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Objective, Audience and Structure

The purpose of this Guidance Note is to provide concrete guidance on how big data and machine
learning (ML) can be leveraged in road safety analysis. The document presents opportunities to use
these new technologies to improve current methods for data collection and analysis for various road
safety assessments.

This Guidance Note provides a practical guide for using new data sources and analytical meth-
ods for road safety analysis in different types of projects that may impact road infrastructure or
risk-related factors. Road safety practitioners, project managers, researchers, international devel-
opment organizations, data scientists, and government agencies responsible for road safety assess-
ments, transportation management, and infrastructure development would also find this document
useful to understand how these new technologies can be implemented for various road safety assess-
ment procedures and requirements.

This document consists of three parts. Part 1 provides an overview of existing approaches and tools
for road safety assessment and identifies opportunities to improve these using new technologies
such as big data and ML. Part 2 provides an overview of these new technologies and concrete guid-
ance on how they can be integrated into transport projects for road safety analysis. Part 3 presents
case studies on two regions of interest — Bogota, Colombia and Padang, Indonesia — to demonstrate
how ML can be implemented to evaluate road safety. The document concludes with recommenda-
tions for using big data and ML in road safety assessments in the future.
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Introduction

Transportation services and infrastructure connect people, businesses, and places. They allow
citizens to access opportunities, such as jobs, education, health services, recreation, and enable the
movement and distribution of goods. As a result, transport services and infrastructure are key to the
economic development of cities and regions.'

While the development of transportation systems and infrastructure is vital to economic growth,
it is also important to evaluate and mitigate its potential negative externalities and costs to soci-
ety.” According to the World Health Organization (WHO), around 1.25 million people are killed on the
world’s roads every year and between 20 and 50 million are seriously injured. These costs are dispro-
portionately higher in low- and middle-income countries (LMICs), which are estimated to endure 93
percent of the world’s fatalities on the road, despite having 60 percent of the world’s vehicles (figure
1). According to a 2019 study of select countries, road crashes cost World Bank client countries an
estimated 7 percent to 22 percent of their GDP over a 24-year period.*

Road fatalities and injuries are predictable and preventable.” Research indicates that roughly 70
percent of serious crashes are due to simple and unintentional errors of perception or judgement.®
The most vulnerable road users are pedestrians, bicyclists, and motorcyclists, accounting for more
than 50 percent of reported fatalities in LMICs.” Effective transport planning and management that
carefully considers and incorporates measures to address safety risks.® Speed reductions and the
design of infrastructure to promote safer streets have demonstrated clear results in Colombia and
India. In Bogotd, Colombia, the speed management program resulted in a 21 percent decrease in
traffic fatalities compared to the average for the three preceding years (2015-18).° In India, Pune has
become a regional leader in complete streets, in which streets are designed for all users, rather than
only for cars; pedestrians, cyclists, motorists, and transit riders are given safe access with the com-
plete streets approach.'

The United Nations (UN) launched its second Decade of Action for Road Safety in 2020 to address
the road safety objectives of its Sustainable Development Goals (SDGs). These include SDG 3.6,
which seeks to reduce deaths and injuries from road crashes by 50 percent, and SDG 11, which focus-
es on making cities and human settlements inclusive, safe, resilient, and sustainable.

' World Bank, Mobile Metropolises: Urban Transport Matters: An IEG Evaluation of the World Bank Group’s Support for Urban
Transport (Washington, DC: World Bank, 2017).

2Word Bank, Making Roads Safer (Washington, DC: World Bank, 2014).
4 WHO (World Health Organization), Global Status Report on Road Safety 2018 (Geneva: World Health Organization, 2018), 4.
*World Bank, The High Toll of Traffic Injuries: Unacceptable and Preventable (Washington, DC: World Bank, 2017).

® Makhtar Diop, “All Road Deaths Are Preventable. We Can Make It Happen,” World Bank, accessed May 14, 2021,
https://blogs.worldbank.org/transport/all-road-deaths-are-preventable-we-can-make-it-happen

% International Transport Forum, Zero Road Deaths and Serious Injuries: Leading a Paradigm Shift to a Safe System (Paris: OECD
Publishing, 2016). https://doi.org/10.1787/9789282108055-en

"World Bank, Good Practice Note on Road Safety (Washington, DC: World Bank, 2019). https://pubdocs.worldbank.org/
en/648681570135612401/Good-Practice-Note-Road-Safety.pdf

® International Transport Forum, “Best Practice for Urban Road Safety: Case Studies,” International Transport Forum Policy
Papers, no. 76 (2020).

® International Transport Forum, “Best Practice for Urban Road Safety: Case Studies.”

1 Institute for Transportation and Development Policy, “Pune, India Wins 2020 Sustainable Transport Award,” last modified
June 27, 2019, https://www.itdp.org/2019/06/27/pune-india-wins-2020-sustainable-transport-award/
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The World Bank hosts the Global Road Safety Facility (GRSF) to
provide funding, knowledge, and technical assistance to help de-
veloping countries create safer roads. The Facility addresses road
safety issues across a wide range of projects, from infrastructure
design and vehicle safety to traffic law enforcement, post-crash re-
sponse systems, data collection, and institutional strengthening.
Since its inception in 2006, the Facility has disbursed a total of
USD 44.6 million to improve road safety in 64 countries.

It is important, and often required, to incorporate road safety
management procedures in transport projects to identify and
mitigate risks in a timely manner. Governments, international
development organizations, and other agencies have established
various tools and systems to facilitate road safety analysis. How-
ever, the absence of valid, representative data presents significant
challenges to developing a good understanding of road safety risks
and reducing crash fatalities and injuries through data-driven, evi-
dence-based interventions."

New technologies such as big data and machine learning (ML)

FIGURE 1: Road safety is a
serious concern in low- and
middle-income countries

o
93% %°
of road fatalities occur in low- and
middle-income countries, despite these

countries having 60 percent of the world’s
vehicles.

SOURCE: Original figure for this publication, based on
data from WHO.

provide promising opportunities to improve existing data sources and methods for road safety
analysis. From analyzing anonymized GPS data to understand traffic flows in the Philippines to part-

"World Bank, Guide for Road Safety Opportunities and Challenges: Low and Middle Income Country Profiles (Washington, DC:

2020). https://openknowledge.worldbank.org/handle/10986/33363
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nering with data providers that crowdsource information about crash sites in Kenya, governments,
road safety practitioners, and other stakeholders are adopting innovative approaches to identify,
monitor, and mitigate fatalities and injuries in high-risk areas.”” Unsupervised learning techniques
have been applied in Lima, Peru, using records of different crash types to identify safe areas along
routes and safer pedestrian pathways, decreasing the likelihood of pedestrians suffering an acci-
dent.” The Urban Traffic Modeling and Control project at the National University of Medellin has
been using deep learning (DL) techniques to classify traffic and identify motorbike usage. In Carta-
gena, Colombia, data mining and ML algorithms were used to analyze road records and predict the
severity of crashes using classification algorithms.™ Figure 2 provides an overview of the potential
uses of big data and ML in road safety analysis that will be discussed in this note.

FIGURE 2: Potential applications of big data and ML in road safety projects
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SOURCE: Original figure for this publication.

2World Bank, “Open Traffic Data to Revolutionize Transport,” last modified December 19, 2016, https://www.worldbank.
org/en/news/feature/2016/12/19/open-traffic-data-to-revolutionize-transport; Guadalupe Bedoya Arguelles, et al., “Smart and

Safe Kenya Transport (SMARTTRANS)” (Washington, DC: World Bank, 2019), https://documentsl.worldbank.org/curated/
en/723411574361015073/pdf/Smart-and-Safe-Kenya-Transport-SMARTTRANS. pdf

13 Jestis Lovon-Melgarejo et al., “Identification of Risk Zones for Road Safety through Unsupervised Learning Algorithms,” in
16th LACCEI International Multi-Conference for Engineering, Education, and Technology: Innovation in Education and Inclusion,

http://www.laccei.org/LACCEI2018-Lima/full_papers/FP413.pdf

“ Holman Ospina-Mateus et al., “Using Data-Mining Techniques for the Prediction of the Severity of Road Crashes in
Cartagena, Colombia,” in Applied Computer Sciences in Engineering, eds. J. Figueroa-Garcia et al., vol. 1052 (2019): 309-20,

https://doi.org/10.1007/978-3-030-31019-6_27
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PART 1:
The Demand for Data to Assess Risks and Conduct
Safety Assessments

Road safety practitioners utilize a variety of data-driven tools and methods to evaluate road safety
risks and determine mitigation measures across different stages of road and infrastructure de-
velopment projects. Comprehensive road safety evaluation tools and procedures require both crash
and non-crash data to identify issues and measure their associated risks. The variety, quantity, and
quality of data available is an important determinant of the tool for measurement and analysis of
various road safety indicators.

This section provides an overview of the most widely used road safety assessment tools and their
data requirements. A brief description of these road safety assessment procedures and tools can be
found in table 1. This brief review of existing approaches informs the suggestions for improving data col-
lection and analysis for road safety evaluation procedures through big data and machine learning (ML).

1.1 Conventional Tools for Road Safety Assessment

Road safety risks arise from the interaction of many different elements. The road and roadside de-
sign and engineering, travel speeds, the extent and type of road use, road user behavior, vehicle safe-
ty features (both active and passive), and post-crash response. The Safe System approach addresses
all of these interactive elements in an integrated manner and emphasizes sharing accountability with
designers and users of the road network to achieve road safety targets.'”

The primary purpose of road safety assessment procedures is to identify risks in existing or
planned infrastructure developments. Road safety practitioners utilize a wide range of tools for this
purpose. Some of these can be purchased commercially, while others are provided, and occasionally
mandated by local governments. Organizations providing financial support for international develop-
ment projects may also create their own tools for road safety analysis, such as the “Simplified Meth-
odology” by the World Bank.' In general, road safety assessment tools tend to comprise checklists
for evaluating the safety of road networks at different stages of a road project’s lifecycle. Some tools,
such as the Austroads Road Safety Audit tool, provide guidelines for conducting road safety audits
at all the stages of a road project, while other tools like iRAP have guidelines for only some stages
(such as during preparation and post-construction). Tools may also need to be adapted or customized
depending on the type of project or the project location.

A comprehensive approach to managing road safety and reducing crash risk generally requires a
combination of reactive and proactive approaches across some or all stages of a road’s lifecycle.”
Reactive approaches rely on historical crash data to identify high risk regions and risk factors. Proactive
approaches aim to identify and address potential risks before a project is implemented or crashes occur.

' Tony Bliss and Jeanne Breen, “Meeting the Management Challenges of the Decade of Action for Road Safety,“ IATSS Res., 35
(2012): 48-55. https://doi.org/10.1016/j.iatssr.2011.12.001

18 World Bank, Innovative Road Safety Risk Assessment Tool with Automated Image Analysis Technology (Washington, DC: World
Bank, 2021).

" World Road Association, “Road Safety Manual: Infrastructure Management Tools,” accessed May 10, 2021,
https://roadsafety.piarc.org/en/planning-design-operation-infrastructure-management/management-tools
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Reactive approaches are often the starting point for road safety analysis and rely on some form
of crash-based identification. Crash data-based risk assessments may involve evaluating one or sev-
eral of the following criteria: infrastructure, users, speeds, vehicle standards and post-crash trauma
care. This approach requires that risk factors be constantly monitored and assessed throughout the
project lifecycle.

Recently, the focus has shifted toward using more proactive approaches, with a wide range of
tools being developed for this purpose. These are especially useful in the absence of crash data, and
often involve surveys of existing roads for road infrastructure risk or assessment of other criteria to
obtain subjective estimates of road infrastructure risk. Some common tools for proactive road risk
assessments are discussed below.

Road Safety Impact Assessments (RSIA) are designed to estimate the potential effects of planned
road or traffic developments, or any other interventions that may significantly affect transport
conditions and risks to road users. The procedure is often conducted at the planning stage to assess
the possible impacts of different schematic designs before the most appropriate design is audited and
selected for implementation.

Road Safety Audits (RSA) are generally used to analyze a road project, or any other type of project
which affects road users. An independent, qualified team reports on the project’s crash potential
and safety performance to identify safety performance for all kinds of road users. Road safety audits
can be conducted at various stages in the project lifecycle including planning, preliminary design,
detailed design and pre-opening or post-construction stages. However, it is most cost-effective when
it is applied to a road or traffic design before construction to ensure that safety is fully integrated into
all elements of the project’s infrastructure, with minimal risk of redesign or physical rework.

Road Safety Inspections (RSI) involve a systematic evaluation of an existing road or section of road
by a team of seasoned experts. They are conducted on-site to determine potential hazards, faults
and deficiencies that could contribute to serious crashes.”® RSIs are more comprehensive than RSAs
and are usually conducted post construction to identify further interventions to improve road safety
and inform future projects.

Road Assessment Programmes (RAP) entail a comprehensive review of existing roads and road
networks. Most RAPs, such as the EuroRAP, usRAP and iRAP, use a star-rating approach to provide
a relative and comparable measure of the safety level of road networks all around the world. RAPs
are highly comprehensive, detailed, and costly. They are usually commissioned by national or local
governments to evaluate extensive road networks as an ad-hoc project to determine safety inter-
ventions and inform further infrastructure development. Therefore, RAPs are either utilized at the
preparation stage of a project to determine project scope, design, and other key requirements for
pre-appraisal and construction, or they are conducted to assess the impact of major infrastructure
development projects during the post-project operations phases.

1% hil Allan, “Road Safety Inspections” (presentation, Road Safety Seminar, World Road Association, Lomé, Togo: October
2006). https://www.piarc.org/ressources/documents/actes-seminaires06/c31-togo06/8718,2-PIARC_Oct06_Allan.pdf
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TABLE 1: Overview of common road safety assessment tools

TYPE OF WHEN TO USE WHEN TO USE RELATIVE COST DATA EXAMPLES OF TOOLS
ASSESSMENT (PROJECT STAGE)  (PROJECT ACTIVITY) (HIGH, MEDIUM, REQUIREMENTS
LOW, DEPENDS) (HIGH, MEDIUM,
LOW, DEPENDS)

Crash data- Preparation, Pre-Planning and Depends, low-  Depends Crash frequency, crash risk factors,

based risk Implementation, Design, Monitoring cost models are crash severity analysis

assessment Post-Project and Evaluation, Error available

Operations Correction and Hazard

Elimination

Road Safety Preparation Pre-Planning and Low Low

Impact Design

Assessment

(RSIA)

Road Safety Preparation, Planning and Design, Medium to High Medium/ iRAP Road Safety Audit Toolkit,

Audit (RSA) Implementation  Construction and Pre- Depends Austroads Road Safety Audit Toolkit
Opening (currently unavailable), ADB Road

Safety Audit Toolkit

Road Safety Implementation, High High iRAP

Inspection Post-Project

(RSI) Operations

Road Preparation, Post- Planning and High High iRAP, EuroRap, usRAP

Assessment Project Design, Independent

Program (RAP) Operations Assessment

SOURCE: Modified from Remote Project Supervision and Construction Management of IPF Projects (Washington, DC: World Bank, 2020).

Data Requirements for Traffic and Road Safety Assessment Tools

One or more types of road safety assessments may be conducted at once or at different phases
of a project. Table 2 summarizes the assessment methods, objectives, and their data requirements.
Assessments prepared early in a project’s lifecycle may help to identify and evaluate potential traffic
and road safety risks that may arise from the project activities and/or their implementation. Such
assessments are intended to help mobilize appropriate resources, analyze risks in detail, and identi-
fy and adopt the most appropriate mitigation measures. During the project preparation stage, more
in-depth assessments to identify and evaluate potential traffic and road safety risks may need to be
conducted. The assessments should consider Safe System principles to ensure that all opportunities
to minimize risks have been realized.”

Since the key objectives of these assessments (i.e., identifying risk elements and estimating crash
exposure, likelihood, and severity for different road users) are complex and not standardized,
the scoring system is subjective. This can complicate comparisons between sites, especially when
these have been assessed by different individuals or teams. It is, therefore, usually most suitable for
comparing options at a single site, identifying sources of risk and identifying solutions, rather than
for comparing different sites.

" Tony Bliss and Jeanne Breen, “Meeting the Management Challenges of the Decade of Action for Road Safety.”
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TABLE 2: Overview of data requirements for common road safety assessment tools

METHOD OBJECTIVES DATA REQUIREMENTS
Crash data-based Estimate risk using Fatalities + Crash data from the previous 3-5 years or estimated from data available
risk assessment and Serious Injuries (FSI) from similar roads in the country

crash data to reflect road - Assessment of vehicle standards (safe vehicles)

infrastructure, users, and speed
factors. This is evaluated with
vehicle standards and post-
crash care.

+ Post-crash trauma care (response time, quality of attention)

Road Safety Audit Identify safety concerns. It Analysis of project designs and interventions: specialists assess road
(RSA) (performed by audits the safety of the specific options, such as intersections, signs, crossings; design standards, and the
an independent team design of the chosen scheme.  relationship of this intervention to main network. Main data needed includes:
of specialists) - Scheme plans
+ Crash and FSI| data
+ Traffic mix and volumes
+ Road features (e.g., design elements, such as bypasses, cycle routes,
junction improvements, installation of traffic signals, roundabouts, traffic
calming, bend realignment, safety fence schemes and pedestrian crossing

facilities)
Road Safety Impact  Assess the impact of each The evaluation of each alternative is based on several factors, some of which
Assessment (RSIA)  of the planning options on include:
(performed by the safety performance of « The scheme objectives
members of the the current road network. . Crash and FSI data

project design team It estimates the impact of
with road design and possible schemes on safety for
road safety auditing  an entire geographic area at the * Road features

+ Traffic mix and volumes

experience) strategic level. - Categorization of roads and streets of that network

Safe System Assess how closely road The core of this SSA approach is the “Safe System Matrix” framework which

Assessment (SSA)  design and operation align with  is essentially a risk assessment. The assessment is done by scoring the risk
the Safe System objectives, exposure, likelihood and severity from 0-4. The Austroads approach can be

and to clarify which elements 564 1o perform this type of assessment. Data needed include:
need to be modified to achieve

closer alignment with these
objectives. + Road features

+ Traffic mix and volumes

SOURCE: Road Safety GPN.

Key Challenges with Current Approaches to Road Safety Analysis

Since data is the cornerstone of all road safety assessments, the availability of high quality, reli-
able data is key to extracting useful, actionable insights and improving road safety conditions.
Without quality information, it is difficult to estimate crash locations and crash types, at-risk individ-
uals and groups, and key risk factors influencing exposure to risk, crash involvement, crash severity,
and post-crash outcomes. Meeting data requirements for road safety assessments can be a challenge
for various reasons, such as the lack of open data, or data collection costs.

There can be a lack of adequate crash data or road ratings in data scarce countries and regions for
identifying risk factors. Governments often lack adequate and reliable data to identify road safety
risks and perform road safety assessments. In addition, road crashes tend to be underreported, es-
pecially in LMICs. There may also be significant gaps in the data in terms of geographic or temporal
coverage, or the data may be missing important variables and categories. Access to data can also be
limited for certain data types, or the process of obtaining the data may be too complex, costly, and
time-consuming.
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Collecting data on road safety attributes through manual detection or special equipment can be
expensive, time-consuming, and complex.?® Budgeting for data collection can be a challenge. In
these cases, data is most often estimated through existing road designs or by local transportation
agencies. The most cost-effective method for data collection is the installation of cameras and sensors
that record street imagery, speed information, and other data. Images and video are then analyzed
by road safety experts to identify relevant attributes, assess road conditions, and identify potential
risks. Commissioning equipment and hiring resources to manually collect data on road features and
design may be a hindrance, especially for smaller-scale projects where the opportunity to benefit
from economies of scale is low.

In addition to the quality and availability of data, preparing and analyzing road safety data can also
be costly, resource-intensive, and technically demanding. Most road safety assessments require
data to be combined from various sources, which often involves aggregating, cleaning and preparing
the data. Additional resources and specialist expertise may be necessary for this process, and also to
analyze the data and extract useful insights using methods such as clustering and developing spatial
models. Conventional statistical techniques can also be limited in their ability to identify complex
correlations and underlying factors that may contribute to road safety risks across various projects.

The purpose of this Guidance Note is to identify new methods for the collection and analysis of
road safety data that could overcome the limitations of existing approaches, and also improve
their efficacy in identifying risks and opportunities to mitigate crashes. Conducting road safety
assessments is a required component of most road investment and infrastructure development proj-
ects. Advanced technologies such as big data and ML have the potential to not only supplement
existing methods, but also significantly reduce costs while improving the efficacy of road safety as-
sessments in identifying risks and opportunities to mitigate crashes.

The following section explains how big data and ML be practically implemented by road safety
practitioners for various road safety assessment procedures. It introduces these methods and pro-
vides an overview of big data sources and ML techniques that are useful for road safety assessments.
Part 2 also discusses best practices and key considerations that are vital to implementing these new
methods effectively. A framework for integrating these technologies in road safety assessments is
also proposed, and Part 3 demonstrates how this framework can be applied in LMICs through two
original case studies.

20 OECD (Organisation for Economic Co-operation and Development)/ITF (International Transport Forum), Big Data and
Transport: Understanding and Assessing Options (Paris: OECD/ITF, 2015),
https://www.itf-oecd.org/sites/default/files/docs/15¢pb_bigdata_0.pdf
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PART 2:
Big Data and Machine Learning to Strengthen Road
Safety in Transport Projects

Governments, road safety practitioners, international development organizations, and road safe-
ty advocates such as the Global Road Safety Facility are keen to use new technologies, such as big
data and ML, in data collection and analysis for road safety to overcome the limitations of existing
approaches. As these technologies become more sophisticated and accessible, a growing body of re-
search indicates their potential to complement, and eventually even surpass conventional methods.

The usefulness of big data and ML in road safety and other transport and infrastructure projects
has been widely demonstrated over the past few years. For example, a World Bank task team de-
veloped an open data platform in 2015 based on a pilot in Cebu City, Philippines, which sourced data
from a taxi company to generate insights for traffic management.”’ Another team has developed a
“Simplified Methodology” to implement ML in video analysis to extract data on road attributes. The
new tool was piloted across over 500 kilometers of road in Mozambique and Liberia in 2019.2* The
World Bank, in collaboration with the Philippines government, has also launched the Data for Road
Incident Visualization Evaluation and Reporting (DRIVER) system to facilitate data sharing for road
safety analysis. This free web-based, open-source platform connects traffic crash data from multiple
agencies through a standardized reporting system. DRIVER also provides tools to geo-spatially an-
alyze road crash data, predict blackspots, estimate the economic costs of crashes, and evaluate the
effectiveness of various interventions to support investments and policymaking for improved road
safety.”

Road safety practitioners are increasingly turning to data partnerships to obtain crash, traffic,
and other types of data for road safety analysis. For example, in Kenya, the WHO estimates that up
to 75 percent of crashes go unreported.* SmarTTrans — a collaboration between the Kenyan govern-
ment and the World Bank - has worked to fill this gap by bringing together crash information both
from administrative records and from bystander crash reports from Twitter.” In addition, the team
has leveraged the Development Data Partnership (DDP) to access Waze API and Uber congestion and
speed information for all 6,200 km of the city’s road network. Using all data sources, the smarTTrans
team is creating near real-time analytics to facilitate the identification of crash hotspots, speeding,
and congestion patterns.

2'World Bank, Open Traffic: Easing Urban Congestion (Washington, DC: World Bank, n.d.),
https://olc.worldbank.org/system/filess/WBG_BD_CS_OpenTraffic_1.pdf

22 World Bank, Innovative Road Safety Risk Assessment Tool with Automated Image Analysis Technology (Washington, DC: World
Bank, 2019).

2 World Bank, GRSF DRIVER Completion Report (Washington, DC: World Bank, 2019),
https://documentsl.worldbank.org/curated/en/245151560919065747/pdf/Data-for-Road-Incident-Visualization-Evaluation-and-
Reporting-Lowing-the-Barriers-to-Evidence-Based-Road-Safety-Management-in-Resource-Constrained-Countries.pdf

2*WHO, Global Status Report on Road Safety 2018.

2 Sveta Milusheva et al., “Applying Machine Learning and Geolocation Techniques to Social Media Data (Twitter) to Develop a
Resource for Urban Planning,” PLoS ONE 16, 2 (2021),
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0244317
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2.1 New Data (and Big Data) in Road Safety Analysis

Big data is generally understood as extremely large datasets that are generated by a wide range of
data sources, including machines, sensors, and other Internet of Things (I0T) devices. Big data can
also be captured over the internet through social media and other types of applications, especially
those that track locational or transactional data.

The large volume of such data is one of many characteristics that make big data especially useful
for road safety and other applications in transport and infrastructure development. For example,
big data can be generated at immense velocity, especially as more such data is collected real-time
and for large populations. It also occurs in a variety of data formats, from structured databases to
unstructured text documents, emails, videos, audios, stock ticker data and financial transactions. Big
data is also characterized by a high degree of variability since data flows can change over time, de-
pending on seasons, off-peak hours, or availability of collection methods across an entire population
under study. Table 3 provides a SWOT analysis of the use of big data in road safety analysis.

For transport, the increasing use of personal mobile devices and vehicle sensors to collect traffic
and location data presents a significant opportunity to augment traditional sources of transport
data. Annex 1 discusses the most relevant big data types for road safety analysis. It also provides
guidance on the potential applications of these sources for evaluating road safety, and the advantages
and disadvantages of each source. The following sections discuss how big data can be used for the
various road safety assessment methods and tools discussed in Part 1.
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TABLE 3: SWOT analysis of using big data in road safety analysis
STRENGTHS WEAKNESSES

Recent and broad geographic coverage allows researchers to Requires investment in expertise, software and computing
dive deeper into transport issues and get a comprehensive and power to store, access and process big data.

current picture of risks. Availability of data can vary significantly by geography and
Can help obtain real-time data and track up-to-the-minute context.

changes in traffic flows and other important variables. Coverage can be inconsistent or exclude important segments
May be faster and easier to obtain and process, compared to of the population.

manual collection. Most big data sources are not set up to support road safety

+ Can offer higher spatial and temporal resolution than assessments—it is often data that was collected for other
conventional sources. purposes but gets repurposed for road safety analysis. This
« Can be more affordable and easier to scale. can lead to the data being biased, incomplete and/or difficult to

Vast quantities of data can limit bias from outliers and other incorporate in road safety analysis.

sources of “noise” since data gets aggregated across vast Need to consider the interoperability of different datasets (i.e.,
populations. how easy it is to combine different datasets for complex road
safety assessment models).

Can help improve data quality since often covers large

geographic and/or temporal scope, also allowing for . Chaqges in privacy laws and other relevant policies can impact
comparison against “control” datasets and scenarios. quality, consistency and coverage of data.
OPPORTUNITIES THREATS
+ Provides an alternative approach to road safety data collection + Privacy concerns — data should be de-identified and
and analysis that may complement or supplement traditional anonymized before use.
approaches or datasets. For example, big data sources may be - Data providers may be reluctant to share data.
a?le to collect more accurate crash data. . - Governments, local municipalities, and other stakeholders
- Big data analysis can uncover new dynamics, complex must invest in technological infrastructure to support big data
behavioral patterns and relationships, and correlations that collection and analysis.
ZZPevs(ntlonal statistical methods and data may not be able to + Need to enforce quality control to limit risk of data bias.

+ Licensing constraints — most private companies, such as
Google, provide limited licenses for data use.

Growing interest in autonomous vehicles is generating more
data about road systems, vehicles, and vulnerable users that
can be integrated into road safety analysis.

Rising momentum for the creation of a “big data platform”
where data providers can sell or share data.

SOURCE: Original table for this publication.

Big data, especially when combined with ML, which is discussed in the following section, can
enhance the capabilities of current systems and road safety assessment tools. The increasing use
of 10T devices, which range from smartphones to vehicle sensors, as well as Intelligent Transport
Systems (ITS), is making it possible to collect, access and utilize real-time data about a large range of
variables that are relevant to road safety analysis. This includes traffic flows, crash sites, peak tim-
ings, travel times and road usage by pedestrians, bicyclists, and motorists. The availability of such ex-
tensive data creates new possibilities for crash risk modelling, especially to predict the outcomes of
various types of road safety interventions as well as possible impacts of road infrastructure projects.

As mobile phone use rises globally, smartphones have become a prominent source of big data,
though there are many other sources to consider. In addition to the location and velocity of road
travelers collected passively through mobile devices, transportation projects can take advantage of
street view, aerial, and satellite imagery, traffic monitoring systems, connected vehicles for road
safety analysis, as well as crowdsourced data provided by the community through mobile devices.*
Annex 2 provides an overview of the most relevant and accessible big data sources for road safety
analysis. Road safety practitioners are advised to look for relevant local and regional data providers
based on the region(s) of interest that concern their project(s). As big data infrastructure advances

26 Alex Neilson et al., “Systematic Review of the Literature on Big Data in the Transportation Domain: Concepts and
Applications,” Big Data Res. 17 (2019): 35-44. https://doi.org/10.1016/j.bdr.2019.03.001
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globally and new companies and startups begin data collection for various purposes, it is likely that
the list of available big data sources will expand significantly in coming years.

Street view imagery can complement or potentially substitute manual or commissioned road sur-
veys to collect data on road safety attributes for various types of assessments. For example, street
view imagery can help obtain baseline data for RSIA more quickly and cheaply, especially if the data
is not already readily available. By applying ML algorithms to street view images, road attributes and
other data can be detected that are important for road safety assessments. Similarly, there may be
instances where satellite imagery or aerial imagery, those collected by an unmanned aerial vehicle
(UAV) or drone, can be analyzed to detect road or road user attributes. Figure 3 shows the same
crosswalk visible in satellite imagery and street view imagery using OpenStreetMap in OSM. ML is
discussed in greater detail in the next section.

FIGURE 3: Street view and OSM

Road safety data can be extracted from images such as road markings and signs, types of road users, and designated
paths for vulnerable users. Each image and relevant attributes are geolocated for further analysis. In this instance, the
crosswalk identified in OSM can be verified in street view imagery.

SOURCE: Original figure for this publication derived from OSM, Mapillary, and Maxar Technologies.

Mobile applications and telematics can provide data related to vehicle movement to identify road
infrastructure risks. This data includes current and historical average speeds along road segments as
well as irregularities, like traffic jams and incidents. This data is useful for most proactive road safety
assessment tools, including RSIA, RSA, and RSI. It can be geographically visualized and analyzed, such
as through heatmaps or hotspot analysis as shown in figure 4 (see Annex 3 for additional examples and
descriptions). Telematics data has also been used to assess driver behavior, facilitate the prediction of
crash-prone locations, and create geographic visualizations, as discussed in interviews with research-
ers at the ARRB and Professor George Yannis from the National Technical University of Athens. Howev-
er, data privacy is an especially important concern when it comes to the use of telematics data.”

2 Anthony Germanchev (Principal Professional Leader, Advanced Technologies Lab, Australian Road Research Board) and Professor
George Yannis (School of Civil Engineering, National Technical University of Athens), in discussion with the authors, April 2021.
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FIGURE 4: Hotspot analysis of major crashes reported by Waze application users

Bogota, Colombia
Waze Major Crash
I Cold Spot - 95% Confidence
Cold Spot - 90% Confidence
Not Significant
Hot Spot - 90% Confidence
I Hot Spot - 95% Confidence
Il Hot Spot - 99% Confidence

SOURCE: Original figure for this publication (data provided by Waze App; learn more at waze.com).

Mobile applications are helping overcome underreporting of road crashes by crowdsourcing inci-
dent reports. For example, in Kenya, road crashes have been shown to be largely underreported, es-
pecially in areas where incident reporting mechanisms are lacking or underdeveloped.?® Navigation
applications such as Waze are providing a valuable new source of crash and traffic data by allowing
users to report incidents through their smartphone applications. Each incident report submitted by
a user is geolocated and timestamped, which allows it to be combined with other geospatial data to
identify segments of a road that are experiencing major or minor crashes, light to stand still traffic
jams or hazardous conditions (hazards on the road or on the shoulder, weather alerts or dangerous
road surfaces). Additionally, social media platforms like Twitter are used by many people on the
ground to report on crashes and traffic conditions and can be leveraged using machine learning al-
gorithms to produce additional data on crashes, as was done by the smarTTrans team in Nairobi.*
Lastly, mobile application data can be generated in real-time to assist with monitoring or collected
and analyzed over time to develop models.

A growing number of countries and regions are focusing on developing a big data infrastructure
to collect official incident reports. Collecting comprehensive and accurate information about road
incidents is an important objective for government transportation agencies. There is growing inter-

28 Guadalupe Bedoya Arguelles, et al., “Smart and Safe Kenya Transport (SMARTTRANS).”

» Sveta Milusheva et al., “Applying Machine Learning and Geolocation Techniques to Social Media Data (Twitter) to Develop a
Resource for Urban Planning.”
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est in gathering and analyzing the information in big data formats to provide deeper and more com-
prehensive insight into road safety risks and the impact of different interventions. The collection of
real-time data would also be beneficial for this purpose, for which collecting, storing, and analyzing
the information as big data would be most realistic and feasible.

How to Access Big Data

Big data for road safety generally falls into two categories: public sector and private sector. Tradi-
tionally governments have collected and provided data for road safety analysis, such as police reports
of crash incidents. However, alternative sources are becoming increasingly available as mobile apps
are used to crowdsource reports of roadside incidents and companies aggregate traffic speeds from
proprietary mobile applications. Often data quality from such sources can vary significantly by loca-
tion, with certain sources being more effective, reliable, and better developed in some regions com-
pared to others. Road safety practitioners advised to use the list provided in Annex 2 as a starting point
and find the most relevant data providers for the region(s) of interest that their project focuses on.

This Guidance Note focuses on big data sources that are most easily and readily accessible for road
safety analysis. Different sources require different approaches to obtaining relevant data quickly and
efficiently. It is important to understand the licensing restrictions that accompany each source. For
example, even though a dataset is crowdsourced, it may have licensing restrictions. It is best to con-
sult a legal advisor and the data provider to clarify terms of use when necessary.

Public sector. Governments can collect, manage, and share data relating to transport, infrastruc-
ture, and mobility. Many governments, whether at the national level or even local municipalities, are
establishing open data platforms where datasets can be accessed by running a simple search query.
Such platforms have already been created in the Philippines as well as in Australia and the United
States.™ In other instances, particularly where the data infrastructure is not as advanced, data may
have to be requested through the relevant department. It is often possible to obtain datasets relating
to crash histories or collected by road sensors from government sources which are extensive enough
to be processed as big data in road safety analysis.

The World Bank’s Road Safety Observatories (RSO) initiative also has the potential to become an
important source of government-generated big data in the future. The Observatories provide a for-
mal network of government representatives to share and exchange road safety data and experience
in order to improve road safety throughout the region. The World Bank established its first RSO in
Latin America (OISEVI), before introducing the initiative in Africa (ARSO) and Asia-Pacific (APRSO).
By enhancing road safety data and information systems, the Observatories play a pivotal role in help-
ing countries monitor, evaluate, and develop more impactful road safety policies and interventions.*

In other cases, publicly available datasets with a global reach may be considered. A good example
of this is OSM, which offers freely available geographic data generated by volunteers who trace satel-
lite images around the world to create and update the map consisting of road networks (detailing road

3 Australian BITRE (Bureau of Infrastructure and Transport Research Economics), “Australian Road Deaths Database
(ARDD),” Australian BITRE, updated May 13, 2021, https://data.gov.au/data/dataset/australian-road-deaths-database; ODPH
(Open Data Philippines), “Open Data Philippines,” ODPH, accessed June 3, 2021, https:/data.gov.ph/; US NHTSA (United
States National Highway Traffic Safety Administration), “Data,” US NHTSA, accessed May 28, 2021,
https://www.nhtsa.gov/data

3 World Bank, “Better Data for Safer Roads: The Powerful Mission of Road Safety Observatories,” last modified November 5,
2020, https://www.worldbank.org/en/news/video/2020/11/05/better-data-for-safer-roads-the-powerful-mission-of-road-safety-
observatories
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types, bridges, tunnels, direction of traffic flow), among other features. OSM data can be combined
with other datasets for road safety analysis. While OSM provides an overview of the road geometry,
the recency and accuracy of the data requires validation. Due to variability in quality and coverage,
OSM data would be considered a starting point and is not recommended for detailed assessments.

Private sector. Mobility datasets are generated through ride-hailing services, delivery services, so-
cial media, and other mobile applications that collect user location and movement. Companies in the
transportation and logistics sector use smartphone applications to digitize their operations and take
advantage of higher quality, real-time data to improve efficiency as well. Other companies provide
telematics software to track vehicle movement and safety features. Companies and start-ups invest-
ing in autonomous vehicle research are providing valuable sources of big data for road safety analy-
sis. Some companies also provide APIs that allow developers to access these datasets (often on a lim-
ited basis). However, proprietary or commercial data may have to be purchased in some instances, or
data partnerships need to be established to access such data. It is also crucial to understand how the
data is licensed and can be legally used for different types of analysis. For example, Google restricts
digitizing and tracing information as well as using applications to analyze and extract information
from street view images, although annotation and labelling is permitted.*

Data Partnership Agreements. Road safety practitioners can access various datasets for road safety
analysis through data partnership agreements with companies. Practitioners can directly contact
companies to request data relevant to road safety and, upon signing a licensing agreement, receive
the data. Practitioners can also leverage data sharing platforms such as the Development Data Part-
nership (DDP), which is accessible to practitioners affiliated with certain international development

% Google, “Google Maps, Google Earth, and Street View,” accessed May 14, 2021,
https://about.google/brand-resource-center/products-and-services/geo-guidelines/
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organizations. DDP is a formal collaboration of private sector companies and select international
organizations to use third-party data in research and international development.*

The Waze for Cities program is one example of a data sharing agreement that can be leveraged
through direct contact with the company or, if accessible, through DDP. The program allows cities
to utilize data standards designed by Waze for closure and incident reporting to reduce data frag-
mentation and promote transport and government data aggregation. It now has more than 500 glob-
al partners including city, state and country government agencies, nonprofits and first responders.
Another example of a possible data provider for road safety analysis is Moovit, an app focused on
public transport, offers Mobility as a Service (MaaS) solutions for cities, providing personalized apps,
payment solutions, real-time transit information, and other analytics.

In many cases, data providers help local governments by exchanging data. For example, the city
of Tokyo in Japan has partnered with a private firm to develop a smartphone compatible app, Zen-
ryoku Annai!. The app analyzes nearly 360 million observations every second to generate real-time
information on the shortest and least-congested travel routes. A similar intelligent transport system
(ITS) in Denmark, Copenhagen Connecting, was implemented to promote transport sustainability
through real-time digital traffic control and weather adaptation options. Road safety practitioners
should consider seeking the support of local governments to establish data partnership agreements,
particularly if the datasets are not accessible through DDP.

Data marketplaces. Business leaders are keen to explore the value of the big data they collect as a
tradable commodity. This has given rise to data marketplaces which are essentially online platforms
dedicated to the buying and selling of data. These marketplaces can provide a more cost-effective
source of data compared to other data mining techniques. Dedicated marketplaces for traffic and
transport data have also emerged in recent years, although their coverage of LMICs tends to be low.

As part of its efforts to establish an artificial intelligence tool for road safety analysis (called Ai-
RAP), iRAP is seeking to establish a data marketplace where public and private data providers can
trade data for road safety analysis. The data marketplace will focus on three types of data products,
according to Monica Olyslagers (Safe Cities and Innovation Specialist at iRAP), who was interviewed
for this Guidance Note.* The first is raw datasets that need to be processed to extract relevant in-
formation. The second is datasets that have been at least partially cleaned up and processed by data
providers or Ai-RAP and are ready to be plugged into road safety assessments. The third is pre-
pared-for-purpose datasets that are specifically commissioned for road safety assessments in differ-
ent types of projects. This data marketplace model is currently being piloted in Africa, as part of a
project to set up a regional road safety observatory there in collaboration with the World Bank.

The new data marketplace will initially focus on aggregating and trading conventional datasets.
However, the project team plans to bring on big data providers and incorporate ML in the Ai-RAP tool
to allow for more sophisticated analysis in road safety assessment procedures. Road safety practi-
tioners are advised to search data marketplaces as a lesser-cost alternative to commissioning data
collection for their projects.

% Development Data Partnership, https://datapartnership.org/

3 Monica Olyslagers (Safe Cities and Innovation Specialist, iRAP), in discussion with the authors, April 2021.
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Key Considerations for Selecting the “Right” Big Data Source

This section provides an overview on how different big data sources can be used. The data sourc-
es covered in table 4 for each method or assessment type should be viewed as guides, rather than
concrete, all-inclusive lists. The most appropriate choice of data sources should eventually be deter-
mined by considering the costs and benefits of each source. A list of factors that may be useful to
consider for this purpose are discussed toward the end of this section. It is also worth noting that
while big data may not be a feasible alternative to conventional data for every project or assessment
(if only at present), it can still complement and supplement current approaches or be used to validate
their outcomes and analyses.*

TABLE 4: Overview of potential big data sources for road safety assessments

TYPE OF DATA REQUIRED WHICH METHODS POTENTIAL BIG DATA SOURCE EXAMPLES
IT'S USED FOR
Crash data from 3-5years  Methods |,V and VI Government Government portal or contact
Mobile applications and telematics Waze
Crowdsourced Waze
Operating speeds Methods Il to IV Mobile applications and telematics Mapbox, Waze
Road features (road Methods IlI, V, VI, and VII Street view imagery Mapillary
markings, signs, traffic Crowdsourced 0SM
calming measures, etc.)
Aerial and satellite imagery Maxar, UAV
Road type (urban road, Methods IlI, V, VI, and VII Street view imagery Mapillary
pedestrian area, etc.) Crowdsourced 0SM
Aerial and satellite imagery Maxar, UAV
Mobile applications Orbital Insight
Vehicle fleet mean speed Methods Il to VII Mobile applications and telematics Mapbox, Waze
Traffic flow Methods IV to VII Traffic imagery Mapillary
Aerial and satellite imagery Maxar, UAV
Mobile applications and telematics Mapbox, Waze

SOURCE: Original table for this publication.

As a broader variety of big data sources become available, road safety practitioners are advised to
carefully consider the trade-offs involved when collecting data from various sources. The factors
noted below do not provide an exhaustive list. Some factors may be more relevant to some projects
than others, while additional considerations may be required for certain projects. In some cases, data
from existing sources may not be available and will need to be collected using cameras, sensors, and/
or other tools.

It is worth noting that many of these factors are also interrelated. For example, the types and
quantity of data required could impact costs of obtaining and processing it. Costs can also vary
by region, as can the availability of resources to process and analyze the data. This list may be
used in tandem with Annex 2, which provides an overview of the most relevant big data sources
for road safety analysis as well as their relative costs, data attributes and formats, and possible
limitations.

% Holly Krambeck, Magreth Kakoko, and Mireille Raad, Using Computer Vision to Automatically Detect Road Features for Road
Safety Audits and Assessments: Inception Report (Washington, DC: World Bank, 2019).
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Type of road safety assessment or procedure. As discussed in Part 1, a broad range of tools and
procedures are used for road safety assessments. Each tool has its own specific data require-
ments. It is important to consider these before determining appropriate big data sources to com-
plement analysis.

Context/Region(s) of Interest. The types and variety of big data sources available can vary great-
ly from region to region, country to country, or even different provinces or localities within the
same country. For example, Waze crowdsourced crash data is especially useful for urban regions
that are more densely populated compared to rural regions.

Type of data required. As more big data sources become available for road and traffic data, road
safety practitioners carefully consider which variables and data types are most relevant to their
model before selecting a source. For example, Google offers a number of APIs that may be useful
for road safety analysis. This includes Google Maps, Google Traffic, and Google Street View. It is
important to consider the quantity, duration, and extensiveness of the data required. For exam-
ple, some data sources include time-series information, others do not. Some may include specific
road features or road user data, while others may just be focused on traffic flows.

Data formats. Big data is collected, stored, and transmitted in a wide range of formats. It is
important to consider the usability of available big data formats as well as their interoperability
with other types of data. Since many big data sources that are currently available are not custom
designed for road safety analysis, it may be necessary to invest in resources and skilled expertise
to extract, aggregate, clean, and convert the data into a format that can be combined with other
data and/or used with analytical tools and models.

Cost. Given the size of big datasets, costs can arise from accessing, storing, handling, process-
ing, and analyzing the data. The cost may be in the form of data licenses, software licenses or
equipment (if the data is being collected specifically for the project at hand). Besides the cost of
obtaining the data, it is also important to consider the cost of using it, such as by acquiring the
necessary expertise, software tools and processing power for analysis. Annex 2 discusses the
relative costs associated with using different big data sources.

Resources required to make data usable. In addition to relevant data sources and the costs that
may be associated with accessing them, other resources could also be required to utilize the data
in road safety assessment and analysis. This includes technical skills and expertise required to
handle and analyze the data.

Time constraints. Some big data sources are faster to access and obtain data from compared to
others. For example, open data platforms allow you to run a search query and instantly obtain
relevant datasets. Other avenues, such as data sharing agreements, may take longer to deliver
the required data. It is important to consider the project timeframe to determine which data
source may be more useful for road safety analysis at a given stage.

Licensing constraints. Any official and legitimate data source is accompanied by licensing reg-
ulations that outline the terms of use of the provided dataset. Big data sources are no exception.
Different data sources have different licensing agreements associated with them. Some, such as
open data platforms, may have minimal licensing restrictions. Others, such as APIs and data-
sets obtained through data partnership agreements, can have more restrictive terms of use. It
is important to carefully consider these limitations before choosing a source. Road safety prac-
titioners are advised to consult legal advisors or the data provider to fully understand licensing
restrictions associated with different big data sources to avoid legal ramifications.
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2.2 Machine Learning in Road Safety Analysis

ML is a branch of artificial intelligence. It involves creating algorithms that “learn” patterns, trends
and behaviors from data and improve accuracy over time without further programming. As figure 5
illustrates, the lifecycle of an ML model can be typically divided into two phases: training and deploy-
ment. In the training phase, training data is fed into the algorithm to obtain a trained model. In the
deployment phase, new input data is fed into the trained algorithm (or model) to predict the output.

FIGURE 5: ML lifecycle
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SOURCE: Modified from https://randomtrees.com/data-science

As shown in figure 6, ML algorithms can be divided into three categories: supervised learning,
unsupervised learning, and reinforcement learning. The specific tasks they are capable of and the
corresponding algorithms that are most widely used for this purpose are also listed in table 5. One
significant difference between these categories is the format and source of training data.

FIGURE 6: Categories of ML and the tasks they can perform
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Supervised learning is a family of algorithms that learn from previous data to map an input (X) to an
output (Y). For example, a supervised learning algorithm can be used to predict the risk level or crash
frequency (Y) of a road segment given its characteristics (X). “Supervised” means the training data is
labelled (i.e., the training data should be pairs of X-Y, where Y is usually called labels).

Unsupervised learning algorithms find structures in a dataset in order to group or cluster data points
based on their similarity. As the name suggests, these algorithms do not require “supervision” or
human intervention in the training phase. This means that, unlike supervised learning, the training
data for unsupervised learning algorithms has no labels (Y). These algorithms learn to group X based
on similar characteristics. The most common unsupervised learning task is clustering. For example,
given the characteristics of a road segment, an unsupervised learning algorithm can classify it into
a group of similar segments. It does not need to understand the characteristics that the group rep-
resents to complete this task.

Reinforcement learning trains a software agent to make decisions that maximize rewards from
interactions with an external environment.*® As opposed to supervised learning and unsupervised
learning, which require training data to be prepared before training, reinforcement learning gener-
ates the training data during the training phase. The data is generated when the agent interacts with
the environment. For example, reinforcement learning can be used to train an agent to control traffic
lights based on traffic conditions.

TABLE 5: Categories of ML and algorithms*

ALGORITHMS TASKS *The algorithms listed in this table are not exhaustive.
Supervised Learning SVM, DT, RF, KNN, ANN  Classification SVM: support vector machine
DT: decision trees
Regression RF: random forest
- : - KNN: k-nearest neighbors
Unsupervised Learning K-means, PCA, ANN Clustering ANN: artificial neural networks

PCA: principal component analysis
DQN: deep Q-network, which includes and ANN in its
Reinforcement Learning  Q-Learning, DQN Robotics/Decision-making algorithm

Dimensionality Reduction

Source: Original table for this publication.

Artificial neural network (ANN) is a family of ML algorithms that have been inspired by the human
brain. ANN is the most versatile ML algorithm - it can be used for supervised learning, unsuper-
vised learning, and also reinforcement learning. As shown in figure 7, ANN structures the data and
the computation in different layers. Every layer adds more depth to the algorithm; therefore, more
layers indicate that it is “deeper”. Such ANNs are called deep neural networks or deep ANN or DNN.
ML algorithms that use deep ANN are called deep learning (DL) algorithms. Therefore, from another
perspective, ML algorithms can be divided into conventional ML and DL (table 6).

3 This agent is a piece of software that makes a decision based on the environment.
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FIGURE 7: ANN structure
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TABLE 6: ML and DL algorithms

CONVENTIONAL ML* DL
Supervised Learning SVM, DT, RF, KNN, shallow ANN  Deep ANN
Unsupervised Learning K-means, PCA Deep ANN
Reinforcement Learning (RL) ~ RL without deep ANN RL with deep ANN

*The conventional ML algorithms listed in this table are not exhaustive.

SOURCE: Original table for this publication.

Most ML algorithms are conventional ML, such as conventional supervised learning algorithms
like support vector machine (SVM), which can be used for classification or regression, for exam-
ple, classifying the risk level of a road segment based on its characteristics. Conventional unsu-
pervised learning algorithms, such as K-means clustering, automatically identify spatial patterns in
datasets, which can be applied to locate clusters or areas with recurring road crashes. Conventional
ML works well for small, low dimensional datasets. Meanwhile, DL is a subset of ML that learns the
complex patterns from high dimensional (e.g., an image) and large quantities of data (e.g., big data).
Supervised, unsupervised, and reinforcement learning algorithms that use deep ANN technique be-
long to the deep learning category. DL’s first successful application is in the computer vision area.
For example, image classification is a supervised learning task that utilizes deep neural networks to
classify images into different classes (e.g., cars, pedestrians, etc.).

How to Use Machine Learning

The use of ML methods in road safety analyses is being widely explored.*” As ML methods become
more advanced, economical, and accessible, their potential applications in various disciplines continue to
grow and become more feasible. In road safety analyses, ML has great potential to overcome the limita-
tions of traditional statistical models in crash analysis and crash probability modeling. The applications
of ML in road safety analyses are discussed under three categories: conventional ML, DL, and reinforce-
ment learning, as listed in table 7. It should be noted that some reinforcement learning algorithms using
deep ANN belong to DL, but all reinforcement learning techniques are discussed separately.

% Philippe Barbosa Silva, Michelle Andrade, and Sara Ferreira, “Machine Learning Applied to Road Safety Modeling: A
Systematic Literature Review,” Journal of Traffic and Transportation Engineering (English Edition), 7, no. 6, (2020),
https://www.sciencedirect.com/science/article/pii/S2095756420301410
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TABLE 7: Frequently used ML techniques for road safety analysis*

ML CATEGORIES SUBCATEGORIES ALGORITHMS  TASKS EXAMPLES
Conventional ML Supervised SVM Classification Predict risk level based on road
Learning DT characteristics.
RF Regression Crash frequency prediction based on road
KNN characteristics.
shallow ANN
Unsupervised K-means Clustering Group road segments by characteristics
Learning similarity; group drivers based on their
driving behaviors.
PCA Dimensionality Reduction  Identify critical factors of road safety.
DL Supervised CNN Image Classification/ Detect road features from images.
Learning Object Detection/
Segmentation
Unsupervised GAN Clustering/Dimensionality ~ Find the hidden features related to road
Learning Reduction safety from map and satellite images of
the road environments.
Reinforcement Learning N/A Q-Learning Robotics/Decision-making  Control traffic lights based on traffic
DQN conditions.

*The algorithms and examples listed in this table are not exhaustive.
CNN: convolutional neural network, a type of deep ANN
GAN: generative adversarial networks, a type of deep ANN

SOURCE: Original table for this publication.

A growing body of research explores various ML techniques to predict the probability of road
crashes and assess their severity by training on historical datasets that encompass diverse fac-
tors. Conventional ML algorithms are the most frequently used ML algorithms for this purpose.
They are summarized in table 7. ML-based approaches to road safety analysis can be used to comple-
ment, supplement or even potentially substitute conventional road safety assessments.

Conventional supervised learning algorithms learn functions that take vectors of variables as in-
put to predict the output. Most conventional supervised learning algorithms that are frequently
used in data science have been used in road safety analyses, including but not limited to: decision
trees (DT), random forest (RF), support vector machine (SVM), k-nearest neighbors (KNN), and artifi-
cial neural networks (ANN).* It should be noted that there is no “best” algorithm. Determining which
algorithm may be most appropriate for an ML-based road safety analysis is essentially a data science
problem for which there are usually no set rules. One algorithm may perform well for a dataset, but
badly for another. It is common practice for data scientists to try different algorithms in order to
find a suitable one for a specific problem. When using the aforementioned conventional supervised
learning algorithms for road safety assessments, the problem is often framed as a classification or
regression problem, in which the output (Y) of the ML algorithm is either a class (e.g., risk level or
severity: low, moderate, substantial or high) or a scalar (e.g., crash probability, crash frequency) and
the input (X) to the ML algorithm could be any parameter (including but not limited to weather, time,
road factors, human factors, etc.) that is related to the output.

Conventional unsupervised learning algorithms are mainly used for clustering and dimensional-
ity reduction purposes. In road safety analyses, K-means can be used for grouping tasks that help
find clustering patterns in the data. For example, it can be used to group road segments by similar
characteristics or group drivers based on their driving behaviors, so that dangerous road segments
or drivers can be identified based on the similarity. In another example of unsupervised learning ap-

3 Silva, Andrade, and Ferreira, “Machine Learning Applied to Road Safety Modeling: A Systematic Literature Review.”
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plication, principal component analysis is used for reducing the dimensions of input data to identify
the most critical factors that affect road safety.

DL has been applied in various disciplines and achieved impressive performance. DL technologies
have progressed significantly over the past few years, especially in image analysis and computer
vision, the method’s first successful application. The core technique in this domain is deep convo-
lutional neural network (CNN), which is the state-of-the-art approach for object detection, semantic
segmentation, and instance segmentation of images. Object detection is a task in which, given an
image, the model outputs a bounding box of detected objects (figure 8). Semantic segmentation is a
task in which, given an image, the model classifies every pixel into predefined classes (e.g., road lane,
traffic light, etc.). Instance segmentation is a task, in which, given an image, the model groups pixels
belonging to an instance of the object.

FIGURE 8: ML algorithms and street view

After applying an object detection algorithm to a street view image, a bounding box surrounds each predicted object, which also
contains a confidence level for each prediction.
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SOURCE: World Bank Global Program for Resilient Housing.

DL-based image analysis has been successfully used in various industries for applications ranging
from facial recognition to autonomous driving. It has great potential to be used in road safety
analysis to automatically analyze images and infer road attributes that are relevant to road safety
assessments. Large sets of images with annotations such as road lanes, traffic lights, speed limit
signs, and pedestrians can be compiled for training deep CNNs so that they learn to recognize these
objects through images that the models have not previously encountered. If successful, this approach
should equip the model to detect road attributes at a regional scale.

The detected information can then be used for safety and risk analysis. For example, if the DL mod-
el can infer the road segment characteristics (e.g., number of lanes, terrain type, road markings and
signs, and pedestrian, bicycling, and motorcycling facilities), the inferred information can readily be
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used as input for various road safety assessment tools. This would allow the process of detection and
analysis to become fully, or at least significantly automated and scalable at a low cost.

DL can also provide a lower-risk alternative to manual detection of certain road attributes and
other important variables in road safety analysis. For example, a team used imagery from Baidu
Street View to provide a practical, automated alternative to the manual detection of street cracks,
which can be labor-intensive, hazardous, and difficult to conduct on a large scale. The authors use the
Deeplabv3+ network model, a DL neural network, to develop an automated road crack identification
system and demonstrate its practicality as a method to generate faster, more accurate and efficient
information about road cracks at lower cost compared to manual detection.*

Reinforcement learning is widely used to design intelligent control and decision-making systems.
In road safety and traffic management, reinforcement learning is most commonly employed to devel-
op intelligent signal control algorithms. A typical reinforcement learning-based traffic light system
makes divisions based on specific input traffic parameters, such as the length of time for which vehi-
cles wait at the intersection, the cumulative delay caused by waiting at the intersection, the length of
time for which the light stays green for each signal head, etc. The output of the system would be the
next color of the light and length of time for which it should remain switched on. Designing traffic
systems using reinforcement learning helps save time and improve safety standards.

Key Considerations for Using Machine Learning

Road safety can be evaluated explicitly using rule-based reasoning systems. However, developing
such systems can be complex if there are many input variables. Compared with rule-based evalua-
tion systems, ML algorithms are data-driven and don’t require developing rules; therefore, they are
relatively inexpensive to implement. ML algorithms are more suitable for high dimensional inputs.
As a broader spectrum of ML algorithms become available, road safety practitioners are advised to
carefully consider the trade-offs involved when applying them to road safety analysis. This section dis-
cusses various factors that must be considered before deciding to use an ML algorithm for road safety
analysis in their project. Again, this is not an exhaustive list. Some factors may be more relevant to
some projects than others, while additional considerations may be required for certain projects. It is
worth noting that many of these factors are also interrelated. For example, the feasibility of using ML
for a project can be affected by time and budget constraints, the availability of data and the anticipated
resource intensiveness of the data preparation process. Table 8 provides a SWOT analysis of the use of
ML in road safety analysis.

% Min Zhang et al., “Research on Baidu Street View Road Crack Information Extraction Based on Deep Learning Method,”
Journal of Physics: Conference Series, no. 1616 (2020). https://iopscience.iop.org/article/10.1088/1742-6596/1616/1/012086/pdf
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TABLE 8: SWOT analysis of using ML in road safety analysis

STRENGTHS

WEAKNESSES

« Offers tools and techniques to process big data that may be
more precise compared to traditional methods.

« Especially effective for feature learning, parameter
optimization, and processing large amounts of big data.

+ ML algorithms tend to perform better than traditional
statistical techniques in cases where high-dimensional and
high-nonlinear data is involved.

+ As the technology develops, novel techniques create new
opportunities to understand complex relationships between
multiple, interrelated variables and predict outcomes with
greater accuracy.

+ ML algorithms can be improved continuously as more data
is generated or made available for training.

+ Algorithms can be limited in their applicability; models may not
perform well on data that is different from the training data’s
distribution.

+ Large amounts of data are needed to train the models and yield
more accurate models, which may be difficult in data-scarce
contexts.

+ Some ML algorithms (e.g., ANN) works like a black box, and can
be hard to interpret, therefore an ML algorithm usually requires
thorough validation and test processes before it can be deployed in
the real environment and assist decision-making.

+ The technology still needs further development before it can be
mainstreamed for use in road safety assessments.

OPPORTUNITIES

THREATS/CHALLENGES

+ May eliminate the need for manual coding of road safety
data in the future, making the process less labor-intensive
and time consuming.

+ Possible to train datasets in one location or for one purpose
and use them for another.

+ Provides a powerful method for complex crash risk
modelling and other types of predictive analytics in road
safety.

+ As the technology develops, a platform powered by ML
could be used across geographies for road assessments.

+ As more and more data is generated and collected everyday,
this could be potentially analyzed with ML algorithms to
discover new patterns and insights.

+ Requires specialist expertise, tools, and knowledge which may
make its usefulness limited in some contexts, especially in
developing countries.

+ May require addition