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“A Smart City is not measured by the number of
shiny gadgets, data gathering novelties, or mobility
innovations. Your city is smart when children can
cycle there autonomously, joyfully and freely.»

— Lab of Thought (LinkedIn)

Yet, how can we achieve this without accurate data and, crucially,
without reliable methods to collect and analyse such data to generate
actionable insights into the specific needs required to develop people-

centred solutions?

This thesis explores the application of
video-derived microscopic traffic data
to analyse road user behaviour in urban
environments. By capturing real-time,
micro-level interactions, it demonstrates
the potential of video data to enhance
traffic safety analysis, optimise operational
performance, and inform infrastructure
planning. The research underscores
the importance of adopting proactive,
evidence-based approaches to tackle traffic
safety challenges and improve transport
systems.
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Popular science summary

Have you ever wondered why some streets feel more dangerous than others, even if
accidents rarely happen there? Is it possible to address hidden risks before they lead to
real problems? What if minor details like road surfacing, lighting, or design could
significantly affect how people move and interact with traffic? This thesis investigates
how we can better understand road users' needs and improve road safety by closely
examining small, often unnoticed behavioural responses to traffic environment
elements—those invisible to the human eye—at the micro-level in traffic environments
using video recording. Analysing these data uncovers patterns that provide deeper
insights that can help to make roads safer, inform data-driven, people-centred solutions,
and ultimately promote sustainable mobility.

Behavioural studies are commonly used in traffic research. Most of these studies are
conducted in real traffic environments by human observers who focus on recording
whether specific behaviours occur (e.g. approaching, distractions, eye contact, yielding,
and signalling) or how frequently they happen. Video recordings offer an alternative
method for conducting behavioural studies, providing several advantages over direct
human observation. In addition to tracking the frequency of these behaviours, video
recordings enable the collection of highly precise information about how, where, and
when these actions take place in traffic. They are also less susceptible to human observer
fatigue; they can be saved and reviewed as many times as needed, ensuring more reliable
and thorough analysis.

The first part of this thesis provides a comprehensive overview of the entire process of
studying traffic behaviour using video recordings, from video data collection to the
extraction of accurate microscopic traffic data, which can be used to derive actionable
insights.

The second part of the thesis explores new methods for assessing transportation systems
by testing changes to infrastructure in real time. For example, such methods could
enable municipalities to quickly evaluate whether a new design or safety feature works
as expected and make necessary adjustments. Data extracted from video recordings were
used to study how physical environmental factors—such as outdoor lighting and path
surfacing—affect cyclist and pedestrian behaviour. It was found that these two groups
behave in different ways, and small infrastructure interventions, such as improved
lighting or smoother surfaces with added segregation, can benefit one group while



having a minimal impact on the other. This finding suggests that city planners should
treat cyclists and pedestrians as distinct user groups, each with unique needs.

The key focus of the final part of the thesis is conflict-based safety analysis. Rather than
waiting for traffic accidents to occur, the thesis examines 'near-misses' and other non-
collision interactions between road users. These micro-scale behaviours provide
valuable insights into the potential risk of crashes and serve as alternative (surrogate)
data that can be used proactively to identify issues before they result in accidents.
Additionally, the thesis aims to expand the theoretical application of Surrogate
Measures of Safety (SMoSs), focusing on preventing traffic crashes that could lead to
serious injuries or fatalities. Research was conducted to develop a measure of the danger
(severity) of traffic events. It was identified that, beyond assessing proximity (how close
road users come to each other during an interaction), it is crucial to estimate the possible
consequences of a collision (the energy of the impact). By incorporating both these
variables, traffic engineers and city officials can quickly assess the safety situation at
various locations and introduce measures to prevent 'potential risks' leading to 'real
outcomes'. This approach enables proactive interventions, preventing unwelcome
traffic events (accidents) instead of waiting months or years for them to occur and then
analysing limited data afterward.

Opverall, this thesis demonstrates that the use of video technology offers far more to
traffic research than simply counting how many road users pass through an intersection.
It can uncover hidden dynamics in the movements of pedestrians and cyclists—often
the most vulnerable road users—ultimately leading to safer, more comfortable, and
more efficient urban spaces. By transforming raw footage into actionable, data-driven
insights, city planners can make informed adjustments to infrastructure, fine-tuning
road systems to better meet the real needs of the people who use them daily.



Populirvetenskaplig sammanfattning

Har du négonsin undrat varfor vissa gator kinns farligare 4n andra, dven om olyckor
sillan intriffar ddr? Ar det méjlige att ta itu med dolda risker innan de leder till verkliga
problem? Smé detaljer som vigunderlag, belysning eller design kan ha en betydande
inverkan pd hur minniskor rér sig och interagerar i trafiken? Denna avhandling
undersoker hur vi kan bittre forstd trafikanters behov och forbdttra trafiksikerheten
genom att noggrant undersoka smd, ofta omirkbara beteendereaktioner pa mikroniva
i trafikmiljder med hjilp av videoinspelning. Genom att analysera dessa data avslojas
monster som ger djupare insikter som kan bidra till att gora vigar sikrare, informera
datadrivna, minniskocentrerade losningar och slutligen frimja hallbar mobilitet.

Beteendestudier 4r vanliga inom trafikforskning. De flesta av dessa studier genomfors i
verkliga trafikmiljéer av minskliga observatorer som fokuserar pa att registrera specifika
beteenden (t.ex. nirmande, distraktioner, ogonkontakt, vijningsbeteende och
signalering) eller hur ofta de intriffar. Videoinspelningar erbjuder en alternativ metod
for att genomfora beteendestudier och har flera fordelar jimfort med direkt ménsklig
observation. Férutom att registrera hur ofta dessa beteenden forekommer, gor
videoinspelningar det majligt att samla in mycket exakt information om hur, var och
nir dessa handlingar Z4ger rum i trafiken. De #r ocksi mindre kinsliga for
observatorstrotthet, eftersom de kan sparas och granskas si méinga ganger som behévs,
vilket sikerstiller en mer tillforlitlig och grundlig analys.

Den forsta delen av denna avhandling ger en omfattande 6versikt ver hela processen
for att studera trafikbeteende med hjilp av videoinspelningar, frin insamling av
videodata till extrahering av precisa mikroskopiska trafikdata, som kan anvindas for att
generera virdefulla insikter.

Den andra delen av avhandlingen utforskar nya metoder fo6r att utvirdera
transportsystem genom att testa forandringar i infrastrukeuren i realtid. Till exempel
kan sddana metoder gora det méjligt for kommuner att snabbt beddma om en ny design
eller sikerhetsfunktion fungerar som forvintat och gora nédvindiga justeringar. Data
som extraherats frin videoinspelningar anvindes for att studera hur fysiska
miljéfaktorer—sisom utomhusbelysning och vigunderlag—péverkar cyklisters och
fotgingares beteende. Det visades att dessa tva grupper beter sig pé olika sitt, och smé
infrastrukcurforindringar, som forbéttrad belysning eller jamnare ytor med tillagd
separation, kan gynna en grupp samtidigt som de har minimal effekt pa den andra.



Denna uppticke antyder att stadsplanerare bor behandla cyklister och fotgingare som
distinkta anvindargrupper, var och en med unika behov.

Huvudfokus i den sista delen av avhandlingen ir konfliktbaserad sikerhetsanalys.
Istillet for att vinta pa att trafikolyckor ska intriffa, undersoker avhandlingen "nistan-
olyckor" och andra riskabla interaktioner mellan trafikanter. Dessa mikroskopiska
beteenden ger virdefulla insikter om potentiell risk for kollisioner och fungerar som
alternativa (surrogat) data som proaktivt kan anvindas for att identifiera problem innan
de leder till olyckor. Dessutom syftar avhandlingen till att utveckla den teoretiska
tillimpningen av Surrogate Measures of Safety (SMoSs), med fokus pa att forhindra
trafikolyckor som kan leda till allvarliga skador eller dodsfall. Forskning genomfordes
for att utveckla ett mate pa faran (allvaret) vid tillbud. Det identifierades att, bortom
att bedoma nirhet (hur nira trafikanterna kommer varandra vid en interaktion), ir det
avgorande att uppskatta de mojliga konsekvenserna av en kollision (kollisionens
energi). Genom att kombinera dessa tva variabler kan trafikingenjérer och
stadsplanerare snabbt bedéma sikerhetssituationen pa olika platser och vidta dtgirder
for att férhindra att 'potentiella risker' leder till 'verkliga utfall'. Detta tillvigagangssitt
mojliggdr proaktiva insatser och forebygger oonskade trafikincidenter (olyckor), istillet
for att vinta manader eller r pd att de intriffar och sedan analysera begrinsad data i

efterhand.

Sammanfattningsvis visar denna avhandling att anvindningen av videoteknik erbjuder
mycket mer for trafikforskning 4n att bara rikna hur ménga trafikanter som passerar en
vigkorsning. Den kan avslja dolda dynamiker i fotgingares och cyklisters rorelser—
ofta de mest sirbara trafikanterna—vilket i slutindan leder till sikrare, mer bekvima
och effektivare stadsomraden. Genom att omvandla ra videomaterial till handlingsbara,
datadrivna insikter kan stadsplanerare gora informerade justeringar i infrastrukturen
och finjustera vigsystemen for att bittre méta de verkliga behoven hos de minniskor
som anvinder dem varje dag



Abstract

This thesis investigates the application of microscopic traffic data derived from video
recordings to analyse the behaviour of road users, specifically focusing on pedestrians
and cyclists in urban traffic environments. This research addresses the critical need for
more accurate and proactive methods in the fields of traffic safety, transport system
operational performance, and level of service assessment. The overall aim is to explore
the potential of video technology to capture dynamic, real-time behaviours that are
otherwise difficult to observe, facilitating a deeper understanding of road users’ micro-
level interaction with and responses to various traffic conditions. A significant portion
of the thesis is dedicated to traffic safety, using conflict-based safety analysis and
exploring the integration of Surrogate Measures of Safety (SMoSs) with the Safe System
approach to shift the focus from reducing ‘collisions’ to eliminating ‘severe injuries’.

The thesis includes four research papers, each contributing to the study’s overall aims
and objectives. The first two papers explore methodologies for investigating the impact
of physical environmental features, such as facility surfacing and outdoor lighting, on
cyclist and pedestrian behaviour. The results show that the proposed method effectively
captures behavioural responses to infrastructure changes, revealing that cyclists and
pedestrians exhibit distinct reactions. This finding highlights the importance of treating
these groups separately to address their unique needs during urban planning and
infrastructure improvement processes.

The final two papers address gaps in existing safety frameworks. One proposes a refined,
proactive approach to traffic safety assessment and improvement, while the other
examines the severity of non-collision traffic events. By analysing video-recorded traffic
situations, the study—also forming the final paper included in this thesis—identifies
key objective indicators that align with human perceptions of traffic danger,
emphasising the importance of two variables—proximity and potential collision
consequences—in severity assessments and suggesting their integration into safety
evaluations.

The studies included in this thesis demonstrate that video recordings can not only
capture simple variables (e.g. the number of road users) but also provide detailed
insights into road user behaviours at a micro level. By offering a clear and continuous
view of traffic conditions, video data can significantly enhance the ‘intelligence input’
into traffic analysis, transforming traffic videos into actionable insights.



Glossary of terms

Accident / crash

Accident (crash) severity

Collision course

Ciritical events / conflicts

/ near-misses

Encounter / meeting

Meeting point

Microscopic traffic data

Safe System approach

Surrogate Measures of

Safety (SMoSs)

Traffic event severity

Vision Zero

Vulnerable road users
(VRUs)

The definitions of ‘accident’ and ‘crash’ are used interchangeably in
this thesis, both referring to traffic incidents that involve a collision.

The level of impact (seriousness) of a traffic accident (crash), assessed
using specific criteria or measures.

In this thesis it refers to a situation in which road users are on a path
that will result in a collision if they maintain their current speeds and
intended paths.

These definitions are used interchangeably in this thesis, all referring
to a traffic encounter with a non-zero probability of resulting in a
crash.

The definitions of ‘encounter’ and ‘meeting’ are used interchangeably
in this thesis, both referring to the simultaneous presence of two road
users within a defined area.

In this thesis, this refers to the same point (longitudinally) on the
traffic facility (shared-use path) during bi-directional interactions
between cyclists.

Detailed traffic data that focus on the behaviour of individual road
users, capturing specific, small-scale movements and interactions
within the traffic flow, refers in this thesis to data derived from road
users' trajectories.

A holistic approach to road safety that seeks to eliminate the risk of
serious injury or fatality, emphasizing system-wide safety measures,
including road design, vehicle safety, road user behaviour, and post-
crash care.

Objective and measurable parameters used in traffic safety analysis,
derived from observable non-collision events, serving as an alternative
to traditional crash-based data.

In this thesis, it refers to an operational parameter that defines the
'seriousness’ of a traffic encounter.

A road safety strategy aimed at eliminating all traffic fatalities and
serious injuries by taking a proactive, system-wide approach that
prioritises safe road design, responsible road use, and effective
policies.

Road users who are at higher risk of injury in traffic (e.g. pedestrians,
cyclists, motorcyclists) due to their lack of physical protection
compared to vehicle occupants.
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1 Introduction

In the realm of traffic dynamics, the minute behavioural patterns and interactions of
road users at a microscopic level hold a wealth of information. Even the most diligent
on-site traffic observers, watching real traffic and trying to catch fleeting moments of
these precise details, can miss critical moments in the blink of an eye. Additionally,
capturing the precise positions of road users, such as their world coordinates (X, Y, Z),
is almost impossible without knowing exactly when the behavioural response occurs.
There may be moments (before, during, or after specific developments in a traffic event)
that provide important insights. This is where video recordings—representing visual
data captured through continuous, time-stamped footage—become invaluable.

Video recordings offer several key advantages for studying microscopic behaviours,
which are understood as the tiny, often rapid movements/actions and interactions of
road users that occur at a scale too subtle to be easily observed without specialised
equipment. Modern high-resolution equipment captures traffic scenes with sufficient
pixel density to extract precise motion details while enabling the study of dynamic
processes over time. This facilitates a deeper understanding of how behaviours evolve
and interactions occur. Video recordings also enable the analysis of external factors such
as infrastructure changes or social issues like pandemics. They also create a permanent
record that can be reviewed multiple times, ensuring accurate, reproducible results,
which is crucial for verification. Advanced video analysis software further strengthens
this process, quantifying aspects of microscopic behaviour, such as movement patterns,
speed, interaction frequency, and structural changes. Data derived from video
recordings can encompass a wide range of information, from monitoring the frequency
of specific behaviours to collecting continuous positioning data that are linked to both
time and space. Furthermore, video recordings allow for naturalistic observations,
minimising interference and ensuring the accurate capture of natural behaviours.

Transforming raw video recordings into actionable traffic insights represents a
significant technological advancement, which involves two critical domains: video
processing and video analysis. Video processing encompasses the technical aspects of
capturing, storing, and preparing video data for analysis. Video analysis focuses on
interpreting these data to extract meaningful insights into traffic behaviour. Despite the
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growing popularity of advanced traffic video analysis techniques, these two domains
remain largely separate (Abdel-Aty et al., 2023).

Beyond enhancing the integration of video processing and video analysis, a notable gap
exists in the effective translation of research findings into practical applications for
practitioners. Specifically, there is a lack of user-friendly tools that transport specialists
can easily apply in the field are lacking, particularly those that provide real-time
feedback. Such real-time feedback mechanisms could significantly enhance transport
system efficiency and service levels by offering municipalities immediate insights into
the effectiveness of infrastructure interventions (e.g. modifications to infrastructure).
By addressing the critical question, ‘Does it work as intended?’, these tools would allow
cities to quickly assess the impact of their interventions, make necessary adjustments,
and optimise transportation systems in a timely manner to better meet user needs while
maintaining high levels of service. The development of real-time feedback tools for
transport specialists could also reduce the financial costs and human risks associated
with traditional trial-and-error methods.

These challenges highlight the need for better integration of research and practice to
advance the understanding of subtle and dynamic road user behaviours. Video analysis
plays a crucial role in bridging this gap by providing actionable insights that enhance
transportation performance and, ultimately, contribute to sustainability. Bridging this
gap is essential for advancing the field and forms the foundation of this thesis, which
focuses on vulnerable road users (VRUs), particularly cyclists and pedestrians. These
road users are more susceptible to injury or fatality in traffic accidents due to their lack
of physical protection compared to motor vehicle occupants. The increasing emphasis
on VRUs is driven by this greater risk, especially in crashes involving motor vehicles.
Furthermore, as cities encourage walking and cycling for sustainability and health, there
is a growing need to integrate safe and functional infrastructure for these modes of
transport. Behavioural observations of VRUs—especially their interactions with
different road features and transport modes—can enhance our understanding of their
unique needs, identify specific risks, and inform targeted safety measures.

From a traffic safety perspective, there is also a significant need for improved methods
and tools for quickly assessing the effectiveness of various traffic safety measures before
implementation. Such a proactive approach would enable the early identification and
mitigation of potential safety risks before road users are impacted. Traditional methods
for assessing traffic safety focus on analysing past accident data and have significant
limitations, including underreporting and a lack of detailed data, which can distort
safety analyses. Furthermore, at specific intersections or road segments, the low
frequency of accidents makes it difficult to conduct reliable statistical analyses. Video
recordings, however, offer valuable microscopic data, thereby enabling a shift toward
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proactive approaches, such as the use of Surrogate Measures of Safety (SMoSs). SMoSs
serve as an alternative to traditional accident-based data and allow traffic safety
professionals to gain data-driven insights into traffic behaviour. SMoSs focus on
observable non-crash events, such as traffic conflicts, near-misses, or almost-accidents,
to identify potential safety risks before they result in actual collisions.

Despite their potential and conception more than six decades ago, SMoSs have not
yet become a practical tool for traffic safety professionals. This is largely due to
inconsistencies in the underlying theory and the quality of data, which have limited
their overall effectiveness. To enhance the applicability of SMoSs, it is crucial to refine
the underlying theory and ensure that the data used are accurate and reliable. In this
context, the Safe System vision has emerged as a comprehensive, proactive traffic safety
framework that prioritises reducing serious injuries—defined as severe physical harm
from traffic incidents, often requiring medical intervention and potentially causing
long-term impairment—and fatalities on the roads. This approach acknowledges that
humans are prone to making errors and that the human body has biomechanical limits,
highlighting the importance of designing transportation systems that account for these
factors to reduce the risk of serious injuries.

While the Safe System approach is ethically sound, scientifically robust, and has proven
successful in reducing accidents resulting in serious injuries and fatalities, it has not yet
been fully integrated into the SMoS framework. This presents a significant opportunity
for improvement in the field of traffic safety research and practice.

Addressing these challenges is critical for advancing transportation systems that are both
safer and more efficient, helping to meet the demands of modern urban environments.
This thesis will explore these issues in greater detail and propose potential solutions.

1.1 Scope and objectives

This thesis examines the critical role of video recordings in the study of microscopic
behaviour, highlighting their numerous advantages and diverse applications while also
addressing some challenges and limitations that could inform future studies. The
overarching goal of this research is to explore the application of microscopic data
extracted from video recordings to study and analyse VRUs’ bebaviour, specifically
focusing on pedestrians and cyclists in urban traffic environments.

The research focuses on two key areas:
1. Gaining deeper insights into the subtle and dynamic behaviours of road users in
everyday traffic situations.
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2. Pushing the frontiers of the SMoSs to promote proactive traffic safety analysis
in alignment with the Safe System vision.

This thesis’ scope encompasses a comprehensive analysis of video recordings, including
the following aspects:
— Investigating the processes and methodologies for extracting meaningful
information from video recordings.
— Exploring advanced methods to gain detailed insights into the subtle and
dynamic behaviours of road users.
— Emphasising conflict-based methods and the application of SMoSs to better
understand and improve traffic safety.
This research will support a diverse range of interests in implementing proactive and
effective measures that optimise road user comfort and overall traffic safety.

1.2 Structure of the thesis

The thesis comprises this comprehensive summary (referred to as ‘Kappa’ in Swedish)
and four articles, which are included in the appendix and have either been published
or submitted for publication in scientific journals. Following this introductory section,
the chapters proceed as follows:

The chapter Technology-driven journey: Unpacking the process of extracting microscopic
traffic data from video footage’ provides a concise overview of the process of converting
raw video recordings into detailed microscopic traffic data, discussing the challenges
and potential benefits of using video analysis for traffic behavioural studies.

The chapter ‘Understanding behavioural observation studies in traffic research: A
perspective on VRUs’ delves into the use of microscopic data extracted from video
recordings for the observation and analysis of traffic behaviour. It presents findings
from a large-scale behavioural study conducted as part of the research project ‘Belysa—
miljofaktorers inverkan pé fotgingares och cyklisters beteende i skymning och mérker’
(grant number: 2019-002011). This chapter provides the foundation for Papers I and
11, which are included in the appendix.

The chapter ‘Microscopic behavioural data for enhancing traffic safety: Application of
Surrogate Measures of Safety (SMoSs)’ emphasises conflict-based safety analysis and the
application of SMoSs to evaluate and improve traffic safety based on observed
behaviours. This chapter underpins Papers III and IV, which are also included in the
appendix.
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The penultimate chapter, ‘Discussion’, offers reflections on the research, summarises its
contributions, and highlights directions for future studies.

Finally, the thesis concludes with the chapter ‘Closing remarks’, offering a compact
summary of the main points discussed.

1.3 List of papers and author contributions

Paper 1

Yastremska-Kravchenko, O., A. Laureshyn, J. Rahm, M. Johansson, A. Niska, C.
Johnsson, C. D’Agostino (2024) Video analysis of bicyclist and pedestrian movement
on shared-use paths under daylight and electric lighting conditions—Method
exploration. Journal of Cycling and Micromobility Research, 2, 100032. DOI:
10.1016/j.jcmr.2024.100032

Authors’ contribution:

The majority of the work was carried out by O. Yastremska-Kravchenko, who led the
study design, data collection and analysis, visualization, and the initial manuscript
drafting. M. Johansson, A. Laureshyn, J. Rahm, and A. Niska contributed to funding
acquisition. A. Laureshyn, C. Johnsson, and C. D’agostino provided supervision
throughout the project. C. Johnsson and J. Rahm assisted with data curation. A.
Laureshyn, M. Johansson, J. Rahm, and A. Niska also reviewed and edited parts of the
manuscript.

Paper IT

Yastremska-Kravchenko, O., J. Rahm, M. Johansson, A. Niska, C. Johnsson, A.
Laureshyn, C. D’Agostino, K. Gildea. The role of path surfacing and lighting
conditions in shaping pedestrian and cyclist behaviour: A comprehensive video analysis
(article under review)

Authors’ contribution:

O. Yastremska-Kravchenko led the majority of the work, including study design, data
collection and analysis, visualization, and drafting the original manuscript. M.
Johansson, A. Laureshyn, J. Rahm, and A. Niska contributed to funding acquisition.
C. Johnsson, A. Laureshyn, C. D’agostino, and K. Gildea provided supervision. C.
Johnsson and J. Rahm assisted with data curation. J. Rahm, M. Johansson, and A.
Niska reviewed and edited parts of the manuscript.
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Paper Il

Laureshyn, A., O. Yastremska-Kravchenko, C. Johnsson, Z. Chen, C. D’Agostino, F.
Patterson. Re-defining the framework for safety analysis using surrogate measures
(article under review)

Authors’ contribution:

The idea for the article was conceptualized and discussed by all co-authors. Writing
and investigation were primarily carried out by A. Laureshyn and O. Yastremska-
Kravchenko. Funding acquisition was secured by C. D’Agostino.

Paper IV

Yastremska-Kravchenko, O., A. Laureshyn, J, C. D’Agostino, A. Varhelyi (2022) What
constitutes traffic event severity in terms of human danger perception? 7Transportation
Research  Part  F:  Traffic  Psychology and  Behaviour, 90, 22-34. DOI:
10.1016/j.tr£.2022.08.001

Authors’ contribution:

The majority of the work was done by O. Yastremska-Kravchenko, including
conceptualization, methodology, data curation, investigation, formal analysis,
visualization, and drafting the original manuscript. The other authors contributed to
the supervision, particularly in discussions on conceptualization and methodology. A.
Laureshyn and C. D’Agostino also assisted with reviewing and editing parts of the
manuscript. Funding acquisition was secured by A. Laureshyn.
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2 Technology-driven journey:
Unpacking the process of extracting
microscopic traffic data from video
footage

New sources of traffic data have become available thanks to the extensive development
and implementation of various technologies, such as video recording tools (e.g.
stationary cameras, drone technology, stereo camera setups) and LiDAR (Light
Detection and Ranging). The ability of these technologies to capture rich microscopic
data has been attracting increasing interest in the field of traffic behavioural research.
This thesis primarily focuses on the analysis of microscopic traffic data—data that focus
on the behaviour of individual road users, capturing specific, small-scale movements
and interactions within the traffic flow—using trajectories extracted from video
recordings with computer vision techniques.

A raw video data stream comprises a sequence of individual still images captured at a
specific rate (fps—frames/images per second). Each image consists of numerous
pixels—tiny units containing specific colour and brightness information that, when
combined across the frame, create the video’s visual content. Resolution—determined
by the number of pixels that compose each image—is another important characteristic
of a video, as it significantly impacts the clarity and detail of the recorded content.
Common resolutions include 480p (720 x 480 pixels), 720p (1280 x 720 pixels), 1080p
(1920 x 1080 pixels), and 4K (3840 x 2160 pixels), each of which serves distinct
purposes and has its own advantages, making it important to select the appropriate one
based on the application objective.

After completing raw video processing steps (e.g. calibration, stabilisation, stitching),
computer vision techniques can be used to analyse pixel data to detect objects, classify
the objects according to predefined categories or characteristics, and link detected
objects across consecutive frames to create a movement track—trajectory—for each
road user in the scene. However, the workload for completing these tasks is complex,
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spanning from the initial stages of video collection and processing to advanced traffic
analysis (see Figure 1), and is compounded by various practical challenges that may
arise throughout the process.

Real-time traffic envir

Video recording |

L !

Video processing

* stabilisation

* calibration

* additional processes
(ifnecessary)

Road Users

+ detection

+ classification
« tracking

¥

Microscopic data |

extraction

Traffic analysis |

Figure 1. Schematic diagram illustrating the sequential stages of transforming video data into advanced traffic analysis

2.1 Video recording methods

2.1.1 Stationary cameras

Stationary cameras are widely used to collect video data across various contexts and
provide reliable and consistent monitoring and recording of activities. There are various
types of cameras (sensors) available, including RGB and thermal sensors. When
choosing a camera type for data collection, it is especially important to consider factors
like compliance with local data protection regulations, weather conditions, and desired
resolution (Laureshyn & Virhelyi, 2018).

An example of a stationary camera setup is shown in Figure 2. Because these cameras
are fixed in place, they offer several advantages, such as uninterrupted surveillance and
a consistent viewpoint, which facilitates tracking changes and patterns over time.
However, ensuring the optimal functionality and reliability of stationary cameras
involves careful consideration of mounting and power supply issues. Methodical
planning and implementation are needed to ensure that these cameras operate
efficiently, reliably, and safely in various environments.
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Figure 2. Example of stationary cameras setup

The first critical aspect to consider is camera placement. Cameras must be positioned
strategically to cover the area of interest while avoiding areas prone to frequent
obstructions, such as moving objects or vegetation. Cameras should also be placed in
locations that protect them from environmental hazards like rain, snow, wind, and
excessive sunlight; this may require the use of weatherproof housing and various
coverings that provide shade. Additionally, the mounts must be robust enough to
withstand wind and various vibrations to maintain image stability and clarity; this
might involve using poles or wall mounts. In some locations, particularly in urban or
historic areas, mounting options might be restricted by aesthetic guidelines or local
regulations.

Power supply is another critical consideration—cameras need to be installed within a
reasonable distance from power sources. This might necessitate running power cables
through walls, ceilings, or underground conduits, which can be labour-intensive and
costly. In remote areas without readily available power sources, alternative solutions
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such as battery packs or solar panels may be required. Proper cable management is
important to prevent damage and ensure safety, and includes using protective conduits,
avoiding exposure to harsh environmental conditions, and preventing interference with
other electrical systems.

Once installed, stationary cameras require minimal maintenance compared to movable
or mobile cameras. However, their deployment must be carefully managed to balance
the benefits with ethical considerations, which are discussed in more detail in Section
2.2, ensuring the responsible and respectful use of surveillance technology.

2.1.2  Drone technology

In the realm of traffic observation, unmanned aerial vehicles (UAVs)—commonly
known as drone technology—have emerged as highly effective tools for capturing video
data (Gohari et al., 2023; Bisio et al., 2022; Outay et al., 2020). This technology
presents several advantages over traditional ground-based cameras by providing a
unique aerial perspective that reduces the need for a 'fisheye' lens and allows more
comprehensive coverage of large areas. An example of a drone camera setup is shown
in Figure 3. However, the use of video recording tools, such as drones, introduces
several challenges. For example, traditional drone footage typically has a duration of
only 20-25 minutes, depending on the battery capacity. In the context of long-term
data collection, this limitation results in the capture of large volumes of footage,
necessitating individual calibration for each drone clip and further complicating the
analytical process. A potential solution to this issue is the use of tethered drones, which
are typically connected to a high-voltage DC power source through a thin, lightweight
cable, thereby enabling extended flight times and prolonged data collection without the
constraints imposed by battery life.
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Figure 3. Example of a drone camera setup

The commercial UAV market is rapidly growing, leading to significant technological
advancements. Modern drones are equipped with high-resolution cameras that capture
clear, detailed video footage suitable for thorough analysis while mitigating privacy
concerns by operating at high altitudes to prevent the identification of individuals. In
the Swedish context, the national aviation authority—the Swedish Transport Agency
(Transportstyrelsen)—permits drone flights. However, operators must ensure they
adhere to all applicable rules and regulations to operate drones safely
(Transportstyrelsen, 2024).

In terms of performance, current UAVs are designed to be stable, manoeuvrable, and
waterproof. Despite these advancements, UAVs still require an offline stabilisation step
before calibration and subsequent processing. Stability is necessary for maintaining
steady footage, particularly in challenging weather conditions or turbulent
environments.

The diversity of drone technologies currently available includes lightweight models
weighing under 250 grams. These drones are designed to navigate safely in crowded
areas, providing flexibility and accessibility for various applications, including
naturalistic traffic behavioural studies in densely populated urban settings.
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2.1.3 Mobile cameras

Other technologies for collecting video data for traffic analysis include mobile cameras
(e.g. dashcams, vehicle-mounted cameras), which offer a mobile perspective of traffic
and serve various purposes (Mehrish et al., 2020; Cao et al., 2011). They are valuable
for capturing dynamic aspects of traffic behaviour and refining situational awareness,
particularly in areas where fixed surveillance is impractical or insufficient. However,
they come with several disadvantages that should be considered.

First, their effectiveness is directly tied to the movement of the vehicle on which they
are mounted. Consequently, the quality of video footage from mobile cameras can vary
significantly depending on factors such as vehicle speed, road conditions, weather, and
lighting. Issues like motion blur and shaking, especially during vehicle acceleration,
deceleration, or on rough roads, further impact the clarity of the footage. Additionally,
captured footage may unintentionally include private properties, individuals, or
sensitive information, which creates privacy concerns. One of the most critical
drawbacks of mobile cameras, however, is the difficulty in calibrating and synchronising
them with other data collection methods, which is necessary for advanced traffic
analysis.

2.1.4 Integrated approach

Multiple cameras can be employed to effectively capture larger areas for detailed
analysis. This approach may include utilising various video recording methods, such as
integrating fixed cameras with drone technologies. However, achieving optimal results
requires thorough planning and careful consideration of the specific requirements and
capabilities of each method.

Integrating multiple cameras requires the consideration of several critical aspects,
including ensuring comprehensive coverage of the area of interest, capturing different
perspectives, aligning each camera’s technical specifications (resolution, frame rate,
etc.), accounting for environmental conditions, and addressing power supply issues.

Furthermore, additional video processing steps are necessary before advanced video
analysis techniques can be used to extract meaningful insights from collected video data.
First, synchronising the timestamps or frames from multiple cameras is crucial for
accurately correlating events across all of the captured footage, ensuring that they are
correctly sequenced and analysed together. Second, it is necessary to use the video
stitching process to merge footage from overlapping views of multiple cameras into a
cohesive video stream to achieve continuous coverage of the area of interest.
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2.1.5 Other methods

Advancements in stereo vision technology are ongoing, with various techniques in
development. One notable innovation is the Trinocular Linear Camera Array (TLCA),
which consists of three cameras aligned linearly (see Figure 4). This setup offers several
advantages over traditional stereo cameras, including more accurate 3D reconstruction
and improved occlusion handling—where occlusion refers to the temporary blocking
of one road user’s trajectory by another object or road user—through the simultaneous
rectification of all three images (Ahrnbom et al., 2021a). However, further

improvements are necessary before it can be widely used for traffic analysis.

Figure 4. A photo of a Trinocular Linear Camera Array (TLCA) prototype
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2.2 Ethical considerations and GDPR compliance in
video recording

When they contain information about identifiable individuals, video recordings raise
significant concerns under the EU General Data Protection Regulation (GDPR, 2016).
In Sweden, this issue is further addressed by the Camera Surveillance Act, which
establishes additional regulations governing video surveillance. The Swedish Authority
for Privacy Protection (IMY, 2024) plays a key role in enforcing these regulations by
ensuring that personal data are managed correctly and do not fall into the wrong hands.

Respecting the rights of individuals is critical for ethical data handling. This begins with
obtaining informed consent from individuals identifiable in video recordings, ensuring
that they are fully aware of how their data will be used. Privacy measures, including
anonymisation and secure storage, safeguard personal data in the recordings. Data
collection should be minimised, gathering only the information necessary for the
project’s purpose, and data retention should be limited to meet regulatory
requirements.

In some cases, video recordings may fall outside the GDPR’s scope, particularly when
the footage is sufficiently anonymised or does not capture identifiable personal data.
For example, if faces, unique clothing, or distinctive markings are not visible, or if the
footage is too distant or its resolution is too low to discern personal characteristics, the
recording may not be considered personal data under the GDPR. Additionally, some
parts of a recording can be masked. This is especially relevant in naturalistic
observational studies, where the primary aim is to capture behaviour without researcher
interference, which informed consent procedures necessitate. However, even in cases
where anonymisation or masking is applied, secure data storage remains a critical
concern to ensure that privacy is maintained.

Other existing GDPR-compliant methods include real-time processing techniques,
such as those provided by services like Viscando. This approach involves not storing
image frames during data collection, helping to ensure that personal data are not
retained or processed beyond what is necessary for the immediate task at hand. By only
processing data in real time and not storing identifiable information, these methods
reduce the risk of violating privacy rights while still enabling the accurate extraction of
microscopic data.

Thermal cameras offer another valuable technology for capturing traffic activities
without revealing identifiable personal characteristics, as they detect heat signatures
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rather than visual details. However, thermal imaging technology tends to be more costly
than traditional video recording methods.

Drone technology presents yet another alternative for observational studies. When at
high enough altitudes, drones can capture footage that may include people or objects
but from which it is impossible to recognise individuals. This ability largely depends
on the type of drone and camera used, and it is also necessary to comply with the official
flight height limit of 120 m. By utilising drone technology, researchers can obtain aerial
perspectives that facilitate the study of large-scale phenomena and natural
environments while minimising direct interference with subjects that could alter their
behaviour. However, the effectiveness of this approach relies heavily on factors such as
weather conditions, observation timing, and adherence to regulations governing drone
use, particularly those concerning proximity to sensitive locations like hospitals,
airports, military installations, and other critical infrastructure.

2.3 Video processing

2.3.1 Stabilisation

To ensure the accuracy of the microscopic data extracted from a video, the entire video
stream must be in optimal condition, free of camera shakes, vibrations or instability.
Stability is also a fundamental factor in object detection and tracking, which are the
next steps in extracting road users’ trajectories. By maintaining stability, the movements
of objects or subjects in the video are faithfully represented without introducing
distortions caused by camera motion.

Nowadays, many cameras are equipped with hardware stabilisers, which typically
feature advanced sensors and lens systems designed to eliminate camera shake during
recording. Additionally, there exist various techniques that use software algorithms to
process recorded video and correct any residual slight movements that may occur
during the stream. These digital image stabilisers use sensors to detect camera motion
and have built-in software that adjusts the captured images by cropping them
appropriately, compensating for any shaking motion (Ko et al., 1999). However, these
solutions are often not sufficient to address sequences that involve more complex
motions. In such cases, offline video stabilisation algorithms are still necessary.
Numerous methods have been proposed in the computer vision literature to address
this challenge. Most existing video stabilisation techniques involve three primary stages:
motion estimation, motion compensation, and image composition (Dong et al., 2014;
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Wang et al., 2011; Morimoto & Chellappa, 1998), and various approaches have been
proposed to address instability problems (Battiato et al., 2007; Matsushita et al., 2006;
Chang et al., 2004; Litvin et al., 2003). However, many of these methods rely on
assumptions about motion models during motion estimation. To overcome these
limitations, Lee et al. (2009) introduced an approach that uses robust feature
trajectories from the video sequence to stabilise the video directly, without explicitly
estimating camera motion. Additionally, Pant et al. (2021) study evaluated various
video stabilisation algorithms aimed at reducing undesired motion in UAV footage.

2.3.2 Calibration

Camera calibration is necessary for translating 2D (two-dimensional) image points into
meaningful 3D information. This process involves determining both intrinsic (the
camera’s focal length and distortion coefficients) and extrinsic (the camera’s position
and orientation) parameters to accurately transform the point/object location in the
image into the local or world coordinate system. Accurate calibration is vital for video-
based traffic analysis because incorrect camera setup can lead to imprecise distance and
speed measurements, resulting in trajectories that do not accurately reflect the actual
movement of road users.

Figure 5. Principle of calibration model (adopted from Laureshyn & Nilsson (2018))

Many camera calibration methods have been proposed in the computer vision and
photogrammetry literature (Barone et al., 2020; Hillemann et al., 2019; Abdel-Aziz &
Karara, 2015; Gruen & Huang, 2001; Zhang, 2000; Brown, 1996; Tsai, 1986). Each
camera calibration model has its strengths and weaknesses, making them suitable for
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different types of applications. The choice of model depends on the specific task
requirements, such as accuracy, computational complexity, and the types of distortions
that need to be corrected.

One of the most widely used methods is the Tsai camera calibration model, which has
gained recognition for its robustness and high accuracy (Tsai, 1986). It builds upon
and significantly refines the basic pinhole camera model to account for real-world
imperfections such as lens distortion. The model identifies and extracts the 2D image
coordinates of known 3D (three-dimensional) world points from calibration images
and then uses these data to determine the camera’s intrinsic and extrinsic parameters.
This method is highly accurate, making it suitable for traffic study applications, which
usually require precise camera parameter estimation. However, its computational
intensity and reliance on good initial estimates may present challenges for practical
implementation.

Building upon Tsai’s model, Heikkila & Silvén (1997), introduced a refined approach
that incorporates a more comprehensive distortion model, including both radial and
tangential distortions. While this extension enables the method to handle more
complex distortions with greater accuracy, it is even more computationally demanding
and involves a more complex implementation than Tsai’s model.

In contrast to these more computationally intensive methods, Zhang’s camera
calibration method is widely adopted for its simplicity, robustness, and flexibility
(Zhang, 2000). It employs a planar calibration pattern with known dimensions, such
as a checkerboard, which is observed from various angles and positions. This method
is valued for its straightforward application in camera calibration. However, it is
recognised as less resilient to noise and errors when compared to more sophisticated
calibration techniques.

Recent research has also introduced new calibration frameworks tailored to specific
needs. For instance, Dantsuji et al. (2022) propose a new framework for calibrating
dynamic car origin—destination matrices in large networks. Similarly, Zhang & Jin
(2019) proposed a mathematical model for transforming coordinate systems that yields
accurate results for UAV data; however, the accuracy of vehicle detection from roadside
cameras can be further expanded by incorporating 3D ground plane estimation. In the
paper, Zhang & Jin (2019) present a new framework for calibrating dynamic car
origin—destination matrices in large networks. Additionally, Rangesh & Trivedi (2020)
introduced a method to accurately determine the size and position of 3D objects using
single 2D images, integrating visual cues and ground plane information to produce
robust 3D detection boxes.
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In contemporary computer vision field, it is common to distinguish between intrinsic
and extrinsic camera calibration. Intrinsic calibration focuses on determining a camera’s
internal parameters, such as focal length, optical centre, and distortion coefficients.
Typically, a checkerboard or other calibration pattern is used for this purpose, with the
pattern placed at various positions and orientations within the camera’s field of view.
By capturing multiple images of the pattern, 2D corner points are matched to their
corresponding 3D object points, and tools such as the OpenCV Camera Calibration
Toolkit (‘cv2.calibrateCamera() function) are employed to estimate the intrinsic
parameters.

Extrinsic calibration is concerned with determining a camera's position and orientation
relative to a reference object or coordinate system in 3D space. After completing
intrinsic calibration, extrinsic parameters can be computed using techniques such as
Perspective-n-Point (PnP). PnP solves for the camera's pose by relating known 3D
object points to their 2D projections in the image. OpenCV’s ‘cv2.50lvePnP() function
is frequently used to estimate the camera’s position and orientation, leveraging the
intrinsic parameters and the 2D-3D point correspondences.

A variety of other software tools are also available for calibrating video cameras using
sophisticated calibration models, such as the T-Calibration implementation in the T-
analyst software package (T-Analyst, 2019), which is based on Tsai’s model description.
The software adjusts parameters such as lens distortion, field of view, and perspective

to match real-world coordinates.
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Figure 6. Example of camera accuracy output following calibration using T-Calibration software (T-Analyst, 2019)

2.3.3 Optional video processing steps

2.3.3.1 Brightness adjustment

Brightness adjustment is a common technique used to optimise the ability to discern
road users in video data recorded under electric lighting conditions, such as streetlights
during dark hours. This involves either improving visibility in darker regions or
reducing the glare caused by overexposed lights. The adjustment process should be
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selective, applied only when necessary to improve the visibility of road users (e.g.
pedestrians, cyclists, motor vehicles) under varying lighting conditions. In many cases,
brightness and contrast can be manually adjusted based on frame analysis, allowing
precise control over the final result. More advanced approaches like EnlightenGAN
(Jiang et al., 2021) and zero-reference models (Guo et al., 2020) have been designed
for low-light optimisation. However, generative models may introduce inaccuracies,
such as adding or omitting road users based on inferred patterns, leading to
discrepancies in the enhanced image.

Figure 7. An example of brightness adjustment for the same camera view (before adjustment—Ileft; after adjustment—

right)

2.3.3.2  Stitching multi-source video feeds

In multi-camera setups, video stitching is necessary to merge footage from multiple
cameras into a single, continuous view to create a smooth final video. While video
stitching builds on principles similar to those of image stitching, it is a more complex
process due to the additional challenges of synchronising motion, managing dynamic
scenes, and ensuring consistent transitions across frames (Abdel-Aty et al., 2023).
Essentially, it extends and generalises the techniques used in multi-image stitching to
accommodate the temporal and spatial consistency required for video (Wei et al.,
2019).

Successful video stitching requires overlapping areas in images captured from different
video sources. For example, in Figure 8, the green car is the same vehicle viewed by two
different cameras. The process involves several key steps, including frame
synchronisation, camera calibration, detecting key points (e.g., corners, edges) in the
overlapping areas of each video feed and matching them across frames from different
cameras.
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Figure 8. An example of stitching video feeds captured by two different cameras (red highlighting the overlapping

areas in the images from both sources)

The literature presents a variety of techniques to manage this process, ranging from
traditional (manual) methods to more advanced approaches (Wei et al., 2019; Brown
& Lowe, 2007; Szeliski, 2007; Duffin & Barrett, 2001). The effectiveness of video
stitching techniques often depends on whether the cameras are fixed or moving.
Moving cameras typically face greater challenges, such as shakiness and large parallax,
which require more sophisticated solutions (Nie et al., 2017; Lin et al., 2016; Su et al.,
2016).

2.4 Object detection algorithms

Object detection is the process of identifying and locating objects that belong to a
predefined set of object classes within an image or video. In the context of traffic studies,
this typically involves detecting and classifying road users, as shown in Figure 9. Object
detection methods are generally categorised into three main approaches: motion-based
techniques, which use temporal information to detect objects; appearance-based
techniques, which extract relevant features from individual images; and anchor-free
approaches, which directly predict object bounding boxes or key points without relying
on anchor boxes. Each approach offers distinct advantages and limitations
(Ghahremannezhad et al., 2023). The choice of method depends on the specific task
requirements, such as the need for quick processing or high detection precision.
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Figure 9. An example of object detection in a traffic surveillance image (Jensen et al., 2019)

2.4.1 Motion-based methods

Motion-based approaches use the motion of objects of interest to distinguish them from
the background, allowing their locations to be detected. Common techniques for
detecting motion in traffic video analysis include frame differencing, optical flow, and
statistical background modelling.

Frame differencing is one of the simplest motion estimation techniques. It calculates
the absolute difference in pixel intensities between consecutive frames and applies a
threshold to highlight significant changes, thus identifying the locations of moving
objects (Al-Smadi et al., 2016). The optical flow technique detects moving objects by
analysing the correlation between adjacent frames to find matching key points. This
process enables the calculation of optical flow vectors, which represent the
instantaneous velocities of specific points in the image (Rauf et al., 2016). Background
modelling is the most commonly used motion-based approach in traffic video
surveillance. It distinguishes the static background from the moving objects in the
foreground and then identifies these objects based on their movement or appearance
within the scene (St-Charles et al., 2015).

While motion-based object detection offers advantages in terms of generalisation and
computational efficiency, it also presents several challenges, which arise from general
issues, such as non-stationary cameras and stationary objects, as well as traffic-specific
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difficulties, including moving shadows, variations in lighting, and occlusions
(Ghahremannezhad et al., 2023; Garcia-Garcia et al., 2020).

2.4.2 Appearance-based methods

Appearance-based object detection methods do not rely on motion or background
information to extract and analyse visual features from images or video frames to detect
and classify objects of interest. Instead, they use patterns learned from labelled data to
identify objects based on their appearance. Common techniques include feature-based
approaches, convolutional neural networks (CNNs), and Transformers. These methods
are often combined, leveraging the strengths of each approach to improve detection
accuracy and robustness.

2.4.2.1  Feature based techniques

Feature-based methods identify specific patterns, shapes, or features in an image to
determine whether they belong to a particular category. These traditional techniques
were widely used before deep learning took over. For example, Histogram of Oriented
Gradients (HOG) extracts gradient features from images and is commonly used for
detecting people (Wang et al., 2009). Similarly, techniques like Scale-Invariant Feature
Transform (SIFT; Lowe, 2004) and Speeded-Up Robust Features (SURF; Bay et al.,
2008) are used to extract key points and descriptors for object recognition. While these
methods rely on relatively simple architectures, they tend to be less accurate and slower
compared to modern deep learning techniques, especially in complex scenarios (Abdel-
Aty etal., 2023).

2.4.2.2  Deep learning-based techniques

The advancement of machine learning and deep learning techniques has introduced
new approaches to object detection and classification, offering improved accuracy
during both model training and testing (Rani et al., 2022). Deep learning methods for
object detection, classification and tracking—particularly those utilizing CNNs—are
among the most advanced techniques used in traffic research.

CNNs are specialised deep learning models designed to automatically learn and identify
patterns in images. They comprise a computer algorithm divided into several nodes,
each performing straightforward operations. The performance of these operations relies
on certain parameters, such as weights, which are computed based on training data
(Ahrnbom, 2022). CNNs are particularly well-suited for multi-class object detection
tasks as they use multiple binary classifiers in the final layer to distinguish between
different object categories. Object detection methods based on CNN-driven features
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are typically categorised as either two-stage or single-stage approaches (Zhang et al.,
2022).

Figure 10. Example output from the Mask R-CNN object detector, a type of convolutional neural network (CNN),
adapted from Ahrnbom (2022))

Several factors can influence the performance and evaluation of deep learning models
in traffic analysis. First and foremost, training these models requires large, annotated
datasets containing images or video frames that clearly identify objects of interest, such
as road users. The quality and diversity of these datasets are critical; a well-annotated
and varied dataset improves the model’s ability to generalise across different scenarios.
Additionally, traffic environments are highly variable, ranging from urban streets to
rural highways, with changing conditions in terms of lighting, weather, and time of
day. To account for this variability, it is important to train the model on a diverse
dataset that captures these differences. For instance, training with images showing
vehicles from different angles, speeds, and sizes improves the model’s ability to
generalise and perform accurately in real-world scenarios. While extensive datasets
contribute to improved accuracy, the process is resource-intensive and time-consuming,
raising concerns about the computational demands and resources required for effective
training.

—  Two-stage object detection
Two-stage methods, while generally more accurate, are often slower than single-stage
methods. First, the detector scans the image and suggests regions of interest where
objects might be located. Then, it carefully checks these regions to classify the objects
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and determine their exact locations. Region-based convolutional neural networks (R-
CNNs) are an early example of a two-stage method, introduced by Girshick et al.
(2014). Over time, R-CNNs evolved into faster models, including Fast R-CNN

(Girshick, 2015) and Faster R-CNN (Ren et al., 2015). These methods are often
preferred for applications where high accuracy is necessary.

—  Single-stage object detection

One of the most popular single-stage deep learning object detection algorithms is You
Only Look Once (YOLO), introduced by (Redmon et al., 2016). Instead of dividing
the process into two steps, YOLO improves speed by scanning the entire image in one
pass. It splits the image into a grid and simultaneously predicts both the presence and
location of objects. The YOLO framework has evolved over several versions, from
YOLOvI to YOLOVY, with each iteration improving accuracy and speed through
advanced architecture and optimisation techniques (Yaseen, 2024; Terven et al., 2023).
While YOLO offers significant speed advantages, it may not be as precise as some two-
stage methods.

The Single Shot MultiBox Detector (SSD; Liu et al., 2016) and RetinaNet (Lin et al.,
2017) are other widely used deep learning object detection algorithms. These methods
offer distinct advantages based on specific application needs. SSD is commonly chosen
for tasks requiring speed and simplicity, such as real-time traffic monitoring.
Meanwhile, RetinaNet excels in applications where accuracy is critical, particularly in
detecting small objects within complex scenes.

2.4.3 Anchor-free methods

Traditional object detection methods use anchor boxes—predefined bounding boxes
with specified parameters such as height and width—to guide the detection process. In
contrast, anchor-free methods simplify this process by directly predicting the centre
points or corners of objects, eliminating the need for anchor boxes and their associated
computational complexities.

Anchor-free approaches are categorised as keypoint-based or centre-based approaches
(Zhang et al., 2023). Keypoint-based methods detect objects by identifying key points
and then generating bounding boxes around them. A notable example from this
category is the Fully Convolutional One-Stage Object Detector (FCOS; Tian et al.,
2022). Centre-based methods define positive samples based on the centre point or area
of the object and then predict the distance from the centre to the object’s edges. Popular
centre-based models include CenterNet (Law & Deng, 2020; Zhou et al., 2019) and
Grid R-CNN (Girshick et al., 2014).
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While these approaches offer greater flexibility in detecting objects of varying sizes and
shapes—a key advantage for identifying road users, as sizes can differ significantly even
within the same category (e.g. cars, buses)—they also face several challenges. Issues with
accuracy, scalability, and robustness can impact performance, particularly when
encountering complex real-world scenarios with factors like occlusions, lighting
changes, and diverse environments.

2.5 Object tracking algorithms

Object tracking involves monitoring and connecting the movement of objects (in traffic
studies, these are road users) across frames in a video, each represented by a trajectory.
In other words, each detected object is assigned an identification, as shown in Figure
11, that remains consistent over time. However, several challenges can arise, such as
multiple tracks being assigned to a single object, incorrect splitting or merging of tracks,
and track confusion, where different objects are mistakenly followed over time, among

others.

Figure 11. Example of tracking results using the STRUDL tool (adapted from Jensen et al. (2019)).

There are various existing methods for object tracking, each with its strengths and
suitability depending on factors such as environmental complexity, the nature of the
objects being tracked, and available computational resources. These methods ensure
the consistent identification of an object’s position as it moves, which is crucial for
accurate analysis and interpretation.
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2.5.1 Online tracking methods

Online tracking methods are techniques in which the tracker processes frames
sequentially and cannot revisit previous frames. In this approach, the tracking
algorithm makes real-time decisions and updates as new frames arrive, without relying
on past information. A widely used method in this category is Simple Online and
Realtime Tracking (SORT; Bewley et al., 2016). This is a straightforward and efficient
approach for tracking objects that matches detections (obtained using a detection
algorithm) to previously tracked objects based on their position, size and object class
and makes assumptions about their movement patterns. In each frame, SORT uses a
Kalman Filter (Kalman, 1960) to predict where the object will be in the next frame. It
then compares these predicted positions with new detections to update the tracking.
The Hungarian algorithm (Kuhn, 1955) is employed to pair detected objects with
existing tracks based on proximity and movement. While SORT is efficient and
effective in straightforward scenarios, its simplicity and speed may lead to difficulties in
very crowded scenes or when dealing with rapid object movements. DeepSORT
(Wojke et al., 2017) is an expanded version of SORT that integrates appearance
information to handle occlusions and similar-looking objects more effectively. Building
on the SORT tracker, Ahrnbom et al. (2021b) introduced two additional methods:
SORTS and SORTS+ReID. SORTS improves tracking by incorporating segmentation
while maintaining real-time processing speeds, while SORTS+RelD is designed to
improve occlusion handling.

2.5.2 Pixel-based methods

Pixel-based methods track objects by analysing changes in their appearance across
frames using various techniques. The optical flow technique assesses pixel movement
between frames to determine an object’s motion (Alfarano et al., 2024). Template
matching involves comparing a reference image of an object with the current frame to
identify its location. Background subtraction separates the object from the background
to track its movement. These methods are frequently employed in real-time vehicle
tracking applications and for monitoring vehicles in situations where occlusion occurs
(Zheng et al., 2024; Abdel-Aty et al., 2023). While effective, they can be sensitive to
changes in lighting and to situations in which objects blend into the background.
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2.6 Microscopic traffic data from video

Video recordings offer a wealth of detailed microscopic traffic data, which provide deep
insights into both road user behaviour and vehicle dynamics. These data refer to the
detailed observation and analysis of individual elements in traffic, such as individual
road users, in contrast to aggregated data. They encompass a range of data types, from
the frequency of particular behaviours to continuous, highly precise information linked
to time and space. These detailed data are fundamental to understanding the nuanced
interactions and behaviours that impact traffic safety and the overall comfort of road
users.

By applying calibration, detection, classification and tracking models to video footage
from specific areas of interest within a transportation network, a series of points or
bounding boxes depicting the positions of each road user can be identified, forming
trajectories (see Figure 12). These trajectories are represented by data points that
describe positions at specific time intervals over a defined period. Various indicators—
objective and measurable parameters—such as speed, lateral position, and
acceleration/deceleration, and statistical descriptors, like average, median, and standard

deviation, can be derived from these continuous data.

Figure 12. Visual representation of generated trajectories along a shared-use path. The upper section presents an aerial
view of the area with one annotated trajectory, while the lower section displays several plotted trajectories in relation
to the path

Trajectories can be captured and analysed in 2D or 3D formats, depending on the level
of detail and accuracy required. Two-dimensional trajectory analysis tracks object
movement within a flat plane using x (horizontal) and y (vertical) coordinates. This
analysis typically relies on video recordings or sensor data captured from bird’s-eye view
or fixed-angle cameras. However, in complex scenarios, such as dense traffic, 2D
trajectories often struggle with occlusion issues, making it difficult to accurately
distinguish overlapping vehicles. Additionally, 2D trajectories are less reliable when
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changes in elevation are involved, for which 3D trajectory analysis is necessary. This
approach tracks objects in three dimensions, incorporating x, y, and z coordinates.

In addition to choosing between 2D and 3D formats, trajectories can be represented in
different ways based on the study’s requirements. Typically, road user trajectories are
depicted either as a single point within a bounding box (often the central position of
the road user on the ground in 2D) or with more detailed 3D poses. Representing
trajectories as a single point provides sufficient detail for many traffic analysis tasks.
However, for studies focusing on active behaviours, such as the avoidance actions of

vulnerable road users or single falls, 3D pose trajectories offer important insights
(Gildea et al., 2024; Li et al., 2021). Capturing these detailed 3D pose estimates
requires advanced techniques and technologies that offer a more comprehensive view
of movement and interactions (Gildea et al., 2022; Reddy et al., 2021; Iskakov et al.,
2019).

PP
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Figure 13. Examples of trajectory representation: a) The central position of the road within the 2D projection on the
ground plane, as defined by the bounding box (T-Analyst, 2019), b) sequence of reconstructed 3D poses derived from
corresponding 2D keypoints

2.6.1 Tools for data extraction

Extracting road users’ trajectories from video recordings is a critical process that can
either be fully automated or involve some level of human input (semi-automated)
depending on factors like the complexity of the environment, accuracy requirements,
and the available technology.

Semi-automated approaches allow users to manually refine detections, adjust tracking
parameters, or provide input to improve accuracy in challenging scenarios. This
approach is often used when the environment is complex or when high precision is
required. The commonly used tool for generating 3D trajectories in traffic studies is T-
Analyst (T-Analyst, 2019), a video analysis tool designed specifically for generating 3D
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trajectories and calculating various measures for further analysis in the field traffic of
studies. This tool provides very accurate results, which can also be used as ground truth
for training advanced models. However, its detection, classification and tracking
functions require extensive manual work before the final output is achieved, making
the process labour-intensive and time-consuming. Some manual steps can be
streamlined using additional tools. For example, software RUBA (Agerholm et al.,
2017; Madsen et al., 2016) can filter hours of video by detecting movements within
user-defined regions, allowing for the automatic identification of situations of interest
for the human observer to review. While this step still necessitates the observer’s manual
inpug, it is significantly faster than rewatching all the recorded videos. However, there
are clear limitations: the output depends on the accuracy of the defined regions or
detectors in the video. For instance, if a road user moves slightly outside a defined
detection area, they will not be registered. Conversely, if the detection area is expanded
beyond expected movement zones, the number of false positives may rise. Other factors,
such as birds flying near the camera, raindrops, or falling leaves, can also contribute to
increased false positives.

Other semi-automated tools commonly used for extracting microscopic traffic data
include TVATIC (Shen, 2016), TDE (Munigety et al., 2014), TRAZER (Mallikarjuna
et al., 2009), and Kinovea (Kathuria & Vedagiri, 2020). Despite the intensive manual
effort required, recent research frequently employs such semi-automated tools
(Diwakar et al., 2024; Yastremska-Kravchenko et al., 2024; Johnsson et al., 2021) due
to their effective data extraction capabilities. However, these tools are primarily used
for evaluating the usability of various indicators or for analysing small datasets that are
manageable within a feasible timeframe rather than for automatically computing
metrics for every road user interaction in lengthy videos.

In contrast to semi-automated tools, automated tools rely on advanced algorithms and
machine learning models to detect, classify, track, and extract trajectories from video
footage without requiring manual input. These tools are efficient at processing large
datasets and are capable of operating in real time. A common approach in traffic studies
involves combining the YOLO object detector (Terven et al., 2023) with the SORT
algorithm (Bewley et al., 2016) to infer trajectories automatically, especially in relatively
straightforward environments. Other deep learning models, such as SSD and Faster R-
CNN, have also proven effective for handling large datasets with real-time processing
capabilities. While these automated tools provide consistent results that are free from
human biases or errors, their accuracy can be affected by poor lighting, occlusions, or
crowded scenes. Additionally, these systems often demand significant computational
resources, especially when processing high-resolution video footage.
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One of the first cross-disciplinary frameworks for automated traffic analysis is the
STRUDL package (Surveillance Tracking Using Deep Learning) which encompasses
all processes from video acquisition to traffic analysis output. This system employs deep
learning algorithms for the detection and classification of road users, utilising the
Hungarian tracking algorithm to maintain tracking continuity. Although STRUDL
automates many video processing steps, it still requires some human intervention,
particularly in annotating image data to train the object detector. Additionally, the
tracking algorithm, while straightforward, can make errors when trajectories become
too close to one another or if the detector fails to detect an object over several
consecutive frames. However, the system continuously improves it processes and
incorporates more data into its learning.

Traffic Intelligence is another example of a tool for automated road safety analysis
utilising video recordings (Saunier, 2024; Saunier et al., 2010). This software has been
created for multiple projects and applications and continues to be actively developed.
It features two main tools for detecting, tracking, and classifying road users, along with
a Python library designed for analysing the resulting data, especially for performing
road safety evaluations.

Additionally, several organisations, such as Citylog and Viscando, provide various tools
and systems for extracting microscopic traffic data. Some solutions offer the complete
workflow outlined in Figure 1, starting from data collection to the extraction of
microscopic data, while others work with existing videos and focus only on subsequent
steps. Additionally, numerous traffic monitoring systems, such as Traficon, are used for
tasks like speed violation detection, statistical data collection, and potential
enforcement of traffic regulations. These solutions are widely adopted for their
advanced technology and reliability in capturing a wide range of traffic data, from basic
vehicle counts or speed detection (without spatial context) to detailed trajectory
analysis. The selection of the appropriate system should be guided by the study’s
specific objectives and the required level of detail in the data.

2.6.2 Trajectory accuracy

The accurate representation of road user trajectories is crucial for traffic studies, as they
provide insights into movement patterns and interactions between road users and
infrastructure. However, extracting high-accuracy trajectories from video recordings is
no simple task. As well as video processing techniques (stabilisation, calibration, etc.)
and the chosen detection and tracking methods (which often involve a trade-off
between accuracy and efficiency), several other factors, ranging from environmental
conditions to technical setup challenges, can significantly influence trajectory accuracy.
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Among these factors, environmental conditions often present the most unpredictable
challenges. For example, when it rains, droplets on the camera lens can blur the image
and reflections from wet surfaces can confuse tracking systems, making it difficult to
distinguish between actual objects and visual obstructions. In dense fog, visibility is
reduced to the point where objects are not fully discernible and sometimes even
disappear altogether, leading to fragmented or incomplete trajectory data. Each of these
weather conditions adds layers of complexity to tracking systems, which are built to
rely on clear and consistent environmental conditions.

Lighting is another critical factor. At night, limited illumination means that objects can
be hard to see, leading to poor detection and tracking performance. Even with electric
lighting, deep shadows or unevenly lit areas can cause significant inconsistencies in the
captured data. Conversely, daylight can introduce its own set of challenges, including
glare from reflective surfaces and shadows that change throughout the day, potentially
obscuring parts of the scene and leading to mistakes in road user detection and tracking.

The camera’s technical setup also plays a key role in determining trajectory accuracy
(Laureshyn & Nilsson, 2018). Camera height (the distance between the camera and
the studied object) is one key factor; higher positions can make objects appear smaller,
which is particularly challenging in low-light conditions and when detecting smaller
road users like pedestrians. Additionally, side or angled views can introduce distortions,
as objects farther from the camera seem smaller and move more slowly, complicating
accurate trajectory estimation. Occlusion is another common issue that can affect
trajectory reliability. However, overhead views, increasingly available due to
advancements in drone technology, generally provide a clearer and more direct
perspective, helping to mitigate these issues and improve trajectory accuracy.

Despite these challenges, it is currently possible to extract meaningful and accurate
trajectory data. However, achieving this requires more than just advanced technology.
Careful planning and study design, thorough consideration of the study or application’s
specific purposes and requirements, and thoughtful implementation of modern
technology are crucial for effectively addressing most of the challenges associated with
trajectory data reliability.
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3 Understanding behavioural
observation studies in traffic

research: A perspective on VRUs

3.1 The evolution of behavioural observation in traffic

studies

Understanding the context in which behaviours occur is necessary for accurately
interpreting road user actions. Factors such as traffic density, infrastructure
characteristics, lighting, weather conditions, and other elements can significantly
influence road user behaviour. Traffic observation studies take these contextual
elements into account by examining the behaviour of road users in their natural settings
to offer a more comprehensive understanding of how frequently specific characteristics
of their behaviours occur in various situations.

Behavioural observation is one of the earliest research methods used in traffic research,
dating back nearly a century to the 1930s (van Haperen et al., 2019; Eby, 2011).
Despite its long history, this method remains effective and widely used. It is commonly
employed for monitoring purposes and is particularly valuable in situations in which
few data are available or existing data lack detail. Additionally, behavioural observation
is effective for assessing whether certain measures have achieved their intended effects
and whether they have caused any unintended side effects at an early stage (Polders &
Brijs, 2018).

According to literature review by van Haperen et al. (2019), starting in the 1930s,
behavioural observation studies primarily focused on motor vehicle road users. This
perspective only expanded in the 1970s to include vulnerable road users (VRUs: those
without a protective shell, such as pedestrians, cyclists, and motorcyclists), who then
became a significant area of interest (see Figure 14).
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Figure 14. The annual number of publications per study type (adopted from van Haperen et al. (2019))

Several factors caused this increased interest in VRUs. First, VRUs are particularly
vulnerable to serious injuries or fatalities in traffic accidents because of their lack of
physical protection (Kim et al., 2007; Rowe et al., 1995). Second, they are more likely
to be involved in crashes, especially those involving motor vehicles (Schieber & Sacks,
2001; Rowe et al., 1995). In many motor vehicle—cyclist incidents, drivers fail to detect
cyclists until it is too late to prevent a collision (Wood et al., 2009). By observing VRUS’
behaviour and their interactions with the environment, researchers can identify specific
risks and develop targeted safety measures to address these vulnerabilities.

Additionally, the recent emphasis on promoting walking and cycling for sustainability
and health benefits has underscored the need for transportation systems to include
adequate infrastructure to support these activities (Delaney et al., 2017).As cities work
to integrate these modes of transport into their infrastructure, it is important to design
road environments with VRUs in mind. Behavioural observation studies are invaluable
in this context, providing insights into how VRUs interact with various road features
that can inform policies to ensure that these elements are both safe and functional.

As transportation systems increasingly support a mix of travel modes, understanding
how VRUs navigate and interact with different forms of transport is key to ensuring
smooth and safe intermodal connectivity. Furthermore, VRUs represent diverse groups
of individuals with varying needs and behaviours. Behavioural observations can provide
additional knowledge about how various transportation modes can work together and
where potential conflicts might arise, guiding the development of solutions that
strengthen overall system efficiency and user safety. Additionally, this method can shed
light on how different demographics (e.g., children, the elderly, or individuals with
disabilities) experience and navigate the road environment. This understanding is
fundamental for developing inclusive safety measures that protect all VRUs.
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The methods used to collect behavioural observation data have evolved over time.
Historically, the predominant method used in traffic studies involved on-site human
observers. However, advancements in video technology have shifted the preference
toward using video recordings, either as the primary source or in combination with
trained on-site observers (Laureshyn & Virhelyi, 2018). By the mid-2000s, video
cameras had largely surpassed direct human observations as the primary method for
this type of research, coinciding with a rapid increase in the number of behavioural
observation studies published in the scientific literature (van Haperen et al., 2019).

This shift can be attributed to the several advantages that video recordings offer. They
provide a more objective and accurate means of behavioural observation, enabling
continuous monitoring of road users and the ability to review footage to verify results.
Video recordings also facilitate the collection of detailed, continuous microscopic data,
such as speed and positioning. The literature review conducted by van Haperen et al.
(2019) revealed that earlier behavioural observation studies of VRUs often relied on
binary variables (yes/no measurements). In contrast, more recent studies have shifted
toward using detailed continuous variables, replacing binary measures (or adding to
them) for a more in-depth data analysis process.

Additionally, collecting video recordings is less labour-intensive and is not subject to
on-site observer fatigue, which can affect data quality in traditional on-site observations
(Laureshyn, 2010). However, as discussed in Part 1 of this thesis, the process can still
be demanding with respect to the subsequent steps of transforming raw video data into
advanced analysis.

3.2 Behavioural insights from video: What can be
measured?

Traffic behavioural studies differ significantly from other psychological approaches.
While traditional psychology often focuses on exploring internal processes (e.g.
intention, attitude, individual beliefs) traffic behavioural studies primarily aim to
collect and analyse data on observable actions—actions resulting from these internal
processes.

Both qualitative and quantitative variables can be captured from video recordings in
the form of single or binary (yes/no measurements) values, and quantitative variables
can also be recorded as continuous sequences (a set of values over time) (Laureshyn,
2010). Qualitative variables encompass demographic factors such as age and gender,
road user categories like motor vehicle drivers and VRUs (e.g. cyclists, motorcyclists,
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and pedestrians from various demographics, such as children and the elderly), as well
as types of interactions, approaching behaviour, distractions, and other observable
actions (e.g. looking, eye contact, yielding, crossing, directional indications). These
variables reveal how different road users respond to the same environmental stimuli.
For example, the crossing behaviour of road users, such as whether they choose to slow
down or accelerate while crossing, can highlight their different decision-making
strategies based on their transport mode, age, and other factors. Additionally,
qualitative data can include infrastructural characteristics of the location, such as traffic
rules and how actual behaviour aligns with those rules (e.g. cases of red-light violations).

In contrast, quantitative variables, such as positioning, speed, and distances (both
longitudinal and lateral), as well as their variations, are measured to provide objective
data on how road users navigate their environment. For example, tracking speed
variations allows researchers to evaluate how consistently drivers adhere to speed limits
under varying conditions or how speed changes in response to traffic density or
infrastructure design. Both qualitative and quantitative data offer valuable insights into
the underlying patterns of road user behaviour.

Several studies have demonstrated that the placement and speed of road users can reflect
behavioural changes in response to their environment (Johansson et al., 2020; Greibe
& Skallebzk Buch, 2016; Franék, 2012; Fisher & Nasar, 1992). This data can be
represented in multiple ways, including as extreme values (e.g. maximum and
minimum), measures of central tendency (such as average, median, and mode),
percentiles, and others. Each method provides distinct insights into the data, allowing
researchers to emphasise specific aspects for analysis in accordance with their study’s
objectives.

The speed profile, which illustrates how road users adjust their speed over time or
distance, is a frequently employed measure in behavioural research. This metric offers
valuable insights into behavioural dynamics, revealing patterns of acceleration,
deceleration, or consistent speed in response to various environmental or task-related
factors. Variations in speed can often reflect internal decision-making processes. For
instance, when cyclists slow down, it may signal uncertainty or a more deliberate
cognitive process when navigating a complex or novel environment. Conversely, an
increase in speed might suggest that cyclists perceive the traffic conditions to be safe,
prompting them to move faster, which can be interpreted as a positive response to their
surroundings. In contrast, for pedestrians, moving faster might mean they want to reach
their destination quickly because they feel less secure or simply do not like the
surrounding environment.
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Placement offers a range of interpretations and is another important variable in
behavioural studies. It can refer to a road user’s lateral position or how this position
changes over time, as well as the distance between road users (longitudinally and/or
laterally). Placement data are often used to assess interactions with infrastructure,
revealing whether it is being used as intended. For example, if pedestrians are walking
in the road instead of on a sidewalk due to poor conditions, or if cars are parked in a
way that disrupts traffic flow, these patterns can indicate potential design issues or safety
concerns in the road environment.

Angle-based indicators can also be derived from trajectory placement data. For example,

swerving intensity can be assessed by measuring the road user’s angular velocity (yaw
rate) (Guo et al., 2018; Tageldin et al., 2015).

Another relevant metric is the slalom measure, which evaluates directional changes
along a trajectory based on position data. This measure can be expressed in different
ways, such as by describing the curvature to demonstrate how sharply the trajectory
bends or the oscillations—referring to the frequency with which a trajectory crosses a
reference line or axis—to represent how frequently the trajectory crosses a reference line
or axis. Furthermore, angular changes derived from the tangent vector help to assess
turning behaviour along the trajectory.

In one of my studies (Paper II), was employed the slalom measure to determine how
much the road users’ path deviated from a baseline, a straight line connecting the
entrance and exit points of the path (see Figure 15). These points were identified from
trajectories sampled every 20 metres to capture the overall pattern and minimise the
influence of small, speed-related fluctuations and noise in road users’ trajectories. The
measure was then calculated as the cumulative sum of integrals between the actual path
and the baseline, providing a comprehensive indicator of deviation.
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Figure 15. Illustration of the slalom measure: black circles represent the actual trajectory, while the straight line
between entrance and exit represents the baseline (adopted from Paper II)
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The interpretation of the slalom measure varies depending on the type of path user.
Commuters and individuals engaging in work-related tasks (e.g. couriers) often
prioritise efficiency, aiming to maintain a straight trajectory to reach their destination
swiftly. In contrast, tourists or recreational cyclists may prefer a less direct route,
deliberately deviating from a straight path to explore their surroundings or enjoy the
journey.

Placement data also provide insights into the interactions between several road users,
including various manoeuvres (e.g. overtaking, following, bi-directional), as well as
detecting potential critical events in traffic. These insights are crucial for assessing their
impact on road safety. Additionally, trajectory placement data offer several insightful
metrics, for example, the lateral distribution of road users and the gaps they maintain
(both laterally and longitudinally) under different traffic conditions (Mallikarjuna et
al., 2009).

Building on these insights, Paper I introduces a new measure called ‘Safe Lateral Passing
Distance’ specifically for cyclists in bi-directional interactions. Using naturalistic data, I
found that cyclists approaching each other often swerve to the right, a pattern similar
to that noted by Yuan et al. (2018). The measure reflects the lateral space cyclists
maintain before meeting and until fully passing another cyclist. In Paper I, this Safe
Lateral Passing Distance was defined as the minimum distance preserved in 95% of the
observed interactions. In my case study, this distance was specifically determined to be
1.5 meters (see Figure 106).
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Figure 16. Lateral space between cyclists at the moment they meet each other (adapted from Paper I)
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In Figure 17, phases ‘p1” and ‘p2’ illustrate the instance at which the first and second
cyclists, respectively, reach the Safe Lateral Passing Distance. Two additional variables
may also be considered: the longitudinal distance between cyclists (p1—p2) and the time
they take to arrive at their meeting point after establishing this distance.

<
R

Figure 17. Illustration of the Safe Lateral Passing Distance (adopted from Paper I)

3.3 Practical case study

Despite efforts to promote walking and cycling, little is known about how specific
design features impact pedestrian and cyclist behaviour, leaving a gap in our
understanding of how to optimise infrastructure for these groups. This knowledge gap
is becoming even more relevant as municipalities and urban planners face growing
demands for effective methods and tools that provide rapid feedback on the
effectiveness of interventions in physical environments.

One of the primary objectives of this thesis was to explore the practical application of
microscopic behavioural data in traffic studies, with a particular emphasis on
optimising the experience for vulnerable road users (VRUs) and improving their safety.
This section delves into the use of microscopic data extracted from video recordings to
observe and analyse traffic behaviour and presents findings from a large-scale
behavioural study conducted as part of the research project ‘Belysa—miljofaktorers
inverkan pé fotgingares och cyklisters beteende i skymning och morker’.

The ability to analyse and respond to behavioural data is necessary for making informed
decisions that improve safety and promote sustainable transport options. To address
this need, the thesis developed a methodology specifically for examining the travel
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behaviour of cyclists and pedestrians under varying lighting conditions, including both
daylight and electric lighting. This new approach builds on the foundational work of
the Video Analysis of Pedestrian Movement (VAPM; Johansson et al., 2020) study by
expanding the analysis to include the microscopic movements of both pedestrians and
cyclists in outdoor environments under different lighting conditions. Additionally, the
studies included in this thesis introduced a progressive data collection method that uses
drone technology. This method was first implemented in the study from Paper I, where
initial observations demonstrated its effectiveness in capturing valuable insights into
how cyclists and pedestrians navigate their environments, using data from both
individual passages and interactions. In this context, individual passage refers to the
trajectory followed by a single road user, capturing their movement and path through
the traffic environment. Interactions describe the dynamic interplays between at least
two road users, in which each adjusts their intended movement in response to the other,
such as when they need to yield or adjust their speed and/or position to ensure smoother
travel.

The method was further applied in the large-scale, comprehensive analysis presented in
Paper II. This study expanded the scope of the initial research, incorporating a broader
range of data and examining more diverse settings and environmental conditions. This
large-scale analysis offered critical insights into how different interventions on shared-
use paths (e.g. road surfacing, facility layout) impact safety and comfort across different
environments and lighting scenarios.

3.3.1 Study design

This study used drones as the primary tool for collecting the data used for further
analysis and investigation. These data were gathered from two shared-use paths that
accommodate both cyclists and pedestrians, located in the cities of Linképing and Lund
in Sweden (see Figure 18). These paths were situated between the outskirts and the city
centres, commonly serving as walking and cycling commuting routes. The observed
sections, captured by drone cameras positioned at a height of 120 metres, spanned
approximately 150 metres in length.
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Figure 18. Study sites

In Linképing, cycling was allowed in both directions along the path, unlike in Lund,
where the path was designed with a one-way cycling lane alongside a separate footpath
for pedestrians. Data were collected over five distinct periods during the months with
reduced daylight in Sweden (October—March), the details of which are provided in
Table 1. Video data were captured under two lighting conditions: daylight and electric
lighting,.
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Table 1. Overview of the data collection process (adapted from Paper II)

Location Inter\:'entlons in the physical Data co.llectlon Lighting condition Time
environment of the path period
Baseline November 2019; Daylight 07.00-10.00
March 2020
Electric lighting 17.00-20.00
o Intervention 1: October 2021 Daylight 14.00-16.00
i wider path, separation line, new
5 surfacing Electric lighting 17.30-20.00
£
Intervention 2: November 2022 Daylight 14.00-17.00
electric lighting application
Electric lighting 18.45-21.00
Baseline January—February Daylight 14.00-16.00
2020
Electric lighting 18.30-21.00
E
fs| Intervention: February—March Daylight 13.00-16.00
trimmed greenery, new 2022
surfacing, electric lighting Electric lighting 17.30-20.00

application

Between data collection periods, several changes were made to the paths’ physical
environments and electric lighting applications. Initially, the path in Linképing (see
Figure 19), with its asphalt surface and lighting from high-pressure sodium lamps, did
not separate cyclists and pedestrians. The first intervention involved resurfacing and
widening the path, as well as adding a white line to separate the two groups. In the
second intervention, the path’s surface stayed the same, but the electric lighting was
changed. The original lampposts were fitted with new LED light sources.
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Intervention 1:
73 y iy

Figure 19. Drone images of the study site captured during each data collection period under both daylight (left) and
electric lighting conditions (right) in Linképing (adopted from Paper II)

In Lund (see Figure 20), the path was initially segregated with a white line dividing the
cycling and pedestrian areas, and it was one-directional for cyclists. The surface was
asphalt, and the lighting was provided by high-pressure sodium lamps. The
intervention involved updating both the surface and lighting. The path was resurfaced
with new asphalt, keeping the separation line between cyclists and pedestrians, and the
greenery was trimmed to improve visibility. New LED light sources were installed, and
a luminaire was added to bring the lighting closer to the edge of the path.
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Intervention:

Figure 20. Drone images of the study site captured during each data collection period under both daylight (left) and
electric lighting conditions (right) in Lund (adopted from Paper II)

Two types of empirical data were collected via video recording: 1) the movements of
invited participants—who were aware of the study and either cycling or walking along
the paths—aware sample, and 2) the movements of undisturbed traffic—random
cyclists and pedestrians in real-life conditions—unaware sample. For the aware sample,
students aged 18-35 from Linképing and Lund universities travelled individually along
a designated path and completed a questionnaire on their perception of the
environment before and after their journey. All participants provided written consent
and were briefed on the study's objectives and ethical guidelines.

3.3.1.1 Video processing and microscopic data extraction

Before generating the trajectories of cyclists and pedestrians, each video was stabilised
and adjusted for brightness when necessary. Calibration was then performed using T-
Calibration software (T-Analyst, 2019) with known reference points measured using a
Leica Builder R200M total station.

After processing, the trajectories of path users were generated using T-Analyst (T-
Analyst, 2019). Due to the impact of individual road users’ speed choices on the
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number of data points in each unique trajectory, all extracted trajectories were
standardised by cropping them at the same start and finish points and normalised using
equally spaced reference points. The lateral placement of each road user was
recalculated relative to the path's middle line, with positive values indicating the right-
hand side and negative values indicating the left-hand side in the direction of travel.

For a more comprehensive analysis of individual cyclist behaviour, key microscopic
variables were used, including speed (average and median), average lateral position, and
slalom manoeuvres. Since the study sites (shared-use paths) were selected based on a
specific criterion—that they were frequently used by commuters traveling between the
city outskirts and the city centre, either by foot or by bike—it was assumed that a
decrease in the slalom measure indicated a perceived improvement in the pathway for
these commuters, suggesting that the design changes had improved their experience.
Additionally, the Safe Lateral Passing Distance (see Figure 17) was applied to examine
cyclist interactions.

3.3.2 Analysis
The study aimed to investigate several key aspects:

1. Differences in movements between aware and unaware samples of path users
To compare the movements of invited participants with those of unaware pedestrians
and cyclists, aggregated trajectories were analysed, focusing on average speed and lateral
position. Data were collected during baseline periods at both sites under daylight and
electric lighting. Interactions with passers-by were excluded, resulting in 146
trajectories per location, which were evenly split between invited and unaware users.
Differences between the groups were assessed using a two-tailed t-test.

2. Impact of outdoor lighting conditions on cyclists’ path use and positioning
during interactions with other cyclists
The analysis focused on 60 bi-directional interactions of the unaware sample at the
Link6ping site (half in daylight, half under electric lighting). Using the Safe Lateral
Passing Distance (see Figure 17), it was assessed the point at which cyclists achieved and
maintained this space, as well as the longitudinal distance and time to reach the meeting
point after establishing the safe distance.

3. Impact of surfacing and lighting modifications on cyclist and pedestrian
behaviour

I analysed 353 individual trajectories from the aware sample across all data collection

periods to assess how path surfacing and lighting modifications impacted behaviour.

The analysis focused on speed and slalom patterns in response to changes in
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environmental features, with data divided by user mode (cyclists or pedestrians) and
location (Linkdping or Lund). I examined continuous variables (median speed and
cumulative slalom) alongside categorical variables, including surfacing, layout, and
lighting conditions (daylight, electric lighting). A two-way ANOVA (Bevans, 2023;
Wilcox, 2003) was used to assess the impact of environmental features and lighting on
speed and slalom, with a post hoc Tukey's HSD test (Tukey, 1949) to identify
significant pairwise differences in speed and slalom among participant groups.

3.3.3 Results

3.3.3.1 Differences between the groups of aware and unaware samples

The results revealed significant differences in movement patterns, especially among
cyclists. At both study locations, cyclists in the unaware sample from the baseline data
collection period travelled faster and showed greater speed variation than those in the
aware group from the same period (see Table 2), with these differences persisting across
all lighting conditions. However, differences in cyclists’ lateral positions between the
two cyclists’ samples were only statistically significant during daylight in Linkdping,
where the path was an unsegregated shared-use path.

Table 2. Cyclists’ speed and lateral position profiles during baseline data collection period (adapted from Paper II)

Microscopic o
Location behavioural ngh.tfng Sample Mean SD t r
. conditions (m/s)
variable
Aware 4.36 0.54
Daylight -2.65 0.01
Unaware 4.99 0.83
Speed
. Aware 3.72 0.34
}j:lect.rlc _4.08 <0.01
lighting Unaware 4.44 0.66
Linképing
Aware 0.96 0.36
Dayligh 3.27 0.01
aylght Unaware 0.44 0.54 <
Lateral position
. Aware 0.57 0.29
Electric 1.67 0.10
lighting Unaware 0.42 0.26
Aware 4.90 0.70
Daylight 2.04 0.04
Unaware 5.48 0.94
Speed
. Aware 4.32 0.93
}j:lect.rlc 2.63 0.01
lighting Unaware 5.15 1.06
Lund Aware 0.02 0.26
Daylight 0.76 0.46
Unaware -0.07 0.31
Lateral position
. Aware -0.83 0.36
Electric
L 191 0.07
lighting Unaware -0.63 0.24
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For pedestrians (see Table 3), speed trends were not statistically significant, but a
notable difference in their lateral position on the path was observed in Linkdping
during daylight hours, similar to the cyclists.

Table 3. Pedestrians’ speed and lateral position profiles during baseline data collection period (adapted from Paper II)

Microscopic oflef
Location behavioural ngl'ft%ng Sample Mean SD t P
. conditions (m/s)
variable
Aware 1.47 0.10
Dayligh -1.39 0.17
ayignt Unaware 1.53 0.16
Speed
Electric Aware 1.72 0.14
. 1.32 0.20
lighting Unaware 1.65 0.17
Linkoping
Aware 0.96 0.30
Daylight 2.82 0.01
Unaware 0.58 0.48
Lateral position A 124 0.17
. ware . .
lj]lecfrlc 1.89 0.07
lighting Unaware 1.05 0.39
Aware 1.54 0.18
Daylight 0.29 0.77
Unaware 1.52 0.17
Speed
Electric Aware 1.62 0.13
L 0.25 0.81
lighting Unaware 1.61 0.19
Lund
Aware 0.29 0.27
Daylight 0.39 0.70
Unaware 0.32 0.22
Lateral position
Electric Aware 0.59 0.41
L. 1.02 0.31
lighting Unaware 0.74 0.47

3.3.3.2  Bi-directional cyclists’ interactions from unaware sample

The results show that bi-directional interactions among the unaware cyclists differed
between daylight and after dark. Cyclists initiated interactions earlier in daylight (see
Figure 21). For example, at a longitudinal distance of 20 meters, nearly 90% of pairs
during daylight had achieved the Safe Lateral Passing Distance of 1.5 meters, while only
75% had done so under electric lighting.
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Figure 21. Longitudinal distance between cyclists involved in an interaction after they have established the Safe
Lateral Passing Distance (1.5 meters) (adapted from Paper I)

Time perspective—time taken to reach the meeting point—provides additional insight
into the dynamics of bi-directional interactions among cyclists, as it accounts for the
fact that cyclists typically move at different speeds. The analysis examined the time
remaining until cyclists passed each other after reaching the Safe Lateral Passing Distance
(see Figure 22). The results show that, in daylight, cyclists reached this distance
approximately 1.4 seconds earlier than those under electric lighting.
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Figure 21. Time taken to reach the meeting point after cyclists have established the Safe Lateral Passing Distance (1.5
meters) (adapted from Paper I)
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To ensure that these results are not influenced by differences in the cyclists' free-flow
positioning before interactions began, I analysed their lateral positions prior to the onset
of interaction. The analysis revealed that daytime cyclists tended to ride closer to the
middle of the path during free flow conditions (ranging from -0.7 m to 1 m, where
positive values correspond to the roadside and 0 m represents the middle of the path).
In contrast, nighttime cyclists were shifted towards the roadside, where the path was
better lit, with a narrower distribution of positions (ranging from 0.4 m to 0.8 m).
Although the initial positioning of cyclists differed between daylight and nighttime
conditions, the pattern of lateral distances between interacting cyclists was similar under
both lighting conditions (see Figure 16). This indicates that the observed differences in
the maintenance of Safe Lateral Passing Distances during bi-directional interactions
between the two groups of cyclists (those experiencing the path in daylight and those
under electric lighting) are not influenced by variations in their free-flow positioning.

3.3.3.3  Impact of surfacing and lighting modifications on cyclist and pedestrian
bebhaviour

Study findings suggest that changes in path surfacing and electric lighting lead to
notable behavioural changes for both pedestrians and cyclists. At the Linkdping site,
new surfacing, path widening, and segregation (in the form of a painted white line)
increased bicycle speed and reduced slalom during the daytime (see Table 4).
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Table 4. Tukey HSD test results for cyclists’ movements in Linképing (adapted from Paper II)

Me:
Physical diff o Change
Groupl Group2 changes DV G2 95% CI ? (%)
G1)
Baseline Baseline Daylight to Speed -0.24 (-0.34, -0.17) 01 9.03
(Dayligho) (EL) EL Sllom  -2.74  (4.78,-074) .05 -18.77
Baseline Intervention] New Speed 0.54 (0.20, 0.88) .02 +13.57
. . surfacing +
Dayligh Dayligh
(Daylight) (Daylight separation Slalom  -3.56  (-7.00,-0.14) .03 -24.38
Baseline Interventionl iigdng Speed -0.02 (-0.15,0.12) 90 -
+
EL EL
(EL) (EL) separation Slalom -0.73 (-5.83, 4.37) .76 -
Interventionl Intervention] ~ Daylight to Speed -0.80 (-1.22,-0.38) <01 -17.69
(Daylight) (EL) EL Slalom 0.09 (-3.44,3.62) 74 -
Interventionl Intervention2 No chanees Speed -0.10 (-0.39,0.19) 90 -
(Daylight) (Daylight) 8 Sllom  0.03  (-2.87,2.94) .90 -
Interventionl Intervention2 ~ EL Speed 0.6l (0.21, 1.04) 01 +16:40
(EL) (EL) application Slalom  -2.79  (-4.53,-1.08) .05 -25.06
Intervention2 Intervention2  Daylight to Speed -0:09 (-0.27,0.09) 90 }
(Daylight) (EL) EL Slllom 273 (:373,-1.79) .05 24.66
Baseline Intervention2 Ne;v . Speed 0.44 (0.07,0.82) .05 +11.06
D 1 h D l h sur acmg +
(Daylight (Daylight)  aration Sklom  -3.53  (5.66,-140) .03  -24.18
Nezv . Speed 059 (0.17,1.02) .01  +1577
Baseline Intervention2 Zz;;(:t?f; &
EL EL
EL) (EL) EL Sllom 352 (7.69,-039) 01 2967

application

Changes to the path surface alone did not significantly impact the behaviour of cyclists
(see Table 4) or pedestrians (see Table 5) after dark. Despite the modifications, both
groups maintained their typical movement patterns. The darker surfacing introduced
after the first intervention, with poorer reflective properties, may have reduced
visibility, potentially influencing cyclists to maintain a lower speed compared to
daytime conditions. This suggests that surface alterations alone, in the absence of
improved lighting, may not substantially affect behaviour, highlighting consistency or
adaptability in how road users navigate their environment.
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Table 5. Tukey HSD test results for pedestrians’ movements in Linképing (adapted from Paper II)

Mean
Physical diff o Change
Groupl Group2 e DV G2 95% CI ? %)
Gl1)
Baseline Baseline Daylight to Speed 0.24 (0.07,0.42)  <.01 +16.67
(Daylight) (EL) EL Slalom  -1.87 (-3.52,-022) .05 2250
Baseline Intervention] Ne;_»v . Speed 0.03 (-0.14,0.09) 90 -
Davlich Davlich surfacing +
(Daylighe) (Daylight) o aration Sllom  -0.40  (-12.89,11.49) .90 -
Baseline Interventionl NCEV . Speed 0.02 (-0.07,0.11) 20 -
surl acmg +
(EL) ED - paraion  Sllom 038 (9.61,11.86) .06 -
Intervention]  Interventionl  Daylight to Speed 0.23 (0.07,0.39) <01 +15.65
(Daylight) (EL) EL Slalom  -1.09 (-1.59,-0.60) .05 -13.78
Interventionl  Intervention2 Speed 0.01 (-0.12, 0.10) 90 -
. . No changes
(Daylight) (Daylight) Slalom  -0.12 (-11.87,10.23) .90 -
Interventionl  Intervention2 EL Speed -0.36 (-0.61,-0.11) 04 2118
(EL) (EL) application Slalom  -1.45 (-1.92,-1.00) <01 21.26
Intervention2  Intervention2  Daylight to Speed -0.09 (-0.21,0.22) 10 B
(Daylighr) (EL) EL Slalom  -0.42 (-2.50,1.50) .90 -
Baseline Intervention2 NCI.V . Speed 0.04 (-0.13, 0.09) 90 -
. . surfacing +
Dayligh Dayligh
(Daylight (Dayligh) separation Slalom -0.52 (-10.45, 10.69) .90 -
New Speed -0.36 (-0.53, -0.21) .03 -21.43
Baseline Intervention2 surfacir.ng, &
(EL) (EL) separation Slalom  -1.07 (-1.23,-0.90) .05 -16.61

EL

application

The new electric lighting in Linkdping (implemented in Intervention 2) had a notable

impact on road users’ dynamics. Cyclists’ speed increased, and pedestrian speed

decreased under the new lighting, both aligning more closely with trends observed in

daylight. This shift highlights the significant role of lighting in influencing movement

and the perception of environmental conditions.

In Lund, the new surfacing positively influenced cyclists’ behaviour (see Table 06),

leading to increased speed and reduced deviations during daylight, likely due to cyclists

perceiving the improved surface as safer. However, no statistically significant difference

was observed in pedestrian behaviour (see Table 7) under the different interventions

during daylight.
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Table 6. Tukey HSD test results for cyclists’ movements in Lund (adapted from Paper II)

Mean
Physical . o Change
Groupl Group2 changes DV diff (G2- 95% CI ? %)
G1)
Speed -0.42 -0.78,-0.0 .0 -10.0
Baseline . Daylight to pee ( 7 > >
(Dayligho) Baseline (EL) EL
et Slalom 0.53  (2.06,3.32) .39 -
. . Trimmed Speed 0.54 (0.07, 1.02) .04 +12.92
Baseline Intervention reenery.
(Daylight) (Dayligh) ~ 8'nem> new
surfacing
Slalom -3.43 (-6.35, -0.49) <.01 -21.68
Trimmed Speed 0.83 (0.07, 1.58) .02 +22.07
. Intervention  greenery, new
Baseline (EL) (EL) surfacing, EL
- Slalom -3.71 (-6.65, -0.77) .03 -22.69
application
Intervention  Intervention  Daylight to Speed -0.13 (-0.59,0.90) 90 -
(Daylight) (EL) EL Slalom 025 (416,534 .90 -

It was not possible to independently analyse the effects of surfacing or lighting under
electric lighting conditions in Lund, as both factors were altered simultaneously. The
results indicate that the combination of surfacing changes and new lighting led to an
increase in cyclists’ speed and a decrease in slalom, while pedestrians experienced a
reduction in speed and slalom. These findings align with the results observed during
the latest intervention in Link6ping.

When comparing movements under daylight and electric lighting conditions in Lund,
the analysis revealed that, similar to Linkoping, the differences in cyclists” speed and
slalom (see Table 6) under these two lighting conditions were not statistically
significant. However, for pedestrians (see Table 7), there was an increase in speed under
electric lighting conditions, while deviations followed trends similar to those observed
under daylight.
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Table 7. Tukey HSD test results for pedestrians’ movements in Lund (adapted from Paper II)

Mean
Physical diff o Change
Groupl Group2 N DV G2- 95% CI ? %)
G1)
Baseli Speed 0.18 (0.06, 0.31) <.01 +22.07
(Dasc-;'u;le) Baseline (EL)  Daylight to EL
aylght Sllom  -0.88  (-3.82,3.68) .06 -
. . Trimmed Speed -0.07 (-0.12, 0.09) .90 -
Baseline Intervention reen. N
(Daylight) (Daylighr) ~ 8f€cney> new
surfacing
Slalom -0.58 (-3.41, 2.56) 17 -
Trimmed Speed -0.15 (-0.27, -0.04) .05 -9.89
. Intervention  greenery, new
Baseline (EL) (EL) surfacing, EL
L Slalom -2.15 (-4.18,-0.15)  <.01 -30.06
application
Intervention Intervention ] Speed 0.19 (0.04, 0.33) .01 +13.77
. Daylight to EL
(Daylight) (EL) Slalom 0.15 (-0.70,1.02) .08 -

3.3.4 Limitations and additional considerations for future research

The results from these practical case studies highlight the potential efficacy of using
drones for data collection, significantly streamlining the process in comparison to
previously proposed methods (e.g. the VAPM method proposed by Johansson et al.
(2020)). In the Swedish context, drones offer a particular advantage by navigating
regulatory requirements related to video data collection in public spaces, ensuring
compliance with personal data protection laws. However, to maintain individuals’
anonymity, drones must be elevated to a sufficient height, which depends on camera
specifications (in our case, approximately 115118 meters). At this altitude, controlling
for confounding factors becomes more challenging, especially during low-light
conditions. These factors include identifying the type of road user (e.g. commuters
versus recreational cyclists), distinguishing between e-bikes and regular bicycles (as they
have similar size and shape), and capturing socioeconomic characteristics like the age
and gender of the road users.

Despite the opportunities presented by drone technology for observing events in real-
world conditions, several challenges arose during the data collection process. First,
adverse weather conditions, such as rain and strong winds, disrupted some of the
planned recording activities. Second, mandatory coordination with relevant authorities
was required to obtain flight permissions at study sites near strategic locations, such as
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hospitals or airports (as was the case for the Link6ping site). On several occasions, these
permissions were denied. Since many of the planned recordings were time-sensitive
(with invited participants), rescheduling was not feasible. As a result, these factors
significantly reduced the size of the dataset of recorded participant movements (the
aware group sample size) available for analysis.

Another critical issue was the study sample size and its implications. Sample size directly
affects a study’s statistical power, generalisability, variability, and precision. In the Lund
and Linkoping studies, the sample size was somewhat limited. However, the primary
aim of these studies was to develop a method that could be effectively applied for traftic
behavioural studies and test its practicality in real-world scenarios rather than to draw
broad conclusions representative of the larger population. Increasing and diversifying
the sample size would provide significant benefits, refining the ability to generalise the
findings. This improvement could be explored in future work as a continuation of these
studies.

Additionally, the potential influence of informing experimental participants about the
study’s aims prior to testing warrants consideration. While investigating the impact of
lighting and surfacing on cyclists’ and pedestrians’ behaviour, we used trajectories
obtained from an aware sample (experimental study participants). Comparisons with
an unaware sample (undisturbed traffic) revealed differences in speed and lateral
positioning despite the aware participants having been instructed to behave naturally.
However, since our focus was on behavioural trends rather than precise absolute values,
this dataset was deemed suitable for analysis as it reflects movements within a consistent
experimental setup. Nevertheless, conducting a similar analysis using naturalistic
movements would be beneficial to determine whether comparable behavioural trends
emerge under the same physical interventions and to gain additional insights through
absolute values.

By applying the developed method, we captured behavioural changes in pedestrians
and cyclists, especially among the cyclists. However, pedestrian behaviour often exhibits
a higher degree of variability compared to cyclist behaviour, which poses challenges for
the accurate measurement of their actions using only quantitative data extracted from
video recordings. Unlike cyclists, who typically adhere to designated paths or lanes and
follow more structured movement patterns, pedestrians demonstrate greater
spontaneity and adaptability in their navigation. This variability stems from factors
such as personal preferences, social interactions, and immediate environmental stimuli,
making pedestrian movements appear more unpredictable (Schneekloth & Shibley,
1995). Advancing measurement methods by incorporating qualitative data could
improve the accuracy and comprehensiveness of pedestrian behavioural analysis in
future studies.
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In line with this, we have already begun working on such integration, particularly
through the research project ‘Belysa—miljofaktorers inverkan pa fotgingares och cyklisters
beteende i skymning och mirker (grant number: 2019-002011), which provided the
foundation for the studies mentioned above. In this project, we collaborated with
researchers from the Department of Architecture and Built Environment at Lund
University, who collected questionnaires during all data collection periods from the
same invited participants (aware sample). These questionnaires focused on the
participants’ experiences of the physical environmental interventions along the shared
walking and cycling paths. The questionnaire aimed to explore associations between
perceived environmental stimuli and changes in upkeep, surface, and lighting qualities,
as well as, to a smaller extent, conceptual environmental appraisals. These assessments
were gathered from the participants using the conceptual model introduced by Rahm
et al. (2024). The next step in this research is to integrate these qualitative insights with
the microscopic behavioural data to form a key focus for subsequent studies.
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4 Microscopic behavioural data for
enhancing traffic safety: Application

of Surrogate Measures of Safety
(SMoSs)

4.1 The evolution of approaches to traffic safety
management

Approaches to traffic safety management differ in scope, objectives, and methodologies.
Traditionally, traffic safety management has been reactive, relying mostly on accident
statistics. It has thus primarily focused on mitigating risks identified from past accidents
rather than on proactively addressing potential safety issues before they occur (Hauer,

1997).

The limitations of using crash data alone are well-documented in the literature. Key
issues include under-reporting, as many non-fatal crashes and near-misses never make
it into official statistics (especially with VRUs involved), thus underestimating risk
levels and distorting our understanding of accident causation (Kamaluddin et al., 2019;
Watson et al., 2015; Aarts & van Schagen, 2006). Additionally, on a smaller scale, such
as at specific intersections or road segments, the low frequency of accidents makes it
difficult to conduct reliable statistical analyses. This issue is compounded by the rare
nature of severe accidents, which poses a challenge to the development of predictive
models (Saunier & Laureshyn, 2021; Laureshyn et al., 2010; Lord & Mannering,
2010). Additionally, accident reports often lack the necessary detail for thorough
analysis. Key variables such as precise vehicle manoeuvres, driver behaviour prior to the
accident, and road conditions are frequently not adequately documented, limiting the
depth of safety analyses (Elvik, 2010; Elvik et al., 2009).

With the growing recognition of the limitations of this reactive approach, the Safe
System framework has emerged as the global best practice in traffic safety management.
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This framework advocates for a more holistic, proactive approach, focusing not only
on responding to accidents but also on designing systems that prevent crashes and
minimise their severity. This model has been successfully implemented in several
countries, including through Vision Zero in Sweden (Edvardsson Bjornberg et al.,
2022; Johansson, 2009) and Sustainable Safety in the Netherlands (Wegman et al.,
2022; Wegman et al., 2005). It stands out because of its ethical focus on protecting
human life, its strong scientific basis, and its proven success in reducing road accidents

that lead to serious injuries (with remaining or permanent impairment) and fatalities
(Elvik, 2023; Elvik & Navestad, 2023; Edvardsson Bjérnberg et al., 2022).

A core principle of the Safe System is its acknowledgement that people will always make
mistakes, sometimes intentionally and sometimes without realising it. The Safe System
approach therefore designs transportation systems to account for human error,
preventing mistakes from leading to serious injuries or fatalities. Instead of focusing
solely on the individual level, the Safe System approach views road safety as a
responsibility that is shared by not only road users but also road designers, vehicle
manufacturers, and policymakers.

Another fundamental concept of the Safe System (see Figure 23) is that the human
body has physical limits to the forces it can withstand during a crash. Road
infrastructure, vehicle design, and speed limits are planned with these biomechanical
tolerances in mind, ensuring they minimise risks to people.

)
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Figure 23. Diagram illustrating the Safe System approach to road safety (Ekman, 2023)
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As shown in Figure 23, the Safe System approach is built around four interconnected
components: safe speeds, safe vehicles, safe infrastructure, and safe road user behaviours.
For a traffic system to be safe, each of these areas must be addressed holistically.

Safe speed is a core component, and speed limits need to be set appropriately for each
traffic environment. In areas with high pedestrian traffic, for example, lower limits are
necessary to reduce the risks and impacts of collisions.

Equally important is the design of safe infrastructure; road features are carefully selected
to mitigate risks while ensuring cost-effectiveness. A key factor in reducing collision
severity is the compatibility of road users' mass and speed, as their differences in kinetic
energy significantly influence the outcome of accidents (Harms, 1993). Smaller
differences in mass and speed indicate higher compatibility. To reduce incompatibility,
one effective strategy is to separate road users with differing masses and speeds in time
or space (Elvik, 2004). Measures such as protective barriers, dedicated spaces for VRU,
roundabouts, and traffic-calming features all play a crucial role in creating safer road
environments for everyone.

Vehicles themselves also play a critical role in road safety. Crash risks are significantly
reduced with the promotion of vehicles equipped with advanced safety features, such
as passive safety protection. While many other ‘safety’ features, such as anti-lock
braking systems (ABS), lane-keeping assistance, and Intelligent Speed Assistance (ISA),
among others, are commonly used, their effectiveness in reducing accidents is often
questioned due to drivers' behavioural adaptations. For example, vehicles with ABS
technology are not in fewer accidents than vehicles without it (Elvik, 2004), but ABS
provides greater steering control, potentially mitigating the consequences of collisions
(Evans, 1999). Additional in-vehicle technologies, like alcohol interlock and speed-
limiting devices, offer even greater safety potential, though public acceptance may
initially vary.

Safe road user behaviour is necessary for reducing accidents and injuries. Encouraging
safe behaviours relies on promoting positive social norms and strictly enforcing traffic
laws (for example, those mandating seatbelt use, child safety seats, and adherence to
speed limits). Combined, these measures create an environment in which safer driving
practices become the norm, reinforcing the Safe System’s goal of a well-rounded,

effective approach to road safety.

As traffic systems grow increasingly complex, a comprehensive understanding of safety
risks becomes essential for improving safety outcomes. With the rise of new
technologies and data analytics, traffic safety management is shifting towards more
data-driven safety analysis approaches. In this context, video recordings, and more
specifically, the microscopic behavioural data extracted from video footage, play an
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important role. By capturing detailed, real-time interactions between road users and
infrastructure, video data allow for a deeper analysis of microscopic traffic behaviour.

In this context, Surrogate Measures of Safety (SMoSs) have been proposed as a valuable
alternative to traditional accident-based data, providing valuable data sources beyond
traditional accident reports. SMoSs focus on observable non-crash traffic events,
particularly near-misses, which encompass traffic conflicts of varying severity, to
identify potential safety risks before they result in actual collisions (Laureshyn et al.,
2010; Tarko et al., 2009). This approach also offers deeper insights into crash
mechanisms and contributing factors to inform future accident prevention strategies,
thus supporting a more proactive approach to safety (Johnsson, 2020; Svensson, 1992;
Hydén, 1987). However, very little work has been done on integrating aspects of the
Safe System approach into SMoS. In the following sections (and in Paper I11), I will
outline how such an integration could be implemented.

4.2 Practical framework for safety analysis using SMoSs

This section is largely inspired by Patterson (2021) doctoral thesis, which delves into
how traffic safety research often becomes entrenched in outdated paradigms, hindering
progress in the field. The author argues that sticking to one paradigm results in
fundamental assumptions becoming accepted as unquestionable truths that are rarely
challenged or reconsidered, even when they become outdated and are no longer optimal
for the present circumstances. Efforts to refine or correct this paradigm often introduce
unnecessary complexity and frequently create new challenges.

According to Patterson (2021), the field of SMoS may represent one such case of an
outdated paradigm. Despite being a promising concept for over 60 years and generating
a significant amount of research, it has not yet been established as a practical tool for
use by traffic safety professionals. Validity—the ability of an indicator to accurately
reflect the quality it is designed to measure—is a critical factor in this context; however,
assessing the extent of SMoS validity is challenging due to the diverse methods
employed (Johnsson et al., 2018). While numerous validation studies have attempted
to establish the absolute validity of SMoS, to date, none can be regarded as truly
convincing. Consequently, efforts to improve the field tend to follow two main paths:
to capture conflict severity by proposing new (often more complex) indicators and to
develop improved methods for linking observed critical events with predicted accident
frequencies.
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4.2.1 SMoS: Key concepts

The conceptual foundation of SMoSs rests on the idea that traffic incidents can be
categorised into a hierarchy based on the severity of each event. This model, introduced
by Hydén (1987) and known as the ‘safety pyramid’(see Figure 24), illustrates that in
the hierarchy of traffic events, the severity increases from the bottom to the top, while
the frequency decreases. The bottom part of the pyramid represents normal interactions
between road users, which occur most frequently. In contrast, the most severe traffic
events, such as injurious or fatal accidents, are positioned at the pyramid’s top,
reflecting their rarity in proportion to the total number of events. Viewed as a whole,
these events form a continuum that objectively describes the relationship between their
frequency and severity (Svensson & Hydén, 2006; Svensson, 1998).

Accidents

Serious conflicts

Fartal Slight conflicts

Severe injur i ;
jary Potential conflicts

Slight injury
Damageonly ——/F—X \ [

Undisturbed passages

Figure 24. ‘Safety pyramid’ model (adopted from Laureshyn (2010) based on Hydén (1987))

The frequency distribution across different severity levels offers valuable insights for
further exploration. Hydén (1987) research found that serious conflicts occur
immediately after accidents in the hierarchy of traffic events, meaning they are observed
more frequently than accidents. Additionally, there is a strong statistical correlation
between the number of serious conflicts and the number of police-reported injuries.
Consequently, the frequency of rare but serious incidents (such as accidents and
personal injuries) can be inferred from the frequency of less severe but more commonly
observed situations, known as traffic conflict situations (El-Basyouny & Sayed, 2013;
Brown, 1994; Hydén, 1987).

The distribution of traffic event frequency at the lower end of the hierarchy, where
events have a smaller severity scale, is not fully understood (Laureshyn, 2010). One
hypothesis suggests that a high frequency of such events indicates a probability of failure
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that could lead to unsafe situations; however, the low severity scale implies that this
probability is relatively low. Svensson (1998) further posits that these events might
make a positive contribution to the overall traffic system’s performance by providing
road users with the experience and skills to handle more serious traffic situations, thus
helping them avoid severe accidents.

4.2.2 Relation between observed critical events and crashes

Although the concept of ‘conflict’ in traffic safety research was first introduced by
Perkins & Harris (1967), with all subsequent studies in the field deriving from their
foundational work, the place of ‘conflicts’ in the traffic process has long been debated.
Giittinger (1982) proposed two possible models. In the first model, a conflict differs
from normal, undisturbed traffic because of the presence of evasive action—an action
taken by a road user (e.g. altering speed or direction) to avoid a potential collision. If
the evasive action is unsuccessful or does not occur at all, the conflict results in a
collision (see Figure 25 (a)). In this model, a conflict is seen as a potential collision. To
be able to detect and measure the severity of a conflict, the indicators used should be
related to the conflict’s initial phase.

In contrast, the second model distinguishes conflicts from normal traffic only in terms
of the ‘successes’ of evasive action (see Figure 25 (b)); if it was a successful evasive action,
then the situation falls within the ‘normal traffic’ category. In this view, a conflict is the
same as a near-miss situation and cannot lead to a collision. Instead, it is considered an
event parallel to (separate from) a collision. A significant theoretical drawback of this
model is its categorisation of conflicts and accidents into two mutually exclusive causal
pathways. This raises concerns about whether accident risk can be accurately
represented by conflicts defined in this way.

Traffic Traffic Traffic
dynamics dynamics continuation

Normal

Traffic

Undisturbed continuation Undisturbed sucosstull | raffic

i
Conflict b Eva-sive Critical | | | Eva.sive not success ful
action Csteosal Collision event action
a) b)

Figure 25. Conflict’s place in the traffic process (adopted from Johnsson (2020) based on Giittinger (1982))
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The first model has clear theoretical advantages, as it positions conflicts and accidents
within the same causal chain, thereby reinforcing their mutual connection and
supporting the use of conflicts as proxies for accidents (for example, the Swedish Traffic
Conflict Technique follows this model's mechanism (Laureshyn & Virhelyi, 2018;
Hydén, 1987)). However, despite these advantages, the second model is more
frequently applied in practice. For example, indicators such as the minimum value of
Time-to-Collision (TTCuin; Hayward, 1972) and Post-encroachment Time (PET;
Allen et al., 1978) are more commonly used than Time-to-Accident (TA; Hyden,
1977), which measures TTC at the onset of evasive action. This preference is largely
due to practical considerations, as these indicators are easier to operationally define and
measure.

Various approaches have been employed to convert conflicts into accident probabilities
or scenarios. Most traffic conflict techniques—methods for estimating traffic safety
based on observed traffic conflicts—focus on predicting accidents based on conflict
data, often expressed as an accident/conflict ratio. However, complications arise from
the lack of universal conditions, such as the types of road users involved and their
specific manoeuvres. Non-linear statistical models have been proposed in response
(Tarko, 2018). Although these advanced methods offer a better fit for the data, they
struggle to explain the mechanisms linking conflicts to crashes effectively.

Rather than seeking such a ratio, Davis et al. (2011) proposed a causal model of traffic
conflicts and crashes in which a traffic conflict is defined as a situation with a non-zero
probability of a collision (traffic conflict and a crash are two alternative outcomes of the
same process), based on a detailed description of the traffic environment through
corresponding distributions. According to the model, outcomes depend on both the
initial conditions (measured according to the proximity of the involved road users in
time or space) and the potential evasive actions (e.g. braking, running, swerving). While
this approach is grounded in robust theoretical principles and would be ideal, its
practical implementation is challenging due to the unavailability of some necessary
data.

The application of the Extreme Value Theory (EVT) is another promising approach
that appears to be well-suited to the SMoS context. EVT helps estimate the likelihood
of rare, extreme events by analysing a large number of normal and slightly unusual
occurrences. Initially, the use of EVT for crash estimation was primarily limited to
univariate models, in which crashes were viewed as extremes of a single safety measure
(single indicators). However, since individual conflict indicators capture only one
dimension of traffic event severity (either the proximity of vehicles or potential
consequences), there has been a recent shift toward developing multivariate EVT
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models. This method offers a solid theoretical foundation for the application of SMoS
concepts and is worth further exploration.

While EVT is particularly effective for predicting natural events (e.g. extreme water
levels or large-magnitude earthquakes, which follow predictable physical laws that are
relatively unchanged over time), its application to traffic accidents is more challenging.
This difficulty arises from the unpredictable nature of human behaviour, which varies
based on a range of factors, including cultural norms, infrastructure, economic
conditions, and public policies.

As also previously noted by Hydén (1987), road users behave differently in dangerous
situations compared to less severe traffic events. In these cases, subjective perceptions
of danger play a key role. For example, humans’ ability to perceive hazards improves
with age and experience (Horswill, 2016), meaning the same traffic situation can lead
to different reactions from different road users (and different consequences).
Furthermore, factors such as size, weight and other mobility-related attributes can
significantly influence the perception of risk (Geoerg et al., 2023). For VRUs,
approaching a vehicle (especially a large one) feels much riskier than meeting another

VRU.

Existing publications that apply EVT often focus on highly specific technical details
(e.g. the review of analytical methods for modelling traffic conflicts by Zheng et al.
(2021)), which can be challenging for many researchers and practitioners to
comprehend. In many instances, authors rely on the ‘most common’ SMoS indicators
and frequently combine incompatible measures without adequately exploring the
implications of their results or providing clear theoretical frameworks for interpretation.
This trend increases the problem of growing complexity, which obscures the underlying
essence of the findings.

4.2.3 SMoS indicators and practical use

The definition of SMoS adheres to at least three key criteria for ensuring practical
effectiveness rather than being merely theoretical: (i) the indicator should accurately
reflect the effects of changes within the traffic system; (ii) there should be a statistical
correlation between the indicator and the types of crashes influenced by these changes;
and (iii) it should be feasible and useful to implement the measure in real-world settings
(Tarko, 2018; Tarko et al., 2009).

Numerous traffic conflict severity indicators have been developed over the decades,
which can generally be classified into several main indicator families, such as the Time-
to-Collision and Post-Encroachment Time groups, along with their various
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modifications, deceleration-based measures, various indexes, and other features, as
outlined by Laureshyn et al. (2016). Most of these indicators can be derived from road
user trajectories along with additional parameters, such as road users dimensions and
weight (Laureshyn, 2010). Literature reviews, such as those conducted by Johnsson et
al. (2018) and Mahmud et al. (2017), have compiled extensive lists of indicators used
in the SMoS context, which have undoubtedly continued to expand.

The newly proposed indicators rarely provide conceptual innovation and instead
typically add layers of complexity. This is often achieved by combining multiple
measures into a single index or introducing situation-specific criteria, which
significantly limit their practical applicability. Johnsson et al. (2018) overview, which
focused primarily on indicators relevant to VRUs and their validation in previous
research concluded that only a limited number of indicators specifically address the
critical aspects of VRU analysis. Furthermore, although some validation studies exist,
their results are difficult to compare due to variations in methodology, observation
durations, and the number of study locations involved.

The selection of surrogate indicators largely depends on their applicability. This
applicability can vary based on factors such as the types of road users involved in the
interaction, the specific scenarios being examined (for instance, whether there is a
potential collision course), and the complexity of the interactions, which may range
from simple to more complex situations involving secondary interactions.

For example, one of the most widely used indicators in the SMoS context is Time-to-
Collision (TTC). However, despite its popularity, TTC suffers from complicated issues
that many studies tend not to discuss. First, the calculation of TTC depends on
assumptions about how road users will move, which can be subject to various
interpretations. Traditionally, studies have assumed that the road user’s speed and travel
path will remain constant (Van der Horst; Hayward, 1972). However, this does not
work for complex manoeuvres, such as when a vehicle starts from a complete stop or
makes a turn at an intersection, where both speed and direction change over time. Some
researchers, like Mohamed & Saunier (2013), have suggested using historical data from
other road users to predict how a current road user might behave. While this can
improve predictions, it also complicates the calculations and may still not work well in
complex traffic situations where a road user is influenced by the previous interaction
outcome. According to Johnsson (2020), safety problems are more likely to arise in
complex interactions—particularly in those involving secondary interactions—than in
simpler scenarios in which only two road users are present. Another significant
limitation of TTC and its various modifications is that its calculation relies on the
existence of a collision course. As a result, these indicators cannot be applied to
situations in which road users are predicted to pass each other with even a small (no
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matter how small) safety margin. This restricts the ability to rank less severe situations
according to their potential risk, even though these encounters remain important for
assessing overall severity. While the probability of less severe interactions transitioning
into unsafe events is low, it still exists (especially if some failure or unexpected event
occurs). These situations differ from ‘normal’ encounters and should not be dismissed
simply due to computational difficulties.

To address the ‘presence of a collision course’ limitation, several new indicators have
been developed that are flexible enough to describe both collision course and non-
collision course situations. For instance, indicators such as T, (Laureshyn et al., 2010),
and Time-to-Zebra (TTZ; Varhelyi, 1998) have been proposed. The T, indicator,
introduced by Laureshyn et al. (2010) to be later used in their study (Laureshyn et al.,
2017a), measures the expected time at which the latest (second) involved road user will
reach the conflict point, assuming their speeds and trajectories remain unchanged. In
collision course situations, T, is equal to TTC; however, in non-collision course
scenarios, T5 still provides a meaningful value for analysis. This allows for a smooth
transition between ‘no collision course’ and ‘collision course’ states throughout the
interaction’s duration. Nevertheless, the challenge of assuming ‘unchanged’ speeds and
travel paths remains the same for T5 as it is for TTC, particularly in complex scenarios
where secondary interactions frequently occur.

Deceleration-based indicators have limited applicability, particularly when interactions
involve cyclists and pedestrians. As highlighted by Laureshyn et al. (2017b), cyclists in
conflict situations tend to prefer swerving over braking as their primary evasive action.
Similarly, pedestrians often rely on sudden changes in direction, walking faster, running
or completely stopping to avoid collisions (Hussein & Sayed, 2015; Malkhamah et al.,
2005). Consequently, these indicators are primarily suited for motor vehicle analysis
and may be constrained by the unavailability of key dertails, such as the pavement
friction coefficient, tire conditions, or driver attentiveness, which are often based on
certain assumptions.

4.2.4 What do SMoSs measure?

The ranking of traffic events can vary significantly depending on the calculation
methods used to assess severity. It is necessary to ensure that this ranking aligns with
theoretical expectations; if not, any further analyses or models become questionable or
inaccurate. Without this alignment, the validity of the entire analysis could be
compromised.
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The concept of event severity in traffic safety requires precise clarification.
Traditionally, severity has been measured based on the concept of ‘proximity to an
accident,” which refers to how close a traffic event comes to causing an accident. Most
existing indicators express the severity of a traffic encounter in terms of its proximity to
a crash, measured in time or space (Zheng et al., 2014). For instance, in their large-
scale validation study, Johnsson et al. (2021) observed that in interactions between
cyclists and turning motor vehicles at urban intersections (in Denmark, Norway,
Sweden), most conflicts that were perceived as severe by observers were associated with
low TTC values, and some also exhibited low PET values. However, identifying a clear
threshold at which to distinguish between severe and non-severe conflicts proved
challenging. For TTC, while low thresholds captured severe conflicts, they also resulted
in 95% false alarms. These false alarms occurred in situations where both parties had
seen each other well in advance and adjusted their speeds and paths accordingly, which
was indicative of efficiency rather than safety issues. With respect to PET, some
situations perceived as severe had relatively large PET values due to intense emergency
braking—often to a complete stop. In conclusion, both indicators represent different
ways of ranking the situations, with significant variations in their outcomes. However,
both rankings were counterintuitive, suggesting that neither TTC nor PET fully
captured the ‘theoretical severity of the conflicts.

This challenge highlights the need for a more refined approach to traffic safety, one
that goes beyond measuring only the proximity to a crash. The adoption of the Vision
Zero (Safe System) strategy, which focuses specifically on preventing accidents that lead
to serious injuries or fatalities rather than aiming to prevent all accidents in general
(Johansson, 2009), represents a paradigm shift in the traffic safety field. This shift
implies a strategic trade-off: accepting accidents that cause only property damage while
prioritising the prevention of those that result in serious injuries or fatalities. To align
with this new approach, the definition of event severity must evolve to include another
dimension—namely, the potential consequences of a crash (see Figure 26). As a result,
severity should be redefined not as ‘proximity to an accident’ but as ‘proximity to a
serious injury’ (Laureshyn et al., 2017a).
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Figure 26. Conceptual illustration of severity (Laureshyn et al., 2017a)

Potential consequences can be represented in various ways, such as by incorporating
road users’ speed (both absolute and relative, calculated, for example, at the predicted
collision point), impulse, kinetic energy, and deceleration rate, among others. Another
effective measure is Delta-V, which has been used in numerous studies and has shown
promising results (Laureshyn et al., 2017a; Bagdadi, 2013; Shelby, 2011; Gabauer &
Gabler, 2008; Evans, 1994). In the context of traffic safety, Delta-V refers to each road
user’s expected change in speed during a hypothetical collision, assuming they reach
the collision point with their current kinetic energy. This measure is particularly useful
in situations involving road users of differing masses, such as those with VRU, as it is
sensitive to the mass difference between the colliding objects, reflecting the lighter
participant’s vulnerability. This aligns with the idea of compatibility in collisions, where
differences in the mass and speed of road users exert a decisive influence on accident
outcomes (Elvik, 2004; Harms, 1993). However, because Delta-V is continuous and
can be computed at any moment during an encounter, it is important to select the
appropriate moment based on robust theoretical considerations.

So far, only a few attempts have been made to incorporate both the proximity and the
potential consequences of a collision into severity assessments. One example of this is
the Swedish Traffic Conflict Technique (Laureshyn & Virhelyi, 2018; Hydén, 1987)
which assesses traffic situations based on the TTC at the moment one of the road users
first perceives the danger and initiates the first evasive action while also considering the
road user’s speed at that same moment. The underlying theoretical expectation is that
situations with a small TTC (reflecting proximity) become more severe at high speeds
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(reflecting the potential consequences), as this significantly increases the likelihood of
serious outcomes.

The Dutch Objective Conflict Technique for Operation and Research (DOCTOR;
Kraay et al., 2013; Van der Horst & Kraay, 1986) is another example of how
consequences can be factored into severity assessments. DOCTOR employs a
subjective severity score that estimates the likelihood of injuries in the event of a
collision. This score is based on various objective criteria, including the types of road
users involved, the nature of their manoeuvres, and the presence of specific factors, such
as whether evasive actions were taken and whether the situation was controlled or
uncontrolled.

Building on similar concerns, Bagdadi (2013) proposed a severity assessment that
combines Delta-V, Time-to-Accident (TA)—defined as the Time-to-Collision (TTC)
value at the moment the first evasive action is taken (Hydén, 1987)—and the assumed
maximum average deceleration. A key limitation of this measure is that it is only
applicable in situations with a collision course. Later, Laureshyn et al. (2017a) suggested
the Extended Delta-V measure, which combines proximity to a collision, represented
by the time remaining in which to take evasive action (T2, which is applicable for
scenarios with and without a collision course), with the potential outcome had an
accident occurred, reflected by the Delta-V calculated at the moment of T>™"
However, the authors identified several challenges associated with this measure,
including the significant issue that a ‘true’ Delta-V value cannot be observed in traffic
conflict studies; only hypothetical values can be generated based on assumptions.
Consequently, the resulting Delta-V reflects only the expected outcomes of a crash.
This requires an assumption that the involved road users will maintain their current
speeds throughout the interaction, which limits the possibility of taking evasive actions
that could mitigate the consequences of a potential collision. Additionally, the assumed
deceleration is influenced by various factors, including the behaviour of the involved
road users, weather conditions, and infrastructure characteristics.

Many other complex indicators have also been introduced; however, their applicability
is often limited, as the assumptions underlying these indicators are valid only in specific
situations and conditions.

4.2.5 What is the optimal moment in an interaction to measure severity?

Many existing indicators are continuous variables, generating values at every instant
during an interaction. Consequently, the identification of an ‘important’ or ‘optimal’
moment (or even multiple moments) remains a subject of discussion. The severity of a
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traffic conflict can vary depending on the phase of the interaction, and selecting the
right moment is crucial for accurately capturing the potential risk.

There may be various interpretations regarding what constitutes the starting point of a
developing situation. It could be when the road users first become visible in the camera
view or when they reach specific positions on the roadway and initiate interaction with
one another. Within the framework of SMoS, the conflict’s ‘start’ is often defined as
the moment when one of the road users initiates an evasive action (Hyden, 1977). This
marks the transition from a state of ‘unawareness of danger’ to a qualitatively different
state of ‘avoiding danger’. However, this state of ‘avoiding danger’ does not guarantee
a successful outcome, as it may still result in further consequences, such as a collision.

It is also important to note that not all situations feature a clearly identifiable evasive
action. For instance, a study by Niewohner et al. (2011) found that drivers did not
brake in at least 30% of all car-to-pedestrian crashes recorded in the German In-Depth
Accident Study (GIDAS). In some cases, road users may anticipate passing each other
with a sufficient safety margin and feel no need to take evasive measures. Additionally,
it is possible that some road users remain unaware of the impending danger until the
moment of collision, leaving them with no opportunity to attempt evasive action.

Detecting the onset of evasive action has become a significant challenge in traffic
conflict analysis. Advances in automated video analysis have enabled the precise
calculation of various objective features, leading to a growing interest in the
investigation of evasive actions during conflict situations (Johnsson & Laureshyn,
2022; Tageldin et al., 2017; Tageldin & Sayed, 2016; Malkhamah et al., 2005). For
instance, Johnsson & Laureshyn (2022) proposed an algorithm for identifying such
moments. However, while their approach exhibits potential, it remains both
computationally demanding and unreliable in complex situations involving secondary
interactions, which are more likely to lead to traffic safety problems than simpler, one-
on-one interactions.

Other critical moments in the development of a traffic situation (‘culmination’) can
occur when one of the relevant indicators reaches its extreme, for example, when the
two road users are closest to one another in time or space (e.g. the instants of TTCpin
or T,™"). It is important to recognise that different indicators may not reach their
extreme values at the same instant. As a result, multiple key instants could be crucial
for accurately assessing the severity of the situation. These moments allow for the
calculation of additional indicators or features, providing valuable data for further
analysis.

Traditional traffic conflict techniques often apply thresholds to indicators like TA,
TTChin, and PET (Laureshyn et al.,, 2016). However, the identification of clear
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thresholds for distinguishing between safe and unsafe events presents many challenges.
For instance, Johnsson et al. (2021) discussed some concerns regarding SMoSs
thresholds. First, their study found a strong correlation between encounters and critical
events when applying PET threshold values greater than 2s, indicating that such high
thresholds may measure exposure rather than actual risk. Second, the authors observed
that the results of SMoS analysis using both PET (2s, 1s) and TTCun (1.5s, 2s)
thresholds were inconsistent with the ground truth. It was concluded that TTC.in
thresholds seem to be more meaningful than PET; however, despite effectively
capturing severe conflicts at lower threshold values, they also resulted in 95% false
alarms.

Following the arguments put forth by Giittinger (1982), which suggest that a conflict
may ‘occur’ before the situation has been resolved thus leaving room for the conflict to
escalate into an accident, the final stage that describes severity lasts until the very last
moment at which a collision is still (at least hypothetically) possible—the moment at
which the first road user leaves the conflict zone. This perspective challenges the
common practice of defining a conflict solely by measuring the TTC (assumed as the
maximal proximity to a collision), as a non-zero TTCh, value indicates that a collision
was avoided. In contrast, the T, indicator no longer generates values once the first road
user has left the conflict zone.

In addition to this, another key moment is highlighted by Tarko (2021)—the ‘moment
of failure’, when an emergency response is required to prevent a consequential collision
(the trigger for evasive action). This moment may serve as a more accurate crash
precursor, as it is a direct cause of the crash. The author classifies traffic encounters into
two categories: events with ‘no failure’ and events with ‘failure’ (see Figure 27). ‘No
failure’ events have zero probability of resulting in a crash and are the most frequently
occurring events in everyday traffic, positioned at the very bottom of Hyden’s safety
pyramid. In contrast, events that pose safety concerns, including traffic conflicts of
varying severity and actual crashes, fall into the ‘failure’ category. There are two
potential outcomes within the ‘failure’ category. The first is ‘recovery’, where successtul
evasive actions are taken by one or both road users, preventing a crash. These events are
usually easier to observe within a short timeframe. The second outcome, ‘no recovery’,
occurs when evasive actions are either unsuccessful or not taken at all, resulting in a
crash. Such events tend to be more random and are generally more challenging to
observe in a short timeframe. While Tarko (2021) identifies the moment of failure as a
possible key precursor to crashes, developing reliable methods for detecting this critical
moment remains challenging.

&9



Traffic encounter

\ 4 A\ 4

............... .
No recovery i* ----- Failure No failure
=
______ V. A\ 4
: i
! Crash ! Recovery » No crash
[ ——
Counterfactual model =~ ====== Difficult to observe

Figure 26. Traffic encounters’ outcome mechanism (adopted from Tarko (2021))

4.2.6 Integrating subjective components as a tool in SMoS development

Since the primary purpose of the SMoSs is to describe event severity and to rank
situations accordingly, it is important to examine and compare the results to ensure
that the outcomes are intuitive and logical. It appears that subjective perception comes
closer to the theoretical severity than many objective measures. For example, Johnsson
et al. (2021) concluded that while there is no definitive proof that human perception
of traffic severity represents an accurate ground truth, it encompasses a broader range
of factors, including proximity to collision, potential consequences if a collision occurs,
and a level of control during the situation. So, it is at least closer to the ‘true’ severity.

Earlier studies have indicated that human judgments can be reliable and valid
(Svensson, 1992; Hydén, 1987; Lightburn & Howarth, 1979). However, some
research suggests that initial training may be necessary to improve the accuracy of these
judgments.

A large-scale validation study of the Swedish Traffic Conflict Technique tested various
TTC and speed thresholds alongside a subjective measure of conflict danger (Svensson,
1992). Conflicts selected based on this danger rating exhibited the strongest correlation
with police-reported accidents, and the dataset included several hundred observed
intersections. Although the final technique does not use subjective scores, experienced
observers often adjust TTC and speed values based on their personal judgment of the
situation (Laureshyn & Virhelyi, 2018).

Kruysse (1991) and Kruysse & Wijlhuizen (1992) studied the specific aspects and time
instances during traffic conflicts that most influence people’s perceptions of danger.
They found strong agreement among both expert and non-expert observers regarding
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their assessments and reported that people typically form their opinions during the early
stages of a conflict, particularly when evasive actions begin. However, it was difficult to
link these opinions with specific factors, such as the intensity of the evasive action,
speed, or distance. People tend to perceive the danger of a situation as a whole rather
than by analysing its individual components.

Several studies have demonstrated that people generally agree on the perceived danger
of traffic situations. For instance, Madsen (2018) and Jensen (2016) used the Delphi-
method, a formalised procedure designed to achieve consensus among experts on a
prediction or judgment through structured discussions and iterative adjustments of
initial opinions, was used. Both studies reported successful applications of this method,
indicating that there is a tendency for individuals’ perceptions of danger in traffic
situations to align.

4.3 Use case of subjective insights to deepen
understanding of severity levels in traffic encounters

4.3.1 Study design

4.3.1.1  Video data and extraction of objective indicators

This study used video recordings from the Horizon 2020 InDeV project
(EU Commission, 2020) at urban intersections in Sweden, Denmark, Norway, the
Netherlands, and Spain. It focused on cyclist—motor vehicle encounters, in which a
cyclist passes through a signalised intersection on green while a turning motor vehicle
crosses their path. To ensure representation across severity levels, the dataset was
manually composed, including three categories:

— Normal interactions: controllable situations with no or minor speed and path
adjustments.

—  Slight conflicts: smooth, early interactions with no emergency actions taken.

—  Severe conflicts: near-accident situations requiring sudden emergency actions
to avoid a collision.

The dataset included 107 traffic encounters. Trajectories were extracted using the semi-
automated T-Analyst tool (T-Analyst, 2019), with each situation characterised by
objective indicators (see Table 8) derived from trajectories and parameters such as
vehicle dimensions and weight (Laureshyn, 2010).
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Table 8. Objective indicators (adopted from Paper IV)

Indicator notation Definition

EA Presence of evasive action (EA)—a categorical variable indicating whether at
least one road user applied an evasive action (1 = yes, 0 = no).

Who takes the first EA? Categorical variable, 1 for car and 0 for bicycle

Who leaves the conflict area
first?

T

Du

D2

PET

TAdv

DRy

DR

Vinv, Vbike
Ve

KEmv, KEbike

Impulsemy, Impulsebike

DeltaVumy, DeltaViike

Categorical variable , 1 for car and 0 for bicycle

The time remaining for the latest road user to arrive at the conflict area—
(Laureshyn et al., 2010). This equals TTC in the case of a collision course.

The Euclidean distance between the two road users.

The sum of the travel-to-collision-point distances.

The time from the first road user (who reached the conflict area first) leaving
the area of potential collision to the moment when the second road user enters
it (Allen et al., 1978)

Predicted PET value if the road users continue with their intended speeds and
trajectories. This value is equal to zero in the case of a collision course
(Laureshyn et al., 2010).

The minimum deceleration rate necessary for the motor vehicle to come to a
complete stop before reaching the conflict point. This is calculated only when
the motor vehicle ‘catches up with’ the cyclists, otherwise, it is zero.

The deceleration rate of the motor vehicle. In the case of no deceleration or
positive acceleration, the value is zero—adopted from Gettman et al. (2008).

Speeds of the motor vehicle and bicycle, respectively.

The relative velocity of the involved road users.

The kinetic energies of the motor vehicle and bicycle, respectively.

The impulse (product of mass and speed) of the motor vehicle and bicycle,
respectively.

The changes in the velocity of the motor vehicle and bicycle, respectively, due
to a hypothetical collision.

The indicators were categorised according to the situation development phase process

they most closely corresponded with (see Figure 28).
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Figure 28. Conceptual model of the key moments during bicycle-motor vehicle interactions considered for the
calculation of objective features in this study (adopted from Paper IV)

Table 9 outlines the definitions of these phases. Notably, some of the indicators used

in this study are continuous, producing values at various time instances, which can lead
to their inclusion in multiple phases.
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Table 9. Description of key moments (adopted from Paper IV)

Time Included
Phase Definition instance Indicators .
. in model
notation
g EA, Ts, Tads DRI, DRyv; Vs Vipigees
2 The onset of the first EA Viet» KEmy, KEvite, Impulse,,,,, D
E evasive action Impulseyye, DeltaVim, DeltaViik, D1, Do,
= Who takes EA
The moment when T> T2, Tad DRTEY, DR, Viays Viikes Viets
reaches its lowest value Tjnin KEw, KEsie, Impulse,,,,, Impulsey;y,, AB,C.D
a during the event. DeltaVim, DeltaViit, D1, D2
8
=
£
E
3 The moment when the
© accumulated travel-to- min
.. . . 12 Tadv, Derl; » DRy, Vmw Vbike’ Vrelr
collision-point distance min
of each road user D7 KEuw, KEire, Impulse,,,, Impulsey,, AB,C.D
. DeltaV, DeltaViire, D1, D2
reaches its lowest value
during the interaction.
The moment when the
first road user (who T2, Tad, DR, DRy, Vi, Vipicer Viets
reached the conflict T KEu, KEpite, Impulse,,,,, Impulseyy., ABCD
. 1 ,B,C,
area first) arrives at the DeltaVym, DeltaViike, D1, D2, Who leaves the
g area of a potential conflict area first
S collision.
]
o
The moment when the
second road user arrives T, PET AB.C.D

at the area of a
potential collision.

4.3.1.2  Subjective component

Eighteen observers participated in the study, including eight traffic safety experts (aged
27-65, balanced genders) and 10 non-experts (60% female, aged 24-47). Recruited
via social media and personal contacts, participants were shown pairs of traffic

situations and were asked to identify which seemed more dangerous. Pairwise

comparison was used to assess relative severity, making the task more intuitive than

assigning detailed scores. Observers received an Excel file with links to 60 randomly

generated YouTube video pairs, enabling rewatching and the option to indicate

whether the severity of the situations seemed similar.
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4.3.1.3  Inter-observer reliability and internal consistency rests

An inter-observer reliability test was used to assess differences between expert and non-
expert responses. Fisher's exact test (McDonald, 2009) revealed no significant
difference in the proportions of answers between the two groups, consistent with the
results of Kruysse & Wijlhuizen (1992), who found strong agreement between the two
groups. Internal consistency was evaluated using Cronbach's alpha (Cronbach, 1951),
with coefficients ranging from 0.79 to 0.82, indicating high consistency across all
responses.

4.3.2 Decision machine development

Binary logistic regression analysis (BLRA) with a forward selection approach was
applied. Each observer-processed pair was labelled, with the first event designated ‘0’
and the second ‘1,” making the responses the dependent categorical variable. Selected
explanatory indicators were transformed using a pairwise ranking method based on
Melnikov et al. (2017), with each indicator representing the difference between the
more and less severe situations. A binary classification algorithm was then used to
determine the weight vector (w) for each indicator, which were treated as explanatory
variables.

4.3.2.1 Models

The initial dataset used to fit the models included events with and without detected
evasive actions, making it impossible to calculate evasive action-related indicators for
the entire dataset. Due to this limitation, the analysis was structured with the following
objectives:

First, a simple regression model (Model A) was developed to identify statistically
significant indicators for predicting human responses, assess the accuracy of these
indicators in predicting severity judgments, and determine the statistical significance of
the presence of evasive actions. Model development used the full dataset (N = 1003),
focusing on human judgments of severity in relation to a set of objective indicators that
could be calculated for each event. Indicators related to evasive actions were excluded,
but a class variable (EA) was retained to indicate whether an evasive action was detected
(yes/no). The model can be summarised as follows:

MODEL A: Human responses (entire dataset, N = 1003) ~ Indicators from

moments T;"", DIY™, T}, T + class variable (EA)

Second, the initial dataset was split into two subsets: one including traffic events for
which an evasive action was detected in both situations of a pair (referred to as the EA
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subset), and another including events where no evasive action was detected in one or
both situations of a pair (referred to as the NoEA subset). Two additional models were
then developed—~Model B (EA subset) and Model C (NoEA subset)—using the same
explanatory variables, excluding those related to evasive action onset. These models
aimed to assess whether there was a statistical association between the same indicators
and human judgments across both subsets. The models are outlined as follows:

MODEL B: Human responses (EA subset, n = 873) ~ Indicators from

moments T, DJY™, T, T

MODEL C: Human responses (NoEA subset, n = 130) ~ Indicators from

moments T3™", D™ T, T,

Finally, a fourth model (Model D) was developed using only the EA subset, allowing all
selected variables to be included. The objective was to assess whether indicators related
to the moment of evasive action added value in estimating severity based on human
judgments. The model is schematically described as follows:

MODEL D: Human responses (EA subset, n = 873) ~ Indicators from
moments EA, T¥", D™ T, T,

4.3.3 Results

The results from Models B and C were analysed to compare the EA (evasive action) and
NoEA subsets (see Table 10). In both models, the lowest T value during the event was
statistically significant and contributed most to predictions. However, other significant
variables emerged from different phases of the traffic event, indicating differences
between situations with and without observable evasive actions. Additionally, the ROC
curve for Model B showed a slightly lower value, suggesting that the initial conditions
phase (when evasive action begins), excluded from this model, may play a key role in
evaluating event severity.
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Table 10. Regression coefficients (o and i), their standard errors and levels of significance, and g.o.f. for the fitted
models (AUC, deviance statistics, BIC, and AIC) (adopted from Paper IV)

ROC, %

Parameter Estimate Standard ‘Wald Chi- Pr. > Stanc.lardised (Indf'vidt‘lal

error square ChiSq estimate contribution,

%)

Model A (N=1003; NoEA & EA pairs of events)
Intercept (@) 0.1386 0.1802 0.5913 0.4419
T, (Tymin) -1.459 0.113 166.5692  <.0001 -1.0551 79.01 (90.2)
EA 1.6092 0.3143 26216 <.0001 0.3158 82.16 (3.6)
D, (D) -0.1154 0.0236 239194 <0001 -0.3336 84.87 (3.1)
Di(D,™m) -0.2363 0.0527 20.1113 <.0001 -0.3636 85.05 (0.2)
Di (Th) -0.1131 0.0538 44131  0.0357 -0.1689 85.91 (1)
Viny (THRIM) 0.0535 0.0312 29325  0.0868 0.0902 86.22 (0.4)
DeltaViike (") 0.0893 0.0359 6.1864  0.0129 0.1233 87.01 (0.9)
DRmin (Tmin) -0.1572 0.0571 7.5756  0.0059 -0.1366 87.55 (0.6)
Deviance Chi-Square: 934.64 (Pr > ChiSq: 0.0387) - BIC = 959.6 - AIC = 910.5
Model B (N=873; EA pairs of events)
Intercept (o) -0.1302 0.0871 2.2336 0.135
T, (T4im) -1.4552 0.1202 146.6892  <.0001 -1.0196 78.41 (90.6)
D, (D) -0.114 0.0258 19.5775 <0001 -0.3032 81.19 (3.2)
D (D™ -0.2428 0.0582 17.4042  <.0001 -0.3594 85.05 (4.5)
Di (Th) -0.0971 0.0583 27786 0.0955 -0.1427 85.91 (1)
DRIin (Tnin) -0.1522 0.0585 6.7671 0.0093 -0.1379 86.57 (0.8)
Deviance Chi-Square: 744.29 (Pr > ChiSq: 0.5314) - BIC = 845.5 - AIC = 816.9
Model C (N=130; NoEA pairs of events)
Intercept (@) 0.3923 0.3459 1.2861 0.2568
T, (T4in) -1.3889 0.3166 19.2493 <0001 -1.1976 80.43 (86.4)
Di (T1) -0.217 0.1096 39185  0.0478 -0.3591 86.5 (6.5)
:Z:Ell;a:r':f g‘;t 1.3561 0.6707 40883  0.0432 0.4832 90.33 (4.1)
DeltaVic (DI*™) 0.294 0.1359 4682  0.0305 0.4488 91.86 (1.6)
DRM®IN (Tnin) -2.3933 0.8202 8.5146 0.0035 -1.361 93.13 (1.4)
Deviance Chi-Square: 108.54 (Pr > ChiSq: 0.4943) - BIC = 121.3 - AIC = 101.2
Model D (N=873; EA pairs of events)
Intercept (ct) -0.3206 0.1146 7.8232  0.0052
T: (EA) -1.1789 0.1332 78.367  <.0001 -0.826 84.19 (91.8)
DeltaViike (EA) 0.6275 0.0609 1062249  <.0001 0.8754 88.12 (4.2)
D: (EA) -0.0594 0.0091 42,5588  <.0001 -0.4491 90.51 (2.6)
DeltaViike (DF™) 0.2388 0.0466 26.2291 <.0001 0.3398 91.08 (0.6)
KEumy (EA) 0.000018  4.80E-06 14.0906  0.0002 0.2289 91.51 (0.5)
Di(Th) -0.1406 0.0557 63839  0.0115 -0.2065 91.65 (0.2)
DR, (EA) -0.0732 0.0442 27446 0.0976 -0.0908 91.73 (0.1)

Deviance Chi-Square:

622.48 (Pr > ChiSq: 0.9996) - BIC = 556.7 - AIC = 520.3
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A comparison of Models B and D, both fitted to the same dataset with detected evasive
actions, exhibited differing sets of variables. Model B focused on moments with the
lowest T3 and D values, explaining over 85% of human judgments about severity. In
contrast, Model D emphasised the initial evasive action, with its indicators accounting
for over 90% of the data.

The models’ performances were assessed using Bayesian information criterion (BIC)
and Akaike information criterion (AIC) (Lin et al., 2016), with smaller scores
indicating better fit (Cavanaugh & Neath, 2019; Neath & Cavanaugh, 2012). As
shown in Table 10, Model D had lower BIC and AIC scores, making it the preferred
model and also a higher area under the curve (Abdel-Aziz & Karara), indicating better
overall performance.

The holdout method (Arlot & Celisse, 2010) was applied to validate Model D. The
dataset used to fit Model D (n = 873) was randomly split into 80% for training and
20% for testing. The results in Figure 29 show that Model D can correctly discriminate
over 91% of human judgments from both data subsets.

ROC Curve for training dataset (80%) ROC Curve for validation dataset (20%)
Area Under the Curve =0.9182 i Area Under the Curve =0.9144
1.00 ‘ 1.00- hIJ '
0.75 | 075 -
2 z
£ 0,50 - 2050
(75} 93]
0.25 | 0.25 -
0.00 _ 0.00
000 025 050 075 1.00 000 025 050 0.75 1.00
1 - Specificity 1 - Specificity
a) b)

Figure 29. Receiver Operating Characteristic (ROC) curves: a) training set, b) validation set (adopted from Paper IV).

4.3.4 Practical implications and future research direction

The study findings highlight the significance of evasive action as a key factor in human
perceptions of traffic event severity. Indicators from an event’s initial conditions,
defined by the start of an evasive action, are most valuable for explaining its severity.

The next step in understanding the practical implications is to develop a clear definition
of what constitutes an evasive action. In situations where drivers naturally adjust their
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speed or direction due to road design or traffic signals, detecting deviations from
expected behaviour can be challenging. Some methods have been proposed, such as
Johnsson & Laureshyn (2022) approach, which compares a road user's current path
with previous unhindered trajectories at the same location. Evasive action is assumed
to start when the current path no longer matches the historical data. While promising,
this method becomes less effective in more complex, multi-step interactions, where
traffic conflicts are more likely. Additionally, the method is computationally
demanding, requiring extensive historical data to ensure accuracy.

This raises an important question: should surrogate safety analysis include all critical
events or focus solely on those involving clear evasive actions, which road users perceive
as more safety-threatening? What about scenarios in which road users narrowly avoid

each other without taking any evasive action until the situation resolves itself or a
collision occurs?

Tarko (2021) addresses this by arguing that a failure requiring an emergency response
to prevent a collision is a precursor for any non-zero probability of a crash. Thus,
identifying this precursor event is necessary for understanding crash causality. The
author categorises traffic encounters into two types: preferred (error-free events that
cannot result in a crash) and failure-affected (the underlying mechanism we aim to
understand) events (see Figure 30). In the latter case, a failure has already occurred,
whether or not evasive action is taken, and whether, if taken, it is successful or not.
Tarko (2021) defines this failure as ‘a temporary lack of response ro a traffic encounter, a
lapse of awareness, that leads to a short separation (in time or space) between vebicles that

necessitate an uncharacteristic evasive maneuver to avoid collision and considerable injury
or damage .
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Figure 30. Distributions of preferred (dashed line) and failure-affected (solid line) crash nearness values (Tarko, 2021)
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It is also worth noting that in the presence of variables related to evasive actions, those
associated with the culmination phase contribute very little to explaining event severity.
Additionally, outcome-related variables were not significant in any of the tested models.
This aligns with previous studies; for example, Johnsson (2020) observed that the PET
indicator does not accurately measure safety but primarily reflects exposure. Similarly,
Tarko (2019) concluded that PET values reflect not severity but the outcome of a
conflict when all potential paths toward a crash are irrelevant.

The present study also confirms that variables related to both proximity and collision
consequences are necessary for severity estimation. Future research should focus on
developing an integrated severity measure that incorporates multiple indicators,
covering both dimensions: proximity and potential consequences. Advanced tools such
as EVT (multivariate models) may increase the predictive power of surrogate measures
of safety compared to traditional models that relate single indicators like TTCpin or
PET to accident risk.

While this study provides important insights, it explores a straightforward case that can
serve as a foundation for future research. It would be valuable to investigate potential
differences in various types of interactions, road users, and locations. In addition,
situations involving secondary interactions were excluded from this dataset to ensure
that no other road users influenced the behaviour of the studied pair. However, it has
been previously noted that safety issues are more likely to occur in complex interactions
(particularly those involving secondary interactions) than in simpler scenarios involving
only two road users (Johnsson, 2020).

Finally, the pairwise comparison method used in this study to gather subjective
judgments may be inadequate when comparing straightforward interactions to more
complex, multi-step interactions. Future research should account for this complexity to
further refine the approach to severity estimation in diverse traffic scenarios.
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5 Discussion

5.1 Connecting the dots: Bridging computer vision,
traffic research, and civil engineering practitioners for
smarter collaboration

The development of quick feedback tools for transport specialists, particularly
practitioners, could significantly reduce the financial costs and human risks associated
with traditional trial-and-error methods. By adopting technologies that facilitate rapid
testing and adaptation, we can ensure that various transport measures are not only
scientifically grounded but also practically effective. This approach ultimately addresses
the needs of road users, improving safety and conserving resources. It marks a
groundbreaking shift from reactive to proactive strategies for transportation

management.

In this transition, video analysis stands out as a powerful tool among the promising
technologies. However, effective and reliable video analysis tools are crucial to unlock
its full potential (practically). Historically, the expectations of a usable video analysis
system has remained consistent—it should provide detailed descriptions of road users'
movements, facilitate the analysis of long observation periods, and, ultimately,
automate all video transformation steps (including video processing, accurate detection,
classification, and road user tracking) to receive output in the form of high-quality
(accurate) microscopic data that will be used for further traffic analysis.

Despite the growing interest in video technologies over the past few decades, a ‘perfect’
tool for traffic video analysis is yet to be developed. One major barrier to progress lies
in the communication gap between the following three key components of the
successful application of video-based methods for traffic management solutions:

1. Computer vision specialists handle video processing, focusing on the technical
aspects of capturing, storing, and preparing video data for analysis.
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2. Traffic researchers provide the expertise needed to guide the ‘intelligent’ analysis
of this data and the interpretation of the results, extracting meaningful insights
into traffic behaviour and dynamics.

3. Civil engineering practitioners use these findings to implement real-world
interventions and infrastructure improvements.

Currently, communication primarily occurs between computer vision professionals and
civil engineering practitioners. Practitioners often order traffic analysis for various
purposes from various companies that develop video-processing technologies to extract
microscopic data for the analyses. While the microscopic data extracted are often of
high quality, the insights gained are typically limited to basic metrics, such as speed
profiles and traffic counts. While these metrics are important, they represent only a
fraction of the valuable insights that can be derived from video data, many of which
could be highly beneficial to practitioners.

This highlights a critical missing link—traffic research. Traffic researchers provide in-
depth, domain-specific insights, such as behavioural and contextual understanding,
which are fundamental for meaningfully interpreting microscopic traffic video data.
Without this link, solutions derived from video analysis often lack the depth needed to
address complex traffic challenges comprehensively. By incorporating traffic research
into the process, a more holistic and effective approach to data-driven traffic
management decision-making can be achieved.

While some initiatives have attempted to bridge the gap between computer vision and
traffic research (e.g. Ahrnbom, 2022; Jensen et al., 2019; Laureshyn, 2010), these
efforts have mostly remained within academic circles. The challenge lies in translating
these innovations into practical, everyday tools that can support transportation
practitioners. To improve sustainable transportation systems, a tool that is both
accessible and actionable for practitioners is essential. Such a tool would provide clear
guidelines and deliver results that answer critical questions about new measures: How
safe is the location? Are the needs of road users adequately addressed in their
interactions with the infrastructure? Has the level of comfort improved? What about
perceived safety and how does it align with objective safety metrics?
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5.2 From methodology to practical implications:
Optimizing decision-making through video analysis

Currently, the development of cycle and pedestrian paths in Sweden (and elsewhere)
relies heavily on practice-based knowledge and experience. However, there is still a lack
of systematic evaluation of and documentation on which design approaches most
effectively meet road users' needs for safety and comfort, leaving limited insight into
which approaches work well and which do not. Developing a system to collect, analyse,
and use such data for infrastructure design would offer valuable insights and promote
informed decision-making.

A promising methodology is introduced in Papers I and II of this thesis that may assist
practitioners in evaluating the impacts of various interventions on infrastructure and
road users’ behaviour. A common aim of both studies was the creation of an effective,
user-friendly approach that practitioners can systematically apply across diverse
locations to support sustainable transportation development. As a result, the
methodology proved effective in capturing behavioural responses to changes in
infrastructure features, such as surface design and lighting conditions. One notable
finding was that cyclists and pedestrians (often grouped together as VRUs) exhibit
distinct responses to environmental changes at a microscopic level. Based on this
observation, a key recommendation is that urban planning and design should avoid
treating cyclists and pedestrians as a single homogeneous category and instead recognise
and address the unique needs of each group when analysing infrastructure
improvements.

However, the existing version of the proposed methodology only represents a partial
step toward fully achieving the set goals, as it currently faces several challenges.
Addressing these challenges in future work could further refine the methodology and
expand its usability, even for large-scale applications.

With respect to the methodology’s technical aspects, the initial data collection step,
conducted using drone technology, offered several advantages over traditional
stationary cameras. Drones helped overcome common issues regarding data privacy
(e.g. GDPR compliance), mounting, power supply, and the need for multiple fixed
cameras to cover large areas. For example, in the VAPM study by Johansson et al.
(2020), covered a similar area and required 12 stationary cameras; the drone approach
used for the studies in the present thesis simplified this setup. However, drone-based
data collection also had its limitations, requiring the significant effort and skill of the
drone operator, especially in terms of maintaining stable flights, and being highly
vulnerable to adverse weather conditions like strong winds and heavy rain. Despite
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carefully planning each session in advance, not all scheduled time slots could be used,
resulting in smaller participant sample sizes for the analysis.

After data collection, the footage recorded after dark required stabilisation and
brightness adjustments; these tasks had to be performed manually for each drone flight,
which was time-consuming. Following these adjustments, the next necessary video
processing step was calibration, which directly impacted the accuracy of microscopic
data. In the studies presented in this thesis, I employed an approach to calculate the
camera’s absolute pose by measuring 3D points on the ground or other fixed structures
(e.g. building corners or window frames) within the area of interest and matching them
to corresponding points on the image. While this method has proven accurate (as
demonstrated by Laureshyn & Nilsson (2018)) it is labour-intensive, especially for
extended datasets or scenarios in which the camera position frequently changes, as was
the case with our drone-based video collection.

The repetitive tasks of video stabilisation, brightness adjustment, and calibration for
each 20-25-minute clip should be further automated. One potential improvement, for
example, would involve using reflective or illuminated calibration markers at the
beginning of each experiment to enable the automatic detection of calibration points,
reducing the need for manual identification and significantly streamlining the process.

More advanced, automated calibration techniques, such as the checkerboard method
used by Ahrnbom (2022), offer even higher accuracy. However, the key challenge of
this method lies in the lack of user-friendly tools to simplify the process. There is
therefore a pressing need for intuitive (user-friendly) interfaces that enable users with
minimal technical expertise to perform calibration efficiently. The development of such
tools would empower practitioners to apply advanced calibration techniques without
requiring a deep understanding of the underlying mathematical principles.

The subsequent steps of the analysis, such as detecting, classifying, and tracking road
users, were carried out using a semi-automated tool and required a substantial amount
of manual input. Although fully automated detection and tracking tools are now
available, initial tests showed that their performance on the footage from the studies in
this thesis was suboptimal. This is primarily due to the low resolution and varying
brightness, especially under low-light conditions, which affects the contrast between
individuals and the background. These issues could potentially be solved by using
thermal cameras to distinguish people from the environment more effectively while also
addressing data privacy concerns. Thermal imaging would allow for closer, lower-
altitude drone flights, increasing the visible size of each person in the video without
capturing identifiable information. While thermal sensor-equipped drones are available
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on the market, they are typically expensive. However, as technology advances, it is likely
that such tools will become more accessible and affordable in the future.

It is also important to consider the theoretical aspects in addition to the technical
challenges, particularly when selecting and interpreting the relevant variables. Any
interpretation of the data should be based on a strong theoretical foundation to ensure
its validity and relevance.

For example, in Paper II of this thesis, the behavioural responses were measured in
terms of speed and slalom, which raised a critical question: Is an increase in speed or
slalom a positive or negative road user’s behavioural response? Initially, it was assumed
that if path users (most of whom are likely commuters due to the study sites’ locations)
perceive the traffic environment as sufficiently safe, they would strive for higher speeds
and lower deviations in their movements to reach their destinations as quickly as
possible. However, this assumption requires further validation. To achieve this,
additional qualitative research in the form of interviews or surveys could be conducted
to gain deeper insights into road users” specific needs and to explore any additional
factors that may influence their behaviour that may not be captured through video
analysis alone.

A key takeaway from this process is that researchers must recognise that if a
methodology is to be used by practitioners, it must be easily understandable and
applicable. Therefore, it is important to provide suggestions and offer guidance (based
on sound theory) on interpreting the results produced by application of the
methodology.

5.3 From simplicity to intelligence

For many years, traditional traffic metrics, such as speed, road user counts (traffic flow),
and route choice, have been the primary tools used for assessing traffic situations from
various perspectives, including safety, accessibility, and level of service. These metrics
have been effective in providing a broad overview of traffic dynamics, offering insights
into traffic flow, identifying potential safety concerns, and evaluating the efficient use
of road infrastructure. However, while these traditional metrics remain valuable, they
capture only a portion of the insights that are possible with the use of more advanced
methods, particularly video analysis.

Traditional metrics often lack the capacity to assess safety potential directly (Johnsson
& Laureshyn, 2024; SWOV, 2018). In contrast, video recordings add a new layer of
depth to traffic studies, enabling a more nuanced understanding of traffic conditions
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and road user behaviours. One example of this more advanced approach is conflict-
based studies, which are now primarily conducted using video data. Unlike traditional
methods that focus on aggregated data, such as speed and traffic counts, conflict-based
studies analyse microscopic behavioural data (linked to time and space) from the
interactions of individual road users.

A further example, distinct from conflict-based studies but also illustrating intelligent
analysis, is a recent study by Johnsson & Laureshyn (2024), which assesses potential
safety at specific locations using video recordings, going beyond the traditional analysis
of speed and traffic counts. This method identifies the region carrying the highest injury
risk within the vicinity of a target area, providing an estimate of the worst-case safety
scenario or ‘potential safety risk’ at that site. This approach considers differences in road
users’ speed, direction, and type, adjusting for these factors based on an injury model
framework originally introduced by Lubbe et al. (2022).

In addition to safety, it is also critical to understand road users” experiences and needs
when developing effective and sustainable transportation systems. In Papers I and 11, a
video-based method was employed to analyse how specific physical environmental
features impact user behaviour, focusing on metrics such as speeds, lateral positions,
slalom and passing distances (linked with metrics like time and longitudinal distance).
This approach aims to provide a comprehensive understanding of usability.

Similarly, other researchers have used video technology to examine various factors that
influence road user comfort. For example, the level of service (LOS) metric is
commonly used to quantify the comfort a road facility offers from a user’s perspective,
and video analysis has become an invaluable tool for capturing detailed data on user
behaviours and interactions with which to assess this metric. Studies by Kazemzadeh &
Bansal (2021); Kazemzadeh et al. (2020) applied video analysis to investigate e-bike
riders' behaviour and comfort when navigating through pedestrian crowds, which are
key factors in defining the LOS index for bike lanes. By extracting microscopic data
from video recordings, these studies measured key metrics such as pedestrian crowd
density, e-bike lateral distance, and e-bike speeds, offering valuable insights into how
these factors influence the overall navigation experience.

Another illustrative application of video analysis can be found in Kuipers et al. (2024)
study of the speed of passengers alighting and boarding trains under different
conditions, such as when travelling with luggage. The video analysis was able to
highlight passenger behaviour, making it possible to obtain a deeper understanding of
this process.

Overall, these studies underscore the broader potential of video analysis in traffic
behavioural studies. By enabling the measurement of a wide range of variables beyond
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traditional metrics, video analysis offers a level of detail that can deepen our
understanding of traffic dynamics. These rich data can inform better decision-making
regarding road infrastructure design and proactive safety measures.

5.4 Exploring human behaviour as a social construct

Traffic behavioural studies aim to examine the interplay between road users and the
traffic environment they navigate. A key aspect of this research is human behaviour, a
complex social phenomenon that is often difficult to quantify. Unlike natural
phenomena governed by predictable physical laws human behaviour is influenced by
various dynamic factors that can change over time. While numerous parameters can be
analysed to capture certain dimensions of human behaviour, many inherent
characteristics that are influenced by various external factors may be overlooked.

Within this context, two important dimensions of human behaviour emerge—
reflexivity and randomness (Patterson, 2021; Noland, 2013)—both of which
significantly influence traffic patterns and safety outcomes. These dimensions are
essential to understanding how individuals interact with their environment and with
one another on the road.

The first dimension, reflexivity, refers to an individual’s ability to reflect on their own
behaviour and the behaviours of others, often leading to adaptive decision-making in
response to changing traffic conditions. For example, a driver may adjust their speed or
route based on observed traffic flow, weather conditions, or the behaviour of nearby
road users. This reflective process is based on both past experiences and real-time
observations. Many proposed approaches for measuring behaviour work well in simple
traffic scenarios but fall short when applied to more complex scenarios. Incorporating
reflexivity into traffic behavioural studies can potentially address this limitation, as this
dimension is particularly critical in complex scenarios involving secondary (multi-step)
interactions, which are more likely to lead to safety problems.

The second dimension, randomness, captures the unpredictable nature of human
behaviour. In a traffic context, people may make spontaneous decisions while on the
move, driven by a variety of factors, such as emotions, distractions, fatigue or social
influences. For instance, a driver might suddenly accelerate to avoid stopping at a red
light, or a pedestrian might run at a red signal because they are in a hurry or simply not
paying attention. This randomness can lead to unexpected traffic events, increasing the
risk of accidents and complicating traffic management efforts.
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Introducing reflexivity and randomness into traffic behavioural studies allows for a
more nuanced view of human behaviour in traffic contexts, helping to build a more
comprehensive framework. They are not only theoretical constructs but also have
practical implications for designing safer and more efficient transportation systems.
Without considering these dimensions, behavioural models could miss critical aspects
of how individuals respond to complex, real-world traffic situations. Therefore, this
theoretical perspective may help expand our understanding and provide insights into
how interventions might be designed to address the complex and often unpredictable
nature of human actions on the road.

5.5 Should a universal measure of road user behaviour be
the goal?

Establishing a universal measure for road user behaviour is challenging, if not
impossible, due to the highly varied and context-specific nature of traffic environments.
Behaviour differs significantly depending on factors such as the type of road user (e.g.
motor-vehicles, cyclists, pedestrians) and the specific location (e.g. intersections,
roundabouts, highways, shared-use spaces, and pathways). For instance, metrics like
acceleration and deceleration are often used to assess motor vehicle behaviour, but

applying these straightforwardly to VRUs is less practical.

Speed, on the other hand, is a metric that appears to be more universally applicable.
My studies found that speed is an effective metric for measuring cyclist behaviour.
However, it is less effective in describing pedestrian movement patterns and
preferences. Unlike cyclists, who generally follow designated paths or lanes and exhibit
more predictable patterns, pedestrians display much greater spontaneity and
adaptability in their movements. This variability results from factors such as individual
preferences, social interactions, and responses to immediate environmental stimuli,
making pedestrian movements appear more unstructured and often unpredictable.

Therefore, in developing a tool intended for practitioner use, it is important to offer
adaptable metrics that can be adjusted according to the specific user groups and traffic
settings under study. In addition to contributing a tool that allows for metric
customisation, clear and practical guidance should also be provided on how to select
and apply the most appropriate metrics for each context (e.g., urban vs. rural settings
or areas with high pedestrian/cyclist traffic vs. motor vehicle traffic).

It is equally important to provide guidance that helps practitioners interpret and
respond effectively to the insights derived. This support will ensure that the data are
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meaningful and actionable, helping practitioners to understand their implications and
identify appropriate responses.

5.6 Beyond complexity: Developing clear and effective
measures for traffic safety

Another important consideration when choosing a measure is the complexity of the
metrics involved. Paper III attempted to reframe both the problem and its potential
solutions in SMoS, drawing on current knowledge and methodologies. This study was
inspired by Patterson (2021), who argues for moving beyond outdated paradigms that
only add complexity and often hide core issues. Today’s discussions within the SMoS
context are often focused on very specific technical details while leaving fundamental
principles underexplored.

Most current research seeks to advance commonly used indicators (such as TTC, PET,
etc.) by adapting them for computational analysis despite inconsistencies in both the
underlying theory and input data quality. This results in complicating the
interpretation of findings, which is contrary to the original intentions. A timely
reassessment of how SMoS is applied is therefore necessary, and Paper III proposes a
framework for this purpose.

A key concern in this context is the adoption of the Safe System approach to traffic
safety management, which is currently considered world best practice and is known as
Vision Zero in Sweden. Despite its name, Vision Zero does not aim for zero crashes
overall but rather for zero crashes that result in serious consequences. The primary aim
is to eliminate severe injuries and fatalities rather than to simply reduce the overall
number of accidents. In essence, the policy no longer focuses on collision risks but
instead on personal injury risks. However, many existing implementations rely
primarily on proximity-based measures, which fail to capture the actual severity of
traffic events. To align more closely with Safe System’s objectives, it is necessary to
incorporate measures of potential consequences (if a crash does occur) alongside
proximity indicators in order to more accurately evaluate safety outcomes.

These measures of potential consequences do not necessarily need to rely on overly
complex computations, which can often hinder both accurate calculation and
interpretation. In some studies, for instance, incompatible SMoS measures are
combined into single indexes without clear logic or theoretical grounds. Another
example is the various advanced, sophisticated algorithms designed to predict traffic
risks or estimate injury numbers. If they generate results that are challenging to
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interpret, it can lead to ineffective or misguided safety interventions. Policies or
countermeasures based on these misrepresented outcomes could then be directed
toward the wrong priorities, ultimately failing to tackle the most critical traffic safety
concerns.

Excessive complexity can also obscure potential biases or inaccuracies, making it
difficult to identify and correct errors that distort severity rankings. If these methods
lack transparency or have not been validated against theoretical expectations,
policymakers risk misinterpreting data, leading to misguided resource allocation and
ineffective traffic safety strategies.

To address these challenges, Patterson (2021), for example, suggests that a
straightforward proximity metric, such as minimum physical distance and consequence
reflection, in the form of Delta-V could be an effective approach to enable Vision Zero
to capture the risk of severe traffic events. Of course, additional work will be needed to
perfect the analytical method, but unnecessary complexity should be avoided, ensuring
that clarity and practical applicability remain central.

5.7 Subjective component as a tool for measuring severity

The reliability of human judgement—the ability to produce consistent accuracy in
measurements, regardless of location, conditions, or the person performing the
measurement—has been a topic of debate in both academic and practical contexts, with
some arguing that human assessments can lack consistency and may be influenced by
cognitive biases, personal experiences, and situational stress, among other factors.
However, extensive empirical studies conducted since the early 1980s have aimed to
validate the reliability of human assessments in determining traffic event severity,
demonstrating that human judgements produce consistent results across various
geographical and temporal contexts.

At present, humans may still be the most reliable tool for reflecting the severity of traffic
events. Their assessments tend to provide a rating that aligns more closely with the
theoretical true values compared to the objective measures currently available. Unlike
automated systems that depend solely on quantitative data, humans have the capacity
to evaluate qualitative factors such as emotional context and environmental conditions.
They possess an intuitive understanding of danger and its intensity, which strengthens
their ability to assess the situation comprehensively.
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The findings from Paper IV of this thesis further support the notion that the subjective
component of human judgement can serve as a valuable calibration tool for automated
systems, helping us move closer to ‘true’ severity ratings.

5.8 Contributions of the thesis

The primary aim of this thesis was to explore the use of microscopic traffic data
extracted from video recordings to study and analyse road user behaviour. The focus
was on improving the experience of road users, particularly VRUs, within traffic
environments. This thesis serves several purposes, including evaluating road users'
safety and examining the dynamic behaviours of road users in everyday traffic
situations, which are closely linked to levels of service. By demonstrating various
applications and new methods, the thesis highlights the value of microscopic data in
gaining deeper insights into road user behaviour.

One of the main focuses of this work is safety, particularly for VRUs. Maintaining a
balance between objective and subjective safety is essential. When subjective safety is
lower than objective safety, it can make green modes of transport less attractive, leading
to sustainability challenges. Conversely, when subjective safety exceeds objective safety,
the situation is even more concerning, as road users may perceive the traffic
environment to be safer than it actually is, increasing the risk of serious injuries or
fatalities. To address these issues, reliable methods are needed to continuously monitor
and improve safety features. This thesis attempted to contribute to meeting this need
by advancing the SMoS approach through its integration with the Safe System vision
as the underlying theoretical framework.

Beyond safety, there are other critical needs related to traffic studies., such as assessing
the level of service, which still includes safety aspects but places greater emphasis on the
operational performance of road facilities. This thesis introduces a new methodology
to address this requirement that encompasses the entire process from data collection to
data analysis. While I acknowledge that there is significant room for improvement, this
work represents a promising starting point. If integrated into real-world applications
and used by practitioners for large-scale projects, this methodology has the potential to
deliver valuable results. It can enable the quick evaluation of various interventions on
traffic environment features (e.g. road facility design elements, infrastructure, signage,
electrical lighting), identify the need for adjustments, and contribute to a systematic
record of ‘what works’ and ‘what does not’. This can help track challenges and highlight
necessary considerations that may arise during implementation, ensuring that adequate
planning processes are in place to anticipate and mitigate potential obstacles.
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Like most research, this thesis is not without its limitations. These include the use of
semi-automated tools for trajectory extraction, which was time and resource-
consuming; the small sample sizes used for statistical analyses; and the reliance on
simple scenarios for road user interaction analysis, among others. Achieving ‘ideal
conditions’ in real-world situations is often impractical, as perfection is an elusive
concept, particularly in research. However, while these limitations present challenges,
they also offer opportunities for improvement, innovation, and progress.

5.9 Looking to the future

Following current rapid trends in the development of artificial intelligence (Al), we are
moving toward a future where advanced technology will be part of every aspect of our
lives. In the field of transportation, this shift is very clear. Traditional methods for
managing traffic often rely on fixed rules and simple assumptions. However, these
methods cannot easily handle the complex and constantly changing conditions of a
busy traffic environment. This is where large-scale models (or massive neural networks
(NNs)) and reinforcement learning (RL) approaches become valuable.

Looking ahead, RL methods will enable traffic management systems to learn directly
from their environments. Rather than relying on fixed rules, these systems will monitor
road conditions, test various strategies, and continuously improve their performance.
Upcoming research can focus on making these RL systems more flexible and better at
predicting and preventing unexpected events, such as accidents. By using real-time
data—especially from autonomous vehicles—to provide new and more detailed
information, researchers can develop smarter systems that reduce congestion, improve
safety, and lower emissions. Ultimately, these advancements can lead to traffic
management solutions that are not only more efficient but also more sustainable and
centred on human needs, improving urban mobility for everyone.

Collecting high-quality data is a key goal for achieving this, as Al systems’ output is
ultimately driven by the input data they receive—the more data they receive, the more
they can learn. As demonstrated in this thesis, video recordings can capture not only
the number of road users but also provide detailed insights into their behaviours at a
micro level. By offering a clear and continuous view of traffic conditions, such video
inputs can significantly strengthen the ‘intelligence’ of RL-based systems. Future
studies can explore ways to integrate this detailed information into RL models to
facilitate their understanding of their environment and effective decision-making.
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The approaches introduced in this thesis are quite complex, involving multiple steps,
some of which could potentially be streamlined or improved through the use of Al
Reinforcement learning, for instance, could be used to detect behavioural patterns that
current indicators fail to capture. As these systems evolve, the ability to automate and
optimise certain processes will only increase, providing an opportunity to further refine
traffic management strategies.

In my view, even as Al systems improve over time, continuously learning from human
input and improving their mimicry of the human cognitive system, humans will still
remain at the top of the hierarchy, largely because we think holistically —as confirmed
by my studies. We combine context, intuition, abstract reasoning, experience,
knowledge, cultural understanding, and even moral judgments when making decisions.
While the combination of NNs and RL will undoubtedly accelerate progress, I believe
that humans will still oversee quality control and guide the implementation of these
systems to ensure they align with human values, ethical considerations, safety, and long-
term goals. Ultimately, Al-generated solutions will still be subject to human review
before final decisions are made. In this sense, humans serve not simply as ‘quality
controllers’ but also as the decision-makers about the directions in which Al systems
should evolve.

That said, the pace of Al advancements is rapid, and the future holds many possibilities.
Let’s see what happens tomorrow.
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6 Closing remarks

While extracting rich microscopic data from video recordings for advanced analysis has
become increasingly feasible thanks to recent developments in techniques, several
obstacles still hinder the accuracy and effectiveness of the results. To ensure that the
extracted data are meaningful and accurate, careful and precise planning is required at
every stage of the process, as outlined in Figure 1.

Data derived from video recordings are subject to various external factors that might
sometimes be beyond the control of researchers and practitioners. Reflexivity, the
inherent randomness of human behaviour, variations in vehicle types (e.g., regular
bicycles vs. e-bikes), and unforeseen circumstances all introduce variability that can
significantly influence outcomes. These factors cannot always be fully assessed using
video recordings alone, highlighting the need for a comprehensive approach that
accounts for such complexities when interpreting the data.

Clarity, validation, and theoretical alignment are vital to accurately representing real-
world situations for traffic analysis. These principles form the foundation for generating
reliable and actionable insights that inform effective interventions. However, the
systematic evaluation and documentation of design solutions that address road users’
safety and comfort remain underdeveloped. To address this gap, a comprehensive
system for evaluating and registering which solutions work and which do not should
be established, providing valuable insights and a solid foundation for informed
decision-making. This system could facilitate the development of user-centric
infrastructure and improve the overall impact of traffic interventions.

At the same time, researchers must design methodologies that balance reliability with
practical usability, ensuring outputs are both accurate and accessible to practitioners.
Beyond providing results and recommendations, it is necessary to offer theoretical
guidance to equip practitioners with the tools they need to interpret and apply findings
effectively. This approach not only fosters deeper understanding but also ensures that
solutions are both actionable and impactful.

The successful application of video-based methods in traffic management depends on
the collaboration of three critical disciplines: computer vision specialists, traffic research
experts, and civil engineering practitioners. The effective integration of these domains
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depends on a well-structured process that ensures a cohesive and efficient synthesis of
expertise. Improved collaboration would lead to the development of more accurate,
actionable, and practical traffic management solutions, aligning technical precision
with the needs of real-world implementation.

Simplification is another critical factor for fostering understanding, particularly in
selecting appropriate metrics for traffic analysis. While straightforward and
interpretable measures are beneficial, simplicity should not come at the expense of
analytical depth and intelligence. Video-based analysis holds potential far beyond that
of basic metrics like speed or traffic counts, offering deeper insights into road user
behaviour, safety, and infrastructure usability. Through improved collaboration and
communication across the key domains, these opportunities can be fully realised,
leading to more effective, data-driven, and people-centred decision-making in the field
of traffic management.
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