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Project Title
An Investigation into Driver Behaviour in Hazard Perception: A Mixed-Methods Study Using Biometric and Physical Input Analysis 
[bookmark: _Toc202515672]Background and Literature Review
[bookmark: _Toc202515673]Introduction to the Subject Area
Hazard perception is widely recognised as a critical component of road safety and driver competence, defined as the ability to detect, interpret, and respond to potential threats while driving. Delayed or inadequate responses to hazards are a primary contributor to traffic incidents, particularly among novice drivers [1]. These shortcomings are closely associated with attentional focus, cognitive load, and varying levels of driving experience [2], [3]. Hazard perception skill has been consistently identified as one of the key predictors of driving performance, and a failure in this domain is implicated in a large proportion of crashes involving new drivers +[4], [5].
Understanding hazard perception extends beyond simply identifying where drivers look [6]; It's about interpreting how attentional processes, memory, and decision-making interact under varying driving conditions [2], [3], [7]. With the increasing complexity of road environments and driver-assist technologies, it has become more important than ever to explore how drivers process and respond to emerging hazards in real-time.
Recent advancements in biometric monitoring technologies, particularly webcam-based eye tracking (WBET) and physical input telemetry (e.g. steering wheel angle and braking force) [8], have opened promising new avenues for understanding the cognitive and behavioural mechanisms that underpin driver responses during hazard perception tasks. These tools offer cost-effective, scalable means of capturing high-resolution data on attention and motor behaviour, making it feasible to study a broader and more diverse population.
Beyond their accessibility, such technologies allow researchers to observe in real time how attentional resources are distributed [9], how perception–action loops function, and how situational awareness can break down under cognitive load. This literature review critically evaluates the theoretical frameworks, recent research trends, and methodological challenges in this space, with a particular focus on how multimodal systems like WBET can advance both the scientific understanding and real-world application of hazard perception research.
[bookmark: _Toc202515674]2.2 Critical Literature Review
[bookmark: _Toc202515675]2.2.1 Theoretical Foundations
Hazard perception is fundamentally rooted in cognitive psychology, with several theoretical models offering insight into how drivers process information and make decisions under pressure. One of the most prominent is Endsley’s model of situational awareness [2], which outlines three key stages: perceiving environmental elements, comprehending their meaning, and projecting their future status. This model has been widely adopted in driving research to explain how individuals maintain awareness and anticipate potential hazards on the road.
However, the model has faced several criticisms, prompting clarification from Endsley in a 2015 paper [10]. She emphasises that situational awareness is not a rigid, linear process but rather a dynamic, iterative cycle shaped by both external stimuli and goal-driven attention. This distinction is particularly relevant in driving contexts, where experienced drivers do not merely react to what they see but actively interpret situations using mental models, long-term memory, and prior expectations. Endsley also challenges the notion that situational awareness resides solely in working memory, instead highlighting the role of deeply ingrained schemas that allow expert drivers to efficiently process complex and rapidly changing environments. These clarifications reinforce the model’s relevance for hazard perception tasks, where decision-making is influenced by real-time sensory input, cognitive load, and system design elements such as dashboard alerts and driver-assist technologies.
Wickens’ Multiple Resource Theory [3], further complements this perspective by proposing that cognitive resources are limited and distributed across different modalities: visual, auditory, and manual. Since driving engages multiple channels simultaneously, efficient allocation of attention is essential. When cognitive demands exceed available capacity, the ability to detect or respond to hazards is likely to decline.
Additional frameworks, such as selective attention theory [11], and dual-process theory [7], also contribute valuable perspectives. Selective attention theory helps explain how drivers prioritise relevant stimuli while filtering out distractions [12], whereas dual-process theory distinguishes between fast, intuitive responses and slower, more analytical reasoning. This latter distinction is particularly useful for understanding how experienced drivers often rely on automatic, well-practised responses when encountering hazards [13].
While these models provide robust conceptual foundations, they often lack the empirical resolution needed to fully explain driver behaviour [14]. Integrating theoretical insights with biometric and behavioural data is therefore critical. For example, research into gaze behaviour has shown that skilled drivers exhibit longer fixations on relevant hazards and more efficient scanning strategies than novice drivers [6], [13], providing a compelling case for incorporating eye tracking and other biometric tools into hazard perception research.
[bookmark: _Toc202515676]2.2.2 Current State of Research
Recent advancements in webcam-based eye tracking (WBET) have significantly improved the accuracy and reliability of these systems, making them increasingly viable for behavioural research[8]. While infrared (IR) eye tracking systems continue to offer superior spatial resolution and temporal fidelity, modern WBET solutions have narrowed the performance gap through advances in computer vision and facial landmark detection algorithms[8]. These improvements have made WBET a cost-effective, scalable, and accessible alternative to dedicated eye-tracking hardware, particularly in settings where high-end equipment is impractical.
The growing viability of WBET has led to its application in diverse fields, including Driver Monitoring Systems (DMS) [9], Human-Computer Interaction (HCI) [15] and e-learning platforms [16]. In the context of driving research, WBET holds particular promise for remote data collection, large-scale user studies, and integration with multimodal sensing systems. Despite its limitations, such as lower frame rates (~30 Hz) and susceptibility to lighting conditions, WBET is now capable of capturing key eye movement metrics that were once exclusive to IR-based systems[8].
In parallel, hazard perception research has evolved substantially over the past two decades, driven by the integration of technology to monitor and analyse real-time driver behaviour [9], [17]. Eye-tracking has become a central tool in this domain, offering precise insight into how drivers allocate visual attention. Numerous studies have demonstrated that experienced drivers display broader and more anticipatory scanning behaviours compared to novices [5], [6]. Key gaze metrics, such as fixation duration, saccade length, and gaze entropy, are now routinely used to quantify attentional focus and situational awareness in driving scenarios [18].
Despite these technological advancements, the methodologies used to assess hazard perception often fall short in ecological validity [19]. Traditional video-based hazard perception tests, such as those used by the UK Driver and Vehicle Standards Agency (DVSA), offer standardised and scalable assessments but fail to capture the complexity of real-world driving [20]. Simulated driving environments provide greater interactivity and immersion but still lack many contextual variables present in naturalistic settings [21]. As a result, hybrid methodologies, combining simulation data with real-world telemetry, are gaining traction as a means of balancing experimental control with environmental realism.
An additional layer of insight is gained by integrating telemetry data from physical control inputs. Variables such as steering wheel angle, pedal force, and braking intensity are increasingly used to infer cognitive load and motor responses during hazard encounters [22]. Studies suggest that patterns such as frequent micro-corrections in steering or abrupt braking manoeuvres may indicate delayed hazard recognition or reduced attentional capacity. When paired with gaze data, these motoric signals provide a richer understanding of the sensory-motor dynamics underlying effective hazard perception [22].
The convergence of WBET, eye-movement analytics, and control input telemetry represents a promising methodological shift in hazard perception research. These tools not only offer greater scalability and affordability but also allow for fine-grained analyses of how visual attention and motor responses interact under varying conditions. This multi-dimensional approach is particularly valuable in remote or resource-limited research settings, opening new avenues for large-scale driver training, behavioural modelling, and real-world safety interventions.
[bookmark: _Toc202515677]2.2.3 Industrial Applications and Practice
Beyond academia, hazard perception research has found applications in various industry settings. Driver training simulators now frequently incorporate eye-tracking to provide feedback on scanning behaviours [23]. Companies such as Tobii [24] and Smart Eye [25] offer integrated systems for assessing driver attention in both simulated and real vehicle contexts. Fleet management companies have also begun using biometric and behavioural data to monitor driver performance and reduce accident risk.
Automotive manufacturers are increasingly embedding DMS into vehicles. These systems, often powered by AI and computer vision, aim to detect signs of fatigue, distraction, or inattentiveness [9]. For instance, Tesla’s Autopilot[26] and GM’s Super Cruise [27] include eye-tracking components to ensure the driver remains engaged.
However, these technologies raise essential ethical and technical questions. Issues of data privacy, consent, and potential misuse of biometric information are becoming increasingly relevant [28]. Furthermore, the reliability of these systems under various lighting conditions, weather conditions, and user conditions remains a challenge [29], [30].
Overall, while the industry has made significant strides in applying hazard perception research, a disconnect remains between commercial practice and the nuanced findings of academic studies. Bridging this gap requires continued collaboration and validation of research findings in real-world settings
[bookmark: _Toc202515678]2.2.4 Methodological Approaches
Investigating the integration of WBET into hazard perception research necessitates a careful consideration of both technical and experimental design methodologies. Given the inherent limitations of webcam systems, such as lower frame rates, susceptibility to lighting conditions, and potential latency [31]. Methodological robustness must be compensated for through thoughtful architecture, calibration routines, and validation benchmarks.
A within-subjects design is particularly well-suited to this research, allowing each participant to serve as their own control when comparing IR-based and webcam-based systems, or static and dynamic hazard conditions. Simulated driving environments offer a controlled platform to test stimulus-response relationships while avoiding real-world risk [21]. These can range from low-fidelity desktop simulators to browser-based platforms equipped with real-time telemetry logging (e.g. steering angle, brake force, throttle position).
Effective calibration is crucial for any eye-tracking system, but especially for webcam-based implementations where environmental variability can impact accuracy [8]. Studies should incorporate frequent recalibration checks and post hoc error analysis (e.g. angular deviation in degrees of visual angle) to assess data quality. Gaze accuracy can also be validated against known targets presented at calibrated screen locations or time-locked events within the driving simulation [32].
One of the central methodological challenges lies in synchronising gaze data with telemetry inputs. Webcam-based systems often run asynchronously to input logging software, making precise alignment difficult [33], [34]. Solutions may include timestamping all data streams using a shared system clock or employing synchronisation markers, such as sudden events like brake lights or horn sounds, embedded in the simulation timeline.
Analysis should focus on key metrics such as reaction time to hazards, anticipatory gaze shifts, and coordination between visual attention and physical response. Time-series analysis, dynamic time warping, and cross-correlation techniques can be used to align and interpret gaze–action sequences. Additionally, machine learning approaches may help classify driver states, for example, attentive vs. distracted, based on multimodal input data [35].
Web-based libraries like WebGazer.js [36] can be integrated into JavaScript-based simulators or custom HTML5 applications to facilitate gaze capture. Meanwhile, telemetry data can be gathered via hardware interfaces such as steering wheels with force feedback, game pedals or external devices like OBD-II dongles connected to actual vehicles. Combining these components within a unified data logging framework is essential for robust experimental integrity.

[bookmark: _Toc202515679]2.2.5 Gaps and Opportunities
Recent developments in driver monitoring and hazard perception research have increasingly highlighted the importance of multimodal data integration, particularly the combination of eye tracking with steering, brake, and accelerator telemetry. Traditionally, such studies have relied on infrared (IR)-based eye trackers embedded in high-fidelity simulators or bespoke vehicles to achieve the temporal precision necessary for analysing micro-level visual and motor behaviours. This approach has facilitated the examination of response times to emerging hazards, anticipatory gaze patterns, and sensorimotor coordination in both novice and experienced drivers.
By contrast, WBET, despite technological advances and growing interest, remains significantly underexplored in this context. Tools such as WebGazer.js and GazeML have demonstrated adequate accuracy in applications like screen-based interaction, attention mapping, and online learning[15], [37], [38]. However, their application to dynamic, time-sensitive driving tasks, where synchronisation with continuous vehicle telemetry is essential, has been notably absent from the literature.
To date, few peer-reviewed studies have combined webcam-only gaze estimation with real-time control input data in the context of hazard perception. This absence reflects a clear methodological gap, particularly given the accessibility and low cost of webcam-based systems. The preference for IR-based solutions is understandable, given their higher sampling rates (typically 60–120 Hz) and greater spatial resolution, which are critical for capturing fast saccades and fixations under pressure [8]. Webcam systems, in contrast, generally operate at 30 Hz and are more sensitive to noise introduced by lighting variability and head motion [39].
Nonetheless, advances in computer vision and the availability of affordable telemetry tools (e.g. OBD-II CAN-bus interfaces) present new opportunities to bridge this gap. Preliminary studies in telematics and driver attention monitoring have started to explore such convergences, although primarily in the context of fatigue or distraction detection rather than hazard-specific responses [9], [35], [37]. Technical barriers remain, particularly in the accurate temporal alignment of asynchronous gaze and telemetry data streams, a challenge that current webcam-based systems have yet to fully resolve.
There is also a compelling theoretical opportunity to investigate how webcam-derived gaze patterns relate to hazard perception performance in both simulated and real-world driving contexts [40]. As research moves towards scalable, low-cost experimental designs [41], particularly for applications in novice driver training and e-learning, the potential to gather meaningful attentional and behavioural data without specialist hardware becomes increasingly attractive. A multimodal framework that integrates webcam gaze tracking with control input telemetry could yield valuable insights into how attentional lapses are distributed across sensory-motor channels during hazard perception episodes.
[bookmark: _Toc202515680]2.3 Synthesis and Research Positioning
This literature review has unpacked both the theoretical grounding and practical challenges of hazard perception research. Models like Endsley’s Situational Awareness [2] and Wickens’ Multiple Resource Theory [3] help frame our understanding, but they don’t tell the full story unless they’re paired with behavioural data from real or simulated driving contexts. Webcam-based eye tracking (WBET) stands out as a practical and scalable alternative to infrared systems [8], especially given its affordability and accessibility, but its potential in multimodal hazard perception studies is still massively underutilised.
There’s a clear gap in how we validate and apply WBET in scenarios that involve both visual tracking and physical vehicle controls like steering, braking, and throttle input. The fact that gaze data and control input are rarely aligned or analysed together in meaningful ways is a missed opportunity. For applications like novice driver training and remote assessment, these tools could make a real difference, but this area remains underdeveloped.
Looking ahead, future research should aim to:
· Properly validate WBET for dynamic, time-sensitive hazard perception tasks, ideally by benchmarking against traditional IR eye trackers;
· Develop reliable, low-latency methods to synchronise gaze data with vehicle telemetry so that the relationship between attention and action can be clearly understood;
· Explore how well these systems hold up in less-than-ideal conditions (e.g. home setups, budget hardware, varied lighting), since not everyone has access to high-end labs or rigs.
If these challenges can be addressed, we could open the door to wider, more inclusive hazard perception research. That means scalable driver education tools, richer datasets for behaviour modelling, and the potential to influence how driver monitoring systems are built and regulated in the future. It’s about moving away from small-scale lab studies and towards more practical, adaptable, and scalable solutions for real-world driver training and assessment.
[bookmark: _Toc202515681]3. Research Rationale and Justification
[bookmark: _Toc202515682]3.1 Justification for the Study
Topical relevance:
This study is relevant to current concerns about road safety and how drivers are tested in the UK. It focuses on improving the DVSA Hazard Perception Test by identifying weaknesses in how it currently measures a driver’s ability to detect hazards.
Practical significance:
The findings could help improve the accuracy and fairness of driver testing in the UK. By utilising eye tracking and input monitoring, this project may provide a more effective way to assess real driver behaviour, ultimately leading to safer roads and improved training methods.
Academic contribution:
While many studies examine either eye movements or driver inputs, such as steering and braking, very few combine both in hazard perception tasks. This research contributes to academic knowledge by examining how these systems interact in real-time.
Methodological innovation:
Eye tracking is a well-researched field, but using a standard webcam to achieve this, especially in conjunction with steering and pedal data, is still relatively new. This study tests a low-cost, accessible method that could be used more widely in both research and practice.
[bookmark: _Toc202515683]3.2 Research Gap Analysis
There is a clear gap in hazard perception research that utilises webcam-based eye tracking in conjunction with steering and pedal inputs. Most studies utilise expensive equipment or focus on a single type of data. This research combines both, offering a more complete picture of driver behaviour in hazard situations.
This gap justifies an MSc project, as it involves applying known methods in a new way. The project is manageable at this level, but still contributes valuable insight into how driver testing could be improved using modern technology.
[bookmark: _Toc202515684]4. Industry/Organisational Context
[bookmark: _Toc202515685]4.1 Industry Overview
This research is relevant to the UK transport and road safety sector, specifically the areas of driver training and licensing. The Driver and Vehicle Standards Agency (DVSA) is responsible for testing drivers and maintaining standards. A key part of this process is the Hazard Perception Test, which evaluates a driver's ability to detect and respond to potential hazards.
One current challenge in this area is the test's limited realism. Although video-based tests are widely used, they don’t always reflect how drivers behave in real vehicles. There is growing interest in using biometric data—such as eye tracking and driver inputs—to improve the accuracy of these assessments. With advances in low-cost tracking technology, there is now an opportunity to enhance public safety by making driver testing more reflective of real-world behaviour.
[bookmark: _Toc202515686]4.2 Organisational Context
This study does not focus on a specific organisation but aligns closely with the goals of national agencies like the DVSA, as well as private driving schools and simulation-based training providers. These stakeholders are responsible for improving road safety and ensuring that testing methods keep pace with technology and research.
If implemented, the findings of this study could be relevant for public bodies looking to modernise their assessments, as well as for tech companies or training providers seeking to develop new tools for driver education.
[bookmark: _Toc202515687]4.3 Access and Permissions
This research will not require direct access to the DVSA or other official bodies. The study will use simulated hazard perception tasks developed independently, along with webcam-based and input monitoring tools.
Ethical approval will be required for collecting biometric and behavioural data from participants. All data will be anonymised, stored securely, and used only for research purposes. Consent will be obtained from all participants, and care will be taken to protect privacy and minimise any risks.
[bookmark: _Toc202515688]5. Research Aim and Objectives
To investigate the effect of multimodal input (eye tracking and physical controls) on hazard perception performance compared to the standard UK Hazard Perception Test, with the hypothesis that a simulated environment using real-time gaze and input monitoring will lead to improved hazard detection and faster reaction times than traditional mouse-click responses.
[bookmark: _Toc202515689]5.1 Research Objectives
Objective 1: To analyse the limitations of the current DVSA Hazard Perception Test in measuring real-world driver behaviour
· Sub-objective 1.1: Review academic and industry literature on current hazard perception testing methods
· Sub-objective 1.2: Identify gaps in how current tests measure attentional focus, response time, and decision-making
Objective 2: To evaluate the potential of webcam-based eye tracking and physical input data for real-time hazard perception analysis
· Sub-objective 2.1: Assess the accuracy and usability of webcam-based gaze tracking in dynamic driving tasks
· Sub-objective 2.2: Investigate the reliability of steering and pedal inputs as indicators of hazard response
Objective 3: To design and develop a simulated hazard perception environment using eye tracking and input monitoring
· Sub-objective 3.1: Create a prototype test scenario incorporating video-based hazards with physical input support
· Sub-objective 3.2: Integrate telemetry data collection for gaze, steering, and braking actions
Objective 4: To assess user reaction times and behavioural responses to hazards using the developed system
· Sub-objective 4.1: Measure and compare hazard detection timing and input latency across participants
· Sub-objective 4.2: Analyse correlations between gaze fixation, input timing, and hazard identification accuracy
[bookmark: _Toc202515690]6. Expected Outcomes and Deliverables
[bookmark: _Toc202515691]6.1 Primary Deliverables
Dissertation Document:
· A comprehensive research report (approx. 15,000 words)
· Critical analysis of participant data and testing results
· Recommendations for improving hazard perception testing in the UK
· Suggestions for future research and policy development
Secondary Deliverables:
· A functional prototype of a simulated hazard perception test using webcam-based eye tracking and physical input (e.g. steering and pedal devices)
· A data analysis model for measuring reaction time and gaze behaviour
· Design guidelines for integrating biometric and physical input data in driver testing systems
· Technical documentation of system architecture and testing methods
[bookmark: _Toc202515692]6.2 Knowledge Contribution
Academic Contribution:
· Improved understanding of how eye tracking and physical responses relate to hazard perception performance
· Evaluation of webcam-based eye tracking as a valid alternative to infrared systems in research
· Methodological insights into combining gaze and input telemetry in real-time testing
Practical Contribution:
· Insights for improving the realism and effectiveness of the DVSA Hazard Perception Test
· A cost-effective, scalable method for assessing driver attention and reaction
· Evidence-based recommendations for driver training programmes and testing bodies
[bookmark: _Toc202515693]6.3 Dissemination Strategy
· Submit findings to conferences focused on human factors, transport safety, or HCI (e.g. AHFE, TRB, CHI)
· Prepare a journal article for publication in a relevant peer-reviewed journal
· Create a summary report or presentation for stakeholders such as DVSA, road safety groups, or driver education providers
6.4 Evaluation Criteria
The success of the project will be evaluated using the following criteria:
1. Functionality of the Prototype
· The simulation runs reliably and captures:
· Gaze data (via WBET)
· Steering, brake, and throttle inputs
· Timestamped hazard events
· Data is logged consistently, with no critical loss or corruption
Measured by: internal testing, pilot runs, and user task completion rate
2. Data Quality and Validity
· Gaze and input telemetry are synchronised accurately
· Gaze tracking error remains within acceptable range (e.g. <2° visual angle)
· Data collected from participants is sufficient for statistical analysis
Measured by: calibration accuracy, timestamp drift, post-test validation metrics
3. Response Metrics
· Participants demonstrate measurable hazard detection (e.g. brake or steer within X seconds of hazard onset)
· Gaze shifts precede or align with physical responses in a majority of cases
Measured by: average reaction times, anticipatory gaze detection rate
4. Usability and Accessibility
· The system is usable in non-lab conditions (home/light-controlled environments)
· Setup time, recalibration needs, and stability are within practical limits
Measured by: qualitative feedback, observer notes, error/failure logs
5. Analytical Insight
· Clear trends or behavioural patterns are identified in the data
· Analysis provides evidence supporting or refuting the hypothesis:
That multimodal inputs (gaze + controls) offer richer insights than mouse-click-based testing
Measured by: effect sizes, correlations, and interpretation of gaze–action sequences
6. Research Contribution
· The study successfully demonstrates:
· A novel or underused method (e.g. WBET + telemetry in HPT)
· The feasibility of scalable hazard perception testing using consumer-grade tools
Measured by: alignment with stated objectives, critical reflection in discussion section
[bookmark: _Toc202515694]7. Resource Requirements
[bookmark: _Toc202515695]7.1 Hardware Requirements
To conduct the research effectively, the following hardware and facilities will be required:
· Computer: A standard desktop or laptop with sufficient processing power for running simulation software, capturing input data, and performing real-time logging. Minimum specifications:
· Quad-core processor
· 16GB RAM
· Dedicated GPU (optional but recommended for smooth rendering)
· Webcam: A high-definition webcam (1080p or higher) to support webcam-based eye tracking for gaze estimation during hazard perception tasks.
· Steering Wheel and Pedal Set: USB-compatible input devices to simulate realistic driver responses. These will capture physical input data such as steering angle and brake/acceleration timing.

[bookmark: _Toc202515696]7.2 Software Requirements
At this stage, further research is required to confirm the full software stack. However, the following tools and platforms are currently planned:
· Eye Tracking and Input Integration:
· Frameworks for webcam-based gaze tracking (e.g. OpenFace, GazeML, or WebGazer.js) will be explored to identify the most compatible solution with the selected tech stack
· Libraries for capturing and processing steering wheel and pedal input will be reviewed, with preference for cross-platform compatibility
· Analysis Tools:
· Python – planned for data analysis, visualisation, and statistical evaluation of participant performance
· Libraries such as Pandas, NumPy, and Matplotlib will be used for processing and interpreting results
· Simulation/Modelling:
· The simulation environment may be built using a lightweight game engine or web-based rendering (e.g., Three.js), depending on hardware performance and integration needs
· Licensing Requirements:
· All planned tools are open source or free for academic use at present
· Any licensing needs arising from third-party libraries or SDKs (particularly those for eye tracking) will be identified and assessed before implementation
[bookmark: _Toc202515697]7.3 Data Access Requirements
· Primary Data Collection:
Data will be collected directly from participants through a custom-built hazard perception simulation. This will include webcam-based eye-tracking data, steering and pedal input data, and the timing of hazard responses.
· Database Access Requirements:
A local or cloud-based database (e.g. PostgreSQL or MongoDB) will be used to store participant telemetry and gaze data securely. No external database access is required.
· Ethical Approval:
Ethical approval will be necessary due to the collection of biometric (eye tracking) and behavioural data from human participants. Informed consent will be obtained, and all data will be anonymised and stored securely in compliance with GDPR and university guidelines.
[bookmark: _Toc202515698]7.4 Financial Resources
· Equipment Purchases:
A steering wheel and pedal input device will need to be purchased. A suitable webcam may also need to be sourced if one is not already available.
· Software Licences:
At present, all tools planned for use are open-source or free for academic use. Any future costs related to eye tracking SDKs or libraries will be assessed as the project progresses.
· Other Expenses:
Potential incidental costs may include USB hubs, mounting stands for equipment, or replacement parts during testing.
[bookmark: _Toc202515699]8. Project Timeline and Gantt Chart
[bookmark: _Toc202515700]8.1 Project Phases
The project will be carried out in a series of sequential and partially overlapping phases, designed to ensure both technical development and academic rigour. The planned phases are as follows:
[bookmark: _Toc202515701]8.1.1. Project Design and Task Planning
The initial phase involves the definition of research goals, task planning, and the creation of development tickets. This includes outlining functionality, experimental design, and data collection needs. (July)
[bookmark: _Toc202515702]8.1.2. Researching Software and Hardware Requirements
Parallel to planning, research into software libraries (e.g. for eye tracking and input logging) and suitable hardware (e.g. steering wheel and webcam) will be conducted. This will inform technical decisions and budget. (July – early August)
[bookmark: _Toc202515703]8.1.3. Application Development
Development of the hazard perception simulation, data logging functionality, and user interface based on research findings. This phase includes prototyping, integration of input devices, and basic testing. (August – September)
[bookmark: _Toc202515704]8.1.4. Data Collection
Recruitment of participants and controlled testing using the simulation platform. Biometric and behavioural data will be collected, stored securely, and documented. (October)
[bookmark: _Toc202515705]8.1.5. Data Analysis
Collected data will be analysed using Python or similar tools, focusing on user performance, response times, and attention metrics. Findings will be critically interpreted in the context of the research aim. (November)
[bookmark: _Toc202515706]8.1.6. Dissertation Writing and Submission
Final phase includes writing, editing, and compiling the full dissertation with supporting materials, figures, and appendices. (November – early December)
[bookmark: _Toc202515707]8.2 Gantt Chart and Summary View
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[bookmark: _Toc202526487]Figure 1 Gantt Chart
Monthly Breakdown
· July – Project design and technical scoping: Define research goals, identify hardware/software requirements, and initiate ethics documentation.
· August – Development phase begins: Build the simulation environment, integrate WBET and input telemetry modules, and conduct early-stage testing.
· September – Tool refinement and pilot testing: Finalise technical integration and conduct internal trials to validate calibration, data quality, and synchronisation methods.
· October – Participant data collection: Recruit volunteers and run user studies under controlled conditions.
· November – Data analysis and interpretation: Use Python-based tools to extract performance metrics and compare participant outcomes.
· December – Final write-up and submission: Complete dissertation, proofread, and submit project materials.




[bookmark: _Toc202515708]8.3 Risk Management
Effective risk management is essential to ensure the project remains on schedule and produces valid results. The following table outlines key risks and the corresponding mitigation strategies:

	Risk
	Description
	Mitigation Strategy

	Data Access Issues
	Difficulty accessing or collecting sufficient biometric/input data
	Identify and prepare alternative data sources or simulated datasets where necessary

	Participant Recruitment
	Low response rate for the user study
	Use multiple recruitment methods (e.g. student mailing lists, social media), over-recruit to ensure sample size

	Technical Difficulties
	Hardware or software failures during development or data collection
	Maintain regular backups, document the system thoroughly, and identify fallback tools or platforms

	Time Management
	Delays in development, testing, or analysis phases
	Allocate buffer periods between phases, monitor progress weekly, and adjust scope if needed

	Ethical Approval Delays
	Delays in receiving ethics clearance
	Prepare ethics documentation early and maintain clear communication with ethics board

	Compatibility Issues
	Eye tracking libraries or hardware may not integrate smoothly with chosen stack
	Prototype early, choose modular design to allow switching tools if needed


[bookmark: _Toc202526443][bookmark: _Toc202526489]Table 1 Risk Management
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