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Abstract 

 Intersections are planned areas within the roadway infrastructure where conflicts between various 

roadway users may occur. Various strategies, including traffic signals, markings, and roadway signs, 

control traffic movements along the potential conflict areas. Despite these control strategies, crashes 

between various road users within intersections have historically represented a large portion of overall 

roadway crashes. Crashes between road users in other safety-critical areas within the roadway infrastructure 

such as high-speed freeways also significantly contribute to overall crashes. Therefore, the assessment of 

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

A critical challenge that current traffic safety assessment methods face is the lack of high-fidelity 

data explaining the pre-crash sequence of interactions between various road users. Recent advances in 

vehicle-to-vehicle and vehicle-to-infrastructure communication technology have enabled the availability of 

new sources of high-fidelity and information-rich data. Connected vehicles broadcast their dynamic state 

information and connected intersections broadcast static information about the geometry of their critical 

physical features along with their dynamic signal state information. Industrywide efforts are underway to 

facilitate additional information sharing between infrastructure and vehicles, such as object locations, 

weather conditions, road conditions, and dynamic situational information. Technology-driven advances in 

infrastructure and modern vehicles provide an ability to capture the information-rich data that can be used 

to assess road traffic safety. When combined, the information from these new data sources brings an 

opportunity to rethink current methods of traffic safety assessment, develop new methods by combining 

classical approaches with modern approaches, and improve the overall situational awareness of both 

vehicles and infrastructure. 

This dissertation presents a framework of a scalable system developed to capture information from 

new data sources and modern intersection traffic safety assessment methods that are built upon traditional 

conflicts-based surrogate safety measures. The presented field 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 of on-road connected vehicles. To overcome 

this challenge, this dissertation presents a simulation-based data capture framework as a source of the 

vehicle and infrastructure data structurally identical to the data collected from the field. Safety assessment 

methods presented in this dissertation utilize the information from newly available data sources to reveal 

the probabilistic nature of safety-critical zones within intersections and other roadway areas in both space 

and time. The impacts of measurement uncertainties on safety assessment methods are analyzed. 

The end goals of this research are to (1) enable transportation agencies to make informed decisions 

towards improving the intersection traffic safety, and to (2) improve the situational awareness of drivers of 

communication enabled vehicles to potentially reduce safety risks by providing information about safety 

critical areas of the intersection as they navigate through the intersection and other roadway areas.  
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1. Introduction 

A robust road transportation system enables the movement of people and goods from one place to 

another. It significantly contributes to regional socio-economic growth and increased quality-of-life by 

enabling a deep network of connections for intra- or inter-regional transportation. The development of 

transportation infrastructure is a large-scale public investment that influences a countryôs politics, economy, 

society, science, technology development, environmental protection, public health, and national 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 crashes and fatalities. The 

World Health Organization estimates that road traffic-related crashes are responsible for over 1.35 million 

deaths annually (Global Status Report on Road Safety, 2018). Crashes are the leading cause of death among 

the younger population and the 8th leading cause of death among the entire global population. In the United 

States, over 35,000 deaths are caused by traffic-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 quality of life. When the quality 

of life valuations are considered, the total value of societal harm from road traffic-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 more crash-worthy 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, match, or even exceed human 

driving capabilities. The interaction of these three aspects is critical to understanding, assessing, and 

improving safety. The key purpose of measuring and assessing traffic safety is to identify problem areas, 
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develop and implement countermeasures, and monitor the effects of implemented 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 measures of traffic safety are derived from the collection of data recorded by law 

enforcement officers during crash investigations. These measures are reactive in nature, i.e., we must wait 

for a significant number of crashes to occur to collect sufficient data that can be used to draw statistical 

inferences. Further, this data is subjective in nature and more often incapable of revealing the causes behind 

the crash occurrence. A crash is a rare phenomenon compared to smooth interactions between various road 

users. The rarity of crashes limits the sample space of the data available for analysis and thus contributes 

to the value of the direct measures of safety. Indirect measures of traffic safety are based on the behavior 

and interactions between vehicles during unsafe situations that do not necessarily result in a crash. However, 

it is challenging to devise methods to capture data that can provide accurate and sufficient information 

about traffic behaviors and vehicle interactions. 

As we prepare our roads for the new technology-driven traffic that includes autonomous vehicles 

and connected road users, the task of traffic safety assessment has now become more necessary. High-

quality data is the core of any successful effort to improve road safety (Carter et al., 2017). Fortunately, 

there is an emergence of new high-fidelity information-rich data sources due to advances in sensor systems, 

high-speed and reliable communication technology, and the introduction of technology-driven road users. 

Communication and sensor-equipped roadway infrastructure can now capture, process, and 

broadcast information-rich data that various road users can use as they travel the network. The 

infrastructure-based data includes but is not limited to, dynamic situational data such as the states 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 driving automation which are as follows: 

(1) Level 0 ï Manual Driving: Vehicles in this level provide no driving assistance or automation 

capabilities. The driver of such a vehicle is entirely responsible for situational assessment and the 

driving task. 

(2) Level 1 ï Driver Assistance: Vehicles in this level use the data captured by onboard sensors to improve 

the situational awareness of drivers, though the driver is entirely responsible for executing the driving 

task. Examples of driver assistance technologies include cruise control, left-turn assist, lane departure 

warning, forward collision warning, and blind-spot warning. 

(3) Level 2 ï Partial Automation: At this level, vehicles can help improve situational awareness of drivers 

and perform certain parts of the driving task that 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 control, lane-

keeping assistance, lane-centering assistance, parking assistance, blind-spot intervention, and automatic 

emergency braking for collision prevention. 

(4) Level 3 ï Conditional Automation: At this level, drivers can disengage from the task of driving under 

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 even if the automation system provides control assistance. 

The vehicles in this level must monitor the driverôs state to ensure that the driver resumes control when 

requested and must come to a safe and complete stop if the driver does not take control. 

(5) Level 4 ï High Automation: Vehicles in this level can independently drive when driving under a defined 

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 control, or otherwise, the vehicle can still 

securely complete the required maneuver.  
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(6) Level 5 ï Full Automation: Vehicles in this level are completely capable of executing the driving task 

under ñallò conditions. Such vehicles may not even have a steering wheel or acceleration/braking 

controls. 

  With increasing levels of automation, vehicles can increasingly control functions that the driver 

previously controlled. Each level of automation requires the addition of specialized sensors in the system. 

For example, a level-1 vehicle may perform its expected tasks by using minimal sensors such as one 

RADAR and one camera. In contrast, a level-5 vehicle may require a comprehensive sensor suite including 

different types of sensors such as multiple cameras, positioning devices (GPS/GNSS), LIDAR, and 

RADAR that can provide 3600 sensing information to perform its expected tasks. With advances in vehicle-

to-everything communication capabilities, the information captured by partial or fully automated vehicles 

can be shared with other road users and infrastructure. 

 New information-rich data sources bring an opportunity to rethink and improve existing methods 

of assessing traffic safety and developing new methods by combining classical approaches with innovative 

approaches and new data sources. Thus, there is a need for research that provides an approach to capture 

the safety-critical information from newly available data sources and utilize it to improve the existing 

methods of traffic safety assessment. 

1.2. Research Goals and Objectives 

The goals of this research are: (1) to enable traffic operating agencies to make data-driven and 

informed decisions for developing strategies to improve the roadway safety, and (2) to aid communication-

enabled vehicles in safely navigating roadways through improved situational awareness. Towards achieving 

the end goals, this research is constructed around five objectives that are outlined below: 

(1) Develop a scalable ready-to-deploy system that can capture the data generated by connected and 

automated vehicles and intersections. 
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(2) Identify and establish quantitative metrics that can utilize the collected data for traffic safety assessment 

through a comprehensive survey of literature in this research area. 

(3) Analyze the propagation of measurement uncertainties in the computation of identified safety 

assessment metrics. 

(4) To address the challenge posed due to the currently limited on-road presence of connected and 

automated vehicles, develop a simulation-based scalable platform to collect near-identically formatted 

data that can be used for the framework development.  

(5) Develop a toolchain that fuses the information collected from various data sources to extract the safety-

critical information that can be used to compute the identified safety assessment metrics for vehicular 

traffic safety assessment. 

1.3. Dissertation Organization 

The topics discussed in the remainder of this dissertation are organized as follows: 

Chapter 2 ï Literature Review: This chapter provides a comprehensive review of the prior literature 

in data-driven vehicular traffic safety assessment. Safety assessment measures from both roadway and 

vehicle perspectives are discussed. Existing data sources that are available in the public domain that support 

the safety assessment methods are reviewed. 

Chapter 3 ï Data Capture System Description: This chapter describes the newly available 

communication and sensor-driven data sources and the system's architecture for collecting the data from 

which the safety critical information can be extracted. The chapter also describes the simulation platform 

developed to generate simulated data that can be used for the development of the framework. 

Chapter 4 ï Operational Safety Assessment Metrics: This chapter introduces the operational safety 

assessment metrics that are based on the trajectories of interacting vehicles. The relationship among 

different metrics is explored and their sensitivity to the errors in data sources is analyzed.  
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Chapter 5 ï Information Extraction and Analysis: This chapter presents methods for processing 

and fusing collected data to extract safety critical information in two types of common unsafe interactions: 

(1) interaction between left-turning vehicles and vehicles making through movements while navigating an 

intersection, and (2) car-following interaction where one vehicle follows another, since these two 

interactions are major contributors to causes of vehicle crashes (Choi, 2010). Built upon identified safety 

assessment metrics, a methodology to identify safety critical zones in spatial and time domain within the 

roadway infrastructure is described. The possible relationship between identified critical spatial zones and 

historical crash data is explored. Using identified safety critical zones, possible strategies to mitigate the 

potential safety issues are discussed.  

Chapter 6 ï Summary, Contributions and Future Research: This chapter summarizes the 

contributions and conclusions of the dissertation. Potential future directions for additional research are 

identified and described. 
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2. Literature Review 

This chapter presents a comprehensive review of traffic safety assessment methods found in the 

prior literature. Methods that are used to assess the safety of roadway infrastructure are discussed in Section 

2.1 (Roadway Perspective). Methods used by vehicles with various levels of automation for safe navigation 

on roadways are discussed in Section 2.2 (Vehicle Perspective). Key public datasets that can support the 

respective safety assessment methods are introduced. 

2.1. Roadway Perspective 

From the roadway perspective, substantive safety assessment methods can broadly be classified 

into direct and indirect measures. Direct measures are generally derived from the historical crash data from 

roadway segments. Indirect measures are derived from the other types of non-crash data from a variety of 

sources collected over time including but not limited to vehicle volumes, average speeds, conflicts and 

trajectories of vehicles travelling 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 

ñinformation gathered by law enforcement (or other sources as identified in State statute) describing the 

locations, circumstances, persons, and vehicles involved in motor vehicle crashes on public roadways.ò 

(Scopatz et al., 2017). Crash data generally consists of information about the drivers and people, the types 

of vehicles involved, the time and location, subjective information about how and why the crash occurred, 

and consequences, including damage and injuries. 

Crash data is collected by law enforcement officers mainly by 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 limitations, Scopatz et al., (2017) developed comprehensive guidelines to help 

improve the quality, integration, and accessibility of the crash data.  
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U.S. crash data can be accessed using the Fatality and Injury Reporting System Tool (FIRST) 

(Fatality and Injury Reporting System Tool (FIRST)). This tool allows to access the data from various 

available sources collected between 2004 to 2018. There are other types of privately collected crash data, 

such as the data collected by insurance companies while addressing insurance claims. Such data might not 

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

Crash Frequency 

Crash frequency is defined as ñthe number of crashes occurring within a specific jurisdiction, on 

a roadway segment, or at an intersectionò (Golembiewski & Chandler, 2011). It is one of the simplest 

direct measures of traffic safety from the roadway perspective. Many crashes occurring around a similar 

location over a time-period could be an indication 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 Organization (Peden, 2004) summarizes key categories 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 

users or 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 vehicle related factors such as braking, handling and maintenance. 

For predicting future crash frequencies, a variety of models are used in the literature. Lord & 

Mannering, (2010) provided a comprehensive review of the characteristics of crash frequency data and 

different approaches to model crash frequency.  Key characteristics of crash data include over-dispersion, 

under-dispersion, 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 variance (Abdulhafedh, 2017). 

These regression models are generally continuous models and can produce non-integer and/or negative 
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predictions which is inconsistent with the observations. Poisson regression-based 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 under-dispersed or over-dispersed, the standard errors estimated by the 

maximum likelihood method will be biased, resulting in questionable validity of derived test statistics. 

Crash frequency data is usually over-dispersed making Poisson regression models unsuitable. Poisson-

gamma (or negative binomial) models which relax the constraint of comparable mean and variance can 

accommodate such over-dispersion in the crash frequency data. In rare cases, with smaller sample sizes, 

the mean of crash counts is substantially more than its variance. Poisson-gamma models are weak at 

handling such under-dispersed data. Poisson-lognormal models represent the under-dispersed crash counts 

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

logically appropriate distribution between Poisson-gamma and Poisson-lognormal.  

Another important characteristic of crash-count data that causes over-dispersion is that there are 

numerous locations with zero historical crash counts, resulting in excessive zeros in the crash data. Zero-

inflated Poisson and zero-inflated Poisson-gamma models are widely used to deal with such over-dispersion 

caused by excessive number of zeros (Lukusa & Hing Phoa, 2020). Though zero-inflated models exhibit 

greater flexibility, they bear the limitation of producing biased estimates due to their zero long-term means 

(Lord et al., 2005). Most models provide point estimates of crash frequency statistics. Ash et al. (2019) 

provided a comparative study of prediction intervals and confidence levels for different mixed-Poisson 

regression models. 

Crash frequency, and its underlying causes, vary between different roadway segments. This natural 

heterogeneity is accounted for by random-parameter models, however, their applicability and usage in 

practice is very limited (Anastasopoulos & Mannering, 2009). Road crashes are a result of complex 

interactions that occur between various road users and such complex interactions are inadequately modeled 

using linear models. Various researchers have used fuzzy logic-based models to predict traffic crash 
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occurrence and found that using these 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 traffic safety applications. Artificial neural 

network-based models are utilized as alternative methods for crash frequency analysis (H. Huang et al., 

2016; Pradhan & Ibrahim Sameen, 2020).  

Crashes are rare events and due to inherent stochasticity in crash occurrences, 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 important to collect 

the data over an adequate time period. The rarity of crashes and underreporting of occurred crashes results 

in a smaller sample space which is one of the key limitations of the crash frequency analysis. Another 

limitation of the crash frequency data is the bias in omitting variables. Rolison et al. (2018) found that the 

views held by law-enforcement 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 act as critical sources of errors. They may lead to inaccurate 

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

Crash Severity 

The severity of crashes is another facet of crash data analysis. Severity is defined by the most 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 (AIS) and the KABCO scale. In the United States, the KABCO scale 

was developed by the National Safety 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 apparent injury (Lawrence et 

al., 2002). Most studies on crash severity analysis aim towards identifying critical factors that affect the 

severity. The World Health Organization (Peden, 2004) summarizes key categories of critical factors 
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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 levels include 

human tolerance factors, use of safety equipment in the vehicle like seatbelts, child-restraints or helmets, 

unprotected roadside objects, vehicle-related factors such as availability of airbags, and the levels of 

substance influence. 

Given the nature of the response variable in the severity classification, a variety of discrete-outcome 

statistical models have been applied to crash severity analysis and prediction. Savolainen et al. (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 into two categories (for example, fatality versus no fatality) and multiple response 

models which classify the crash severity into multiple categories (for example, all categories from 

KABCO).  

Binary probit and binary logit models are commonly used for binary classification 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 variable in the KABCO scale, traditional ordered probability models including the ordered probit 

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

With advances in artificial intelligence-based computing solutions, recent studies have made use 

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 

hyperparameters (Iranitalab & Khattak, 2017). In comparative studies, machine learning based models 

perform better when compared to traditional models. However, inferences of variable importance from 

different methods were not always consistent (Zhang 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 traditional models. Most 
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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 analysis (Das 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 to the crash 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 rarity of crashes 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(es) to occur. A traffic conflict is an observable non-crash event that could 

have resulted in a crash if none of the involved road users made an explicit evasive maneuver to avoid the 

crash. The safety pyramid shown in Figure 1 that was presented by Hyden (1987) illustrates that crashes 

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 on the assumption that the primary causes behind both crashes and conflicts between various road 

users are exactly the same Perkins & Harris (1967) 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, many studies validated its crash prediction potential 

for roadway segments (Hyden, 1987; Hauer & Garder, 1986).  
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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 literature, Zheng et al. (2014) and Mahmud et 

al. (2017) have provided a comprehensive review of traffic conflict-based surrogate safety measures along 

with a discussion on their applicability, mathematical formulations, strengths, and weaknesses. These 

measures can be classified into four categories: temporal proximal indicators, distance-based proximal 

indicators, deceleration-based indicators, and other indicators. The most used temporal proximal indicator 

is time-to-collision (TTC). Other measures that are derived from TTC include modified-TTC (MTTC), 

time-exposed-TTC (TET), and time-integrated-TTC (TIT). Time-to-accident (TA), time-headway (H), and 

post-encroachment time (PET) are additional temporal proximal indicators. Distance-based proximal 

indicators include a potential index for collision with urgent deceleration (PICUD), proportion of stopping 

distance (PSD), margin-to-collision (MTC), difference of space-distance and stopping-distance (DSS), 

time-integrated DSS (TIDSS) and unsafe density (UD). Deceleration-rate to avoid crash (DRAC), crash-

potential index (CPI), and criticality-index function (CIF) are some examples of deceleration-based 

indicators. Finally, there are other less widely used indicators which include jerks, J-value, critical gap, 

gap-time, among others. 

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

trained field observers were employed on study sites to observe traffic and collect the conflict-related data 
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(Parker & Zegeer, 1989).  However, such data is prone to subjectivity and it is difficult to cross-validate 

the findings across field-observers (Zheng et al., 2014). This method is not only expensive but also labor 

intensive. Inconsistent approaches to train the field observers also inhibit adoption of this approach (Saunier 

& Sayed, 2007). To overcome these difficulties, many studies utilized simulation models for generating 

conflict-related data as a substitute for the field data. Gettman & Head (2003) developed ñSSAMò, a 

simulation-based tool for estimating surrogate safety measures from simulated conflicts. Many other studies 

utilized SSAM for safety analysis using microsimulation modeling (Fan et al., 2013; Huang et al., 2013; 

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

to be ñcrash-freeò and there is a lack of literature that establishes a reasonable connectivity between the 

results obtained from simulation-based conflicts studies and the field safety assessment results of roadway 

facilities. In general, simulated data does not accurately represent the real-world data since simulation 

models need to be óperfectlyô calibrated and explicitly model near-crash interactions. Moreover, simulation 

models are rarely able to represent interesting corner cases, such as erratic driving, over-speeding, failure 

to yield etc. Gettman & Head (2003) thus recommended caution while using simulation models for the 

purpose of traffic safety analysis. 

With advances in computing and sensors the use of computer vision-based techniques for traffic 

analysis have gained popularity. A state-of-the-art review by Buch 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 conflict-based safety analysis, the sensor data is first 

collected from field mounted stationary sensors and then it is processed to extract vehicle trajectories and 

other conflict-related data. Saunier & Sayed (2007) developed a methodology to extract vehicle information 

and track vehicles for extracting their trajectories using the field collected video data. Zhao et al. (2009) 

developed an algorithm to fuse the data from a network of single-row laser 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 (NGSIM) (Next Generation SIMulation Fact 
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Sheet, FHWA-HRT-06-135) project includes a public dataset that contains vehicle trajectories extracted 

using computer vision techniques. The NGSIM dataset has been widely used for conflict-based safety 

assessment, especially in cases of car-following scenarios. Vehicle trajectories are functions of vehicleôs 

state information such as their position, speed, acceleration, and other higher order derivatives like jerk. 

Extraction of vehicle state information from the sensor data is computationally expensive task and errors 

are introduced while extracting vehicle trajectories from the sensor data. The performance of most trajectory 

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

Advances in connected vehicles are expected to be a critical component in automated driving as 

they enable sharing of vehicle state information such as position, velocity, heading, and other vehicle-based 

sensor data with other vehicles and the infrastructure. Due to higher resolution and accuracy the connected 

vehicle data can address the limitations of trajectory data extracted from sensor data and can facilitate the 

analysis of complex pre-crash or pre-conflict 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 a statistical 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 phones), mood, substance influence, and the 

surrounding environment. Dingus et al. (2016) identified that in recent years that crash causation is 

dramatically shifted to driver errors. The likelihood of human error involvement in crashes increases three 

times if the driver is fatigued. Every day, on average, over 29 people die in the United States due to 

substance-influenced driving (Traffic Safety Facts, 2018). Crashes also depend on the age of the driver. 

Drivers between the ages 16 to 17 and 60 to 69 are more likely to be involved in crashes (Tefft, 2012). 

Overall, over 90% of crashes result from involvement of some driver-related 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 reduce human-errors to create a safer driving environment. Morando 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 penetration of AVs occurs. Before a significant fraction of vehicles on public roadways is dominated 

by AVs, there is a substantial period of time when human-driven and autonomous vehicles must co-exist. 

AVs are those road users which are completely new and their 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 on-board sensor suite on a connected and autonomous vehicle includes a GPS receiver, 

video cameras, LIDAR units, RADAR units, and other on-board sensors together with wireless 

communication devices. The KITTI Vision Benchmark Suite (Geiger et al., 2013) is one example of widely 

used on-board multi-sensor public dataset. Information from these new data sources has the potential to 

enhance current traffic safety assessment methods. For 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 deteriorating road conditions ahead of time using the 

data generated by other vehicles. Such applications can provide more details in causal analysis of observed 

frequency and severity of crashes. 

The following sub-sections provide an overview of current measures that are used for assessing the 

behavioral safety of autonomous vehicles when they are a part of traffic stream where some measures can 

also be used for completely manual vehicles. 

2.2.1. Number of Miles Driven Until Crash 

One way of assessing the safety of AVs is to count the number of miles driven until an AV is 

involved in a crash. Based on statistics derived from human-driven vehicles, Kalra & Paddock (2016) 

quantified the lower bound of the number of miles that would need to be driven to provide 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 involved 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 variety of companies.  

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 test-driven 24 hours a day, 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 drivers (Kalra & 

Paddock, 2016). Further, 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. Another limitation is 

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 more rigorously. An alternative is to make use of simulation models for increasing the 

number of miles driven before being involved in a crash. However, the use of simulation models for such 

safety critical applications necessitates their extensive calibration with reality. Moreover, simulation 

models can not represent ñallò situations that may occur in the real world and face problems in generalizing 

their results.  

2.2.2. Number of Miles Driven Per Disengagement 

Another measure that is widely used to assess the safety of AVs is number of miles driven per 

disengagement. According to California Code of Regulations, disengagements are ñdeactivation of the 

autonomous mode when a failure of the autonomous technology is detected or when the safe operation of 

the vehicle requires that the autonomous vehicle test driver disengage the autonomous mode and take 

immediate manual control of the vehicleò (Fraade-Blanar et al., 2018). Disengagements can be initiated by 

the AV itself, by in-vehicle 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 roads of California 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 developer (Lv et al., 2018). Over 64% of disengagements are due 

to limitations originating from perception and decision-and-control systems (Banerjee et al., 2018). The 

reasons for disengagement can broadly be divided into four macro-categories: human factors, system 

failure, external factors, and other (Favarò et al., 2018). In macro-categories, it was found that over 52% of 

disengagements were due to some sort of system failure. Over 30% were due to the involvement of some 

human factor such as intervention by safety driver and only 11% of disengagements were due to external 

factors. 

A key limitation that disengagement-based measures face is the reduction in the number of 

disengagements does not directly imply the improvement in safety.  A human driver can take over control, 

even if disengagement is not initiated by the AV, it is not approach-neutral (Fraade-Blanar 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 or 

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 includes laws that define 

how vehicles should operate on public roads. An infraction is defined as an instance when an AV violates 

one or more rules of the road. Possible violations include, 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 non-use of turn signals. It should be noted that there may be situations where it is necessary to 

violate a rule of the road to achieve a safe outcome. For example, suppose a vehicle is instructed to drive 

over the centerline by a police officer directing traffic. In that case, the vehicle should follow such 

instructions even though doing so would be a rule of the road violation (Wishart et al., 2020). 
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2.2.4. Roadmanship 

ñRoadmanship captures the ability to drive on the road safely without creating hazards and 

responding well (regardless of legality) to the hazards created by othersò (Fraade-Blanar et al., 2018). It is 

literally a measure of whether a vehicle (autonomous or human-driven) plays well with other road users. 

For human drivers, driving tests and licensing procedures assess if their driving style is fit to interact safely 

with other road users on public roads. In other words, driving tests and licensing procedures assess the 

óroadmanshipô of human drivers. 

In the case of autonomous vehicles quantifying their roadmanship is a challenging and complex 

task. The Instantaneous Safety Metric (ISM) is one way of measuring the roadmanship of AVs (Every et 

al., 2017). This approach quantifies the risk at any instant by analyzing the current surroundings to 

determine the probability of an unavoidable collision occurring. Tejada & Legius (2019) 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 

conditions on the health of the vehicleôs passengers were the hazard to occur, and the capability of the 

vehicle to avoid the hazard. Their methodology treats each interaction a vehicle has with other road user as 

potential hazards and assigns each a risk-value. The risk a hazard imposes on the vehicle is derived from 

the hazardôs likelihood, severity, and from the capability of the vehicle to avoid it.  

In Shalev-Shwartz et al. (2018) proposed a formal model called Responsibility Sensitive Safety 

(RSS) which is very close to measuring (and maintaining) roadmanship. The RSS model is based on lateral 

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 of the velocities of involved vehicles, 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 and the road surface or road 

slope and curvature (Koopman et al., 2019). However, studies have introduced strategies to address 



37 

 

 

parameter uncertainties while using the RSS model in the real world (Salay et al., 2020). Gassmann et al. 

(Gassmann et al., 2019) developed a C++ library for implementing and validating the RSS model. Ben 

Amor et al. (2019) and Hekmatnejad et al. (2019) developed case studies for monitoring RSS requirements 

on selected traffic scenarios using RSS rules encoded in temporal logic. They found that RSS is efficient 

even in heavy traffic scenarios. A systematic and automated search-based procedure for test-case generation 

for monitoring the RSS rules, was presented by Hekmatnejad et al. (2020) which generated driving 

scenarios where the controlled vehicle does not respond safely to its environment. These scenarios can be 

used for validating the performance of the RSS model. Orzechowski et al. (2019) argued that the RSS 

approach makes strong assumptions on the lateral and longitudinal behavior, whereas a worst-case 

prediction approach results in over-conservative behavior. They provided an alternative strategy that 

combines the worst-case prediction approach with the RSS approach resulting in model that benefits from 

both approaches. Finally, Nistér et al. (2019) proposed the Safety Force Field (SFF) concept that takes the 

vehicleôs understanding of surroundings and determines a set of acceptable actions.  

2.3. Existing Datasets 

ñA good algorithm is only as strong as the dataset used for verificationò ï Zyner et al. (2019).  

Historically in the field of transportation research, collecting real-world naturalistic driving data 

has been a challenging 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 often-than-not the simulated data cannot accurately represent the real-world 

data, as simulation model, would need to be óperfectlyô calibrated for each case (Gettman & Head, 2003). 

Moreover, simulation models are rarely able to represent the corner cases, such as aggressive driving, over-

speeding, failure to yield etc. Therefore, perfect calibration of simulation model with reality is not only 

challenging but likely impossible to achieve.  
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Given the boom of autonomous and connected vehicles in transportation systems, numerous studies 

collected meaningful data to 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 term óoff-boardô data denotes data collected from the sources that are located outside the 

vehicle. The sources can either be stationary and mounted on infrastructural entities, such as intersections, 

work zones etc., or non-stationary 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 from off-board sources. 

The datasets can be further classified based on the type of data publicly available. 

Vehicle Trajectories 

A vehicle trajectory is essentially a collection of time-based datapoints that provide the information 

about the movement of a vehicle including position (GPS/GNSS), heading, speed, and acceleration. Vehicle 

trajectory datasets may also contain additional information such as the type and size of the vehicle.  

The Next Generation Simulation (NGSIM) dataset (Next Generation SIMulation Fact Sheet, 

FHWA-HRT-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 cameras mounted at multiple 

locations in study corridors. This dataset contains vehicle trajectories from different locations including 

freeway and arterial settings. The Safety Pilot Model Deployment Data ("Safety Pilot Model 

Deployment,2014) provides a collection of Basic Safety Messages in addition to other details including the 

geometry of intersection(s) where the data was collected. The Multi -Modal Intelligent Traffic Signal 

Systems vehicle trajectories (MMITSS Prototype Development and Impacts Assessment Team,2015) data 

provides time-based location information from multiple vehicles equipped with connected vehicle hardware 

during data-collection. Vulnerable Road Users (VRU) Trajectory Dataset (Goldhammer et al., 2012) 
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contains the trajectories of pedestrians and bicyclists collected using a sensor suite installed near the 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 Dataset (X. Wang et al., 2011) is 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 Dataset (Krajewski et al., 2018) is another collection of videos from cameras 

mounted on drones that hovered around the study corridor. The Computer Vision and Robotics Research 

Trajectory Analysis (Morris & Trivedi, 2011), The Ko-PER Intersection Laser Scanner and Video Dataset 

(Strigel et al., 2014), Urban Tracker dataset (Jodoin et al., 2014), Idiap Traffic Junction Dataset 

(Varadarajan & Odobez, 2009), MIT Traffic Dataset (X. Wang et al., 2008), and Queen Mary University 

of London Junction and Roundabout datasets (QMUL Traffic Junction Dataset) are additional datasets that 

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

2.3.2. On-board Data 

The term óon-board dataô denotes the data collected from the vehicle-side sources. A typical sensor 

suite of ADS equipped vehicles include GPS receiver, video cameras, LIDAR units, RADAR units, and 

V2X (e.g., 5G, C-V2X, or DSRC) on-board units. Unlike off-board sources, very few datasets have been 

made available that have extracted trajectories collected from the on-board data sources. The SHRP2 

Naturalistic Driving Dataset (Transportation Research Board of the National Academies of Science. (2013). 

The 2nd Strategic Highway Research Program Naturalistic Driving Study Dataset), and the Multimodal 

Traffic Signal Systems Prototype GPS Data (MMITSS 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 captured using on-board sensor suite. 

The most widely used dataset is the KITTI Vision Benchmark Suite (Geiger et al., 2013), which is a multi-

sensor dataset having inputs from 63 beam 3600
 Velodyne LIDAR, a GPS receiver and an IMU. Similar 

datasets are developed by driving a sensor equipped vehicle through several cities, include the Udacity 

Public Driving Dataset (ñUdacity Public Driving Dataset,ò 2017), Multi-sensor traffic scene dataset with 

omnidirectional video (Koschorrek et al., 2013), the ApolloScape Open Dataset for Autonomous Driving 

(X. Huang et al., 2019), the Cityscapes Dataset for Semantic Urban Scene Understanding (Cordts et al., 

2016), the comma2k19 dataset (Schafer et al., 2018),  Brain4Cars Dataset (Jain et al., 2016), and the 

BDD100K Dataset (Yu et al., 2018). Recently, Waymo published an open-source dataset that was captured 

by multiple Waymo vehicles during their test runs. The published data includes high-resolution labelled 

sensor data along with object motion trajectories and 3D maps (Waymo Open Dataset, 2019). Finally, the 

ACFR Naturalistic Driving at Roundabouts dataset (Zyner et al., 2019) is different in the sense that it was 

developed by collecting data from a sensor-equipped vehicle parked at a stationary location.  

2.4. Chapter Conclusion and 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 and the potential negative 

consequences that may occur if safety is not ensured. Design of roadways, vehicles, and driver behavior 

are the key aspects that can impact road traffic safety. With evolving roadway and vehicle designs, traffic 

management strategies, and emerging technology, the approaches to safety assessment have evolved as 

well. As industry and public roads prepare for modern connected and autonomous vehicles, the task of 

safety assessment has become more challenging. However, the same technological advances have also 

enabled the availability of high-resolution information-rich data that 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 measures alone ï 
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but they will continue to be the ultimate measures of roadway safety. Traffic conflict-based 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 reasonably explain pre-

conflict or pre-crash sequence of events and relate it to the actual occurrence of crashes. Modern computer-

vision and sensor-based approaches are rapidly gaining wide popularity to address this challenge. In the 

future, vehicle dynamic data from connected vehicles and infrastructure have the potential to directly 

address this same challenge. 

The introduction of connected and automated vehicles brings a potential to reduce the safety issues 

caused by the human factors involved in driving. 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 viewpoint, the roadmanship based vehicle-side safety 

indicators bear a striking resemblance to some of conflict-based surrogate safety measures that are often 

used from the roadway perspective. Future research could explore the comparative analysis between and 

unification of infrastructure-side and vehicle-side safety assessment methods. For example, one could 

construct a vehicle-side roadmanship based approach that uses one or more of the conflict-based surrogate 

safety measures such as TTC or PET, instead of only the lateral and longitudinal safe distances as proposed 

by the RSS model. Similarly, frequency of violations of RSS-based lateral and longitudinal safe distances 

between different vehicles surrounding an infrastructure facility such as intersections could be correlated 

with the number of crashes that have historically occurred in the intersection. Connected vehicle data could 

be the most cost-effective way to measure and monitor traffic safety since it requires minimal post-

processing to extract the vehicle trajectory data. As the market penetration of connected vehicles grows, 

research is needed to leverage connected vehicles' rich and accurate data for traffic safety assessment. 
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3. Data Capture System Description 

This chapter describes the system developed to capture the high-fidelity data for traffic safety 

assessment. The system is made available for open-source usage. It is deployed at the intersection of Daisy 

Mountain Drive and Gavilan Peak Parkway, Anthem, Arizona (hereafter referred as the ñstudy 

intersectionò). The study intersection is the anchor intersection of the Connected Vehicle corridor 

developed by the University of Arizona Transportation Research Institute in collaboration with Maricopa 

County Department of Transportation (MCDOT) under the SMARTDrive ProgramSM. Currently, parts of 

the system are also being deployed in the remaining intersections of SMARTDrive ProgramSM program 

corridor, the statewide video analytics project of the Institute of Automated Mobility (IAM), and other 

connected vehicle projects, including the City of Portland ï Connected Streetcars project and the City of 

Tucson ï SPaT Challenge project. 

3.1. Data Sources 

3.1.1. V2X-Communication Environment Data Sources 

The advent of V2X-Communication (vehicle-to-everything) technology has enabled an opportunity 

to develop data-driven applications that can potentially transform the mobility and safety of the vehicular 

traffic. In this research, Dedicated Short Range Communication (DSRC) is used for the V2X-

Communication which provides a reliable and low-latency mode of communication. Other technologies 

including Cellular V2X (C-V2X), 5G, and Bluetooth Low Energy (BLE), are also under development and 

experimental usage. The Society of Automotive Engineers (SAE) has developed a standard SAE-J2735 that 

provides structure and details of various messages exchanged between connected vehicles, other road users, 

and connected infrastructure. Messages complying with SAE-J2735 (2020) standard are encoded using 

Unaligned Package Encoding Rules (UPER) of the Abstract Syntax Notation One (ASN.1). For this 

research, three standard messages are used which are described in this subsection: 
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Basic Safety Message (BSM) 

Basic Safety Messages (BSMs) are broadcast by on-board units (OBUs) of connected vehicles at a 

frequency of 10 Hz. A BSM payload contains the state information of the connected vehicle at the instant 

of its broadcast. Information in the BSM can be categorized in part-I (core data) and part-II (optional 

extension). OBUs utilized for this research broadcast the following information from the part-I of BSMs, 

which is collected by the system described in Section 3.2 : 

1. Timestamp 

2. Message count  

3. Vehicle identification number (temporary ID) 

4. Latitude 

5. Longitude 

6. Elevation 

7. Speed 

8. Heading 

9. Length 

10. Width 

Additional information that could be available in the near future includes: 

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 

standards (SAE-J2945, 2017). Positioning errors thresholds referenced in SAE-J2945 (2017) require that 
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vehicle positions broadcasted in BSMs must be within 1.5 meters 68% of time. There is an ongoing research 

in developing high-accuracy positioning techniques that can support the broadcast of BSMs. A pilot study 

conducted by New York Connected Vehicle Pilot reported promising results achieving sub-meter location 

position accuracy, which is over 275% more accurate than comparable GNSS solutions (Leonard et al., 

2018). However, additional research is required to analyze the impacts of the frequency of applied 

positional corrections and used calibration techniques. 

Using the ñpositional accuracyò information that connected vehicles could broadcast in the future, 

real-time decisions can be made about whether or not to trust and store a particular data point. The expected 

accuracy of connected vehicles makes it a reliable data source that can be used for critical applications such 

as road traffic safety assessment. Further, the information available from BSMs are not limited to attributes 

describing the position and motion of the vehicle. Attributes such as steering wheel angle, the status of 

vehicle transmission, and status of brakes provide rich information that can directly contribute to traffic 

safety assessment quality. 

Figure 2 shows the collection of vehicle positions extracted from BSMs broadcast by connected 

vehicles and captured by the infrastructure at the study intersection. Note that one of MCDOTôs connected 

vehicles left the road as it approached the intersection from the west to provide study support and does not 

indicate an errant vehicle path. Also, 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. 



45 

 

 

 

Figure 2: Vehicle trajectories extracted from Basic Safety Messages (BSMs) 

Intersection Map Data (MAP) 

Intersection Map Data (MAP) messages are broadcast by each connected intersection at a frequency 

of 1 Hz. A MAP payload contains information about the geographic extents of an intersection or roadway, 

relative travel directions of various intersection approaches (inbound, outbound, etc.), connections between 

various intersection lanes, lane-traffic-signal phase association, and other road information such as local 

speed limits. For this research, the content of the MAP message is developed using the USDOT Connected 

Vehicle ISD Message Creator (Connected Vehicle ISD Message Creator, 2016). Figure 3 shows the 

visualization of the MAP data for the study intersection. 
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Figure 3: Visualization of intersection map data developed using USDOT Connected Vehicle ISD Message Creator Tool 

Signal Phase and Timing (SPaT)  

Connected intersections broadcast Signal Phase and Timing (SPaT) messages at a frequency of 10 

Hz. The SPaT message represents the dynamic information about the intersectionôs signal indications. At a 

minimum, a SPaT payload contains the following information: 

1. Timestamp 

2. Message count 

3. Intersection identification number 

4. Regional identification number 

5. Intersection status 

6. The current state of each active vehicle and pedestrian traffic signal phases,  

7. Minimum and maximum end times for respective phases,   
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The study intersection is equipped with a National Transportation Communications for Intelligent 

Transportation System (ITS) Protocol (NTCIP) compliant traffic actuated signal controller that provides 

the raw SPaT information that is processed (see Section 3.2.2) before it is broadcast over the wireless 

communication channel. Figure 4 shows the visualization of the minimum and maximum end times of 

various states of a single phase at the study intersection. 

 

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 vehicles provide 

enormous amount of information related to driving behavior and vehicle interactions. However, the 

currently limited market penetration of connected vehicles results in insufficient data that can be used for 

statistical analysis in the real world. Therefore, in this research, feasibility of extracting vehicle trajectories 

from optical data collected from intersection mounted detector and surveillance video cameras, drone-
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mounted video cameras, and temporarily deployed LIDAR sensors is explored. Experimental data from 

these sources was collected and processing for extraction of trajectories is underway in collaboration with 

colleagues from Arizona State University (ASU), Northern Arizona University (NAU), Intel Corporation 

as part of IAM, and other third-party vendors1. 

Intersection-mounted Video Cameras 

The study intersection uses a video-based 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 following the Real-time Streaming Protocol (RTSP). The study intersection 

is equipped with four detector video cameras where each camera is associated with a unique inbound 

approach of the intersection. An example of single video frame from each detector camera overlayed with 

applicable SPaT information is shown in Figure 5. It can be seen in Figure 5, most areas of the intersections 

box are observable by at least one detector camera. However, there are some blind-spots which are not 

covered by the field-of-view (FOV) of any detector camera mounted at the intersection. To capture events 

occurring in these areas 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 controls to observe any possible blind spots in the intersection box. An example video frame 

from the surveillance camera is shown in Figure 6. Section 3.2.2 explains the procedure for capturing video 

frames from fixed cameras and associating the applicable SPaT information with each captured frame.  

 

1 The scope of the research described in this dissertation is limited to collection and storage of the supplementary data. 

The extraction of vehicle trajectories from the optical data is out of scope of this research. For more details on 

trajectory extraction using video camera data, see Appendix A and Lu et al., "CAROM - Vehicle Localization and 

Traffic Scene Reconstruction from Monocular Cameras on Road Infrastructures", IEEE 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 infrastructure-mounted video cameras for safety 

analysis are: (1) such cameras already exist in many locations and do not require new investment, and (2) 

since infrastructure-mounted cameras are available for use throughout the day so they can be used to capture 

data for long periods. Since conflicts are rare events, the data collected over more extended periods is 

essential to capture occurred events. 

Drone-mounted Video Camera 

Detector cameras being fixed at a particular location suffer the limitations related to the field-of-

view (FOV) and occlusions ï where certain objects may not be visible if behind another (larger) object. 

Further, as vehicles navigate through intersections, they need to be tracked separately and reidentified as 

they appear in the FOV of different cameras. To overcome the limitations of fixed cameras drone-mounted 

video cameras were used to capture the bird-eye view of the intersection (or roadway segment). The near 

perpendicular orientation relative 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 perspective (Altekar et al., 2021). Figure 7 shows an example video frame captured by a drone-

based video camera. 
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Figure 7: Example video frame captured by drone-mounted video camera 

Flying time of drones are limited and is dependent on the power capacity. As a result of limited 

flying time of drones, drone-based cameras have limited ability to capture rare events. Also, drones are 

relatively expensive to operate and require licensed operators which add to their limitations. 

LIDAR Sensors 

As discussed earlier, each detector camera only captures image data from a unique inbound 

intersection approach. While this configuration serves its purpose of detecting vehicles for actuated signal 

control, tracking vehicles across several camera views to capture trajectories requires significant 

coordination and may suffer from shadows and occlusions. It is challenging to measure the distance of 

vehicles from the camera location to accurately estimate their position and speeds. Drone-based video 

cameras address some of these limitations, however, limited time-of-flight for drones limits the potential 

of such cameras for long term usage. Additionally, camera sensors are passive sensors, i.e., they rely on 
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ambient light to capture the video frames. The reliance on ambient light brings additional limitations in 

the estimation of position, speed, and acceleration. 

A LIDAR sensor is an active sensor that sends 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 light. Since lasers are highly directional, angular resolution is very fine. Scanning 

the laser in azimuth and elevation allows the sensor to form a three-dimensional (3D) representation of the 

scene providing accurate measurements of distance to the detected object. However, shading occurs when 

a single LIDAR is used to illuminate a vehicle from one side of the intersection. This limitation introduces 

uncertainty about the vehicleôs true boundary. Large vehicles can obscure smaller vehicles leaving them 

undetected by the LIDAR. This problem can be resolved using multiple LIDAR units illuminating the 

traffic scene from multiple observation points (although it must be noted that this solution is applicable to 

other sensor modalities). Considering the advantages and limitations of using LIDAR sensors, for this 

research, three solid-state LIDAR sensors were temporarily employed during the data collection events, 

each on different corners of the intersection. In this research, the scope was limited to the collection and 

storage of the LIDAR data. Parallel efforts by research collaborators are underway that focus on extracting 

vehicle trajectories from the LIDAR data. An example image from the collected LIDAR data is shown in 

Figure 8.  



53 

 

 

 

Figure 8: LIDAR sensor mounting locations at the study intersection 

 

Figure 9: Multiple LIDAR units linked together to form a single point -cloud image 



54 

 

 

Comparison of Supplementary Data Sources 

 Table 1 provides a comparative summary of benefits and limitations of each of three supplementary 

data sources either permanently or temporarily deployed at the study intersection.  

Table 1: Comparison of supplementary data sources 

Data Source Benefits Limitations  

Connected Vehicle 

Data 

(1) High accuracy  

(2) In addition to trajectories, other 

vehicle state information such as 

steering angle and brake pedal 

status are also available 

(3) Commitment from automobile 

OEMs to include in future vehicles 

(1) Currently limited market 

penetration of connected 

vehicles 

 

Infrastructure-based  

fixed cameras 

(1) Unlimited operational time 

(2) Easily scalable 

(3) Ease in integrating data with 

automated analysis software 

(4) No moving parts 

(1) Limited field of view and 

viewing angle 

(2) Subject to occlusion 

(3) Requires prior installation 

(4) Reliance on ambient lighting 

conditions 

Drone-based cameras (1) Near-perpendicular viewing angle 

(2) Larger coverage 

(3) Flexibility to capture data from 

safety critical spatial zones 

(1) Limited operational time that 

depends on the flying time 

supported by drone batteries. 

(2) Requires skilled human pilot. 

(3) Safety and regulatory concerns 

about flying drones over live 

traffic. 

(4) Reliance on ambient lighting 

conditions 

Infrastructure-based  

LIDAR 

(1) Unlimited operational time 

(2) Relative ease in obtaining point-

clouds. 

(3) Independent of the ambient lighting 

conditions. 

(4) Vehicle location and shape can be 

extracted with higher accuracies 

(1) Higher cost 

(2) May involve rotating or 

mechanical components with 

limited lifetime. 

(3) Proprietary software suite is 

generally required for data 

processing, which may not be 

openly available. 
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3.1.3. Measurement Uncertainties in Video-based Data Sources  

The primary motivation of the research described in this dissertation is to develop a safety 

assessment framework that can utilize the high-accuracy information-rich connected vehicle data. However, 

due to currently limited market penetration of connected vehicles the data from supplementary sources were 

collected as described in the previous subsection 3.1.2 to assess its usability towards traffic safety 

assessment. This subsection explores the errors that may have been introduced the measured data to when 

measured using supplementary data sources. 

Using the data capture system described later in this dissertation, a pilot dataset from the field was 

captured using two types of offboard camera-based sensors: (1) infrastructure-based detector cameras, and 

(2) a drone-mounted camera. To represent the near-ground truth, data was also collected from a test vehicle 

equipped with a high accuracy on-board differential GPS unit with an acquisition rate of 100Hz and 

positioning accuracy within ±10 cm. The test vehicle and its path during data collection are shown in Figure 

10. 

 

Figure 10: Overview of test setting used for error analysis 

During the test data collection, the GPS data, videos from infrastructure-based cameras, and video 

from the drone were synchronized with a programmable flashlight connected to the GPS data logger which 

was triggered as the test vehicle was passing through the intersection such that the flash could be observed 
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in the videos. The test vehicle passes through the area covered by the infrastructure-based camera in 

approximately 12 s, which allows the camera to generate 338 individual measurements on 338 video frames. 

Corresponding measurements from the GPS data and the tracking results with the drone video were 

selected. Different positions of the test vehicle (white sedan) at different example times during the test are 

shown in Figure 11, where the vehicle travels eastbound approaching the study intersection.  

 

Figure 11: Test scenario for measurement uncertainty analysis 

Position Measurement Errors 

Vehicle positions, using both, video data from infrastructure-based detector cameras and videos 

from drone-based cameras, are measured using segmentation masks obtained from trained algorithms (see 

Appendix A). Figure 12 shows a comparison of measured positions (in fixed local coordinate system) of 

the test vehicle 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 vs. Easting) system, errors in measured positions can be 

decomposed into its two directional components: (1) errors in measured Northing and (2) errors in measured 

Easting. Figure 13 (a) shows their distribution for the detector camera-based measurements, Figure 13 (b) 

shows the same for the drone camera-based measurements, and Table 2 shows the descriptive statistics of 

their distributions. 

 

Figure 13: Distribution of position measurement errors 
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Table 2: Descriptive statistics of position errors 

Camera Detector Drone 

Errors (m) Northing Easting Northing Easting 

Mean -0.326 -0.249 -0.467 -0.057 

Standard 
Deviation 

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 

From Table 2, it can be seen that the errors in position measurements are smaller and more precise 

when measured using drone-based cameras as compared to when measured from detector-cameras. In both 

types of position measurements, the mean and median of errors is negative for both directions (northing 

and eastings). This indicates that the estimated vehicle positions could be more towards the southwest 

direction as compared to when measured using GPS. 

Velocity Measurement Errors 

In the trajectory extraction toolchain, the velocity is measured using a different approach (optical 

flow) independent of the position measurements (see Appendix A). Figure 14 shows the comparison of 

velocity measurements for two sensor modalities and near-ground truth representation. Figure 15 (a) shows 

the distribution of measurement errors for velocities measured using the detector cameras, Figure 15 (b) 

shows the same when measured using drone-based cameras. Table 3 shows the descriptive statistics of their 

distributions. 



59 

 

 

 

Figure 14: A Comparison of velocities of the test vehicle measured using different sensors 

 

Figure 15: Distribution of velocity measurement errors 
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Table 3: Descriptive statistics of velocity 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 the Figure 15 and Table 3, it can be seen that the errors in velocities measured using drone 

cameras are smaller and much precise as compared to detector cameras. Overall, the vehicle localization 

and velocity measurement results from all three different types of measurement methods seem to largely 

agree with each other. In general, for both camera-based methods, the average location errors are below 1 

meter and the velocity measurement errors are, on average, lower than 1 m/s. The velocities measured using 

videos from drone-based cameras are very close to the values measured using ground truth data. This means 

the localization, tracking, and velocity estimation results appear promising with respect to meeting the 

accuracy requirements for further tasks such as computing the traffic safety assessment metrics introduced 

later in this research. 

3.2. Data Capture System Architecture 

Figure 16 shows the architecture of infrastructure side system for collecting data from V2X 

communication and other supplementary sensor sources. The system consists of a multi-modal sensor suite 

that includes a combination of fixed traffic detection video cameras, an actuated traffic signal controller, 

V2X communication unit (for example, roadside unit - RSU) and roadside processor, 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 data storage space on the roadside processor, a local data store located at the transportation management 

center (local database), and a cloud-based computational infrastructure ï CyVerse that facilitates the 

storage, distribution, and computational resources for analysis and visualization of the data.  

BSMs broadcast by connected vehicles surrounding an intersection are received by the intersection 

RSU and are forwarded to the intersection coprocessor for further processing and storing. The intersection 

coprocessor also receives raw SPaT data from the signal controller. The required information from the raw 

data is extracted and stored in the intersection coprocessor. Depending on the network availability, BSM 

and SPaT data logs stored on the intersection coprocessor are transferred to the local database at configured 

times. Again, depending upon the network availability, the files are transferred from the local database to 

CyVerse, at configured times. Video frames from various intersection mounted fixed cameras are collected 

on the same local server that hosts the local database. Collected video frames are transferred to CyVerse, 

at the end of the video data collection. Finally, the data collected from other temporarily deployed sensors: 

drone-based video camera and LIDAR sensors are manually uploaded to CyVerse, at the end of each 

planned data collection event. 
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3.2.1. Scalability Considerations 

The data capture and transfer system is designed to be easily scaled to more intersections that are 

equipped with similar sensor suites. All software components managing the flow of the data are 

encapsulated using software containerization technology (Docker). Containers for new intersections can be 

created with minimal configuration process. The infrastructure side container can either be deployed locally 

on each intersection coprocessor or on an edge server on the network (for example, the server hosting the 

local database) which can host multiple containers representing individual intersections. When containers 

are deployed on a single edge server, the health of the network plays more critical role in the system. The 

method of containerization also helps in ensuring that identical software components are deployed at each 

intersection in both, field and simulated environment.  

Currently, the part of the system that collects the V2X communication data is deployed in eight 

other intersections of the Connected Vehicle study corridor of SMARTDrive ProgramSM , and is also being 

deployed in other connected vehicle project sites mentioned earlier. 

3.2.2. Intersection-side Software Components 

 Different software components that run inside the intersection coprocessor are responsible for 

different tasks in the data processing and storage pipeline. This subsection provides details of the 

responsibilities and their workflow. Figure 17 shows the interaction between various software components 

that run on the intersection coprocessors. Note that Figure 17 also shows the flow of additional message 

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

component (Priority Request Server) that processes/produces these messages. These additional messages 

are captured by the system however, their usage is outside the scope of this research. 
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Figure 17: Software components in the intersection coprocessor 

Message Decoder and Message Encoder 

 Message Decoder and Message Encoder are components of the Message Transceiver group of 

applications. RSUs are configured to forward the BSMs received over wireless networks to the Message 

Decoder. It extracts the payload from the received message packet and first identifies the type of the 

received messages. Then it extracts the required information from the payload depending upon the message 

type and structures the information in the JSON formatted strings. The JSON strings are then forwarded to 

Trajectory Aware for further processing. 

 The Message Encoder component is responsible for receiving JSON formatted strings of various 

messages (for example, SPaT message on the infrastructure side), encoding them into a UPER payload, 

creating a message packet complying with USDOT/FHWA RSU 4.1 Specifications, and finally sending the 

developed message packet to the RSU for wireless broadcast. 

 In addition to responsibilities described above, Message Decoder and Message Encoder also 

maintain a count of decoded and encoded messages, respectively. Both components send a summary of 

message counts to the V2X Data Collector for logging. 
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Trajectory Aware 

 The Trajectory Aware component is responsible for fusion of the BSM and the MAP data. For each 

JSON formatted BSM, Trajectory Aware calls appropriate methods 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 current lane 

5. Distance to the stop bar 

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

string is then forwarded to the V2X Data Collector component for storage.  

MAP SPaT Broadcaster 

NTCIP-1202 standard compliant actuated signal controllers stream the current raw SPaT 

information in the form of binary large object (BLOB) to a network node defined in the signal controller 

configuration. MAP SPaT Broadcaster is an intersection side application that is deployed on this network 

node. It extracts the status of each of the vehicle- and pedestrian- phases 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 change for each of the 

vehicle- and pedestrian- phase. This information is packed into a JSON string and forwarded to the Message 

Encoder for wireless broadcast and is also forwarded to the V2X Data Collector component for storage. 

Finally, MAP SPaT Broadcaster packs a list of states of each signal phase in another JSON string and sends 

it to the SPaT State Observer component located on the server hosting the local database. 

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

permissive yellow intervals that left-turn phases may undergo. MAP SPaT Broadcaster internally identifies 
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phases timing permissive yellow intervals based on the status of corresponding through split phases and 

makes required adjustments to the SPaT data before formulating the JSON string and forwarding it to the 

Message Encoder. 

V2X Data Collector 

As described in earlier, various software components forward JSON formatted information to V2X 

Data Collector for storage. Upon receipt of JSON formatted information, the V2X Data Collector 

application identifies the information type and stores them into a respective comma-separated value (CSV) 

formatted file for further analysis. The data suppliers for V2X Data Collector on intersection coprocessors 

are summarized in the Table 4. 

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 and at every restart on 

vehicle coprocessors. When new data files are created, the old data files are archived on the same device in 

a different location in the file system. 

3.2.3. Server-side Software Components 

Software components deployed on the networked server are described in this section. The server 

requires communications with intersections of interest.  
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V2X Data Transfer 

The V2X Data Transfer application facilitates the transfer of data files between intersections, local 

data servers, and cloud-based cyber infrastructure (CyVerse). This application can either be hosted on 

intersection coprocessors or on the local data server. When hosted on the intersection coprocessor, the V2X 

Data Transfer can push the data files to the server using secured file transfer. If hosted on the local server 

(that has connectivity to the internet as well as intersections), V2X Data Transfer can perform following 

tasks: 

1. Pull data files from multiple intersections sequentially and store them locally, using SFTP, 

every day at a configured time (HH:MM) - and delete the copy stored on intersections. 

2. Push the locally stored data files to CyVerse (sequentially for each intersection) 

using iCommands, every day at a defined time (HH:MM) - and delete the copy stored on the 

server (Supported on Linux-based platforms only). 

The data transfer event is scheduled to be executed every day at a time 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 transfer process 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 deployment of the system, V2X Data Transfer is hosted on the network server and 

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

Video Data Collector and SPaT State Observer 

The Video Data Collector and SPaT State Observer components run on the same server that hosts 

the local database. The Video Data Collector captures video frames streamed by intersection mounted fixed 

cameras (detector and surveillance) and stores it in the appropriate format for later usage. Before storing, 

the following overlays are added to each frame: 

https://learning.cyverse.org/projects/data_store_guide/en/latest/step2.html
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(1) Timestamp of receipt 

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

The status of applicable through and left-turn phases is read from the file maintained by the SPaT 

State Observer. The SPaT State Observer receives this information from the MAP SPaT Broadcaster 

component running in the intersection coprocessor. 

3.2.4. Vehicle-side Software Components 

A subset of software components described in earlier section are also deployed on vehicle side 

coprocessors to record the data from the vehicleôs perspective. Though most components behave in similar 

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

explained in this subsection. Figure 18 shows the architecture of various software components that run on 

the vehicle coprocessors. Note that Figure 18 also shows the flow of additional message types: Signal 

Request Message (SRM) and Signal Status Message (SSM), and additional software components: Priority 

Request Generator and HMI controller that produce/process these messages. These additional messages 

are captured by the system however, their usage is outside the scope of this research. 

 

Figure 18: Software components in the vehicle coprocessors 

Message Decoder and Message Encoder 

 On vehicle coprocessors, Message Decoder receives the message packets containing SPaT, MAP, 

or host and remote BSM data from OBUs. Upon extraction and decoding of message payload, BSM and 
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SPaT messages are directly sent to the V2X Data Collector for storage, whereas MAP payloads are stored 

on the coprocessor for use by other applications. 

V2X Data Collector 

 Though the workflow of V2X Data Collector is identical when running on either intersection or 

vehicle coprocessors, the suppliers of 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 summarized in Table 5. 

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 

The Data Compressor component is intended to run on the vehicle side coprocessors, but it can run 

on infrastructure coprocessors as well. It manages the impacts on host storage capacity due to collected 

data. The Data Compressor compresses the archived data directories stored in the vehicle coprocessor to 

create smaller archives. Also, if the storage space is running low (below 1 gigabyte), the Data Compressor 

deletes the old data archives - the older ones are deleted first, till sufficient storage space frees up. 

3.2.5. Simulation-related Software Components 

The currently limited market penetration of connected vehicles results in insufficient data that can 

be used for meaningful experimentation and statistical analysis in the real world. Although, supplementary 

data sources such as video cameras or LIDAR sensors can be used for extracting BSM like information to 

formulate vehicle trajectories, the use of these sources involve a significant amount of processing. For the 
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purpose of safety assessment methodology development, a simulated system is used to collect data for 

analysis and framework development. 

 

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 software-in-the loop (SIL) signal controller developed by Econolite, Inc. was 

used to simulate field traffic signal controllers. The firmware behind the SIL signal controller is the identical 

to the one used in field signal controllers. Figure 19 shows a snapshot from the microscopic simulation 

model of the study intersection. 

The simulation platform requires three additional software components: (1) Driver Model, (2) 

Simulated BSM BLOB Processor, and (3) Message Distributor. The architecture of the simulated data 

capture system is shown in Figure 20. Note that the Simulated BSM BLOB Processor and Message 

Distributor applications are encapsulated in a separate container that can communicate with all simulated 

intersection-specific containers. 
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Figure 20: Architecture of Simulated Data Collection Platform 

Driver Model and Simulated BSM BLOB Processor 

External driver model dynamic link library (DLL) is used to 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 configured to use 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, in real-time. Note that the information can 

be packed in any other data-structure, for example Java-script 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 in 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 simulation 

4-11 Temporary Id uint_64 Vehicle's unique identifier 
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12-13 SecMark uint_16 SecMark 

14-17 Latitude int_32 10000000 * Latitude in decimal degree 

18-21 Longitude int_32 10000000 * Longitude in decimal degree 

22-25 Elevation int_32 100 * Elevation in meter 

26-27 Speed uint_16 100 * Speed in meter 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 WGS-84 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 

separately calculated in the DLL before packing the BLOB. VISSIM passes the coordinates of the vehicleôs 

front end and the rear end in the local planer coordinate system of the simulated network. The heading of 

the vehicle is computed as follows: 

ὼ  ὼ-coordinate of the vehicleôs front end (available from VISSIM) 

ώ  ώ-coordinate of the vehicleôs front end (available from VISSIM) 

ὼ ὼ-coordinate of the vehicleôs rear end (available from VISSIM) 

ώ ώ-coordinate of the vehicleôs rear end (available from VISSIM) 

ὼ  ὼ-coordinate of the vehicleôs center  

ώ  ώ-coordinate of the vehicleôs center  

Ὠὼ ὼ ὼ  

Ὠώ ώ ώ  
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Vehicleôs local coordinates are transformed into the WGS-84 coordinate system using 

transformations following from (Farrell & Barth, 1998): 

(1) WGS-84 to earth-center-earth-fixed (ECEF) 

(2) Local (ENU) to ECEF 

(3) ECEF to WGS-84 

The Simulated BSM BLOB Processor receives the BLOBs generated by the external driver model 

DLL and unpacks them to extract the vehicle state information. The extracted information is structured in 

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

Message Distributor 

In the field deployment of the described system, Roadside Units (RSUs) and On-board Units 

(OBUs) perform the function of wireless broadcast of generated messages, where individual RSUs are 

mounted on intersections and individual OBUs are installed in vehicles. However, while simulating 

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 wired-route 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 from somewhere outside their range.  

The Message Distributor application is designed to address the range-limited message distribution 

requirements in the simulation environment. It receives decoded BSMs from the Simulated BSM BLOB 

Processor and distributes them to each of the configured intersection containers if the haversine 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 each vehicle type in 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 of the time. However, there exists a slim 

possibility of package drops (Bai & Krishnan, 2006). The Message Distributor also allows to randomly 

drop packets based on the configurable probability. 

3.3. Chapter Conclusion and Discussion 

This chapter described the system developed to capture data from modern data sources. 

Architecture-level and software-component level description of the system was provided. The mechanism 

of transferring the data collected from the field to a cloud-based cyber infrastructure was discussed. Due to 

the currently limited market penetration of connected vehicles, there is a challenge of collecting sufficient 

data for developing the safety assessment framework. To address this challenge, supplementary data 

sources were explored and extensions of the data 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 chapter. In general, the simulation platform provides a reasonable quality 

of data to develop the safety assessment framework. However, the data generated by simulation models are 

generally ñtoo perfectò. They are not inherently prone to errors, due to which such data are different from 

the ones collected from the field using communication methods or sensors. Further, traditional simulation 

tools are primarily designed to be ñcrash-freeò. There is a lack of literature that establishes reasonable 

connectivity between the results obtained from simulation-based conflicts studies and the field safety 

assessment results of roadway facilities. Also, simulated data does not accurately represent the real-world 

data since simulation models need to be óperfectlyô calibrated and explicitly model near-crash interactions. 

Simulation models are rarely able to represent interesting corner cases, such as erratic driving, over-
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speeding, failure to yield, presence of occlusions, and in-vehicle noise levels. Gettman & Head (2003) thus 

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

The system described in this chapter is a foundational system that collects data from a variety of 

connected vehicle and supplementary data sources. The system is tested for its reliability and robustness. 

The collected data complies with national standards such as SAE-J2735, SAE-J2945, and NTCIP-1202. 

Though the market penetration of connected vehicles is currently limited, given the active collaboration 

between automobile manufacturers and infrastructure owner-operators, the rise of connected vehicles is 

expected in the next decade. However, slow changes in the industry such as wireless spectrum reallocation 

and technology shifts may impact the timeline of the wide-scale appearance of connected vehicles on public 

roads.  
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4. Conflicts-based Safety Assessment Metrics 

Crash frequency and crash severity are the most direct metrics for assessing the safety of vehicle 

traffic. However, these measures are reactive, i.e., one must wait for sufficient crashes to occur to analyze 

the roadway safety using these metrics. Crashes are a relatively rare phenomena compared to the smooth 

interactions between road users, the sample space for the crash data is very small. One must wait 

considerably long periods of time to collect the data to yield statistically significant observations for traffic 

safety assessment. Finally, law enforcement officers capture the crash data while documenting the crash 

occurrence. The method of data collection makes the crash data inherently subjective. Unsafe roadway 

segments can be identified using the crash data, but it is challenging to identify the causal sequence of 

events occurring right before the crash occurrence.  

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 evasive maneuver to avoid a crash. Indirect metrics 

discussed in this chapter are based on conflicts whose occurrence is more frequent than that of crashes, 

though still infrequent compared with safe interactions. All metrics discussed in this chapter can be 

computed using trajectories of vehicles. 

 From this chapter onwards, the term ego vehicle (ego) represents the subject vehicle of interest 

whose behavior is of primary interest. The term adversarial vehicle (adv) represents the vehicle that interacts 

with the ego vehicle while traveling on shared roadway segments. Consider two types of vehicle 

interactions commonly termed unsafe in the traffic safety literature: through/left turn interaction and car-

following interaction. Figure 21 illustrates the interaction of ego vehicle and adv vehicle while navigating 

through the study intersection. The left portion of Figure 21 shows the through/left turn interaction between 

two vehicles in space in the intersectionôs local coordinate system. The origin of the local coordinate system 

of the intersection coincides with the center of the intersection. The x-axis of this coordinate system 

represents the northing, and the y-axis represents the 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, and the adv vehicle (green 

trajectory) makes the eastbound through movement. The point marked by a yellow star is the conflict point, 

i.e., the intersection of ego vehicle and adv vehicle trajectories. If 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 of Figure 21 shows the time-space diagram of the interaction between ego vehicle and 

adv vehicle. The x-axis in this diagram represents the time axis, and the y-axis represents the distance to 

the conflict point of each vehicle along its trajectory. The ego vehicle distance is negative and the adv 

vehicle distance is positive. The vehicles begin to decelerate at times t1 and t2 respectively. 

 

Figure 21: Through/Left -turn interaction  

Figure 22 illustrates the interaction between the ego vehicle and the adv vehicle when the ego 

vehicle follows the leading adv vehicle during car-following interaction. Similar to Figure 21, the left 

portion of Figure 22 shows the interaction between ego vehicle and adv vehicle in space, in the 

intersectionôs local coordinate system. In the case of the car-following interaction, suppose that the ego 

vehicle does not make an explicit maneuver (evasive action) to avoid a crash. In that case, a crash could 

have occurred at any point in the set of conflict points (conflict line) depending on the motion behavior of 

interacting vehicles. The conflict line, in this case, begins when the leading vehicle decelerates, and the 
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following vehicle starts responding by initiating an evasive action by decelerating. When 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 ends. In the left portion of Figure 22, 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 Figure 22 shows the time-space diagram of the car-following interaction and the location of the 

conflict line. 

 

Figure 22: Car-following interaction 

In general, trajectories of vehicles are functions of their state variables ï position, velocity, 

acceleration, and time. Consider the simplest scenario shown in Figure 23, where a single vehicle moves 

for ί meters from time ὸ to ὸ . 

 

Figure 23: Simple scenario of a moving vehicle 
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The motion of the vehicle can be described using the following parameters. 

ὼ ί  Displacement along the path (m) 

ὼ ὺ  Initial Velocity at time ὸ (m/s) 

ὼ ὺ  Velocity at time t (m/s) 

ὼ ὥ Acceleration (m/s2) 

ὸ  Time (s) 

Vehicle state = Ὢὼȟὼȟὼȟὸ  

The function Ὢ captures the dynamics of the vehicle in the operating environment. Two 

fundamental equations of motion can describe the shape of trajectories and parameters introduced of 

vehicles:  

╪
▀○

▀◄
  implies ○ ○ ╪◄  (1) 

○
▀●

▀◄
  implies  ▼ ○◄ ╪◄ 

(2) 

 

 

Figure 24: A simple car-following scenario 

 Consider a scenario where two vehicles ï ego vehicle (ὩὫέ and adversarial vehicle ὥὨὺ travel 

in a straight path as shown in Figure 24. In this case, a conflict or a collision occurs when either of Equation 

(3)-(5) hold, i.e., when the braking distance of ὩὫέ is equal to or more than the sum of the initial distance 
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between ὩὫέ vehicle and the ὥὨὺ vehicle, and the braking distance of ὥὨὺ during the same time (Ozbay et 

al., 2008). 

▼▄▌▫ ▼◄
▄▌▫

 ▼◄
╪▀○ ▼╪▀○ (3) 

Suppose that Ўὺ ὺ ὺ , Ўί ί  ί , Ўὥ ὥ ὥ . In that case, rearranging 

Equation (2) and Equation (3): 

○
▄▌▫
◄ ╪▄▌▫◄ Ў▼◄ ○╪▀○◄ ╪╪▀○◄ (4) 

Ў╪◄ Ў○◄ Ў▼◄        
(5) 

Equations (3)-(5) represent conditions to avoid a collision. Several surrogate safety metrics based 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) as ñthe time required for two vehicles to 

collide if they continue at their present speeds and on the same path.ò 

Based on the definition, the formulation for TTC can be derived by considering ὥ ὥ π, i.e., 

Ўὥ  ὥ ὥ π in Equation (5): 

╣╣╒
Ў▼

Ў○

▼
▄▌▫

▼╪▀○

○
▄▌▫

○╪▀○
 (6) 

Figure 25 illustrates the TTC for through/left-turn (left portion) and car-following interaction (right 

portion) introduced at the beginning of the section. Note that Equation (6) and Figure 25 assume that both 

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

following interaction 

TTC is defined after the conflict and can more aptly be utilized in posterior traffic safety 

assessment, i.e., when the entire trajectories of the involved vehicles are available for analysis and the 

dynamics of vehicles are embedded in their trajectory data. Smaller values of TTC indicate the increased 

likelihood of a potential crash. While using TTC for safety analysis, it is necessary to choose a critical 

threshold value of TTC that can distinguish critical interactions from relatively safe interactions. Critical 

values of TTC are studied by many authors in the traffic safety literature, which 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 research uses 1s as a critical threshold value for safety analysis using 

TTC. 

4.2. Post-encroachment Time 

The post-encroachment time (PET) is another conflict-based metric that can be used for posterior 

safety analysis. Allen et al. (1978) first introduced the PET as a traffic safety indicator. It is defined the 

difference between the time when ego vehicle reaches the conflict point and the time when adv vehicle 



81 

 

 

reaches the conflict point. Figure 26 illustrates the PET for through/left-turn (left portion) and car-following 

(right portion) interaction. 

 

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

following interaction 

Decreasing values of PET indicate the increased likelihood of potential crash occurrence. 

Typically, values of PET that are less than 2.25 seconds occurrence of conflicts (Qi et al., 2020). This 

research uses 2s as a threshold for recognizing a violation of PET during an unsafe interaction. 

4.3. Modified Time to Collision 

The usage of the TTC is appropriate for posterior analysis since the dynamics of interacting vehicles 

are embedded in the trajectory. Suppose 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 that case, TTC is inadequate since 

the computation of TTC assumes that the dynamics of interacting vehicles are embedded in their respective 

trajectories. In a priori analysis, if ὥ ὥ π, i.e., when Ўὥ ὥ ὥ π, the conflict may 

occur only when ὺ  ὺ . Table 7 summarizes other cases when a conflict may occur, summarized 

initially by Ozbay et al. (2008). 
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Table 7: Possible car-following cases that may or may not result in a conflict 

○ Ў○  ○
▄▌▫

○╪▀○  Ў○  ○
▄▌▫

○╪▀○  

╪  ╪╪▀○  ╪╪▀○  ╪╪▀○  ╪╪▀○  ╪╪▀○  ╪╪▀○  

╪
▄▌▫

 P C C P C P 

╪
▄▌▫

 P P P I P I 

╪
▄▌▫

 P C C I C I 

Notations: C = Conflict occurs; P = Possible conflict; I = Impossible conflict 

When Ўὥ π, solving Equation (5) yields two possible roots ὸ and ὸ: 

ὸ
Ў  Ў ЎЎ

Ў
 and ὸ

Ў Ў ЎЎ

Ў
 

Further, if ὸȟὸ πȡ ὓὝὝὅ
ὸ  Ƞ    ὭὪ ὸ ὸ
ὸ  Ƞ    ὭὪ ὸ ὸ

 

If ὸ π ὥὲὨ ὸ πȡ ὓὝὝὅὸ ; otherwise, if ὸ π ὥὲὨ ὸ πȡ ὓὝὝὅὸ 

 MTTC explicitly considers the actual acceleration/deceleration parameters of interacting vehicles 

instead of being embedded in their trajectories. Therefore, it can be used in a priori analysis, for example, 

to provide suggestions to the vehicle path controllers to make safe movements. Similar to TTC, this research 

uses a 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 

that case, smaller values of TTC and MTTC indicate an increased crash potential since there might not be 

enough time for the driver of the ego vehicle to respond and take evasive actions such as applying brakes 

or change lanes to avoid a crash. Since different drivers may have different reaction and response times, 

the crash potential also depends on drivers' reaction and response times. In car-following scenarios, the 
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response time of the driver of the following (ego) vehicle is essential. In contrast, in intersection crossing 

scenarios, the response times of drivers of both interacting vehicles are critical to consider. The ego and 

adv vehicles may have different acceleration/braking values during different time intervals of the 

conflicting interaction. Consider two different time intervals, where ” is the reaction or response time: 

1. During the reaction or response time ὸ ” 

2. After the reaction or response time ὸ ” 

Consider the simplest case where values of acceleration/braking during these intervals are either 

known or approximately constants. For the car-following interaction, where the ego vehicle follows the adv 

vehicle, Figure 27 shows different intervals in the interaction period.  

 

Figure 27: Car-following interaction with response time 

Accounting for response times of the ὩὫέ vehicle in Equation (3), the term ί  can be decomposed 

into the distance traveled by the ὩὫέ vehicle during the response time (ί in Figure 27) and the braking 

distance traveled by the ὩὫέ vehicle after the response time (ί in Figure 27). During the response time 

”, the ὩὫέ vehicle may have positive value of acceleration (ὥ ). Assuming ὥ  is constant during the 

response time ”: 

ί ὺ ” ὥ ”   (8) 

The resulting velocity (ὺ )  of the ὩὫέ vehicle at the end of the response time ” can be 

computed using Equation (1).  
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ὺ ὺ + ὥ ”   (9) 

 After the response time, the ὩὫέ vehicle starts decelerating ὥ π to avoid a crash. In the 

worst case, it will need to reach a complete stop to avoid a collision (final velocity = 0). The time ὸ 

required for the ὩὫέ to reach complete stop can be computed using Equation (1): 

π  ὺ ὥ ὸ   

Solving for ὸ, 

ὸ  and since  ὥ π 

ὸ
ȿ ȿ

      

The distance traveled by the ὩὫέ vehicle before it comes to a complete stop can be computed by substituting 

the value of ὸ in Equation (2): 

ί ὺ ὸ ὥ ὸ ὺ
ȿ ȿ

ȿὥ ȿ
ȿ ȿ ȿ ȿ

  

Substituting the value of ὺ  from Equation (9): 

ί
+ 

ȿ ȿ
  (10) 

During the interaction, the ὥὨὺ vehicle travels with negative acceleration (deceleration), i.e., 

ὥ π. In the worst case, the adv vehicle may come to a complete stop. The distance traveled by the 

ὥὨὺ before it comes to a complete stop (i.e., to reach final velocity = 0 and initial velocity = ὺ ) can be 

computed using Equation (1) and Equation (2).  

Using Equation (1), the time ὸ required for the ὥὨὺ to reach complete stop: 

π  ὺ ὥ ὸ         
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Solving for ὸ,  

ὸ  and since  ὥ πȟ 

ὸ
ȿ ȿ

      

The distance traveled by the ὥὨὺ vehicle before it comes to a complete stop can be computed by substituting 

the value of ὸ in Equation (2): 

ί ὺ ὸ
ρ

ς
ὥ ὸ ὺ

ὺ

ȿὥ ȿ

ρ

ς
ȿὥ ȿ

ὺ

ȿὥ ȿ

ὺ

ςȿὥ ȿ
 (11) 

Now, reconsider Equation (3). A collision would occur when the ego vehicle would travel more than the 

adv vehicle during braking : 

ί ί  ί ί   

Using the decomposed travel distances from Equations (8), (10), and (11), 

ί ί ί  ί ί  

ί  ί ί ί ί  

Therefore, for defined values of ὥ , ὥ , and ὥ ,  a collision could be avoided if the initial distance 

ί  ί   between two interacting vehicles is more than ί ί ί . Substituting the values of ί, 

ί, and ί from Equations (8), (10), and (11), respectively: 

ί  ί ὺ ” ὥ ”
+ 

ȿ ȿ ȿ ȿ
 ; (12) 

Under this condition, a collision can be avoided regardless of the values of ὥ , ὥ , and ὥ . If we 

consider the worst-case that may occur during the interaction, where: 
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(a) ὥὨὺ vehicle applies brakes with its maximum capability, i.e., ὥ ὥ ȟ   

(b) during the response time ”, the ὩὫέ vehicle may accelerates with its maximum capability, i.e., 

ὥ ὥ ȟ  

(c) after response time ”, the ὩὫέ vehicle can decelerate only with its minimum braking capability, 

i.e., ὥ ὥ ȟ .  

In this situation, the collision could be avoided if the initial distance between interacting vehicles 

is more than the quantity specified in Equation (13): 

ί  ί  ὺ ” ὥ ȟ ” ȟ

ȟ ȟ
 (13) 

Equation (13) is the minimum safe longitudinal distances for car-following situations 

recommended by Lemma 2 of the responsibility sensitive safety (RSS) model proposed by Shalev-Shwartz 

et al. (2018). 

In cases of through/left turn interactions within an intersection, the ὩὫέ vehicle and the ὥὨὺ vehicle 

travel towards a conflict point that lies on the intersection of individual travel paths of involved vehicles. 

In such cases, the response times of both the ὩὫέ vehicle and the ὥὨὺ vehicle are critical. Suppose the ὩὫέ 

vehicle desires to make a left turn and the ὥὨὺ vehicle desires to go through the intersection simultaneously, 

as illustrated in Figure 28. 
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Figure 28: Through/Left -turn  interaction with response time 

 

In this case, the distance traveled by the ὩὫέ vehicle during the interaction would be the same as 

that of computing in the case of car-following interaction ί ί , where both ί and ί are computed 

along the travel path of the ὩὫέ vehicle. However, the distance traveled by the ὥὨὺ vehicle need to be 

decomposed into ί  and ί , where: 

ί  Distance traveled by adv during its response time ” ὺ ” ὥ ”        (14) 

ί  Braking distance traveled by adv after the response time ”
+ 

ȿ ȿ
        (15) 

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

ί ί  ί ί   

In this case, the ὩὫέ vehicle and the ὥὨὺ vehicle both travel towards the conflict point but not in the same 

direction. Therefore, the collision would occur when: 

ί ί  ί ȿί ȿ  
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Thus, to avoid a collision for given values of ὥ , ὥ , ὥ , and ὥ : 

ί  ί  > ί ȿί ȿ 

Since, ί  can be decomposed into  ί and  ί, and ί  can be decomposed into ί  and ί , 

ί  ί  > ί  ί ί ί  

Substituting the values of ίȟ ίȟί  and ί  from Equations (8), (10), (14), and (15), respectively,  

ί  ί ὺ ” ὥ ”
 

ȿ ȿ
ȿὺ ȿ” ὥ ”

ȿ ȿ 
  

In general, consider Equation (1),  

ὺ ὺ ὥὸ      

Solving for ὥ, 

ὥ    

Substituting the value of ὥ in Equation (2),  

ί ὺὸ ὸ       

Rearranging terms: 

ί ὸ  

Therefore, ί and ί  can be written as follows: 

ί
 

 ” ; 

ί
ȿ |+ȿ |+ 

 ”  
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Therefore, to avoid a collision for given values of ὥ , ὥ , ὥ , and ὥ  :  

ί  ί  
ὺ ὺ  ὥ ”

ς
 ” 

ὺ  ὥ ”

ςȿὥ ȿ

ȿὺ |+ȿὺ |+ ὥ ”

ς
 ”

ȿὺ ȿ ὥ ”

ςȿὥ ȿ
 

(16) 

Finally, if this condition is true, a collision can be avoided regardless of given values of ὥ , ὥ , 

ὥ , and ὥ . Consider the worst-case situation that may occur when:  

(a) During ”, both vehicles accelerate with maximum capability, i.e., ὥ ὥ ὥ ȟ . 

(b) After ”, both vehicles can brake only with minimum capability, i.e., ὥ

ὥ ȟ ȟ   ÁÎÄ ὥ ὥ ȟ  where ὥ ȟ ȟ   is the minimum braking 

capability of the vehicle that has the right of way.  

Therefore, to avoid a collision even when the worst-case interaction occurs, reconsider Equation 

(16) with values of ὥ , ὥ , ὥ , and ὥ  during the worst-case situation: 

ί  ί
ὺ ὺ ὥ ȟ ”

ς
 ”

ὺ ὥ ȟ ”

ςȿὥ ȟ ȿ

ȿὺ ȿ ȿὺ ȿὥ ȟ ”

ς
 ”

ȿὺ ȿὥ ȟ ”

ςȿὥ ȟ ȟ ȿ
 

  

(17) 

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

common point recommended by Lemma 3 of the RSS model proposed by Shalev-Shwartz et al. (2018).  

RSS provides a safe threshold for distances between two vehicles involved in interaction by 

considering the worst-case scenario. Multiple studies provided bounds for parameters used in RSS for safe 

distance calculation when used by vehicle controllers (Liu et al., 2021; Xu et al., 2021). Table 8 summarizes 

the values of parameters used in the research presented in this dissertation. 
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Table 8: Parameters for computing RSS recommended minimum safe distances 

Parameter ὥ ȟ  ὥ ȟ  ὥ ȟ ȟ  ὥ ȟ  ” 

Value 3.5 m/s2 5 m/s2 4 m/s2 8 m/s2 0.5s 

Note that using RSS, an unsafe situation can be identified without a threshold, i.e., if the actual 

distance between two interacting vehicles is less than the RSS recommended distance. 

4.5. MaxS and DeltaS 

The higher values of the maximum of the observed speeds of interacting vehicles (MaxS) and 

maximum relative speeds of interacting vehicles (DeltaS) both indicate higher severity had the vehicles 

been collided (Gettman & Head, 2003). The values of MaxS and DeltaS can be used to calculate the 

momentum values using the mass of involved vehicles. Therefore, it can provide better estimates of the 

collision's severity had it occurred (Shelby, 2011).  

4.6. Initial Deceleration Rate 

Deceleration is a form of evasive action taken by either or both vehicles involved in a conflict. The 

initial deceleration rate (IDR) is a measure that can indicate the higher probabilities and severity of 

collisions. IDR represents an occurrence of a hard-braking event, which also indicates a near-miss 

(Yakkundi et al., 2016) or crash occurrences (Desai et al., 2021). A study conducted by Hunter et al. (2021) 

showed a statistically significant correlation between hard-braking events and the historical crash data. 

Different thresholds to distinguish hard-braking events from regular decelerations. This research uses 3.5 

m/s2  as a threshold value to identify hard braking as a form of evasive action, and 2.5 m/s2 as a threshold 

for IDR violations. 

4.7. Effect of Measurement Errors on Metrics Computation 

As described in Section 3.1.3, the values of position and velocity of vehicles measured using 

supplementary data sources are prone to errors. With connected vehicle data, much lesser errors are 

expected in velocity and position reported by vehicles through broadcasted BSMs. In this subsection, the 
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impact of measurement errors on the computation of metrics is explored. Subsequent potential impact on 

traffic safety assessment are discussed. 

Out of metrics discussed in this chapter, IDR is directly dependent on the acceleration 

measurement, for which the measurement errors are currently unavailable.  Since MaxS and DeltaS are 

directly measured using the velocity measurements, the impact of velocity measurement errors these 

metrics are straightforward. TTC, MTTC, and RSS safe distances are functions of measured quantities. The 

impact of measurement errors on their computation is not very straightforward and thus it discussed in the 

following subsections. For each of these metrics, an example scenario is described. Using the descriptive 

statistics of measurement errors discussed in Table 2 and Table 3 in Section 3.1.3, Monte-Carlo simulations 

(sample size=100,000) were constructed for the described scenario in two cases: (1) when measured using 

the video data collected from detector cameras and (2) when measured using the video data collected from 

drone-based camera. Results from the Monte-Carlo simulations were used to derive the resulting 

distribution of the computed metric  

4.7.1. TTC 

Measurable parameters for TTC computation are the location and velocities of both interacting 

vehicles. To analyze the impact of uncertainties in the measured parameters, consider a generalized scenario 

described in Figure 29, where the ego vehicle follows the leading adv vehicle. In this case, the distances 

from the known conflict point, ί  and ί , represent the location of vehicles.  ί  and ί  are 

functions of measured quantities ὼ ȟώ  and ὼ ȟώ , respectively.  
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Figure 29: Car following scenario with measurement errors 

Consider the following scenario: 

ὼ ȟώ π ȟςυ ί ςυ ά  

ὼ ȟώ π ȟυ ί υ ά 

ὺ ρσ άȾί and ὺ ς άȾί. 

In this case, the actual value of TTC is calculated as described in Section 4.1. 

ὝὝὅ
Ў

Ў
ρȢψς ί.  

For the described scenario, Figure 30 (a) and Figure 30 (b) illustrate approximate distributions of 

computed TTC in presence of position and velocity measurement errors discussed in Section 3.1.3, when 

measured using detector camera data and the drone camera data. Table 9 summarizes descriptive statistics 

of resulting distributions. In Figure 30, the first observation is that the errors in measured TTC are much 

smaller if they are computed using the data extracted from drone-based video data as compared to detector 

camera video data. Red vertical lines in both Figure 30 (a) and Figure 30 (b) indicate the true value of TTC 
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for the scenario under consideration, in absence of errors. Black vertical lines indicate the value of chosen 

threshold (1.5 seconds ï see Section 4.1).  

 

Figure 30: Distribution of TTC measured using (a) detector camera data and (b) drone-based camera data 

(threshold=1.5s) 

Suppose that the measured value of TTC using detector-camera data is less than the threshold value 

of TTC (to the left of the black line in Figure 30 (a)). In that case, a false violation of TTC would be 

recorded. From Figure 30 (a), it can be seen that such false alarms of TTC violations may occur about 7.3% 

of times (area to the left of black line in Figure 30 (a)) . In all other cases, a true violation of TTC would be 

recorded. In case of drone data such false alarms would be extremely unlikely to occur.  

Consider another case presented in Figure 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 selected threshold value (2 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 in Figure 31(a). In case of drone data such misdetections would also be 

extremely rare. 

 

Figure 31: Distribution of TTC measured using (a) detector camera data and (b) drone-based camera data (threshold=2s) 

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

TTC 

Measurement 

(seconds) 

True Value 

Resulting Distribution (Normal Approximation)  

Mean 
Standard 

Deviation 
Minimum  Maximum Median 

Detector 

Camera 
1.82 1.855 0.286 1.140 4.527 1.814 

Drone-based 

Camera 
1.82 1.816 0.029 1.704 1.946 1.816 

 

4.7.2. MTTC 

A critical difference between TTC and MTTC is that MTTC considers the effect of the current 

acceleration/deceleration of interacting vehicles. However, with the system described in this research, the 

acceleration of interacting vehicles is not directly observable, and therefore the measurement errors for 

acceleration are unknown. Therefore, to study the effect of unknown uncertainties while computing MTTC, 
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analysis is performed by isolating errors in acceleration measurement and assuming that the parameters 

other than acceleration are known with zero errors. Suppose that the errors in acceleration measurement are 

normally distributed with parameters N(0,0.5). Now reconsider the scenario presented in Section 4.7.1, with 

additional values for the acceleration of both interacting vehicles. 

ὼ ȟώ π ȟςυ ί ςυ ά  

ὼ ȟώ π ȟυ ί υ ά 

ὺ ρσ άȾί and ὺ ς άȾί. 

ὥ πȢυ άȾί and ὥ ρȢυ άȾί. 

In this case, the actual value of MTTC can be calculated as described in Section 4.3 as ὓὝὝὅ

ρȢφω ί. Figure 32 shows the resulting distribution of MTTC in presence of assumed errors in acceleration 

measurement for the described scenario, where all other quantities are known. Table 10 shows the 

descriptive statistics of resulting distribution of MTTC. 

 The black vertical line in Figure 32 indicates the selected threshold of 1.5 seconds (see Section 

4.3) and the red vertical line indicates the true value of MTTC for the scenario considered. For the selected 

threshold of 1.5 seconds, the chance of a false alarm of MTTC violation would be very rare (area to the left 

of black line in Figure 32). 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 of the resulting distribution of MTTC  

Quantity True Value 

Resulting Distribution (Normal Approximation)  

Mean 
Standard 

Deviation 
Minimum  Maximum Median 

MTTC (s) 1.69 1.696 0.082 1.447 2.306 1.689 

4.7.3. RSS: Car-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 described in Figure 29, where the ego vehicle follows the leading 

adv vehicle and consider the following case where: 

ὺ ρσ m/s and ὺ ς m/s 

Using the values of RSS parameters discussed in Section 4.4, i.e., ὥ ȟ τ m/s2 ; ὥ ȟ τ 

m/s2 ; ὥ ȟ ψ m/s2 ; ” πȢυ s. 
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In this case, the actual value of Ὀ σσȢψψ ά  can be calculated using RSS equations discussed in Section 

4.4. 

For the described scenario, Figure 33 (a) and Figure 33 (b) illustrate approximate distributions of 

computed RSS longitudinal safe distances in presence of position and velocity measurement errors 

discussed in Section 3.1.3, when measured using detector camera data and the drone camera data. 

Descriptive statistics of resulting distributions are summarized in Table 11. 

 

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

detector cameras and (b) drone-based cameras 

The first observation from Figure 33 is that the errors in measured RSS longitudinal safe distances 

are much smaller if they are computed using the data extracted from drone-based video data as compared 

to detector camera video data. Red vertical lines in Figure 33 (a) and Figure 33 (b) indicate the true value 

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 

car-following interaction is more than the true value of RSS distance (to the right of the red line in Figure 
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33) but less than the measured value of the RSS distance. When the data from drone-cameras is used for 

measurements, 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 car-following interaction is less than the true value of RSS distance (to the left of the red 

line in Figure 33) 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 detector-based cameras. 

Table 11: Descriptive statistics of the resulting distribution of RSS longitudinal minimum distance ï car-following 

RSS 

Measurement 
True Value 

Resulting Distribution (Normal Approximation)  

Mean 
Standard 

Deviation 
Minimum  Maximum Median 

Detector 

camera data 33.88 34.577 4.739 16.435 58.154 34.428 

Drone camera 

data 33.88 33.48 0.508 31.247 35.752 33.48 

 

4.7.4. RSS: Through/Left-turn 

Measurable parameters for computation of RSS longitudinal safe distance in cases of through/left-

turn interactions are velocities of both interacting vehicles. To analyze the impact of measurement errors in 

the measured parameters, consider the following case where two vehicles approach towards a common 

conflict point: 

ὺ ρυ m/s and ὺ ρυ m/s 

ὥ ȟ ȟ τ m/s2 ; ὥ ȟ υ m/s2 ;ὥ ȟ τ m/s2 ; ὥ ȟ ψ m/s2 ; ” πȢυ s ;  

In this case, the actual value of D can be calculated using RSS equations discussed in Section 4.4 as  

Ὀ χωȢπ m 
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For the described through/left-turn scenario, Figure 34 (a) and Figure 34 (b) illustrate approximate 

distributions of computed RSS longitudinal safe distances in presence of position and velocity measurement 

errors discussed in Section 3.1.3, when measured using detector camera data and the drone camera data. 

Descriptive statistics of resulting distributions are summarized in Table 12. 

Observations for computing RSS distance for through/left turn interactions are similar to the 

observations in the case of car-following scenario. The errors in measured RSS longitudinal safe distances 

are much smaller if they are computed using the data extracted from drone-based video data as compared 

to detector camera video data. Red vertical lines in Figure 34 (a) and Figure 34 (b) indicate the true value 

of RSS longitudinal safe distance for the described through/left-turn scenario.  

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

car-following interaction is more than the true value of RSS distance (to the right of the red line in Figure 

34) but less than the measured value of the RSS distance. When the data from drone-cameras is used for 

measurements, 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 car-following interaction is less than 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 detector-based cameras. 



100 

 

 

 

Figure 34: Resulting distribution of RSS longitudinal minimum distance ï through/left -turn: when measured using (a) 

detector cameras and (b) drone-based cameras 

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

RSS 

Measurement 
True Value 

Resulting Distribution (Normal Approximation)  

Mean 
Standard 

Deviation 
Minimum  Maximum Median 

Detector 

camera data 79.0 80.620 6.855 52.690 112.945 80.501 

Drone camera 

data 79.0 78.145 0.73 74.882 81.328 78.146 

 

4.8. Chapter Conclusion and 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 metrics is analyzed in the chapter. 
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TTC, PET, MTTC, and RSS are based on the identical equations of motion and crash avoidance 

conditions. They essentially measure the same phenomenon ï the likelihood of collisions in different 

situations and with different levels of detail. TTC and 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 vehicles, they can 

also be used in a priori analysis, where RSS considers the worst-case scenarios. MaxS, DeltaS, and IDR are 

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

interacting vehicles. 

 

Figure 35: Relationship between TTC, PET, and initial distance 

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

vehicles that RSS could recommend in a car-following scenario. Consider the first case (red trajectory) 
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where the following vehicle maintains Ὠ  from the preceding vehicle and the second case (brown 

trajectory) where the following vehicle maintains Ὠ Ὠ  from the preceding vehicle. If 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.  

Errors in the measurement of parameters describing the vehicle's state can result in significant 

errors in the metrics computation as seen Section 4.7 of this chapter. The measurements taken using data 

extracted from drone-based video cameras were much closer to the true values of computed metrics and 

have a lesser impact on the traffic safety assessment. However, due to limited flying times of drones, drone-

based cameras may not be able to capture rare safety-critical events such as conflicts. Detector cameras 

have the advantage of having the ability for continuous safety monitoring. However, current algorithms that 

extract vehicle state information from collected data need substantial improvement to be suitable for traffic 

safety assessment. Other sensors can be used to improve the accuracy of measured parameters. For example, 

LIDAR sensors can be used for accurate position measurement and RADAR sensors can be used for 

accurate velocity measurements. However, these sensors are expensive to deploy compared to detector 

cameras that are already deployed in most intersections in the United States. Also, as the market penetration 

of connected vehicles increases, the connected vehicle data can replace the data extracted from the sensor 

suite. Since connected vehicle data is much more accurate than video-based information extraction 

methods, it bears a strong potential to be useful in the traffic safety assessment once its significant market 

penetration is reached. 
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5. Information Extraction and Analysis 

The information required for computing safety assessment metrics needs to be extracted from the 

collected data. This chapter describes the information available in the collected raw data and sequential 

processing steps to extract vehicle trajectories and metrics-based safety-critical information for two 

commonly occurring unsafe interactions between road users: (1) through/left-turn interactions and (2) car-

following interactions. After the description of processing steps, the analysis and interpretations of extracted 

information are discussed. 

5.1. Simulation Experiment Design 

In the field, the system described in Chapter 3 collects the connected vehicle data along with data 

from the supplementary sources described in Section 3.1.2. However, currently, there are limited number 

of on-road 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 supplementary data. 

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 actual safety assessment, 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 Section 3.2.5.  

Figure 36 shows the aerial snapshot and the structure of the study intersection. The study 

intersection is comprised of four inbound (red) and four outbound (yellow) approaches. Each approach is 

comprised of two or more lanes. Each inbound approach allows through, left-turn and right-turn 

movements. Through and left-turn 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 associated with through movements.  
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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 is 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.  

 

Figure 36: Aerial snapshot and structure of the study intersection 

5.1.1. Simulation of Through/Left-turn Interactions 

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

(1) protected-only left turns,  

(2) protected-permissive left turns, 

(3) permissive only left turns. 
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In protected-only left turns, a separate dedicated signal indication is allocated for left-turning 

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 protected-only left-turn movements are allowed, the signal control 

restricts the movement of other conflicting vehicles or pedestrians.  

Observed improvements in intersection capacity and efficiency have expanded the usage of 

protected-permissive left-turn strategy over the years. This strategy uses a combination of protected signal 

indications followed by a permissive signal indication or vice-versa where permissive signal indications 

are followed by protected signal indications. 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 with lower demand for left-turning movements and opposing 

through movements, permissive-only signal indications are often employed (Arafat et al., 2021).  

Though permissive left turns show benefits in improving the mobility of signalized intersections, 

they also increase the potential for vehicle-vehicle and vehicle-pedestrian conflicts and crashes. There are 

a disproportionate number of crashes that include left-turning vehicles. The common rationale behind these 

types of crashes are driver judgement errors in selecting a sufficient gap in the opposing traffic, misjudging 

of the opposing vehicle's speed, and the location and presence of visibility issues. A study published by 

National Highway Traffic Safety Administration (Choi, 2010) showed that over 22.2% of all crashes in the 

United States from 2005 to 2007 involved left-turning vehicles. The demand for each left-turning movement 

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

For safe and efficient signalized intersection control, distinguishing safe permissive left-turn 

movements from unsafe ones is necessary. The information extracted from the data collected using the 

system described in this research provides an opportunity to distinguish unsafe left-turn movements from 

safer left-turn movements that could benefit from using a protected-permissive 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 uses protected-permissive strategy for serving all left-turn movements. A 

snapshot from the simulation model of the study intersection is shown in Figure 37 that illustrates an 

example of unsafe interaction between a southbound through moving (white) vehicle and a northbound left-

turning (red) vehicle during a permissive left-turn interval. The simulation model of the study intersection 

uses the identical signal timing plan that is deployed on the field. To compare the safety and mobility 

impacts of allowing permissive left-turn movements, two variations of the simulation model were 

developed. The first variation simulates the strategy that is currently used in the field where all left turn 

movements protected-permissive. In the second variation, the left-turn movements were protected-only. 

Other simulation parameters such as intersectionôs geometric configuration, vehicle volumes, turning 

movements, signal timing plan, vehicle composition and speed limits were kept identical in both variations 

of the simulation model. 

 

Figure 37: Simulation of unsafe situations in VISSIM ï Through/Left Turn Scenario 
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To determine the warmup period of the simulation following two aspects were considered: 

(1) Traffic signal controller warmup: The traffic signal controller warms up during the first cycle of 

signal control which approximately lasts for 120 seconds. During its warm-up period the signal 

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

vehicles or pedestrians in the simulation. 

(2) Steady state vehicle volume: The number of vehicles present at any one time on the network is used 

as observed variable to determine the warm-up period. Figure 38 shows the variation of number of 

vehicles in the simulation network. The Welchôs moving average method is used with window size 

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

network reaches the steady state. Figure 39 shows the time when the number of vehicles in the 

simulation reaches the steady state. 

 

Figure 38: Determination of warm-up time for the simulation ï (Raw Data) 
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Figure 39: Determination of warm-up time for the simulation ï (Window size = 20Seconds) 

 With above two considerations, the warm-up time of the simulation was chosen to be 10 minutes 

(600 seconds). Five replications of both variations were simulated, where each replication was run for two 

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 left-turn movement) was collected from VISSIM to assess the mobility impacts of allowing permissive 

left-turn movements. 

5.1.2. Simulation of Car Following Interactions 

Though conflicts are more frequent than crashes, they are still rear events compared to undisturbed 

interactions between interacting vehicles, as seen from the safety pyramid shown earlier in Figure 1. In car-

following situations, one vehicle may safely follow a leading vehicle without safety issues. Suppose the 

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 always 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. In this simulation model, a ñjaywalkingò 

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 roadway. Figure 40 shows the spatial location of this area and an example of an unsafe 

situations between a leading (yellow) vehicle and the following (black) due to an entry of a pedestrian on 

the rowadway.  

 

Figure 40: Simulation of unsafe situations in VISSIM ï Car Following Scenario 

To analyze the significance of factors that influence the frequency of occurrence of unsafe car-

following situations, full factorial experiment design was developed. 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 in Table 13. 

Table 13: Factors and levels for car-following experiment design 

Factor Unit  Level Quantity 

Volume vehicles/hour 
- 1000 

+ 1250 

Link Speed  
kilometer per 

hour  

- 50 

+ 70 

Time 

Headway 
second 

- 0.9 

+ 2 
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To determine the required number of replications, a pilot simulation study was constructed by 

running five replications of one of the design configurations: volume=(-), speed=(-), headway=(+). Number 

of conflict occurrences were identified using the procedure described later in Section 5.4.1. Results from 

the pilot simulation study are summarized in Table 14. 

Table 14: Results from the pilot simulation study 

Replicate Conflicts Mean 
Standard 

Deviation 
♪ ▪ ◄▪ ȟ

♪ ▐ 

(95%) 

CI 

(upper) 

CI 

(lower) 

1 25 

16 5.788 0.05 5 2.776 7.187 23.187 8.813 

2 13 

3 10 

4 14 

5 18 

The observations from the pilot study were utilized to determine the approximate number of 

replications required to reduce the half-width of the 95% confidence interval to a fair number (Ὤ = 5). If ὲ 

and Ὤ respectively represent the number of replications and half-width obtained from the pilot study and 

Ὤ represents the required half width the approximation suggested by Kelton et al. (2015) to compute the 

required number of replications ὲ and its results are as follows: 

ὲ
ὲὬ

Ὤ

υ χȢρψχ

υ
ρπȢσσ 

Therefore, ten replications for each design configuration were run to analyze the full factorial 

design of experiments. BSMs were collected from each replication for assessing the traffic safety and 

identify unsafe roadway locations. 

5.2. Trajectory Data 

From the collected BSM data, vehicle trajectories can be developed. Each 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 

The Trajectory Aware component described in Section 3.2.2 utilizes the information from the BSM 

data point in association with the Map-Engine library to locate the vehicle on the intersectionôs MAP. After 

locating the vehicle on the MAP the following information is added to the BSM data point.  

(7) Position on Map: ñinboundò, ñoutboundò, or ñinsideIntersectionBoxò 

(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 associated with the vehicleôs current lane 

(11) Distance to stop bar: The distance between the vehicleôs current position and the stop bar of 

the intersection. If the vehicle is on an inbound approach, the distance to the stop bar decreases 

as it approaches the intersection. If the vehicle is in the outbound approach, the distance to stop 

bar increases as the vehicle travels away from the intersection. When the vehicle is inside the 

intersection box, the distance to stop bar is negative and it decreases as the vehicle approaches 

the outbound approach. 

Figure 41 illustrates the information available in a BSM datapoint processed by Trajectory Aware. 
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Figure 41: Information available from the BSM datapoint processed by Trajectory Aware 

Note that Trajectory Aware processes each data point individually before it is stored. Once the data 

collection completes, entire trajectories of all vehicles are available for analysis. At this stage, two 

additional attributes are identified for each vehicle: 

(12) Trajectory Signal Group: The signal group of the vehicle when it was last located on an inbound 

lane of 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 travelled by the vehicle between each 

successive datapoint. Suppose that Ὠὼ is the distance travelled by the vehicle during the time 

between Ὥ ρ  and Ὥ  datapoint. In that case, the distance travelled by the vehicle along 

its path is computed as В Ὠὼ for ὲ points. Figure 42 illustrates the computation of the 

distance travelled along its path.  
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Figure 42: Illustration 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 

data. 

5.3. Through/Left -turn Interaction s 

In through/left-turn interaction, an unsafe situation may occur when a left-turning vehicle and a 

through-moving vehicle from a conflicting lane (and signal group) enter the intersection and both vehicles 

travel towards the conflict point simultaneously. Conflicting signal groups for each left-turn signal group 

in the study intersection are shown in Table 15. Conflicting signal groups can also be visualized from the 

Figure 36. 

Table 15: Conflicting signal groups in the study intersection 

Left Turn  

Signal Group 

Conflictin g 

Signal Group 

1 2 

3 4 

5 6 

7 8 
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5.3.1. Safety-Critical Information Extraction 

Once conflicting signal groups are known, the following steps are executed to extract safety critical 

information about through/left-turn interactions from the collected data. 

(1) Identify interacting pairs: An interacting pair is a pair of vehicles where one vehicle attempts 

a left-turn maneuver and another vehicle from the conflicting signal group attempts a 

through movement maneuver at the same time. Note that not all interacting pairs may have 

been involved in a conflict. 

(2) Identify conflicting pairs: 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. 

(3) Identify the conflict point and the distance to the conflict point: 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 identified, the distance to the conflict point at 

each time point during the interaction for each vehicle in the pair is calculated. 

(4) Record IDR: IDR is the initial deceleration by the vehicle that makes an evasive action 

during the interaction. If both vehicles made an evasive action during the event, the 

minimum of IDR for each vehicle is recorded as the IDR for the event. 

(5) Record PET:  The difference between the time when one vehicle from the pair reaches the 

conflict point and the time when the next vehicle in the pair reaches the conflict point is 

recorded as the PET for the event. 

(6) Record TTC: For each vehicle that made an evasive action, the time at which the vehicle 

made an evasive action is recorded. Using the velocity of that vehicle at the time of evasive 

action, its projected arrival time at the conflict point is computed. The difference between 

projected arrival times of two vehicles in the pair is recorded as the TTC for the event. If 
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one vehicle in the pair did not make an evasive action during the interaction, the actual time 

of its arrival at the conflict point is used for the computation of TTC. 

(7) Record MTTC: For each timepoint in the interaction, MTTC is computed as described in 

Section 4.3. The minimum MTTC over all timepoints is recorded as the MTTC for the event. 

(8) Record RSS Safe Distance and RSS-Difference: For each timepoint in the interaction, RSS 

Safe Distance is computed as described in the Section 4.4. Also, the actual distance between 

the two interacting vehicles along their paths at the timepoint under consideration is 

calculated. The RSS-Difference, that is the difference between the RSS recommended safe 

distance and actual distance between interacting vehicles along their path is computed for 

each timepoint. The minimum RSS-Difference over all timepoints is recorded as the RSS-

Dif ference for the event. 

(9) Record MaxS: The maximum of velocities attained by interacting vehicles during the 

interaction is recorded as the MaxS for the event. 

(10) Record DeltaS: At each timepoint in the interaction, the difference between velocities of 

two interacting vehicles (DeltaS) is recorded. The maximum DeltaS over all timepoints is 

recorded as the DeltaS for the event. 

Further details of the procedure explained above are provided in Algorithm 1 in Appendix B. 

5.3.2. Analysis and Discussion  

For exploratory analysis, using the data collected from both variations of the simulation model all 

interactions were extracted in which vehicles from conflicting signal groups were simultaneously present 

inside the intersection box. In none of the replications of protected-only simulation such interactions were 

identified. In contrast, over all replications of protected-permissive simulation a total of 3156 instances of 

such interactions were recorded. Note that only some of such interactions may represent a conflict or an 

unsafe situation when at least one of interacting vehicles make an evasive action to avoid a collision. There 

were 1802 instances over all replications in which at least one of the interacting vehicles made some evasive 
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action, which was not necessarily hard-braking (with deceleration less than 0 m/s2). Finally, over all 

replications, there were a total of 203 interactions in which at least one of the interacting vehicles made an 

evasive action that involved hard-braking (with deceleration less than -3.5m/s2). 

Using threshold violations of metrics discussed in Chapter 4 and the procedure described in the 

earlier Section 5.3.1, occurrences of unsafe interactions out of all interactions (1802 instances) in which 

some degree of evasive actions braking was involved (< 0 m/s2) were identified. Frequency of occurrences 

of unsafe situations identified using metric threshold violations were compared with the frequency of 

occurrences of unsafe situations where hard-braking by at least one of the interacting vehicles was involved. 

From Figure 43, shows the comparison between the number of unsafe situations captured using violations 

of each metric. It can be seen that measurement of metric violations can capture other unsafe situations that 

are not captured by measuring hard-braking events alone.  

 

Figure 43: Comparison of metric violations vs hard-braking events in each replication 

Figure 44 shows the spatial distribution of locations in the study intersection where occurrences of 

hard-braking events were observed. The color of the heatmap indicates the density of event occurrences 

where red indicates highest density and the blue color indicates the lowest densities. The interactions 
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between vehicles making eastbound left-turn and vehicles traveling westbound through movements were 

most commonly involved hard-braking events as compared to other left-turn movements.  

 

Figure 44: Spatial distribution of conflict occurrences and safety assessment metrics violations 

The unsafe locations identified by violations of TTC, MTTC, RSS and PET are shown in Figure 

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 hard-braking events were observed (see Figure 44). 

However, spatial distribution of PET violations uncover another potentially unsafe movement within the 

intersection, where interactions occur between westbound left-turning vehicles and eastbound vehicles. In 

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 interacting 

vehicles reaching the conflict point were significantly lesser. The potentially unsafe locations identified by 

PET violations are seen to be only weakly identifiable using violations of other 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 shown in Figure 45. These 

metrics indicate the severity of the unsafe situation as discussed in Chapter 4. The spatial distribution of all 

of all metrics shown in Figure 45 agrees with each other. Since most threshold violations of these metrics 

are concentrated in the areas where interactions between (1) westbound and eastbound left-turning vehicles 
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(2) southbound and northbound left-turning 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. 

 

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 vehicle-to-infrastructure communication technology (See Appendix C for an example of an 

application based on infrastructure to vehicle data sharing). In that case, vehicles can utilize the data to 

make safe driving decisions while navigating through intersections. A vehicle can use caution when in a 

high conflict risk area of the intersection. For using the data shared by the infrastructure, it is necessary to 

transform the locations of critical points in the vehicleôs local coordinate system whose origin is at the 

vehicle's current location. The Y-axis in this coordinate system represents the direction of vehicleôs travel 

identified by its heading. Figure 47 (a) shows a path of a vehicle making an eastbound left turn along with 

an example of critical locations within intersection. Perspectives of the vehicle as it travels along different 

points in its path are illustrated in Figure 47 (b), Figure 47 (c), and Figure 47 (d). When the vehicle is at the 

point shown in Figure 47 (c), it should be more cautious since there are more conflicts at the location which 

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

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

When the distribution of occurrences of unsafe situations is analyzed in the time domain in relation 

with the MAP and time-synchronized SPaT data, the intersectionôs critical signal states can be identified. 

The average frequency of conflict occurrences and safety assessment metrics violations by left-turning 

phase over five replications of data are shown in Figure 48, where most occurrences of metric violations 

and hard-braking events were observed when the signal group of the ego vehicle was 5 (gray bars in Figure 

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

Therefore, the observations found earlier in the spatial analysis largely agree with the analysis in the time 

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

 All unsafe situations occurred when at least one of the left turn phases were timing permissive 

intervals. Within a permissive interval, subintervals where most unsafe situations occur can be found by 

identifying the elapsed time of the ego signal group in the permissive interval for each conflict. Figure 49 

illustrates the case of hard-braking events. Most hard braking events occurred when the ego signal groups 

were in the permissive intervals for less than 20 seconds. In the case of phase 5 (that controls westbound 

left turn movements), most hard-braking events occurred when it was in permissive intervals for about 10 

to 15 seconds (gray boxplot in Figure 49). 

 



122 

 

 

 

Figure 49: Relationship between occurrences of hard-braking events elapsed time of the ego signal group in its current 

state when conflicts had occurred 

To reduce the number of conflicts occurring during permissive intervals, one countermeasure could 

be allowing left-turn movements only during protected movements. However, while designing such 

countermeasures, one needs to consider the tradeoff between safety and mobility. Figure 50 shows the 

comparison of average number of stops experienced by vehicles in two different left turn scenarios. 

(Notations: EB=Eastbound, WB=Westbound, NB=Northbound, and SB=Southbound. Suffix T=Through, 

LT=Left-Turn). Figure 51 shows the comparison of average delay experienced by vehicles in two different 

left-turn scenarios. From both figures, allowing permissive movements have a clear advantage in terms of 

mobility and efficiency of the intersection. Permissive movements significantly decrease the delay and 

stops experienced by vehicles for left-turn movements and through movements. 
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Figure 50: Comparison of average number of stops per vehicle for two left-turn strategies 

 

Figure 51: Comparison of average delay per vehicle for 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 safer while maintaining the tradeoff with mobility. For example, in the 

case presented, instead of converting all left-turn signal groups to protected-only strategy, only safety-

critical phases can adopt protected-only left-turn strategy. Another countermeasure could be to allocate 

more protected green time to safety critical phases, such as signal group 5, before starting the permissive 

intervals. The red clearances times for critical phases could be increased to allow vehicles making left turns 

during permissive intervals to safely complete their maneuvers.  

5.4. Car Following Interactions 

In car-following interactions, an unsafe situation begins when the leading vehicle starts to 

decelerate, either voluntarily or involuntarily. A vehicle may voluntarily decelerate while responding to a 

red traffic signal, avoiding stationary objects, or when responding to slow-moving or stalled upstream 

traffic. It may involuntarily decelerate due to breakdown or mechanical issues. Suppose the following 

vehicle does not respond correctly to the deceleration of the leading vehicle. In that case, it could create an 

unsafe situation that can result in rear-end collision in the worst-case. Rear-end crashes are among the most 

common types of vehicle crashes. Such crashes account for more than 29 percent of all traffic crashes 

resulting in severe injuries. Rear-end crashes contribute to over 7 percent of all fatalities resulting from road 

crashes (Lee et al., 2007). 

This section describes sequential processing steps followed to identify and analyze such unsafe 

situations during car-following interactions from the collected data. 

5.4.1. Safety-Critical Information Extraction 

Following steps are executed to identify unsafe car-following situations from the data described in 

Section 5.1: 

(1) Identify leader-follower pairs: At each timepoint (t), the leader and the follower are identified 

for each vehicle. Details for identifying the leader and the follower for each vehicle at each 
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timepoint are provided in Algorithm 2 and Algorithm 3 in Appendix B. Once leader and follower 

of vehicles at each timepoint are identified, trajectories of each leader and follower pair are 

extracted. 

(2) Identify conflicting pairs: A conflicting pair is a leader-follower pair where the leader voluntarily 

or involuntarily decelerates, and the follower makes an evasive action (identified by hard braking) 

to avoid a collision with the leader. 

(3) Identify the collision course for each conflicting pair: The collision course represents the conflict 

line discussed in Chapter 4. For a conflicting pair, the collision course begins when the leading 

vehicle decelerates, and the following vehicle starts responding by initiating an evasive action. 

When one or both vehicles start accelerating again and resume their movements, the two 

interacting vehicles are no longer on a collision course. 

(4) Record IDR: The initial deceleration made by the following vehicle is recorded as the IDR for 

the event.  

(5) Record PET: At each timepoint (t) in the collision course, the location just passed by the 

following vehicle at time (t) is recorded. The difference between current time and the time when 

the leader had passed the location just passed by the following vehicle is recorded as PET for the 

timepoint (t). The minimum PET over all timepoints in the collision course is recorded as the 

PET for the event. 

(6) Record TTC: For each timepoint (t) in the collision course, TTC is recorded as the difference 

between the current time and the time of projected arrival of the following vehicle at the leader 

vehicleôs location at time (t). The minimum TTC over all timepoints is recorded as the TTC for 

the event. 

(7) Record MTTC: For each timepoint in the collision course, MTTC is computed as described in 

Section 4.3. The minimum MTTC over all timepoints is recorded as the MTTC for the event. 

(8) Record RSS Safe Distance and RSS-Difference: For each timepoint (t) in the collision course, 

RSS Safe Distance is computed as described in the Section 4.4. Also, the actual distance between 
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two interacting vehicles at time (t) along their paths is computed. The RSS-Difference, that is the 

difference between the RSS recommended safe distance and the actual distance between 

interacting vehicles along their path, is recorded for each timepoint. The minimum RSS-

Difference over all timepoints is recorded as the RSS-Difference for the event. 

(9) Record MaxS: The maximum of velocities attained by interacting vehicles during the collision 

course is recorded as the MaxS for the event. 

(10) Record DeltaS: At each timepoint in the collision course, the difference between velocities of 

two interacting vehicles (DeltaS) is recorded. The maximum DeltaS over all timepoints is 

recorded as the DeltaS for the event. 

Further details of the procedure explained above are provided in Algorithm 4 in Appendix B. 

5.4.2. Analysis and Discussion 

After extracting the information using the procedure described in the previous section, the values 

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

Chapter 4 to identify their violations. Figure 52 shows the location of where pedestrians enter the roadway. 

 

Figure 52: Locations where pedestrians enter the roadway 
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Figure 53 illustrates locations where TTC, MTTC, PET and RSS metrics were found to be violated. 

The locations of violations of these metrics largely agree with each other. Note that in the space, metrics 

violations begin much earlier than where pedestrians enter the roadway.  

 

Figure 53: Spatial distributions of safety metric violations - car-following: TTC, MTTC, PET, and RSS 
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Figure 54 illustrates locations where IDR, MaxS, and DeltaS are violated. Locations where IDR is 

violated, are much before the area where pedestrians enter the roadway. This agrees with areas where 

following vehicles start braking as an evasive action if the leader starts braking abruptly. Note that more 

than one vehicle may need to start evasive action to avoid collision with its respective leader. Locations 

where MaxS is 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 velocities as compared 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 conflicts that occurred in each replication of each design configuration was recorded 

as the response variable. The shape of the histogram and QQ plot confirms the approximate normality of 

the response variable shown in Figure 55.  
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https://github.com/mmitss/mmitss-az

















































































	List of Figures
	List of Tables
	Abbreviations
	Abstract
	1. Introduction
	1.1. Background and Motivation
	1.2. Research Goals and Objectives
	1.3. Dissertation Organization

	2. Literature Review
	2.1. Roadway Perspective
	2.1.1. Direct Measures
	Crash Frequency
	Crash Severity

	2.1.2. Indirect Measures

	2.2. Vehicle Perspective
	2.2.1. Number of Miles Driven Until Crash
	2.2.2. Number of Miles Driven Per Disengagement
	2.2.3. Infractions
	2.2.4. Roadmanship

	2.3. Existing Datasets
	2.3.1. Off-board Data
	Vehicle Trajectories
	Raw Sensor Data

	2.3.2. On-board Data

	2.4. Chapter Conclusion and Discussion

	3. Data Capture System Description
	3.1. Data Sources
	3.1.1. V2X-Communication Environment Data Sources
	Basic Safety Message (BSM)
	Intersection Map Data (MAP)
	Signal Phase and Timing (SPaT)

	3.1.2. Supplementary Data Sources
	Intersection-mounted Video Cameras
	Drone-mounted Video Camera
	LIDAR Sensors
	Comparison of Supplementary Data Sources

	3.1.3. Measurement Uncertainties in Video-based Data Sources
	Position Measurement Errors
	Velocity Measurement Errors


	3.2. Data Capture System Architecture
	3.2.1. Scalability Considerations
	3.2.2. Intersection-side Software Components
	Message Decoder and Message Encoder
	Trajectory Aware
	MAP SPaT Broadcaster
	V2X Data Collector

	3.2.3. Server-side Software Components
	V2X Data Transfer
	Video Data Collector and SPaT State Observer

	3.2.4. Vehicle-side Software Components
	Message Decoder and Message Encoder
	V2X Data Collector
	Data Compressor

	3.2.5. Simulation-related Software Components
	Driver Model and Simulated BSM BLOB Processor


	3.3. Chapter Conclusion and Discussion

	4. Conflicts-based Safety Assessment Metrics
	4.1. Time to Collision
	4.2. Post-encroachment Time
	4.3. Modified Time to Collision
	4.4. Responsibility Sensitive Safety
	4.5. MaxS and DeltaS
	4.6. Initial Deceleration Rate
	4.7. Effect of Measurement Errors on Metrics Computation
	4.7.1. TTC
	4.7.2. MTTC
	4.7.3. RSS: Car-following
	4.7.4. RSS: Through/Left-turn

	4.8. Chapter Conclusion and Discussion

	5. Information Extraction and Analysis
	5.1. Simulation Experiment Design
	5.1.1. Simulation of Through/Left-turn Interactions
	5.1.2. Simulation of Car Following Interactions

	5.2. Trajectory Data
	5.3. Through/Left-turn Interactions
	5.3.1. Safety-Critical Information Extraction
	5.3.2. Analysis and Discussion

	5.4. Car Following Interactions
	5.4.1. Safety-Critical Information Extraction
	5.4.2. Analysis and Discussion

	5.5. Chapter Conclusion and Discussion

	6. Summary and Future Research
	6.1. Research Summary
	6.2. Contributions
	6.3. Future Research
	6.4. Research Conclusion

	Appendices
	Appendix A Extracting Vehicle Trajectories from Video Data
	Appendix B Computational Algorithms
	Appendix C Prescriptive Safety Improvement Applications using V2X Communication
	Appendix D Examples of Java Script Object Notation (JSON) formatted Messages

	References

