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1 Executive summary 

 
Introduction 
 
While fatal and serious injuries to cyclists are rare, near-misses, where cyclists or drivers take 
action to avoid a crash, occur frequently. Systematic analysis of these incidents can help reveal 
the root causes of unsafe events and prevent future crashes. Our research aimed to use mobile 
and video technology to track near misses, offering detailed data to improve safety measures and 
evaluate interventions. This study aimed to pinpoint the safest infrastructure for cyclists and 
identify risk factors based on cyclist type, behaviour and travel environment. The objectives were 
to: 

• Define "near miss" through stakeholder consultation. 

• Create a user-friendly, affordable, and unobtrusive system for cyclists to report near 

misses. 

• Determine individual and environmental predictors of near misses for focused safety 

improvements. 

• Connect near miss data with individual cyclist characteristics. 

Method 
 
We recruited 60 adult cyclists who commuted in London. Each participant completed a survey 
about their cycling experience, use of protective clothing, use of cycling Apps, collision experience 
and demographic characteristics. Each cyclist was given a helmet with a GoPro camera mounted 
on it. We asked participants to say ‘near-miss’ when they experienced a near miss. Voice 
recognition was used to extract the timestamp of instances of the phrase, which were in turn used 
to extract near-miss events. Participants were asked to record any near misses that they 
experienced over a two-week period. 
 
Data collected via the GoPro camera has provided an opportunity to examine the scene of near 
misses and the circumstances surrounding them. Videos were examined manually to extract 
relevant features, including parties directly involved, road traffic mix and density (categorized as 
low/medium/high), cycle infrastructure and junction/roadway characteristics, amongst others. 
These features were combined with geospatial and temporal features describing each of the 
routes, obtained from a variety of sources including adjacent land use, speed limit, gradient and 
road type. Modelling of near miss rates per 100km travelled was carried out using survey data as 
explanatory variables and a case control analysis was also carried out to identify risk factors for 
near misses. 
 
Findings 
 
The achieved sample was broadly representative of those who cycle in London. Over 100 near 
misses were recorded in total equivalent to one recorded near miss per 175 minutes of riding time, 
or roughly three hours. The number of near misses per participant varied from zero to 23. The 
most common near miss types were close pass, followed by near left and right pulling out, 
followed by pedestrian stepping out and someone approaching head-on. Obstruction tailgating 
and destabilisation were observed comparatively less. There were no near-dooring events 
recorded by the participants. 
 
A descriptive analysis was carried out of near-miss events recorded by participants, focusing on 
event types, timing, rider interactions, and demographics. The most common near-miss types 
were close passes, followed by left/right hooks and pulling out incidents. Near misses mostly 
occurred during afternoon peak hours, with fewer incidents in the morning. Rider speed before 
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incidents was typically below 30 kph, and no clear link was found between speed and near-miss 
type. Cars were most often involved, while traffic was generally light or moderate during events.  
Most near-misses occurred on roads without cycling infrastructure, though left/right hooks were 
more common on paths or segregated lanes. Close passes mainly happened on non-intersecting 
roads, while left/right hooks occurred more frequently at intersections or side roads.  
Male participants recorded more near misses, especially close passes, compared to females. 
Females experienced more pedestrian-related near misses, while males were involved in more 
pulling out incidents. Males also tended to be cycling at faster speeds during near-misses. 
 
To better understand risk, near misses were considered relative to a rider's exposure. The rate of 
near misses per 100km traveled was calculated. The near miss rate ranged from zero to 54, with 
a median of 3. Demographics and riding behaviour were included as factors. The model revealed 
several significant factors:  More time spent on 30mph roads and riding during the AM peak (7-
10am) raised the near miss rate whereas increased riding speed and time spent on shared lanes 
reduced near misses. Additionally, participants who had not been involved in a crash in the past 
year reported fewer incidents.  
 
Finally, a case control study was undertaken which considered participants' exposure to different 
conditions. This compared the circumstances of video clips of near-miss events to a random 
sample of those with no reported near miss event. Mixed residential/commercial areas reduced 
near-miss risk compared to residential areas, as did riding alongside greenspace areas. Increased 
risk was associated with roads with a 30mph speed limit, riding on side roads, moderate traffic, 
and segregated cycleways. Side roads were often linked to pulling out and left/right hook 
incidents. Although it may seem surprising, segregated cycleways were associated with near-
misses, especially involving pulling out and pedestrian-related incidents. However, these results 
should be interpreted cautiously, as they may be specific to the study’s participants. 
 
 
Implications  
 
Our study introduced a  method of analysing near misses and cyclist safety using video and 
computer vision. This method can evaluate the effects of interventions like infrastructure changes 
or safety campaigns. After the challenges of  the pandemic we found it easy to recruit cyclists, 
suggesting cities could also engage cyclists to collect similar data. Digital platforms could facilitate 
data uploads and use algorithms to identify near misses, making safety management more 
proactive. 
 
The most common near misses were close passes and left/right hooks. Awareness campaigns 
should inform drivers about giving cyclists space and the dangers of near hooks. Our findings 
emphasise the need for more cycling infrastructure, especially on residential streets with less 
traffic but higher potential risk due to a lack of infrastructure. 
 
The GoPro Max, combined with computer vision, can also be used to study the safety of other 
vulnerable road users like e-scooter riders and motorcyclists. Additionally, cyclists are 
predominantly male, white, and well-educated. There is a need to understand why this 
demographic remains dominant in London and how perceived safety affects the cycling decisions 
of underrepresented groups. Further research has been identified and will be reported in future 
outputs. 
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2 Background   

Road casualties are undoubtedly a burden to individuals and society (WHO, 2022).  
However, recorded collisions involving bicycles are relatively rare: according to police reports, in 
2022, 91 pedal cyclists were killed in Great Britain, whilst 4,056 were reported to be seriously 
injured (adjusted) and 11,546 slightly injured (adjusted). 
https://www.gov.uk/government/statistics/reported-road-casualties-great-britain-pedal-cyclist-
factsheet-2022/reported-road-casualties-in-great-britain-pedal-cycle-factsheet-2022 From an 
analyst’s perspective, it is difficult to draw statistically significant conclusions about risk factors 
using casualty data alone. Furthermore, official national road casualty databases are rarely a 
complete record of all casualties. Cyclists who become injured on the road without being involved 
in a crash with a motorised vehicle are not included in police reported data in GB or in many other 
European countries (Schepers and den Brinker, 2011). Compounding this, a sizeable proportion of 
non-fatal injuries are not reported to the police. Swedish casualty figures based on the 
comprehensive STRADA register, which combines police and hospital reported casualties, 
showed that eight out of ten injuries to cyclists result from single crashes (Niska and Erikkson, 
2013). In most European countries, there is evidence of severe underreporting of such incidents 
Reurings et al., 2011; Wegman et al., 2012). In the UK and the Netherlands, the number of cyclist 
hospital admissions has been found to be three times the number of seriously injured casualties in 
crashes recorded by the police (Department for Transport, 2012).  

 
Taking recent data into account for the three years (2016-2019) before the pandemic there 

were on average around 6,000 cyclists admitted to hospital as a road casualty 
https://www.gov.uk/government/publications/other-sources-of-information-on-road-
casualties/other-sources-of-information-on-road-casualties Additionally, cyclists can experience 
crashes with stationary objects and can easily become destabilised because of poor road 
surfaces, insufficient light conditions or even by engineering measures such as speed humps 
designed to improve safety (Shepers et al 2013; Talbot, et al 2014). Such incidents contribute to 
the perception of cycling as a risky activity which is a major barrier to the uptake of cycling as a 
mode of travel.  

 
Although serious incidents leading to major injuries are rare, it has been shown that 

focusing on them only touches the “tip of the iceberg” and near-miss data can provide much more 
information about potential problems (Jones et al, 1999). There is a significant gap in our 
knowledge of risks cyclists are exposed to and how best to reduce them to create a proactive 
safety culture.  Researchers have attempted to perform meta-analysis on before and after studies 
of infrastructure changes to reduce cyclist casualties, however their conclusions about any 
significant reductions in casualties have been heavily caveated with concerns about the lack of 
data on the number of cyclists using the infrastructure (Elvik et al, 2009). 

 
 In the context of cycling, studies have conceptualised near misses as incidents where ‘it 

could be reasonably determined that it was necessary for either a driver or cyclist to take action to 
avoid a crash occurring’ (Wood et al, 2009). Cyclists have been found to report many near misses. 
One US study reported that 63% of cyclists had been ‘passed by a car with fewer than three feet 
of clearance’ (Sanders, 2015), while findings from a UK study suggested that cyclists reported an 
average of one ‘incident’ (i.e. an event that caused the person to take avoiding action and/or 
caused him/her worry or annoyance) every 5.6 miles (Joshi et al, 2001).  

 
A key conceptual approach to investigating crashes or near misses is to explore the root 

causes of the incident in a systematic way without apportioning blame (Reason, 1990). Given the 
underreporting of cyclist casualties, near miss data can provide an opportunity to gain a richer 
understanding of the root causes of incidents and how to prevent them-– particularly since near 
misses have been found to resemble collisions both physically and psychologically. In this 
research, we developed a system to record near miss experiences using mobile sensing 

https://www.gov.uk/government/statistics/reported-road-casualties-great-britain-pedal-cyclist-factsheet-2022/reported-road-casualties-in-great-britain-pedal-cycle-factsheet-2022
https://www.gov.uk/government/statistics/reported-road-casualties-great-britain-pedal-cyclist-factsheet-2022/reported-road-casualties-in-great-britain-pedal-cycle-factsheet-2022
https://www.gov.uk/government/publications/other-sources-of-information-on-road-casualties/other-sources-of-information-on-road-casualties
https://www.gov.uk/government/publications/other-sources-of-information-on-road-casualties/other-sources-of-information-on-road-casualties
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technologies linked with video data, allowing us to examine risk factors associated with cycling in 
unprecedented detail with a view to developing a lead (not lag) indicator for safety.  Importantly, 
such an indicator is based on events that are frequent rather than rare and will therefore offer the 
policy maker an opportunity to evaluate interventions such as Operation Safeway and the Close 
Pass campaign with statistical power to detect significant changes. 

 

2.1 Definition 

 
Ibrahim et al (2021) discuss the various conceptualisations of near misses found in the literature 
ranging from:  

• a “narrowly avoided collision” 

• a “perceived crash risk” (Chaurand and Delhomme, 2013; Strauss et al 2013)  

• a “perceived traffic risk” (Sanders, 2015),  

• a “near collision” (Johnson et al, 2010),  

• or simply a “near miss” (Aldred, 2016; Poulos et al, 2012).  
 
Ibrahim et al concluded that “While a “cycling near miss” is a subjective term that may differ based 
on individuals’ experiences and their perceptions of risk, in most cases it is defined as a situation in 
which a person on a bike was required to act to avoid a crash, such as braking, speeding, swerving 
or stopping. In some cases, the definition may be extended to include those events that caused the 
person on the bike to feel unstable or unsafe, such as a close pass or tailgating.”  
 

2.2 Aims and objectives 

 
The aim of this study was to identify infrastructural elements which offer the greatest levels of safety 
for the greatest number of cyclists and identify risk factors associated with the interaction of a 
specific type of cyclist and the type of environment in which they are travelling.  The objectives were 
to: 
1. Define what constitutes a near miss in consultation with stakeholders. 
2. Develop an easy-to-use system that is functional, cost effective and unobtrusive so that cyclists 

can report near miss incidents.  
3. Identify individual and environmental factors that best predict near miss events, enabling targeted 

efforts to improve cyclist safety and prevent incidents. 
4. Link these data (from objectives 2&3) with individual characteristics of cyclists. 
 

3 Methodology 

  

3.1 User group 

 We held a workshop to engage with cyclists, transport planners, active travel advisers and safety 
experts and the multi-disciplinary research team. The aim of this workshop was to help design the 
study and identify the nature of near misses in the context of cities and their behavioural and 
environmental antecedents from a systems perspective. We explored with stakeholders how best 
to define what constitutes a ‘near miss’, and how to collect data about cyclist’s behaviour and near 
miss experiences using mobile sensing technologies.  
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3.2  Study site and pandemic effect 

This study was based in London. The key data collection occurred post pandemic, though safety 
testing was carried out pre pandemic. The study was severely interrupted by the pandemic when 
there was a research embargo involving any face-to-face interaction with participants. Most of our 
study was conducted between 2021-23. 

 

3.3 The technology 

This study incorporated an event-contingent protocol of experience sampling, which involved 
reporting an experience immediately or closely following the event of interest. After experimenting 
with an initial sensor and 3D printing the casing was found to lack robustness in the field and led to 
breakage and data loss. Due to these reliability issues we decided to cease using the URBAN-i Box 
for the project and switched to the GoPro Max, which is a 360-degree panoramic action camera. 
The GoPro Max has two cameras, one front facing and one rear facing. The footage from each 
camera is stitched together to produce a panoramic video, which can be rotated and panned while 
playing. The camera also collects GPS data to give the location of the rider, and accelerometer and 
gyroscope to measure changes in acceleration and movement of the camera. The advantage of 
using a 360o camera is that it provides footage of the whole environment of the cyclist, rather than 
focusing on a single perspective. This allows the capture of important interactions such as 
overtakes, tailgating, filtering etc. Furthermore, by placing the camera on the helmet of the rider, the 
actions of the rider can also be captured, such as signalling and head-turns.  

3.4 Safety testing  

Originally, we tested the system that required the participant to press a button on the handlebar. 
The researcher conducted a subjective assessment of whether the participant was required to look 
down to operate the button, and whether it affected the participant’s ability to keep safely to the 
marked course. Following each ride the participant will be asked to fill in a NASA-TLX workload 
assessment sheet https://humansystems.arc.nasa.gov/groups/TLX/tlxapp.php 
After both rides were completed, the participant answered a short questionnaire in which they were 
asked to give their own opinion on how distracting the task of pressing the button was, and whether 
they felt it had affected their cycle-handling ability. We tested this with three males and three 
females, and this showed workload was very low. When we changed to asking participants to vocally 
record the near miss, we regarded this as an even lower workload that did not require safety testing. 

3.5 Recruitment  

 
We had originally wanted to recruit riders who used three routes in central London which 

have different attributes (i.e. level of cycle infrastructure, adjacent land use, number of junctions 
etc.) but have similar flows of cyclists.  However, it soon became clear this would lead to a small 
number of participants, so we decided to recruit any commuter cyclists in London. Cyclists were 
recruited via a variety of channels including social media, posters in cycling cafes, user 
organisations, adverts on the Transport Institute web site and major employers. Participants were 
compensated for their efforts with a £50 voucher. We were given support for recruitment from the 
London Road Safety Council, Transport for London, PACTS, The TUC and the APPG on cycling 
and via the personal contacts with cycling groups.  

 

https://humansystems.arc.nasa.gov/groups/TLX/tlxapp.php
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3.6 Near-miss reporting 

Originally the URBAN-i Box used a handlebar mounted button for near-miss reporting. This was not 
available for the GoPro Max. Therefore, we asked participants to say ‘near-miss’ when they 
experienced a near miss. Voice recognition was used to extract the timestamp of instances of the 
phrase, which were in turn used to extract near-miss events. Participants were asked to record any 
near misses that they experienced over a two-week period. Each cyclist was given a helmet with a 
GoPro mounted on it. Cyclists were requested to collect the GoPro from UCL and return it, whereby 
the data was uploaded.  

 

3.7 Voice recognition and manual validation  

 
To ensure extraction of all labelled near-miss events, a robust audio detection methodology was 
required. To develop the approach, we explored multiple algorithms for phrase detection. First, audio 
transcription algorithms, such as OpenAI whisper, Google Speech-to-text API, and Vosk API were 
tested. These online speech-to-text algorithms are effective on long sentences and paragraph 
transcription. For example, they can be used to transcribe interviews or meetings. However, they 
are limited in detecting short phrases that are irregularly placed in audio recordings and were found 
not to be effective in detecting the ‘near-miss’ keyword. To address this, we explored keyword 
detection based on PocketSphinx,  which is an open source continuous speech recognition engine 
(Huggins-Daines et al., 2006). This framework allows the user to search for a specific keyword, with 
a threshold supplied indicating the probability that the returned audio is that keyword. As a 
preprocessing step, audio denoising was implemented to reduce background noise, such as traffic 
and wind. Thus, the overall workflow for the phrase ‘near-miss’ detection is shown as follows: 
 

 
 
The keyword detection was able to extract events where the correct keyword was used. However, 
the following issues were encountered: 
 

(1) Participants did not always use the ‘near-miss’ phrase. Sometimes they used similar phrases 

such as ‘close pass’. 

(2) Even with denoising, wind and traffic noise led to many false positive results of keyword 

detection and it was difficult to determine an appropriate threshold. 

(3) There was a lack of consistency in the threshold value across different participants 

To address the above issues, an enhanced detection and validation process was carried out. Firstly, 
Voice Activity Detection (VAD) was used to extract all human voices from the denoised audio. These 
extracted human voice segments were then manually reviewed for validation, resulting in the 
detection of more events. Secondly, we manually watched and validated at least 5% of the videos 
for each user.  

3.8 Data collection via the GoPro 

Data collected via the GoPro camera has provided an unprecedented opportunity to examine the 
scene of near misses and the circumstances surrounding them. Video scenes (~10 seconds leading 
up to and immediately following the near miss) have been examined manually to extract relevant 
features, including parties directly involved, road traffic mix and density (categorized as 
low/medium/high), cycle infrastructure and junction/roadway characteristics, amongst others. These 

Audio 
extraction

Noise 
reduction

Phase 
detection

Video 
extraction

Results 
validation
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features were combined with geospatial and temporal features describing each of the routes, 
obtained from a variety of sources: 

• adjacent land use from points of interest,  

• speed limit,  

• gradient,  

• road type  

• meteorological data. 

3.9 Planned Analysis 

 

Analysis involved a descriptive analysis of near misses, modelling of near miss rates per 100 kms 

and a case control study of risk of near misses in relation to different road environment attributes. 

3.10 Ethics 

The project received ethical approval from UCL Ethics committee, and all recruitment was done 
using informed consent. Only video data pertaining to near misses and controls were analysed by 
the project, and were contributed at the discretion of the participant. All other video data is owned 
by the participant. If any potentially illegal activity was recorded, it was up to the participant to report 
it to the relevant authorities. Individuals were not identified from video data, and all images were 
anonymised (i.e. blurring number plates, faces) before public dissemination. 

3.11 Advisory group 

We set up an advisory group with members from Transport for London, Department for Transport, 
cycling groups and users who informed the research tools and their acceptability.  

3.12 Classification of near misses 

There are various near miss types defined in the literature, some of which are specific to cycling. 
They can be summarized as follows (Ibrahim et al., 2021): 

• Close pass: Where another road user passes the rider closely enough that they feel unsafe. 
What constitutes a close pass is subjective and is a combination of passing distance and 
passing speed. Some countries such as the UK have introduced speed and distance 

combinations, e.g. 1.5 metres up to 30mph and 2 metres over 30mph, as objective measures 
of a close pass. However, these are difficult to measure accurately and may not reflect the 
experience of the rider. For the purposes of this study, participants decided the events that 
they felt were close passes. 

• Near left or right hook: This is when a road user turns left or right across the path of a rider. 
For example, if a vehicle is turning left across a cycle lane at an intersection, or turning right 
into a side street from the opposite side of the road to the rider. 

• Someone pulling in or out: This may occur when a road user is pulling out of a side road 
or into/out of a parking space 

• Near-dooring: This is when the door of a vehicle is opened in the path of the rider, for 
example if a driver is getting out of a parked vehicle or a taxi is letting out passengers to the 
left into a cycleway. 

• Swerve around an obstruction: This occurs when a rider is forced to swerve or take action 
in order to avoid an obstruction such as a pothole. 
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• Pedestrian steps out: This is when a pedestrian walks into the path of the rider, either from 
the right or left. 

• Someone approaching head-on: This is when another road user is approaching the rider 
head on in the opposite direction of travel. This may occur if a vehicle is overtaking another 
vehicle on the opposite side of the road. It can also occur on narrow streets with obstructions 
such as parked vehicles, where an oncoming vehicle may cross the centre line of the street.  

• Tailgating: This is when another road user makes the rider feel unsafe or uncomfortable by 
following them too closely. Like close passes, there is no objective measure of tailgating.  

In addition to these types of near miss, we identified a further near-miss type, which we refer to as 
destabilisation. This is an event where a rider was destabilised, which may have led to a crash. An 
example of where this may occur is if a rider is filtering between a vehicle and the kerb and the 
vehicle starts to move. This can cause a destabilising effect, whereby the rider needs to be careful 

to avoid crashing. This type of event could have serious consequences if the rider falls under the 
wheels of a vehicle, so warrants a separate category here. 

3.12.1 Near-miss sub-types 

While the near-miss types above cover most near-misses experienced by riders, there are different 
situations in which they can occur. For example, ‘pulling out’ may be from a side road or by a parked 
vehicle. Similarly, a near right or left hook could result from a vehicle turning into a side road or 
changing lanes. Therefore, we define a number of subtypes for each near miss in Table 1 below.  

Table 1 Near-miss subtypes 

Near miss type Subtypes 

Close Pass • Overtake 

• Undertake 

Near left or right hook • Left hook 

• Right hook 

Someone pulling in or out • Pull out from parking space 

• Pull out from side road 

• Pull in to parking space 

Near-dooring • Left side of vehicle 

• Right side of vehicle 

Obstruction • Type of obstruction 

Pedestrian steps out • From left 

• From right 

Someone approaching head-on • Overtaking 

• Not overtaking 

Tailgating • No subtypes 

Destabilisation • Destabilisation type 

 
 

Each near-miss event is labelled with both the main category and the sub-category. The subtypes 
are recorded for completeness and are not used in the following analyses due to the small data size. 
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3.13 Summary of data collected from participants  

Each of the participants completed a survey on their basic demographic characteristics and riding 
preferences. Table 2 below shows the data that were collected.  

Table 2 Personal characteristics from questionnaire 

Individual variables  Description 

Sex  

Age  

Highest Educational qualification   

Ethnicity  

Occupation  

Experience commute cycling  

Reasons for cycling Health, Low cost, Reduction in CO2 

Route choice preference Avoid busy roads, Use cycle lanes, Scenic, Fast 

Number of days cycling per week  

Type of bike ridden Road bike, Hybrid, Touring, Cruiser, City, Folding Bike, 
Don’t know, Other 

Cycle training  A free text question where participants can record any 
cycle training they have received, such as Cycling 
Proficiency or Bikeability. 

Type of equipment used Helmet, High Vis, Front Light, Rear Light, Gloves, Body 
Armour, Action Camera, Other (free text) 

Collision involvement (past three 
years) 

 

Postcode of origin and destination 
(Home-work)  

 

Use of Cycle Superhighways  This question asked whether the riders used any of the 
Cycle Superhighways in London on their usual route. 

 
Table 3 below shows the variables extracted from the near miss events. They can be divided into 
behavioural variables (e.g. positioning and speed of the rider), visibility related variables (weather, 
time of day etc.), physical variables (intersection type, presence of cycling infrastructure) and 
interaction variables (involvement of other road users), according to (Ibrahim et al., 2020). 
 

Table 3 Variables extracted from near miss events 

Variable Values Extraction 
method 

Intersection type • None 

• Side road (approaching, passing, exiting, entering) 

• Signalized intersection (crossing, approaching) 

• Modal filter  

• Pedestrian crossing (approaching, crossing) 

• Signalized cycle intersection (crossing, approaching) 

• Roundabout 

Video analysis 

Bus lane • In bus lane 

• No bus lane 

• Not in bus lane 

Video analysis 

Cycling Infrastructure • None 

• Cycle lane (advisory, compulsory) 

• Segregated cycleway 

Video analysis 
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• Shared use path (a path shared by pedestrians and 
cyclists) 

• Bike box (a space for bikes to wait ahead of traffic at 
an intersection). 

• Cycle path (a path for cyclists separate from the road, 
e.g. through a park) 

One-way • Yes 

• No 

Video analysis 

Number of lanes • Number of lanes in direction of travel 

• Number of lanes in opposite direction 

Video analysis 

Parked vehicles • Yes 

• No 

Video analysis 

Traffic • Direction of travel (light, moderate, heavy/stationary) 

• Opposite Direction (light, moderate, heavy/stationary) 

Definitions: 

• Light: Few or no vehicles  

• Moderate: Constant flow of vehicles but free flowing 

• Heavy/stationary: Stationary or stop-and-go traffic 

Video analysis 

Oncoming vehicles 
(were there oncoming 
vehicles at the moment of 
the incident, e.g. did a 
close pass occur while 
there were oncoming 
vehicles on the opposite 
side of the road). 

• Yes 

• No 

• NA 

Video analysis 

Infrastructure type and 
location associated 
with near miss 

• Near bus stop 

NB: Speed limit is not included as complete data were not 
available at the time of writing  

 

Video analysis 

Adjacent land use • Residential  

• Commercial 

• Mixed 

• Greenspace 

• Waterway (e.g. towpath) 

Video analysis 

Other road users 
involved 

• Car 

• Bicycle 

• E-bike 

• E-scooter 

• Pedestrian 

• Powered two-wheeler (motorbike or moped) 

• Van 

• Bus 

• HGV 

• Taxi 

• None 

Video analysis 

Positioning of rider • Centre of lane 

• Left of lane 

• Right of lane 

• Changing lanes (to the left or to the right) 

Video analysis 
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• Crossing pedestrian/cycle crossing 

• Crossing intersection 

• Cycle Lane 

• Filtering (vehicles on left, vehicles on right, vehicles 
on both sides) 

• Turning (left or right) 

• Pavement 

Speed of rider • Kilometres per hour (extracted from GPS) Camera 
Metadata 

Behaviour of cyclist • Hand signalling (will cover in section on algorithms) 

• Head movement (will cover in section on algorithms) 

• Use of hi vis (get from the personal characteristics)  

• Distance travelled (get from the personal 
characteristics) 

Video analysis 

Weather • Clear 

• Cloudy 

• Raining 

• Snowing 

Video analysis 

Road Surface  • Dry 

• Wet 

• Damp 

• Icy 

Video analysis 

Time of Day • Daytime 

• Dawn/dusk 

• Night 

Video analysis 
and camera 
metadata 

Lighting Condition • Daylight 

• Dim 

• Low Sun 

• Street Lighting 

• Dark (no street lighting) 

Video analysis 

3.14 Derived variables 

We also calculated near misses per distance and time travelled . 

4 Findings  

4.1 Participant characteristics 

It should be noted that we did recruit nearly 100 cyclists.  The first 11 cyclists used the Urban -i Box 
and the data was not comparable to the new approach using the GoPro data. Additionally, some 
participants, despite being shown how to use the technology failed to switch the GoPro on. There 
were also considerable delays in getting the GoPro cameras back from participants because they 
had moved jobs, went on holiday or were unwell which meant we simply ran out of time given the 
project had been severely delayed by the pandemic. The subsequent analysis was based on 60 
participants who used 360-degree GoPros to record their near misses over a two-week period. 
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4.1.1 Demographics 

Using recent data as a comparator (https://content.tfl.gov.uk/cycling-potential-in-londons-diverse-
communities-2021.pdf) our participants were broadly representative of cyclists in London. We 
recruited a range of ages among our participants, but most (58%) were aged between 18-35 (which 
is similar to London cyclists aged 16-35 at 53%), 68% were male (70% of London cyclists are male) 
and 68% identified as White (70% of London cyclists are White) and 73% held a degree or equivalent 
(as a proxy 70% London cyclists are in the higher socioeconomic group ABC1).  

4.1.2 Type of bike ridden, use of Apps and headphones 

Most of our participants rode road bikes (33%) or hybrid bikes (27%) (a mix of a road and mountain 
bike suitable for all terrains). Of our sample 32% listened to music whilst cycling and 57% used Apps 
such as Strava.  Strava is a popular social fitness app used primarily by cyclists and runners to track 

their activities via GPS data. The app allows users to record their routes, monitor performance 
metrics, and share their activities with the community of users. 

4.1.3 Reported exposure and experience 

Most of our sample (60%) had a commute of 30 minutes or more (Figure 1), and 80% cycled three 

days are more per week (Figure 2). 

Figure 1 Minutes cycled on commute by participants 

 

Figure 2 Number of days a week participants cycled 
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4.1.4 Training 

Few participants reported that they had been trained to cycle. In terms of Bikeability training 5% had 
level one, 5% level two, 3% had level three though 82% had not done this training. 

4.1.5  Reported use of protective equipment  

Among our participants use of helmets and lights were all above 90%, 78% used gloves but only 
35% used a hi-vis jacket. 

4.1.6 Perceived importance of aspects of cycling  

We asked participants these questions about their motivations for cycling: 

• How important to you are the health benefits of cycling to work? 

• How important to you is the low cost of cycling to work? 

• How important to you is reducing pollution by cycling to work? 

If we were rank these in terms of  “quite” or “very important” (scale points 4 and 5) the rank order 
is:  

1. Health 85% 
2. Reducing CO2 73% 
3. Cost 72% 

 

4.1.7 Perceived importance of route choice attributes 

We asked participants about what factors influenced route choice: 

• In choosing your route how important is it to you to avoid busy traffic? 

• In choosing your route to work how important is the presence of cycling lanes? 

• In choosing your route how important to you is the scenery along the route? (e.g. going 
through a park or past interesting buildings) 

• In choosing your route how important to you is taking the fastest route? 

If we were rank these in terms of quite or very important (scale points 4 and 5) the rank order is:  
1. Presence of cycle lanes 62% 
2. Avoiding busy traffic 55% 
3. Fastest route 55% 

4. Whether its scenic 35% 

4.1.8 Reported Use of Superhighways 

The number of participants that use a cycle superhighway as part of their commute is shown in white 
boxes on the map below. CSH 3 in the north east of London had the highest frequency of use (14) 
followed by CSH 6 (9),7 (8), and 8 (8) in the south (Figure 3). 
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Figure 3 Number of participants who used each cycle superhighway.  

Source of map: Transport for London 

4.1.9 Reported collisions  

We asked participants if they had had any solo collisions (e.g. by hitting a pothole) or involved 
another road user (e.g. a pedestrian stepping out, or colliding with another vehicle) the last three 
years. More cyclists had solo collisions (47%) compared to those who had collisions with other road 
users (38%). 
 

4.2 Riding data objectively collected 

Due to project delays caused by the pandemic and staffing issues, the sample of 100 cyclists was 

reduced to 60. In total, the participants recorded over 317 hours of footage, with a total data size of 
greater than 10TB. The data are stored securely in UCL’s Research Data Storage Service.  

4.3 Characteristics of near misses 

109 near misses were recorded in total. At the aggregate level, this represents one recorded near 
miss per 175 minutes of riding time, or roughly three hours. The number of near misses per 
participant varied from zero to 23. Figure 4 shows a histogram of the number of near misses per 

participant. 
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Figure 4 number of near misses per participant 

 

It can be seen that the majority of participants did not record a near-miss during the two-week period, 
with many participants recording between zero and four. One participant recorded a significantly 
higher number of events (23). The average time spent riding by each participant was 312 minutes, 
which is just over 5 hours. This equates to 30 minutes per day, assuming a five-day working week, 
but frequency of travel varied by participant. Figure 5 shows the histogram of riding time. 

Figure 5 Participants’ riding time over two week participation time 

 

Figure 6 shows the riding time on the x-axis and the number of near-misses on the y-axis. A weak 

positive correlation between the number of near-misses and the riding time can be observed, with 
a product moment correlation coefficient (PMCC) of 0.33. 
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Figure 6 Correlation between time spent riding and number of near misses 

 

 

Figure 7 shows the locations of the recorded near misses. Superficially, the events appear evenly 

distributed across Central London. There is a cluster of events around Harrow that were collected 
by a single participant.  

Figure 7 Location of near miss events 
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4.4 Examples of near misses 

In this section we present some examples of typical near miss events that were recorded by riders, 
separated by near miss type. These examples serve to support the results of the case control study 
presented in section 5.8  

4.4.1 Close Pass 

Close pass was the most common near miss type. As discussed in section 4.9, these events tended 
to be recorded on single carriageway roads (with one lane in each direction) with no cycling 
infrastructure.  

Figure 8 Close pass images (vertically a-c)  

   

 

Error! Reference source not found. a) shows the rear view before the event. The vehicle can be 
seen approaching with parked cars either side of the rider. The rider is taking the primary position 
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in the lane, remaining a safe distance from the parked vehicles. Error! Reference source not 
found. b) shows the top down view at the moment of the pass. It can be seen that there are parked 
vehicles on both sides. Error! Reference source not found. c) shows that there was a van 
approaching on the opposite side of the road and the passing vehicle needed to cut in sharply to 
avoid it. It is worth noting that the rider was travelling approximately 22kmh (13.7mph) and the speed 
limit is 20mph, as can be seen on the lamp post in Error! Reference source not found. c).  

4.4.2 Near left hook 

 

Error! Reference source not found. shows an example of a near-left hook. In this case, the rider 
is in the segregated cycleway and is approaching a side road. There are give way lines indicating 
left turning vehicles should give way to riders in the cycleway. In Error! Reference source not 
found. a) the van is slowly approaching the side road but is not indicating. Error! Reference source 
not found. b) is the moment at which they start indicating. At this point the rider is in the blind spot 
of the van. The van then begins to turn across the path of the rider, which can be seen in Error! 
Reference source not found. c) before stopping suddenly. The rider then proceeds safely, as can 
be seen in Error! Reference source not found. d).  

Figure 9 Near left hook images (vertically a-d) 
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4.4.3 Pulling Out 

Pulling out incidents tended to happen while the rider was passing a side road. Error! Reference 
source not found. shows a typical example. The rider is approaching a side road in the (bollard) 
segregated cycle way. In this case the lighting is dim but the rider has a front light (which can be 
seen in reflections on the bollards). A vehicle is approaching from the side road on the left and 
brakes late, partially overlapping the give way line (Error! Reference source not found.b). Error! 
Reference source not found. c) is taken after the event from the rear view. The vehicle has pulled 
partially into the cycleway while there is still traffic in both directions on the main carriageway and a 
rider is approaching in the cycleway. 
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Figure 10 Pulling out images (vertically a-c)  
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4.5 Descriptive analysis of near miss events 

In this section, we examine the basic characteristics of the near miss events recorded by 
participants. First, we examine the near misses by type and summarise the factors that coincide 
with them. Following this, we examine the variations in recorded near misses according to 
demographic factors. 

4.5.1 Near miss event characteristics 

Error! Reference source not found. shows the number of near misses recorded of each type. The 
most common near miss type is close pass, with 26 occurrences. Near left (14) and right (9) hooks 
combined account for the second most common type, with 23. It should be noted that the 

circumstances of left and right hooks mean that their risk factors may be different from one another. 
The next most common type is pulling out, with 17, followed by pedestrian stepping out (11) and 
someone approaching head-on (10). Obstruction (5), tailgating (3) and destabilisation (1) were 
observed comparatively less. There were no near-dooring events recorded by the participants. 

Figure 11 Bar chart of near miss types - all participants 

 

4.5.2 Temporal variation 

Error! Reference source not found. shows the time of day at which the near misses occurred. On 
the x-axis, 6 means 06:00 to 06:59 and so on. There were no near misses recorded before 6 am or 
after 21:59. There were also no near misses recorded between 10:00 and 10:59 and between 13:00 
and 13:59. Between these two time periods, only 5 near misses were recorded. It can be seen that 
the majority of near misses were recorded in the afternoon peak period, between 17:00 and 19:59, 
with the highest number occurring between 18:00 and 18:59. There is a smaller peak in recorded 
near misses in the morning between 07:00 and 09:59.  
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Figure 12 Near misses by time of day

 

Error! Reference source not found. shows the number of hours ridden by participants for each 
hour of the day, starting from 5-6 AM. The pattern of near misses broadly corresponds with riding 
patterns. However, while the PM peak is more pronounced in the reported near misses, more hours 
of cycling were recorded in the PM peak.  

Figure 13 Number of hours ridden by time of day 

 

Error! Reference source not found. shows the near-miss rate per hour by time of day. It can be 
seen that there is a spike between 2-3pm. In general, the near-miss rate is higher in the PM peak 
than the AM peak. However, it should be noted that these patterns obscure the variation between 
riders.  

Figure 14 Rate of near misses per hour by hour of the day 

 

4.5.3 Rider and road user interactions 

Error! Reference source not found. shows the histogram of speed of the rider in the moments 
preceding the event, which is calculated from the GPS data. It should be noted that not all of the 
events had valid GPS data, either due to data errors or incorrect settings on the device. Furthermore, 
the speeds are estimates and subject to uncertainty. It can be seen that all events with valid speed 
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occurred at less than 30kph. The median speed is 15.81kph, which is indicated by the blue line. 
However, there is some evidence of a bimodal distribution, with a group of events around 10kph 
and a second group around 20kph. 

Figure 15 Speed of rider in the lead up to the near miss 

 

Error! Reference source not found. shows the speed variable broken down by near miss type. 
No clear pattern is observed, indicating that the speed differences are not related to near miss type.  
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Figure 16 Speed of rider broken down by near miss type 

 

Error! Reference source not found. shows the frequency of involvement of other road user types 
in the near miss incidents. It can be seen that car is the most frequently involved road user, followed 
by van and pedestrian. There were no near misses involving heavy goods vehicles (HGVs). 
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Figure 17 Other road user involved in near miss 

 

Error! Reference source not found. and Error! Reference source not found. show the traffic 
level recorded during near miss events in the direction of travel and the opposite direction, 
respectively. It can be seen that the majority of events occurred when the traffic level was either 
light or moderate in the direction of travel. The same is true for the traffic in the opposite direction, 
although a larger proportion of events occurred when the traffic level was light.  

Figure 18 Traffic level in the direction of travel at the time of the near miss 

 

 
 
 

Figure 18 Traffic level in the opposite direction at the time of the near miss 
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Error! Reference source not found. shows the interaction between the traffic level in both 
directions. The units shown are percentage of total near misses. It can be seen that 39% of events 
took place when the traffic was light in both directions, while 25% took place with moderate traffic in 
both directions. A further 15% took place with moderate traffic in the direction of travel and light 
traffic in the opposite direction. 

Table 4 Interaction between traffic level in both directions - percentage of events is shown, rows 
are direction of travel, columns are opposite 

 light Moderate heavy 

Light 39.1 3.4 1.1 

Heavy 6.9 1.1 8.1 

Moderate 12.6 25.3 2.3 

NA 0.0 0.0 0.0 

Error! Reference source not found. shows the same data as figure 8, but limited to close passes. 
It can be seen that close passes most commonly occurred when the traffic was light or moderate in 
both directions, rather than in heavy traffic. However, it should be noted that the numbers are small 
so the result should be treated with caution. 

Table 5 Count of close pass near misses by traffic level in both directions 

 light Moderate heavy 

Light 9 0 0 

Heavy 0 0 2 

Moderate 5 7 1 

NA 0 0 0 

4.5.4 Infrastructural Factors 

Error! Reference source not found. shows the cycling infrastructure that the rider was using when 
each near miss occurred. It can be seen that the majority of events (70) occurred on roads where 
there was no cycling infrastructure. 10 events occurred when the rider was riding on an on-road 
cycle lane (either compulsory or advisory but not segregated). 16 near misses occurred on 
segregated cycleways or shared use paths. 

 Figure 19 Cycling infrastructure the rider was using at the time of the near miss 

 

Error! Reference source not found. shows a contingency table of near miss type against cycling 
infrastructure type. In terms of close passes, all but two occurred where there was no cycling 
infrastructure. Conversely, nearly 65% of near left hook incidents took place while the rider was on 
a cycle lane, segregated cycle lane or shared use path. 
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Table 6 Contingency table of cycling infrastructure with near miss type 

 cycle lane none segregated cycle lane shared use path 

Close pass 2 23 0 0 

Destabilisation 1 0 0 0 

Near left hook 5 5 2 1 

Near right hook 0 7 2 0 

Obstruction 1 4 0 0 

Pedestrian steps out 0 7 4 0 

Pulling out 1 11 5 0 

Someone approaching head-on 0 9 0 1 

Tailgating 0 3 0 0 

Error! Reference source not found. is a contingency table between near miss type and the 
intersection type, if any, that the rider was passing at the time of the incident. Close passes mainly 
occurred when the rider was either not near an intersection or at a signalised intersection. Near left 
or right hooks mainly occurred at intersections or side roads (15 of 24 incidents). Pulling out incidents 
occurred mainly at side roads. These findings are all in line with expectations. 

 

Table 7 Contingency table of intersection type with near miss type 

 
cycle 

crossing 
give 
way 

modal 
filter none 

pedestrian 
crossing roundabout 

side 
road 

signalised 
crossing 

signalised 
cycle 

intersection 
signalised 

intersection 

Close pass 0 0 0 12 0 1 4 0 0 8 

Destabilisation 0 0 0 0 0 0 0 0 0 1 

Near left hook 1 0 1 2 0 0 1 0 1 7 

Near right 
hook 

0 0 0 2 0 0 3 0 1 3 

Obstruction 0 0 0 2 1 0 1 0 0 1 

Pedestrian 
steps out 

0 0 0 3 3 0 2 1 0 2 

Pulling out 0 0 0 3 0 2 11 0 1 0 

Someone 
approaching 
head-on 

0 1 0 7 0 0 2 0 0 0 

Tailgating 0 0 0 3 0 0 0 0 0 0 

Error! Reference source not found. shows the number of lanes in both directions at the location 
of each near miss. It can be seen that the majority (60) of events occurred on roads with one lane 
in each direction. Further breaking down these 60 events, 44 took place on roads with no cycling 
infrastructure and of these, 35 were residential roads. 

Table 8 Near misses by number of lanes in each direction 

 na one three two 

Four 2 0 1 0 

Na 1 0 0 0 

One 3 59 0 4 

Three 1 1 1 1 

Two 3 2 0 12 
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4.6 Demographic analysis 

4.6.1 Sex 

In total, 21 near misses were recorded by female participants and 75 by male participants. The 
number of near misses per participant is 1.11 for females and 1.83 for males. Error! Reference 
source not found. shows the breakdown of near miss types by sex. 

Table 9 Count of near misses by type, broken down by sex 

 Female Male 

Close pass 2 23 

Destabilisation 0 1 

Near left hook 5 8 

Near right hook 1 8 

Obstruction 2 3 

Pedestrian steps out 5 6 

Pulling out 4 13 

Someone approaching head-
on 

2 8 

Tailgating 0 3 

It can be seen that nearly all the close pass events were recorded by male participants. In fact, a 
single male participant recorded 15 close passes. Error! Reference source not found. shows the 
number of near misses by sex with this participant removed. 

 Figure 20 Count of near misses by type, broken down by sex - subset of incidents 

 

The most frequent near miss types for female participants are near left or right hook (6) and 
pedestrian stepping out (5), followed by pulling out (4). Only 2 close passes were recorded by female 
participants. In comparison, male participants recorded 24 close passes (15 by a single participant), 
17 near left or right hooks, and 13 pulling out near misses. Error! Reference source not found. 



32 
 

and Error! Reference source not found. shows these figures as percentages for easier 
comparison, with and without participant 94 removed, respectively. 

Table 10 Percentage of near miss event types, broken down by sex (with participant 94) 

 
Close 
pass Destabilisation 

Near 
left 

hook 

Near 
right 
hook Obstruction 

Pedestrian 
steps out 

Pulling 
out 

Someone 
approaching 

head-on Tailgating 

Female 9.5 0.0 24 4.8 9.5 23.8 19 9.5 0.0 

Male 31.5 1.4 11 11.0 4.1 8.2 18 11.0 4.1 

 

Table 11 Percentage of near miss event types, broken down by sex (without participant 94)  

 

 
Close 
pass Destabilisation 

Near 
left 

hook 

Near 
right 
hook Obstruction 

Pedestrian 
steps out 

Pulling 
out 

Someone 
approaching 

head-on Tailgating 

Female 9.5 0 24 4.8 9.5 24 19 9.5 0 

Male 16.0 2 16 16.0 6.0 12 26 4.0 2 

Even with participant 94 removed, the percentage of close passes was over 50% greater for males 
than females. Taking near left and right hooks together, the percentages are fairly similar at 28.6 for 
females and 32.7 for males. Females recorded near misses involving pedestrians stepping out at 
double the rate of males. Males recorded a higher percentage of pulling out incidents than females, 
while females recorded a higher percentage of incidents involving another road user approaching 
head-on. 

Error! Reference source not found. shows the distribution of speeds recorded by female and male 
participants at the time of the near miss. It is difficult to make clear conclusions due to the fewer 
number of incidents recorded by females. However, the median speed of incidents involving males 
and females was 16.25kmh and 12.9kmh, respectively, indicating that males were travelling faster 
on average.  

Figure 21 Histogram of rider speeds, broken down by sex 

 

4.7 Modelling near misses with user riding behaviour 

In this section we describe the overall riding behaviour of the participants, extracted from the GPS 
tracks recorded over the duration of their activities. The data are generated by map-matching the 
trajectories to OpenStreetMap using the Open Source Routing Machine (OSRM) and aggregating 
the results. An overview of the pipeline is published in Wang et al. (2024) and the code is available 
at https://github.com/Ceciliawangwang/CycleTrajectory. The variables extracted are shown in Table 
12. 

https://github.com/Ceciliawangwang/CycleTrajectory
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Table 12 Summary of extracted rider behaviour variables 

Category Variable Description 

Distance Total distance (m) The total distance covered by a user during the cycling trips, 
measured in meters. 

Duration Total time (s) The total time spent by a user during the cycling trips, measured in 
seconds. 

Rider Speed average_speed_kmph The average speed at which a user travels during their cycling 
trips, calculated by dividing the total distance by the total time, 

measured in kilometers per hour. 

Rider Speed average_moving_speed_kmph The average speed at which a user travels during their cycling 
trips, considering only the time when the user is moving (excluding 

stationary time), measured in kilometers per hour. Stationary 
points are identified by a speed less than 0.3 m/s and a time 

duration larger than 20 seconds. 

Traffic speed time_20_mph_perc The percentage of time spent by a user on speed limit 20mph 

Traffic speed time_30_mph_perc The percentage of time spent by a user on speed limit 30mph 

Infrastructure time_shared_lane_perc The percentage of time spent by a user on OSM 
cycleway=shared_lane infrastructure type. 

Infrastructure time_track_perc The percentage of time spent by a user on OSM cycleway=track 
infrastructure type. 

Infrastructure time_separate_perc The percentage of time spent by a user on OSM 
cycleway=separate infrastructure type. 

Infrastructure time_lane_perc The percentage of time spent by a user on OSM cycleway=lane 
infrastructure type. 

Infrastructure time_share_busway_perc The percentage of time spent by a user on 
cycleway=share_busway infrastructure type. 

Infrastructure sign_pkm The number of traffic signals encountered per kilometer travelled 
by a user 

Figure 22 shows a histogram of the average speed and average moving speed of the participants. 
The average speed is mostly between 14 to 18 km/h, with a median of 16 km/h, while the average 
moving speed, ranges from 16 to 20 km/h, with a median of 17 km/h. This indicates that stops 
significantly lower the average speed, mainly due to traffic lights, traffic congestion, and breaks. The 
results also show that cyclists encounter an average of 1.25 traffic lights per km travelled. 

 

Figure 22 Distribution of Participants’ Cycling Speeds 

 

 

Figure 23 reveals the variation in the usage of different cycling infrastructures (descriptions in table 
1.1). The cycle lanes and shared busways are most frequently used on average, but there is 
significant variation in the use of shared lanes. 
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Figure 23 Box-plot of time spent on different types of cycling infrastructure 

 

4.7.1 Poisson regression modelling of near miss rates 

To gain a more comprehensive understanding of risk, the number of near misses a rider experiences 
should be viewed in the context of their exposure to risk. To achieve this, we use rate of near misses 
per 100km travelled. 100km is used because it makes the numbers more interpretable, e.g. 5 near 
misses per 100km rather than 0.05 near misses per km. The number of near misses per 100km 
varies between zero and 54, with the median being 3. Demographic characteristics of the rider and 
their riding behaviour were included as covariates. Of the 60 participants not all had fully completed 
the online questionnaire and therefore seven participants had to be excluded from the following 
analysis. 

The number of near misses is count data, which can be modelled using count data regression 
models such as Poisson and negative binomial regression. In this case we use Poisson regression. 
In order to take into account, the exposure of each participant, we include the number of kilometres 
travelled (in hundreds) as an offset in the regression equation. This ensures that the Poisson 
regression models the rate of near misses, rather than the count of near misses per participant. The 
model is implemented using the glm function for fitting generalized linear models in the stats 
package in R. Variable selection was carried out using the variance inflation factor (VIF) prior to 
selecting the final model, which eliminated collinear variables. For example, average moving speed 
was included while average speed and speed ratio (average moving speed/average speed) were 

omitted. 

Table 13 Coefficients of Poisson Regression Model 

 Estimate Std. Error z value Pr(>|z|) 

(Intercept) -8.377 0.992 -8.448 0.000 

average_moving_speed_kmph -0.171 0.045 -3.759 0.000 

time_20_mph_perc 0.005 0.007 0.784 0.433 

time_30_mph_perc 0.038 0.009 4.369 0.000 

time_lane_perc -0.036 0.035 -1.015 0.310 

time_shared_lane_perc -0.058 0.022 -2.607 0.009 

time_track_perc 0.085 0.116 0.738 0.460 

time_separate_perc 0.053 0.074 0.712 0.476 

sign_pkm 0.294 0.158 1.861 0.063 

time_share_busway_perc 0.026 0.039 0.671 0.502 

SexMale 0.273 0.243 1.125 0.261 

AllyearPart of the year 0.425 0.293 1.453 0.146 
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 Estimate Std. Error z value Pr(>|z|) 

CollisionownYes -0.472 0.221 -2.135 0.033 

AppsYes -0.139 0.195 -0.711 0.477 

AM_peak_perc 0.016 0.004 3.534 0.000 

PM_peak_perc 0.001 0.006 0.097 0.923 

Table 13 shows the regression coefficients of the Poisson model and their associated p-values. 
Excluding the intercept, four coefficients were significant at the 99% confidence interval. The first 
was average_moving_speed_kmph, which had a negative coefficient of -0.17. This indicated that 
increased moving speed was associated with a decrease in reported incidents. Specifically, a one 
unit increase in moving speed (1km/hr) was associated with a 15% reduction in the number of near 
misses reported. The second significant coefficient was time_30_mph_perc, which had a positive 
coefficient of 0.038. This indicated that a one percent increase in time spent on 30mph limit roads 

was associated with a 3.8% increase in the number of reported near miss events. The third 
significant variable was AM_peak_perc, which was the percentage of time the participant spent 
riding in the AM peak period (7-10am). The positive coefficient of 0.015 indicated that a 1 percentage 
point increase in time spent riding in the AM peak was associated with a 1.5% increase in the 
number of reported events. The final significant coefficient at the 99% level was 
time_shared_lane_perc, which had a negative coefficient of -0.057. This indicated that an increase 
in the percentage of time spent on shared lanes by one percentage point was associated with a 
5.5% reduction in reported near misses. In the OSM schema, shared_lane is used to refer to cycle 
routes where the rider shares the lane with vehicles, with road markings to indicate this. Examples 
of this type of route in London are the former Quietways (now generically called Cycleways along 
with the former Cycle Superhighways), which are often residential streets designated as cycle routes 
that tend to be low traffic, low speed limit routes. 

One further variable was significant at the 95% confidence level, which was CollisionownYes, 
indicating that a participant had a crash in which only they were involved in the past year. This had 
a negative coefficient of -0.47, indicating that not having had such a crash was associated with a 
37% reduction in the number of incidents reported. Of the 52 participants included in this analysis, 
25 answered ‘No’ to this question while 27 answered ‘Yes’, so the classes are balanced. However, 
of the 12 participants with the highest near miss reporting rates, 11 answered ‘No’. The ‘No’ group 
recorded 116 events, while the ‘Yes’ group recorded 69. The participants with the highest number 
(26) and rate (54 per 100km) of near misses are in the ‘No’ group. 

 

4.8 Case control analysis 

The previous section contained a descriptive analysis of the near miss events in terms of participant 
characteristics and event characteristics. However, it is difficult to draw conclusions about risk 
factors without considering the exposure of the participants to different conditions. To take an 
extreme example, if a rider only ever rides on congested streets then all their near miss events will 
occur in congested traffic, but this does not imply that congested traffic is a risk factor. In order to 
identify significant risk factors we use a case-control modelling framework, which has been used in 
various studies including Vandenbulcke et al (2014) and Aldred et al. (2018). In this approach, we 
extract video clips of normal riding (non-near miss events) to compare with the near-miss events. 
These clips are a stratified random sample of the participants’ riding videos, weighted by the amount 
of time each participant spent riding. This includes riders who did not report any near misses during 
the study. 
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4.8.1 Logistic regression modelling 

Logistic regression modelling is commonly used in analysis of case-control type data with a binary 
outcome. In this section, we fit a logistic regression model to predict the outcome (near-miss or 
control) of the event, with features extracted from the video sequences as independent variables. 

4.8.2 Data preprocessing 

Because of the small number of events, some factors occur infrequently, which can cause problems 
when fitting regression models. To address this, we group some factors together that are of similar 
type (the number of records is shown in braces): 

• Intersection types: Pedestrian crossings (15), cycle crossings (1) and signalised crossings 
(1) are combined into a single variable, crossing. 

• Cycling infrastructure: Shared use paths (9) and segregated cycle lanes (24) are combined 

as they are both separated from traffic. 

• Number of lanes: In our initial coding, we have marked the number of lanes in the direction 
of travel in some off-road infrastructure such as shared use paths as NA (2 records). For 
simplicity, we set these to one for the modelling. 

• Surrounding landuse: We combine greenspace (12) and towpath (5) into a single category, 
greenspace. Cultural (2) is combined with commercial. 

• Traffic level: For some events that are recorded on off-road locations, we recorded the traffic 
level as NA (3). We set these to light traffic. 

• Time: The time an event takes place is recorded as integers from 0 to 23, where 0 is between 
00:00 and 00:59 and 23 is between 23:00 and 23:59. We reduce these to four factors: 
Overnight (ON) between 19:00 and 06:59, AM Peak (AM) between 07:00 and 09:59, Inter 
Peak (IP) between 10:00 and 15:59 and PM Peak (PM) between 16:00 and 18:59. 

• Speed limit: The speed limit on the road is recorded as <20, 20 or >20 mph. The category for 
<20mph includes cycleways, which have no defined speed limit, and other roads that have 
non-standard speed limits such as some tow paths. 

4.8.3 Model description 

The fitted model is a logistic regression model fitted using the glm package in R. The model form is 
as follows: 

𝑙𝑜𝑔𝑖𝑡(𝑦𝑖) = 𝛽0 + 𝛽1𝑥1,𝑖, 𝛽2𝑥2,𝑖, . . . , 𝛽𝑘𝑥𝑘,𝑖 

Where 𝑦𝑖 ∈ [0,1] is the binary outcome, where 0 is control and 1 is near miss, 𝛽0 is the intercept, 

𝛽1, 𝛽2, . . . , 𝛽𝑘 are the regression coefficients, 𝑘 is the number of variables, 𝑖 = 1,2, . . . , 𝑛 where 𝑛 is 

the number of observations. The variables included in the model are: 

• Cycling Infrastructure 

• Intersection type 

• Road surface condition (wet, dry, damp) 

• Lighting conditions 

• Surrounding land use 

• Time period 

• Traffic level in the direction of travel 

• Speed limit 

The generalized variance inflation factor (GVIF) is used to check for multicollinearity between 
variables in the model. GVIF is a generalization of the VIF to categorical variables that takes into 
account the degrees of freedom introduced by the number of categories (dummy variables) (Fox 



37 
 

and Monette 1992). The results are shown in Table 14. Values of the GVIF greater than 5 indicate 

the presence of multicollinearity. In this case, GVIF is <5 for all variables, so they are retained in the 
model. 

Table 14 Variance Inflation Factor for variables of the fitted model 

 GVIF Df GVIF^(1/(2*Df)) 

cycling_infrastructure_simple 4.0 2 1.4 

intersection_type_simpler 3.4 5 1.1 

Speed 1.2 1 1.1 

road_surface_wet 1.4 2 1.1 

lighting_conditions 3.2 3 1.2 

surrounding_landuse_simple 3.6 3 1.2 

peak_offpeak 2.8 3 1.2 

traffic_level_forward_simple 1.6 2 1.1 

speed_limit 3.3 2 1.4 

The results of the model are shown in Table 15. The coefficients can be interpreted as odds ratios 
(OR) by exponentiating their values, for example, 𝑒1 = 2.7. For categorical variables, the OR is 
interpreted with respect to the reference category, which is left out of the model. Usually the 
reference category represents a baseline to aid interpretation of coefficients. For example, in the 
case of cycling infrastructure, the reference category is ‘none’, allowing each cycling infrastructure 
type to be compared against no cycling infrastructure. Continuing the example, an OR of 2.7 
indicates that the presence of that value of a category increases the chance of an event being near 
miss by 2.7 times, compared with the reference category. 

Table 15 Summary table of logistic regression model 

 Estimate Std. Error z value Pr(>|z|) Odds ratio 

(Intercept) -0.89 1.06 -0.84 0.40 0.41 

cycling_infrastructure_simplecycle lane -1.14 0.71 -1.60 0.11 0.32 

cycling_infrastructure_simplesegregated cycle lane 2.01 0.90 2.22 0.03 7.45 

intersection_type_simplercrossing -1.22 0.80 -1.52 0.13 0.30 

intersection_type_simplerother 1.56 0.96 1.62 0.11 4.74 

intersection_type_simplerside road 1.17 0.55 2.15 0.03 3.23 

intersection_type_simplersignalised cycle intersection -1.46 1.39 -1.05 0.30 0.23 

intersection_type_simplersignalised intersection 0.95 0.71 1.35 0.18 2.60 

Speed -0.04 0.02 -1.93 0.05 0.96 

road_surface_wetdamp -0.67 0.65 -1.04 0.30 0.51 

road_surface_wetwet 1.03 0.55 1.86 0.06 2.79 

lighting_conditionsdim 0.85 0.71 1.20 0.23 2.35 

lighting_conditionslow sun -0.47 0.65 -0.72 0.47 0.63 

lighting_conditionsstreet lighting 1.04 0.69 1.51 0.13 2.83 

surrounding_landuse_simplecommercial 0.70 0.59 1.19 0.23 2.02 

surrounding_landuse_simplegreenspace -3.18 1.12 -2.83 0.00 0.04 

surrounding_landuse_simplemixed residential/commercial -1.94 0.60 -3.23 0.00 0.14 

peak_offpeakAM -0.08 0.78 -0.10 0.92 0.93 

peak_offpeakIP 0.10 0.77 0.13 0.89 1.11 

peak_offpeakPM 0.34 0.67 0.51 0.61 1.40 

traffic_level_forward_simpleheavy 0.18 0.70 0.26 0.80 1.20 

traffic_level_forward_simplemoderate 1.06 0.49 2.18 0.03 2.88 

speed_limit20 0.62 0.72 0.87 0.39 1.87 
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 Estimate Std. Error z value Pr(>|z|) Odds ratio 

speed_limit30 2.85 1.07 2.65 0.01 17.22 

In Table 15, it can be seen three factors are significant at the 99% level (p-value < 0.01). The first 
was the mixed residential/commercial landuse type (OR 0.14). The reference category for landuse 
type was residential, which indicated that mixed residential/commercial landuse was associated with 
a reduction in near-miss risk of 7.1 times (1/0.14) compared with residential landuse. The second 
significant factor is greenspace landuse type (OR 0.04, 25 times reduction), which was also 
associated with a reduction in risk. Finally, roads with a 30mph speed limit were associated with 
increased risk (OR 17.22). A further three variables were significant at the 95% level and associated 
with increased risk, which were side road (OR 3.23), moderate traffic (OR 2.88) and segregated 
cycle way (OR 7.45). As shown in the descriptive analysis, side roads were commonly associated 
with pulling out near-misses and left and right hooks. The increased risk associated with segregated 
cycle lanes appears counter-intuitive, but 2.3 showed that riders using these facilities reported 
pulling out, near left and right hook, and pedestrian stepping out near-misses while using them. The 
odds ratios should be treated with caution as they may be specific to the sample of participants in 
the study. 

4.9 Summary of statistical modelling 

The analysis of the relationship between near miss rates and participants’ general riding behaviour 
reveals some interesting results within our group of participants. Firstly, time spent riding in 30mph 
zones is a significant predictor of increased near miss rates. Time spent riding in 20mph zones (as 
opposed to cycling infrastructure and tracks with no defined speed limit) does not significantly 
increase risk. Interestingly, an increase in participants’ moving speed was linked to a decrease in 
the number of reported events. This could be due to a range of factors. Firstly, increased cycling 
speeds coupled with decreased vehicle speeds could reduce the speed differential between 
motorised vehicles and people on bikes, leading to fewer overtaking manoeuvers. Secondly, 
increased speeds could be associated with increased cycling experience and confidence, which 
could lead to fewer incidents being reported. Table  confirms that the faster riders in the group are 
more experienced riders, with 14 of the 16 riders with average moving speed >18kmh having >24 
months experience. This is 42% of the group compared with 0% for <12 months and 20% for 12-24 
months. 

Table 16 Relationship between rider speed and riding experience 

 12-24 months < 12 months >24 months 

0-14 1 2 1 

14-18 7 7 18 

18-22 2 0 13 

22+ 0 0 1 

The descriptive analysis of the recorded near misses reveals general patterns of the near miss 
events. Firstly, the majority of near miss events occurred on roads where there is no cycling 
infrastructure. This finding is intuitive for certain types of near miss such as close passes (by 
vehicles), which are unlikely to occur on fully segregated cycleways and shared use paths (although 
studies have shown that the presence of cycle lanes may reduce passing distance (Beck et al. 
2019).. Conversely, near left/right hook and pulling out events often occurred when the rider was 
using a cycle path or segregated cycle way. These events tend to occur when vehicles need to 
cross the cycle path/cycle way when entering or exiting side roads or junctions. This is reflected in 
the significance of segregated cycleways as a risk factor. 

The majority of near miss events occurred when the traffic was either moderate or light, with few 
events occurring in heavy traffic. Moderate traffic was a significant risk factor. In terms of 
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surrounding land use, an interesting observation is that a large proportion of near miss events were 
recorded on residential streets with a single lane in each direction and no cycling infrastructure. 
Mixed residential/commercial land use was found to reduce risk compared with residential. Given 
that many of London’s Cycleways, such as those formerly referred to as Quietways, use this type of 
street, this finding should be noted. However, it should also be noted that we have not considered 
the severity of these events. 

In terms of temporal aspects, the recorded incidents follow the traditional two peak pattern with a 
more pronounced afternoon than the morning peak. However, the time period was not found to be 
significant, indicating that these peaks are due to more journeys taking place during these periods. 

It should be noted that, due to the small number of participants, the findings presented here may 
not generalize to other groups, times or geographical areas. Increasing the sample size to 
incorporate a greater diversity of people, conditions and locations would increase the robustness of 

the analysis. 

5 Future work 

This report presents a summary of the study in terms of methodology, data collection and initial data 
analysis using manual coding and logistic regression. The results provide insights into the types of 
near miss experienced by the participants and the significant risk factors. Future work will examine 
the near misses in greater depth by focussing on the following areas: 

Extraction of additional controls: Due to time constraints, we extracted controls at a ratio of 1:1 
with near misses. Although the sample of controls is representative, a greater sample may make 
the analyses more robust. Therefore, we plan to increase the ratio to 4:1. 

Extraction of additional variables: To ensure consistent labelling, annotation of the video scenes 
was carried out manually by the project team. We did not make use of the range of computer vision 
algorithms developed during the project to automatically extract risk factors. Future work will use 
these methods to extract more nuanced factors and to automatically detect the risk environment 
across the duration of a trip. 

Improved case-control modelling: Our basic logistic regression model does not take into account 
the characteristics of the rider experiencing the near miss when identifying risk factors. In future 
work, we will employ multi-level modelling to control for the personal characteristics while modelling 
the risk factors.  

Increasing the number of participants: Due to the time and resource constraints of this project, 
the pool of participants, geographical coverage and time spent riding was limited. Therefore, the 
results presented here may not generalise to a larger sample of riders. Given that the data is 
collected using commercial action cameras (GoPro Max), there is an opportunity to carry out more 
extensive data collection from people who routinely collect such data. This could form a cohort of 
riders who continually contribute data, allowing evaluation of infrastructure and safety measures as 
they are introduced. 

Further development of computer vision models: This project developed a suite of computer 
vision algorithms for weather and visual conditions detection (Ibrahim et al., 2019a), near miss event 
detection (Ibrahim et al., 2021) and object detection (Ibrahim et al., 2019b). We are also developing 
algorithms to detect specific actions such as overtaking and filtering, as well as the rider’s 
movements such as hand signalling and shoulder checks. These methods will be published in 
upcoming papers and are briefly summarised below. 
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5.1.1 Object tracking for action detection 

Because the GoPro Max offers 360o perspective, we can track other road users as they move from 
behind to in front of the rider, and vice versa. This allows us to understand whether a vehicle is 
overtaking the rider or the rider is undertaking a vehicle (e.g. filtering). We achieve this by first 
tracking the object and then applying heuristics to categorise their actions. Figure 24 shows an 
example of identification of an overtaking manoeuvre.  
 

 

Figure 24 Example of object tracking of overtaking manoeuvre. The vehicle in the red box has 
been detected as passing the rider in the forward direction (note, this is illustrative and does not 

imply a close pass) 

 

5.1.2 Panoptic segmentation 

To improve the detection of objects, we have implemented panoptic segmentation, which identifies 
objects at the pixel level (rather than bounding boxes as before). These classifications are combined 
with the object tracking in post-processing (Figure 25) 
   

 
Figure 25 An example of an image segmented using panoptic segmentation 

5.1.3 Depth estimation 

Measuring the distance between the rider and objects in the video (vehicles, pedestrians etc.) is 
important to link riding behaviour and manoeuvres to risk. For example, categorising an overtake as 
a close pass or estimating if a person is riding in the ‘dooring zone’. To achieve this goal, we have 
implemented a depth estimation algorithm, which can be combined with object tracking to estimate 
the distance of objects to the rider. An example of the output of depth estimation is shown in Figure 
26. 
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Figure 26 Example output of depth estimation 

6 Implications for policy 

 

Our research provides a methodology for understanding near misses and the safety of cyclists. The 
use of video and computer vision algorithms could be used in controlled before and after studies to 
evaluate the impacts of interventions such as infrastructure changes or information and enforcement 
campaigns. Generally, we did not have problems recruiting cyclists to our study and cities could 
recruit cyclists to help gather this kind of data. Digital platforms could be made available for cyclists 
to upload their data and for algorithms to identify types of near misses to ensure that managing 
safety is generative and proactive not reactive.  

Close passes and left and right hooks were the most frequent types of near misses. More publicity 
campaigns could focus on raising awareness of drivers to highlight the new highway code regarding 
giving space to cyclists and to raise awareness of the dangers posed by near left and right hooks 
(into side roads) especially when crossing cycling infrastructure.  

Our research shows cycling infrastructure is important for cyclists and is associated with fewer  near 
misses. However, people’s choice to steer clear from heavy traffic could cause them to experience 
more free flowing traffic on residential roads where there is less infrastructure and potentially more 
risk. There should be a focus on providing cyclist infrastructure in residential areas or creating more 
low traffic neighbourhoods.   

The GoPro 360 is an accessible, tested technology that, in combination with computer vision 
techniques, could be used to understand the safety of many other vulnerable road users including 
e-scooter riders, motorcyclists1 and horse riders.   

It is also noted that the demographics of cyclists shows that they are quite a homogenous group 
being mainly male, white, and well educated. The question needs to be asked why this is still the 
prevalent demographic of cyclists in London, what can be done to encourage people to cycle from 
different backgrounds and what role perceived safety has to play in their decisions not to cycle. 

 
1 This methodology is currently being used as a foundation of a PhD analysing the road safety of  motorcyclists in 

Thailand 
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7 Impact  

This study funded a successful PhD for Mohamed Ibrahim who is now a Lecturer at Leeds University 
and is associated with the following papers:  

• Ibrahim, M. R., Haworth, J., Christie, N., Cheng, T., & Hailes, S. (2021). "Cycling Near Misses: 
A Review of the Current Methods, Challenges and the Potential of an AI-Embedded System." 
Transport Reviews, 41(3), 304-328. 

• Ibrahim MR, Haworth J, Christie N, Cheng T. 2021. CyclingNet: Detecting cycling near 
misses from video streams in complex urban scenes with deep learning. IET Intelligent 
Transport Systems. 15(10), pp. 1331-1344 

Further papers are planned based on the analysis presented in this report. 
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11 Appendix 1: Participant Questionnaire  

Near Miss Cycling Study 2021 Participant Characteristics 
UCL Cycling Near Miss Study 
Thank you for agreeing to participate in this study. This survey will only take a few minutes to 
complete and is used to make sure that we have a diverse sample of participants. Please use your 
participant ID emailed to you so that we can explore the experience of near misses related to your 
cycling experience and route choices. If you have any queries about this survey please contact 
Nicola Christie on the this email address: nicola.christie@ucl.ac.uk 
 
1.  Please enter your unique identification participant code 
 
2.  Approximately how long is your cycling commute in London? 
  
<15 minutes    
15-29    
30-59   
60-90   
>90   
3.  How long have you been cycling as part of a commute in London? 
  
< 12 months    
12-24 months    
>24 months   
 
4.  How many days a week do you usually do this? 
5.  Do you cycle all year or part of the year? 
  
All year    
Part of the year   
 
6.  Which of the following do you use when commuting? (Tick all that apply) 
  
Helmet    
High-vis jacket/reflective clothing   
Front Light    
Rear Light    
Gloves   
Body armour   
An action camera (e.g. GoPro)   
None of the above   
Other (Write in)  
   
 
(I- Not very important-5 Very important) 
7.  How important to you are the health benefits of cycling to work? 
 
1 2 3 4 5 
   
8.  How important to you is the low cost of cycling to work? 
1 2 3 4 5 
     
 
9.  How important to you is reducing pollution by cycling to work? 

mailto:nicola.christie@ucl.ac.uk
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1 2 3 4 5 
   
     
 
10.  In choosing your route how important is it to you to avoid busy traffic? 
1 2 3 4 5 
   
     
11.  In choosing your route to work how important is the presence of cycling lanes? 
1 2 3 4 5 
   
     
12.  In choosing your route how important to you is the scenery along the route? (e.g going 
through a park or past interesting buildings) 
1 2 3 4 5 
   
     
13.  In choosing your route how important to you is taking the fastest route? 
1 2 3 4 5 
   
14.  Do you use any apps such as Strava to monitor your cycling speed? 
  
Yes   
No   
 
15.  Do you usually listen to music or radio via headphones on your commute? 
  
Yes   
No   
 
16.  Which of the following cycle superhighways do you use for any part of your commute? (tick 
all that you use) 
  
Cycle Superhighway 1   
Cycle Superhighway 2   
Cycle Superhighway 3   
Cycle Superhighway 4   
Cycle Superhighway 5   
Cycle Superhighway 6   
Cycle Superhighway 7   
Cycle Superhighway 8   
Cycle Superhighway 9   
Cycle Superhighway 10   
cle Superhighway 11   
None of the above   
 
17.  Have you undertaken any of the following cycling training courses? 
  
Bikeability Level 1   
Bikeability Level 2   
Bikeability Level 3   
None of the above   
Other (write in)   
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18.  Which of the following best describes the type of bicycle you ride? 
  
Road bike   
Hybrid   
Cruiser   
Cyclocross   
City    
Touring   
Triathlon/time trial   
Fitness   
Flat foot comfort    
Folding bike    
Don’t know   
Other   
 
19.  In the last three years have you had an collisionon your bike not involving anyone else (e.g. 
by hitting pothole) 
  
Yes   
No   
 
20.  In the last three years have you had an collisionon your bike that involved another road 
user (e.g a pedestrian stepping out, or colliding with another vehicle) 
  
Yes   
No   
 
21.  What age band are you in? 
  
18-24   
25-35   
36-45   
46-55   
56-65   
66+   
22.  What is your sex? 
  
Female   
Male   
23.  What is your occupation? 
   
24.  How would you describe your ethnicity? 
  
White   
Mixed/Multiple ethnic groups   
Asian/Asian British   
Black /African /Caribbean/Black British   
Other ethnic group  
   
25.  What is your highest educational qualification? 
 
Doctorate   
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Degree or equivalent   
Higher education   
A Level or equivalent   
GCSEs grades A*-C or equivalent   
No qualification   
Don't know   
Other qualifications (write in)  
   
26.  What is the post code of where you live? 
   
27.  What is the post code of where you work? 
   
28.  Please use this space to make any other comment you feel is important for us to know  
   
 
 


