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Mobile sensing discovery of when where
and why vulnerable road users break
traffic rules

Check for updates
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This study performed a large-scale analysis of vulnerable road user (VRU) violation behaviors in Beijing
using a novel Rotating Mobile Monitoring method with machine learning. Across four seasons, we
processed 367,076 street-view images and identified 20,616 violations. Private e-bike users were the
primary violators (52.9%), with not wearing a helmet being the most common infraction (11,714
instances). These behaviors exhibited clear temporal patterns, peaking in spring and during the
afternoon. The built environment was a key predictor, with building and commercial activity within a
150-meter buffer correlating with multiple violation types. This research quantifies predictable risk
patterns, directly linking violation hotspots to features like commercial density within a 15minute life
circle (150m radius). This evidence enables targeted interventions for specific user groups, times, and
locations, providing a data-driven path towards safer urban transport. The scalablemethodology also
presents a practical tool for ongoing urban safety diagnostics.

Vulnerable road users (VRUs), including pedestrians, pedal cyclists, e-
bicyclists, and motorcyclists, are particularly susceptible to traffic hazards
due to their lack of external protection1–3. Some definitions also include
childrenand the elderly in this category4,5. TheWorldHealthOrganization’s
2022 Global Road Safety Report highlighted that more than half of all road
traffic accident fatalities, totaling approximately 650,000, were VRUs6.
According to the Global Status Report on Road Safety, pedestrians and
cyclists together account for 26%of all traffic deaths globally, while powered
two- and three-wheelers account for 28%6. In the European context, VRUs
constitute 46% of fatalities and 53% of serious injuries across the
continent7,8. In the United States, the National Highway Traffic Safety
Administration’s 2021data indicates thatVRUs accounted for 34%of traffic
fatalities, with 7342 pedestrians and cyclists losing their lives9. The situation
in China presents even greater concern, where VRU fatalities account for
70% of road traffic fatalities, with 40% attributed to two-wheeled vehicles
and 25% to pedestrians10. These alarming statistics underscore the critical
need to examine the factors associated with VRU accidents and implement
effective measures to enhance their safety.

Among various contributing factors to VRU accidents, research has
highlighted the significant role of violations, with distinct patterns across
different user groups. For pedestrians, a comprehensive study found that
jaywalking and crossing against signalsweremajor contributors, accounting
for 41 and 35% of pedestrian fatalities respectively11. Other risky behaviors
include crossing roads hastily in front of large vehicles, wearing dark

clothing during low-light conditions, sudden directional changes while
crossing, inadequate child supervision, and distractions, such as mobile
phone use and conversationswith others12–14. Among cyclists, key violations
include red-light running (15–25% of accidents), riding in the wrong
direction (20–30%), and illegal road occupancy (10–15%), which refers to
cyclists improperly using roadway spaces designated for motor vehicles or
occupying lanes in ways that violate traffic regulations15. Additional risk
factors encompass failure to yield, operating under the influence of alcohol
or drugs16, poor concentration, inadequate distance maintenance, and lack
of proper education about traffic rules17. For e-bike riders, violations, such as
speeding and illegal lane changes, were involved in approximately 45% of
collision incidents18. Other common risk behaviors include riding without
helmets, passenger overloading, sidewalk riding, using mobile phones or
headphones while riding, and continuing to ride after detectingmechanical
faults19,20. Motorcycle-related accidents often involve risky behaviors, such
as speeding21, riding in conditionsof lowvisibility22, fatigue-relateddriving23,
red light violations, pavement riding (operatingmotorcycles on sidewalks or
pedestrian pathways where motor vehicles are prohibited), wrong-way
riding24, and mobile phone distractions25.

External factors, particularly infrastructure, weather, and seasonal
variations, significantly influence road traffic collisions (RTCs)26–28. Road
infrastructure elements contribute to cyclists’ risky behaviors, including
surrounding land use, road length, road level, and proximity to bus stops
and metro stations29. Approximately 5% of RTCs occur due to adverse
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weather conditions30, includingwind31, temperaturefluctuations32, rainfall33,
fog28 and sunshine levels34. Seasonal patterns also play a crucial role, with
research indicating higher fatality rates in pedestrian-vehicle crashes during
autumn and winter35. Elderly pedestrians face increased fatal injury risks in
winter compared to other seasons36, while cyclist merging/diverging inci-
dents show lower fatality rates in winter versus summer37. These seasonal
effects are often compounded by associatedweather conditions, particularly
in autumn and winter when heavy winds and dense fog, especially during
nighttime and earlymorning, contribute to increased collision rates for both
pedestrians and drivers28. Given these significant impacts of external factors
on road safety, understanding how VRUs behave and respond to these
conditions is crucial for preventing accidents and improving road safety
measures. Furthermore, as VRUs are particularly susceptible to these
environmental challenges, their behavioral patterns and potential violation
behaviors under various conditions require systematic investigation. This
has led researchers to develop and employ various methodological
approaches to analyze VRU behavior comprehensively.

Researchers have employed diverse methodological approaches to
analyze VRU behavior, ranging from traditional methods to advanced
technological solutions. Traditional approaches include questionnaire
surveys38,39 and observational studies40. However, these methods have
inherent limitations: observational studies are time-consuming andmay be
subject to observer bias41, while questionnaire surveys often face challenges,
such as sample bias, psychometric distortions, technophobia and lower
response rates42. Accident data analysis, utilizing official casualty databases,
such as the UK STATS1943, records from the Louisiana Department of
Transportation and Development12 and collision data from the National
Observatory for Information, Training, Documentation and Studies on
Road Safety (NOITDSRS) in Tunisia44, provides valuable insights into crash
patterns. However, this approach is constrained by statistical uncertainties45

and data accessibility issues46. Additionally, some researchers utilize traffic
simulators to design a series of crash experiments to estimate the damage
caused by traffic accidents to different VRUs, but the reliability of the
obtained results can be problematic and numerical simulations often suffer
from data deficiencies47.

Advanced technological approaches have emerged to address these
limitations. Sensor-based analysis employs various tools including GPS
tracking48, cameras49, far infrared cameras50 and eye-tracker cameras13,51.
While these technologies offer precisemeasurements, they can be costly and
may be affected by environmental conditions, such as weather, light and
obstacles, such as buildings, or parked vehicles52. Wireless communication
systems, which connect vehicles and VRUs through mobile phone Wi-Fi
interfaces53, provide a cost-effective alternative with broad coverage, though
position accuracy remains a challenge54. Recent advancements in artificial
intelligence have introduced more sophisticated analytical approaches,
including machine learning techniques55 and convolutional neural
networks56. To overcome the limitations of individual methods, researchers
increasingly adopt integrated approaches, combining multiple methodol-
ogies, such as sensor data with wireless communications57 or sensors with
machine learning58. These multi-method approaches enhance detection
accuracy and compensate for the limitations of single-method strategies.

In summary, the review of current VRU research methodologies
reveals several persistent challenges. Traditional methods face fundamental
limitations in data credibility and collection efficiency59, as evidenced by the
observer bias in observational studies and sample bias in questionnaire
surveys60. Advanced technological solutions, while promising, encounter
their own obstacles. Detection remains challenging due to the intrinsic
variability in VRU appearance61 and their high mobility62. Data quality and
quantity issues persist across all methods, manifesting in small sample sizes,
time lags, and inconsistent recording standards63. Furthermore, the
increasingly complex urban transportation environment compounds these
challenges by introducing additional variables that affect the detection and
analysis of VRU risky behaviors64. Most critically, existing studies lack
comprehensive, multi-seasonal quantitative analysis of VRU violation
behaviors at scale, with limited understanding of how built environment

factors within specific spatial buffers influence different types of violations
across diverse user groups and temporal patterns65,66.

To address these specific methodological and knowledge gaps, this
study presents a precisely focused research framework with three distinct
objectives: (1) develop and validate a Rotating Mobile Monitoring (RMM)
method that combines 360-degree panoramic sensing with machine
learning analytics to achieve large-scale, systematic quantification of VRU
violation behaviors across multiple seasons; (2) establish the optimal spatial
scale (buffer zone) for analyzing built environment influences on violation
behaviors and quantify the specific relationships between environmental
factors and different violation types; and (3) identify actionable spatio-
temporal patterns in violation behaviors that can inform targeted, context-
specific intervention strategies. This focused approach specifically addresses
the critical gap in quantitative, multi-dimensional analysis of VRU viola-
tions while providing a scalable methodology for urban safety diagnostics.
The study’s precision lies in its systematic examination of 16 specific vio-
lation types across five VRU categories over four seasons, analyzing envir-
onmental influences at three spatial scales (100, 150, 200m buffer zones),
thereby generating evidence-based insights for developing targeted inter-
ventions that consider both user group characteristics and environmental
contexts.

The remainderof this paper is organized as follows. Section2details the
comprehensive methodology, including the study area, the RMM data
collection protocol, and the machine learning and statistical methods used
for analysis. Section 3 presents the detailed results, including the profile of
violators and the spatio-temporal patterns of their behaviors. Section 4
discusses the implications of our findings and the advantages of our pro-
posed methodology 3. Finally, Section 5 concludes the paper by summar-
izing the key contributions and suggesting directions for future research 4.

Methods
Our analytical approach is grounded in environmental behavior theory,
which posits that human behavior is influenced by environmental char-
acteristics at multiple spatial scales. Specifically, we apply the ecological
systems theory to VRU behavior, where violation behaviors result from
interactions between individual characteristics, immediate environment
(microsystem), and broader urban context (mesosystem). The choice of
buffer zones (100, 150, 200m) aligns with pedestrian and cyclist activity
space research indicating that immediate neighborhood environment
(2–3min walking/cycling distance) significantly influences travel behavior.

Mobile panoramic monitoring campaigns
To achieve our research objectives of systematically quantifying VRU vio-
lation behaviors and identifying environmental influences, our data col-
lection required: (1) high-resolution visual imagery capable of detecting
specific violation behaviors and demographic characteristics of VRUs, (2)
precise GPS coordinates for spatial analysis and environmental factor cor-
relation, (3) systematic temporal sampling across four distinct seasons to
capture behavioral variations, (4) comprehensive spatial coverage of diverse
urban environments, and (5) sufficient sample sizes for robust statistical
analysis across multiple violation types and VRU categories.

Study area. The study area is located in the Shijingshan district of
Beijing, China (Fig. 1). As both the capital and the second largest city in
China, Beijing has a population of 21.8million people as of 2022. The city
has approximately 10.4 million VRUs, consisting of 3.12 million regis-
tered bicycles (including 1.85million e-bikes) and 0.28million registered
motorcycles, while serving over 7 million pedestrian trips daily67. Recent
statistics show that VRU-related crashes account for approximately
36.8% of all traffic accidents in Beijing during 2020–2021, with pedes-
trians and cyclists being the most vulnerable groups. The Shijingshan
district, located in western Beijing, has gained particular significance
following the 2022 Winter Olympics. In alignment with the post-
Olympic legacy, the district has embraced sustainable urban develop-
ment, particularly emphasizing green transportation initiatives68. This
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focus on sustainable transportation makes the district an appropriate
setting for studying VRU behavior.

Within Shijingshan district, we selected a study area of 12.35 km² that
captures the district’s representative characteristics (Fig. 1). The area is
strategically positioned adjacent to Beijing’s West 5th Ring Road and
encompasses six street blocks. The roadnetworkwithin the study area spans
54.79 km, comprising primary, secondary, andminor roads as illustrated in
the data collection routes shown in Fig. 1. This area features diverse urban
landscapes, including core commercial zones, educational institutions
(including universities), residential communities, public parks, and gov-
ernment offices. These varied land use patterns and road network char-
acteristics make it an ideal location for studying VRU behavior across
different urban contexts.

VRUs and violation behaviors. This study focuses on examining five
types of VRUs (including pedestrians, cyclists, e-bike users, tricyclists,
andmotorcyclists) and sixteen violation behaviors (summarized in Table
1 and illustrated in Fig. 2). These violations were selected based on three
criteria: first, they have been mentioned in published articles and have
been proven to be related to violations but have not been examined
systematically and quantitatively; second they can be visually identifiable
through image-based detection; and finally they represent common
violation patterns within the study area.

For pedestrians, the study examines three violation behaviors,
including red-light running, jaywalking, and walking in non-motorized
vehicle lanes. For cyclists and e-bike users, the study investigates eleven
violations total: six primary violations, including riding without helmets,
illegal passenger transport, improper lane usage (riding on sidewalks or
motorways), wrong-way riding, red-light running, and improper bike
parking on sidewalks, as well as five distracted riding behaviors, such as
mobile phone use, parallel riding, wearing headphones, making calls, and
conversing while riding. For motorcyclists, the research explores four
behaviors, including helmet use compliance, wrong-way riding, red-light
running violations, and improper parking behaviors. Finally, the study
investigates four tricycle-related violations, including illegal road use,
wrong-way riding, red-light running, and improper parking on sidewalks.

Mobile data collection campaigns. Characterized by high spatial,
temporal, and seasonal heterogeneity, VRU risk behaviors dramatically
change from time to time even at the same geographical location. This
study utilized an RMM method69 to monitor VRUs’ behaviors, which
combines the advantages of stationary and mobile monitoring methods
by rotating stationary sampling sites during mobile monitoring cam-
paigns. Mobile routes covered every street in the study area, and Arc-
Map’s Find Shortest Path tool was used to calculate and obtainminimum
routes with full coverage for consistent navigation in each data collection
campaign. This study identified 25 intersections as stationary observation
points along the 13 selected roads. This stationary approach allows us to
observe howVRU risk behaviors change temporally in the same space, as
well as across different seasons. Todetermine the observation duration, at
intersections equipped with traffic signals, observers waited at least one
full signal cycle from red to green, approximately 120 s. To investigate the
impact of season and time periods on VRU behaviors, January, May,
August, and November were selected to represent spring, summer, fall,
and winter, respectively, and two to three days in each season were
selected for data collection. Two collection periods-the noon period from
12:00 to 14:00 and the afternoon period from 17:00 to 19:00 were selected
as the observation periods. It should be noted that our observation
duration of one signal cycle per intersection visit, while shorter than
conventional traffic studies, was compensated by the systematic repeti-
tion of observations across multiple seasons and the comprehensive
spatial coverage of 25 intersections. Each intersection was observed
multiple times throughout the study period, and the mobile monitoring
component captured VRU behaviors along road segments between
intersections, providing a more comprehensive spatial understanding of
violation patterns than would be achieved through intensive single-
intersection studies alone.

Data collection periods were selected based on systematic criteria: (1)
seasonal representation - January, May, August, and November represent
distinct climatic conditions inBeijing (winter, spring, summer, autumn), (2)
temperature alignment - selected dates matched seasonal average tem-
peratures to avoid weather anomalies, (3) traffic pattern consistency—
weekdays and consistent time periods (12:00–14:00, 17:00–19:00) ensure

Fig. 1 | Study area and data collection routes. The left panel shows the location of
the 12.35 km² study area, marked by a green star, within the broader administrative
boundaries of Beijing City. The right panel provides a detailed map of the study area
in the Shijingshan district, illustrating the comprehensive data collection network

which includes the planned mobile monitoring routes (yellow lines), 25 selected
stationary observation points at key intersections (large red circles), and the spatial
distribution of various Points of Interest (POIs), such as residential, commercial, and
educational facilities.
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comparable traffic conditions, and (4) operational feasibility—dates avoided
extreme weather events that would compromise data quality or collector
safety. Data collection was conducted over four weekdays in November
2022, and January, May, and August of 2023. During the RMM campaign,
an e-bike was deployed to carry professionalmonitoring devices tomonitor
a large geographical area in a short time (see Fig. 3). A panoramic camera,
‘Insta360’, was fixed to the rider’s helmet and used to collect street view
videos. The Footpath GPS recording application on the smartphone was
also activated to navigate and record theGPS tracks of the e-bike. The clocks
of all devices were synchronized with the smartphone to ensure that the
timeline of the data collected by each device remained consistent.

To obtain representative data for dynamic traffic flow on the selected
collection dates, we chose dates that were representative of the entire col-
lection period. A total of 11 days were selected with two to three for each of
the four seasons. One day was missing in summer due to a data recording
issue and missing dataset. The weather conditions were predominantly
sunny, with two days of light fog. Rainy days were avoided to prevent
impacts on traffic volume and camera data collection. Regarding tem-
perature, the temperature of the selected collection days matched the
average temperature of the corresponding season. This approachwas taken
to avoid extreme cold or heat, which could result in significant discrepancies
between the temperature of the collection day and the average temperature

of the corresponding season. Each data collection day involved two distinct
periods: a midday period (approximately 12:00–14:00) and an afternoon
period (approximately 17:00–19:00), as detailed in Table 2. The “half-hour
window” refers to the consistency of start times for these periods across
different collection days (e.g., always starting the midday period between
11:45–12:15), not the total duration of data collection. As shown in Table 2,
the actual total durationof data collectionper day ranged from2 h18min to
2 h 59min, combining both collection periods. This timing consistency
ensures that traffic patterns and VRU behaviors observed during compar-
able time periods across different days and seasons, while the total duration
provides sufficient data for robust analysis.

To ensure seasonal representativenesswithin resource constraints, data
collectiondayswere carefully selected to be representative of their respective
seasons in terms of weather and temperature conditions. As shown in Table
2, our collection temperatures closely aligned with Beijing’s seasonal
averages for the collection year: spring collection days (14 °C–32 °C) fell
within and represented the typical spring range (14 °C–28 °C), summer
collection days (23 °C–34 °C) aligned well with normal summer tempera-
tures (21°C–33 °C), autumn collection days (-2 °C–13 °C) captured typical
autumn conditions (1 °C–13 °C), and winter collection days (-8 °C–7 °C)
represented characteristic winter temperatures (-4 °C–8 °C). Additionally,
we avoided extreme weather conditions, such as heavy rain, snow, or

Table 1 | Violation behaviors of VRUs

Number Risk factors Description Regulations in China

Safety Protection Behavior

1 Not wearing a helmet19 Drivers and riders of motorcycles or motorized vehicles
should wear safety helmets as required.

Road Traffic Safety Law of the People’s Republic of China (2021)

2 Carrying a passenger on
bicycle/e-bike19

Riding a bicycle or motorized bicycle shall not carry a
person over 12 years of age

Beijing Non-motorized Vehicle Management Regulations (2018)

Traffic Violations

3 Jaywalking74 VRUs crossing intersections or roads should use
pedestrian crossings or street crossing facilities and
should not cross the road at will

Road Traffic Safety Law of the People’s Republic of China (2021)

4 Failing to stop at red
traffic light101

VRUs should pass in accordance with traffic signals, do
not run red lights

Road Traffic Safety Law of the People’s Republic of China (2021)

5 Traveling against traffic19 VRUs shall not be contrary to the direction of traffic Beijing Non-motorized Vehicle Management Regulations (2018)

Road Occupation behaviors

6 Riding on sidewalk19 Bicycles, electric bicycles, tricycles on the sidewalk,
prohibited riding (refers to riding on pavements/
sidewalks designated for pedestrians)

Beijing Regulations on Road Traffic Safety (2018)

7 Riding on motorway102 Non-motorized vehicles should be driven in non-
motorized lanes (refers to bicycles/e-bikes illegally
occupying motor vehicle lanes)

Road Traffic Safety Law of the People’s Republic of China (2021)

8 Bike lane walking14 Pedestrians should walk within the sidewalk Road Traffic Safety Law of the People’s Republic of China (2021)

9 Illegal vehicles on the
road103

Beijing bans three and four-wheeled vehicles on roads
within the Sixth Ring Road

Regulations of the People’s Republic of China on the Implementation
of the Road Traffic Safety Law (2019)

10 Improper bike parking104 Non-motorized drivers should park their non-motorized
vehicles in non-motorized parking facilities

Beijing Non-motorized Vehicle Management Regulations (2018)

11 Vehicle stopping at the
crosswalk105

Prohibit parking of motorized and non-motorized
vehicles on sidewalks

Road Traffic Safety Law of the People’s Republic of China (2021)

Distracted Riding Behavior

12 Using a cell phone while
riding25

Use of cell phones by non-motorized vehicles while in
motion, which impedes safe driving

Beijing Non-motorized Vehicle Management Regulations (2018)

13 Riding in parallel102 Non-motorized drivers driving side-by-side with
behavior that interferes with safe driving

Road Traffic Safety Law of the People’s Republic of China (2021) -
Article prohibiting cyclists from riding side by side supporting each
other, chasing each other, or engaging in zigzag racing.

14 Talking while riding102 Non-motorized drivers talking while driving, behaviors
that interfere with safe driving

Beijing Non-motorized Vehicle Management Regulations (2018)

15 Making calls while riding25 A non-motorized driver using a cell phone while driving
and behaving in a way that interferes with safe driving

Beijing Non-motorized Vehicle Management Regulations (2018)

16 Wearing headphones
while riding19

Non-motorized drivers wearing headphones while
driving, behaviors that impede safe driving

Beijing Non-motorized Vehicle Management Regulations (2018)
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Fig. 2 | Risky behaviors of VRUs. This figure provides visual examples of the
Vulnerable Road User (VRU) violation behaviors analyzed in this study, captured
from the mobile sensing panoramic videos. The violations are grouped into four
main categories: 1. Safety protection behavior (e.g., not wearing a helmet), 2. Traffic

violations (e.g., jaywalking, running a red light), 3. Road occupation behaviors (e.g.,
riding on the sidewalk or motorway), and 4. Distracted riding behavior (e.g., using a
cell phone while riding). In each image, a red bounding box is used to highlight the
specific individual and the violation being committed.
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unusually severe temperatures that could produce atypical VRU behaviors
unrepresentative of normal seasonal patterns. This careful selection strategy
helps ensure that our seasonal comparisons reflect genuine seasonal beha-
vioral differences rather than weather-related anomalies.

Data pre-processing
To simplify video data processing while retaining its fundamental activity
information, extracting image frames is an effective method for obtaining
key information about the video data70. Images were extracted every 10
frames from videos with a frame rate of 30 fps and every 20 frames from
videos with a frame rate of 60 fps, resulting in 3 frames per second. The
camera’s storage limitations resulted in a maximum recording time of
29minutes per video. Over a period of 11 acquisition days, distributed
across four seasons, a total of 101 videos were captured. Utilizing the
aforementioned frame extraction approach, a total of 367,076 images were
obtained.

The extracted frames were georeferenced by matching the timestamp
of frames with corresponding GPS data, in order to generate a GIS dataset
containing time, frame name, and GPS locations. Subsequently, sampling
points were extracted along the road segments every 10 meters. Finally, the
locations of each sampling point were spatially joined with georeferenced
image frames to identify the nearest images.

Spatial accuracy was ensured through a systematic validation and
correction protocol combining automated assessment and manual ver-
ification. The process included: (1) automated GPS accuracy assessment
using positioning error statistics (mean error < 3 meters, 95% confidence
interval < 5 meters), (2) visual comparison with Baidu Street View imagery
at 200 randomly selected points to verify spatial correspondence using
assessment criteria of landmark alignment, directional consistency, and
temporal matching, and (3) manual correction when discrepancies excee-
ded 5 meters. Manual correction procedures followed standardized proto-
cols: discrepancies were identified when georeferenced images showed
different landmarks or viewing angles, corrections usedArcGIS editing tools
to adjust GPS coordinates based on visual feature matching, all
corrections were validated by independent reviewer, and changes
were documented with original coordinates, corrected coordinates,
and justification rationale.

Fig. 3 | Data collection devices.Thisfigure illustrates the equipment and configuration
of the RotatingMobileMonitoring (RMM)method. A researcher is shown on an electric
bicycle outfitted with the necessary data collection devices. Key components, identified
with labels, include the helmet-mounted ‘Insta360 ONE RS’ panoramic camera for
collecting 360-degree street view video, a handheld GPS unit for recording the precise
route, and a smartphone mounted on the handlebars for route navigation. The project
helmet serves both for safety and as a stable platform for the camera.

Table 2 | Data collection campaigns

Season Date Collection period Duration Weekday Temperature (°C) Weather Beijing Seasonal
Average (°C)

Spring 5/26 11:53-12:58
17:05-18:50

2 h 50min weekday 31 ~ 14 Mostly Sunny Spring: 14-28

5/28 11:52-13:15
16:58-18:15

2 h 40min weekday 29 ~ 18 Mostly Sunny

5/29 12:08-13:21
17:29-18:45

2 h 29min weekend 32 ~ 18 Mostly Sunny

Summer 7/19 11:48-13:01,
16:38-17:55

2 h 46min weekday 33 ~ 24 Mostly Sunny Summer: 21-33

8/13 11:45:12:50
19:08-20:21

2 h 18min weekend 34 ~ 23 Mostly Sunny

Autumn 11/13 11:41-12:39
16:25-18:05

2 h 38min weekend 9 ~ -2 Mostly Sunny Autumn: 1-13

11/14 11:27-13:25
16:19-17:47

2 h 26min weekday 13 ~ -3 Mostly Sunny

11/20 11:54-12:45
16:45-18:15

2 h 21min weekend 9 ~ 2 Foggy

Winter 2/16 11:53-13:21
17:06-18:31

2 h 53min weekday 6 ~ -8 Mostly Sunny Winter: -4-8

2/17 11:41-13:05
17:03-18:28

2 h 49min weekday 6 ~ -7 Foggy

2/18 12:06-13:40
17:30-18:55

2 h 59min weekend 7 ~ -4 Mostly Sunny

The “Duration” column shows total collection time per day across both midday and afternoon periods. Start times were maintained within a half-hour window across collection days to ensure temporal
comparability.
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This study received ethical approval fromBeijingUniversity of Science
and Technology Institutional Review Board under protocol number 2024-
3-109 prior to data collection. Under this ethical oversight, privacy pro-
tection measures were implemented including immediate anonymization
during analysis, with personally identifiable features systematically blurred
during processing. Access to raw video footage was restricted to authorized
research personnel only, with secure data storage and retention protocols
stipulating permanent deletion of raw footage within 24 months of study
completion.All analysis focuses exclusively onaggregate behavioral patterns
rather than individual identification, ensuring privacy protection while
contributing to traffic safety research. Furthermore, the individual depicted
in Fig. 3 is one of the authors of this manuscript and has provided written
informed consent for their image to be published herein.

Identification of VRUs
To identify the traffic volume of diverse VRUs, seven types of VRUs were
selected and trained in a machine learning model to automatically detect
VRUs, including pedestrians, cyclists, e-bike riders, delivery e-bike users,
tricycle riders, delivery tricycle users, and motorcyclists. Due to the pre-
valence of delivery services worldwide and frequently reported violations,
delivery personnel were specifically highlighted for violation analysis.

Images were preprocessed by resizing to 1024×1024 pixels and nor-
malization.Manual annotationused LabelMe software71with bounding box
coordinates defining each VRU instance, ensuring balanced representation
across all seven VRU types under diverse lighting conditions and viewing
angles.

To train the machine learning model, image frames recorded during
the lunchtime period on June 4th were selected and annotated using

LabelMe object detection software. LabelMe is a web-based, open-source
graphical image annotation tool that allowed our researchers to manually
draw rectangular bounding boxes around each VRU and assign a class label
(e.g., pedestrian, cyclist), creating the necessary ground-truth dataset for
supervised machine learning. A total of 623 images were annotated, with at
least one subject present in 479 of these images. Model training was con-
ducted on the aforementioned 479 images and corresponding annotation
files, whichwere divided into training and validation datasets in accordance
with an 80% to 20% ratio. The YOLOv8nmodel was configured with input
resolution 1024×1024 pixels, batch size 16, learning rate 0.01 with cosine
annealing, IoU threshold 0.7, confidence threshold 0.25, and 100 training
epochs with early stopping. YOLOv8n (‘You Only Look Once’ version 8-
nano) is a state-of-the-art, real-time object detection model based on deep
convolutional neural networks72. It is designed for fast and accurate detec-
tion, making it well-suited for processing the large volume of images in this
study. The model was trained on our annotated dataset to learn to auto-
matically identify and classify the sevendifferent types ofVRUs from the full
set of street-view images. Upon completion of the training phase, amachine
learning model for VRU detection and classification was generated,
achieving an accuracy of 77.09%.

Identification of violation behaviors
To identify risky behaviors in the recorded images, five volunteers were
recruited and trained to follow consistent criteria (Table 1). Detailed
annotation protocols were developed with specific operational definitions
for each violation type: “not wearing helmet” required clear visual con-
firmation of uncovered head, while “red-light running” was defined as
entering intersections during red signal phase. Before systematic

Table 3 | Statistics of influencing factors

Variable Min Max Mean Standard deviation Statistical sample size Unit

Statistics for 100-meter buffer zone (1417 sampling points)

Road density 0.017 0.082 0.048 0.010 1416/1417 m/m2

Building density 0.002 0.746 0.260 0.132 13861417 m2/ m2

Green space density 0.006 0.670 0.290 0.139 1417/1417 m2/ m2

Population density 0.298 0.904 0.630 0.102 1417/1417 Person/m2

Floor area ratio 0.002 4.346 1.166 0.763 1386/1417 m2/ m2

Number of storefront POI 0.000 170.000 25.081 23.570 1417/1417 Number

Number of bus stop 1.000 2.000 1.033 0.179 567/1417 Number

Number of POI 1.000 192.000 37.111 28.816 1417/1417 Number

Statistics for 150-meter buffer zone (total of 1417 generated points)

Road density 0.024 0.064 0.044 0.007 1416/1417 m/m2

Building density 0.025 0.570 0.247 0.103 1417/1417 m2/ m2

Green space density 0.074 0.597 0.284 0.114 1417/1417 m2/ m2

Population density 0.371 0.922 0.641 0.090 1417/1417 Person/m2

Floor area ratio 0.051 4.247 1.216 0.610 1417/1417 m2/ m2

Number of storefront POI 0.000 322.000 54.764 47.757 1417/1417 Number

Number of bus stop 1.000 3.000 1.106 0.326 889/1417 Number

Number of POI 4.000 388.000 80.599 58.356 1417/1417 Number

Statistics for 200-meter buffer zone (total of 1417 generated points)

Road density 0.024 0.057 0.044 0.006 1417/1417 m/m2

Building density 0.028 0.393 0.198 0.069 1417/1417 m2/ m2

Green space density 0.087 0.538 0.276 0.094 1417/1417 m2/ m2

Population density 0.468 0.917 0.653 0.084 1417/1417 Person/m2

Floor area ratio 0.146 3.089 1.188 0.487 1417/1417 m2/ m2

Number of storefront POI 9.000 366.000 97.286 74.592 1417/1417 Number

Number of bus stop 1.000 3.000 1.290 0.548 1248/1417 Number

Number of POI 18.000 448.000 142.074 91.040 1417/1417 Number
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annotation, all volunteers completed reliability testing on 100 overlapping
images, achieving substantial inter-rater agreement: overall Cohen’s
κ = 0.87 (95% CI: 0.82-0.92), with behavior-specific values ranging from
κ = 0.79 (parallel riding) to κ = 0.93 (not wearing helmet). Weekly con-
sistency checks maintained reliability above κ = 0.80 throughout the
annotation period.

Several training sessions and discussions were organized initially and
throughout the annotation process. Training included theoretical instruc-
tion, practice sessions with feedback, and consensus protocols for ambig-
uous cases. Disagreements were resolved through structured discussion,
with unresolvable cases excluded (<2% of observations). The annotation
was reviewedandvalidatedonaweeklybasis for consistency.Thevolunteers
spent 25 hours per week annotating data for each seasonal day, and the
annotation process lasted approximately 8 weeks. Each volunteer used
DarkLabel object tracking software to annotate violation behaviors,
employing a tracking annotation method to ensure that subjects exhibiting
risky behaviors were annotated from the time they appeared in the captured
video until they disappeared. DarkLabel is a specialized video annotation
tool designed for object tracking73. This functionality was critical for our
study as it enabled annotators to assign a unique identity to an individual
VRU in one frame and then efficiently track that same individual across
subsequent frames. This ensures that a single, continuous violation behavior
performed by one person is counted as one instance, preventing over-
counting from multiple detections of the same event. Each behavior
exhibited by each subject was assigned a unique number during annotation,
with identical behaviors being aggregated to calculate the total number of
occurrences for each behavior type.

Identification of population structure
Todevelopmachine learningmodels capable of recognizing age andgender,
we initially selected images captured during lunchtimeonMay26.Using the
pre-trained machine learning model designed for detecting VRUs, we
identified subjects in the images. The identification process involved run-
ning the VRU detection model to obtain bounding box coordinates, crop-
ping individual subjects with padding to capture complete features, filtering
poor quality images, and manual quality control for visible demographic
characteristics. Subsequently, the identified subjects were cropped using
bounding box coordinates, yielding a dataset of 2020 images. These images
were then categorized for further analysis.

For age recognition, we established four distinct age categories based
on both developmental characteristics and traffic safety literature: children
(0-17 years), youth (18-35 years), middle-aged (36-60 years), and elderly
(61+ years). These age boundaries were selected to align with cognitive and
physical development stages relevant to traffic behavior4,5, as well as age-
related risk patterns identified in existing VRU safety research35,36. The 18-
year threshold distinguishes between minors and adults with full legal
driving responsibilities, while the 61+ category captures age-related
mobility and sensory changes that affect traffic behavior39. Ground truth
labeling of 200 randomly selected images was performed by three trained
annotators who classified subjects based on visible physical characteristics,
achieving high inter-annotator agreement (κ = 0.89). The age classification
relies on computer vision analysis of facial and bodily characteristics to
categorize individuals into broad age groups relevant for traffic safety
analysis74.

For gender classification, the images were labeled as male or female
through manual annotation based on visual characteristics including
clothing, hairstyle, body shape, and movement patterns. The same three-
annotator approach was used with high inter-annotator agreement
(κ = 0.92). The dataset was then split into training and validation sets using
an 80:20 ratio.

Aswith theVRU type identification, theYOLOv8nmodelwas used for
its efficiency and high performance in classification tasks. For this purpose,
two separate models were trained: one to classify the identified VRUs into
four age categories and another to classify them by gender. The training
process utilized YOLOv8n with input resolution 640×640 pixels, batch size

32, learning rate 0.001 with cosine annealing, and 100 training epochs with
early stopping. Upon completion of training, twomachine learningmodels
were developed: one for age detection and one for gender detection. The age
recognition model achieved an accuracy of 98.89%, while the gender
recognition model achieved an accuracy of 99.79%. These accuracy rates
reflect themodel’s ability to correctly classify the broad age categories rather
than precise age estimation, which is appropriate for the traffic safety
behavioral analysis objectives of this study.

The different dataset sizes reflect our sequential analysis pipeline: VRU
detection required 623 full scene images to learn object detection, while
demographic classification used 2,020 individual VRU crops to learn clas-
sification features. The larger demographic dataset was necessary because
individual subjects provide more focused training samples and greater
diversity for capturing demographic variations.

Multi-scale statistical methods
This study employed multi-dimensional statistical analysis methods to
systematically analyze traffic users’ violations. The research began with
descriptive statistics, including thedistributionof user types, gender andage,
as well as violation patterns across different seasons and time periods.
Subsequently, through cross-analysis methods, the study delved into the
demographic characteristics of different traffic user groups, using stacked
bar charts to display the gender-age composition of various traffic
participants.

For spatial-temporal pattern analysis, the study constructed two-
dimensional heatmaps based on season-time period combinations, reveal-
ing the temporal-spatial distribution patterns of violations from both
absolute quantity and relative proportion perpectives, and identifying high-
frequency periods for various types of violations. To better understand the
factors influencing violations, the study further employed conditional
probability analysis methods, calculating the conditional probabilities of
three feature combinations: gender-age, subject-gender, and subject-age,
and visualizing the top 10 most significant feature combinations. All sta-
tistical analyses and visualizations were implemented using Python, utiliz-
ing matplotlib and seaborn libraries for plotting, with carefully designed
color schemes and chart layouts to ensure clear presentation of research
results.

The study employed spatial autocorrelation analysis to investigate the
spatial distribution characteristics of violations, utilizing both global and
local indicators for multi-scale examination. Global Moran’s I index was
used to assess overall spatial clustering, measuring whether violation pat-
terns exhibit spatial dependence across the study area75. This index ranges
from [-1,1], with positive values indicating positive spatial correlation
(clustering of similar values), negative values indicating negative correlation
(clustering of dissimilar values), and zero indicating random spatial
distribution.

To reveal local spatial pattern heterogeneity, we calculated Local
Indicators of Spatial Association (LISA), which decomposes global spatial
autocorrelation into location-specific components, enabling identification
of statistically significant local clusters and outliers75,76. Spatial relationships
were defined using queen contiguity (locations sharing edges or vertices),
with the weight matrix row-standardized to ensure comparability across
locations with different numbers of neighbors.

LISA analysis identifies four distinct spatial association patterns: (1)
High-High clusters (areas with high violation rates surrounded by areas
with similarly high rates), (2) Low-Low clusters (areas with low violation
rates surrounded by areas with similarly low rates), (3) High-Low outliers
(areas with high violation rates surrounded by areas with low rates), and (4)
Low-High outliers (areas with low violation rates surrounded by areas with
high rates). Statistical significance was determined using Monte Carlo
permutation tests with 999 repetitions, where violation values were ran-
domly reassignedwhilemaintaining spatial structure. Significancewas set at
p < 0.0577.

LISA cluster maps were constructed displaying only statistically sig-
nificant spatial associations, with different colors representing each pattern:

https://doi.org/10.1038/s44333-025-00068-y Article

npj Sustainable Mobility and Transport |             (2026) 3:1 8

www.nature.com/npjsustainmobiltransport


red for High-High clusters, blue for Low-Low clusters, pink for High-Low
outliers, light blue for Low-High outliers, and gray for non-significant
locations. This analysis was conducted for each of the 16 violation types
using 1,417 sampling points across the study area. All spatial analyses were
implemented using Python’s PySAL library78, providing detailed spatial
intelligence for targeted intervention strategies.

Machine Learning for Environmental Factor Analysis
This research employed machine learning methods, combining XGBoost
regression models and SHAP (SHapley Additive exPlanations) analysis to
explore relationships between environmental variables and behavioral
patterns. In the data preprocessing stage, violation indicators and traffic
variables were averaged across different seasons and time periods by loca-
tion to create location-specific features, andall environmental variableswere
standardized, with categorical variables like seasons and time periods being
one-hot encoded. The modeling phase used XGBoost regression with key
parameters including 300 estimators, 0.01 learning rate, maximum tree
depth of 4, minimum child weight of 3, 0.6 sample and column sampling
ratios, and gamma value of 0.1, along with a 95% training and 5% testing
split ratio, using early stopping (patience=10) to prevent overfitting. Three
types of visualizations were generated for each target behavioral variable:
SHAP summary plots (showing the top 15 most influential features and
their impact direction), SHAP bar plots (quantifying the absolute impor-
tance of the top 15 features), and SHAP dependence plots (examining
relationships between the most important features and target variables).
Environmental variable selection covered multiple urban elements,
including road characteristics (density, width, coverage within 150m and
200m buffers), building characteristics (density, floor area ratio within
100m/150m/200m buffers), POI distribution (100m/150m/200m buf-
fers), green space coverage (100m/150m/200m buffers), population den-
sity (100m/150m/200m buffers), transit accessibility (bus stops within
100m/150m/200m buffers), and commercial facility density (100m/
150m/200m buffers), with model performance evaluated through
R-squared values on both training and testing sets79.

Results
Profile of violators and violations
This study recorded 20,616 cases of risky behaviors by VRUs (see Fig. 4).
Analysis of violaters revealed that e-bike users were the main group of
violators, accounting for 52.9% of the total, followed by pedestrians (18.5%)
and food delivery riders on e-bikes (17.5%).

This finding highlights the unique position of e-bikes in urban trans-
port; their speed and utility, particularly for commuting and the gig econ-
omy, may lead riders to adopt more aggressive behaviors compared to
traditional cyclists, while not being subject to the same licensing and
enforcement asmotorcyclists. Regarding the demographic characteristics of
the cases, male violators accounted for 75.3%, significantly higher than
females; ages were mainly concentrated in the middle-aged group,
accounting for 78.4%.

This demographic skew towards middle-aged males may reflect their
higher participation rates in commuting and delivery services, and poten-
tially a greater propensity for risk-taking behavior in this cohort, as docu-
mented in broader traffic safety literature. In terms of temporal distribution
patterns, violations showed clear seasonal and temporal differences: spring
was the peak period for violations (8305 cases), and the afternoon peak
period (11499 cases) had significantly more violations than the midday
period (9,117 cases). Regarding types of behaviors, not wearing helmets
(11714 cases) was the most common violation, followed by riding in motor
vehicle lanes (2057 cases) and illegally carrying passengers (1828 cases).
These findings reveal distinct group characteristics and spatio-temporal
distribution patterns in the violation behaviors of VRUs, providing
important empirical evidence for developing targeted traffic safety man-
agement measures.

A multi-dimensional analysis of traffic violations by VRUs revealed
significant demographic characteristics and spatio-temporal distribution

patterns in violation behaviors (see Fig. 5). Regarding the demographic
characteristics of violators, middle-aged males were the primary violating
demographic among e-bike users, with 5,502 violations, while middle-aged
females and young people had relatively fewer violations. Violations by food
delivery e-bike riderswere almost entirely concentrated amongmiddle-aged
males, which is highly consistent with the occupational characteristics of
delivery riders. In terms of spatio-temporal distribution, spring afternoons
were the peak period for various violations, particularly for behaviors, such
as not wearing helmets and riding in motor vehicle lanes. The research also
indicated that certain violations had distinct temporal characteristics, such
as red-light running being more concentrated in autumn mornings, while
riding in motor vehicle lanes peaked in spring afternoons.

In the analysis of violation combinations, “electric bike-male-middle
aged-no helmet” was the most typical violation pattern with 3781 cases,
followed by the combinations of “electric bike-female-middle aged-no
helmet” and “delivery electric bike-male-middle aged-no helmet”. This
multidimensional analysis of violation characteristics revealed typical vio-
lation patterns among different demographic groups during different time
periods, providing important empirical evidence for developing targeted
traffic management measures. For delivery riders specifically, besides the
common issue of notwearinghelmets, riding inmotor vehicle laneswas also
a prominent safety hazard. These findings not only deepened the under-
standing of violation behaviors among VRUs but also provided a scientific
basis for implementing traffic safety management measures tailored to
specific locations and times.

Spatial distribution patterns
In our study of spatial distribution patterns of traffic violations byVRUs, we
discovered significant spatial patterns through LISA cluster analysis. By
examining theMoran’s I values for different types of violations, we gained a
deeper understanding of their spatial autocorrelation characteristics (see
Fig. 6). Fig. 6 displays the Local Indicators of Spatial Association (LISA)
cluster maps for different types of VRU violations across the study area.
Each map shows statistically significant spatial clusters and outliers for
specific violation types, with different colors representing: red areas indicate
High-High clusters (violation hotspots surrounded by similar hotspots),
blue areas show Low-Low clusters (areas with consistently low violation
rates), pink areas represent High-Low outliers (isolated hotspots), and light
blue areas indicate Low-High outliers (isolated low-violation areas). Gray
areas show locations with no statistically significant spatial association.

The results indicate that different types of violations exhibit distinct
spatial distribution patterns. Among these, illegal bike parking behavior
demonstrated the strongest spatial autocorrelation,with aMoran’s I valueof
0.228, indicating clear spatial clustering of this type of violation. This clus-
teringmaybe related to insufficient parking facilities in specific areas or local
differences in infrastructure provision and management practices.

Regarding safety protection behavior, not wearing helmets showed
moderate spatial autocorrelation (I = 0.149). This spatial clustering might
reflect micro-environmental influences, such as variations in local enfor-
cement intensity, neighborhood-level social norms, proximity to helmet
retail outlets, and localized traffic safety education efforts within the study
area, rather than broad regional cultural patterns.

This strong clustering is not random; it provides a clear behavioral
insight that such violations are highly location-dependent, likely occurring
in areas with high demand but insufficient or poorly located parking
infrastructure, such as near commercial centers or public transit stations.
This finding offers a direct and actionable application: the generated LISA
cluster maps can serve as a diagnostic tool for urban planners to identify
precise locations where the installation of new bicycle parking facilities is
most needed.

Traffic violations, such as running red lights (I = 0.056), wrong-way
riding (I = 0.051), and riding side by side (I = 0.031) showed relatively weak
spatial autocorrelation. This suggests these violations are less influenced by
specific site characteristics and are more likely driven by individual beha-
vioral factors like impatience, risk perception, or situational decisions. This
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distinction is critical for policy; while illegal parking can be addressed with
targeted infrastructure changes, reducing red-light running may require
broader-based interventions, such as enhanced enforcement, public
awareness campaigns, or improved traffic signal timing to reducewait times.

Distracted riding behaviors, including using phones while riding
(I = 0.051) and wearing headphones (I = 0.034), also showed weak spatial
autocorrelation. This distribution pattern indicates that such behaviors are
primarily influenced by personal usage habits and have low correlationwith
location factors.

Analysis of riding in motor vehicle lanes (I = 0.085) and riding on
sidewalks (I = 0.084) revealed that these road occupation behaviors showed
slight positive spatial autocorrelation. This spatial clustering patternmay be
related to road design, traffic facility layout, and regional traffic flow
characteristics.

Overall, the LISA cluster analysis results (Fig. 6) reveal distinct spatial
clustering patterns for different violation types. Illegal bike parking
demonstrates the strongest spatial clustering, with clearly defined High-
High clusters concentrated around commercial areas and transit nodes,
indicating systematic parking problems in these locations. Not wearing
helmets shows moderate spatial clustering with several High-High clusters
distributed across the study area, suggesting localized areas where helmet
non-compliance is particularly prevalent. In contrast, violations, such as
red-light running, wrong-way riding, and riding side by side show weaker
spatial autocorrelation with fewer significant clusters, indicating these
behaviors are more randomly distributed across space and likely influenced
by individual behavioral factors rather than location-specific environmental
characteristics.

This spatial analysis reveals significant differences in the spatial dis-
tribution patterns of traffic violations by VRUs within the local study area.
Some behaviors show clear localized clustering characteristics, while others

display more random distribution patterns. These findings provide an
important scientific basis for developing differentiated management stra-
tegies at the neighborhood and street level and optimizing urban traffic
environments. Future management measures should fully consider this
micro-spatial heterogeneity and implement corresponding management
and improvement measures according to local conditions.

Environmental Influencing factors on behaviors
Statistical data on environmental factors surrounding VRUs were collected
across different buffer zones (100meters, 150meters, and 200meters), with
1417 sampling points in each zone (Table 3). Analysis of these environ-
mental factors reveals: the study areahas a highdensity of built environment
features, especiallywithin smaller buffer zones; public facilities showdistinct
spatial clustering characteristics with improved accessibility over larger
buffer zones; population distribution is relatively uniform, though building
density shows some spatial variation; and green spaces are evenly dis-
tributed, demonstrating good urban planning characteristics.

Specifically, regarding roads and building environments, road density
remains relatively stable across the three buffer zones, with average values
between 0.044-0.048m/m²; building density decreases as the buffer zone
expands, dropping from 0.260 in the 100-meter zone to 0.198 in the 200-
meter zone, indicating higher building density in the urban core; floor area
ratio remains relatively stable across different buffer zones, with average
values between 1.166-1.216. Regarding green spaces, green space density
remains relatively stable across the three buffer zones, with average values
between 0.276-0.290m²/m², indicating relatively uniform distribution of
green spaces in the study area. In terms of population distribution, popu-
lation density slightly increases as the buffer zone expands, from 0.630
people/m² to 0.653 people/m², with standard deviation decreasing as the
buffer zone expands, suggestingmore uniformpopulation distribution over

Fig. 4 | Basic Statistics ofVRUViolations.Thisfigure presents a statistical overview
of the 20616 observed VRU violations. The six panels detail the following dis-
tributions: (a) Violators by carrier type, showing e-bikes as the majority (52.9%). (b)
Gender distribution of violators, with males accounting for 75.3%. (c) Age dis-
tribution of violators, with the middle-aged group being the largest (78.4%). (d)

Total violation counts by season, with spring having the highest frequency (8305
cases). (e) Total violation counts by time of day, showing more violations during the
afternoon peak (11,499 cases) than the midday period. (f) Total counts for each of
the 16 violation types, highlighting “not wearing a helmet” as the most common
infraction (11,714 cases).
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larger areas. Regarding public facility accessibility, the number of Points of
Interest (POIs) increases significantly as the buffer zone expands, from an
average of 37.111 (100 meters) to 142.074 (200 meters); specifically, retail
storefronts show a similar trend, increasing from 25.081 to 97.286; and the
number of bus stops increases from an average of 1.033 to 1.290. In terms of
data coverage, most indicators have nearly complete samples (1417/1417);
only bus stop data shows lower coverage across different buffer zones,
particularly in the 100-meter buffer zone with only 567 valid samples.

The analysis of SHAP values from geographically weighted machine
learning models reveals complex relationships between environmental
features and the model’s prediction of risky behaviors (Fig. 7). To illustrate
the interpretation of SHAP analysis, we provide specific examples from the
sub-figures: In the ‘not wearing helmets’ SHAP plot, many points for the
‘season_spring’ feature are distributed to the right of 0 (positive SHAP
values), indicating that the spring season factor has a positive influence on

model prediction, i.e., it increases the probability of not wearing helmet
behavior occurring. Similarly, for ‘building_density’, the concentration of
red points (high building density) on the positive side demonstrates that
areas with higher building density consistently increase helmet non-
compliance likelihood. Conversely, in the ‘car_flow’ feature, while most
points show positive influence, the presence of some blue points (low traffic
flow) on the negative side indicates that very low traffic areas may actually
decrease violation probability.

For distraction behaviors, such as mobile phone use, the SHAP plots
show ‘car_flow’ as the most influential factor, with predominantly red
points distributed on the positive side, indicating that high traffic flow areas
significantly increase distraction behavior occurrence. The
‘commercial_150m’ feature shows a similar pattern, where red points (high
commercial density) cluster on the positive side, demonstrating that com-
mercial areas within 150m consistently promote distraction behaviors.

Fig. 5 | Multi-dimensional Analysis of VRU Violation Patterns. (a) Heatmap
showing the absolute count of each violation type distributed by season and time
period. (b) Heatmap showing the percentage distribution of each violation type

across seasons and time periods. (c) Gender and age distribution of violators for each
carrier type. (d) The top 10 most frequent violation pattern combinations, detailing
carrier, gender, age, and specific behavior.
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Among these, distraction behaviors (phone calls, conversations
while riding, mobile phone use, and wearing headphones) are most
significantly affected by car_flow, demonstrating strong positive
associations with building_density and commercial_150 m. Among
built environment variables, metrics within a 150 m radius demon-
strate optimal predictive efficacy, indicating that distraction

behaviors occur more frequently in areas with heavy traffic and
commercial activity.

Behaviors involving rule violations (jaywalking, riding side by side,
running red lights, and riding against traffic) are predominantly influenced
by road_width, road_density, and car_flow. Behaviors involving improper
road space usage (riding on sidewalks, riding on motorized vehicle lanes,

Fig. 6 | LISA clustering analysis results for VRU
violation behaviors. Each map corresponds to a
specific violation type and displays statistically sig-
nificant spatial clusters. The color coding is as fol-
lows: red indicates High-High clusters (hotspots
where high violation rates are surrounded by simi-
larly high rates), blue represents Low-Low clusters
(areas with consistently low violation rates), pink
denotes High-Low outliers (isolated hotspots), and
light blue shows Low-High outliers. The Global
Moran’s I value is provided for each violation,
quantifying the overall degree of spatial auto-
correlation, with illegal bike parking (I = 0.228)
showing the strongest clustering.
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and walking on non-motorized vehicle lanes) show strong spatial depen-
dence, with road_width and building_density having the most significant
impact and demonstrating clear interactive effects among different traffic
flow patterns. Illegal bike parking behaviors are primarily influenced by
building_density and commercial_150m. Behaviors reflecting insufficient
safety protection (not wearing helmets, not stopping at crosswalks) display
high sensitivity to car_flow, building_density, and road_density. Finally,
both overloading behaviors (carrying passengers) and unauthorized road
usage behaviors exhibit significant dependence on car_flow, while also
showing strong associations with building_density and commercial_150m.

The SHAP value analysis further reveals several universal patterns.
First, regarding spatial influence, environmental variables within a 150m
radius (commercial_150m, poi_150m, etc.) consistently demonstrate the
strongest predictive power, with building_density and commercial_density
being the most universal influencing factors, while road_width and
road_density significantly impact specific behavior types. Second, con-
cerning traffic flow effects, car_flow significantly influencesmost behaviors,
with clear interactive effects observed among different transportation
modes. Third, regarding built environment impacts, high commercial_-
density areas serve as hotspots for multiple violation behaviors, while
building_density shows a consistent positive correlation with violation
behaviors.

These findings illuminate the spatial distribution and influence
mechanisms of VRUs’ risk behaviors, suggesting that traffic management
policies need to consider environmental variability, particularly through
comprehensive governance in high commercial_density areas, optimization
of environmental factors within a 150m radius, and coordination between
traffic flow management and spatial governance. These findings provide
important quantitative evidence for developing refined traffic management
strategies and optimizing cycling environments, while also revealing com-
plex relationships between risk behaviors and the urban built environment.

Discussions
In terms of data collection, our approach offers several advantages over
traditional data sources. Traditional social observation methods80,81 inher-
ently contain human observational biases, while questionnaire data82,83

suffers from self-reporting limitations and subjective influences. Collision
data84,85 presents privacy concerns and challenges with data imbalance. Our
study addresses these limitations by employingvideoanalysis as theprimary
data source, which offers significant advantages over these traditional
methods86.

Our implementation of the RMM method for road data collection
represents a substantial improvement over stationary monitoring
approaches87–90, which typically require a large number of observation
points and expensive video recording equipment. While traditional meth-
ods incur significant time and labor costs, particularly for large-scale studies,
the RMM approach proves more economically efficient by reducing both
personnel and equipment requirements while enabling broader coverage of
the study area through a combination ofmobile and stationarymonitoring.

Furthermore, our use of 360-degree panoramic cameras for road video
data collection offers comprehensive coverage compared to forward-facing
cameras87,90,91, providing more complete road condition information while
minimizing equipment needs. Given that current research rarely addresses
seasonal variations and their relationship with VRU risk behaviors92,93, we
conducted data collection across all four seasons, conducting detailed
analysis and cross-seasonal comparisons to comprehensively study VRU
behavior patterns throughout the year. To optimize collection efficiency, we
followed the established practice of collecting data during peak pedestrian
flow periods87,94, focusing on both midday and evening peak traffic periods.

In our comprehensive analysis of VRU risk behaviors, we built upon
previous work to develop a more complete analytical framework that
includes spatial dimensions, violator characteristic dimensions, risk beha-
vior indicators, and covariate indicators.

Regarding risk behavior indicators, we found that previous research
did not provide a comprehensive list of risk behaviors. For example, some

studies focused on specific infractions like not wearing safety helmets and
usingmobile deviceswhile in traffic19,25. Others examined violations, such as
running red lights90, wrong-way riding, and cycling on sidewalks19. Some
research has taken a broader approach by examining multiple behaviors at
once, including wrong-way driving, running red lights, and jaywalking.
Building on previous research, we expanded the range of potential VRU risk
behaviors to 16 types, aiming to cover VRU risk behavior categories as
comprehensively as possible.

In terms of spatial dimensions, we found that many researchers
focusedonVRUviolations at intersections95,96,while fewer studies examined
road segments89, which clearly cannot provide a complete picture. In our
study,we coveredboth intersections and road segments, allowingus to draw
more comprehensive conclusions.

When analyzing the correlational relationship between risk behaviors
and VRUs, we found that not all types of risk behaviors are related solely to
VRU groups; some are also related to infrastructure. Current research tends
to focus either on VRU behavior97,98 or infrastructure conditions99,100, with
few studies considering both factors comprehensively. Researchers have
reached a consensus that covariate factors are associated with VRU risk
behaviors. Building on previous research, we enriched the covariate indi-
cators to include road density, building density, green space density,
population density, floor area ratio, storefront density, number of bus stops,
andPOIdensity, thereby conducting amore comprehensive analysis of how
covariates are associated with VRU risk behaviors.

While this study provides valuable insights, several limitationsmust be
acknowledged. First, the data collection was conducted within a specific
12.35 km² area in Beijing’s Shijingshan district, which may limit the direct
generalizability of our findings to other urban contexts. However, our study
area selection was strategically designed to maximize representativeness, as
it encompasses amix of landuses (commercial, residential, educational) and
road types that are common in many modern cities. To assess the gen-
eralizability of our behavioral findings within a limited scope, we conducted
a comparative analysis in another typical urban built-up area of Beijing:
Xueyuanlu Township in Haidian District65. This study area is a repre-
sentative urban district with diverse land uses, mixing residential areas,
commercial zones, and multiple university campuses. The data was col-
lected in the spring of 2022 during daytime (14:52–17:46). That study
similarly revealed the dominance of electric bicycles in non-motorized
traffic (accounting for 72.1% of all riders) and their associated risky beha-
viors (such as a helmet-wearing rate of only 32.3%). The fact that two
independent studies in different, representative urban districts both point to
similar traffic behavior patterns suggests that the key challenges identified in
our Shijingshan study—particularly the safety issues associated with e-bikes
—are not isolated phenomena but are likely a prevalent pattern in a high-
density city like Beijing. This cross-regional consistency enhances, to some
extent, the external validity of our conclusions. Future research should build
on this by conducting systematic, multi-site studies across different regions
to develop more universally applicable intervention strategies.

Second, regarding data collection duration, our stationary observation
approach recorded data for one signal cycle (approximately 120 seconds) at
each intersection during each visit, which is shorter than standard traffic
engineering practices that typically involve 2-3 hours per day over 3-7 days
per intersection. This limitation may affect the capture of complete traffic
dynamics and behavioral variations at individual intersections. However,
ourRMMapproachwasdesigned tobalance this limitation throughbroader
spatial-temporal coverage: we collected data at 25 intersections across
11 days spanning four seasons, with each intersection visitedmultiple times
across different seasons and time periods, resulting in a total dataset of
367,076 images. This approach prioritized systematic multi-seasonal and
multi-location analysis over intensive single-location observation, enabling
us to capture seasonal and spatial variations in VRU behaviors that would
not be possible with traditional intensive single-site approaches.

The trade-off between observation duration per site and spatial-
temporal coverage represents a methodological choice aligned with our
research objectives of understanding broad patterns across seasons and
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Fig. 7 | Environmental Factors Influencing VRUViolation Behaviors. This figure
displays the SHAP (SHapley Additive exPlanations) feature importance plots from
the XGBoost regression models for various violation types. Each bar chart ranks the
top 15most influential environmental, traffic, and temporal variables in predicting a
specific violation behavior. The length of the bars represents the mean absolute

SHAP value, indicating the feature’s average impact on the model’s output magni-
tude. The R-squared (R²) value for each model is included in the sub-plot title,
indicating its predictive performance. The analysis consistently highlights the
importance of factors within a 150-meter buffer, such as commercial and building
density, as well as traffic flow conditions.
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locations rather than intensive micro-level traffic dynamics at individual
intersections. Nevertheless, future studies could benefit from combining
both approaches: intensive multi-day observations at selected key inter-
sections to validate the representativeness of shorter observation periods,
alongside the broader spatial-temporal coverage achieved through the
RMM method. Additionally, the development of automated detection
systems could enable continuous long-termmonitoring that overcomes the
resource constraints that currently necessitate such trade-offs between
depth and breadth of data collection.

Regarding seasonal data collection, we acknowledge that our sampling
of 2-3 days per season, while carefully selected to represent typical seasonal
conditions, may not capture the full spectrum of behavioral variations that
occur throughout each season. While our approach of selecting repre-
sentative days with temperatures matching seasonal averages minimizes
weather-related confounding factors, longer data collection periods
per season would provide more robust seasonal representation and better
capture within-season variations. Future studies should consider extending
the temporal sampling within each season, such as collecting data over
multiple weeks per season or implementing systematic sampling through-
out each seasonal period, to strengthen the reliability of seasonal behavioral
patterns and account for potential week-to-week variations within seasons.

It is important to note that our spatial clustering interpretations are
limited to micro-scale environmental and social variations within a single
district rather than broad regional differences. The observed spatial patterns
in violation behaviors likely reflect very localized influences, such as street-
level infrastructure variations, neighborhood-specific enforcement prac-
tices, local business environments, and micro-community social dynamics.
True regional cultural differenceswould require comparative analysis across
multiple districts or cities. Future research should distinguish between these
micro-environmental clustering effects and broader regional or cultural
patterns through multi-district comparative studies.

Conclusions
This study presents a comprehensive analysis of VRU traffic violation
behaviors using innovative mobile sensing techniques and multi-scale ana-
lytical methods. Our findings reveal distinct patterns in violation behaviors
acrossdifferent seasons, timesofday, and spatial locations, demonstrating the
complex interaction between human behavior and urban environments.

The study makes several key contributions. Methodologically, it
introduces an efficient RMM approach for collecting comprehensive VRU
behavior data, overcoming the limitations of traditional fixed-point obser-
vations. The analysis identifies critical spatio-temporal patterns in violation
behaviors, with distinctive seasonal variations and clear afternoon peak
periods. The research establishes strong correlations between built envir-
onment characteristics and violation behaviors, particularly within 150m
buffer zones, suggesting an optimal scale for urban intervention strategies.
Thefindings highlight the disproportionate representation of e-bike users in
violation behaviors and the prevalence of helmet non-compliance, pointing
to specific areas requiring targeted intervention.

These results provide valuable insights for urban planners and pol-
icymakers, suggesting that effective VRU safety interventions should con-
sider both temporal variations and spatial characteristics of the built
environment. The study’s findings can inform the development of more
targeted and effective safety measures, particularly in areas with high
commercial density and complex road networks.

For risk factor identification in video data, previous researchers typi-
cally employed video coding and extraction methods to generate key
behaivor indicators. However, this approach proved insufficient for our
study due to the diverse range of risk behaviors and the challenges in
programmatically capturing VRU movements. To overcome these limita-
tions, we adopted a hybrid approach combining human expertise with
machine learning.Wemanually annotated 16 types of VRU risk behaviors,
labeling approximately 623 images and validating 367,076 images. This
approach allowed us to identify risk factors at a fine spatial scale and analyze

their spatial distribution patterns. Additionally, we employed deep learning
methods to classify pedestrians by age group and gender.

The study encompasses most urban land use types, demonstrating
strong representativeness. The methodology is readily replicable, enabling
future crowdsourced data collection using the RMM approach to expand
research scope and facilitate analyses of larger datasets. Looking ahead,
future research should focus on expanding the geographical scope of this
analysis and investigating the effectiveness of specific intervention strategies
based on identified patterns. The development of advanced algorithms for
automatic violation behavior detection represents another promising
direction, potentially enabling more efficient and comprehensive mon-
itoring of VRU behaviors. The established methodology also opens
opportunities for crowdsourced data collection, enabling the development
of more comprehensive datasets and deeper insights into VRU behavior
patterns across diverse urban contexts.

This comprehensive approach to understanding VRU behavior pat-
terns and risk factors provides a solid foundation for developing targeted
urban safety interventions and informing future research that can improveg
road safety for VRUs in urban environments.

Data Availability
The minimal dataset generated and analyzed during the current study,
including anonymized violation counts, locations, and associated environ-
mental variables, is available from the corresponding author on reasonable
request.

Code availability
The custom Python scripts used for the analysis are available from the
corresponding author on reasonable request.
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