator.userAgent,
screenWidth: window.screen.width,
screenHeight: window.screen.height
}
}
return this.session

}

startClip(clipId: number, clipName: string) {
if (!this.session) return

this.session.testResults.push ({
clipld,
clipName,
startTime: Date.now(),
endTime: O,
clicks: [],
score: O,
maxScore: 5

»

}

endClip(score: number) {
if (!this.session) return

const currentClip = this.session.testResults[this.session.testResults.length
- 1]
if (currentClip) {
currentClip.endTime = Date.now()
currentClip.score = score
}
}
endSession(): TestSession | null {
if (!this.session) return null
this.session.endTime = Date.now ()
return this.session
}
getCurrentSession(): TestSession | null {
return this.session
}

exportAsJSON () : string | null {

if (!this.session) return null

return JSON.stringify(this.session, null, 2)
}

exportAsCSV(): string | null {
if (!this.session) return null

const lines = [’timestamp,clipId,videoTime,score,hitHazard,h hazardId’]
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4 this.session.testResults.forEach(clip => {

95 clip.clicks.forEach(click => {

)6 lines.push(‘${click.timestampl},${clip.clipId},${click.videoTimel}, ${
click.score},${click.hitHazard},${click.hazardId || ’’}¢)

97 b

D8 B

D0 return lines. join(’\n’)
D1 }

2}

3

)4 export const dataCapture = new DataCaptureManager ()

Listing 11: dataCapture.ts — Session recording and CSV/JSON export

B.12 Aol Marker Tool

A standalone HT'ML page included in the project for marking Areas of Interest on hazard
perception video clips. Used to generate the .aois.json files consumed by the test
system.

1 <!DOCTYPE html>

2 <html>

3 <head>

4 <title>Hazard Perception - Aol Marker</title>
5!

: <style>

6 body {

7 font-family: Arial, sans-serif;
8 padding: 20px;

9 background: #1e293b;
0 color: white;

1 }
2 video {
3 max-width: 900px;
L4 border: 2px solid #475569;
5 border-radius: 8px;
16 }
7 .controls {
8 margin: 20px O;
9 display: flex;
PO gap: 10px;
21 flex-wrap: wrap;
D2 }
3 button {
1 padding: 10px 15px;
5 background: #3b82f6;
D6 color: white;
D7 border: none;
28 border-radius: 6px;
P9 cursor: pointer;
0 }

1 button:hover { background: #2563eb; }
2 input [type="file"] {

3 padding: 8px;

A background: #374151;

5 border: 1px solid #6b7280;
36 border-radius: 4px;

7 color: white;

38 }

$9 textarea {

) width: 100%;

1 height: 300px;

12 background: #374151;

3 color: white;

14 border: 1px solid #6b7280;
5 border-radius: 4px;

16 padding: 10px;

7 font-family: monospace;

8 }
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.info {
background: #1£f2937;
padding: 15px;
border-radius: 8px;
margin: 10px O;
X
</style>
</head>
<body>
<hl1>Hazard Perception - AoI Marker Tool</hil>

<div class="info">
<strong>Instructions:</strong>

1. Load a video file - 2. Pause at hazard moments - 3. Click "Mark Hazard" - 4.

Export JSON
</div>

<video id="video" controls></video>

<!-- Add this time display -->
<div style="margin: 10px O; padding: 10px; background: #374151; border-radius: 6px;">
<strong>Current Time: <span id="timeDisplay">0.00s</span></strong>
</div>
<div class="controls">
<input type="file" id="videoFile" accept="video/*">
<button onclick="markHazard()">Mark Hazard</button>
<button onclick="exportAoI()">Export JSON</button>
<button onclick="clearAll()">Clear All</button>
</div>
<div>
<label><strong>Current Aol Data:</strong></label>
<textarea id="output" placeholder="AoI data will appear here..."></textarea>
</div>
<script>
const video = document.getElementById(’video’)

const output = document.getElementById(’output’)

let aois = { videoWidth: 1280, videoHeight: 720, static: [], dynamic: []
let isSelecting = false

let startPos = null

let selectionBox = null

document .getElementById (’videoFile ’) .onchange = (e) => {
video.src = URL.createObjectURL (e.target.files [0])
video.onloadedmetadata = () => {
aois.videoWidth = video.videoWidth
aois.videoHeight = video.videoHeight
updateOutput ()

}

video.addEventListener (’mousedown’, startSelection)
video.addEventListener (’mousemove ’, updateSelection)
video.addEventListener (’mouseup’, endSelection)
video.addEventListener (’timeupdate’, updateTimeDisplay)

function updateTimeDisplay () {
const timeDisplay = document.getElementById(’timeDisplay’)
timeDisplay.textContent = video.currentTime.toFixed(2) + ’s’

}

function startSelection(e) {
if (!isSelecting) return

const rect = video.getBoundingClientRect ()
startPos = {
x: e.clientX - rect.left,

y: e.clientY - rect.top

if (!selectionBox) {
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}

selectionBox = document.createElement (’div’)
selectionBox.style.position = ’absolute’
selectionBox.style.border = ’2px solid #£f£0000°
selectionBox.style.backgroundColor = ’rgba(255, 0, 0, 0.2)°

selectionBox.style.pointerEvents = ’none’
selectionBox.style.zIndex = 21000’
document .body.appendChild (selectionBox)
X
selectionBox.style.left = (rect.left + startPos.x) + ’px’
selectionBox.style.top = (rect.top + startPos.y) + ’px’
selectionBox.style.width = ’0Opx’
selectionBox.style.height = ’0Opx’

selectionBox.style.display = ’block’

function updateSelection(e) {

}

if (!isSelecting || !startPos || !selectionBox) return
const rect = video.getBoundingClientRect ()
const currentPos = {

x: e.clientX - rect.left,

y: e.clientY - rect.top
}
const width = Math.abs(currentPos.x - startPos.x)
const height = Math.abs(currentPos.y - startPos.y)
const left = Math.min(startPos.x, currentPos.x)
const top = Math.min(startPos.y, currentPos.y)

selectionBox.style.left = (rect.left + left) + ’px°
selectionBox.style.top = (rect.top + top) + ’px’
selectionBox.style.width = width + ’px’
selectionBox.style.height = height + ’px’

function endSelection(e) {

}

if (!isSelecting || !startPos || !selectionBox) return
const rect = video.getBoundingClientRect ()
const endPos = {

X: e.clientX - rect.left,

y: e.clientY - rect.top
}
const scaleX = video.videoWidth / video.clientWidth
const scaleY = video.videoHeight / video.clientHeight
const x = Math.min(startPos.x, endPos.x) * scaleX
const y = Math.min(startPos.y, endPos.y) * scaleY
const w = Math.abs(endPos.x - startPos.x) * scaleX
const h = Math.abs(endPos.y - startPos.y) * scaleY
selectionBox.style.display = ’none’

const id = prompt(’Hazard ID:’)
if (id) {
addHazardWithCoords (id, Math.round(x), Math.round(y), Math.round(w),
.round (h))

isSelecting = false
startPos = null

function markHazard () {

}

alert(’Click and drag on the video to select hazard area’)
isSelecting = true

function addHazardWithCoords(id, x, y, w, h) {

const t = parseFloat(video.currentTime.toFixed(2))
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let hazard = aois.dynamic.find(h => h.id === id)
if (!lhazard) {
hazard = { id, frames: [] }
aois.dynamic.push(hazard)

hazard.frames.push({ t, x, y, w, h })
hazard.frames.sort((a, b) => a.t - b.t)

updateOutput ()
alert (‘Added hazard "${id}" at ${t}s\nPosition: (${x}, ${y})\nSize: ${w}rx${h}
px ‘)
}

function updateOutput () {
output.value = JSON.stringify(aois, null, 2)

}
function exportAoI() {
const filename = prompt(’Filename (e.g., "1l.aois.json"):’) || ’hazards.aois.
json’

const blob = new Blob([JSON.stringify(aois, null, 2)], { type: ’application/
json’ })

const a = document.createElement(’a’)

a.href = URL.createObjectURL (blob)

a.download = filename

a.click()

alert (‘Exported ${filenamel} ‘)
}

function clearAll () {
if (confirm(’Clear all hazard data?’)) {

aois = {
videoWidth: aois.videoWidth,
videoHeight: aois.videoHeight,
static: [],
dynamic: []

}

updateOutput ()

}

updateOutput ()
</script>

</body>
</html>

Listing 12: hazard-marker.html — Aol marking tool
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