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Abstract 

Urbanization has intensified traffic in constrained urban spaces, leading to the adoption of shared 

spaces, which pose safety challenges due to complex multi-user interactions. Agent-based 

models (ABMs) can simulate these interactions but often lack empirical data for accurate 

calibration. Virtual Reality (VR) offers a powerful platform for collecting behavioral data to refine 

ABMs, yet most VR-based experiments focus on a single road-user type in simplified 

environments, limiting their applicability to complex shared spaces. Furthermore, experimental 

setups are often designed only for data collection, overlooking how the design itself may influence 

results and requiring additional effort for analysis and redesign. This study addresses these gaps 

by developing a VR-integrated ABM framework for collecting behavioral data under configurable 

environmental conditions, with results visualized and analyzed via a Streamlit dashboard. The 

framework was adapted from Linnekamp’s ABM, which simulates traffic conflicts in a shared 

space near Amsterdam Central Station by calculating conflict probabilities based on agent 

interactions. This study extended this ABM to incorporate two conflict probability types - physical 

(based on the 3D model boundary) and visual (based on human perceptual boundaries) - and 

developed a user interface to collect user-perceived conflicts for comparison with system-

calculated values. All behavioral and system performance data, including frame rate (FPS) and 

latency, were stored in structured .csv files and visualized through the dashboard. A small-scale 

experiment with ten participants evaluated the framework’s Quality of Experience (QoE) and 

analyzed behavioral patterns to identify opportunities for refinement. Participants reported high 

presence and usability, with moderate cybersickness; user-suggested improvements included 

multisensory feedback and richer environmental variation. Low-density scenarios achieved higher 

median FPS than high-density ones, with similar latency. Behavioral analysis revealed varied 

avoidance strategies: high density led to more frequent pauses and lower speeds, user-marked 

conflicts often diverged from system-calculated probabilities, and cyclists were more often 

perceived as conflict sources in low density, pedestrians in high density. Limitations included: (1) 

implementation issues such as logging misalignment, delayed UI feedback, and insufficient visual 

distinction between agent types; (2) QoE constraints including unrealistic agent motion, limited 

sensory cues, and cybersickness linked to low FPS; (3) small, imbalanced samples favoring 

pedestrians and high-density scenarios. Future work should optimize functionality, more diversify 

scenarios and participant profiles, and expand applications for ABM calibration across broader 

mobility contexts. While the framework is still preliminary and limited in scope, it offers a practical 

starting point for developing more efficient and empirically grounded ABMs. The proposed 

approach and findings lay a foundation for advancing traffic modeling, simulation-based 

evaluation, and human-centered transport system design. 
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1. Introduction 

Urbanization has led to an increase in road users, while urban road space remains limited. As 

a result, pedestrians, cyclists, and motorized vehicles are often required to share the same 

constrained spaces, leading to more frequent interactions and a higher risk of conflicts.  
Such mixed-traffic settings without clear separation or priority systems, have become a 

common feature of urban traffic environment (Allocated & Core, 2013; Drut, 2018).  

In response, the Shared Space concept emerged, aiming to replace formal controls with 

informal negotiation, encouraging mutual awareness and self-organizing interactions 

(Hamilton-Baillie, 2008). Over the past decades, Shared Space has been increasingly 

implemented, particularly in Northern Europe. While this design approach removes strict lane 

demarcations and traffic controls to promote mutual awareness and more cautious behavior, 

it also introduces unpredictability, raising concerns about safety and user comfort (Kenworthy 

& Newman, 2015). Empirical findings on its effectiveness remain mixed. Some cases report 

reduced accidents (e.g., Netherlands, Denmark, UK, Germany) (Edquist & Corben, 2012; 

Methorst et al., 2007), while others, like Halifax (UK) and Oosterwolde (NL), show increased 

crash rates or reduced perceived safety (Edquist & Corben, 2012; Moody & Melia, 2014a). 

These mixed findings suggest that the success of shared spaces is highly context-dependent 

(Quimby & Castle, 2006), influenced by factors such as traffic volume (Moody & Melia, 2014b) 

and spatial configuration (Batista & Friedrich, 2022). Among these, the way road users 

interact and adapt to each other plays a particularly critical role, as shared spaces rely less on 

formal controls and more on informal social negotiation (Kaparias et al., 2015).  

Therefore, evaluating the performance of shared spaces is essential to understand how 

different users interact with others, and to identify potential safety risks, behavioral 

inefficiencies, and unintended consequences for planning safe traffic environment. To do so, 

micro traffic simulation, also known as microscopic traffic modeling, has been an efficient 

approach. This modelling does simulations based on behavior and interactions of road users 

at a high spatial and temporal resolution (Anvari et al., 2015; Barceló, 2010; Burghout et al., 

2005). In the context of shared spaces, where the safety result is mainly dominated by road 

users’ interactions, micro traffic simulation is particularly useful, supporting researchers to 

analyze how road users adapt their behavior in real-time interactions, and to assess how 

these individual responses influence safety outcomes and overall performance. 

1.1 Agent-Based Model (ABM) 

Agent-Based Model (ABM) has emerged as a powerful method for simulating road user 

behaviors in the field of micro traffic simulation (Ljubović, 2009). In ABM, each road user is 

represented as an autonomous agent capable of perceiving the environment and making 

decisions based on a series components, including agent attributes, behavioral rules, 

interaction modelling mechanisms, and environmental cues (Bonabeau, 2002; Macal & North, 

2005a, 2005b). Agent attributes define the internal states or fixed characteristics of each 

agent. These can include physical properties (e.g. walking speed, radius, or field of view, 

etc.), cognitive traits (e.g. reaction time, comfort distance, etc.), as well as social-demographic 

characteristics (e.g. gender, age, education level, etc.) (Basak et al., 2013; Macal & North, 

2005b; Shaaban & Abdelwarith, 2020). Behavioral rules define when an agent should react to 

perceived stimuli, such as decelerating upon detecting a nearby obstacle. Environmental cues 

provide the spatial and situational context in which agents operate, including road networks, 

obstacle maps, traffic signals, and dynamic agent appearances (Bazghandi, 2012).  

When building up an ABM, one of the most challenging tasks is designing appropriate 

behavioral rules and interaction mechanisms. Current studies usually resort to existing 

behavioral theories, such as social force model (Helbing & Molnar, 1995) and heuristic 

algorithm (Moussaïd et al., 2011). In recent years, some researchers have begun exploring 
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data-driven approaches, including deep learning techniques (Johora et al., 2020), but these 

methods often fail to accurately estimate agent-specific micro-level variables and heavily 

depend on training data (Monti et al., 2023). Among these approaches, the Social Force 

Model is generally regarded as one of the most effective frameworks for behavior analysis, 

due to its high interpretability and broad applicability across different traffic contexts 

(Kouskoulis et al., 2018). To better illustrate the components of ABM and how different 

modeling approaches align with them, an overview is shown in Fig 1.   

 

Fig 1. Agent-based Model (ABM) Components 

The social force model defines behavioral rules and interaction mechanisms based on a 

series of agent attributes related to speed, such as desired speed, maximum speed, and field 

of view, which influence individual mobility. The behavioral rules are in the form of attractive 

and repulsive effects: agents are drawn toward goals while avoiding others or obstacles. 

These behaviors are implemented through a continuous interaction mechanism based on 

force dynamics, where the acceleration or deceleration of each agent depends on the 

presence and movement of nearby agents within their field of view. In practice, recent studies 

have modified this theory by adjusting parameters or incorporating new agent types to reflect 

diverse traffic contexts. For instance, Huang, et al. (2023) and Dias, et al. (2018) applied the 

social force model as the behavioral foundation of their ABMs to simulate interactions 

between pedestrians and cyclists or Segway riders in China and Japan, respectively.  

To build ABMs with high efficiency and realism, proper calibration and validation are essential 

for fine-tuning. Calibration helps align model outcomes with real-world behaviors by adjusting 

agent attributes and decision logic until simulated results match empirical observations 

(Bianchi et al., 2007). However, this session still faces limitations. The major challenge lies in 

the lack of high-quality behavioral data to calibrate and validate agent rules, especially in 

context-sensitive environments like shared spaces. As Bonabeau (2002) and Macal & North 

(2005a) point out, agent behavior in many ABMs are based on simplified assumptions or 

theoretical constructs rather than empirically observed decision-making patterns. But human 

behavior is deeply influenced by contextual and sensory cues, including spatial layout, 

perceived risk, and environmental familiarity (Angioi & Bassani, 2022; D’Haese et al., 2014; 

Krumm, 2010; Zhu et al., 2022). This mismatch can lead to biased or unrealistic simulations. 

To deal with this drawback, one potential improvement to the agent-based model approach is 

to incorporate real behavioral data, using empirically observed patterns to inform and refine 

ABMs (J. Huang et al., 2022). 
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1.2 Virtual Reality for ABM  

Virtual Reality (VR) has become a promising tool for collecting behavioral data in traffic 

simulation. Compared to traditional methods like questionnaires and field studies, VR has 

several advantages: it can capture real behavior, control experimental conditions, and repeat 

tests easily (Pan & Hamilton, 2018). While desktop-based applications can also simulate 

virtual environments under controlled settings, VR provides higher immersion through a 

broader field of view and natural, body-based interaction enabled by 3D-in-3D displays (e.g., 

head tracking, stereoscopy), leading to a stronger sense of presence, which makes people 

behave more naturally behavior and allows more convincing insights for behavioral studies in 

traffic simulation domain (Simpson, 2020; Zhao et al., 2020). Multiple studies have 

demonstrated that high-immersion VR can elicit realistic user behavior, showing strong 

alignment with real-world actions across various traffic scenarios, including pedestrian 

movement (Bhagavathula et al., 2018), crossing decisions (Angulo et al., 2024), and driving 

behavior such as speed control and steering (Blissing et al., 2019; Piaseczna et al., 2024). 

When developing a VR application for micro traffic simulation, to consistently achieve such 

realism, Quality of Experience (QoE) offers a comprehensive framework to evaluate a VR 

system’s usability and immersion level. It includes subjective factors such as presence (e.g. 

presence/immersion, usability, cybersickness, emotion) (Slater, 2009) and objective factors 

related with system performance (e.g. frame rate, latency, resolution) (Gaggioli et al., 2003). 

High QoE generally encourages more natural behavior, providing valuable insights for 

transport simulation (Chamilothori et al., 2019; Slater, 2009). However, if users perceive 

agent movements as unrealistic (e.g. low presence/immersion) or the interface as laggy (e.g., 

low FPS or high latency), they may not respond naturally, leading to distorted behavioral data. 

Therefore, assessing QoE has become essential in VR-based traffic research, as it helps 

determine whether the application can reliably elicit realistic behaviors in virtual environments 

(Neo et al., 2021).  

To implement such immersive, behaviorally grounded simulations, Unity has emerged as a 

powerful development platform. As a game engine, Unity supports real-time interaction, rich 

3D visualization, and flexible user interface design, making it ideal for VR-integrated agent-

based modeling (ABM). For instance, Cheliotis (2022) modeled the common indoor crowd 

behavior by a Unity framework of ABM (ABMU), and Huang, et al. (2023) developed a Unity-

BIM application to implement evacuation ABM. Unlike traditional platforms for building ABM-

based traffic simulations, such as MATSim (Balmer et al., 2008), GAMA (Taillandier et al., 

2019), and NetLogo (Wilensky & Rand, 2015), which primarily focus on abstract 2D 

simulations and rarely incorporate human perception, Unity allows for rich 3D visualization 

and immersive interaction, making it especially suitable for stimulating and collecting human 

behavior in complex environments (Brookes et al., 2020). With C# as its primary scripting 

language, Unity supports high customizability in defining agent logic, environmental 

responses, and user input. In addition, Unity supports the creation of highly realistic and 

visually rich environments, which further enhance the QoE level. More importantly, it enables 

real-time collection of behavioral data during simulation, which is essential for ABM refining 

and studying decision-making processes.  

1.3 Behavioral Features of Traffic Agents 

In micro-traffic simulations, human behavioral features, which refer to the physical behavior 

responding to the environment (e.g. speed, direction, etc.), play a central role in modeling and 

predicting individual decisions and movement dynamics. However, as highlighted in the 

previous section, many agent-based models remain overly simplified and often lack the 

incorporation of human behavior. Therefore, it is essential to define which behavioral features 

are most relevant to micro-traffic contexts and can be feasibly captured within a VR 

environment. 
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There is multiple road users involved in micro-traffic simulation, such as pedestrians, drivers, 

cyclists and mopeds, but studies with a systematic structure on behavior and task modeling 

mainly revolve around pedestrians and drivers. First pointed out by Michon (1985), drivers’ 

road tasks can be divided into three layers: strategic level, maneuvering level, and control 

level - Strategic level defines the general planning stage of a trip (e.g. determination of trip, 

traffic motive); Maneuvering level includes the general behavior towards the destination (e.g. 

avoidance method, gap acceptance, and overtaking); Control level refers to more specific 

interactions, like local interaction with spaces and pedestrians (e.g. brake, accelerate and 

decelerate). Converted from this framework, Hoogendoorn & Bovy (2004) raised a framework 

categorizing pedestrian behaviors as strategic level (e.g. determination of trip, overall route, 

travel time), tactical level (e.g. reselect the route, avoidance method, judge crossing time), 

and operational level (e.g. real-time avoidance, acceleration and deceleration, fine-tuning of 

walking direction), respectively corresponding to Michon’s three layers. For cyclists and 

moped users, systematic research on behavior is limited, and most existing studies come 

from practical or applied projects. 

In recent practices collecting behavioral data for micro traffic simulation, the number of 

research about pedestrians and drivers highly exceeds other road user types. For 

pedestrians, commonly tracked features include movement speed, path or trajectory, 

acceleration, and proximity to obstacles (Angulo et al., 2024; Guo et al., 2022; Mukoya et al., 

2024). Some studies also include hesitation-related indicators such as low-speed pauses 

(“gap stop”), which may reflect momentary uncertainty or decision-making processes (Jay et 

al., 2020). These metrics are usually recorded through VR joystick control or desktop input. In 

studies with eye-tracking equipment, physical responses such as gaze direction and fixation 

are also captured (Sulle et al., 2025). For drivers, simulation tools often log speed, steering 

angle, and route choice automatically, some studies also combine VR with physiological 

sensors to collect data like heart rate and gaze (Michalík et al., 2021; Silvera et al., 2022). 

Apart from speed, acceleration, path or trajectory, studies about cyclists’ behavior also care 

about pedal movement, braking, and steering angle (Alexander, 2015; Nazemi et al., 2018; 

Yuan et al., 2018). As to mopeds, there is little study about collecting their behaviors through 

experiments, current studies still prefer using questionnaires to get psychological insights of 

this type of road user (Aguilera-García et al., 2021). In general, while a variety of behavioral 

features have been captured across user types through different tools, VR has increasingly 

become the preferred platform due to its ability to combine high immersion, flexible 

interaction, and real-time data logging. 

1.4 Environmental Factors in Micro-traffic Simulation 

It has long been recognized that environmental conditions significantly influence road user 

behaviors. These environmental factors can be broadly categorized into several types: (1) 

Transport conditions (e.g., traffic density, vehicle flow rate, and presence of mixed traffic) 

(Ayres & Mehmood, 2009; Bella, 2011; Kamal & Farooq, 2023); (2) Spatial layout (e.g., road 

or lane width, presence of obstacles, and intersection type) (Garcia et al., 2015; J. Huang et 

al., 2022; Khademi et al., 2024; Soares et al., 2021) (3) Visual elements (e.g., lighting, 

obstruction of view, signage visibility) (Garcia et al., 2015; Motamedi et al., 2017); (4) Road 

conditions (e.g., pavement quality, potholes, wet or icy roads) (Moreno et al., 2023); (5) 

Weather conditions (e.g., rain, snow, fog, temperature, wind) (Chen et al., 2019; Liang et al., 

2020); (6) Temporal factors (e.g., peak vs. off-peak hours, day/night) (Chen et al., 2019); and 

(7) Other contextual elements (e.g., urban/rural setting, perceived safety) (Chen et al., 2019; 

Khademi et al., 2024). Therefore, it is necessary to incorporate environmental changes when 

collecting road users’ behavioral data. 

To collect data under different environmental settings, various platforms and tools have been 

adapted, which can be simplified into three types: transport simulator, VR, and in-field 

observation methods. Simulator-based experiments offer highly controllable experiment 

settings, allowing for specific manipulation of transport features. For instance, Bella and 

Silvestri (2015) examined driver deceleration behavior in response to obstacles, while 
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Methorst et al. (2007) used a cycling simulator to assess how different road widths influenced 

cyclists’ maneuvering. In contrast, in-field studies can capture behavior in real-world contexts. 

Garcia et al. (2015) analyzed cyclist behavior under different lane widths through direct 

observation, Silvera et al. (2022) used sensors to relate spatial layouts and traffic density to 

driver behavior, and Yuan et al. (2018) examined cyclist trajectory and steering across 

varying spatial layouts. In recent years, VR-based methods have gained attention for their 

ability to simulate complex environments while maintaining high experimental control and low 

overall experiment cost (Pan & Hamilton, 2018). Compared with traditional transport 

simulators, VR has advantages in both immersion and adaptability. Studies such as Guo et al. 

(2022) and Nazemi et al. (2018) used VR to study how changes in traffic density or cycling 

infrastructure affect the behavior of cyclists and pedestrians, while Khademi et al. (2024) 

explored how intersection design and visibility conditions influence pedestrian crossing 

decisions and perceived safety. To summarize, using VR can be a promising method to 

integrate different environmental factors for road users’ behavior collection. 

1.5 Research Gaps, Objectives, and Questions 

Shared space, as an emerging planning strategy in urban mobility, has been increasingly 

applied in cities. However, despite its growing real-world practice, shared space remains 

under-researched, especially in behavioral modeling domains. Current studies have primarily 

focused on in-field observations, which mainly capture binary interactions such as those 

between pedestrians and motor vehicles (e.g., yielding, stopping) (Kaparias et al., 2015; 

Tzouras et al., 2023). But these studies fail in assessing individual-level behaviors such as 

decision-making timing, conflict perception, and responses to multiple road users. As a result, 

the complex and dynamic interaction mechanisms in shared space are often oversimplified or 

overlooked. 

On the modelling side, although ABMs have shown useful in modeling micro-traffic systems, 

most existing frameworks remain theory-driven, which agent decision rules are often based 

on simplified heuristics or pre-defined parameters, limiting their realism, especially in complex 

and context-sensitive environments like shared spaces (Bonabeau, 2002; Moussaïd et al., 

2011). With VR’s strength in allowing people to behave naturally and in a controlled manner, 

using this technology to collect human behavioral data could be a promising way for ABM 

calibration. While many VR studies focus on behavioral data collection for improved micro-

traffic simulation, they often focus on one specific road user or one kind of interaction (e.g. 

interaction between pedestrian and driver), which are not useful for the case of shared space 

where interactions happen among various road users. This methodological separation 

restricts the ability to understand how road users truly adapt under dynamic conditions.  

Moreover, in the case of behavioral data collection, especially in VR-based human 

experiments, experimental setup plays a critical role in influencing outcomes. Prior research 

has shown that variations in task design, environment layout, and participant instructions can 

lead to significantly different behavioral responses, indicating the importance of pre-

experiment tools to verify the feasibility and sensitivity of the setup (Aguilar et al., 2024). 
However, most existing VR-based applications lack real-time feedback mechanisms that 

would support this kind of iterative design. Instead, they primarily function as data collection 

tools, requiring researchers to export and analyze raw data externally, often after the 

experiment has concluded. This post-hoc workflow makes it difficult to identify whether a 

simulation is producing valid or realistic behavior during runtime, thus breaking the feedback 

loop needed for scenario adjustment and experimental refinement. To deal with this problem, 

research in biological agent-based modeling has already proven immediate visualizations 

(e.g. agent distribution, statistical plots) are an effective solution by allowing researchers to 

identify preliminary model and experiment setting problems, contributing to identify model and 

experiment problems at early stage (Seekhao et al., 2016). While in the traffic behavior 

domain, few systems have been designed to offer researcher-facing feedback dashboards 

that visualize both behavioral outcomes and ABM system performance metrics. As a result, 
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researchers lack the tools to evaluate how well a specific experimental run reflects realistic 

interaction patterns or computational feasibility under varying conditions. 

Therefore, to address these gaps, this study aims to develop a researcher-facing, VR-

integrated ABM framework to support road users’ behavioral data collection with a 

visualization dashboard function where the collected data is analyzed for ABM refining. To 

operationalize this framework, a case study will be carried out using Linnekamp’s ABM 

(Linnekamp, 2020a), an existing ABM based on social force model which focused on the 

interactions between multiple road users (pedestrians, cyclists, and mopeds) in a typical 

shared space in Amsterdam.  

Specifically, there are three research objectives:  

(1) Design and implement a VR-integrated ABM framework comprising three components: 

capturing behavioral data in a shared space setting, incorporating variations in environmental 

factors, and supporting a researcher-facing dashboard that visualizes both behavioral outputs 

and ABM system performance metrics; 

(2) Evaluate the QoE of this framework using standard immersion indicators; 

(3) Analyze behavioral insights derived from an experiment with this framework, and compare 

them with Linnekamp’s original ABM to identify opportunities for refinement.  

To realize these objectives, the main research question was: 

How can a VR-integrated ABM framework be developed, focusing on human behavioral data 

collection and analysis? 

Which can be divided by the following sub-research questions (SRQ): 

1. How can behavioral data be captured and linked to the VR-integrated framework? 

2. How can environmental factors be incorporated into the VR-integrated framework? 

3. How can visualized feedback be added to the VR-integrated framework? 

4. How is the QoE of the VR-based ABM framework? 

5. What behavioral insights can be derived from the VR-integrated framework across 

different environmental conditions and road user types, and how to refine Linnekamps’ 

ABM? 

The first three sub-research questions focus on the development of a VR-integrated ABM 

framework: SRQ1 explores how behavioral data can be captured and structured in real time; 

SRQ2 investigates how environmental factors like traffic density can be operationalized within 

the simulation; and SRQ3 examines how visualized feedback can support post-experiment 

analysis. SRQ4 evaluates the quality of user experience (QoE) by combining system 

performance data and participant feedback. SRQ5 uses the collected behavioral data to 

reflect on existing ABM rules and propose refinements based on perception-driven and 

context-aware strategies. All together, these research questions can help address the 

knowledge gaps and contribute a more adaptable VR-integrated framework in micro mixed-

traffic simulations for ABM refinement and future mobility research.  
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2. Methodology 

2.1 Study Area 

This study chose a shared space in Amsterdam as the case study site. This site is near the 

ferry dock at Amsterdam Central Station, a high-traffic area characterized by a mix of 

pedestrians, cyclists, and mopeds (see Fig 2). This location serves as a vital transportation hub 

where people arrive by train and transfer to ferries across the IJ River. Pedestrians typically 

flow between the ferry docks and station entrances, while cyclists and mopeds move both 

parallel and perpendicular to these pedestrian flows, creating a complex mix of road users with 

varying speeds and movement patterns. The lack of traffic signals or dedicated lanes 

encourages a fluid but unpredictable interaction between these groups, making it an ideal site 

to study the dynamics and safety challenges of shared space. 

 

Fig 2. Site Location: Amsterdam Central Station, Amsterdam, the Netherlands (Basemap 

source: https://www.google.com/maps) 

To embed ABM, this study built upon an existing ABM developed by Linnekamp (2020b), which 

simulated road users’ conflicts in a shared space of Amsterdam, the Netherlands. This ABM 

defined agent attributes including physical size, desired velocity, relaxation time, and reaction 

time, based on three agent types: pedestrians, cyclists, and mopeds. Agents were generated 

using pre-defined spawn rates derived from in-field observations and transport reports. As to 

behavioral rules, it adapted principles from social force model, where agents adjusted their 

movement in response to surrounding stimuli, such as nearby agents within their field of view. 

The interaction mechanism involved calculating a conflict probability based on variables such 

as relative speed, heading direction, edge distance, and local agent density. This conflict 

probability served as a core output to investigate potential safety risks in the shared space. 

However, the conflict probability in Linnekamp’s ABM is entirely derived from theory-driven 

behavioral rules, which may not fully reflect how individuals actually perceive and respond to 

interactions in real-world shared spaces. In practice, users may adopt different avoidance 

strategies or interpret situations as conflicts even when no physical collision happens. Such 

perceived conflicts may still influence user behavior, prompting hesitation, yielding, or path 

adjustment. Therefore, collecting human behavioral data, including subjective perceptions of 

conflict, offers valuable input for refining the ABM’s behavioral rules and interaction 

mechanisms, making this ABM an ideal testbed for this study. 
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2.2 Development of VR-integrated Framework 

To conduct this study, there were three main stages: (1) Replicating Linnekamp’s ABM in 

Unity, including agent attributes, behavioral rules, and interaction mechanism; (2) Developing 

core modules into ABM, including behavioral data collection, environmental condition, and a 

dashboard for visualization and analysis; (3) Conducting experiments to get user experiences 

and preliminary insights to improve Linnekamp’s ABM. In short, the first two stages were 

about framework development, and the last was to get user feedback. The architecture of the 

VR-integrated framework is shown in Fig 3, and the complete implementation code is 

available in the corresponding GitHub repository as in Appendix 1. Detailed methodology is 

explained in the following sections. 

 

Fig 3. Architecture and workflow of the VR-integrated ABM for shared space 

2.2.1 VR Set up and Scenario Configuration 

To develop this VR-integrated behavioral simulation framework, the study adopted Unity 

version 2020.3.40f1 (LTS) for its long-term stability and compatibility with two key packages: AI 

Navigation and Oculus Integration. The user interface was implemented using Unity’s UI Toolkit. 

A 3D model of Amsterdam Central Station and its surrounding environment was acquired from 

CGTrader (https://www.cgtrader.com/) to ensure high spatial realism. Agent and environment 

assets were imported from the “Urban Traffic System Full Pack” of Unity Asset Store 

(https://assetstore.unity.com), with multiple models used for each agent type to enhance visual 

diversity (see Fig 4). The simulation was conducted from a first-person perspective using the 

Oculus XR Plugin 4.2.0, which includes pre-configured tools and scripts to streamline VR 

development. Although Oculus XR Integration has been recently deprecated, it remains widely 

used in practice. Its stability, ready-to-use components, and compatibility with Unity’s legacy 

XR framework, makes it easier to build and test interactions during early prototyping, which was 

important given the limited development timeframe. 
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Fig 4. 3D models used in this study. (a) Site model; (b) Agent models. 

The simulation was divided into two phases: Intro Scene and Simulation Scene. Before going 

to the Simulation Scene, participants entered an Intro Scene, where they were introduced to 

the main task - moving from a designated spawn point to the ferry dock - and familiarized with 

basic VR operations (see Fig 5). Once the tutorial was complete, the participant was required 

to select an agent type (pedestrian, cyclist, or moped) and choose between two levels of 

traffic density (high or low). 

 

Fig 5. IntroScene. (a) Task guide; (b) Selection of agent type and density levels. 

Because Linnekamp’s ABM did not distinguish between different traffic density levels and only 

modeled the peak hour (>4000 agents were generated per hour), this study inherited his 

agent type distribution (58% cyclists, 35% pedestrians, and 7% mopeds) but revised the 

agent spawning frequency to create both high- and low-density scenarios in SimulationScene 

(see Fig 6). In the high-density condition, a total of 4,500 agents per hour was generated, with 
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a spawn interval of 0.5 seconds, aligning with peak-hour simulation volumes reported in the 

Dutch context for urban shared spaces (Duives et al., 2019). In contrast, the low-density 

condition used a 2-second interval, resulting in 1,500 agents per hour (Duives et al., 2013). 

These configurations were designed to align the agent flow in the VR environment with the 

intended density levels, while maintaining system performance and computational stability. 

The shorter interval in the high-density scenario aimed to replicate the elevated flow rate 

observed in Linnekamp’s peak-hour simulations. In the meantime, to maintain the runtime 

performance under high-density scenario, Level of Detail (LOD) was applied to avoid 

rendering high-resolution materials for distant objects. Character prefab textures were also 

compressed to minimize GPU load. These measures ensured smooth performance without 

significantly affecting visual clarity for behavioral analysis. 

 

Fig 6. Scenarios in different densities - SimulationScene. (a) High density; (b) Low density. 

Based on the agent type selected by each participant, SimulationScene assigned different 

eye heights. To match the proportions of 3D models (Unity-to-real-world scale ratio is 

approximately 0.94), a normal pedestrian in reality is assumed to have a height of 1.70 m and 

an eye height of 1.60 m, while cyclists and moped riders are assumed to have a height of 

1.40 m and an eye height of 1.10 m (Landis et al., 2004). In this study, these values were 

adjusted in Unity so that pedestrians were set to 1.6f with eye height of 1.4f, and 

cyclists/moped riders were set to 1.3f with eye height of 1.1f. This means that participants 

choosing the pedestrian role saw other pedestrians at eye level and looked slightly down on 

cyclists and moped riders, while participants choosing the cyclist/moped role looked slightly 

up at pedestrian agents (see Fig 7). 

 

Fig 7. Perspective in different player roles – SimulationScene. (a) Pedestrian; (b) Cyclist & 

Moped. 

Agents entered the shared space from four directions: the city side, the port side, and both 

directions of the bidirectional lane in front of the station. Meanwhile, the player was always 

spawned at a random starting point next to this lane near the Central Station and was 

expected to move across the flow of agents toward the ending point near the port, to simplify 

the simulation process (see Fig 8). 
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Fig 8. Agent Spawn Locations 

2.2.2 ABM Replication and VR Integration 

2.2.2.1 Agent and Player Attributes 

In this study, each agent was defined by a set of attributes that jointly determined how it 

moved through space and interacted with others, including desired speed (V), radius (R), field 

of view (FOV). The desired speed varied by agent type (2.5-7.5 km/h for pedestrians and 5-22 

km/h for cyclists/mopeds). Each agent had a fixed radius by type (0.5 m for pedestrians, 0.8 m 

for cyclists, and 1.0 m for mopeds), which defined its occupied space and was used for 

distance overlap detection. In addition, a FOV of 120 degrees enabled agents to perceive 

other entities and anticipate potential conflicts.  

This study used agents’ 3D models size in Unity as the actual sizes instead of circular 

diameters. For the player, randomized radii were assigned for the player, ranging from 0.8-

1.0 m (pedestrians) and 1.0-1.1 m (cyclists/mopeds), to reflect variability and fit the cube-

based setting of Oculus XR Integration. Considering the peripersonal space, which refers to a 

person's perceptional area of space that they have not yet touched but are about to touch, 

two types of radii were calculated in this study (see Fig 9):  

(1) Physical radius: the exact size of the 3D model;  

(2) Visual radius: approximately 30 cm beyond the body surface, representing the average 

extent of human peripersonal space reported in previous studies (Serino et al., 2015, 2018).  

The introduction of a visual radius provides an anticipatory detection zone, enabling the 

model to represent early, perception-based reactions in close-proximity encounters. This 

distinction between physical and visual boundaries serves as the foundation for calculating 

two types of conflict probabilities in the interaction mechanism as well as the refinements in 

Linnekamp’s ABM. Except for the distance, this study did not change the setting of other 

metrics to maintain simplism. 
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Fig 9. Physical Radius vs Visual Radius: an example of a pedestrian model 

To model agent movement and interactions, the study utilized Unity’s AI Navigation package 

(version 1.1.5). This package, built on the NavMesh system, provides real-time pathfinding 

and obstacle avoidance, allowing agents to follow the shortest routes and avoid 

environmental constraints such as pillars or other moving agents. The player’s speed was 

controlled through Oculus XR Integration’s OVRPlayerController script. Based on the selected 

type, a corresponding minimum and maximum speed as Linnekamp’s ABM was assigned. 

These values were converted to meters per second for internal calculations in Unity. The 

actual player speed during movement, namely 𝑉𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑝𝑒𝑒𝑑, was updated using a continuous 

acceleration model (see Formula 1). When the player applied joystick, the speed increased 

each frame based on the formula, where 𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑅𝑎𝑡𝑒 was set to 2.0 m/s², 

𝑖𝑛𝑝𝑢𝑡𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒 represented the input intensity (ranging from 0 to 1), and 𝑑𝑒𝑙𝑡𝑎𝑇𝑖𝑚𝑒 

accounted for frame time to ensure time-consistent updates: 

𝑉𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑝𝑒𝑒𝑑+= 𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑅𝑎𝑡𝑒 ∗  𝑖𝑛𝑝𝑢𝑡𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒 ∗ 𝑑𝑒𝑙𝑡𝑎𝑇𝑖𝑚𝑒 (1) 

2.2.2.2 Conflict Probability Modeling and Operations 

As the core outcome of the interaction mechanism for assessing safety risks in shared space, 

the conflict probability between the player and nearby agents in this VR-integrated ABM was 

computed in four main steps: 

Step 1 Edge Distance (𝐃𝐞𝐝𝐠𝐞). The edge distance represents the shortest distance between 

the boundaries of the player and an agent, calculated as: 

Dedge = Dcenter − (Rplayer + Ragent) (2) 

where Dcenter is the center-to-center Euclidean distance, and Rplayer and Ragent are their 

radii. A zero or negative Dedge indicates physical overlap (potential conflict).  

This step is to identify whether the player and the closest agent are within potential conflict 

range. If Dedge is larger than 0, then conflict probability (Pconflict) is set to zero, and no further 

computation is performed.  

Step 2 Heading Difference (𝐇). The heading difference is the angular disparity between the 

movement directions of the player and the agent: 

∆𝐻 = |Hplayer + Hagent|, ∆𝐻 ∈ [0°, 180°] (3) 

This step is to quantify the angular disparity between movement directions. A heading 

difference of 90° represents the maximum crossing potential.  
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Step 3 Velocity Normalization. This step is to incorporate individual behavioral attributes 

and relative motion into conflict estimation, involving attributes related to velocities: 

• Reaction time (Treaction): a random value (0–1) representing an agent’s sensitivity to 

others. 

• Relaxation time (Trelaxation): a random value between 0.1 and 1 indicating how quickly 

the agent returns to normal speed; calculated as: 

Trelaxation = 1 − NFOV/10 (4) 

where NFOV is the number of agents in the field of view. 

• Actual velocity (Vactual): the actual velocity of an agent at current frame. 

Vactual = Vdesired ∗ 𝐶𝑙𝑎𝑚𝑝01(Trelaxation − Treaction) (5) 

• Combined velocity (Vcombined): the average of the player’s and agent’s normalized 

actual speeds, representing their relative approach speed. 

Vcombined = ((Vactual,player/Vmax,player) + (Vactual,agent/Vmax,agent))/2 (6) 

If Vcombined is below the velocity threshold (Ct = 0.5), conflict probability (Pconflict) is set to 

zero. 

Step 4 Conflict Probability Computation. This step calculates the final probability 

combining spatial and kinematic attributes: 

Pvelocity = 𝑅𝑎𝑛𝑑𝑜𝑚(0, Vcombined) (7) 

Pconflict = Cw ∗ Pheading + (1 − Cw) ∗ Pvelocity (8) 

where Cw is the conflict weight (0.5 in this study), Pheading is derived from the heading 

difference, and Pvelocity is proportional to Vcombined. 

Unlike Linnekamp’s original ABM, which used a fixed interaction radius, this study computed 

two types of conflict probabilities in real time to examine whether including peripersonal space 

would influence outcomes:  

(1) Physical conflict probability (ph_conflictProb): calculated the edge distance based on 3D 

models’ physical radii of both the closest agent and the player;  

(2) Visual conflict probability (vs_conflictProb): calculated the edge distance by the visual radii 

(physical radii + 30cm) to represent the perceptual buffer of peripersonal space.  

The descriptions of metrics involved calculating conflict probability are shown in Table 1. 

Table 1. Agent attributes Comparison  

 Linnekamp’s ABM VR-integrated ABM 

 Desired 

Speed 

(km/h) 

Visual 

Field 

(degree) 

Radius 

(m) 

Speed 

(km/h) 

Visual 

Field 

(degree) 

Physical 

Radius 

(m) 

Visual 

Radius 

(m) 

Pedestrian 2.5-7.5 120 0.5 2.5-7.5 120 3D model 

size 

3D model 

size+0.3 

Cyclist 5-22 120 0.8 5-22 120 3D model 

size 

3D model 

size+0.3 

Moped 5-22 120 1.0 5-22 120 3D model 

size 

3D model 

size+0.3 

During the VR simulation, participants were able to report experienced conflicts in two distinct 

ways by UI panels (see Fig 10). First, the system calculated the physical or visual conflict 

probability between the player and the nearest agent in real-time. Whenever the physical 

conflict probability exceeded 0.75, the system triggered a UI panel that prompted the player to 

confirm whether they had perceived a conflict. If the player selected “Yes,” the conflict was 

recorded as a physically triggered conflict. Second, participants recorded their perceived 

conflicts manually throughout the simulation by pressing the “A” button on the Oculus 

controller at any moment. This allowed participants to report visually perceived conflicts that 
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were not captured by the physical model. To support the user experiences, the simulation 

was built on the Oculus Integration SDK.  

 
Fig 10. Two-kind UIs for collecting user-marked conflict 

By calculating both physical conflict probability (based solely on model sizes) and visual 

conflict probability (including a perceptual buffer), and comparing each against user-marked 

conflicts, this study was able to test whether adding peripersonal space improves alignment 

between modeled and perceived conflicts, which is beneficial for determining whether 

Linnekamp’s ABM should incorporate perceptual buffers to better reflect human anticipatory 

reactions in shared spaces. 

2.2.2.3 Behavioral and System Performance Data Logging 

Apart from the ABM building and VR integration, all user-related data were continuously 

collected in the background through a single core script, MovementPattern.cs, which served 

as the central logging mechanism during the experiment. This script was responsible for 

exporting data at regular one-second intervals into structured .csv files. 

Each of the three output files corresponded to a specific aspect of the experiment: user 

behavior, user interaction, and system performance (see Appendix 2):  

(1) MovementData.csv records player timestamp, position (x, y, z), real-time speed 

(converted to km/h), physical/visual conflict probability, edge distances to the nearest agent, 

and gap stop, a hesitation-related metric defined by periods when speed falls below 0.2 km/h 

(≈ 0.055 m/s). This value is consistent with thresholds used in previous pedestrian behavior 

studies, where speeds below 0.1–0.2 m/s are commonly regarded as an indicator of a 

stationary state (Kretz et al., 2006);  

(2) PerformanceData.csv logs frame rate (FPS) and latency (ms) every second to monitor 

system performance;  

(3) CollisionData.csv stores confirmed or manual conflict interactions (either press “Yes” or 

“A”), including time, position, agent type, conflict probabilities, and player response.  

At the end of each task, when the player approached the designated ending point (within 15 

meters of the dock), an ending panel would automatically appear to signal simulation 

completion. This served both as visual confirmation and a behavioral cue. Upon triggering the 

exit button, the system flushed all buffered data into local CSV files. 
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2.2.3 Post-Simulation Visualization Dashboard 

To visualize the simulation results, this study developed a Streamlit-based dashboard. The 

frontend supports visualizations of logged data including system performance and movement 

visualizations. The dashboard read raw CSV logs (MovementData.csv, CollisionData.csv, and 

PerformanceData.csv) generated during simulation and processed these files using pandas 

and visualized using matplotlib, seaborn, and contextily for basemap overlays.  

In performance module, plots of frame rate (FPS) and latency over time were displayed to 

show the VR framework’s performance usability, with color-coded zones indicating 

safe/caution/danger ranges (see Fig 11). Latency refers to the delay between a user’s action 

and the corresponding system response (Murray, 2013; Raaen & Kjellmo, 2015), and it is 

often inversely associated with FPS, as higher frame rates tend to reduce perceptible delays 

and improve visual smoothness (Raaen & Kjellmo, 2015). However, this relationship is not 

consistently reported in the literature. Some studies suggest a strong correlation between 

FPS and latency, while others highlight non-linear or hardware-dependent interactions (Geris 

et al., 2024; Janzen & Teather, 2014). This inconsistency underscores the need to treat FPS 

and latency as complementary but independent performance metrics. Therefore, both were 

measured in this study to provide a more robust and comprehensive evaluation of framework 

performance. 

 

Fig 11. Performance module overview 
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The Movement Module integrated two types of visualizations (see Fig 12): (1) individual-level 

behavior plots, including movement patterns, user-marked conflicts versus edge distance, 

and versus player speed; (2) conflict-modeling-level plots, such as user-marked conflicts 

versus conflict probability and conflict probability versus gap stop. The first type provided 

insights into participant-agent interactions based on behavioral data, while the second type 

focused on validating how human perception aligned with the conflict modeling mechanism. 
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Fig 12. Movement module overview 

The movement pattern plot showed the player’s trajectory overlaid on a real-world basemap. 

Gap stop points, which were highlighted in blue dots, serving as a complementary measure to 

speed deceleration. In this study, gap stops larger than 0.5 seconds were considered 

meaningful pause events, following empirical thresholds linked to reaction or hesitation 

(Green, 2000; Rasouli et al., 2017). By plotting this, researchers were able to have a spatial 

overview of participants’ movement, and places where people had hesitation. This helped 

with exploring if the environment setting could influence people’s behavior change. 

Plots relating user-marked conflicts to player speed and edge distance were used to explore 

how perceived conflict correlates with Linnekamp’s ABM assumptions. For instance, in the 

speed plot, lower values in the “True” group suggest that participants were moving more slowly 

at the moment they perceived a conflict, potentially indicating caution or early hesitation. In 

contrast, in the edge distance plot, lower values for the “True” group imply that participants 

marked a conflict when other agents were physically closer, reinforcing the role of spatial 

proximity in triggering perceived risk. Understanding these patterns provides researchers with 

an overview of how participants behaviorally respond to perceived conflicts. 

After comparing the individual-level behaviors, it would be meaningful to look at how human 

perceived conflicts differed with the conflict algorithm. In the plots of user-marked conflicts 

with physical and visual conflict probability, if the “True” group has higher visual conflict 

probability than physical, it suggests users are more sensitive to what they see than to actual 

collisions. By comparing such results, it could provide insights towards Linnekamp’s conflict 

modelling algorithm. 

As discussed earlier, conflict probability is a composite metric that integrates edge distance, 

speed, and heading direction. Because edge distance is already embedded in its calculation, 

a high conflict probability inherently reflects close physical proximity. In contrast, gap stop, 

pauses in movement, are not included in the computation, and therefore represents an 

independent behavioral indicator. This means that while edge distance and gap stop can be 

analyzed separately, doing so would partially duplicate the information already contained in 

conflict probability. For the purpose of refining a conflict-oriented ABM, it is therefore more 

meaningful to examine how gap stops occur at different levels of conflict probability, as this 

can reveal whether high-risk situations, as modeled by the ABM, actually trigger hesitation or 

pauses in human behavior. 

To interpret this relation, the hexbin heatmap was plotted, with color intensity indicating the 

frequency of occurrences. Points concentrated in the lower-left suggest low perceived conflict 

and minimal hesitation, while distributions toward the upper-right may indicate increased 

pause duration in response to higher visual conflict.  

2.3 QoE Evaluation 

2.3.1 Participants 

A total of 10 participants (60% women, 40% men) took part in the usability evaluation of the 

VR-integrated framework. Among all the participants (see Fig 13), most of them (90%) held a 

master’s degree, while one participant (10%) was pursuing a PhD. Regarding age distribution, 

most fell into the 21-24 (30%) and 25-26 (30%) age ranges. In terms of prior experience with 

VR, familiarity varied: 30% had tried VR once or twice, another 30% reported occasional use, 

and 20% used VR regularly. Two participants (20%) had no prior experience with VR. Due to 

the preliminary nature of this study and time constraints, the sample size was relatively small. 

However, this aligns with the ‘Rule of Five’ of early-stage prototyping by Nielsen (2000), 

stating critical usability and behavioral issues can often be uncovered with as few as five 

users. 
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Fig 13. General Information Distribution of Participants 

2.3.2 Materials 

The experiment ran on a Meta Quest 3 headset connected to a personal laptop. The VR 

environment consisted of a training scenario with simple moving obstacles and a main 

simulation inspired by a real-world shared space near Amsterdam Central Station. 

Participants interacted using the Oculus joystick controller, which allowed manual input for 

perceived conflict events in addition to system-triggered prompts. 

2.3.3 Procedure 

The evaluation was conducted after a complete demonstration of all operations and system 

functionalities. The participant experience was divided into four phases: (1) a training session 

to familiarize users with VR operations, (2) a simulation session in a shared-space 

environment with behavioral data collection, (3) a demonstration of recorded movement data, 

and (4) a post-simulation questionnaire.  

The training session (see Fig 14) introduced participants to basic VR controls in a simplified 

environment with a start and end point. Moving cubes approached from both sides, and 

participants were instructed to walk while avoiding them. When nearing a cube, a system-

triggered panel prompted users to indicate if they had felt collisions. Participants could also 

press Button “A” to manually mark perceived, but system-unrecognized, conflicts. Upon 

reaching the endpoint, a confirmation panel marked the completion of training and transition 

to the simulation phase. A video of the training session can be found in Appendix 3. 
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Fig 14. Training session overview. (a) Training session models; (b) UIs in training session. 

Once the training session had been done, participants were transferred to the simulation 

session, where they were required to finish a navigation task from the spawn point to the ferry 

dock and their behavioral data as well as system performance data were recorded all the 

way. A video of the simulation session can be found in Appendix 4. 

2.3.4 Measures 

To evaluate QoE in the VR-based ABM framework, this study measured (1) subjective 

metrics of user experience (e.g., presence, usability) and (2) objective metrics of system 

performance (e.g., FPS, latency). Subjective data were collected via a post-use questionnaire 

comprising user experience items, open-ended questions, and general user information (see 

Appendix 5). Objective performance data were logged in Unity during the experiments. 

For the user experience items, instead of administering full versions of existing 

questionnaires, this study selected items from multiple validated instruments to capture 

targeted aspects of user experience relevant to the VR task. This modular selection approach 

has been adopted in prior research to reduce respondent burden (Rolstad et al., 2011). 

Meanwhile, according to Witmer & Singer (1998), shortened or adapted scales remain valid 

when theoretically grounded. Four key QoE dimensions were measured using a 10-point 

Likert scale (1 = strongly disagree, 10 = strongly agree) (Y. M. Kim & Rhiu, 2024; Tcha-Tokey 

et al., 2016; Witmer & Singer, 1998; Zhao et al., 2020, 2022):  

• Presence, adapted from the MEC Spatial Presence Questionnaire (MEC-SPQ) and 

the Presence Questionnaire (PQ), refers to the extent to which users feel physically 

and psychologically “present” in the virtual environment. Example items include: 

“I felt like I was really inside the virtual space.” 

“The environment seemed real to me.” 

• Usability, derived from the System Usability Scale (SUS) and the Unified Theory of 

Acceptance and Use of Technology (UTAUT), measures ease of use, intuitiveness, 

and perceived usefulness. Example items include: 

“I found the system easy to navigate.” 

• Emotion and satisfaction, measured with items from the Affect Grid Questionnaire 

(AEQ) and Flow4D16, evaluates how enjoyable and engaging the experience was. 

Example items include: 

“I enjoyed using the simulation.” 

“Time passed quickly while I was using the system.” 

• Cybersickness, assessed using negatively worded items from the Simulator Sickness 

Questionnaire (SSQ), captures symptoms such as nausea, dizziness, and discomfort 
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during VR use. Example items include: 

“I felt nauseated while using the simulation.” 

“I experienced dizziness or eyestrain.” 

To minimize response bias, the items included a mix of positively and negatively worded 

statements (X. Zhang et al., 2016). For example, the statement “I would imagine that most 

people would learn to use this system very quickly” was paired with the reverse-coded item “I 

needed to learn a lot of things before I could get going with this system.” However, for 

cybersickness, only negatively worded statements were used.  

The open-ended questions asked participants to describe their favorite and least favorite 

aspects of the framework and provide impressions of the visualization dashboard. The final 

section collected demographic details, including age, gender, education level, and VR 

familiarity. 

During analysis, all negatively worded items, except those for cybersickness, were reverse 

coded to ensure consistency in scoring. Qualitative responses were analyzed using thematic 

analysis following Braun and Clarke (2006). Themes were identified based on (1) Generality 

(mentioned by ≥2 participants), and (2) Relevance to the study’s core focus (e.g., perceived 

usability in immersive environments), rather than frequency alone (Byrne, 2022; Vasileiou et 

al., 2018).  

For system performance, this study logged FPS and latency in Unity during each trial and 

compared them between low- and high-density scenarios to examine whether environmental 

complexity affected system performance. Median values and variability were used due to non-

normal data distributions, enabling the identification of density-related FPS differences while 

confirming that latency remained similar across conditions. 

2.4 Generating Insights for ABM Refinement 

To derive preliminary insights for refining Linnekamp’s ABM, this study analyzed system and 

behavioral data collected from the QoE experiments. The goal was to link observed human 

behaviors in the VR environment to the ABM’s core components - agent attributes, behavioral 

rules, and scenario parameters - while also evaluating the system performance of the VR-

integrated ABM framework. 

First, system performance (FPS and latency) was examined across traffic density scenarios 

to assess whether technical constraints might have influenced participant behavior. Second, 

individual-level behavioral patterns, including movement speed, gap stops, and movement 

trajectories, were analyzed to identify agent role and density differences in mobility and 

hesitation behaviors. Third, conflict modeling was evaluated by computing two conflict 

probability metrics (physical and visual) and comparing them with user-marked conflicts to 

assess whether system-calculated metrics align with human-perceived conflicts, and whether 

incorporating perceptual buffers improves this alignment. Finally, scenario-level influences 

were examined to understand how environmental factors, which was traffic density in this 

study, shaped behaviors such as personal space maintenance, speed adjustments, and 

perceived conflicts. This systematic analysis not only identified behavioral rules for refinement 

(e.g., perceptual-based conflict detection) but also highlighted how traffic densities and role 

types modulated behaviors, thereby providing valuable directions for improving Linnekamp’s 

ABM’s applicability. 
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3. Results 

3.1 QoE Evaluation Results 

3.1.1 User Experience Results 

For user experience questions (see Fig 15), participants reported a generally high sense of 

presence, with overall mean scores of 7.1, suggesting that participants generally felt 

immersed and engaged in the virtual traffic environment. Usability-related statements had 

generally high mean scores among all participants (8.1). Participants agreed that most people 

would learn to use the system quickly (M = 7.9, SD = 1.29) and indicated a high level of clarity 

in repeat usage (M = 8.1, SD = 1.73). In emotion domain, most participants had positive 

emotional engagement. However, high standard deviations (typically > 2.5) were found across 

emotional items, indicating substantial individual differences. This huge difference can also be 

found in statements regarding cybersickness, while mean scores were generally low to 

moderate (e.g., nausea: M = 3.8, SD = 3.49; dizziness: M = 5.2, SD = 3.52), four participants 

(n = 4, 40%) explicitly reported high level of dizziness, discomfort, or motion sickness in open-

ended responses. The table for all categories and descriptive statistics of the statements are 

listed in Appendix 6. 

 
Fig 15. QoE Results by type 

For open question results (see Appendix 7), positive feedback emphasized the interactive 

experience and clarity of visualization. Four participants (40%) highlighted interaction with the 

environment as their favorite feature, while three (30%) appreciated the realistic modeling of 

the virtual scene. The built-in tutorial was also mentioned as helpful by one participant. 

Regarding data visualizations, most participants (n = 6, 60%) found the outputs intuitive and 

easy to interpret, describing them as “explainable” and suitable for tracking transport 

behavior. 

However, several areas for improvement were also identified. Three participants (30%) 

mentioned control difficulties, particularly with the hand-held controllers, describing them as 

less intuitive than traditional input devices. Additionally, cybersickness emerged again as a 

concern, with four participants (40%) reporting symptoms such as dizziness or discomfort 

during VR usage. This aligns with the wide variance observed in cybersickness-related 

questions. It is worth noting that the two participants with limited VR experience gave 

questions related to cybersickness relatively low scores and mentioned motion sickness in 

open question session. 
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To enhance immersion and user comfort, participants suggested multi-sensory add-ons (n = 

6, 60%), including environmental sounds, vibration during collisions, and background music, 

to improve immersion level. Others proposed increasing environmental variation (n = 2, 20%), 

such as changing agent appearances and spawn behaviors. Although most users found the 

visualization understandable, two participants (n = 2, 20%) expressed a desire for clearer 

feedback during simulation (e.g., on-screen collision messages or summary metrics). 

3.1.2 System Performance Results 

According to the FPS distribution (see Fig 16), low-density scenarios showed a higher median 

FPS (Md = 58.59) compared to high-density scenarios (Md = 36.63). In the latency plot, the 

difference was minimal: high-density trials had a median latency of 28.81 ms, while low-density 

trials had a slightly higher median of 28.98 ms. Despite variability within each group, these 

median values suggest that frame rates decreased under higher density, while latency 

remained comparable across both conditions. 

 

Fig 16. System performance by density 

 

3.2 Behavioral Results 

Due to the free-selection setting during the evaluation phase, participants were allowed to 

choose their preferred player role and scenario. As a result, the final distribution across 

conditions was unbalanced (see Fig 17): more participants experienced the high-density 

condition, and pedestrian was the most common player type. No participant selected moped. 

In the high-density group, five pedestrians and two cyclists participated; in the low-density 

group, two cyclists and one pedestrian were involved.  
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Fig 17. Participant composition by agent type and density 

Considering the construction procedure of ABM, which begins with defining agent behavioral 

parameters and subsequently modeling interactions such as conflicts, the following analysis is 

organized into three domains: (1) Individual-level behavioral patterns; (2) Conflict modelling 

insights; and (3) Scenario-level influences. Due to the limited sample size and uneven 

distribution across key dimensions (e.g., density levels, player types), statistical summaries are 

consistently based on median values rather than means to better represent typical behaviors. 

In addition, for metrics with a large number of null or zero values, such as gap stop, this study 

filtered out zeros in order to obtain a clearer overview of the distribution and avoid distortions 

caused by non-informative data points. 

3.3.1 Individual-level behavioral patterns 

There are three parameters collected in this study that were relevant to Linnekamp’s ABM agent 

behavioral rules: speed, gap stop, and overall movement pattern. To compare these parameters 

with real-human perceived conflicts, this study conducted the following analysis: (1) Movement 

pattern; (2) User-marked conflict vs Player speed vs Gap stop. Same as the plots in 

visualization dashboard, a gap stop larger than 0.5 seconds was used as the threshold for 

filrtering.  

3.3.1.1 Movement Pattern with Gap Stop  

Across participants who exhibited gap stops (>0.5s), movement patterns (see Fig 18) showed 

frequent stop-and-go behaviors, particularly among pedestrians in the high-density condition 

(e.g. P5, P10). Gap events were spatially gathered around starting point and cross road 

between Amsterdam Central Station and port. In high-density conditions, participants such as 

6 and 10 showed dense concentrations of gap points. 
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Fig 18. Movement pattern with gap stop 

3.3.1.2 Perceived Conflicts with Speed and Gap Stops 

This analysis investigates the relationship between user-marked conflict (shown as pink dots), 

player speed (gray lines), and gap stop > 0.5s (blue pans) (see Fig 19 & Fig 20). Due to the 

small sample size and heterogeneous agent types, the focus remains on individual-level 

patterns rather than aggregate trends. 

Participants in high-density scenarios generally exhibited more gap stops than those in low-

density scenarios, suggesting density may influence hesitation frequency. User-marked 

conflicts are not always associated with speed. While some participants (e.g., P2, P3, and 

P10) reported conflicts during low-speed or stop phases, others (e.g., P1 and P6) marked 

conflict even while moving at relatively high, stable speeds. Gap occurrences sometimes 

overlap with conflict markings, but the alignment is inconsistent. In cases like P5 and P10, 

certain perceived conflicts happened during gaps, suggesting some users might choose to 

stop in response to conflict. However, many other conflict points occurred outside gap 

intervals, showing that stopping is neither a universal strategy for perceived conflicts. 
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Fig 19. Speed over time with user-marked conflict (high-density) 

 

Fig 20. Speed over time with user-marked conflict (low-density) 
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3.3.2 Conflict modelling insights 

3.3.2.1 Conflict Probability vs User-marked Conflict 

In Linnekamp’s ABM, a conflict is determined based on the calculated conflict probability: when 

the probability between two agents exceeds a threshold of 0.75, a conflict is registered. This 

probability is a function of several variables, including edge distance (derived from the radii of 

agents), heading difference, and agent speed. This study inherrited this algorithem, but 

calculated two kinds of conflict probabilities: physical conflict probability which was based on 

the mdoel boundary radius, and the visual conflict probability which was based on the 

peripersonal boundary radius. The aim is to assess which formulation - physical or visual - 

better aligns with user-marked conflicts. 

The results (see Table 2) revealed an unexpected pattern: when participants marked a 

conflict, the system’s calculated physical conflict probabilities were lower than in situations 

they did not mark as conflicts (mean = 0.07 vs mean = 0.15). This means the system-

calculated high conflict probabilities were not perceived as conflicts by users, and the conflicts 

users did perceive often have relatively low calculated conflict probabilities.  

For visual conflict probability, the values appeared more consistent with user-marked conflicts 

(mean = 0.04 when participants reported perceived conflicts, and mean = 0 when they did 

not). However, when comparing the results of physical and visual conflict probabilities, this 

pattern may be misleading. Theoretically, visual conflict probability should be equal to or 

higher than physical conflict probability at any given moment, since it is calculated using a 

larger perceptual radius. In contrast, the results showed the opposite: visual conflict 

probability was not only lower in magnitude (mean = 0.04) than physical conflict probability 

(mean = 0.07), but also occurred less frequently. In many frames where physical conflict 

probability was non-zero, visual conflict probability remained zero. This discrepancy is likely 

due to a system implementation error in the current framework, which is discussed in detail in 

section 5. 

Table 2. Mean physical (ph_conflictProb) and visual (vs_conflictProb) conflict probabilities 

(non-zero only) when conflicts were marked or not. Higher means indicate greater calculated 

conflict probability.  

Metric Conflict Marked Mean 

ph_conflictProb 

(non-zero) 

Marked 0.07 

Not Marked 0.15 

vs_conflictProb 

(non-zero) 

Marked 0.04 

Not Marked 0 

3.3.2.2 Conflict Probability vs Gap stop 

Like the visualization dashboard, this section uses hexbin heatmap (see Fig 21) to assess the 

relationship between physical/visual conflict probability and gap stop > 0.5s. The color intensity 

indicates the frequency of pause occurrences.  

From the heatmaps, most gap stops occurred when both physical conflict probability and 

visual conflict probability were low. Similarly to the previous analysis, physical conflict 

probability had higher values than visual conflict probability. But for both metrics, gap stop had 

a generally consistent trend. When large gap stop happened, the probability metrics were low, 

suggesting that the length of gap stops was probably not relevant with calculated 

probabilities. 



 

28 
 

 

Fig 21. Conflict Probability vs Gap stop 

3.3.3 Scenario-level influence 

3.3.3.1 Behavioral Differences Under Density Scenarios 

The comparison between high- and low-density scenarios has several differences in behavior 

(see Fig 22). First, participants moved slightly faster in low-density settings (Md = 7.33 km/h) 

compared to high-density ones (Md = 6.70 km/h). Gap stops were slightly longer in high-density 

conditions (Md = 0.06 s vs. 0.04 s), indicating that users are more likely to pause or hesitate 

when surrounded by more agents. 

For conflict-relative metrics, physical conflict probability increased under high density (Md = 

0.40 vs. 0.28, visual conflict probability was higher in low-density scenarios (Md = 0.47 vs. 

0.38). Edge distance metrics followed a similar pattern: both physical and visual edge 

distances were substantially larger in low-density settings (ph: Md = 11.50 vs. 6.63; vs: Md = 

10.17 vs. 5.31), indicating that users maintain broader personal space when not constrained 

by crowding. However, this result can also be caused by the system implementation error 

mentioned above, which is discussed in section 5. 
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Fig 22. Comparison of Behavioral Metrics under Low vs High Density 

3.3.3.2 Behavioral Differences Across Player Types 

Cyclists exhibited faster and more continuous movement patterns compared to pedestrians. 

The median speed for cyclists was 7.5 km/h, higher than that of pedestrians at 6.73 km/h. Gap 

durations, which was used to capture brief pauses or deaccelerations, were shorter for cyclists 

(0.04 s) than for pedestrians (0.06 s), indicating fewer interruptions in movement. The median 

physical conflict probability was higher among cyclists (0.45) than pedestrians (0.38), while the 

median visual conflict probability showed the opposite trend: cyclists had a lower value (0.34) 

compared to pedestrians (0.39). Similarly, for participants playing the type of cyclist, visual 

conflict probability was lower than physical conflict probability, as found in the previous section. 

While this phenomenon turned opposite in the case of pedestrians. 

Table 3. Statistical Description of Behavioral Differences Across Player Types  

Player 
Median 

Speed 

Median 

GapSize (non-

zero) 

Median 

ph_conflictProb 

(non-zero) 

Median 

vs_conflictProb  

(non-zero) 

cyclist 7.5 0.04 0.45 0.34 

pedestrian 6.73 0.06 0.38 0.39 
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3.3.3.3 Nearest Agent Type at User-Marked Conflict Moments 

This section demonstrates the nearest agent type at moments when users marked a perceived 

conflict, categorized by density condition (see Fig 23). Under high-density conditions, a total of 

88 user-marked conflicts were recorded, involving pedestrian agents most frequently (n = 53), 

followed by cyclists (n = 30) and mopeds (n = 4). In contrast, the low-density condition yielded 

only 13 user-marked conflicts, with a reversed pattern: 8 involved cyclists and 4 involved 

pedestrians. This suggests a shift in perceived conflict types between density conditions, where 

pedestrians dominate in crowded settings, while cyclists appear more prominently in sparser 

traffic.  

 

Fig 23. Agent type composition when user marked conflict   
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4. Discussion  

This study aims to bridge the knowledge gap of how to model complex, multi-user interactions 

in shared spaces by integrating VR-based behavioral data collection with a researcher-facing 

visualization and analysis dashboard, addressing the current lack of tools for real-time 

experiment feedback and ABM refinement. The main research question is divided into five 

sub-questions: the first three focus on framework development, including integrating 

behavioral data collection, environmental factors, and a visualization & analysis dashboard. 

The fourth examines quality of experience (QoE) through a 10-participant experiment, and the 

fifth explores the preliminary insights to refine Linnekamp’s ABM. The following sections 

discuss the five sub-questions respectively to demonstrate how the proposed framework 

addresses these methodological and practical challenges. 

4.1 Development of the VR-integrated ABM Framework 

4.1.1 Behavioral Logging and Conflict Detection in VR 

In this VR-integrated ABM framework, behavioral data was logged in each frame, covering 

player position, speed (in m/s and km/h), alongside continuous calculation of visual and 

physical conflict probabilities based on edge distance to nearby agents by script 

MovementPattern.cs. In addition to motion data, subjective perceptions of conflict were 

captured in real time through in-experiment UI panels, allowing participants to actively 

indicate perceived conflict situations. 

The technical design of the system was built using Unity and the Oculus XR Integration 

package, relying on OVRPlayerController for player movement. Participants navigated the 

scene using joystick input and rotated the view by headset, trying to mimic the real human 

behavior - people use their heads to look around (headset), and go forward by feet (joysticks) 

- to add up immersion level. All player actions were logged into structured CSV files, with 

movement and conflict events recorded separately, ensuring clean data separation for later 

analysis. 

Compared to existing Unity-based behavioral logging systems, this framework offers several 

improvements. For instance, Feng et al. (2021) developed a VR system that recorded player 

waypoints, head orientation, and region transitions per frame, with data exported in JSON 

format. Their logging included spatial and directional information, but interaction events were 

only recorded upon occurrence, rather than continuously tracked. Foszner et al. (2023) also 

emphasized frame-by-frame trajectory recording, offering an open-source toolkit for validating 

tracking algorithms and supporting export in both CSV and JSON formats. Ugwitz et al. 

(2021) took a different approach, using Unity’s trigger zones, raycasting, and keypress-based 

events to log user interactions. However, their default system only captured discrete 

interaction moments and required manual extensions to track continuous player movement. In 

contrast, the study combined the strengths of real-time trajectory logging with the calculation 

of derived behavioral metrics, such as conflict probability, and incorporated a user-facing 

feedback interface, supporting a more comprehensive behavioral dataset and enabling in-

depth analysis of differences in behavioral and perceived conflicts across different traffic 

environments. 

Beyond data collection, this framework was highly modularized, making the current setup can 

be extended to include additional environmental factors such as visibility occlusion, signage, 

auditory cues, or road surface conditions. Because the key data structures were defined 

within customizable Unity scripts, integrating new variables into the frame-by-frame logging 

pipeline requires less modification to the system’s core architecture. 
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4.1.2 Density-Controlled Agent Simulation and Its Effects 

This study adopted traffic density as the primary environmental factor, controlled through 

agent spawning frequency while keeping the agent type ratio constant. Specifically, this study 

followed the agent-type distribution from Linnekamp’s ABM simulations (58% cyclists, 35% 

pedestrians, 7% mopeds) based on in-field observations, but adjusted the spawn rate to 

create distinct density conditions referring to literatures. In the high-density scenario, agents 

were spawned every 0.5 seconds (4,500 agents/hour), whereas the low-density condition 

used a 2-second interval (1,500 agents/hour).  

The framework was implemented in Unity using the NavMesh system and AI Navigation 

package to control agent movement across walkable surfaces, to ensure valid pathfinding 

without relying on computationally intensive crowd physics models. To maintain 

computational efficiency, especially under high-density conditions, several graphical 

optimizations were applied, including the use of Level of Detail (LOD) to avoid rendering 

distant high-resolution materials, and compression of character textures to reduce GPU load. 

Compared to existing approaches, such as the static agent number method used by Koilias et 

al. (2020) or the area-based density model by Dickinson et al. (2020), the dynamic, flow-

based spawning strategy adopted in this study offered a more continuous and immersive 

representation of urban traffic. In contrast, Koilias et al.'s static quantity control is simple and 

suitable for small-scale simulations but lacks dynamic flow and can result in unnatural initial 

configurations (e.g. at the beginning of situation, there will be lots of agents crowding in the 

generation point). This study’s approach is more aligned with Choi et al. (2024), who used 

Unity's NavMesh system to guide agents with varying speeds and continuous spawn rates, 

enabling real-time density fluctuations. However, unlike Choi et al., this study did not 

differentiate spawn frequency by agent type, which is a potential enhancement for future work 

to better reflect real-world heterogeneity in flow composition. 

4.1.3 Visualization and Analysis Dashboard for Post-Experiment 

To connect visualized analysis with the VR-integrated ABM framework, this study developed 

a Python-based visualization dashboard. Exported CSV files containing movement and 

interaction logs were processed in the back end and displayed through a user-friendly 

Streamlit web interface. This setup allowed researchers to explore participant behavior 

patterns, conflict frequency, and performance metrics after each experiment session. The 

design prioritized modularity and interpretability: data collection, processing, and visualization 

were handled by separate components, making it easy to adapt the system to other scenarios 

or input formats. 

Till now, research exploring Unity and front-end integration has been still limited. In Kim et 

al.’s Unity-web system (2025a, 2025b), they did not directly log raw interaction data but 

instead route simulation outputs to pre-defined visual analytics platforms. In their work, Unity 

interactions were captured using UAD modes, and behavioral data was streamed to time-

series databases like InfluxDB, then visualized using Grafana. These systems often 

incorporate point cloud representations and large language models (LLMs) to infer behavioral 

context and generate semantic summaries. In contrast, this study’s framework focuses on 

post-session behavior exploration, emphasizing lightweight deployment and researcher 

control. While the framework does not yet integrate time-series data nor LLM analysis, its 

separation of modules ensures compatibility with future upgrades such as auditory stimuli, 

green space simulation, or LLM-assisted interpretation.  

4.2 QoE of the VR-Integrated ABM Framework 

The user evaluation results suggest that the VR-based ABM framework generally achieved 
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strong usability and immersion. Most participants found the system easy to learn and 

engaging to use, with usability scores exceeding 8.0 and presence ratings averaging 7.1. 

These findings are supported by open-ended feedback, where participants highlighted the 

intuitive interface and clear visualization as key strengths. This matches findings from other 

studies. For instance, Argota Sánchez-Vaquerizo et al. (2024) found that pedestrian decisions 

in a VR street crossing task were highly consistent with those made in real life. This supports 

the idea that this VR-integrated ABM framework can be used as a substitute for real-world 

environments in behavior research to an extent. 

However, high standard deviations in emotion- and cybersickness-related items point to 

substantial individual differences in user experience. While the average reported discomfort 

levels were moderate, 40% of participants explicitly reported symptoms such as motion 

sickness, particularly those with limited prior VR exposure, which is similar to results from 

Pöhlmann et al. (2024), who found that people with video game experience but no VR 

background had fewer symptoms than those with no experience at all. Beyond individual 

differences, system performance may also have contributed to discomfort: in high-density 

scenarios, the mean FPS was notably lower while latency remained relatively stable across 

conditions, it is a pattern consistent with VR performance studies showing that reduced 

rendering performance under higher system load leads to noticeable frame rate drops even 

when end-to-end latency does not significantly worsen (Wang et al., 2023). Such reductions 

in visual smoothness can aggravate motion sickness and potentially affect the accuracy and 

consistency of behavioral data, which is particularly relevant for this VR-integrated ABM 

framework that relies on participants making decisions in dynamic and complex shared space 

environments, even though presence and immersion scores remained acceptable. 

For framework improvement, participants in this study recommended adding multisensory 

elements such as environmental sounds, vibration cues, and real-time feedback. Similar 

approaches have been shown effective in previous research. Seinfeld et al. (2022) 

demonstrated that combining visual, auditory, and tactile cues can reduce motion-related 

discomfort. Bosman et al. (2024) also found that spatial audio and ambient sound significantly 

enhance immersion and help maintain user attention. These insights highlight the potential of 

multisensory interaction to improve user experience in VR-based simulations. 

On the system performance side, high traffic density scenario had lower FPS, although 

latency remained stable across conditions. This aligns with findings from VR performance 

studies, which show that reduced rendering performance (e.g., when system load increases) 

leads to noticeable drops in frame rates, even while end-to-end latency may not necessarily 

worsen significantly (Wang et al., 2023). 

4.3 Insights for ABM Refinement 

4.3.1 Individual behavior rules should reflect diverse and role-specific reaction strategies 

In this study’s result of Perceived Conflicts with Speed and Gap Stops, individual participants 

showed a wide range of behaviors when navigating shared spaces. However, Linnekamp’s 

ABM assumes a single conflict avoidance strategy - slowing down, based on a combination of 

reaction time and relaxation time, which reduce speed when others appear in the agent’s field 

of view. In contrast, in this study, some still felt conflicts even at low speeds, and not all 

participants slowed down when they sensed a potential conflict, suggesting that people have 

different reaction styles. This result aligns with the research of Ning & Li’s (2022), which 

stated that people’s collision avoidance included not only speed, but also waiting and 

detouring. Therefore, instead of simplifying all agents to just slow down when others appear, 

ABM should include a more complicated strategy module that reflects a variety of reactions, 

such as personal preferences.  

A similar pattern was found in Behavioral Differences Across Player Types, where pedestrians 

exhibited longer gap durations than cyclists, who tended to move faster with fewer 
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interruptions. This indicates that different roles adopt different movement strategies, 

supporting the idea of using type-specific perception models in ABMs. For instance, cyclists 

may require narrower FOV and stronger speed-related penalties, while pedestrians may 

respond more broadly but with delayed reactions (Mastora et al., 2023). 

4.3.2 Conflict probability modeling should incorporate perceptual and contextual information 

As to conflict probability modelling mechanism, this study found an interesting result: people 

felt more “being conflicted” when the physical conflict probability was low. To explain this, 

there could be two possibilities: (1) Overly strict and simplified algorithm for calculating conflict 

probability; (2) Human perception delay; (3) Lack of environmental information.  

Back to Linnekamp’s ABM, the conflict probability was dominated by a series of strict 

requirements: (1) There must have been a physical overlap between two agents’ radius; (2) 

The combined velocity is larger than 0.5 (the threshold of Ct). If one requirement fails, the 

conflict probability returns to 0. Also, this algorithm mainly focused on instantaneous 

parameters such as distance, speed, and the number of agents per frame. While Jiao et al. 

(2025) pointed out that the context information, especially the accumulated number of agents 

in view, can also influenced the conflict probability – for instance, when people see lots of 

agents coming to them, it is more likely to have a conflict due to nervousness.  

On the other hand, human perception is not always aligned with objective conflict – they tend 

to perceive the conflict before or after it physically occurs (Kaß et al., 2018), making the result 

seems against common sense. Participants also noted that missing environmental 

information (e.g., sounds of vehicles) affected their behavior and perception in the QoE 

questionnaire, particularly for side or rear conflicts (Payzan-LeNestour et al., 2021; Sayin et 

al., 2015). This can also be a cause for the wicked result of comparing user-marked conflict 

with conflict probabilities and gap stops. To improve ABM, it would be valuable to incorporate 

contextual and historical information (e.g. the speed of agents, and the number of agents in 

the player’s field of view over the past few frames) into the conflict modelling mechanism.  

Another aspect worth discussing is the differences between perceived conflict and the conflict 

that indeed happens. As mentioned above, human perception might not be the perfect 

substitute to be accounted as “ground truth”, but it significantly shapes behavioral responses 

(Ihssian & Ismail, 2023). This study suggests taking this human perception data as a behavior 

trigger, it is more important to know what the mechanism is between human perception, their 

reactions based on the perception, and finally the consequences of the reactions (e.g. 

conflict). Further study is needed to explore the role of perceived conflict in shared space 

interactions (e.g. “How does behavior change when a conflict is perceived in a complex 

interaction environment?” or “Under what conditions is conflict more easily perceived?”), and 

to corporate such perception-behavior interaction into the agent rules and the calculation of 

conflict probability.  

4.3.3 Scenario-aware rules should be added to simulate density-based behavioral variation 

When comparing different density scenarios, participants showed lower speeds and longer 

hesitation gaps in low density scenario, suggesting a more cautious movement style. This 

aligns with findings from Sieben et al. (2017), who reported increased hesitation and 

avoidance behavior under crowded environments. Such results indicate that high-density 

settings naturally induce behavioral hesitation. 

User-marked conflicts towards different agent types also depend on density. In high-density 

scenarios, perceived conflicts were often caused by nearby pedestrians, while in low-density 

settings, they were more often linked to fast-approaching cyclists, even though the proportion 

of each agent type was fixed. This pattern may be explained by different underlying reaction 
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mechanisms. As noted in Appert-Rolland et al. (2018), in low-density environments, 

individuals tend to react more strongly to fast or sudden-moving objects, likely because such 

movements stand out more against an otherwise calm background. In contrast, under high-

density conditions, people are more sensitive to the mental burden caused by immediate 

proximity and frequent micro-interactions, leading to increased perceived conflict by nearby 

agents regardless of speed (Engelniederhammer et al., 2019). Therefore, when improving 

ABM systems, it may be useful to implement density-sensitive behavioral rules. For instance, 

in low-density contexts, agents could have enhanced responsiveness to fast-moving objects 

by shortening reaction time or assigning higher conflict weight to high-speed agents. In high-

density scenarios, emphasis could shift toward proximity-based hesitation or increased 

frequency of micro-conflict detection.  

To summarize, there are three possible directions to improve Linnekamps’ ABM. First, agent 

behaviors should reflect the diversity of human strategies beyond simple deceleration. 

Second, conflict modeling should go beyond strict geometric thresholds to include perceptual 

delay, visual load, and environmental cues. Further research about the mechanism between 

perception and reaction should be emphasized. Third, behavioral rules should be context-

aware: agents in low-density settings may need faster responses to sudden movements, 

while high-density scenarios require greater sensitivity to proximity and micro-interactions.  
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5. Limitations 

5.1 Development Constraints: Behavioral Data Accuracy and Interaction Timing 

Several technical limitations during the development and implementation of the VR system 

may have influenced user behavior and data accuracy. A key technical issue was the 

misalignment between visual conflict probability and physical conflict probability, as shown in 

section 3.2.2.2 and 3.2.2.3. Naturally, visual conflict probability should be larger than the 

physical conflict probability at any frame. While in this study, the visual result was also 

occasionally lower than physical conflict probability. This can be caused by the logging 

sequence, where the physical conflict probability was first logged, then the visual conflict 

probability. Although there is a sequence, they should both be logged within the same frame. 

The time sequence can result in a lower visual conflict probability.  

In addition, the UI panel for user feedback occasionally appeared with a delay, causing 

participants to miss the intended response window. This not only introduced temporal 

mismatches but also disrupted participants’ natural behavior. For future development, it may 

be more effective to remove the conflict panel altogether and rely solely on user-initiated 

conflict markings. This would reduce timing inconsistencies and prevent interruptions caused 

by sudden interface pop-ups, allowing participants to behave more naturally and realistically 

within the simulated environment. 

Last, although different agent types (pedestrian vs cyclist/moped) were assigned different eye 

heights in the script and verified in the Unity console, the height differences were still not 

visually obvious from the VR perspective. This may have influenced how participants 

observed the environment and how they reacted (Bailenson et al., 2001). Further implement 

to increase the vertical differentiation between agent types is needed. 

5.2 QoE Constraints: Realism, Interaction, and Cybersickness 

From the questionnaire results, the motion model of agents, based on Unity's NavMesh 

package, lacked smooth turning and realistic speed changes, which some participants noted 

as unrealistic. This limited behavioral credibility may have reduced user trust and affected 

their willingness to engage with the agents meaningfully. High-resolution agents and more 

smooth movement should be adapted in later version of this framework. Apart from this, multi-

sensory modules (e.g. sounds) and more flexible way of operation (e.g. using joystick to 

rotate view), can be added to the framework to improve QoE. 

Another frequently reported issue was cybersickness. One contributing factor was that 

several participants were first-time VR users; their lack of familiarity with immersive 

environments likely increased their susceptibility to motion sickness (da Silva Marinho et al., 

2022). The other reason was relevant to the system performance. system performance 

played a role. Under high-density scenarios, the FPS became unstable and latency 

increased, both of which are known to aggravate cybersickness symptoms (C. Zhang, 2020). 

This can be caused by the laptop’s computation capacity. 

5.3 Insight Constraints: Sample Size and Condition Distribution 

This study hosted a small-scale experiment for getting real participants’ behavioral data for 

ABM refinement. However, there are two constraints that may hinder the collection of 

comprehensive insights: First, despite the preliminary results, it is important to acknowledge 

that the limited participant sample in this study may have introduced measurement errors and 

explanatory bias. Future research should involve a larger and more diverse sample to 

enhance the generalizability and robustness of the findings. Second, in the experiment 

design, participants were free to choose their preferred agent type and density. However, in a 
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small-sample experiment, this setting does not easily produce a balanced distribution of 

conditions for ABM refinement. For example, in this study, far more participants chose the 

high-density condition than the low-density condition, and pedestrians were selected most 

frequently, while no participant chose the moped agent type. In a small-sample study, pre-

assigning each participant’s role and density would clearly result in a more evenly distributed 

dataset. 
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6. Future Suggestions 

Future development of the VR-integrated framework can proceed in several directions: (1) 

Functional optimization and compatibility expansion; (2) Diversification of experimental 

design; (3) Expanded applications. 

For function optimization and compatibility expansion, first, introducing a reaction time buffer 

could help mitigate the current issue of timestamp mismatches between system-recorded and 

user-marked behaviors. Second, the current system is limited to visual field and proximity-

based cues. Integrating multisensory inputs, such as directional sound cues, peripheral blur, 

or partial occlusion, could better simulate real-world perception and enhance the validity of 

conflict detection mechanisms. In addition, the field of view and camera height could be 

further adjusted to create clearer distinctions between agent types, improving participants’ 

depth perception and spatial awareness, which may in turn lead to more realistic behavioral 

responses. Third, for data collection, integrating eye-tracking or physiological sensors (e.g., 

heart rate monitors) would allow for more objective detection of user attention and stress 

levels during conflict episodes. Then, migrating the platform to OpenXR, an open-standard 

API for VR/AR development, is highly recommended. Unlike Oculus Integration, OpenXR 

does not provide pre-packaged scripts (e.g., OVRPlayerController), but it offers long-term 

support, integrates more seamlessly with Unity’s toolchain, and enables cross-platform 

development. This would allow the framework to be deployed on various headsets such as 

Pico or HTC Vive, facilitating broader user testing and application in different environments. 

Finally, for better system performance and less cybersickness, computers with powerful 

computation capabilities are highly recommended.  

On the experimental design side, more complex traffic interaction scenarios should be 

introduced. The current setup mainly involves linear movement and a limited number of agent 

types. Future iterations could include bidirectional flows, multiple simultaneous tasks, 

alternating between conflict and non-conflict missions, and various types of agents (e.g. 

pedestrian, moped, cyclist, driver, scooter riders) to simulate cooperative or competitive 

dynamics. Moreover, for future experiments, the participant pool should be diversified beyond 

university students. Including elderly individuals, children, or habitual cyclists would offer 

deeper insights into how different user groups perceive and respond to conflict in shared 

spaces. Additionally, facilities with higher computational capacity are generally preferred, as 

they improve system smoothness and reduce the risk of motion sickness. 

For future expansions, calibration and validation modules can be added, where behavioral 

data captured from VR sessions can be used to calibrate agent-based models, moving 

beyond rule-based assumptions toward empirically grounded simulation. In the long run, the 

VR framework could be extended as a generalized tool for testing more mobility scenarios, 

beyond the scope of shared space, allowing users to experience different rule settings, such 

as right-of-way schemes or yielding behavior, and gather behavioral feedback and strategic 

preferences.  
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7. Conclusion  

This study developed a VR-integrated ABM framework using Linnekamp’s ABM as a case 

study, aiming to collect human behavioral data, provide varied environmental settings, and 

support immediate visualization of data analysis. Through an experiment, the study evaluated 

the QoE of this framework and compared the results with Linnekamp’s ABM to generate 

insights for refinement. 

In terms of framework, this study introduced several technical and methodological 

enhancements, including continuous behavioral logging with dual conflict probability 

calculations (physical and visual), in-experiment UI panels for real-time perceived conflict 

reporting, and density-controlled agent spawning. The modular Unity architecture allowed 

environmental configuration (e.g., agent ratio, spawn rate) and streamlined CSV data export. 

A Python-based visualization dashboard enabled immediate post-session analysis, allowing 

researchers to inspect behavioral patterns and performance metrics without extra data 

processing. 

For QoE, higher traffic density reduced frame rates but had little effect on latency. The 

framework achieved high presence and usability, with generally positive emotional 

engagement, though 40%, especially people unfamiliar with VR, reported cybersickness. 

Feedback praised the interactive environment and visualizations but noted controller usability 

issues and lack of sensory feedback, suggesting multi-sensory elements and greater 

environmental complexity. 

Behavioral data showed context-sensitive, strategy-diverse conflict responses, with greater 

hesitation in high-density settings. Perceptions were influenced by physical metrics, agent 

types, and environmental cues. Compared with Linnekamp’s ABM, which assumed only one 

avoidance strategy (slowing down) and fixed conflict thresholds, results highlight the need for 

perception-driven, type-specific, and context-aware modeling. 

Limitations included logging mismatches between visual and physical conflict probabilities, 

delayed UI responses, insufficient agent height differences, limited motion realism, lack of 

sensory feedback, and unstable FPS in high-density scenarios. The small, self-selecting 

participant sample also limited generalizability. 

Future improvements should address technical stability, add multisensory cues, refine agent 

realism, integrate eye-tracking and physiological sensors, migrate to OpenXR, and use 

higher-performance hardware. Expanding traffic scenarios, agent diversity, and participant 

demographics would improve ecological validity. Broader applications include calibration and 

validation modules for ABM refinement and extending the framework to other mobility 

contexts. 

In summary, this early-stage prototype integrates VR-based behavioral data collection, 

environmental variation, and post-session visualization to support empirical ABM refinement. 

It shows VR’s potential to simulate complex traffic interactions and analyze behavioral data 

for model improvement, offering a foundation for more realistic and human-centered traffic 

simulations. 
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Statement of AI 

Artificial intelligence (AI) assistance was used for language polishing and programming 

grammar checking. For language polishing, it was applied to correct grammar and improve 

the readability of the manuscript. For programming grammar checking, it helped identify and 

fix bugs in C# scripts and provided more efficient solutions. No AI tools were involved in the 

study design, data collection, analysis, or interpretation of results.  
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Appendix 

Appendix 1. Links to Gihub Repository 

git@github.com:triplexgu/MGI_ABM_vr.git 

 

Appendix 2. Metrics logged during simulation 

Logged csv Metrics Description  

MovementData.

csv 

Time Current timestamp 

(seconds) 

Time.time 

PositionX/Y/Z Player's current 

position 

cameraRig.centerEyeAnchor.posit

ion 

Player_spd Player's current speed 

(km/h) 

The speed calculated using the 

previous frame position and the 

current frame position is 

converted to km/h 

ph_conflictProb between the player and 

the nearest agent The 

probability of physical 

collision 

Considering physical size, 

heading difference and relative 

speed, 

ComputeConflictProbability() 

calculate 

ph_edgeDistanc

e 

Physical edge distance 

between the player and 

the agent (m) 

Center distance - Radius of both 

sides (using GetVisualRadius()） 

vs_conflictProb between the player and 

the nearest agent The 

probability of visual 

conflict 

Add psychological redundancy 

(+0.3m) to the physical radius and 

then call 

ComputeConflictProbability() 

vs_edgeDistanc

e 

The visual edge 

distance between the 

player and the agent 

(m) 

Similar to above, but with 0.3m 

added 

GapSize_sec The player pause time 

(seconds) , indicating 

the gap duration 

GapSize_sec = Time.time - 

pauseStartTime 

CollisionData.cs

v 

Time Current timestamp 

(seconds) 

Same as MovementData.csv 

PositionX/Y/Z Player's current 

position 

Same as MovementData.csv 

AgentTag The closest agent type 

(Pedestrian, Cyclist, 

Moped) 

pass nearestAgent.tag 

ph_conflictProb Probability of physical 

conflict when conflict is 

triggered 

Same as MovementData.csv 

mailto:git@github.com:triplexgu/MGI_ABM_vr.git
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vs_conflictProb The probability of visual 

conflict when a conflict 

is triggered 

Same as MovementData.csv 

UserResponse Whether the user 

confirms that this is a 

conflict (Yes/No/0) 

Yes / No – options of Unity UI 

panel 

0 – participants press “A” to 

record collision manually 

HandleUserResponse() 

PerformanceDat

a.csv 

Time Current timestamp 

(seconds) 

Same as MovementData.csv 

 FPS Frames per second 

(recorded every 1 

second) 

Unity 1.0f / 

Time.unscaledDeltaTime, which 

indicates the countdown of the 

time taken for this frame.  

FPS = Time.time - 

lastFpsUpdateTime >= 1.0f 

Record once 

 Latency(ms) Latency (time per 

frame), calculated from 

FPS: 1000 / avgFPS 

Calculated from FPS: Latency = 

1000 / FPS 

 

Appendix 3. Recording of Training session 

https://youtu.be/f1HBGCK1dnM 

 

Appendix 4. Recording of Simulation session 

https://youtu.be/AD7txzpwgXo 

 

Appendix 5. Link to post-simulation questionnaire 

https://wur.pdx1.qualtrics.com/homepage/ui 

 

Appendix 6. Descriptive statistics of questionnaire’s quantitative statements 

Statements Mean Median Std 

Presence 

1. My interactions with the virtual environment 

seemed natural. 
6.2 6.5 1.87 

2. The devices (hand-held controllers) which 

controlled my movement in the virtual environment 

seemed natural. 

6.4 7 1.71 

3. I was able to actively survey the virtual 

environment using vision. 
7.9 8 1.29 

4. I had the feeling that I was in the middle of the 

action rather than merely observing. 
8.1 8 1.29 

5. I felt like I was actually there in the environment 7.3 7 1.83 

https://youtu.be/f1HBGCK1dnM
https://youtu.be/AD7txzpwgXo
https://wur.pdx1.qualtrics.com/homepage/ui
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of the presentation. 

6. It was as though my true location had shifted 

into the environment in the presentation. 
7.4 7.5 1.84 

7. I felt as though I was physically present in the 

environment of the presentation. 
7 7 1.83 

8. I had the impression that I could act in the 

environment of the presentation. 
7.1 7.5 1.66 

9. I felt like I could move around among the objects 

in the presentation. 
7.8 8 1.32 

10. It seemed to me that I could have some effect 

on things in the presentation, as I do in real life. 
5.7 6.5 2.26 

Usability 

1. I think that I would like to use this system 

frequently. 
6.3 7 2.54 

2. I found the system unnecessarily complex. 7.9 8 1.1 

3. I would imagine that most people would learn to 

use this system very quickly. 
7.9 8 1.29 

4. I needed to learn a lot of things before I could 

get going with this system. 
8.8 9 1.32 

5. If I use again the same virtual environment, my 

interaction with the environment would be clear 

and understandable for me. 

8.1 8.5 1.73 

6. Using the interaction devices (VR headset and 

controllers) is a bad idea. 
9.6 10 0.52 

Emotion 

1. I enjoy using this technology. 8.2 8.5 2.7 

2. At each step, I knew what to do. 7.3 8 2.45 

3. I felt I controlled the situation. 7.5 8 2.51 

4. I felt I was experiencing an exciting moment. 7.6 8 2.5 

5. I enjoyed being in this virtual environment. 7.9 8 2.64 

6. I felt nervous in the virtual environment. 6.4 7 2.8 

7. I found my mind wandering while I was in the 

virtual environment. 
6.7 7 2.95 

8. The interaction devices (VR headset and 

controllers) bored me to death. 
9.2 9 0.63 

9. I enjoyed dealing with the interaction devices 

(VR headset and controllers). 
7 8 3.06 

Cybersickness 

1. I suffered from fatigue during my interaction with 

the virtual environment. 
4.7 6 2.83 

2. I suffered from headache during my interaction 

with the virtual environment. 
3.7 2 3.09 

3. I suffered from eyestrain during my interaction 4.8 4.5 2.97 



 

59 
 

with the virtual environment. 

4. I felt an increase in my salivation during my 

interaction with the virtual environment. 
3.3 3 1.42 

5. I suffered from nausea during my interaction 

with the virtual environment. 
3.8 2 3.49 

6. I suffered from fullness of the head during my 

interaction with the virtual environment. 
5.7 7.5 3.71 

7. I suffered from dizziness with eyes open during 

my interaction with the virtual environment. 
5.2 5 3.52 

8. I suffered from vertigo during my interaction with 

the virtual environment. 
5 4.5 3.68 

 

Appendix 7. Summary of users’ open-end feedbacks 

Questions Themes Code examples Frequency 

1. What were your 

favorite parts of this 

application? 

Interaction • Interaction with the real 

environment through VR. 

• The interactive aspect was quite 

nice. 

4 (n = 40%) 

Useful tutorial • The tutorial part is clear. 1 (n = 10%) 

Realistic 

environment 

modelling 

• Real environment and scene. 

• The 3D model looks nice. 

3 (n = 30%) 

2. What were the 

biggest challenges 

or frustrations you 

faced while using 

this application? 

Control 

difficulty 

• The interaction is not very 

regular as traditional controllers 

need to get used to it 

• It is difficult to coordinate with 

the controllers while moving. 

• I feel that the switch is less very 

user-friendly, because I have to 

find out the button based on my 

feelings. 

3 (n = 30%) 

Cybersickness • dizziness with eyes 

• I felt dizzy and uncomfortable 

during this VR simulation 

• Motion sickness!!! 

4 (n = 40%) 

3. Do you have any 

suggestions for 

additional functions 

or elements that 

could make this 

application more 

useful or enjoyable 

for you? 

Environmental 

Variation 

• The dummies should not spawn 

altogether at the same places. 

• Adding more character models 

or bike colors can drastically 

change the behavior of the 

participant. 

2 (n = 20%) 

Multi-sensory 

Enhancement 

• Sounds can be added to 

simulate the actual environment. 

6 (n = 60%) 



 

60 
 

• Interaction with collision events 

such as shake feedback. 

• Could add some background 

music to make this VR 

environment more immersive. 

• Maybe a vibration could be 

added when there is a collision. 

• Adding spatial sound (bike 

horns, water sound etc.) will 

make the environment more 

enjoyable to be immersed in. 

4. Imagine you are a 

researcher using 

this application to 

collect human 

behavioral data for 

improving transport 

simulations.  

 

Do you find the 

visualizations easy 

to interpret?  

If not, what 

additional metrics or 

types of information 

would make them 

more useful to you? 

Need for 

Clearer 

Feedback and 

Metrics 

• I didn’t get collided as feedback 

with some words hints. 

• It would be nice to have a clear 

final value written for those who 

are not in the field. 

2 (n = 20%) 

Easy 

Interpretation 

• I think it can be visualized easily. 

• It's explainable for this 

visualization. 

• They seemed pretty easy to 

interpret. 

• Simulations like these are quite 

popular for people to follow 

through and easy to record 

different metrics regarding the 

transportational behavior of the 

player. 

6 (n = 60%) 

 


