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ABSTRACT

Traffic accidents, especially at intersections, are a major road safety concern. Previous research
has extensively studied intersection-related accidents, but the effect of building-induced visibil-
ity restrictions at intersections on accident rates has been under-explored, particularly in urban
contexts.

Using OpenStreetMap data, the UK’s geographic and accident datasets, and the UK Traffic
Count Dataset, we formulated a novel approach to estimate accident risk at intersections. This
method factors in the area visible to drivers, accounting for views blocked by buildings - a distinc-
tive aspect in traffic accident analysis.

Our findings reveal a notable correlation between the road visible percentage and accident
frequency. In the model, the coefficient for "road visible percentage" is 1.7450, implying a strong
positive relationship. Incorporating this visibility factor enhances the model’s explanatory power,
with increased R-square values and reduced AIC and BIC, indicating a better data fit.

This study underscores the essential role of architectural layouts in road safety and sug-
gests that urban planning strategies should consider building-induced visibility restrictions. Such
consideration could be an effective approach to mitigate accident rates at intersections. This re-
search opens up new avenues for innovative, data-driven urban planning and traffic management
strategies, highlighting the importance of visibility enhancements for safer roads.

Keywords: Road Safety, Intersection Visibility, Accident Prediction, Geographic Information Sys-
tems (GIS)
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INTRODUCTION

Road traffic accidents remain a persistent global public health concern, leading to severe injuries,
fatalities, and substantial economic impact annually (/). As suggested World Health Organization
(2), every year there is about 1.3 million people could not survive the catastrophic traffic accidents,
and a further 20-50 million people suffer from non-fatal injuries. In addition to the human casu-
alties, road traffic accidents result in significant economic losses for most countries, representing
approximately 3% of their Gross Domestic Product (GDP) (2). These accidents are influenced
by a multitude of factors, including road conditions, weather, driver behavior, and vehicle charac-
teristics (3—7). However, one element that remains inadequately explored is the role of visibility
at intersections, particularly within the dense urban fabric of city landscapes. Our study aims to
bridge this understanding gap by conducting a GIS-based quantitative examination of the corre-
lation between road visibility and accident occurrence rates in the city of London. We further
extended our research scope to the city of Manchester to validate the generalization of our model
and research findings.

Intersections are known hotspots for traffic accidents due to the highly frequent interac-
tions among different types of road users (8). The National Highway Traffic Safety Administration
(NHTSA) reports that over 80% of pedestrian accidents relate to intersections(9). The risk of col-
lisions at intersections is approximately 335 times higher than at non-intersections, primarily due
to obstructed sightlines. Kumar and Toshniwal (10) employed data mining to classify accident-
prone locations based on frequency. Yet, in the effort to enhance intersection safety, one potential
risk factor has been largely overlooked—the potential impact of obstructed driver visibility due to
surrounding buildings (/7). Buildings adjacent to intersections can obscure drivers’ views of in-
coming traffic, pedestrians, or road signs, thereby increasing the likelihood of accidents. This study
innovatively incorporates the key factor of buildings into the calculation of intersection visibility
through GIS spatial image analysis. The resulting visibility index is then integrated into the inter-
section risk assessment, enabling a more comprehensive understanding of the accident-proneness
of intersections based on spatial analysis.

Our study highlights the significant role of intersection visibility in road traffic accidents.
The insights gained can inform urban planners, traffic engineers, and policymakers in designing
safer road networks and formulating effective traffic strategies. Ultimately, our findings contribute
to efforts aimed at reducing the frequency of road traffic accidents, improving overall road safety
in urban environments (7).

Our study makes the following contributions to the field of traffic safety and urban planning:

* Our approach is the first to consider the driver’s field of view as a crucial element in
intersection safety evaluation. This innovative methodology provides fresh insights and
potential strategies for enhancing traffic safety.

* We introduce a real-time method for estimating intersection risk, leveraging live traffic
and environmental data. This method enables dynamic responses, a critical aspect of
improving traffic management efficiency.

* Our model, tested extensively with the London map and the UK accident dataset, showed
a substantial decrease in AIC and BIC by 322.8 and 317.93 units respectively when the
‘view percentage’ was included, strongly suggesting its significance as a predictor of
accidents.

Our paper is organized as follows:

1. Related Work -This section reviews previous studies related to the research topic. It
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provides a critical evaluation of the existing literature, identifying gaps or inconsisten-
cies in the current knowledge, and outlining how the present study aims to address these
gaps.

2. Data Collection and Preprocessing - This section details the data sources used in the
study and how the data was gathered. It also describes the preprocessing steps taken to
prepare the data for analysis.

3. Methodology - This section explains the methods used in the study, including the cal-
culation of view percentages, the categorization of road sections, and the intersection
risk modeling process.

4. Results and Discussion - This section presents the results obtained from the analysis,
including the model performances and the relationships identified. The findings are
discussed in the context of the research questions and the existing literature.

5. Conclusions and Future Work - This section provides a summary of the research and
its key findings. It outlines the implications of the results, draws conclusions, and sug-
gests potential areas for future research.

RELATED WORK

Intersection as Critical Zones for Road Accidents

Intersections, with their heightened number of conflict points and requirements for simultaneous
interactions among multiple road agents, are well recognized as significant hotspots for road safety
concerns. The likelihood of collisions at intersections is reported to be approximately 335 times
higher than at other road segments, predominantly caused by vehicles turning with obstructed
sightlines (/2). Furthermore, the National Highway Traffic Safety Administration reports that over
80% of pedestrian accidents can be categorized into specific types, with a substantial portion being
intersection-related (9).

Several studies have investigated this intersection-accident nexus. A study by (/3) ana-
lyzed the triggers of intersection-related accidents, identifying key traffic safety issues. However,
this study did not dissect the unique characteristics of intersection and non-intersection-related
accidents and lacked an in-depth exploration of geographic features and traffic characteristics.
Similarly, Kumar and Toshniwal (10) used data mining techniques to classify accident locations
based on accident frequency, but their analysis was limited by the lack of additional data, such as
vehicle speed, weather information, and road conditions.

Exploration into Intersection Accident Factors

The complexity of intersection-related traffic accidents has prompted a multitude of research ef-
forts aimed at understanding the contributing factors. These factors can be broadly divided into
two major categories: human factors and environmental factors.

Investigations into human factors have largely centered around the behaviors of drivers
and pedestrians. Studies, such as those by Lee et al. (3) and Tomoda et al. (4), have probed
the correlation between population size, non-motorized transport users, children’s behaviors at
intersections, and accident rates. However, these studies face limitations due to the reliance on self-
reported data and the lack of geographical and cultural standardization. While qualitative data offer
insights into individual experiences, perceptions, and subjective interpretations, the integration of
quantitative metrics, such as accident rates, can provide a more comprehensive and measurable
understanding of human factors contributing to intersection-related accidents.
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On the other hand, research into environmental factors in intersection-related accidents
employs various quantitative methodologies and models. These studies consider variables like
accident severity, road type, external conditions, intersection attributes, time factors, infrastructure
elements, and vehicle factors (5, /4-21). However, many of these studies overlook less tangible
factors such as geographical characteristics of accidents and other potential contributors that are
difficult to directly observe or record.

Intersection Visibility and Road Accidents

Intersection visibility, encompassing the driver’s visual field and sight distance, plays a pivotal role
in road safety (22, 23). Sight distance, or the length of road visible to a driver, is particularly crucial
at intersections to ensure safe maneuvering. However, various factors such as road curvature or
roadside obstructions can compromise this visibility. In response to these challenges, recent studies
have employed high-resolution lidar data, simulations, and Digital Elevation Models (DEM) to
explore these elements and assess their impact on sight distance (/9).

Despite these advancements, there exists a notable gap in comprehensive research linking
sight distances, fields of view, and intersection-related risks. Our research aims to bridge this
gap by employing information. By doing so, we hope to offer a more holistic investigation of
intersection visibility and its implications for road safety (24).

The Role of Geographic Information Systems (GIS) in Accident Analysis

Intersection accident analyses often use macro-factor datasets from broad geographical areas. They
typically account for accident counts and severity over specific periods. Many past studies target
specific regions, but a few have analyzed accident datasets at a macro level (25-28). However,
this might lead to spatial autocorrelation issues, challenging the independent observation regions
assumption (29). Thus, spatial considerations are vital for these investigations.

GIS tools, essential for geospatial data analysis, are becoming more prevalent in road
safety studies. Existing literature mainly discusses two GIS applications: identifying accident
hotspots and geocoding accidents for spatial categorization and analysis. In hotspot identification,
techniques include kernel density estimation, nearest neighbor distances, and spatial indices like
Moran’s 1. For example, (30) used the SANET toolkit to assess hotspot locations, while Cheng
et al. (31) applied the Getis-Ord Gi* technique for spatial autocorrelation. The second category,
geocoding, facilitates statistical evaluations. Ma et al. (25) visualized geocoded road and accident
datasets, linking accidents to road segments. Similarly, (32) integrated the Traffic Accident Data
System with road networks to position accident data accurately. (33) spatially organized England’s
road casualty data, connecting it to land-use types in electoral districts.

In conclusion, while previous studies have contributed significantly to understanding the
factors influencing intersection-related accidents, a gap persists in the literature with respect to
the incorporation of spatial and visibility factors at the micro-level. Our research aims to bridge
this gap by integrating human factors, environmental factors, and GIS capabilities, with particular
emphasis on the quantification of visibility at intersections. By doing so, we introduce a novel per-
spective to the study of intersection-related accidents. This approach allows us to capture the subtle
yet significant influence of intersection visibility on accident occurrence, thereby contributing to a
more nuanced understanding that could inform more effective road safety measures.
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METHODOLOGY

In our study, we follow a systematic methodology to explore the factors influencing road accidents,
as illustrated in Figure 1. We begin with data collection, assembling key datasets from diverse
sources including OpenStreetMap for intersection details, the UK Accident Dataset for historical
accident records, the UK Traffic Count for traffic volume statistics, and the Building Geographic

Dataset for information about the built environment surrounding each intersection.

OpenStreetMap
Data <:I Building Geographic
Collection UK Accident Dataset
UK Traffic Count
Data
Processing
ﬂ Feature Model
Engineering Evaluation

View
Percentage
Calculation

{

Data
Integration

FIGURE 1 Flowchart of methodology

After collecting data, we proceed to data processing. This involves geocoding each accident
to the nearest intersection, cleaning the data, and imputing missing values. Feature engineering is

conducted based on preliminary data analysis.

Once processed, we merge the cleaned datasets into a unified one for further analysis, which

underpins our comprehensive exploration and modeling.

We then explore the data to grasp its structure and discern patterns. A crucial aspect of this
exploration phase involves computing the unobstructed view percentage at each intersection. Our
hypothesis posits that this factor may exert a substantial negative influence on the occurrence of

accidents.
TABLE 1 Datasets and Important Element
Dataset Important Elements
OpenStreetMap Data Intersection details, Road types, Traffic controls
UK Accident Dataset Accident location, Time, Vehicles involved
UK Traffic Count Dataset Average daily traffic volume
Building Geographic Dataset | Building coordinates, Physical dimensions

Finally, we build and train our risk models tailored to intersections. We utilize the Gen-
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eralized Linear Model (GLM) framework and assume a Poisson distribution for accident counts,
which is widely used for modeling count data. The primary objective of these models is to dis-
cern and quantify the correlation between diverse intersection characteristics and accident risk. By
undertaking this rigorous analysis, we strive to extract actionable insights that can serve as a foun-
dation for informing future traffic safety measures and policy decisions, ultimately contributing to
the improvement of intersection safety and accident prevention efforts.

Data Source

In our study, we leveraged three primary data sources: OpenStreetMap (34) for road network in-
formation and intersection details, the UK Road Accident and Safety dataset(35) for historical
accident records, and the UK Traffic Count(36) for traffic volume statistics based on coordinates.
Additionally, we utilized the architectural geographic dataset to construct the physical dimensions
of buildings around the road network based on coordinates. By geographically encoding all three
databases into a single Geographic Information System, we can more comprehensively and accu-
rately combine space to analyze the factors affecting road accidents. The details and the important
elements from each dataset used in our study are summarized in Table 1.

OpenStreetMap Data

OpenStreetMap (OSM) OSM is a collaborative project aimed at creating a free and editable map
of the world (34). It offers the capability to map and describe real-world features, ranging from
administrative boundaries and topographical characteristics to amenities and street infrastructure.
Within this, road networks and buildings stand out as significant landmark elements due to their
pivotal roles in urban transportation and architectural structures. From OSM, we extracted geo-
graphical and infrastructural details about intersections, including road types and traffic controls.
While OSM data is created by a multitude of contributors leading to occasional inconsistencies,
it remains a highly valuable resource due to its detail, up-to-dateness, and free availability. In
addition to manual mapping by contributors, some data has been cross-verified with authoritative
sources(37). Due to the collaborative nature of OSM, it encompasses information on slums and
informal residential areas more extensively than other map data(38), providing deeper practical
relevance to our research.

Building Geographic Dataset
The Building Geographic Dataset, derived from OpenStreetMap, serves as an instrumental tool
in our research, offering exhaustive geospatial information on the constructed landscape within
London. In the architectural geographic dataset, the mapping function relies on the topological
configuration of two primary components: vertices and closed paths. Vertices serve as the funda-
mental mapping elements, denoting their geographical coordinates in terms of latitude and longi-
tude. Closed paths, formed by the continuous connection of vertices, create polygonal structures
commonly used to represent the external shape of buildings(39). The dataset also includes compre-
hensive details like the geographical coordinates of buildings, their physical dimensions (height,
footprint area, etc.), and their intended usage (residential, commercial, etc.).

These attributes contribute to the understanding of the built environment around each inter-
section. The size and placement of buildings can substantially affect the visibility at an intersection,
influencing drivers’ ability to perceive potential hazards.
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UK Accident Dataset

The UK Accident Dataset(35), maintained by the UK Department for Transport, provided us with
comprehensive historical records of road accidents reported to the police. This dataset included
details such as the accident’s latitude and longitude location, vehicles involved, casualties, and road
and weather conditions at the time of the accident. This dataset allowed us to locate accident-prone
intersections and provided a wide range of variables for our analysis.

UK Traffic Count: Annual Average Daily Flow (AADF)

The Annual Average Daily Flow (AADF) data (36), which gives an estimate of average daily traffic
volume on a particular section of road, was another crucial component of our study. Higher AADF
values indicate greater traffic volume, potentially increasing accident likelihood (40). However, the
relationship between traffic volume and accidents isn’t direct and needs to be considered alongside
other variables like road type and speed limit.

Data Gathering and Preparation
Data Collection
The road accident data and the UK Traffic Count Dataset are sourced directly from the UK gov-
ernment’s Department for Transport. These datasets provide essential details about the accident’s
location, time, severity, the types of vehicles involved, and the average daily traffic volume at
various locations across the UK.

For intersection-related geographic data, we utilize the OSMnx library. It facilitates the
direct download and modeling of transport network data from OpenStreetMap, providing detailed
information about the physical attributes of an intersection.

Data Processing

In the feature engineering step, we created new, more informative variables from our original
features. One such feature was the count of accidents within a certain boundary around each
intersection. To achieve this, we created a buffer around the center point of each intersection and
counted the number of accidents that fell within this area.

In previous research, the use of buffer zones sometimes resulted in a vast circular bound-
ary area(32). When overlaps occurred, certain accident points might fall within multiple buffer
zones, leading to issues of double-counting and ambiguous delineation. As a result, we exper-
imented with various buffer radii to ensure that all accidents occurring near intersections were
encompassed, while avoiding the inclusion of unrelated accidents in the analysis. After several it-
erations, we determined that a radius of 0.0003 units (approximately equal to 33.3 meters) was the
most effective in capturing accidents associated with each intersection, striking a balance between
accuracy and specificity in our accident counting.

In our data processing, we tailored our focus to include only specific road and intersection
types and more recent years. We limited our analysis to primary road intersections, excluding
minor roads and non-major junctions like roundabouts and slip roads. This focus allowed us to
hone in on intersections that are most relevant to our study. Additionally, to account for potential
changes in the road network over time due to urban development, road improvements, and evolving
traffic patterns, we constrained our analysis to data post-2010. This ensured our findings were
based on the most current and accurate representation of London’s road network.

We also engineered a feature to represent the estimated road width. To achieve this goal, we
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created a rectangular custom buffer zone around each road segment represented by a line segment.
The width of this buffer was determined based on the standard road width in London, which was
converted to geographical units (degrees). Specifically, we used a conversion factor of 0.000133
units per meter (based on the latitude of London) to translate the standard road width of 14.8 meters
into geographical units. This estimated road width, expressed in geographical units, was then used
in our analyses.

FIGURE 2 The plot of the map using Folium. The blue polygons represent buildings, red
circle represents each intersection, and each white circle is an accident.

Data Integration
After cleaning and processing our individual datasets, we then integrated the road accident data
and intersection data into one unified dataset. To facilitate this, we created a dictionary where the
key was the OpenStreetMap ID (osmid) of each intersection, and the value was a comprehensive
record including all corresponding edges, the number of accidents, and other relevant parameters
such as road type and traffic volume.

This data structure allowed us to efficiently link accident data with the corresponding inter-
section characteristics. The resulting integrated dataset provided a rich source of information for
our subsequent analyses.

Data Exploration

In the data exploration phase, we visualized the spatial distribution of accidents using the Folium
library in Python. The generated map, as illustrated in Figure 2, marks accident locations with
white circles and intersections with red circles. The surrounding buildings are represented by blue
polygons. To enhance the visualization, we incorporated the "Mapbox Satellite’ as the base map,
which aids in identifying potential accident hotspots and deriving hypotheses for further analysis.

View Percentage Calculation

Our study notably highlights the role of visibility in road accidents. We developed a methodol-
ogy to calculate the 'view percentage’ at each intersection, a measure representing the proportion
of unobstructed view from a given point on a road section. We hypothesized that a lower view
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percentage, indicating limited visibility, might increase the likelihood of accidents.

The view percentage calculation was guided by established standards for assessing visi-
bility at intersections (22, 41). These standards suggest a 80-degree field of view as a reasonable
approximation for a driver’s effective field of view at an intersection. This angle forms the basis
for our visibility calculations.

Our methodology involves computing the angles of view blocked by buildings around an
intersection. The function ’CalculateAngles’ in our algorithm computes the start and end angles of
the view blocked by a given building relative to an intersection. By aggregating the blocked views
from all surrounding buildings, we estimate the total blocked view. This process is illustrated in
Figure 3, where the red areas represent the blocked view caused by buildings.

The view percentage is then calculated as the ratio of unblocked view to the total view. The
total view is represented as a full circle, with an arc of 27 radians.

The pseudocode for the view percentage calculation algorithm is as follows:

Algorithm 1 View Percentage Calculation
1: procedure CALCULATEVIEWPERCENTAGE(intersection,buildings)
2: total_angle < 2x 1
blocked_angle <— 0
for each building in buildings do
angle_start,angle_end <— CALCULATEANGLES(intersection,building)
blocked_angle < blocked_angle + (angle_end — angle_start)
end for
view_percentage <— 1 —
9: return view_percentage
10: end procedure

>N AW

blocked_angle
total_angle

The implementation of this algorithm in a real-world dataset involves handling additional
complexities. For instance, we encounter different geometrical objects representing road sections
and buildings. Roads could be represented as ’LineString’ or MultiLineString’, requiring us to
handle each "LineString’ in a "MultiLineString’ separately. We also use spatial operations from the



Tian, Feng, Zhou, Anupriya, Quddus, Demiris, and Angeloudis 11

geometric library such as ’intersection’ to compute the intersection between the road and buildings,
and ’buffer’ to create a buffer around the road section.

Additionally, the calculation of the field of view percentage involves interpolation at points
along each road segment. To best simulate the genuine change in viewpoint as an agent moves
around intersections, we established multiple interpolation points on each segment to create new
viewpoints. Each interpolation point serves as the starting point for a sectorial view, producing a
consistent 80-degree field of view, with considerations for obstructions caused by buildings. This
is achieved by the following method: for each interpolation point, a loop is set up which rotates
around the point to produce 80 rays, ranging from -40 degrees to 40 degrees, with a 1-degree
rotation each time. Subsequently, the multiple intersections of the rotated line segments with
the building outlines are calculated, with the nearest intersection to the interpolation point (the
starting point of the view) chosen to form line segments. Constructing a polygon with these line
segments results in the field of view region considering building obstructions. After calculating
the fields of view for all intersections, various interpolation distances were tested. We chose an
interpolation distance that strikes a balance between computational efficiency and the granularity
of visibility calculations. The interpolation process will generate a set of points along each segment
and calculate the view percentage for each point.

Figure 6 provides a visual illustration of the view percentage calculation. It depicts an
intersection, the surrounding buildings, and the blocked and unblocked views from a point on the
road section. This graphical representation gives us a visual sense of how the view percentage is
determined and how it relates to the built environment around the intersection.

By integrating the view percentage into our dataset, we aim to capture the impact of road
visibility on accident rates, providing a more comprehensive understanding of the factors con-
tributing to road accidents.

+5.15el +5.15el

‘ !
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0.0070
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FIGURE 4 Result plot of occluded view area : visible area (red) vs. road area (green)

Categorizing Road Sections and Traffic Flow Assignment

In our study, road sections are categorized into ’primary’ and ’secondary’ types based on the nature
of the intersecting roads at an intersection. If any road intersecting at an intersection is classified as
‘primary’, we categorize the intersection and its associated road section as ’primary’. Conversely, if
an intersection does not connect to a “primary’ road, we designate the intersection and its associated
road section as "secondary’. This classification scheme is grounded in the assumption that the type
of a road section is largely influenced by the most significant road type it interacts with.
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In addition to road type, we also assign traffic volume to each intersection. To achieve this,
we use a spatial index to locate the nearest traffic count point for each intersection and then assign
the traffic flow of that point to the intersection. This process allows us to incorporate the influence
of traffic volume, a critical factor contributing to road accidents, into our analysis.

Intersection Risk Modeling

In the data analysis stage, the primary objective is to uncover patterns and relationships in the
dataset by employing a combination of statistical and machine learning methods (42). The analysis
encompasses an initial exploratory data examination, enabling us to gain fundamental insights
into the underlying characteristics of the data. Subsequently, we delve into more sophisticated
analysis techniques such as regression analysis and classification. These methods allow us to
identify influential factors associated with road accidents at intersections, ultimately contributing
to a comprehensive understanding of primary factors affecting intersection safety.

Our analysis places special emphasis on the role and characteristics of intersections, in-
vestigating the propensity of certain types of intersections toward accidents. We delve into the
correlation between intersection features and accidents, exploring if and how specific combina-
tions of features could particularly heighten risk. The objective is to identify critical intersection
characteristics that significantly influence accident occurrence, thereby informing targeted inter-
ventions for road safety improvement.

Two models based on the Generalized Linear Model (GLM) framework and the Poisson
distribution were used to investigate the relationship between intersection characteristics and acci-
dent counts. We chose the Poisson distribution because it is a common choice for modeling count
data and it inherently accounts for the fact that counts cannot be negative.

The first model (Model 1) does not include road visibility percentage, and can be defined
as follows:

Vi~ POi()Li)

Ai = exp (Bo + B - traffic; + B, - max_speed; + B3 - road_type_primary; + B4 - road_type_secondary;)

where:

traffic; : The volume of traffic at intersection i
This is a continuous variable, measured as vehicles passing through.

max_speed,; : The maximum speed limit at intersection i
This is a continuous variable, measured in kilometers per hour.
road_type_primary; : A binary variable indicating intersection i is located on a primary road.
1 for primary roads, O otherwise.
road_type_secondary, : A binary variable indicating intersection i is located on a secondary road.

1 for secondary roads, O otherwise.

The second model (Model 2) includes the road visibility percentage as an additional pre-
dictor:
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yi ~ Poi(4;)

A~

Ai = exp ([30 + B1 - road_visible_percentage; + f3; - traffic; + B3 - max_speed,

+ B4 -road_type_primary; + Ps - road_type_secondaryi>

where:
road_visible_percentage; : The percentage of the view from intersection i that is not blocked.

This is a continuous variable ranging from O to 1

The selection of predictors in our models was guided by prior literature and logical reason-
ing, aiming to encompass potential factors that might impact accident occurrence at intersections.
A unique and novel factor that we introduced in our study is the road visibility percentage. We
hypothesized that this factor might significantly influence accident risk, given its direct correlation
with the driver’s ability to perceive and react to potential hazards. By incorporating these predic-
tors into our models, we aim to achieve a more comprehensive understanding of the factors shaping
intersection safety and accident probabilities.

Model Justification

The rationale behind our selection of GLMs lies in their adaptability and robustness. GLMs offer
versatility in handling a broad spectrum of data distributions and link functions, making them suit-
able for modeling the count data we have in our study. The Poisson distribution, which inherently
accommodates non-negative count data, aligns perfectly with our research requirements, making
it a preferred choice for our modeling endeavors.

Furthermore, the Poisson GLM has been widely used in previous traffic safety studies due
to its efficacy in capturing the discrete, non-negative, and often skewed distribution of accident
counts. To assess the potential impact of road visibility percentage on the model’s predictive
performance, a comparative analysis was conducted between two models, one that incorporates
road visibility percentage as a predictor and another that excludes it.

RESULTS AND DISCUSSION

In this section, we will discuss the experimental setup and the results derived from our analysis.
The experiment was performed on the city of London’s road accident data, offering a quantitative
examination of the relationship between intersection visibility and the occurrence of accidents.

Experiment Setup
The experiment was executed in a controlled environment, concentrating on the city of London,
with a designated location point (51.50212, -0.19123) serving as the center. Geographical data
within a 3000-meter radius from this point was collected. The OSM road network and building
geographic are shown in Figure 5.

The geographical data, encompassing road networks and buildings, was sourced from
OpenStreetMap (OSM). The road accident data was retrieved from the UK accident dataset, which
offers comprehensive information about the accidents, including their locations, times, and severity
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levels.

Intersections were identified from the OSM data, with their visibility calculated using the
proposed method. This method involves determining the unobstructed view area at each inter-
section, considering the potential obstructions created by surrounding buildings. Subsequently,
accident data were then overlaid onto the road network, linking each accident with its nearest in-
tersection. This setup allowed us to examine the correlation between intersection visibility and
accident frequency and identify any significant patterns or trends.

C +J5h 2%, !.:
4

1. 3

gt TSV

il

FIGURE 5 The plot of OSM road network (left) and building geographic (right) of London
used in this experiment

Dataset Overview

Our study utilized a dataset consisting of 935 records, each representing a unique road intersection
in London. This dataset was derived after applying several preprocessing steps, including the
elimination of intersections with no recorded accidents and merging of intersections that were too
close together. These steps were taken to ensure the robustness and reliability of our analysis. The
refined dataset includes various attributes of road intersections and associated accident statistics.
The variables considered in our analysis include:

TABLE 2 Summary Statistics for the Dataset

Variable Range/Categories = Mean SD

accidents_2010_2021 2-114 13.16 16.33

visible_percentage 0.35-0.92 0.64 0.09

road_type secondary, primary - -
(66.60%), (33.40%)

max_speed 20-30 20.19 1.35

traffic 0-5269109361 9252944 174662408

The dataset, presented in Table 2, includes five variables for each road section: ’road visible
percentage’, ’traffic’, 'max speed’, 'road type primary’, and 'road type secondary’. These variables
provide a comprehensive view of road conditions and accident history in the area under study.
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The ’road visible percentage’ variable, which measures the proportion of road visible at an
intersection, was found to be a significant predictor of accident rates in our models. The ’traffic’
variable, reflecting traffic volume, had a range of values, mirroring the variability in traffic vol-
ume across different road sections. The 'max speed’ variable indicates the maximum speed limit
on each road section. The 'road type primary’ and 'road type secondary’ are binary variables in-
dicating whether a road section is of primary or secondary type. These variables were found to
significantly impact the number of accidents in our models, with primary roads associated with a
higher risk of accidents.

Regression Analysis

The Generalized Linear Model (GLM) was employed to examine the relationship between road
visibility and accident occurrence. Two models were compared: one considering visibility (Model
2) and one excluding it (Model 1).

TABLE 3 Regression Report for Model 1 and Model 2

Metric GLM Poisson Model GLM Poisson Model with Visibility
Observations 967 967

Residuals 963 962

Link Function Log Log

Method IRLS IRLS

Log-Likelihood -7699.5 -7537.1

Deviance 11655 11330

Pearson chi2 1.75e+04 1.64e+04

Iterations 5 5

Pseudo R-squ. (CS) 0.9046 0.9318

TABLE 4 Regression Results for Model 1 and Model 2

Model 1 Model 2
Coef. P> |z| Coef. P> [z
const 0.4476 0.000  -0.2075  0.003
visible_percentage 1.7450  0.000
traffic -1.731e-11  0.780 4.388e-11 0.467
max_speed 0.0967 0.000  0.0886  0.000

road_type_primary 0.6150 0.000 0.2543 0.000
road_type_secondary  -0.1674  0.000  -0.4617  0.000

The regression results are presented in Tables 3, 4, and 5. As shown, the inclusion of the
’visible percentage’ variable in Model 2 improved the model fit and explanatory power signifi-
cantly.

As shown in Table 3, Model 2 outperforms Model 1 based on several metrics. This is
evident from Model 2’s higher Log-Likelihood, lower Deviance and Pearson chi-squared, and
higher Pseudo R-squared (Cragg-Uhler), suggesting a better fit to the data.

In Table 4, the coefficients and significance levels of the variables in both models are pre-
sented. Most notably, the ’visible percentage’ variable, included only in Model 2, is highly sig-
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nificant and has a large coefficient, indicating a strong positive relationship with the number of
accidents.

Table 5 presents a comparison of the Akaike Information Criterion (AIC) and the Bayesian
Information Criterion (BIC) for both models. Lower values of AIC and BIC are preferable as they
indicate a better balance of fit and complexity. Model 2 has lower AIC and BIC values than Model
1, again suggesting that it is the more optimal model.

These findings underline the importance of considering visibility at intersections when pre-
dicting accident risks. The ’visible percentage’ variable has proven to be a significant predictor in
our model, contributing to an improved understanding of the factors that influence road accidents.

TABLE 5 AIC and BIC comparison for Model 1 and Model 2
Model AIC BIC
Model 1  15406.98 5035.25
Model 2 15084.18 4717.32

Investigation on Model Performance and Findings

Our study utilized Generalized Linear Models (GLMs) with a Poisson distribution to investigate
the influence of various road characteristics on the number of accidents. This model was suitable
due to the count nature of our response variable (the number of accidents), which aligns with a
Poisson distribution.

The regression analyses yielded several notable insights:

* Road type significantly impacts the number of accidents. Specifically, intersections lo-
cated on “primary’ roads were associated with an increase in the log of expected count of
accidents by 0.615 (p<0.001), while those on ’secondary’ roads displayed a decrease of
-0.167 (p<0.001). These effects were statistically significant, suggesting that road type is
a critical predictor of accident occurrence.

* QOur findings indicate that the "view percentage’ at an intersection - a measure of visibility
- plays a significant role in predicting accident risks. An increase in the view percentage
by 1 unit was associated with an increase in the log of expected count of accidents by
1.745 (p<0.001). However, the underlying reasons for this relationship are not fully
understood. Further research, preferably utilizing more detailed and comprehensive data,
is needed to investigate the underlying mechanisms that link intersection visibility to
accident occurrence.

* Traffic volume and maximum speed limit also considerably influenced accident occur-
rence. A unit increase in traffic volume and maximum speed limit was associated with
a change in the log of expected count of accidents by 4.388e-11 (p=0.467) and 0.0886
(p<0.001) respectively. These findings align with existing literature in the field.

* With regard to model fit, the Pseudo R-squared values suggested that our models ex-
plained a significant proportion of the variability in accident counts, indicating a good fit
to the data. The Pseudo R-squared value for the model including visibility was 0.9318,
higher than the model without visibility (0.9046), suggesting the added value of the visi-
bility measure in our predictive model.

These results offer valuable insights into the factors affecting road accidents at intersec-

tions. However, further research is warranted to corroborate these relationships and delve deeper
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into the underlying mechanisms. As such, our findings serve as a useful starting point for future
studies aimed at understanding these complex relationships and formulating effective road safety
measures.

Testing on Manchester City

As part of our study, we expanded our analysis to another city, Manchester, to verify the robustness
of our models and findings. We applied the same preprocessing and feature engineering steps to
the Manchester data, and then fitted the Poisson and Negative Binomial regression models.

FIGURE 6 Folium map of the Manchester City map used in this experiment.

TABLE 6 Generalized Linear Model Regression Results on Manchester City

Metric Feature Values
No. Observations 243

Df Residuals 238

Link Function Log

Method IRLS
Log-Likelihood -1938.5
Deviance 2836.7

Pearson chi2 4.24e+03

No. Iterations 6

Pseudo R-squ. (CS) 0.8664

The dataset, regression models, and results for Manchester city are presented in Figure 6
and Table 6. The findings of this study, which align closely with those obtained from the Lon-
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don data, reinforce the validity and generalizability of our models. The results suggest that the
key road characteristics - road type, road visible percentage, traffic volume, and maximum speed
limit - consistently influence the number of accidents at intersections, regardless of the city. This
successful replication of results across different cities underscores the robustness of our approach.
Future studies could further validate these findings by applying our models to data from a broader
range of cities.

CONCLUSIONS AND FUTURE WORK

Our research provides innovative insights into the impact of intersection visibility and road char-
acteristics on road accidents in the UK. Through the introduction of our unique ’view percentage’
measure to quantify intersection visibility, we were able to establish a substantial relationship
between visibility and accident rates. Our models, validated using AIC and BIC, affirmed the
importance of intersection visibility in predicting accident occurrences. These findings contribute
valuable knowledge to the field of road safety and highlight the importance of considering inter-
section visibility in accident prediction and prevention strategies.

The robustness of our approach is reinforced by consistent findings across datasets from
both London and Manchester. Particularly intriguing is the observation of a positive relationship
between visibility and accident rates, indicating that higher visibility may potentially be associated
with more aggressive driving behaviors.

While our study provides valuable insights, it also unveils avenues for future research in
this domain. Notably, a more detailed accident record could shed further light on how the view
percentage influences accident occurrence and road risk. Understanding the precise circumstances
of each accident, such as the driver’s view at the time, could help tease out the underlying mecha-
nisms of this relationship.

Moreover, future studies could broaden the geographic scope of the study to encompass
other regions, explore the impact of neighboring intersections on accident risk, and enrich our
models with more granular traffic conditions and driver behavior data.
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