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Abstract

Intersections are planned areas within the roadway infrastructure where conflicts between various
roadway users may occur. Various strategiesluding traffic signals, markings, and roadway sjgns
control traffic movementslong the potential onflict areas. Despite these control strategies, crashes
between various road users within intersections have historically represented a large portion of overall
roadway crashe€rashes betweanad users in other safetyitical areas within the roadwayfrastructure
such as higispeed freeways also significantly contributeterall crashes. Thereforéhe assessment of

road traffic safety for its improvement has been a widely pursued research topic.

A critical challenge that curremtaffic safety assssment methodace is the lack of higfidelity
dataexplainingthe precrash sequence of interactions between various road users. Recent advances in
vehicleto-vehicleand vehicleto-infrastructure communication technology have enabled the availaddility
new sources of higfidelity and informatiorrich data. Connected vehicles broadcast their dynamic state
information and connected intersections broadcast static information about the georttegiyooitical
physical features along with their dynamic signal state informatialustrywide efforts are underway to
facilitate additional information sharing betwegrirastructureand vehicles, such asbject locations,
weatherconditions,road conditionsand dynamic situational informatiofechnologydriven advances in
infrastructureandmodernvehiclesprovide an ability to capturine informationrich datathat can be used
to assessoad traffic safetyWhen combined the information from these new dasources brings an
opportunity to rethink current methods of traffic safety assessmewntlop new methods by combining
classical approaches with modern approaches improve the overall situational awareness of both

vehicles and infrastructure.

This dissertatiorpresenta framework ofa scalablesystem developed to capture information from
newdata sources andodern intersection traffic safety assessment methods that are builiragitional

conflictsbased surrogate safety measufé® presentefield data capture system is deployed on multiple
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live intersections in different geographical locations within the United States. One of the challenges in the
framework development is the currently limited availability ofroad connected vehicles. Toareome

this challenge, this dissertation presents a simuldigsed data capture framework as a source of the
vehicle and infrastructure data structurally identical to the data collected from the field. Safety assessment
methods presentdd this disserton utilize the information from newly available data sources to reveal

the probabilistic nature afafetycritical zones within intersectisrand other roadway areasboth space

and time.The impacts ofmeasurement uncertainties safety assessment tmedsareanalyzed.

The end goalof this researchreto (1) enabletransportation agencies to make informed decisions
towards improving the intersection traffic safeand to (2ymprove the situational awareness of drivers of
communicatiorenabled vehicles to potentially reduce safety risks by providing information about safety

critical areas of the intersection asytmavigate through the intersection and other roadway areas.
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1. Introduction

A robust road transportation system enables theement of people and goods from one place to
another. It significantly contributes to regional seeamnomic growth and increased quabtylife by
enabling a deep network of connections for intainterregional transportatiorifhe cevelopmentof
transportation infrastructure is a largeale public investmentthatn f | uences a countryods
society, science, technology development, environmental protection, public aealthational security

(L. Wang et al., 2018)

However, as our experience and knowledge of the interaction of vehicles and the roadway
improves, we discover that drivers sometimes make errors that can result in crastaalitied.fThe
World Health Organization estimates that raadfic-related crashes are responsible for over 1.35 million
deathsaannually(Global Status Report on Road Saf@fy18) Crashes are the leading cause of death among
the younger population and thé l@ading cause of death among the entire global population. In the United
States, over 35,000 deaths are causettdffic-related crashes annually. The highest cost incurred by
vehicle crashes is human lives, but there are other significant economic impacts too. The tangible value of
the economic cost of all road traffic crashes in the United States in 2010 was estimated to be $242 billion
(Blincoe et al., 2015)This estimate excludes the intangible value of lost qualitife. When the quality
of life valuations are considered, the total value of societal harm fromtnaféid-related crashes in the

United States in 2010 was estimated to be $836 billion.

The design of the roadway, vehicle, and driving task have a significant impact on the overall system
safety. As vehicle designs improve, vehicles are m@shworthy and are designed to perform better on
roadways. As roadway designs improve, previously dangerous locations can be improved from a safety
perspective. As automated driving systems emerge, computers can enhance, reaéciexaeed human
driving capabilitis. The interaction of these three aspestsritical to understanding, assessing, and

improving safetyThe key purpose of measuring and assessing traffic safety is to identify problem areas,
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develop and implement countermeasures, and monitor the efféoiplemented countermeasures in the

design of roadway, vehicle, and driving task.

1.1.  Background and Motivation
Current methods of traffic safety assessment include the usage of direct and indirect measures of

safety. The direct measuresf traffic safetyare derived from theollection of datarecordedby law
enforcement officers during crash investigasiorhesemeasures are reactive in nature, i.e. nwstwait
for a significantnumber of crashes to occur collect sufficient data that can be useddiaw statistical
inferencesFurther, thiglatais subjective in nature and more often incapablewalingthe causes behind
the crash occurrencA.crashis a rare phenomenon comparedmaooth interactions betwegarious road
users.The rarity of crahes limis the sample space of the data available for analysis an@¢dhtributes
to the valueof the direct measures of safeliydirect measures dfaffic safetyare based othe behavior
and interactionbetweervehicles during unsafe situatiotitdonot necessarily result in a craglowever,
it is challenging tadevise methods to capture data that can proaabeirateand sufficient information

abouttraffic behaviors andehicleinteractions

As we prepare our roads for the new technoldgyen traffic that includes autonomous vehicles
and connected road usetise task of traffic safety assessment has now become more necesghary.
guality data is the core of any successful effort to improael safetyCarter et al., 2017Fortunately,
there is an emergence of new hiigdelity informationtrich data sourcedueto advances in sensor systems,

high-speedand reliablecommunication technology, atldeintroduction of technologygriven road users

Communication and sensequipped roadway infrastructure can now capture, process, and
broadcast informationich data thatvarious road users can uss theytravel the network The
infrastructurebased data inclugddutis not limitedto, dynamic situational data suchtag staes of traffic
signals, weather conditions, road conditions, incident alerts, and static data describing the geometry and

structure of roadway segments.
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SAE-J3016B(2019)standard defines six levels of driviagtomation which are as follows:

(1) Level 01 Manual Driving: Vehiclesin this level provide no driving assistance or automation
capabilities. The driver of such a vehicleeistirely responsible fossituational assessment atite
driving task.

(2) Level 17 Driver Assistance: Vehicles this leveluse the data captured by onboard sensanspgmve
the situational awareness of drivers, though the driver is entirely responsible for executing the driving
task.Examples ofiriver assistancéechnologiesnclude crise control, lefturn assist, lane departure
warning, forward collision warning, and blirsghot warning.

(3) Level 21 Partial AutomationAt this level, vehicles can help improve situational awareness of drivers
and perform certain parts of the driving télsét include lateral (steering) or longitudinal (acceleration
or braking) control. However, the driver of the vehicle is still completely responsible for the safe
execution of the driving task. Examples of partial automation include adaptive cruise,dantol
keeping assistance, lagentering assistance, parking assistance,{slopod intervention, and automatic
emergency braking for collision prevention.

(4) Level 3i Conditional AutomationAt this level, drivers can disengage from the task of drivingeund
specific conditions. Conditions may include vehicle speed, road type, and weather conditions.
However, the driver is expected to take over the vehicle control when the automation system requests.
The driver is responsible for the driving task evengfalitomation system provides control assistance.
The vehicles in this | evel must monitor the driwv
requested and must come to a safe and complete stop if the driver does not take control.

(5) Level 41 High AutomationVehicles in this level can independently drive when driving uadiefined
operational design domain (ODD). The automation system may alert the driver if it encounters a
situation outside its ODD. The driver may choose to take controltherwise, the vehicle can still

securely complete the required reaver.
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(6) Level 51 Full Automation Vehicles in this level are completely capable of executing the driving task
under fifall 06 conditions. Such vehi celeraton/braking n o't

controls

With increasing levels of automation, vehicles can increasiogyrol functions that the driver
previously controlled. Each level of automation requires the addition of specialized sensors in the system.
For example, a level vehicle may perform its expected tasks by using minimal sensors such as one
RADAR and one camera. In contrast, a Ievelkehicle may require a comprehensive sensor suite including
different types of sensors such as multiple cameras, positioning d€@&&GNSS), LIDAR, and
RADAR that can provide 368ensing information to perform its expected tag¥ish advances in vehicle
to-everything communication capabilitighe information captured by partial or fully automated vehicles

can be shared with other road users and infrastructure.

New informationrich data sources bring apportunityto rethinkandimprove existingnethods
of assessing traffic safety and devétmgpnew methods by combining classical approachesinitbvative
approaches and new data sourdésis, there is a need fogsearch that provides an approachképture
the safetycritical information fromnewly available data sourcesd utilize it to mprove the existing

methods of traffic safety assessment

1.2. ResearchGoalsand Objectives

The goas of this researctare (1) to enabletraffic operating agencies to make ddtaven and
informed decisionfor developing strategigs improvetheroadway safetyand (2) to aidommunication
enabledrehicles in safly navigatng roadwayshrough improved situational awarenebswards achieving

the end goal this research is constructatbundfive objectives that are outlined below:

(1) Develop a scable readyto-deploy system that can capture the data generatedobyected and

automatedrehicles and intersections
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(2) Identifyand establiskquantitativemetrics thatanutilize the collected data for traffic safety assessment
through a comprehensive say of literature in this research area

(3) Analyze the propagation of measurement uncertaintiethéncomputation of identified safety
assessment metrics.

(4) To address the challenge posed due to the currently limitedaohpresence ofonnected and
automate vehicles develop a simulatiofrasedscalableplatformto collectnearidentically formatted
datathat can be usefdr the frameworkdevelopment

(5) Develop d@oolchainthatfuses the information collected from various data sourcesttact thesafety
critical informationthat can be usetth computeheidentified safety assessment metifiasvehicular

traffic safety assessment.

1.3. Dissertation Organization

The topics discussl intheremaindeof this dissertation arerganized as follows:

Chapter 2 Literature ReviewThis chapter provides a comprehensixdew of the prior literature
in datadriven vehicular traffic safety assessmeBafety assessment measures from boddway and
vehicle perspectigarediscussedExisting cata sources that are availabléhiapublic domairthatsupport

the safety assessment methodsreviewed

Chapter 37 Data Capture System DescriptionThis chapte describes thenewly available
communication and sensdriven datasourcesand thesystem's architecturfer collecting thedatafrom
which the safety critical information can be extraciBuoe chapter also describes the simataplatform

develomdto generatsimulakddata that can be used for the developmeiiteframework.

Chapterd i Operational Safety Assessmbfdtrics This chapter introduces the operational safety
assessment metridhat are based on the trajectories of interacting vehidlee relationshipamong

different metrics is explorednd heir sensitivity to the erroiia data sources is analyzed



23

Chapter5 1 Information Extractionand Analysis This chaptepresents methods f@rocessing
and fusingecollected data to extract safetgtical information in two types of common unsafiteractions:
(1) interaction between leftrningvehicles and vehicles making through movements while navigating an
intersection and (2) carfollowing interaction where one vehicle follows anothsme these two
interactions are major contributors to causes of vehicle créShes, 2010) Built uponidentified safety
assessment metricspaethodology to identify safety critical zones in spatial and time domain within the
roadway infrastructure idescribedThe possible relationship between identified critical spatiaks and
historical crash data is explorddsing identified safety critical zonepossible strategies to mitigate the

potential safety issues are discussed.

Chapter 6 T Summary, Contributions and Future Researdiis chaptersummarizes the
contributions and conclusions of thesskrtation Potential future directions for additional reseaane

identified and described.
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2. Literature Review

This chapter presentscamprehensivereview oftraffic safety assessment methddand in the
prior literature Methods that are used to assess the safety of roadway infrastructure are discussed in Section
2.1(Roadway PerspectiyeMethods used byehicles with various levels of automatifum safe navigation
on roadways are discussed in Secan(Vehicle Perspectiye Key public datasets that can support the

respective safety assessment mettawdsntroduced.

2.1. Roadway Perspective
From the roadway perspective, substantive safety assessment methods can broadly be classified
into directand indirect measures. Direct measures are generally derived from theddistashdata from
roadway segments. Indirect measures are derived from the other tyjmescoAshdata from a variety of
sources collected over time including but not limited to vehicle volumes, average speeds, e@mtflicts

trajectories of vehiclesawelling through the roadway segments
2.1.1. Direct Measures

Frequency and severity of crashes are the most direct measures of safety. Crash data is defined as

ii nformati on gathered by | aw enforcement ther ot he

l ocati ons, circumstances, persons, and vehicles
(Scopatz et al., 201.7Frash data generally consists of infotimi about the drivers and people, the types
of vehicles involved, the time amalcation, subjective information about how and why the crash occurred,

and consequencdgacluding damage and injuries.

Crash data is collected by law enforcement officers ipdiy inspecting the crash site and
interviewing the people involved or that witnessed the crash and is inherently prone to subjectivity. In
addition, crash data is limited by inconsistencies in timeliness, accuracy, completeness, and uniformity. To
minimize some of these limitationScopatz et al.(2017) developed comprehensive guidelines to help

improve the quality, integration, and accessibility & ¢tinash data.
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U.S. crash data can be accessed usindg-#ttality and Injury Reporting System Tool (FIRST)
(Fatality and Injury Reporting System Tool (HR). This tool allows to access the data from various
available sources collected between 2004 to 20ké8re are other types of privately collected crash data,
such as the data collected by insurance companies while addressing insurance clainaa$oigintnot

be available in the public domain if the associated crash was not reported to law enforcement officers.

Crash Frequency

Crash frequency is defineddast he number of <c¢crashes occurring
aroadways e g ment , or a {Golembiewsskn & @harsller,c20liljpisiane of the simplest
direct measures of traffic safety from the roadway perspective. Many crashes occurring around a similar
location over a timgeriod could be an indicath of underlying safety concern. Increasing trends in the
frequency of crashes at a roadway segment could be a hint of emerging safety issues on that roadway

segment.

The World Health Organizatidifeden, 20043ummarizes keyategories of factors that affect the
frequency of crashes on roadway segments. Excessive speed is the largest contributing factor. Other factors
include demographic factors such as age or gender, lack of visibility either due to poor eyesight of road
usersor due to environmental factors such as heavy fog, snow or rain, inadequacies in infrastructure such
as poor road design, poor road maintenance, inadequate lighting during darker times of the day, substance

influence on drivers, distractions, and vehigkted factors such as braking, handling and maintenance.

For predicting future crash frequencies, a variety of models are used in the litdcatdré
Mannering,(2010) provided a comprehensive review of tHea@cteristics of crash frequency data and
different approaches to model crash frequency. Key characteristics of crash data inchutigpevsion,
underdispersion, temporal and spatial correlation, low sample mean, and presence of endogenous
variables.Early crash frequency analysis models were based on ordinary multivariate least square
regression with the assumption of normally distributed errors with constant va#dimttéhafedh, 2017)

These regression models are generally continuous models and can produtegenand/or negative
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predictions which isriconsistent with the observations. Poisson regredsiead models are used to
address these issues. Poisson regression models perform best when the underlying data has comparable
mean and variance. If the data is undispersed or ovedispersed, the gtdard errors estimated by the
maximum likelihood method will be biased, resulting in questionable validity of derived test statistics.
Crash frequency data is usually odispersed making Poisson regression models unsuitable. Roisson
gamma (or negative momial) models which relax the constraint of comparable mean and variance can
accommodate such ovdispersion in the crash frequency data. In rare cases, with smaller sample sizes,
the mean of crash counts is substantially more than its variance. Pgiaam models are weak at
handling such undetispersed data. Poisstagnormal models represent the und&persed crash counts

data better. A characteristic based heuristic was proposéhibgzi & Lord (2019) for selecting the

logically appropriate distribution between Poisgmma and Poissdagnormal.

Another important characteristic of crasbunt data that causes ovdspersion is that there are
numerous locations with zero historical crash counts, resulting in excessive zeros in the crash data. Zero
inflated Poisson and zeinflated Poissofjamma models are widely used to deal with such-diggrersion
caused by excessive number of zgtagkusa & Hing Phoa, 20207 hough zeranflated models exhibit
greater flexibility, they bear the limitation of producing biased estimates due to their zeteriongeans
(Lord et al., 2005)Most models provide point estimates of crash frequency statiégbset al.(2019)
provided a comparative study of prediction intervals and confidence levels for differentPoisson

regression models.

Crash frequency, and its underlying causes, vary between different roadway segments. This natural
hetergeneity is accounted for by randgrarameter models, however, their applicability and usage in
practice is very limitedAnastasopoulos & Mannering, 2009Road crashes are a result of complex
interactions that occur between various road users and sugthexdnteractions are inadequately modeled

using linear models. Various researchers have used fuzzydagéd modelso predict traffic crash
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occurrence and found that usitiggse models is a feasible approach to approximate the underlying causes

(Al-Omari et al., 2020; Imprialou et al., 2014)

Recently advances in computing techniques have created opportunities to explore the viability of
using methods based on artificial intelligence as a tool in traffidysafeplications.Artificial neural
networkbased models are utilized as alternative methods for crash frequency aéilydisang et al.,

2016; Pradhan & Ibrahim Sameen, 2020)

Crashes are rare events and due to inherent stochasticityhroctasrences, it is possible that the
number of crashes on a roadway segment or at an intersection during a particular year turns out to be much
higher or lower than during a typical year. To prevent the resulting skew in the data it is importantto colle
the data oveanadequate time period. The rarity of crashes and underreporting of occurred crashes results
in a smaller sample space which is onghafkey limitations of the crash frequency analysis. Another
limitation of the crash frequency datali® bias in omitting variableRolison et al(2018)found that the
views leld by lawenforcement officers recording crashes and the views by the public on accident sites
significantly influence the memory recall of factors involved in an actual crash. When modeling crash data
for future predictions, these limitations can actascal sources of errorsTheymay lead to inaccurate

crash frequency predictions as well as incorrect inferences about factors that lead to a crash.

Crash Severity

The ®verity of crashes is another facet of crash data analysis. Severity is defihedrmst severe
injury sustained by those involved in the crash. There are two scales that are used to classify crash severity
levels: the Abbreviated Injury Scale (AlS) and the KABCO scale. In the United States, the KABCO scale
was developed by the Natidn&afety Council in 1990 and is most widely adopted for severity
classification. The acronym KABCO lists five values in the scale from most severe to the least severe: K,
killed; A, disabling injury; B, evidential injury; C, possible injury; and O, no agpiainjury(Lawrence et
al., 2002) Most studies on crash severity analysis aim towards identifying critical factors that affect the

severity. The World Health OrganizatigReden, 2004summarizes key categories of critical factors



28

influencing the severity of crashes. Like crash frequency, crash severity is also heavily influenced by the
speed of vehicles involved in the crash. Other categories of factors influencing severity ldudks inc
human tolerance factors, use of safety equipment in the vehiclgelitbeltschild-restraints or helmets,
unprotected roadside objects, vehiadated factors such as availability of airbags, and the levels of

substance influence.

Given the naturef the response variable in the severity classification, a variety of disereteme
statistical models have been applied to crash severity analysis and pred@atiofainen etl. (2011)
provided a comprehensive review of methods used for crash severity classification. The statistical models
used for crash severity analysis and prediction can be divided into two groups: binary response models that
classify the severity intbwo categories (for example, fatality versus no fatality) and multiple response
models which classify the crash severity intwiltiple categories (for example, all categories from

KABCO).

Binary probit and binary logit models are commonly used for binkgsification of severity
Multinomial logit models are commonly used to classify the injury severities into more than just two
classes, without considering the ordered nature of the severity classes. To account for ordinal nature of the
response variablia the KABCO scale, traditional ordered probability modetduding theordered probit

and generalized ordered logit models are used to analyze crash severity.

With advances in artificial intelligendeased computing solutions, recent studies have msale u
of variants of artificial neural networks and other machine learning approaches for crash severity analysis.
It needs to be noted that the performance of machine learning techniques widely varies with different
hyperparameter@ranitalab & Khattak, 2017)In comparative stlies, machine learning based models
perform better when compared to traditional modelswever, inferences of variable importance from
different methods were not always consist@ftiang et al., 2018)Ahmadi et al.(2020) developed a
comparative analysis of traditional binary and multinomial logit models with support vector machines

(SVM) and found that the SVM approach yields slightly better results than the traditiodalsmMost
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studies in this area consent with the observation that modern machine learning based methods have the
potential of improving crash severity analyg§idas et al., 2018; Jeong et al., 2018; Mafi et al., 2018;

Hadjidimitriou et al., 2019; Tang et al., 2019; Theofilatos et al., 2019)

In addition to the limitations of the crash data, limitations that are critical torésh severity
analysis are fixed parameters that are used while recording a crash and omitted variable bias as discussed

in the limitations of crash frequency analysis.

2.1.2. Indirect Measures

As noted earlier, the small sample size resulting from the rarityashes is a key limitation of
using metrics based only on the crash data for safety assessment. Moreover, to use the crash data for safety
analysis, one must wait for crash(esdtaur. A traffic conflict is an observable nesrash event that could
haveresulted in a crash if none of the involved road users made an explicit evasive maneuver to avoid the
crash. The safety pyramghown inFigure 1 that was presentday Hyden(1987)illustrates that crags
are the rarest events among all interactions between various road users followed by conflicts between them.
Guo et al.(2010)found that conflicts occur approximately 20,000 times more frequently than crashes.
Based orthe assumption that the primary causes behind both crashes and conflicts between various road
users are exactly the samerkins & Harrig1967)introduced the Traffic Conflicts Technique (TCT) which
is a surrogate approach to measure the crash potential of a particular location without having to wait for
crash(es) to happen. After the inception of the TCT, mamndiest validated its crash prediction potential

for roadway segmentslyden, 1987; Hauer & Garder, 1986)
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Accidents

Serious conflicts
Fatal

Severe injury
Slight injury
Damage only —+—F—X' \  |------

Slight conflicts

Potential conflicts

Undisturbed passages

Figure 1: Safety Pyramid - Hyden (1987)

Surrogate safety measures are indirect safety assessment measures that are extracted from non
crash events such as traffic conflicts. In the relatively recent liter&inemg et al(2014)andMahmud et
al. (2017)have proviled a comprehensive review of traffic confli@sed surrogate safety measures along
with a discussion on their applicability, mathematical formulations, strengths, and weaknesses. These
measures can be classified into four categories: temporal proxidiehtors, distancbased proximal
indicators, deceleratiebased indicators, and other indicators. The most used temporal proximal indicator
is timeto-collision (TTC). Other measures that are derived from TTC include modifi€l (MTTC),
time-exposedl TC (TET), and timeintegratedT TC (TIT). Timeto-accident (TA), timeéheadway (H), and
postencroachment time (PET) are additional temporal proximal indicators. Didtased proximal
indicators include a potential index for collision with urgent deceler@®t@UD), proportion of stopping
distance (PSD), margito-collision (MTC), difference of spaedistance and stoppirgjstance (DSS),
time-integrated DSS (TIDSS) and unsafe density (UD). Deceleraditento avoid crash (DRAC), crash
potential index (CPIl)and criticalityindex function (CIF) are some examples of decelerdismsed
indicators. Finally, there are other less widely used indicators which include jefédsie] critical gap,

gaptime, among others.

One of key challenges that the traffic coctli technique face is the collection of data. Initially,

trained field observers were employed on study sites to observe traffic and collect the icafédt data
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(Parker & Zegeer, 1989)However, such data is prone to subjectivity and it is difficult to evaldate

the findings across fieldbserver{Zheng et al., 2014)This method is nabnly expensive but also labor

intensive. Inconsistent approaches to train the field observers also inhibit adoption of this giaroaien

& Sayed, 2007)To overcome these difficultiemany studies utilized simulation models for generating
conflict-related data as a substitute for the field d&ettman & Head2003)dev el oped A SSAMO,
simulatiorrbased tool for estimating surrogate safety measures from simulated conflicts. Many other studies
utilized SSAM for safety analysis using microsimulation mode{fran et al., 2013; Huang et al., 2013;

Chai C. & Wong Y. D., 2015; Wu al., 2018) However, traditional simulation tools are primarily designed

to beffieedastand there is a lack of I|iterature that
results obtained from simulatidrased conflicts studies and the figlfety assessment resultsaddway

facilities In general, simulated data does not accurately represent thgoréhldata since simulation

model s need to be 6perf ect |lcyadhintemdiond Maecowerdsimulatidn e x p | |
models are rarely able to represent interestingetarases, such as erratic driving, espeeding, failure

to yield etc.Gettman & Head2003)thus recommended caution while using simataimodels for the

purpose of traffic safety analysis.

With advances in computing and sendhisuse of computer visiehased techniques for traffic
analysis have gained popularity. A stafethe-art review byBuch et al.(2011) summarizes different
methods, computing techniques, and applications of extracting traffic related information using computer
vision, especially in an urban setting. In the context of cortfsted safety analysihe sensodata is first
collected from field mounted stationary sensors and then it is processed to extract vehicle trajectories and
other conflictrelated datasSaunier & Saye®007)developed a mhbdology to extract vehicle information
and track vehicles for extracting their trajectories using the field collected vide&Ztataet al(2009)
developed an algorithm to fuse the data from a network of singldaser image scanners with the data
from video cameras. Both video and laser sensors were mounted on intersections to extract location, speed,

and heading of vehicles. The Next Generation Simulation (NGENdxt Generation SIMulation Fact
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Sheet, HWAHRT-06-135) project includes a public dataset that contains vehicle trajectories extracted
using computer vision techniques. The NGSIM dataset has been widely used for-bas#idtsafety
assessment, especially in cases offebowing scenariosVe hi cl e trajectories are
state information such as their position, speed, acceleration, and other higher order derivatives like jerk.
Extraction ofvehicle state informatiofrom thesensomata is computationally expensive task anabrs

are introduced while extractinghicle trajectoriebom thesensodata. Theperformancef most trajectory

extraction algorithms is influenced by illumination, shadows, position of camera mounts, among others.

Advancesin connected vehicles aexpected to be a critical component in automated driving as
they enable sharing wEhicle state informatiosuch as position, velocity, heading, and other vetliaked
sensor data with other vehicles and the infrastrucRue.to higher resolution aratcuracy the connected
vehicle datacanaddress the limitations of trajectory data extracted from sensor data afadittaie the
analysis of complex prerash or preonflict sequence of interactions between various road users. Finally,
another area related to surrogate safety measures that can benefit from the newly available data sources is

to establish atatisticd relationship between surrogate measures and actual occurrences of crashes.

2.2.  Vehicle Perspective

Human decision making is prone to subjectivity and errors and can widely vary based on many
external factors such as fatigue, distractions (e.g. cell phomex)d, substance influence, and the
surrounding environmenDingus et al.(2016) identified that in recent years that crash causation is
dramatically shifted to driver error§helikelihood ofhuman eror involvement in crasés increases three
times if the driver is fatigued. Every dagn average, over 29 people die in the United States due to
substancénfluenced driving(Traffic Safety Facts2018) Crashes also depend on the age of the driver.
Drivers ketween the ages 16 to 17 and 60 to 69 are more likely to be involved in qfBstie2012)
Overall, over 90% of crashes result from involvement of some dnelated factors such as error,
impairment, fatigue, or distraction. Autonomous vehicles (AV) offer to reduce and, in the best case, remove

the involvement of the human from the process of decision making that is required for the driving task and
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thereby reluce humaserrors to create a safer driving environmaiorando et al(2018) showed that
significant market penetration of AVs can reduce the conflicts at signalized intersections by between 20%
to 65%. However, the safety improvements in the traffic stream are only expected after significantly large
market gnetration of AVs occurs. Before a significant fraction of vehicles on public roadways is dominated
by AVs, there is a substantial period of time when hudraren and autonomous vehicles mustesist

AVs are those road users which are completely newtlagid behavior in different scenarios is largely
unknown, though somewhat predictable. This makes the task of traffic safety assessment more challenging

and more necessary than before.

A typical ontboard sensor suiten aconnected and autonomous vehideudes a GPS receiver,
video cameras, LIDAR units, RADAR units, and other-bmard sensorgogether with wireless
communication devices. The KITTI Vision Benchmark S(@eiger et al., 2013% one example of widely
used orboard multisensor public dataset. Information from thesevmata sourcelsas thepotentialto
enhane current traffic safety assessment methéas.example Li et al.(2020)developed a system driven
by high frequency vehicle CAN bus data for observing changing road conditions due to changes in the
weather. They discovered a potential for predicting deteitigraoad conditions ahead of time using the
data generated by other vehicles. Such applications can progigedetails in causal analysis of observed

frequency and severity of crashes

The Pllowing subsections provide an overview of current measurasdre used for assessing the
behavioral safety adiutonomouwehicles when they are a part of traffic streahere some measures can

also be used for completely manual vehicles.

2.2.1. Number oMiles Driven Until Crash

One way of assessing the safety of AVsasount the number of miles driven until an AV is
involved in a crash. Based on statistics derived from hushni@en vehiclesKalra & Paddock(2016)

guantifiedthe lower bound of the number of miles that would need to be dtovgmovide statistical
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evidence of autonomous vehicle safety. They estimated that to achieve a statistically significantly lower
involvement in crashes, as compared to human driven vehicles, AVs would need to drive about 5 billion
miles without being invaled in an incident. Since 2015, the California DMV has released annual reports

of the number of miles driven for each AV approved for testing on the roads of California. In 2019, over

2,855,739 miles were driven cumulatively by AVs produced by a variatgropanies.

Though the cumulative mileage until crash is a widely used measure for safety assessment of AV,
this measure faces multiple limitations. First, this is an expensive measure for safety assessment. With a
fleet of 100 AVs tesdriven 24 hours aay, 365 days a year at an average speed of 25 miles per hour, it
would take about 225 years to show they are statistically significantly safer than human(Kalrar£
Paddock, 2016)urther, even for a small change in a single line of code of an autonomous driving system,
the counter of miles driven resets back to zero and the entire test must be repeated. Avritaiiien fisn
that there is a substantial difference between miles driven on an empty stretch of road versus miles driven
in a busy traffic. In busy traffic, the vehicle must interact with a variety of other road users which tests its
behavioral safety moregorously. An alternative is to make use of simulation models for increasing the
number of miles driven befotgeinginvolved in a crashHowever the use of simulation models for such
safety critical applications necessitates their extensive calibratitn reality. Moreover, simulation
model s can not represent fAall o situations that ma

their results.

2.2.2.  Number of Miles Driven Per Disengagement

Another measure that is widely used to assess the s#fétys is number of miles driven per
disengagement. According to California Code of Regulations, disengagesmefitsl e act i vati on o
autonomous mode when a failure of the autonomous technology is detected or when the safe operation of
the vehicle reques that the autonomous vehicle test driver disengage the autonomous mode and take
i mmedi ate manual EraadéBlamadetab, P01&PDisengagembnitscan bedinitiated by

the AV itself, by invehicle or remote safety drivers, or even by passengers.
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Based on the 2019 report from California DMV, the average number of miles driven per

disengagement by all AVs approved for testing on rofdsabfornia neared 320. However, this number

is not equally distributed among different AV developers. Different reasons for disengagements correspond
to the maturity of the corresponding AV develofier et al., 2018) Over64% of disengagements are due

to limitations originating from perception and decisamdcontrol systemg¢Banerjee et al., AB). The

reasons for disengagement can broadly be divided into four matggories: human factors, system
failure, external factors, and oth@avaro et al., 2018)n macrecategories, it was found that over 52% of
disengagements were due to some sort of system failure. Over 30% were due to the involveomeat of
human factor such as intervention by safety driver and only 11% of disengagements were due to external

factors.

A key limitation that disengagemebased measures face is the reduction in the number of
disengagements does not directly imply the imprognt in safety. A human driver can take over control,
even if disengagement is not initiated by the AV, it is not approacitral(FraadeBlanar et al., 2018)
Finally, the reasons for disengagement can be classified into broad categories, but disengagements do not
directly give any clear indication about the sequence of events that occurred prior to the disengagement

information about the potential of the AV to safely respond to the situation if it is disengaged

2.2.3. Infractions

Autonomous driving systems are expected to follow a set of rules which intduestbat define
how vehicles should operate on public rods infraction is defined as an instance wiagrAV violates
one or more rules of the road. Possible violationkides but are not limited to, disregarding a red light,
disregarding a stop or yield sign, illegal crossover of designated lane markings, exceeding speed limits, and
improper or noruse of turn signals. It should beted that there may Is&uations wheré is necessary to
violate a rule of the road to achieve a safe outcome. For exasupleose a vehicle is instructed to drive
over the centerline by a police officer directing traffic. In that calse vehicle should follow such

instructions even thougtoing so wouldea rule of the road violatiofWishart et al., 2020)
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2.2.4. Roadmanship

fi R o a d npacapsutes the ability to drive on the road safely without creating hazards and
responding wel |l (regardl ess o f(FrhadeBlanbriettaly 3018)tis t he h .
literally a measure of whether a vehicle (autonomous or hdriaen) plays well with other road users.
For human drivers, driving tests and licensing procedures assess if their siylénig fit to interact safely
with other road users on public roads. In other words, driving tests and licensing procedures assess the

0 r o ad mafrheran duiviers.

In the case of autonomous vehicles quantifying their roadmanship is a challengiconaridx
task. Thelnstantaneous Safety Metr(tkSM) is one way of measuring the roadmanship of Aifgery et
al., 2017) This approach quantifies the risk at any instant by analyzing the current surroundings to
determine the probability of an unavoidable collision occuriiegada & Legiug2019)proposed a similar
metric that provides quantification of the risk a vehicle incurs during operation by taking into account three
main aspects of its operation: the probability of an occurring hazard, the potential impact of the driving
conditonsonthdhheal t h of the vehiclebds passengers were t
vehicle to avoid the hazard@heir methodology treats each interaction a vehicle has with other roabuser
potential hazards and assigns each awéke. The risk a hazard imposes on the vehicle is derived from

t he hazar dsewrityanddrem theltapability of the vehicle to avoid it.

In ShalevShwartz et al(2018) proposed a formal model calld®esponsibility Sensitive Safety
(RSS)which is very close to measuring (and maintaining) roadmanship. The RSS model is basadlon lat
and longitudinal minimum safe distances and a set of rules that the vehicle should follow while interacting
with surrounding vehicles to simultaneously remain safe and efficient. The minimum safe distances are
functions ofthe velocities of involvedvehicles, their reaction times, and their minimum and maximum
capabilities of acceleration and braking. The basic RSS model does not consider the effects of some vehicle
dynamics related parameters such as coefficient of friction between the tires avaftiserface or road

slope and curvaturéKoopman et al., 2019)However, studies have introduced strategies to address
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parameter uncertainties while using the RSS model in the real (&allay et al., 20205assmann et al.
(Gassmann et al., 201€eveloped a C++ library for implementing and validating R&model.Ben

Amor et al.(2019)andHekmatnejad et a{2019)developed case studies for monitoring RSS requirements
on selected traffic ®marios using RSS rules encoded in temporal logic. They found that RSS is efficient
even in heavy traffic scenarios. A systematic and automated dessetl procedure for testise generation

for monitoring the RSS rules, was presentedHskmatnejad et al(2020) which generated dring
scenarios where the controlled vehicle does not respond safely to its environment. These scenarios can be
used for validating the performance of the RSS madetechowski et al(2019) argued that the RSS
approach makes strong assumptions on the lateral and longitudinal behavior, whereascasworst
prediction approach results in ovewnservative behavior. They provided an alternative strategy that
combines the worstase prediction@proach with the RSS approach resulting in model that benefits from
both approaches. Finalliistér et al(2019)proposed th&afety Force keld (SFF)concept that takes the

vehiclebs understanding of surroundings and deter

2.3. Existing Datasets

AA good algorithm is only as Bdymeoeha)(2089% t he dat

Historically in the field of transportation research, collecting-vaaild naturalistic driving data
has been ahallenging and an expensive task. Many researchers even took the path of using simulated data
for their research as it is much easier and less expensive to construct a simulation model that can yield the
required data. However, more oftdrannot the sinulated data cannot accurately represent thewedt
data, as simulation modetouldn e ed t o b e 06 p éorehohcase(Gettrhan & Bldad, B0OOA t e d
Moreover, simulation models are rarely able to represent the corner cases,aggressvelriving, over
speeding, failure to yield etc. Therefore, perfect calibratiosiratilation model with reality is not only

challenging butikely impossible to achieve.
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Given the boom of autonomous and connegédiicles irtransportatiosystemsnumerous studies
collecedmeaningful dato aid further analysis and research. Based on the location of the source of data,

this section provides a review of available datasets that have been in use by the research community.

2.3.1. Off-board Data

The t ebomarodd f dsadatacolleoted somehsources that are located outside the
vehicle. The sources can either be stationary and mounted on infrastructural entities, such as intersections,
work zones etc., or nestationary and be capturing data from some distance from vehicle(s), such as drones.
This subsection provides an overview of datasets which contain the data coming flwardfsources.

The datasets can be further classified based on the type qiutidity available.

Vehicle Trajectories
A vehicle trajectory is essentially a collectiof timebased datapoints that provide the information
about the movement afvehicleincluding position (GPS/GNSS), heading, speed, and acceleNghbitle

trajectory datasets may also contain additional information such as the type and sizelutlbe ve

The Next Generation Simulation (NGSIMjataset(Next Generation SlMulation Fact Sheet,
FHWAHRT-06-135 n.d.) has been widely used by researchers. NGSIM data has been prepared by
extracting the trajectories of the vehicles from the video frames collected by camerasdrabomutiéiple
locations in study corridors. This dataset contains vehicle trajectories from different locations including
freeway and arterial settings. The Safety Pilot Model Deployment D&afety Pilot Model
DeploymenR014)provides a collection of BasiSafety Messages in addition to other details including the
geometry of intersection(syhere thedata was collected. Thlulti-Modal Intelligent Traffic Signal
Systemsvehicletrajectories]MMITSS Prototype Development and Impacts AssessmentZDd&)data
provides timebased location information from multiple vehicles equipped connected vehicle hardware

during datacollection. Vulnerable Road Users (VRU) Trajectory Datg&xldhammer et al., 2012)
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contains the trajectories of pedestrians and bicyddtected using sensor suite installed netie study

intersections in Germany.

Raw Sensor Data

Typical suite of sensors used for collecting vehicle trajectory data includes cameras, LIDAR units,
and RADAR units. The datasets under this category contain colored imageries from overhead traffic
cameras and other sensors. The MIT Trajectory Dafds@¥ang et al., 2011} for the research of activity
analysis in a single camera view using the trajectories of objects collected from cameras mounted near
parking lots. The HighD Datas@rajewski et al., 2018}s another collection of videos from cameras
mounted on drones that hovered around thdyscorridor. The Computer Vision and Robotics Research
Trajectory AnalysigMorris & Trivedi, 2011) The Ko-PERIntersectiorLaserScanner and/ideo Dataset
(Strigel et al., 2014) Urban Tracker datasdtlodoin et al., 2014)ldiap Traffic Junction Dataset
(Varadarajan & Odobez, 20QMIT Traffic Datasei(X. Wang et al., 2008)andQueen Mary University
of London Junction and Roundabout data@@tUL Traffic Junction Datasgareadditionaldatasets that

contain road traffic imagery that can be used for trajectory extraction and traffic safety analysis.

2.3.2. On-board Data

The t ebromardédo nd at aod cdlectredftora the vehitieide daarcesA typical sensor
suite of ADS equipped vehicles include GPS receiver, video cameras, LIDAR units, RADARandits
V2X (e.g., 5G, Gv2X, or DSRC)on-board units. Unlike ofboard sourcesrery few datasets have been
made available thatave extracted trajectories collected from theboard data source§he SHRP2
Naturalistic Driving Datasdf ransportation Research Board of the National Academies of Science. (2013).
The 2nd Strategic Highway Research Program Naturalistic Driving Study Dptase the Multimodal
Traffic Signal Systems Prototype GPS D&##MITSS Prototype Development and Impacts Assessment

Team.,2015 are the examples of such datasets.
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There are multiple open datasets that contain raw information capture@iogrd sensor suite.
The most widely used dataset is the KITTI Vision Benchmark $Gieeger et al., 2013Which is a multi
sensor dataset having inputs from 63 beanf 86dyne LIDAR,a GPS receiver and an IMU. Similar
datasets are developed by driving a sensor equipped vehicle tleevgalcities, include the Udacity
Public Driving Datasef i Udaci t y nBu Iblait @ s,Baulij-sens@ Baffid gcene dataset with
omnidirectional videqKoschorrek et al., 2013)he ApolloScape Open Dataset for Autonombuising
(X. Huang et al., 2019}he Cityscapes Dataset for Semantic Urban Scene Understaft@iimdts et al.,
2016) the comma2k19 datas€bchafer et al., 2018) Brain4Cars Datasd€fain et al., 2016)and the
BDD100K DatasefYu et al., 2018)Recently, Waymo published an opsource dataset that was captured
by multiple Waymo vehicles during their test runs. The published data includesehightion labelled
sensor data along with object motioajéctories and 3D magg/aymo Open Datase2019) Finally, the
ACFR Naturalistic Driving at Roundabouts data@ter et al., 2019 different in the sense thiatwas

developed by collecting data from a sersquipped veitle parked at a stationary location.

2.4.  Chapter Conclusionand Discussion

Safety assessment of road traffic is a widely studied topic among researchers and industry
practitioners. This is due to the pivotal importance of road transportation systems poig thial negative
consequences that may occur if safety is not ensured. Design of roadways, vehicles, and driver behavior
are the key aspects that can impaeid traffic safetyWith evolving roadway and vehicle designs, traffic
management strategies,daamerging technology, the approaches to safety assessment have evolved as
well. As industry and public roads prepare for modern connected and autonomous Vitl@diask of
safety assessment has become more challenging. However, the same techraolegnces have also
enabled the availability of higresolution informatiofrich datathat can enable new approaches to safety

assessment

From the roadway perspective, crash frequency and severity are the most direct measures of safety.

Limitations of crash data, especially the low sample size, could inhibit the use of these measuies alone
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but they will continue to be the ultimate measunésoadway safety. Traffic conflidbased surrogate
measures can potentially address the sample size related limitations of crash data. However, surrogate
measures have traditionally faced challenges in collecting detailed data that can reasonablprexplain
conflict or precrash sequence of events and relate it to the actual occurrence of crashes. Modern-computer
vision and sensdbased approaches are rapidly gaining wide popularity to address this challenge. In the
future, vehicle dynamic data from cauted vehicles and infrastructure have the potential to directly

address this same challenge.

The introduction o€onnected andutormatedvehicles brings a potential to reduce the safety issues
caused by the human factors involveddiriving. However, very few measures exist today that can
comprehensively assess the behavioral safety of autonomous vehicles when they interact with human driven
vehicles and other road users. From a conceptual viewpointpdkdenanshipbased vehiclside safety
indicators bear a striking resemblance to some of cotifised surrogate safety measures that are often
used from the roadway perspective. Future research could explore the comparative analysis between and
unification of infrastructursside andvehicleside safety assessment methods. For example, one could
construct a vehiclsideroadmanshigbased approach that uses one or more of the cebfiggd surrogate
safety measures such as TTC or PET, instead of only the lateral and longitudinstaaées as proposed
by the RSS model. Similarly, frequency of violations of R8Sed lateral and longitudinal safe distances
between different vehicles surrounding an infrastructure facility such as intersections could be correlated
with the number of @shes that have historically occurred in the intersedfionnected vehicle data could
be the most cogiffective way to measure and monitor traffic safety since it requires minimal post
processing to extract the vehicle trajectory data. As the marketragon of connected vehicles grows,

research is needed to leverag@nected vehicles' rich and accurate fataraffic safety assessment.
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3. Data Capturé&ystemDescription

This chapterdescribes the systedeveloped to capture the hifidelity datafor traffic safety
assessmenthe system is made available for ofsaurce usagét is deployedatthe intersection of Daisy
Mountain Drive and Gavilan Peak Parkway, Anthem, Arizdhdher eaf t er referred
i nt er s €letstudynirieysectioms the anchorintersection of the Connected Vehicle corridor
developed by the University of Arizona Transportation Research Institute in collaboration with Maricopa
County Department of Transportati@ddCDOT) under the SMARTDriv&®rograni™. Currently,pars of
the systemare also being deployed ithe remaining intersections of SMARTDrifReogrant™ program
corridor, the statewide video analytics project of the Institute of Automated Mobility (IAM),otmel
connected vehicle projecimcluding the City of Portlandl Connected Streetcars projeatdthe City of

Tucsoni SPaT Challenge project

3.1. Data Sources

3.1.1. V2XCommunicationEnvironmenData Sources

The advent of/2X-Communication (vehicko-everything) technology has enabled an opportunity
to develop datalriven applications that can potentialtpnsformthe mobility and safety of the vehiar
traffic. In this research Dedicated Short Range CommunicatifSRC) is used for the V2X
Communication which provides reliable and lowatency mode of communication. Other technologies
including Cellular V2X (GV2X), 5G, andBluetooth Low Energy (BLE)arealso under devepment and
experimental usag&he Sciety of Automotive Engineers (SAE) has developed a stai@fsied)273%hat
provides structure and details of various messexgsanged between connected vehicles, other road users,
and connected infrastructurglessage complying with SAEJ2735 (2020) standamte encoded using
Unaligned Package Encoding Rules (UPER)the Abstract Syntax Notatioi®ne (ASN.1) For this

researchthree standard messages are used which are dedoribexisubsection:
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Basic Safetjvlessage (BSM)

Basic Safety Messages (BSMs) are broadcast Hyoand unit{ OBUs) of connected vehicles a
frequency of 10 HzA BSM payload contains the state information of the connected vehicle at the instant
of its broadcast. Information in the BSb&n be categorized in pdr{core data) and paft (optional
extension)OBUs utilized for this research broadcast the following information from thd paBSMs,

which is collected by theystem described in Secti82:

1. Timestamp
2. Messageount

3. Vehicle identification numbetemporary 1D)

4. Latitude
5. Longitude
6. Elevation
7. Speed

8. Heading
9. Length
10. Width

Additional information thatouldbe available in the near futureclodes;

11. Steering wheel angle
12. Acceleration

13. Status of brakes

14. Status of transmission

15. Positional accuracy

The accuracies of the information broadcasted in BSMs are required to comply with performance

standard§SAEJ2945 2017) Positioning errors thresholds reference®AEJ2945(2017) require that
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vehicle positions broadcasted in BSMs must be within 1.5 meters 68% of time. There isiag rsgarch
in developing higkaccuracy positioning techniques that can support the broadcast of BSMs. A pilot study
conducted by New York Connected Vehicle Pilot reported promising results achievingegerlocation
position accuracy, which is over Z&bmore accurate than comparable GNSS solufjbesnard et al.,
2018) However, additional research is required to analyze the impacts of the frequency of applied

positional correctionand used calibration techniques

Usingt he fApositi onal ac oneatedveliaes douldfbmadoastieifuture t h at
reakttime decisions can be made about whether or not to trust and store a particydaindaide expected
accuracy of connected vehislmakes it a reliable data southat can be used for critical applications such
as road traffic safgtassessment. Further, the information available from BSMs are not limited to attributes
describing the position and motion of the vehicle. Attributes such as steering wheetlangiatus of
vehicle transmissigrand status of brakes provide rich imf@tion that can directly contribute to traffic

safety assessment quality

Figure 2 shows the collection of vehicle positions extracted from BSMs broadcast by connected
vehiclesand captured by the infrastructurdah e st udy i ntersecti on. Note th
vehicles left the road as it approached the intersection from the west to provide study support and does not
indicate an errant vehicle pathlso, only data that is matched to be within the boundaries of the region
covered by the MAP message are captured. This is to protect personal privacy of vehicles when they leave

the public roadway.
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Figure 2: Vehicle trajectories extracted from Basic Safety Messages (BSMs)

Intersection Map Data (MAP)

Intersection Map Data (MAP) messages are broadca&sidigonnected intersection at a frequency
of 1 Hz.A MAP payload containgformation about the geographic extentsio intersection or roadway
relative travel directions afariousintersectiorapproaches (inbound, outbound, ewonnections between
various intersection lanes, latraffic-signal phase association, and other road information such as local
speed linits. For this research, the contenttoé MAP message ideveloped using the USDOT Connected

Vehicle ISD Message Creat¢€onnected Vehicle [5 Message Creatgr2016) Figure 3 shows the

visualization of the MAP dat®r the study intersection.
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Figure 3: Visualization of intersection map data developed using USDOT Connected Vehicle ISD Message Creafiaol

Signal Phase and Timing (SPaT)
Connected intersections broadcast Signal Phase and Timing (SPaT) messafjequency of 10
Hz. The SPaT messagepresents the dynamic information abthgi nt er sect i on 6 #$tasi gnal

minimum, aSPaT payload contains tfalowing information:

1. Timestamp

2. Message count

3. Intersectioridentification number

4. Regional identificatiomumber

5. Intersection status

6. The wrrent state of each active vehicle and pedestiréfic signal phases

7. Minimum and maximum end timésr respective phases,
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The study intersection is equipped witNational Transportation Communications fotelligent
Transportation System (ITS) Protocol (NTCiEgmpliant traffic actuated signal controllérat provides
the raw SPaT informatiothat is processefbeeSection3.2.2 beforeit is broadcasbver the wireless
communication channeFigure 4 shows the visualization of tha@inimum and maximum end times of

various state®f a single phase at the study intersection.

DaisyMountain/GavilanPeak Phase 4: from [2021-07-04 09:35:00] to [2021-07-04 09:40:00]
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Figure 4: Visualization of the SPaT data for a single phase

3.1.2. Supplementary Data Sources

Trajectories of vehicles extracted from the BSMs broadcast by connected veirmkade
enormous amount of information related to driving behavior and vehicle interaddomgever, the
currently limited market penetration of connected vehicles resuitsirfficient data that can be used for
statistical analysis in the real worlthereforein this researcHgasibility of extracting vehicle trajectories

from optical data collected fronmtersection mounted detectand surveillance videcamerasdrone
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mounted video cameraandtemporarily deployed LIDAR sensois explored Experimentaldatafrom
these sourcewas collectedandprocessing for extraction of trajectories is underway in collaboration with
colleagues from Arizona State University (ASU)rithern Arizona University (NAU), Intel Corporation

as part of IAM,andotherthird-party vendors

Intersectioamounted Vide€ameras

The study intersection uses a videased vehicle detection system for facilitating actuated traffic
signal control. Detector cameras capture video frames at a frequency of 30 frames per second and stream
them on the internal network followirthe Realtime Streaming Protocol (RTSP). The study intersection
is equipped with four detectatideo cameraswhere @ch camera is associated with a unique inbound
approach of the intersectioAn example of single video frame from each detector camera geghéth
applicable SPaT information is shownRigureb. It can be seen iRigure5, mog areas of the intersections
box are observable by at least one detector camera. However, there are sorsgobdinehich are not
covered by the fielof-view (FOV) of any detector camera mounted at the intersection. To capture events
occurring in theseraas video data from a surveillance camera that is mounted near the northeast corner of
the study intersection are also collected. Unlike detector cameras, the surveillance camera allows pan, tilt,
and zoom controlfo observe any possible blind spots lie intersection baxAn example video frame
from the surveillance camera is showirigure6. Section3.2.2explains the procedure for capturing video

frames from fixed camerasd associating the applicable SPaT information with eaptured frame

1 The scope of thresearch described in this dissertation is limited to colleatmhstoragef thesupplementary data.
The «traction of vehicle trajectories from thaptical data is out of scope of this researebr more details on

trajectory extractiorusing video camera datseeAppendix AandLu et al, "CAROM - Vehicle Localization and

Traffic Scene Reconstruction from Monocular Cameras on Road InfrastructlE&<E International Conference on
Robotics and Automation (ICRA 2021).
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Figure 5: Video frames from detector cameras overlayed with SPaT information

Figure 6: Example video frame captured by a surveillance camera
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The two major advantages of using data from infrastrughoented video cameras for safety
analysis are: (1) such cameras already exist in many locations and do not require new investment, and (2)
since infrastructurenounted cameras are available fortiseughout the dagothey can be used to capture
data for long periods. Since conflicts are rawents,the data collected ovenore extendegberiods is

essentiato capture occurred events.

Drone-mounted Video Camera

Detector cameras being & at gparticular location suffer the limitations related to the field
view (FOV) and occlusions wherecertain objects may not be visible if behind another (larger) object.
Further, as vehicles navigate through intersectitires; need to b&ackedseparatly and reidentified as
they appear in the FOV of different camerBs.overcome the limitationsf fixed cameraslronemounted
video camerasvereused to capture the biale view of the intersection (or roadway segmérte near
perpendicular orientatiorelative to the vehicle travel direction provides an optimal viewing angle for
planar determination of vehicle motion which becomes distorted at shallower capture angles due to the
camera perspectivltekar et al., 2021)Figure 7 shows an example video frame capturecalgrone

based video camera.
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Figure 7: Example video frame captured by dronemounted videocamera

Flying time of drones are limited and is dependent on the power capacity. As a result of limited
flying time of drones, drorbased cameras have limited ability to capture rare events. Also, drones are

relatively expensive to operate and requireriged operators which add to their limitations.

LIDAR Sensors

As discussectarlier, each detector camerly captures image data fromuaique inbound
intersection approachVhile this configuration serves its purpose of detecting vehicles for actugited! si
control tracking vehicles acrosseveral camera viewsto capturetrajectoriesrequires significant
coordination and may suffer from shadows and occlusibns.challenging to measure the distance of
vehicles from the camera locatioto accuratelyestimat their positionand speed<Dronebased video
camera address some of these limitatiphewever, limited timef-flight for drones limis the potential

of such cameras for long term usagdditionally, camera sensors are passive sensorsthieg.rely on
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ambient lightto capture the video frames. The reliance on ambient light brings additional limitations

the estimation gposition, speed, and acceleration.

A LIDAR sensoris an active sensor thaends out an electromagnetic pulse of energy and
measures how long it takes to return to the sensor. The advantage of LIDAR is that lasers are used to
provide the source of the ligl&ince lasers are highly directional, angular resolution is very foznriing
the laser in azimuth and elevation allows the sensor to form adhmemsional (3D) representation of the
scene providing accurate measurements of distance to the detectedHalvyester, shading occurs when
a single LIDAR is used to illuminagevehicle from one side of the intersectihis limitationintroduces
uncertaintyaboutthe vehiclé sue boundary. Large vehicles can obscure smaller vehicles leaving them
undetected by the LIDAR. This problem can be resolv&dg multiple LIDAR unitsilluminating the
traffic scene from multiple observation points (although it mustdbedthat this solution is applicable to
other sensor modalitigsConsideringthe advantages and limitations of using LIDAR sens&os this
research, thresolid-stak LIDAR sensorswere temporarily employed during the data collection events,
each on different corngpf the intersectionin this researctthe scope was limited the collection and
storage of the LIDAR data. Parallel efforts by research collabotersnderway that focus on extracting
vehicle trajectories from the LIDAR dataAn example image from the collected LIDAR datasiown in

Figure8.



Figure 8: LIDAR sensor mounting locations at the study intersection
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Figure 9: Multiple LIDAR units linked together to form a single point -cloud image
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Comparison of Supplementary Data Sources

Tablel provides a comparative summary of benefits and limitations of each of three supplementary
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data sources either permanently or temporarily deployed at the stagsection.

Table 1: Comparison of supplementary data sources

Data Source Benefits Limitations
Connected Vehicl¢ (1) High accuracy (1) Currently limited marke
Data (2) In addition to trajectories, oth¢ penetration of connecte
vehicle state information such vehicles
steering angle andorake peda
status are also available
(3) Commitment from automobil
OEMs to include in future vehicle
Infrastructurebased |(1) Unlimited operational time (1) Limited field of view and

fixed cameras

(2) Easily scalable
(3) Ease in integrating data with

automated analysis software
(4) No moving parts

viewing angle

(2) Subject to occlusion

(3) Requires prior installation

(4) Reliance on ambient lightin
conditions

Dronebased cameras

(1) Nearperpendicular viewing angle|

(2) Larger coverage

(3) Flexibility to capture data fron
safety critical spatial zones

(1) Limited operational time the
depends on the flying tim
supported by drone batteries.

(2) Requires skilled human pilot.

(3) Safety and regulatory concer
about flying drones over liv
traffic.

(4) Reliance on ambient lightin
conditions

Infrastructurebased

LIDAR

(1) Unlimited operational time

(2) Relative ease in obtaining poir
clouds.

(3) Independent of the ambient lightir
conditions.

(4) Vehicle location and shape can
extracted with higheaiccuracies

(1) Higher cost

(2) May involve rotating of
mechanical components wi
limited lifetime.

(3) Proprietary software suite
generally required for dat
processing, which may not [
openly available.
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3.1.3. Measurement Uncertainties Videobased Data Sources

The primary motivation of the research described in this dissertation is to develop a safety
assessment framework that can utilize the{aigturacynformationrich connected vehicle datdowever,
due to currently limited market penetration of connected vehicles the data from supplementary sources were
collected as described in the previous subsecdidn? to assess its usability towards traffic safety
assessment. This subsection explores the errors that may have been introduced the measundtbdata

measured using supplementary data sources.

Using the data capture system descrilagerin this dissertationa pilot dataetfrom thefield was
capturedusing two types of offboard camdasedsensors: (1) infrastructwteased detector cameras, and
(2) a dronemounted camerd.o represent the neground truth, data was also collected from a test vehicle
equigped with a high accuracy évoard differential GPS unit with aacquisition rate of 100Hz and
positioning accuracy within £10 crfthe test vehicle and its path during data colleamshown inFigure

10.

e L e T e
Infrastructure-based
Camera Image

4 e

—==" Northbound of the Intersection

Test Vehicle
Trajectory \nfr

130 m to the camera 30 m to the camera

Figure 10: Overview of test setting used for error analysis

During the test dateollection,the GPS data, videos from infrastructin@sed cameras, and video
from the droneveresynchronized with a programmable flashlight connected to the GPS data logger which

wastriggeredasthe test vehicle was passing through the intersestioh that the flshcouldbe observed
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in the videos.The test vehicle passes through the area covered by the infrasthesece camera in
approximately 12 s, which allows the camera to generate 338 individual measurements on 338 video frames.
Corresponding measurementsrh the GPS data and the tracking results with the drone video were
selectedDifferent positions of the test vehicle (white sedan) at different example times during the test are

shown inFigurel1, where the vehicle travels eastbound approaching the study intersection.

® |nfrastructure-based Camera » Drone e GPS

Figure 11: Test scenario for measurement uncertainty analysis
Position Measurement Errors
Vehicle positions, using both, video data from infrastrueh&ged detector cameras and videos
from dronebased cameras, are measured using segmentation masks obtained from trained algorithms (see
Appendix A). Figure12 shows a comparison of measured positiongiXed local coordinate system) of

the test veldle as it traversed through the test path, using two sensors and the ground truth representation.
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Figure 12: A Comparison of positions of the test vehicle measured using different sensors

In the local coordinate system (Northing. Easting) system, errors in measured positions can be

decomposed into its two directional components: (1) errors in measured Northing and (2) errors in measured
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Easting.Figure13 (a) shows their distribution for traetectorcamerabased measuremenksgure13 (b)

shows the same for tlikgonecamerabased measurements, arable2 shows the descriptive statistics of

their distributions
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Figure 13: Distribution of position measurement errors



Table 2: Descriptive statistics of position errors
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Camera Detector Drone
Errors (m) Northing Easting Northing Easting
Mean -0.326 -0.249 -0.467 -0.057
Sgi‘adt?;‘: 0.527 0.063 0.277 0.029
Minimum -1.226 -0.441 -0.884 -0.113
Maximum 0.816 -0.160 0.039 0.023
Median -0.303 -0.227 -0.518 -0.063

FromTable2, it can be seen that the errors in position measurements are smaller and more precise
when measured using drebased cameras as compared to when measured from deteoinasin both
typesof position measurements, the meamd mediarof errors is negativéor both directiongnorthing
and eastings)This indicates that the estimated vehicle posstioould be more towardghe southwest

direction as compared tohenmeasuredisingGPS

Velodty Measurement Errors

In the trajectory extraction toolchain, the velocity is measured using a different apfwpacal
flow) independent ofhe position measurements (S&gpendix A). Figure 14 shows the comparison of
velocity measurements for two sensor modalities andgreand truh representatiorkigurel5 (a) shows
the distribution of measurement errors for velocities measured thg@rigtectorcamerasFigure 15 (b)
shows the same when measured udiogebased cameraable3 shows the descriptive statistics of their

distributions
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Velocity Measurements
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Figure 14: A Comparison ofvelocitiesof the test vehicle measured using different sensors

Errors in Velocity Measurements
(a) Detector (b) Drone

{my/s) {m/s)

Figure 15: Distribution of velocity measurement errors
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Table 3: Descriptive statistics ofvelocity errors

Velocity Errors (m/s) Detector Drone
Mean 0.155 -0.101
Standard Deviation 1.117 0.122
Minimum -2.951 -0.345
Maximum 3.504 0.255
Median 0.110 -0.129

From theFigure15 andTable3, it can be seen that the errors in velocities measured using drone
cameras are smaller and much precise as compared to detector c@werals. the vehicle localization
and velocity measementresults from all three different types of measurement metbeein tdargely
agree with each other. In general, for both carbassed methods, the average location errors are below 1
meterand thevelocity measurement errors are, on average, lowerktm/s Thevelocities measured using
videos from drondvased cameras are very close to the values measured using ground triithistatans
the localizationtracking and velocity estimation resul&ppearpromising with respect to meeting the
accuray requirements for further tasks such as computingéffitc safety assessment metrics introduced
later in this research.

3.2.  Data Capture System Architecture

Figure 16 shows thearchitecture of infrastructure side system for collecting data from V2X
communication and other supplementseynsosourcesThe system consists of a muttiodal sensor suite
that includes a combination of fixed traffic detectiddeo cameras, an actuated traffic signal controller,
V2X communication uniffor exampleroadside unit RSU)androadsideprocessor, temporarily deployed

drone with a video sensor and LIDAR sensors.
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Figure 16: System Architecture: Data Collection

The data storage system, which is supported by the fiber optic network backbone, is composed of
the dda storage space on the roadside processor, a local data store located at the transportation management
center(local database)and a clousbasedcomputational infrastructure CyVersethat facilitates the

storage, distributiorand computational resouscéor analysis and visualization of the data.

BSMs broadcast by connected vehicles surrounding an intersecti@taired by the intersection
RSU and are forwarded to thrgersection coprocessor for further processingstodng The intersection
coprocessor also receives raw SPaT data from the signal controller. The required information from the raw
data is extracted argtoredin the intersection coprocess@repending on the network availabilitgSM
and SPaT datiagsstored on the intersection aopessor are transferred to the local databasendigured
times Again, depending upon the network availabilitye files are transferreiom the local databage
CyVerse, atonfiguredtimes Video frames from various intersection mounted fixed cameras are collected
on the same local server that hosts the local database. Collected video frames are tran€igvierddo
at the end of the video data collecti&imally, the data collected froother temporarily deployed sensors:
dronebased video camera and LIDAR sensors are manually uploaded to Cyatetise end of each

planned data collection event.
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3.2.1. Scalability Consideratios

The data capture and transfer system is designed to be easily scaled to more intersections that are
equipped with similar sensasuites. All software components managing the flow of the data are
encapsulatd using software containerization technol¢@pcker). Containesfor new intersectiosican be
created with minimal configuration proce$se infrastructure side container can either be deployed locally
on each intersectionoprocessoor onanedge serveon the mtwork (for example, the server hostitlge
local database)hich can hosmultiple containers representing individual intersectidien containers
are deployed on a single edge serttee health of the network playsorecritical role in the systenThe
method of containerization also helpseimsuring thaidenticalsoftware components are deployed at each

intersectionn both, field and simulated environment.

Currently, thepart of the system that collects the V2X communication data is deploysghin
other intersections of the Connected Vehicle study corridor of SMARTBrivgrani™, andis also being

deployed in other connected vehicle project sites mentioned earlier.
3.2.2. Intersectionside Softwar€€omponents

Different software components thatnrinside the intersection coprocessor are responsible for
different tasks in the data processing and storage pipé€lime. subsection provides details of the
responsibilities and their workflowrigure17 shows the interaction between various software components
that run on the intersection coprocessbiste thatFigure17 also showghe flow of additional message
types Signal Request Messad&RM) and Signal Status Messa¢&SM) and additional software
component Rriority Request Servithat processésroduceghese messagetheseadditionalmessages

are captured by the system howeveejr usage is outside the scope of this research
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Intersection
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Figure 17: Software components in the intersection coprocessor
Message Decoder and Message Encoder
Message Decodesind Message Enaler are components dhe Message Transceiver group of
applications. RSUs are configured to forward B&Ms received over wireless networks to tessage
Decode. It extracts the payload from the received message packet and first identifies the tigpe of t
received messages. Then it extracts the required information from the payload depending upon the message
typeand structures the information in the JSON formatted strings. The JSON strings are then forwarded to

Trajectory Awareor further processing

The Message Encoderomponent is responsible for receiving JSON formatted strings of various
messages (for example, SPaT message on the infrastructureenitt®)ing them into a UPER payload,
creating a message packet complying with USDOT/FHWA RSU 4tifggtions, and finally sending the

developed message packet to the RSU for wireless broadcast.

In addition to responsibilities described abotessage Decodeand Message Encodealso
maintain a count of decoded and encoded messages, respectivelgoBgionents send a summary of

message counts to tM2X Data Collectofor logging.
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Trajectory Aware
TheTrajectory Awarecomponent is responsible for fusion of the BSM and the MAP data. For each
JSON formatted BSMTrajectory Awarecalls appropriate mbeods of the Map Engine library to extracts

following additional attributes:

1. Current approach

2. Location in the map (inbound, outbound, or inside intersection box)
3. Current lane

4. Signal group associated with curréarte

5. Distance to the stop bar

The original J®N string of the BSM is then appended with above information and updated JSON

stringis thenforwarded to th&/2X Data Collectocomponenfor storage.

MAP SPaT Broadcaster

NTCIP-1202 standard compliant actuated signal controllers stream the currentPaw S
information in the form of binary large object (BLOB) to a network node defined in the signal controller
configuration MAP SPaT Broadcastés an intersection side application that is deployed on this network
node. It extracts the status of each d&f tlkehicle and pedestrianphases of the intersection and their
expected minimum and maximum end times. It also maintains a message counter to identify individual
messages and a time counter to compute the time elapsed since the previous state cletgeffiree
vehicle and pedestriamphase. This information is packed into a JSON string and forwardeditetsage
Encoderfor wireless broadcasind is also forwarded to thé2X Data Collectoromponent for storage.
Finally, MAP SPaT Broadcasteipacks a list of states of each signal phase in another JSON string and sends

it to theSPaT State Observeomponent located on the server hosting the local database.

A typical raw SPa'BLOB provided by the traffic signal controller does not contain any information about

permissive yellowntervals that lefturn phases may underddAP SPaT Broadcasteinternally identifies
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phasegiming permissive yellow intervals based on the status oesponding through split phases and
makes required adjustments to the SPaT data before formulating the JSON string and forwarding it to the

Message Encoder

VV2X Data Collector

As described irarlier, various software components forward JSON formattedrimdton tovV2X
Data Collector for storage. Upon receipt of JSON formatted information, W2X Data Collector
application identifies the information type and stores them into a respective eseparated value (CSV)
formatted file for further analysis. Thiata suppliers fov2X Data Collectoon intersection coprocessors

are summarized in tHEable4.

Table 4: Data suppliers for V2X Data Collector- Intersection

Sr# | Data Element Supplier (Intersection)
1 SPaT MAP SPaT Broadcaster
2 Remote BSMs Trajectory Aware

3 Message Count | Message Transceiver

The data file size management and organization are accomplished through creating a new data file
(for each message type) at the beginning of each day on intersection coprocessors andestaveny
vehicle coprocessors. When new data files are created, the old data files are archived on the same device in

a different locationn the file system

3.2.3. Serverside Software Components

Software componentdeployed on the networked server are desdriin this section. The server

requirescommunicatios with intersections of interest.
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V2X Data Transfer

TheV2XData Transferapplication facilitates the transfer of data files between intersections, local
data serversandcloudbasedcyber infrastruaire (CyVerse). This application can either be hosted on
intersection coprocessors or on the local data saMeen hosted on the intersection coprocessoy e
Data Transfercan push the data files to the server usiegured file transfeff hosted on the local server
(that has connectivity to the internet as well as intersectid23yData Transfercan perform following

tasks:

1. Pull data files from multiple intersectionscientially and store them locally, using SFTP,
every day at a configured time (HH:MMpand delete the copy stored on intersections.

2. Push the locally stored data files to CyVerse (sequentially for each intersection)
usingiCommandsevery day at a defined time (HH:MM)and delete the copy stored on the

server (Supported on Lintbased platforms only).

The data transfer event is scheduled to be executed every dayirae configured in the
configuration file. For some unpredicted reason (e.g., unavailability of network connection, or loss of
connection when the transfer is in progress), if the data tramsfeess fails, or cannot be started for the
day, then another attempt will be made the next day. In such cases files can remain on the source device

and in next the attempt (if able), files for the previous day(s) are transferred too.

In the current deplyment of the systemy/2X Data Transfers hosted on theetworkserverand

the transfer of data from intersections is managed using pull strategy.

Video Data Collector and SPaT State Observer

The VideoData CollectorandSPaT State Observeomponents run on the same server that hosts
the local databas&heVideo Data Collectocaptures video frames streamed by intersection mounted fixed
cameras (detector and surveillance) and stores it in the appropriate format for later usage. Befpre stor

thefollowing overlays are added to each frame:


https://learning.cyverse.org/projects/data_store_guide/en/latest/step2.html

(1) Timestamp of receipt

(2) The status of applicable through and left turn phases

The status of applicable through and-teftn phases is read from the file maintained bySRaT

State ObserverThe SPaT3ate Observerreceives this information from thH&IAP SPaT Broadcaster

component running in the intersection coprocessor.

3.2.4. Vehicleside Software Components
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A subset of software components described in earlier section are also deployed on vehicle side

coprocessst 0

ways when deployed on the vehicle side, there are subtle differences in their intenabidnsare

record the dat a

from t

he vehicl

ebds

perspe

explained in this subsectioRigure 18 shows tharchitectureof various software components that run on

the vehicle coprocessomsote thatFigure 18 also shows the flow of additional message types: Signal

Request Message (SRM) and Signal Status Message (SSM), and additional software cenfmrant

Request Generatand HMI controller that praucédprocessthese messages. These additional messages

are captured by the system howevteejr usage is outside the scope of this research.
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Figure 18: Software componentsn the vehicle coprocessors

Message Decoder arMdessage Encoder

On vehicle coprocessoiglessage Decodeeceives the message packets containing SPaT, MAP,

or host and remotBSM data from OBUs. Upon extraction and decoding of message payload, BSM and
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SPaT messages are directly sent toB¥ Data Collectorfor storage, whereas MAP payloads are stored

on the coprocessor for use by other applications.

V2X Data Collector

Though the workflow ofv2X Data Collectoiis identical when running on either intersection or
vehicle coprocessors, the sugmiof various data types are different. Also, when running on the vehicle
coprocessor, BSMs from the host vehicle as well as surrounding connected vehicles are collected. The

suppliers of various data types are summariz&dhlieb.

Table 5: Data suppliers for V2X Data Collector- Vehicle

Sr# Data Element Supplier (Vehicle)
1 SPaT Message Decoder
2 Remote BSMs Message Decoder
3 Message Count Multiple

4 Host BSMs Message Decoder

Data Compressor

TheData Compressotomponents intended to run on the vehicle side coprocesbotst can run
on infrastructure coprocessors as well. Hnagsthe impacts on host storage capacity due to collected
data The Data Compressocompresses the archived data directories stored ivethiele coprocessdo
create smaller archiveslso, if the storagespacds running low (below 1 gigabyte), thgata Compressor

deletes the oldataarchives the older ones are deleted first, till sufficismragespace freg up.

3.2.5. Simulationrelated Software Components

The currently limited market penation of connected vehicles results in insufficient data that can
be used fomeaningful experimentation asthtistical analysis in the real worldthough, supplementary
data sources such as video cameras or LIDAR sensors can be used for extractiiigg B8&Mmation to

formulate vehicle trajectories, the use of these sources inaaigmificant amount of processingor the
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purpose of safety assessment methodolbgyelopmenta simulated system is used to collect data for

analysisand framework deslopment.

STATUS [FREE-DEFRULT 106/29/20:00:01:06
PHASE 1 2345678901283456
PHSTAT . G . . . G . .
VEHCALLL .CCC. . C
PED CALL . . . .
R1/PH  2iR2/PH 6iIR3/PH .IR4/PH .
BIMGRN1 @1 INACTIVE !INACTIVE
11WK-1 i i

Figure 19: A snapshot from the microscopic simulation model of the study intersection

A microscopic traffic simulator VISSIM was used to simulate the vehicle traffic at the study
intersection(s). VISSIM also allows the use of external signal controllers to control the simulated signal
groups In this research, a softwairethe loop (SIL) gnal controller developed by Econaolite, Inc. was
used to simulate field traffic signal controllers. The firmware behind the SIL signal contrtileidentical
to the one used in field signal controlleESgure 19 shows a snapshot from the microscopic simulation

model of the study intersection.

The dsmulation platform requires three additional software componentsDiiter Model (2)
Simulated BSM BOB Processoy and (3) Message DistributorThe architecture of the simulated data
capturesystemis shown inFigure 20. Note that theSimulated BSMBLOB Processorand Message
Distributor applications are encapsulated in a separate contagtetan communicate with all simulated

intersectiorspecific containers.
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Figure 20: Architecture of Simulated Data Collection Platform

Driver Modeland SimulateSMBLOB Processor

External driver modeldynamic link library (DLL)is usedto simulate connected vehicles in
VISSIM. At each time step (10 Hz) during the simulation run, VISSIM sequentially calls the DLL for each
vehicle in the network that is configuremluse the DLL. In each call, VISSIM passes the information about
the current state of the vehicle and DLL packs the vehicle state information in a binary large object (BLOB).
The BLOBs are then forwarded to a configured network node, iftire@l Note tlat the information can
be packed in any other dat&ructure, for example Jasaript Object Notation (JSON), however, for
simulating higher densities of connected vehicles in the simulated network, the BLOBs were found to be

much more efficient and faster terms of packaging and streaming over the network.

The information contained in a BLOB is analogous to the information contained in core data
elements of BSMs that are broadcasted by real connected vehicles. The structure of the BLOB is described

in the following table:

Table 6: Structure of Simulated BSM BLOB

Bytes | Data Type Description

0-3 Message Count| uint_32 Cumulative count of messages from the start of simulati

4-11 Temporary Id uint_64 Vehicle's uniquedentifier
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12-13 | SecMark uint_16 SecMark

14-17 | Latitude int_32 10000000 * Latitude in decimal degree

1821 | Longitude int_32 10000000 * Longitude in decimal degree

22-25 | Elevation int_32 100 * Elevation in meter

26-27 | Speed uint_16 100 * Speed imeter per second

28-29 | Heading uint_16 100 * Heading in degrees from North (clockwise)
30-31 | Length uint_16 10 * Length in centimeter

32-33 | Width uint_16 10 * Width in centimeter

34 Vehicle Type uint_8 Enumeration with allowed values: [0,2,4,6,9]

The heading and WG&4 coordinates (latitude, longitude, and elevation) of the center of the
vehicle are not directly available from the information received from VISSIM. Hence, these attributes are
separatelg al cul ated in the DLL before packing the BLOB
front end and the rear end in the local planer coordinate system of the simulated riEtedr&ading of

the vehicle is computed as follows:

w wcoordinateof t he vehiclebés front end (available frol
w wcoordinate of the vehiclebs front end (availab
w wcoordinate of the vehiclebds rear end (avail abl
w wcoordinate of the vehi SIMbés rear end (avail abl
w —— wcoordinate of the vehicleds center

Ww —— wwcoordinate of the vehiclebs center

Qw ®w

Qw 0w
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Vehi cl e @mrdinktesara Itransformed to the WGS84 coordinate systenusing

transformationgollowing from (Farrell & Barth, 1998)
(1) WGS84 to eartkcenterearthfixed (ECEF)

(2) Local (ENU) to ECEF

(3) ECEF to WGSB4

The Simulated BSNBLOB Processorreceives the BLOBs generated by the extedniaer model
DLL and unpacks them to extract the vehicle state information. The extracted information is structured in

the JSON format and is forwarded to tMessage Distributofor its distribution to applicable clients.
Message Distributor

In the field deployment fothe described systeniRoadside Units (RSUs) and @oard Units
(OBUSs) perform the function of wireless broadcast of generated messages, where individual RSUs are
mounted on intersections and individual OBUs are installed in vehicles. However, whilatsigwul
connected vehicles and connected intersections, it is often infeasible to have multiple RSUs or OBUs on
bench that represent each simulated intersection or simulated vehicle. Therefore, in the simulated
environment, it is necessary to have a wiraate mechanism that replaces the wireless broadcasting
functions of RSUs and OBUs. Further, wireless devices have range limitations, where they may not be able

to receive a message broadcasted fsomewhereutside their range.

TheMessage Distributoapgication is designed to address the ratiggted message distribution
requirements in the simulation environment. It receives decoded BSMs fra8intiated BSMBLOB

Processoranddistributes then to each of the configured intersection containers ifhidaeersine distance
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between the location specified in the message and the configured location of the intersection is less than
the configured DSRC range of that intersection. If required additional clients within the same network can

be configured for eackehicletypein the message.

The dedicated short rage communication system is proved to be reliable for connected vehicle
applications since package drops do not occur in bursts most tingneHowever, there exists a slim
possibility of packag@rops(Bai & Krishnan, 2006) The Message Distributorlso allows to randomly

drop packets based on the configurable probability.

3.3.  Chapter Conclusionand Discussion

This chapter desdred the system developed to capture data from modern data sources.
Architecturelevel and softwareomponent level description of the system was provided. The mechanism
of transferring the data collected from the field to a clbadeccyber infrastructuravas discussed. Due to
thecurrently limited markepenetration of connected vehicléisere is a challenge of collecting sufficient
data for developing the safety assessment framewlarkaddress this challenge, supplementary data
sources were exploreddmaxtensions ahedata capture system to collect the data from the supplementary

data sources were discussed.

A simulation platform that can generate the identically formatted data was developed and its
description was provided in this chaptergeneal, the simulation platform provides a reasonable quality
of data 0 develophe safety assessment framework. Howether data generated by simulation models are
gener al | y . Theyare nofpinherently proné to errors, due to whiabh data ardifferent from
the ones collected from the field using communication methods or sensors. Rratigonal simulation
tools are pri mari- yeT#aresis aglack af literature that esfaldishessrdasonable
connectivity between the nalés obtained from simulatiebhased conflicts studies and the field safety
assessment results of roadway faeditAlso, simulated data does not accurately represent thevaréd
data since simulation model s itlyemodEl neacrash mteracpoast f ect |

Simulation models are rarely able to represent interesting corner cases, such as erratic driving, over
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speeding, failure to yie|gpresence of occlusionandin-vehicle noise levelssettman & Heaqd2003)thus

recommended caution while using simulation models for the purpose of traffic safety analysis.

The systendescribed in this chapter is a foundational systemadbi#cts data from a variety of
connected vehicle and supplementary data sources. Tieensigstested for its reliability and robustness
The collected data complies with national standards such asI3AT5 SAE-J2945 and NTCIP1202
Though the market penetration of connected vehicles is currently limitegh theactive collaboration
betwween automobile manufacturers and infrastructure owperatorsthe rise of connected vehislés
expected in the next decadowever, slow changes in the industry such as wireless spectrum reallocation
and technology shiftsiayimpact the timeline ahewide-scale appearance of connected vehiafegublic

roads
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4. ConflictsbasedSafety AssessmeMetrics

Crash frequency and crash sevedtg the most direehetricsfor assessing the safety of vehicle
traffic. However, these measures are reactiee, dne must wait f@ufficient crashes to occur to analyze
the roadway safety using these metri&sashes ara relatively rare phenomemcompared to the smooth
interactions between road users, the sample space for the crash datg $mall One must wait
considerablyong periods of timéo collectthedata b yield statistically significant observations for traffic
safety assessmentinglly, law enforcement officersapturethe crash datavhile documentinghe crash
occurrence The method of data collectianakesthe crash datiherently subjectiveUnsafe roadway
segments can be identifiessing the crash dathyt it is challengingto identify thecausal sequence of

eventsoccurring rightoeforethe crashoccurrence.

Conflicts are unsafe interactions between two or more road users that could have resulted in a crash
if none of the involved road users had made an explicit evasiveuwanto avoid a crash. Indireuogtrics
discussed in this chapter are based on conflicts whose occurrenoeeifr@guent than that of crashes,
though still infrequenttompared withsafe interactionsAll metrics discussed in this chapter can be

computedusing trajectories of vehicles

From this chapter onwards, the term ego vehietg)(represents the subject vehicle of interest
whose behavior is of primary interest. The term adversarial vehberépresents the vehicle that interacts
with the ego vehicle while traveling on shared roadway segme@snsider two types of vehicle
interactionscommonlytermedunsafe in theraffic safety literature: through/left turn interactiand car
following interaction Figure21illustrates the interaction @govehicle andadvvehicle while navigating
through the study intersectiofhe left portion ofFigure21 showsthe through/left turn interaction between
two vehiclesnspaei n t he i nter sect i oThéarigin obticedchl coordimate gdystemat e sy
of the intersectiorcoincides withthe center of the interseati. The xaxis of this coordinate system

representshe northing and the yaxis representthe easting.In the example shown in the left portion of
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Figure 21, the ego vehicle (red trajectory) makes the westbound left turn, andadverehicle (green
trajectory)makes the eastbound through movemegné point marked by a yellow star is the conflict point,

i.e., the intersection @govehicle andadvvehicle trajectaes.|f none of the interacting vehicles had made

an explicit attempt to avoid a crash in this interaction, the crash would have occurred at the conflict point.
The right portion ofFigure 21 shows the timespace diagram of the interaction betwegovehicle and
advvehicle.The xaxisin this diagranrepresents the time ax@sndthe y-axis represents the distance to

the conflict pointof each vehicle along its trajecy. The egovehicle distance is negative and tdy

vehicle distance is positive. The vehicles begin to decelerate atttiarebst respectively.

Distance to CP

Ego Begins Deceleration

r

,,,,,,,,,,,,,,,,

o~

Adv Begins Deceleration

Conflict Point

northing

1 x T
easting 't Time

Figure 21: Through/Left -turn interaction

Figure 22 illustrates the interaction between tbgovehicle and theadv vehicle when theego
vehicle follows the leadin@dv vehicle during cafollowing interaction.Similar to Figure 21, the left
portion of Figure 22 shows the interaction betweeego vehicle andadv vehicle in space, in the
i ntersection6és | lothadase ofahe cddliowing interacsoy, Supmose.that the ego
vehicle does not make an explicit maneuver (evasive action) to avoid a crash. In that case, aldrash co
have occurred at any point in the set of conflict points (conflict line) depending on the motion behavior of

interacting vehiclesThe conflict line, in this case, begins when the leading vehicle decelerates, and the
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following vehicle starts respondingy initiating an evasive actiony deceleratingWhen one or both
vehicles start accelerating again and resume their movements, two interacting vehicles are no longer on a
collision course, and the conflict line entfsthe left portion ofFigure22, the leftmost star mark indicates

the start of the conflict line, and the rightmost star mark indicates the end of the conflict line. The right
portion of Figure22 shows the timespace diagram of the efollowing interaction and thiocation of the

conflict line.
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Figure 22: Car-following interaction

In general, trajectories of vigles are functions of their state variablesposition, velocity,
acceleration, and tim€onsiderthe simplest scenarishown inFigure 23, where a single vehicle mose

for i metesfrom timeo too.

_.__._O —_—
O

Figure 23: Simple scenario of a moving vehicle
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The motion of the vehicle can be described usindgah@ving parameters.
w i Displacement along the path (m)

@ U Initial Velocity at timeo (m/s)

@ UL Velocity at time t(m/s)

® & Acceleration (m/Ag

0 Time (s)

Vehicle state ZQafuiudo

The function "Q captures the dynamics of the vehicle in the operating environnievd.
fundamentalequations of motion can describe the shape of trajectaridsparameters introduced

vehicles

+ aimplieso o 4 < (1)
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o w mples v o « -F<
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ego Initial Distance gadv adv
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Figure 24: A simple car-following scenario

Consider a scenario where two vehidlesgo vehiclg'Q "Qéandadversarial vehicle 'Q travel
in a straight pathsshown inFigure24. In this caseaconflict or acollision occurs wheasither of Equation

(3)-(5) hold, i.e., wherthe braking distance df "Qis equalto or more than the sum dfeinitial distance
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betweeriQ "Q¢ehicle and thed ‘Q vehicle,and the braking distance @fQ during the same tim@zbay et

al., 2008)
wi- wl® " w®e 3)
Suppose that’d 0 o , Vi i P,y O & . In that caserearranging

Equation (2andEquation (3)
ol —Jal @ Yv, ot"u —$"% (4)
IR ©

Equatiors (3)-(5) represent conditionto avoid a collision Several surrogate safety metricased on
Equations (3)5) can be used to characterize conflicts. The following sections define these metrics and

investigate the relationship between them

4.1. Time to Collision
Hayward(1972)first defined the time to collision (TTC) dithe time required for two vehicles to

collide if they continue at their present speeds and on the same @ath

Based on the definition, the formulation for TTC can be derived by considgring @ T, i.e.,

~

YO W 1tin Equation (5):

v o owl g
19 k2 - (6)
a7 Vo O-I E O=|= o

Figure25illustrates the TTC for through/lefurn (left portion)and casfollowing interaction(right
portion)introduced at the beginning ofdlsectionNote that Equation (6) arfeigure25 assume that both

vehicles are mere points in space.
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Figure 25: The time-spacediagram of the interaction illustrating TTC 1 (1) Left: Through/Left Interaction (2) Right: car -

following interaction

TTC is definedafter the conflictand can more aptly be utilized in posterior traffic safety
assessment, i.e., whthe entire trajectdes of the involved vehicles aravailable for analysigand the
dynamics of vehicleare embedded in thidrajectory dataSmaller values of TTC indicatihe increased
likelihood of a potential crashWhile using TTC for safety analysis, it is necessargtoose a critical
threshold value of TTC that can distinguish critical interactions from relatively safe intera€iditsl
values of TTC arestudied by many authors in the traffic safety literatwhich range from 0.9s to 3.5s
(Farah et al., 2008; Hogema et al., 1996; F. Huang et al., 2013; Sayed et al., 1994, 2013; Van Der Horst
A.r.a., 1991; Vogel, 2003)Generally,a TTC lower than the perception and reaction time is considered

unsafe(Mahmud et al., 2017)This researctusesls as a critical threshold value for safety analysis using

TTC.

4.2. Postencroachment Time
The postencroachmertime (PET)is another conflicbased metric that can be used for posterior
sakty analysisAllen et al.(1978)first introduced he PET as a traffic safety indicatdiris definedthe

difference between the time whegovehicle reaches the conflipoint and the time wheadv vehicle
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reaches the conflict poirftigure26illustratesthe PETfor through/leftturn (left portion) and cafollowing

(right portion) nteraction.

Distance to CP
Distance to CP

Ego Begins
Deceleration

PET

Ego's

Projected T
o Arrival at CP /-\\

Conflict Point Adv Begins Deceleration

Candidate Conflict Point

[
Adv Begins Deceleration Ego’s Projected Arrival to
Candidate CP
Ego Begins Deceleration

PR Time o ke

v's
Projected
Arival at CP

Conflict Line

Figure 26: The time-space diagram of the interaction illustratingPET 1 (1) Left: Through/Left Interaction (2) Right: car -

following interaction

Decreasing values of PET indicatke increased likelihood of potential crash occurrence.
Typically, values of PEThat arelessthan 2.25 secondsccurrence otonflicts (Qi et al., 2020) This

researchuses?s as a threshold for recognizing a violation of REfing an unsafe interaction.

4.3. Modified Time to Collision

The usage of thETC isappropriatdor posterior analysisince the dynams of interacting vehicles
are embedded in the trajectoBuppose a priori analysis is desired, for example, when the result of safety
assessment needs to be used during the execution of the driving task. In tHBICdseénadequate since
thecomputaibn of TTCassumesthat the dynamics of interacting vehicles are embeddéetinrespective
trajectoriesln a priori analysis, ito @ T, i.e., wherY® & @ T, theconflict may
occur only when) L . Table7 summarizse other cases when a conflict may occur, summarized

initially by Ozbay et al(2008)



Table 7: Possible carfollowing caseghat may or may not result in aconflict
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Notations: C= Conflict occurs; P = Possible conflict; | = Impossible conflict

WhenY® T, solving Equation(5) yields two possible roots ando :

Further,fo o 10 "Y'Y6

fo mnoe&® mgdd "Y'YO O ;otherwisejfdo mOeE ® g "Y'YO O

MTTC explicitly considerghe actual acceleration/deceleration paramedéligteracting vehicles
instead of being embedded in their trajectorigsereforejt canbeused in a priori analysigor example,
to provide suggestions to the vehicle path controllers to make safe movesiraiits.to TTC this research

usesa threshold value of 1.5s to identify violations of MTTC during conflicting interactions.

4.4. Responsibility Sensitive Safety

Suppose values of TTC or MTTC are smaller in a particular interaction between two vehicles. In
tha casesmaller values of TTC and MTTi@dicatean increased crash potential since there might not be
enough time for the driver of thegovehicle to respond and take evasive actions such as applying brakes
or change lane® avoid a crashSince differendrivers may have differemeaction andesponse times,

the crash potential also dependsdrivers' reaction and response timkscarfollowing scenarios, the
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response time of the driver of the followi(ggo vehicleis esential. Incontrastjn intersection crossing
scenariosthe response times of drivers of both interacting vehiclesatieal to consider The egoand
adv vehicles may have differersicceleration/braking values during different time intervals of the

conflicting interaction.Consider twdifferert time intervals where” is the reaction or response time

1. During the reaction or response tinte "

2. After the reaction or response time

Considerthe simplest case where values of acceleration/braking during these intaither
known or approximatg constans. Forthe caffollowing interactionwhere theegovehiclefollows theadv

vehicle Figure27 showsdifferent intervals in the interaction period.

Braking (s3)
distance of adv

Distance (s;) Braking distance (s,) of ego
travelled by ego during
Response Time (p)

Figure 27: Car-following interaction with response time

Accounting for response times of tRe€Q¢éehiclein Equation(3), the termi can be decomposed
into the distance traveled by th@ "Qgehicle during the response tinie {n Figure27) andthe braking
distance traveled by & "Qeehicle after the response time (n Figure27). During the response time

", theQ "Qgehicle may haveositivevalue of acceleratio{ ). Assumingd is constant during the

response time” :

-0 (8)
The resulting velocity ) of the Q "Q¥ehicle at the end of the response tinie can be

computed usingquation(1).
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After the response time, tfe "Qeehicle starts deceleratingo 1t to avoid a crash. In the
worst case, it will need to reaehcomplete stopo avoid a collision(final velocity = 0) The time 0

required for thél "Qto reach complete stop can be computed usSmgation(1):

m 0 ®» O
Solving forg,
o] —— andsince @ T
(‘) -
s s

The distance traveled by tiE'Qéehicle before it comes to a complete stop can be computed by substituting

the value obin Equation p):

Substituting the value af  from Equation(9):

L (10

During the interaction, thé> 'Q Wehicle travels with negative acceleration (deceleratiare.,
W Tt In the worst case, thadv vehicle may come to a complete stdpe distance traveled by the
0 'Q before it comes to a complete s{@p., to reach final velocity = 0 and initial velocityo= ) can be

computed usingquation(1) and Equatiorf2).

Using Equatior(1), thetime & required for thed Q to reach complete stop:
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Solving forg,
o —— andsince & mh
(‘) I

s s

The distance traveled by theQ wvehiclebefore it comes to@omplete stop can be computed bipstituting

the value obin Equation (2):

. . 0 p . 0 0
c o s cam S —= - (11)

Now, reconsider EquatiofB). A collision would occur whethe egovehicle would travel more than the

advvehicle during braking

Therefore for defined values ofd ,® ,and® , a collision could be avoided if the initial distance
i i between two interacting vehiclesnmrethan i i i . Substitding the values of |,

i ,andi from Equationg8), (10), and(11), respectively:

-0 7 ; (12)

Under this condition, aollision can be avoided regardlesstioé values of®d , @ , and® . If we

considertheworstcase that may occur during the interactiwhere
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(a) @ Quehicleapplies brakes with its maximum capability, i®., 0§

(b) during the response timé , the’Q "Qeehicle may accelerates with its maximum capabilitye.,
W (-

(c) after response time, the'Q "Qeehicle candecelerate only with its minimum braking capability,
i.e.,w O f
In this situation, the collision could be avoided if the initial distance between interacting vehicles

is morethan the quantity specified in Equati(i8):

AR T i (13)

h h

Equation (13) is the minimum safe longitudinal distancesfor carfollowing situations
recommended biyemma 2 otheresponsibility sensitive safety (RS8pdel proposetly ShalevShwartz

et al.(2018)

In cases of through/left turn interactions within an isgetion the’Q "Qéehicleandthe ‘Q wehicle
travel towards @onflict point that lies on the intersection ioflividual travel paths of involved vehicles.
In such caseshe response times of bdthe'Q "Qgehicleandthe w ‘Q vehiclearecritical. Suppose th€® "Q¢
vehicledesires to rake a left turn and thi ‘Q vehicledesires to go through the intersection simultaneously,

as illustratedn Figure28.
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‘Distance Travelled Braking Distance of adv

by adv during (after response time)
Response Time

Figure 28: Through/Left -turn interaction with response time

In this case, the distance traveled by @h&gehicleduring the interactiomould be the same as
that of compunhg in the case of cafollowing interaction i i , wherebothi andi are computed

along the travel path of tH@ "Qgehicle. However, the distance traveled by #heQ vehicle need tobe

decomposed intb  andi , wWhere:
i Distance traveled bgdvduring its response timé o " -0 7 (14)
i Braking distance traveled advaftertheresponse time’ % (15)

Following Equation(3), the collision would occur when:

In this casethe'Q "Qgehicleandthe ® Q wehicleboth travel towards the conflict point bubtin the same

direction.Therefore, the collision would occur when:

an,
an



Thus, b avoid a collisiorfor given values ofo , & ,® , and®

i i > d s
Since,i can be decomposed info and i , andi can be decomposed irto  andi ,
i i > i i i

Substituting the values ofhi Fi andi from Equations (8), (10), (14), and (1Bspectively,

0 0 O
Solving foray
&

Substituting the value @bin Equation(2),

Rearranginderms:

Thereforej andi can be written as follows:
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Therefore, to avoid a collisidior given values ot ,® ,® , and®
0 0 w " 0 w 7
i =
C CW 3
(16)
L | ®w [ D s
AN
1(1) 1

Finally, if this condition is truea collisioncan be avoidetegardless afiven values oo

. Considertheworstcase situation that may occur when
() (I

, and®

&
(a) During”, both vehicles accelerate with maximum capability, de.

i.e.®

(b) After ",
[ I Al & @ f where® | j
capability of the vehicle that has the rightwdy.

Therefore, to avoid a collision even when the woeste interaction occurs, reconsider Equation

both vehicles can brake only with minimum capability,
is the minimum braking

during the worstase situation

(16) with values ofd ,® ,® , and®
: l 0 0 ©w 7 ", ) w §5 "
q W {8
» s s& 5 ", D s& § " (17)
q W § K $

Equation(17) is the minimum safe longitudinal distancks vehicles approaching towards a

common pointecommended biyemma 3 othe RSSmodel proposetly ShalevShwartz et al(2018)

RSS provides a safe threshold for distances between two vehicles involved in interaction by
consideringheworstcase scenaridultiple studies provided bounds for parameters used in RSS for safe

distancecalculationwhen used by vehicle controllgtsu et al., 2021; Xu et al., 202I)able8 summarizes

thevaluesof parameters used theresearclpresented in this dissertation
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Table 8: Parameters for computing RSSecommended minimum safe distance

Parameter ®» § ® ® i h ® ”

Value 3.5 m/2 5m/g 4 m/S 8 m/¢ 0.5s

Note that using RSS, an unsafe situation can be identifigebut a threshold, i.eif the actual

distance betwaetwo interacting vehicles is less than the RSS recommended distance.

4.5. MaxSand DeltaS

The higher values ofhe maximumof the observedspeedf interacting vehicles (M&) and
maximum relative spesdof interacting vehicles (DeltaS) bdtidicate higher severity had the vehicles
been collidedGettman & Head, 2003)rhe valuesof MaxS and DeltaSan be usedo calculate the
momentum values using the mass of involved vehicles. Therefaa iprovide better estimates of the

collision's severityhad it occurredShelby, 201).

4.6. Initial Deceleration Rate

Deceleration is a form of evasive action taken by either or both vehicles involved in a conédict.
initial deceleration ratelDR) is a measurdhat can indicate the higher probabilitieed severityof
collisions. IDR represents an occurrence of a Haraking event, whichalso indicates a neamiss
(Yakkundi et al., 2016)r crash occurrencéBesai et al., 2021 study conducted biunter et al(2021)
showed astatistically significant correlation beieen harebraking events and the historical crash data.
Different thresholds to distinguish habtdaking events from regular decelerationbis researclises3.5
m/s as athreshold value to identify hard braking as a form of evasive aciwh2.5 mfas a threshold

for IDR violations.

4.7.  Effect of Measurement Errors on Metrics Computation
As described in SectioB.1.3 the values of position and velocity of vekislmeasured using
supplementary data sourcase prone to errordVith connected vehicle data, much lesser errors are

expected in velocity and position reported by vehicles through broadcasted BSNs.subsection, the
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impact ofmeasurement errom the computation of metrids explored. Subsequent potential impact on

traffic safety assessment are discussed.

Out of metrics discussed in this chaptédR is directly dependent on the acceleration
measurementpr which the measureent errorsare currently unavailableSinceMaxS and DeltaS are
directly measuredising the velocity measurementee impact ofvelocity measuremergrrors these
metrics are straightforward. TTC, MTTC, and RSS safe distances are functions of meaasuotidjihe
impact of measurement errors on their computation is not very straightforwatiouaritdiscussed in #
following subsectioa For each of these metrics, an example scenario is desddbied; the descriptive
statistics ofneasurement esrsdiscussedh Table2 andTable3 in Section3.1.3 Monte-Carlo simulations
(sample size=100,000) were constructed for the descrile@dsoin two cases: (1) when measured using
the video data collected from detector cameras and (2) when measured using the video data collected from
dronebased cameraResults from the Mont€arlo simulations were used to derive thesulting

distribution of thecomputedmetric

47.1. TTC

Measurable parameters fofC computatiorare the location and velocities of both interacting
vehicles. To analyze the impact of uncertainties in the measured parameters, consider a generalized scenario
described irFigure 29, where theegovehicle follows the leadingdv vehicle.In this casethe distance

from the known conflict pointj andi , represent the location of vehicles. andi are

functions of measured quantitied ho and @ hd |, respectively.
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sE9° = f(xggo)z + (yggo)z
(xego'yegcJ) Sgdu
ego /ﬁ adv
dxc9° i j §xadv 1 '\
Sxedo adv
x A ox / L Conflict
le . adv ,,adv Point
5yes0 " gyea (x4, y4a¥) Syaav|" gyadv (0,0)
€ego _ _adv
(So 50°7) sgdv = ,(xéldv)z + (yétdv)z
Figure 29: Car following scenario with measurement errors

Considetthe following scenario:

o o nihc v | C W
o ho ntf i La
0 p @ 7i andv Cari.

In this case, thactualvalue of TTCis calculated aslescribed in Sectiof.1

— pP&J.

For the described scenarkigure30 (a) andFigure 30 (b) illustrate gproximate distributionsf

computed TTC in presence pbsitionand velocity measuremeatrors discussed in Secti@nl.3 when

measured using detector camera data and the drone camefeati8.summarizes descriptive statistics
of resulting distributionsln Figure 30, the first observation is #tthe errors in measured TTC are much
smaller if they are computed using thetaextracted from droneased video data as compared to detector

camera video dat&edverticallines in bothFigure30 (a) andFigure30 (b) indicate the true value of TTC
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for the scenario under consideration, in absenegrofs.Black vertical lines indicate the value of chosen

threshold (1.5 secondlissee Sectiod. ).

Distribution of TTC: Detector Camera Distribution of TTC: Drone Camera
2500 ___ Tue Value=182 (s) ___ TueValue=182 (s)
Percentile=50.529% Percentile=52.944%
Threshold=1.5 (s) Threshold=1.5 (s)
— Percentile=7.253% ™ Percentile=0.0%
2000

2000

1500 - 1500

— -~
c [=
=] =]
o [=]
o [v]
1000 1000
500 500 {

0 T T 0 T T T T T

\n i n =] n < \n o 0 o n

m <t b g — — ~ o~ m m < 1

second second

(a) (b)

Figure 30: Distribution of TTC measued using (a) detector camera data and (b) dronbased camera data

(threshold=1.5s)

Suppose that the measured value of TTC using deteatoera data is less than theesholdvalue
of TTC (to the left ofthe black line in Figure 30 (a)). In that case, a false violation of TTC would be
recorded. Fronfrigure30 (a), it can be seen that such false alarms of TTC violations may alsout 7.3%
of times(area to the left of black line iigure30(a)). In all other cases, a true violation of TTC would be

recordedIn case of drone data such false alawnsld beextremely unlikely to occur.

Consider another case presente#igure 31, where the value of selected threshold is 2 seconds.
In this case, a misdetection of TTC violation may occur if the measured value of TTC is greater than both,
true value of TTC and the seledtthreshold valu€ seconds)if the measurements are taken using the

data collected from detector cameras, such misdetections of TTC may occur about 26.07% of times (area
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to the right of the black line ifrigure 31(a). In case of drone data such misdetections would also be

extremely rare.

Distribution of TTC: Detector Camera Distribution of TTC: Drone Camera
2500 ___ Tue Value=1.82 (s) ___ Tue Value=182 (s)
Percentile=50.529% Percentile=52.944%
Threshold=2 (s) Threshold=2 (s)
— Percentile=73.923% — Percentile=100.0%
2000 4
2000
1500 | 1500
— )
c c
= =
o o
() v
1000 1000
500 500 1
0+ . v 0 v . . . .
o n o n o 0 [=] [Ta} o n o 7]
— m < < — — ~N o m m o <
second second

(a) (b)

Figure 31 Distribution of TTC measured using (a) detector camera data and (b) dronbased camera datatfireshold=2s)

Table 9: Descriptive statistics for distributions of quantities required for TTC

TTC Resulting Distribution (Normal Approximation)

M rement| True Val

easurement ue vaiue Mean Star?dgrd Minimum Maximum Median
(seconds) Deviation
Detector 1.82 1.855 0.286 1.140 4.527 1.814
Camera

Dronebased 1.82 1.816 0.029 1.704 1.946 1.816
Camera

4.7.2. MTTC

A critical difference between TTC and MTTC is that MTTC considers the effettteafurrent
acceleratiofdeceleratiorof interacting vehicles. However, with the system described in this resdach,
acceleration of interacting vehiclesriot directly observable,na therefore the measurement errors for

acceleration are unknownherefore, to study the effect of unknown uncertainties while computing MTTC,
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analysis is performed by isolating errors in acceleration measurement and assuntimgpheimeters
otherthan acceleration are known with zero err@sippose that the errors in acceleration measurement are
normally distributed with parameters N(0,0/8hw reconsider the scenario presentefantiord.7.1, with

additional values fotheacceleration of both interacting vehicles.

w h nthg v i ¢ w

0 p @ fi andv carn.

® M afi andw p® & Fi

In this case, thactualvalue of MTTC can be calculated as described in Secli@asi) "Y'YO
p& . Figure32 shows the resulting distribution of MTTC in presence of assumed errors in acceleration
measurement for the described scenawbere all other quantities are knawhable 10 shows the

descriptive statistics of resulting distribution of MTTC.

The black vertical line ifrigure 32 indicates the selected threshald1.5 seconds (see Section
4.3) and the red vertical line indicattfee true value of MTTC for thgcenario considere#or the selected
threshold of 1.5 seconds, the chance of a fenof MTTC violation would be very rare (area to the left
of black line inFigure32). A misdetection of MTTC may occur if the measured value of MTTC is greater

than both the true value of MTTC and the selected threshold.
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Figure 32: Resulting distributions of MTTC for assumed errors in acceleration

Table 10: Descriptive statistics ofthe resulting distribution of MTTC
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Resulting Distribution (Normal Approximation)
uantit True Value
Q Y Mean Star?dgrd Minimum Maximum Median
Deviation
MTTC (s) 1.69 1.6% 0.082 1.447 2.306 1.689
4.7.3. RSSCar-following

From the collected data, measurable parameters for computation of RSS longitudinal safe distance
velocities of both interacting vehicles. To analyze the impact of uncertainties in the measured parameters,

once again consider a generalized scenario deddribégure29, where thego vehicle follows the leading

advvehicleandconsider the following case where:

0 p an/s andd

¢ m/s

Using the values of RSS parameters discussed in Sdctioie.,® |

m/ig; N |

ym/s;”

T® S

Tm/ig;®

h



In this case, thactualvalue ofO

4.4
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o @ yi can be calculated using RSS equations discuss®ekction

For the described scenarkigure33 (a) andFigure 33 (b) illustrate gproximate distributions of

computedRSS longitudinal safe distancés presence of position and velocity measurement errors

discussed in Sectio8.1.3 when measured using detector camera data andirdme camera data.

Descriptive statistics of resulting distributiosre summarized imable11.

Distribution of RSS: Detector Camera

Tue Value=33.88 (s)
Percentile=45.455%

2000 1

1500

count
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500 1

count

2500
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1000 1

500 4

Distribution of RSS: Drone Camera

Tue Value=33.88 (s)
Percentile=78.128%

T T T T
Tal n wn
R ™~ % m 3 < 2

meter ° o
(a) (b)

Figure 33: Resulting distribution of RSS longitudinal minimum distancei car-following: when measured using (a)

detector cameras andlf) drone-based cameras

The first observatiofrom Figure33is that the errors in measured RSS longitudinal safe distances

are much smaller if they are computed usingdimextracted from dronbased video data as compared

to detector camera vide@id.Red vertical lines irrigure33 (a) andFigure33 (b) indicate the true vadu

of RSS longitudinal safe distance for the described scenario.

A misdetection of RSS distance violation may occur if the actual distance between vehicles in the

carfollowing interaction is more than the true value of RSS distance (to the right ofitheeé Figure
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33) but less than the measured value of the RSS distéfuen the data from drormameras is used for
measurements, the chance of misdetection isrlaseompared to when measured using data from detector
camerasln contrast, a false violation of RSS distance would be recorded if the actual distance between
vehicles in the cafollowing interaction is less than the true value of RSS distance (tefthef lthe red

line in Figure 33) but greater than the measured value of RSS disténchance of recording a false
violation of RSS safe distances is considerably higher in both cases, when measured using data from drone

based cameras or when measured using data from ddtastx cameras.

Table 11: Descriptive satistics ofthe resulting distribution of RSS longitudinal minimum distancei car-following

RSS Resulting Distribution (Normal Approximation)
Measurement True Value Mean Star?dz.;trd Minimum Maximum Median
Deviation
Detector
camera data 33.88 34.577 4.739 16.435 58.154 34.428
Drone camerg
data 33.88 33.48 0.508 31.247 35.752 33.48

4.7.4. RSSThrough/Lefiturn

Measurable parameters for computation of RSS longitudinal safe distarases of through/left
turn interactionarevelocities of both interacting vehicles. To analyze the impactezfsuremergrrorsin
the measured parameters, consider the following case where two vehicles approach towards a common

conflict point:

0 p um/s andd p un/s

@O § B Tm/g; N j umigD i Tm/ig; O j ym/g;” @ S;
In this case, thactualvalue of D can be calculated using RSS equationsslisdin Sectiord4.4as

O x @m



99

For the describethrough/leftturn scenariofFigure34 (a) andrigure34 (b) illustrate gproximate
distributions of computed RSS longitudinal safe distantpsdsence of position and velocity measurement
errors discussed in Secti@nl.3 when measured using detector camera data and the drone camera data.

Descriptive stastics of resulting distributions are summarized@ able12.

Observations for computing RSS distance for through/left turn interactions are simile to
observatios in the case of cdollowing scenarioThe errors in measured RSS longitudinal safe distances
are much smaller if they are computed using the data extracted frombdreed video data as compared
to detector camera video data. Red vertical lindSgnre 34 (a) andFigure34 (b) indicate the true value

of RSS longitudinal safe distance for the describeough/leftturn scenario.

A misdetection of RSS distance violation may occur if the actual distance between vehicles in the
carfollowing interaction is more than the trualue of RSS distance (to the right of the red linBigure
34) but less than the measured value of the RSS distance. When the data frogadrerss is used for
measirements, the chance of misdetection is lower as compared to when measured using data from detector
cameras. In contrast, a false violation of RSS distance would be recorded if the actual distance between
vehicles in the cafollowing interaction is lesshan the true value of RSS distance (to the left of the red
line in Figure 34) but greater than the measured value of RSS distance. A chance of recording a false
violation of RSS safe distances is considerably higher in both cases, when measured using data from drone

based cameras or when measured using data from ddtastnd cameras.
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Figure 34: Resulting distribution of RSS longitudinal minimum distancei through/left-turn: when measured using (a)

detector cameras and (b) dronéased cameras

Table 12: Descriptive statistics of resulting distribution of RSS longitudinal minimum distance Through/Left-turn

RSS Resulting Distribution (Normal Approximation)
Measurement True Value Mean Star?dgrd Minimum Maximum Median
Deviation
Detector
camera data 79.0 80.620 6.855 52.690 112.945 80.501
Drone camerd
data 79.0 78.145 0.73 74.882 81.328 78.146

4.8. Chapter Conclusionand Discussion

This chapter introduced various metrics for the traffic safety assessment that use parameters
measured from the collected data. Since parameter measurements are prone to errors, the impact of

measurement errors on the computation of meigiasalyzed irthe chapter.



101

TTC, PET, MTTC, and RSS are based on the identical equations of motion and crash avoidance
conditions. They essentially measure #ame phenomenon the likelihood of collisiondn different
situations and with different levels of detail. T&@8d PET consider the dynamics of vehicles embedded in
their trajectories and are more appropriately used in the posterior analysis when trajectories of interacting
vehicles are entirely known. Since RSS and MTTC explicitly consider the dynamics of sethielecan
also be used in a priori analysis, where RSS considers theassesscenariodaxS, DeltaS, and IDR are

indicators for the severity of crashes had they been occurred when used in association with the mass of

interacting vehicles.
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Figure 35: Relationship between TTC, PET, and initial distance

Figure 35 illustrates the relationship of TTC and PET with initial distances betweemdtitey

vehicles that RSS could recommend in afolowing scenario. Consider the first case (red trajectory)
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where the following vehicle maintairi@ from the preceding vehicle and the second casewh
trajectory) where théollowing vehicle maintainsQ Q from the preceding vehicldf all other

dynamic parameters of the trajectory remain the same and if only initial distances are varied, the resulting

values of PET and TTC increase with increasing initial distances.

Errorsin the measurement of parameters describing the vehicle's state can result in significant
errors in the metrics computation as s8eation4.7 of this chapter. Theneasurements taken using data
extracted from dronbased video cameras wareich closer to the true values of computed metrics and
have desser impact on the traffic safety assessntmiever, due to limited flying times of dronespne
based cameras may not be able to capture rare saititgl events such as conflicts. Detector cameras
havetheadvantage of havintpeability for continuous safety monitoring. However, current algorithms that
extract vehicle state information frocollected data need substantial improvement to be suitable for traffic
safety assessmeRither sensors can be used to improve the accuracy of measured parameters. For example,
LIDAR sensorscan be usedor accurateposition measurement and RADAR senscas be used for
accuratevelocity measuremesit However, these sensors are expensive to demoypared to detector
cameras that are already deployed in rmistsections in the United Statédso, as the market penetration
of connected vehicles incress the connected vehicle data can replace the data extracted from the sensor
suite. Since connected vehicle data is much more accurate than-héded information extraction
methods, it bears a strong potential to be useful in the traffic safety assesageits significant market

penetration is reached.
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5. Information Extractiorand Analysis

Theinformation requiredor computingsafety assessment metriosed to be extracted from the
collected dataThis chapter describes tiformation available irthe collectedaw data andsequential
processing stepgo extractvehicle trajectories andnetricsbasedsafetycritical information for two
commonly occurring unsafe interactions between road usetir¢lighleft-turn interactions and (2) car
following interactionsAfter thedescription of processing steps, the analysis and interpretafiextracted

informationarediscussed

5.1.  Simulation Experiment Design

In the field, the system described in Chaenbllects the connected vehicle data along with data
from the supplementary sources described in Se8tibi2 However, currently, there are limited number
of onroad connected vehicles from where the data could be collected. Parallel efforts are underway from
the collaborators of this research to extract vehicle trajectories from the collected suppieiaiata
However, till trajectories of vehicles extracted from the supplementary data are available the availability of
sufficient data is a major challenge in utilizing the safety assessment framework.

To overcome the challenge to demonstrate actuatysagsessment, a simulation model of the
study intersection is developed using a microscopic traffic simulator VISSIM. It generates identically
structured and identically formatted BSM and SPaT data when interfaced with software components
described in Se¢ion 3.2.5

Figure 36 shows the aerial snapshot and the structure of thay shntersection. The study
intersection is comprised of four inbound (red) and four outbound (yellow) appro&elvbisapproach is
comprised of two or more lanes. Each inbound approach allows throughyriefand rightturn
movements. Through and lgftrn movements are controlled by traffic actuated signals. Each through and
left-turn movement is controlled by a dedicated signal group. Odd numbered signal groups are associated

with left-turn movements and even numbered signal groups are associatétauightmovements.
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The limitations of using simulation models for drawing statistical inference about the traffic safety
in the field are discussed in earlier sections of this dissertation. However, the purpose of using simulation
models in this research not to draw inferences about the field traffic safety but to develop an assessment

framework that can later be used with the real field data when it is available.

# Signal Group
[ Inbound Approach
Outbound Approach

Figure 36: Aerial snapshot and structure of the study intersedbn

5.1.1. Simulation ofThrough/Lefturn Interactions

Three common strategies for controlling left turn movements in the intersection include:

(1) protectedonly left turns,
(2) protectedpermissive left turns,

(3) permissive only left turns.
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In protectedonly left turns, a separate dedicated signal indication is allocated fdurieitg
vehicles. Vehicles are allowed to make left turns only on a green arrow signal indication. This strategy is
often observed as the safest since when protecigdeft-turn movements are alloweithe signal control

restricts the movement of other conflicting vehicles or pedestrians.

Observed improvements imtersection capacityand efficiency have expanddbte usageof
protectedpermissive lefturn strategy over the years. This strategy uses a combination of protected signal
indications followed by a permissive signal indicatmmvice-versa where permissive signal indications
are followed by protected signal inditons.During the permissive signal indication, vehicles are allowed
to make left turns concurrently with opposing through moving traffic if an acceptable gap is available while
yielding to opposing traffic. In intersections witswer demand for lefturning movementsnd opposing

through movementpermissiveonly signal indications are often employ@dafat et al., 2021)

Though permissive left turns show benefits in improving the mobility of signalized intersections,
they also increase the patial for vehiclevehicle and vehiclpedestrian conflicts and crash@&bere are
adisproportionate number of crashes that includetlgfting vehiclesThe commomationak behind these
types of crashes adgiver judgement errors in selectingu@ficient gap in the opposing traffic, misjudg
of the opposing vehicle's speathdthe locationand presence of visibility issues. A study published by
National Highway Traffic Safety Administratiq€hoi, 2010)showed that over 22.2% of all crashes in the
United States from 2005 to 2007 involved-efining vehicles. Theaimand for each leturning movement

may vary by different times of the day and different days of the week.

For safe and efficient signalized intersection control, distinguishing safe permissitarneft
movements from unsafe ones is necessHng. information extracted from the data collected using the
system described in this research provides an opportunity to distinguish unsafmleibvements from
safer leftturn movements that could benefit from using a proteptchissive or permissive movement
strategy Also, automated vehicles may not suffer the same judgement errors and benefit from permissive

left turns without additional safety risk.
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The study intersection usesotectedpermissive strategy for serving all kefirn movementsA
shapshot fim the simulatiormodel of the study intersectiois shown inFigure 37 that illustrates an
example of unsafe interaction between a southbound through moving (white) vehicle and a northbound left
turning (red) vehicleluringa permissivdeft-turninterval. The simulation model of the study intersection
uses the identical sigl timing plan that is deployed on the field. To compare the safety and mobility
impacts of allowing permissive leftirn movements, two variations of the simulation model were
developed. The first variation simulates the strategy that is currently sk field where all left turn
movements protectegermissive. In the second variation, the-tefin movements were protectedly.
Ot her simul ation parameters such as intersection
movements, signal timg plan, vehicle composition and speed limits were kept identical in both variations

of the simulation model.

Figure 37: Simulation of unsafe situations in VISSIMi Through/Left Turn Scenario



(1) Traffic signal controller warmupThe traffic signal controller warms up during the first cycle of
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To determine the warmup period diet simulatiorfollowing two aspects were considered

signal control which approximately lasts for 120 seconds. During its warperiodthe signal

controlle serves all vehicle and pedestrian signal groups once even if there is no demand from

vehicles or pedestrians in the simulation.

(2) Steady stateehicle volumeThe number of vehicles present at any one time on the network is used

# Vehicles in the Network

18
16
14
12

L= I S LAl ]

as observed variabte determinethe warmup period Figure38 shows the variation of number of

vehicles in the simulation network.h e Wel chés movi ng

average

met ho

of 20 seconds to determine approximate time when the number of vehicles in the simulation

network reaches the steady stdigure 39 shows the time when the number of vehicles in the

simulation reaches the steady state.
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Figure 38: Determination of warm-up time for the simulationi (Raw Data)
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Figure 39: Determination of warm-up time for the simulationi (Window size = 20Seconds)

With above twaconsiderationsthe warmup time of the simulation was chosen to be 10 minutes
(600 seconds)ive replications of both variations were simulated, where each replication was twn fo
hours. From both variations, BSM and SPaT data was collected for the safety assessment. The data
describing average delay and average number of stops experienced by simulated vehicles (for each through
and leftturn movement) was collected from VIS&to assess the mobility impacts of allowing permissive

left-turn movements.

5.1.2. Simulation ofCar Following Interactions

Though conflicts are more frequent than crashes, they are still rear events compared to undisturbed
interactions between interacting vdeg; as seen from the safety pyramid shown earli€igiarel. In car
following situations, one vehicle may safely follow a leading vehicle without safety issues.s8uppo
leading vehicle decelerates in response to an event known or expected by its following vehicle (for example,
deceleration in response to red light at the intersection or stop signs). In that case, the deceleration by the
following vehicle may not &lays indicate a safety concern. In this research, a unique simulation model is
developed to simulate unsafe situations that mainly occur due to disturbance in the traffic flow triggered by
random and unexpected events in otherwise freely flowing traffic.t hi s si mul ati on model

zone is created in one of the inbound approaches of the study intersection. In this zone, pedestrians may
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randomly enter the roadwalyigure40 shows the spatial location of this area andexample of aonsafe
situations between a leadifgellow) vehicle and the followingblack) due to an entry of a pedestrian on

the rowadway

Figure 40: Simulation of unsafe situations in VISSIMi Car Following Scenario

To analyze the significance of factors that influence the frequency of occurrence of unsafe car
following situations, dill factorial experiment desigwasdevebped Vehicle volume, driving speed, and
time headway were selected as essential factors that may the frequency of occurrence of unsafe situations.

Two levels for each factor are summarized able13.

Table 13: Factors and levels for caffollowing experiment design

Factor Unit Level | Quantity
- 1000
Volume vehicles/hour
+ 1250
. kilometer per - S0
Link Speed hour N 20
Time - 0.9

Headway second + 2
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To determine the required number of replicationsjla gimulation study was constructed by
running five replications of one of the design configurations: volumespgeed=(), headway=(+)Number
of conflict occurrences were identified using the procedure desdetexdn Section5.4.1 Results from

the pilot simulation study are summarized'able14.

Table 14: Results from the pilot simulation study

Replicate | Conflicts | Mean gg?g;(;ﬂ ) T (95!/0) (up():pler) (Io(v:vler)
1 25
2 13
3 10 16 5.788 0.05 | 5 2.776 7.187 23.187 | 8.813
4 14
5 18

The observations from the pilot study were utilized to determine the approximate number of
replications required to reduce the halfith of the 95% confidence interval to a fair numbi@= ). If &
andQ respectively represent the number of replicgaiand haHwvidth obtained from the pilot study and
"Qrepresents the required half widtie approximation suggested Kglton et al.(2015)to compute the

required number of replications and its results aras follows:

. € v xPpUx
£ o
Q ) P
Therefore, ten replications for each desmmfiguration were run to analyze the full factorial
design of experiment8BSMs were collected from each replication for assessing the traffic safety and

identify unsafe roadway locations.

5.2.  Trajectory Data
From the collected BSM dateehicle trajectories can loevelopedEach collected BSM data point

contains the following information:

1) Timestamp (t) of the datapoint
(2) Temporary ID of the vehicle associated with the datapoint

3) GPS coordinates of the position of the vehicle at time (t)
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(4) Speed of the vehicle at time (t)
(5) Heading of the vehicle at time (t)

(6) Size of the vehicle described by its length and width

TheTrajectory Awarecomponent described in Secti®r2.2utilizes the information from the BSM
data point in association with thdap-Enginel i br ary t o | ocate the vehicle o

locating the vehicle on tHdAP thefollowing information is added to the BSM data point.

@) Position on Map: Ainboundod, Aoutboundod, or A

(8) Current approach: ID of the approach on which the vehicle is at time (t)

(9) Current lane: ID of the lane on which the vehicle is at time (t)

(10)  Current signal group: ID of the signal group asaacie d wi t h t he vehiclebs

(11) Distance tcstopb a r : The distance between thearaofehicl e
the intersection. If the vehicle @ aninbound approach, the distancehliestopbar decreases
as it approaches the insection. If the vehicle is in the outbound approach, the distance to stop
barincreasessthe vehicletravels away from the intersection. When the vehicle is inside the
intersection box, the distance to stmyis negative and idecreases ahe vehicleapproaches

the outbound approach.

Figure4lillustrates the information available in a BSM datapoint processédajgctoryAware
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Figure 41: Information available from the BSM datapoint processed byTrajectory Aware

Note thatTrajectory Awareprocesses each data point individually before it is stored. Once the data
collection completes, entire trajectories of all vehicles are available for analysis. At thistatage

additional attributes are identified for each vehicle

(12)  Trajectory Signal Grop: The signal group of the vehicle when it waslasttedon an inbound
laneof the intersection.

(13) Distance travelled by the vehicle along its path: The distance travelled along the path can be
calculated by cumulative addition of the distance travebigdthe vehicle between each
successive datapoint. Suppose Watis the distance travelled by the vehicle during the time
betweenQ p and "Q datapoint. In that case, the distance travelled by the vehicle along

its path is computed &8 ‘Qw for € points Figure 42 illustrates the computation of the

distance travelled along its path.
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First datapoint

e |ndividual datapoint
---- Vehicle Path

Figure 42: lllustration of the distance travelled by the vehicle along its path

In addition to attributes described above, the values of acceleration are also collected from
simulation model, since it is one of the data types that is expected to be available in the connected vehicle

datn

5.3.  Through/Left-turn Interaction s

In through/leftturn interaction, an unsafe situation may occur when dugefing vehicle and a
throughmoving vehicle from a conflicting lani@nd signal groupgnter the intersection and bathhicles
traveltowards the conflict poirgimultaneouslyConflicting signal groups for each lgfirn signal group
in the study intersection are shownTiable15. Conflicting signalgroups can also be visualized from the

Figure36.

Table 15: Conflicting signal groups in the study intersection

Left Turn Conflicting
Signal Group | Signal Group

1 2
3 4
5 6
7 8
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5.3.1. SafetyCritical Information Extraction

Once conflicting signal groups dmrown, thefollowing steps are executed to extract safety critical

information about through/leturn interactions from the collecteldta.

(1)

(2)

3)

(4)

()

(6)

Identify interacting pairsAn interacting pair is.pair of vehiclesvhere one vehicle attempts

a leftturn maneuver and another vehicle from the conflicting signal group attempts a
throughmovemenmaneuvegat the same timéote that not all interacting pairs may have
been involved in a conflict.

Identify conflicting pais: A conflicting pair is an interacting pair where at least one of the
vehicles in the pair makes an evasive action (identified by braking) to avoid a collision with
the other vehicle in the pair

Identify the conflict point and the distance to the coeiflpoint For each conflicting pair,

the conflict point which is at the spatial intersection of trajectories of two vehicles in the
pair is identified Once the conflict point is identifiethe distance to the conflict point at
each time point during thiateractionfor each vehicle in the pair is calculated

Record IDR IDR is the initial deceleration by the vehicle thatkesan evasive action
during the interaction. If both vehicles made an evasive action during the event, the
minimum of IDR for each J&cle is recorded as the IDR for the event.

Record PET The difference betwedhetime when one vehicle from the pair reaches the
conflict point and the time when the next vehicle in the pair reaches the conflicigpoint
recorded as the PET for the etzen

Record TTCFor each vehicle that made an evasive actlmntime at which the vehicle
made an evasive acti@recordedUsing the velocity of ttvehicle at the time of evasive
action its projected arrival time at the conflict poistcomputedThe difference between

projected arrival times of two vehicles in the pairecorded as the TTC for the evelfit
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one vehicle in the padid not m&e an evasive action during the interactitreactual time
of its arrival at the conflict poinis usedor the computation of TTC.

(7) Record MTTCFor each timepoint in the interaction, MTT€computedas described in
Sectiord.3. Theminimum MTTCoverall timepointgs recordeds the MTTC for the event.

(8) RecordRSS Safe Distance and RSiflerence For each timepoint in the interaction, RSS
Safe Distances computeds described in the Sectidid. Also, the actual distance between
the two interacting vehicles along their paths the timepoint under consideratiis
calculated The RSSDifference, that is the difference between the RSS recommended safe
distance and actual distance between interacting vehicles along thds pathputedor
each timepointThe mnimum RSSDifferenceoverall timepointsis recordedas the RSS
Difference for the event.

(9) RecordMaxS The maximum of velocities attained by interacting vehicles during the
interactionis recordedisthe MaxSfor the event

(10) RecordDeltaS At each timepoint in the interaction, the difference between velocities of
two intelacting vehicles (DeltaS% recordedThe maximum Delta®verall timepointsis

recordedas the DeltaS for the event.

Furtherdetails of the procedure explained above are provided in AlgorithrAggdandix B

5.3.2.  Analysis and Discussion

For exploratory analysissing the data collected froboth variations of the simulation model all
interactions were extracted in which vehicles from conflicting signal groups were simultaneously present
inside the intersectiobox. In none of the replications of protectaly simulation such interactions veer
identified. In contrastpverall replications of protectedermissive simulation a total of 3156 instances of
such interactions were recorded. Note tiralyy some ofsuchinteractionsmay represent a conflict or an
unsafe situatiomhen atleast one ointeracting vehicles make an evasive action to avoid a colliSlogre

werel802instance®ver all replicationgn which atleast one of the interacting vehicles made some evasive
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action, which was not necessarily hdmdiking (with deceleration less th® m/<). Finally, over all
replications, here were a total @03interactions in which deast one of the interacting vehicles made an
evasive actiomhat involvedhardbraking (with deceleration less th&h5m/<).

Using threshold violations of mé&ts discussed in Chaptdrand he pocedure described in the
earlier Section5.3.1, occurrences ofinsafeinteractionsout of dl interactions(1802instances)n which
somedegree of evasive actiobsaking was involved (€ m/s’) were identified Frequency obccurrences
of unsafe situations identified using metric threshold violations were compared with the frequency of
occurrences of unsafe situatiomsere harebraking byat leasbne of the interacting vehicles was involved
FromFigure43, shows the comparison betweabre number of unsafsituations captured using violations
of each metric. It can be seen thaasuremenridf metric violations can captustherunsafe situations that

are not captured by measuring hardking events alone.

. . . . p . m Replication 1
Comparison between. unsafe sﬂgatlpns lldentlfled using = Replication 2
hard-braking vs metric violations Replication 3

Replication 4

m Replication 5
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Figure 43: Comparison of metric violations vs hard-braking eventsin each replication

Figure44 shows he $atial distribution of locationm the stuly intersectiorwhereoccurrences of
hardbraking eventsvere observedThe color of the heatmap indicates the density of event occurrences

where red indicates highest density and the blue color indicates the kewsidties The interactions
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between veliles making eastbound lefirn and vehicles traveling westboutimlough movementaere

most commonly involved hafdraking events as compared to othertfaft movements.

Local X

Figure 44: Spatial distribution of conflict occurrencesand safety assessment metrics violations

The unsafe locations identified by violations of TTC, MTTC, RSS and PET are shdvigune
45, It can be seen that the locations where violations of TTC, MTTC, and RSS are concentrated largely
agree with each other and with the locations where-baaking events were observed ($égure 44).
However, spatial distribution of PET violations uncover another potentially unsafe movement within the
intersection, where interactions occur between westbtitatirning vehicles and eastbound vehicles.
this location, the densities of PET violations were comparable to the ones found using TTC, MTTC, and
RSS. The increased density of PET violations indicate interactions the time difference between gteractin
vehicles reaching the conflict point were significantly éesBhe potentially unsafe locations identified by

PET violations are seen to be only weakly identifiable ugiolgtions ofother metrics.
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Figure 45: Spatial distribution of violations of metrics indicating the likelihood of crashes TTC, MTTC, RSS, and PET

The spatial distribution of violations of IDR, MaxS, and DeltaS are shoviigure 45. These
metrics indicate the severity of the unsafe situadi®discussed in Chap#rThe spatial distributio of all
of all metrics shown ifrigure45 agrea with each other. Since most threshold violations of these metrics

are concentrated in the areas wheteractions between (1) westbound and eastbountulefing vehicles
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(2) southbound and northbound lefurning vehicles occur. This could suggest that if a crash occurs in these

interactions, it is likely that it would result in higher severity as compared to other movements.

Sail distribution f Deltaviolation

5| ; =

Local X
Local X
Local X

10 20 30

0
Local Y

Figure 46: Spatial distribution of violations of metrics indicating the severity of possible IDR, MaxS, and DeltaS

Suppose the data about critical locations within the intersection is shared with vehicles using the
advances in vehiclo-infrastructure communication technology (Segpéandix C for an example of an
application based on infrastructure to vehicle data sharing). In thatvedseles can utilize the data
make safariving decisionswvhile navigaing through intersectionsA vehicle can use caution when in a

high conflid risk area of the intersectioRor using the data shared by the infrastructure, it is necessary to

transform thdocations of criticap oi nt s i n the wvehicleds | ocal cCoorc

vehicle'scurrent locationThe Y-axisinthiso or di nate system represents t he

identified by its headingzigure47 (a) shows a path @fvehicle making a eastboundeft turnalong with
an example of critical locations within intersecti®erspectives of the vehicle as it travels along different
points in its path are illustratead Figure47 (b), Figure47 (c), andFigure47 (d). When the vehicle is at the

point shown irFigure47(c), it should be more cautious since there are more cordtitts locationwhich

it is enteing.
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Figure 47: (a) Movement of ego vehicle, (b) ego vehicle perspective from location 1, (c) ego vehicle perspective from

with theMAP andtimes y nc hr oni zed
The average frequency of conflict occurrences and safety assessment metrics violationtitmnigft

phase over five replications of data are showRigure48, wheremostoccurrences of metric violations

location 2, and (d) ego vehicle perspective from location 3

When the distribution abccurrencesf unsafesituationds analyzed inhetime domain irrelation

SPaT

dat a, t

he i

ntersect

and harebraking eventsvereobservedvhen the signal group of the ego vehicle w#gr8y bars irFigure

48). As seen earlier ifrigure 36, the signal group 5 is associated with eastbound left turn movements.

Therefore, the observations found earlier in the spatial analysis largely agree \aitlalfss inthetime

domain.
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Figure 48: Frequency distribution of conflict occurrences and safety assessment metrics violations by signal groups

All unsafe situations occurred whenlaast one of the left turn phases were tignbermissive
intervals. Within a permissive interval, subintervals where most unsafe situations occur can be found by
identifying the elapsed timef the ego signal group the permissive interval for each conflieigure49
illustrates the case tfardbraking eventsMost hard braking events occurred whika ego signal groups
were in the permissive intervals for less than 2fbsds. Inthe case of phase 5 (that controls westbound
left turn movements), most hatkalaking events occurred whérwas in permissive intervals for about 10

to 15 seconds (gray boxplot kigure49).
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Hard Braking Events
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Figure 49: Relationship between occurrencesf hard-braking eventselapsed timeof the ego signal grougn its current

statewhen conflicts had occurred

To reduce the number obnflicts occurring during permissive intervals, one countermeasure could
be allowing leftturn movements only during protected movements. However, while designing such
countermeasuresne needs teonsiderthe tradeoff between safety and mobiliBigure 50 shows the
comparison of average number of stops experienced by vehicles in two different lefténarios
(Notaions: EB=Eastbound, WB=Westbound, NB=Northbound, and SB=Southbound. Suffix T=Through,
LT=Left-Turn). Figure51 shows the comparison of average delay experienced byashidwo different
left-turn scenariosFrom both figures, allowing permissive movements have a clear advantage in terms of
mobility and efficiency of the intersection. Permissive movemsigsificantly decrease the delay and

stops experienced by vetasfor left-turn movements anthrough movements.
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Figure 50: Comparison of average number of stops per vehicle for two lefurn strategies
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Figure 51: Comparison of averagedelay per vehiclefor two left-turn strategies
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This information can aid agencies in adjusting the traffic signal timing plans to make the
movements through the intersection safbile maintaining the tradeoff with mobilityror example, in the
case presentedhstead of converting all lefurn signal groups tprotectedonly strategy, only safety
critical phases can adopt protectauly left-turn strategy. Another countermeasure could be to allocate
more protectedgreen time teafety critical phasesuch assignal groupb, before starting the permissive
intervals. The red clearances timfs critical phasesould be increased to allow vehicles making left turns

during permissive intervals to safely complete their maneuvers.

5.4.  Car Following Interactions

In carfollowing interactions, an unsafe situation begins when the leading vehicle starts to
decelerateeither voluntarilyor involuntarily. A vehicle may voluntarily deceleratile responding to a
red traffic signal avoiding stationary objecter whenresmnding to slowmoving or stalled upstream
traffic. It may involuntarily deceleratdue tobreakdownor mechanical issueSuppose the following
vehicle does not respond correctly to the deceleration of the leading vehicle. In ¢h#torasd createan
unsafe situatiothat can result in reand collision in the woratase Rearend crashes are among the most
common types ofrehicle crashesSuch crashes account for more than 29 percent of all traffic crashes
resulting insevereinjuries. Rearend crashs contribute tover 7 percent dadll fatalities resulting from road

crasheglLee et al., 2007)

This section describegguentialprocessingstepsfollowed to identify and analyzesuchunsafe

situationsduring casfollowing interactiongrom the collected data

5.4.1. SafetyCritical Information Extraction

Following steps are executaalitentify unsafe cafollowing situatiors from the data described in

Section5.1:

(1) Identify leaderfollower pairs: At each timepointt], the leader and the followereidentified

for each vehicleDetails for identifying the leader and the follower for each vehicle at each



(2)

(3)

(4)

(5)

(6)

(7)

(8)
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timepointareprovided in Algorithm 2 and Algorithmid Appendix B Once leader and follower
of vehicles at each timepoint arelentified, trajectories of each leader and follower paie
extracted

Identify conflicting pairsA conflicting pair isaleadeffollower pair where the leader voluntarily
or involuntarilydecelerategnd the follower miges an evasive action (identified by hard braking)
to avoid a collision with the leader.

Identifythecollision coursdor each conflicting pairThecollision course represents the conflict
line discussed in Chaptdr For a conflicting pair, the collision course begins when the leading
vehicle decelerates, and tfidlowing vehicle starts responding by initiating an evasive action.
When one or both vehicles start accelerating again and resume their movahwihig
interacting vehicles are no longer on a collision course.

Record IDR The initial deceleration madey the following vehiclds recordedasthe IDR for

the event.

Record PET At each timepointt] in the collision course, the location just passed by the
following vehicle at timetj is recordedThe difference betweeaturrent timeand the time when
theleader had passed the location just passed by the following vishietmrdedis PET for the
timepoint ). The minimum PETover all timepoints in the collision courss recordedas the
PET for the event.

Record TTCFor each timepointt) in the collision course, TT@ recordedas the difference
between theurrent time andhe time of projected arrival of the following vehicle at kbader

v e h i lodat®dadtime (t). Theminimum TTC overall timepointsis recordedas the TTC for
the event.

Record MTTCFor each timepoint in theollision courseMTTC is computedas described in
Sectiord.3. The minmum MTTC overall timepointsis recordedcas he MTTC for the event.
Record RSS Safe Distance and Rterence:For each timepoingt) in the collision course

RSS Safe Distande computeds described in the Sectidrl. Also, the actual distance between
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two interacting vehicleat time ) alongtheir pathss computedThe RS&Difference, that is the
difference between the RSS recommended safe distanceharattual distance between
interacting vehicles along their patis, recordedfor each timepoint.The mnimum RSS
Differenceoverall timepointsis recordedis the RS®ifference for the event.

(9) Record MaxSThe maximum of velocities attained by interacting vehicles duringdhision
courseis recordedasthe MaxSfor the event

(10) Record DeltaSAt each timepoint in theollision coursethe difference between velocki®f
two interacting vehicles (DeltaS% recorded The maximum Delta®ver all imepointsis

recordedas the DeltaS for the event.

Further details of the procedure explained above are provided in Algerithippendix B
5.4.2. Analysis and Discussion
After extracting the information usinge procedure described in the previous sectlmyalues

of observed safety assessment metrics for each conflict event were compared to thresholds discussed in

Chapted to identify their violationsFigure52 shows the location of where pedestrians enter the roadway.

Figure 52: Locations where pedestrians enter the roadway
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Figure53illustrates locations whefETC, MTTC, PET and RSS metrics were found twioéated

The locations of violations of these metrics largely agree with each other. Note that incénenspizics

violations begin much earlighan whee pedestrians enter the roadway.
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Figure 53: Spatial distributions of safety metric violations- car-following: TTC, MTTC, PET, and RSS
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Figure54illustrates locations where IDR, MaxS, and DeltaS are violawchtionswhere IDR is
violated, are much before the area where pedestrians enter the rodthigaggrees with areas where
following vehicles start braking as an evasive action if the leader starts braking abruptly. Noteréhat
than one vehicle may ne¢al start evasive action to avoid collision with its respective leader. Locations
where MaxSis violated are much closer to the area where pedestrians enter the roadway, whereas the
locations where DeltaS is violated are spread out in the space starting from locations where following

vehicles start deceleration (when they have higher velocitemagared to the leader in case of a conflict).

Figure 54: Spatial distributions of safety metric violations- car-following: IDR, MaxS, and DeltaS

The number of conflictthatoccurred in each replication of each designfiguration vasrecorded
as the response variablEhe shape of the histogram and QQ plot cordithe approximate normality of

the response variab#own inFigure55.
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