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ABSTRACT 

Crashes in freeways are recognized as being more dangerous and severe than those on 

urban streets. It is of great importance to analyze and improve traffic safety of freeways. 

Compared to the traditional count data regression models, crash surrogate indicators are 

widely recognized as a better alternative due to many advantages.  

 

Many crash surrogate indicators were proposed and widely applied to measure traffic 

conflicts in different situations. However, due to some drawbacks and limitations, these 

surrogate indicators are not suitable for freeway safety evaluation. Freeways often 

operate under a synchronized state, where a minor disturbance can lead to serious 

consequences due to uniform high speeds and small headways.  

 

Aiming to propose capable surrogate indicators for freeways, we fully examined the 

crash mechanism of the car-following scenario, and developed a tree structure to 

describe possible conflict scenarios. In the thesis, two new surrogate indicators of 

Braking Rate to Accommodate a Disturbance (BRAD) and Aggregated Crash Index 

(ACI) were proposed. These indicators can measure the minimum braking rate required 

by the following vehicle to avoid a crash, and where overall risk of the car-following 

scenario is investigated.  

 

We further validated the ACI using the simulation software VISSIM and traffic data 

provided by the Department of Transport and Main Roads (DTMR) of Queensland. The 

surrogate indicator ACI is based on the novel hypothetical disturbance imposed to the 

leading vehicle of a car-following scenario. Given the frequency of lane changing on 



ABSTRACT 

 

  

 ii 

 

freeways, we calibrate the normal deceleration rate taken due to the lane-changing 

maneuver as the given disturbance in the above mentioned methodology by using the 

data collected on the I-80 in Emeryville, California, USA. Further, we carry out a 

comparative study on applicability analysis of the ACI. It is shown that the ACI can be 

used in any car-following scenario, even when the leading vehicle’s speed is greater 

than that of the following vehicle. Furthermore, the ACI takes into account more 

important variables, namely the reaction time and the MADR, better representing the 

risk by taking into account the complex crash mechanism. Through these merits, the 

surrogate indicator ACI is able to represent the risk more accurately and has wider 

applicability.   

 

Two applications of the ACI are carried out on safety fundamental diagram and risk 

propagation and dissipation analysis. Those results show that the ACI can be used in any 

car-following scenario without any boundary conditions, better representing conflicts.  
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1 INTRODUCTION 

1.1 Background 

With the rapid improvement in living conditions and economic wealth, the growing 

population has led to an increased need for vehicles. Statistics indicate that an increased 

number of vehicles far outweigh the projected capacities and adaptive capabilities of 

road infrastructures, which produces serious traffic safety problems. A report published 

by the World Health Organization (WHO, 2013) stated that around 1.2 million people 

lost their lives and 50 million were injured in crashes on the roads around the world 

each year, which was the leading cause of death among children of 10-19 years old. As 

a result, the increased number of serious injuries and fatalities from traffic accidents is 

recognized as a major health problem, and this safety problem has become a high-

priority issue for traffic engineers. In this regard, it is of great importance to find 

effective and capable solutions to improve traffic safety. 

 

Based on previous research, crashes on freeways are recognized as more dangerous than 

crashes on urban streets according to their severity. It was reported that the ratio of fatal 

crashes on freeways was significantly higher than that on urban roads and streets (US 

DOT, 2004). With the increased travel demand, freeways frequently operate at capacity 

or even in a state of synchronized flow with high speeds and small headways. In this 

kind of state, even a slight disturbance might result in a rear-end crash or even a chain 

(multi-vehicle) collision, which can consequently lead to serious health, economic and 

environmental problems. Furthermore, Lee et al. (2006) reported that the most common 

crashes on freeways were rear-end crashes, as there were relatively fewer interactions 
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on freeways than at intersections or on arterial roadway sections. Similar findings were 

provided by Kim et al. (2007), who stated that rear-end crashes were the most common 

type of crashes on freeways. Therefore, the safety evaluation and positive preventions of 

rear-end crashes on freeways are of great significance to road authorities.  

 

Due to enormous losses to society, researchers have been seeking capable solutions to 

improve traffic safety for decades. The key tasks for traffic engineers and researchers 

have been to diagnose safety problems and develop effective countermeasures. To this 

end, many researchers have contributed their efforts on predicting crash frequencies, 

relying purely on statistical techniques for decades. Many count-data regression models 

have been proposed and applied by utilizing the relationship between discrete rare crash 

counts and traffic/geometric parameters in a macroscopic manner (Miaou and Lum, 

1993; Miaou, 1994; Hauer, 2004; Lord and Persaud, 2000). Although these traditional 

regression models have been used for decades, some drawbacks and restrictions were 

pointed out by Tarko et al. (2009). First, due to the infrequence and sporadic occurrence 

of accidents, significant efforts must be consumed on collecting and maintaining 

appropriate data, which would increase the difficulties of research. Second, these count-

data regression models are purely dependent on statistical techniques and data, without 

taking into account the crash mechanisms. Last but not the least, crash data for safety 

analysis is considered as a reactive approach, which can reduce the ability to examine 

the safety effects of a recently implemented safety countermeasure. As a consequence, 

surrogate indicators are designed and proposed to be an alternative instead for the 

accumulation of crashes in safety evaluation. 
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Surrogate indicators were first proposed and used to evaluate the treatment of medicines 

beforehand in medical sciences, and then utilized to measure traffic conflicts to reduce 

or eliminate the crashes by traffic engineers and researchers (e.g. Chin and Quek, 1997; 

Ishak et al., 2012; Li et al., 2013; Quenneville and Dunning, 2012; Xu et al., 2012; 

Gettman and Head, 2007). Measured by surrogate indicators, traffic conflicts (surrogate 

events) can be used to find the correlation between traffic accidents and their 

contributors. Tarko et al. (2009) suggested that surrogate events should satisfy two basic 

requirements: 1) surrogate events should be derived from observable non-crash events 

which have strong correlation with crashes; and 2) the relationship between these non-

crash events and related crash frequencies and severity can be quantified by some 

practical method (surrogate indicator). In view of many merits, crash surrogate 

indicators have been well recognized as good safety indicators for analyzing and 

predicting crashes. Firstly, surrogate events occur much more frequently than crashes 

with strong probabilistic properties. Secondly, as states between safety and crashes, 

surrogate events can reflect the potential crash causality and mechanism. Last but not 

the least, surrogate indicators are regarded as a proactive rather than reactive approach, 

which could proactively assess safety before crashes occur. Clearly, surrogate indicators 

can provide better performance in terms of assessing safety and predicting crashes than 

the actual accidents, by taking advantage of their more frequent occurrence and strong 

causal relationships with accidents.  

 

Many researchers proposed various surrogate indicators, such as the Time to Collision 

(TTC), extended time to collision, Deceleration Rate to Avoid Crash (DRAC), Post-

Encroachment Time (PET), Crash Potential Index (CPI), Proportion of Stopping 

Distance (PSD) and so on. Although these surrogate indicators are widely used in safety 
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evaluations, unfortunately, they are not applicable to freeway safety evaluation due to 

some drawbacks and limitations. Under the synchronized state, a minor disturbance 

could lead to serious consequences due to uniform high speeds and small headways. 

However, such states are regarded as safe when using the mentioned surrogate 

indicators due to the boundary conditions on the speed. According to their definitions, 

all scenarios where the speed of the following vehicle is not greater than that of the 

leading vehicle are regarded as safe, which is an arbitrary and unreasonable assumption. 

In this regard, qualified and reliable surrogate indicators are of great promise and 

interest to better measure traffic conflicts. 

 

This thesis focuses on the formation, validation and applications of a new surrogate 

indicator. This proposed surrogate indicator can evaluate and predict freeway safety 

better than others without any boundary conditions. 

1.2 Objectives and Contributions 

This research aims to propose a capable surrogate indicator to measure the traffic 

conflicts on freeways. Compared to the traditional indicators, the proposed surrogate 

indicator is prospective to better represent traffic conflicts, by taking into account more 

interactions, such as the reaction time and braking capacity, without any boundary 

conditions. To this end, the crash mechanism needs to be fully examined with the 

reaction time and braking capacity taken into account. In this research, we first propose 

a probabilistic causal model with a hypothetical disturbance imposed on the leading 

vehicle of the car-following scenario. Based on this probabilistic model, a tree structure 

is developed to describe possible conflict scenarios corresponding to different 

situations. Further, by analyzing the conflict process, based on the crash avoidance and 



CHAPTER ONE 

  

 5 

 

evasive action mechanism, a new surrogate indicator, the Braking Rate to 

Accommodate a Disturbance (BRAD), is introduced to measure the minimum braking 

rate required by the following vehicle to avoid a crash for some scenarios. Accordingly, 

crash risks in each conflict scenario can be examined by comparing the BRAD and 

Maximum Available Decelerate Rate (MADR). A new surrogate indicator, the 

Aggregated Crash Index (ACI), is proposed to represent the overall risk of the car-

following scenario. The ACI is further applied to measure conflicts in different traffic 

situations after being validated by using real crash data. 

 

This research has three contributions. Firstly, a new surrogate indicator, the ACI is 

proposed and developed. The ACI is proposed based on the crash mechanism and a 

novel disturbance with more interactions considered. It is designed to make up for the 

limitations and drawbacks of the traditional surrogate indicators, to better measure the 

traffic conflicts on freeways without any boundary conditions. In this regard, the 

methodology is examined based on sound understanding of safety theories, evasive 

action mechanisms and crash causality. The proposed surrogate indicator can reflect the 

potential causal relationship with crashes, which can represent conflicts and predict 

crashes on freeways. Secondly, the proposed surrogate indicator is validated based on 

micro-traffic simulation models, field traffic data and historical crash data. Thirdly, the 

validated surrogate indicator is applied to measure the conflict in different situations, 

such as the analysis of rash risk propagation and dissipation, and the safety fundamental 

diagram. 
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1.3 Thesis Outline 

This thesis is structured in six chapters. Chapter 1 introduces the background, research 

intent, objective and scope of this research.  

 

Chapter 2 focuses on literature review of previous studies including the basic concepts 

of traffic safety, related conflict techniques, crash surrogate modelling, and current 

crash surrogate indicators. For each surrogate indicator, the advantages and limitations 

are fully discussed. 

 

Chapter 3 presents the concept and methodology of the proposed surrogate indicators, 

by examining the crash mechanism, tree structure and conflict process of each conflict 

type. Two tree-structure based surrogate indicators, the ACI and BRAD are proposed to 

represent the overall crash risk and minimum braking rate to avoid a crash, respectively. 

 

Chapter 4 is to validate the proposed surrogate indicator ACI by using field data and the 

simulation software VISSIM. Several comparative studies are carried out for the 

validation and applicability analysis. 

 

Chapter 5 presents the application of the proposed surrogate indicator ACI in the safety 

fundamental diagram. In this chapter, the relationship between conflicts and traffic 

states can be clearly analyzed within the fundamental diagrams. By using the ACI, the 

risk level of each state can be represented when the historical crash data is unavailable. 
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Chapter 6 is to apply the ACI into risk propagation and dissipation analysis. By using 

the ACI, the propagation and dissipation of crash risks in a platoon caused by different 

intensities of disturbances is fully assessed.  

 

Chapter 7 summarizes conclusions and contributions of this research as well as 

recommendations of possible further research works.  
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2 LITERATURE REVIEW 

Traffic safety is a multidisciplinary science that includes three basic components, 

namely, road users, vehicles and roadway environment. Those components always 

interact in a dynamic and complex system. Traffic safety is regarded as whole system 

performance which depends on interactions and relationships among those components. 

Therefore, it is essential to understand such interactions by establishing an approach 

supported by conceptual models and theories. In this regard, it is of great importance to 

understand relevant underlying theories of traffic safety before developing practical 

parts of this scientific c project. The underlying theories of traffic safety can provide 

basic theoretical support to understand the relationships between conflicts and crashes. 

This literature review focuses on the existing theories and methodology related to this 

research project including the following aspects:  

 Traffic safety measurement and analysis, 

 Traffic conflict techniques, 

 Crash surrogate modelling, 

 Concepts of different crash surrogate indicators, 

2.1 Traffic Safety Measurement and Analysis 

Over the past half century, massive efforts have been conducted to identify underlying 

factors of crashes. For traffic engineers and researchers, traffic safety studies heavily 

depend on how safety is defined and measured. Traditionally, safety is represented by 

observed crash occurrences or police-reported accident data in most of the empirical 

studies. Since crashes are related to traffic system components, it is hard to discover 

underlying mechanism or causal relationship among vehicles by only analysing 
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observed or reported crash data.  In this regard, traffic conflicts are recognized as a 

better alternative by considering their relationships with crashes. 

2.1.1 Use of historical crash data 

In this thesis, a crash or collision is defined as an undesirable event that involves one or 

more road users related to property damage, injury and fatality, which results from the 

failure of transportation system.  

 

Due to the fact that detailed driving data is generally unavailable, the difficulty of 

research is unfortunately increased, since such data could better identify causes and 

effects related to crash probabilities. Traditionally, traffic safety is measured in terms of 

the frequency of the observed number of crashes. Most of those safety studies are based 

on the crash data reported by police. This method is objective to measure the failure for 

at least one component among road users, vehicles and road environments. By utilizing 

statistical techniques, accident data can be applied to identify accident contributing 

factors and problems. To this end, various researchers have contributed their efforts to 

establish the relationship between crashes and contributing factors, such as traffic 

conditions and road geometric parameters, in the past 30 years (Yan and Radwan, 

2006).  

 

Although historical crash data is widely used in traffic safety, it has considerable and 

recognized limitations. First, because of the rare occurrences of accidents in both time 

and space, the collection on crash data is a very time-consuming job. Second, the 

performance of crash-frequency prediction models can be affected by data 

characteristics, such as its over-dispersion, under-dispersion, low sample-mean, small 
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sample size and under-reporting. Third, crash data can hardly explain the complex 

accident causality since it neglects the important interactions such as acceleration, 

braking or steering information, and driver’s evasive action taken to avoid a crash. 

Finally, crash data is always available after an occurrence, which indicates a reactive 

approach where traffic problems can only be addressed after a large number of crashes 

happened. Therefore, the traditional method, which purely depends on historical crash 

data, might not be capable to explore the complex crash causality. 

2.1.2 Use of traffic conflicts 

The first study on traffic conflicts was carried out by Perkins and Harris (1967) to test 

the safety performance of cars designed by General Motors Corporation. In order to 

identify traffic conflicts easily, researchers defined them based on observable evasive 

actions taken by drivers. Accordingly, conflicts were recorded as appearance of brake 

lights or sudden changing of lanes. During the past half century, many researchers tried 

to define, interpreter and identify traffic conflicts. The relationships between conflicts 

and collisions were also discovered. It was found that traffic conflict have strong 

connections with collisions in terms of both causality and statistics (FHWA, 2003). 

2.1.2.1 Relationships between conflicts and collisions         

It is impossible to use traffic conflicts instead of collisions/accidents without a good 

understanding of their relationships. In this regard, many researchers focused on 

proposing models to describe such relationships for decades. Amundsen and Hyden 

(1977) proposed a unified definition of a conflict as “an observable situation in which 

two or more road users approach each other in space and time to such an extent that 

there is a risk of collision if their movements remained unchanged”. 
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EXPOSURE

CONFLICTS

SERIOUS
CONFLICTS

ACCIDENTS

 

Figure 2-1: Set representation showing conflicts in relation to exposure (Amumdsen and 

Hyden, 1977) 

 

In order to better describe conflicts, Amundsen and Hyden (1977) further proposed a 

model to address complex relationship among accidents, serious conflicts, conflicts and 

exposure. As shown in Figure 2-1, accidents are considered as a subset of serious 

conflicts, while serious conflicts and conflicts can be recognized as a subset of conflicts 

and exposure, respectively. This model briefly shows the relationship in terms of 

occurrence among accidents, serious conflicts, conflicts and exposure. However, the 

severity of each category is not mentioned.  

 

Glauz and Migletz1 (1980) proposed another distribution function to describe nearness 

to collision. There are five categories defined as collisions, namely near misses or 

serious conflicts, moderate conflicts, routine or minor conflicts and non-conflicts. The 

collision category is found to have with the highest severity of consequences and lowest 

frequency of occurrence. In contrast, the non-conflict category is recognized to have the 

lowest severity of consequences and highest frequency of occurrence. 
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Figure 2-2: Representation of conflicts in terms of nearness to collision (Glauz and 

Migletz, 1980) 

 

Hydén (1987) proposed a safety pyramid in a traffic safety study to better understand 

the complex relationships among undisturbed passages, conflicts and accidents. As 

illustrated in Figure 2-3, five likely interaction states, described as undisturbed 

passages, potential conflicts, slight conflicts, near-accidents and accidents, are mapped 

onto a pyramid according to their occurrence frequencies and risk levels. At the top of 

the pyramid, accidents can be divided into fatal, severe injury, slight injury and damage 

accidents by their severity levels.  
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Figure 2-3: Safety pyramid (Hydén, 1987). 

         

As shown in Figure 2-3, the higher the interaction, the lower frequency and the higher 

severity of consequences. Compared to accidents, occurrences of near accidents and 

conflicts are more frequent with lower severity of consequences. Moreover, there are 

some statistical and causal relationships between accidents and conflicts, which can 

contribute to understand the crash mechanisms and find effective countermeasures to 

prevent crashes.  

2.1.2.2 Surrogate indicators as an alternative approach 

By taking advantage of their more frequent occurrences and causal relationships with 

crashes, traffic conflicts are considered as an alternative to crashes. Therefore, the 

question of how to define and measure conflicts has become a major task to traffic 

engineers and researchers.  
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Surrogate indicators are commonly used in medical sciences to measure the medical 

treatment beforehand. It was reported by Tarko et al. (2009) that surrogate indicators 

should meet two conditions, namely 1) they have high correlation with clinically 

meaningful outcome (the quality of life after the treatment); 2) they can fully capture the 

effects of the treatments. For instance, the level of lipoprotein cholesterol in patients 

with coronary heart disease is regarded as a good surrogate indicator of disease-inflicted 

deaths. 

 

In traffic engineering, a meaningful outcome is a reduction or elimination of crashes. 

Due to the unavailability of data on crashes, a reduction of the number of surrogate 

events leading to crashes can be recognized as an appealing surrogate outcome. Instead, 

the characteristics of those surrogate events can be considered as surrogate indicators of 

traffic safety. Tarko et al. (2009) suggested that surrogate events should satisfy the 

following two basic requirements: 1) surrogate events should be derived from 

observable non-crash events which have strong correlation with crashes; and 2) the 

relationship between those non-crash events and the related crash frequency and/or 

severity can be quantified by some practical approaches such as surrogate indicators. 

According to the safety pyramid, traffic conflicts have causal relationship to crashes in 

both frequency and severity. Thus they can be regarded as promising surrogate events 

according to their definition and requirements.  

 

Aiming to measure surrogate events, surrogate indicators were proposed and defined as 

measures of accident proximity, based on temporal and spatial measures, reflecting the 

closeness of road-users, in relation to the projected point of collision (Archer, 2005). 

Surrogate indicators are regarded as a capable measurement of traffic conflicts on 
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account of many merits. First, surrogate events are derived from traffic conflicts which 

occur more frequently than crashes, implying lower time-consuming compared to the 

traditional method. Besides, surrogate events can be used to estimate the safety level, as 

they can reflect potential crash causality and mechanisms. Furthermore, this kind of 

method is regarded as a proactive rather than reactive approach, which can proactively 

assess safety by taking into account interactions in the car-following scenario.  

2.2 Traffic Conflict Technique (TCT) 

2.2.1 Traditional field observation 

The traditional technique used in traffic conflict is based on the field observations which 

purely depend on the manual counting and estimation. Traffic conflicts were firstly used 

by Perkin and Harris (1967) to test whether the cars of General Motors were safer than 

those of other manufacturers. They developed an observational procedure to identify the 

unsafe traffic situations. This approach is earliest traffic conflict technique used in 

traffic engineering, which is basically to observe and count instances where drivers take 

evasive actions to avoid collisions.  

 

For this approach, the traffic conflict surveys are conducted by trained observers, 

through observing and recording traffic conflicts as well as other events associated with 

safety and operations. Parker and Zegeer (1989) published a detailed manual containing 

basic background information and step-by-step procedures on conducting traffic conflict 

surveys, which provides a standard and cost-effective training aid and reference source 

for observers. However, due to large amount of data collection, this traditional method 

is a time-consuming and labor-intensive job to observers. Besides, the reliability might 
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be questionable as it is based on estimations by different observers. Moreover, the 

results might be inaccurate sometimes due to the bias introduced by different observers.  

2.2.2 Video based technique 

Recently, video techniques became widely used taking advantage of automatic data 

collection, which could help to reduce labor cost and improve data accuracy. Video 

techniques are big improvement compared to traditional traffic conflict collection. 

However, the determination of conflicts or near-crashes still depends on human 

judgment, which could lead to decrease data accuracy due to bias produced by human. 

Recently, the NGSIM-VIDEO, which is a part of the Next Generation Simulation 

program (NGSIM), is developed by the Federal Highway Administration (FHWA) to 

extract vehicle positions from video obtained from multiple cameras and translate it into 

vehicle tracking data.  
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Figure 2-4: Trajectory data collection process (FHWA, 2007). 
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As shown in Figure 2-4, by using the software NGSIM-VIDEO, trajectory data could be 

effortlessly obtained by several processes. The software has made a great advancement 

in video based techniques.  

2.2.3 Simulation based technique 

With the rapid development of computer science, simulation tools became widely used 

in traffic safety studies. By utilizing the computer technologies, the traffic environment 

could be simulated by setting input variables including traffic conditions, geometric and 

human factors. With the rapid development of computer technologies, a considerable 

amount of simulation models have been proposed and applied on surrogate study 

(FHMA, 2008). 

 

The simulation method has advantages in retrieving data and determining conflicts. 

However, all microscopic traffic simulation models are designed based on the 

assumption that all drivers behave in a rational manner, ignoring particular driving 

behavior characteristics. In reality, many crashes are caused by aggressive driving 

behavior. Since any derivation of surrogate indicators must account for the basic fact, an 

error may appear when applying simulation models for safety evaluation due to zero 

crash occurrences (FHWA, 2008). Indeed, simulating an authentic driving environment 

having particular driving behaviors would hold a considerable promise for future 

studies. 

2.2.4 Data acquisition system 

With the rapid development of sensing technologies, data acquisition systems have 

become reality for many years. Using sensing technologies, such as video cameras, 
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radars, GPS, accelerometers, and gyroscopic sensors, it is possible to capture detailed 

field driving data. Naturalistic driving studies, founded by the Strategic Highway 

Research Program 2 (SHRP 2), have been carried out for years. A number of studies 

were carried out based on the 100-car naturalistic driving study (Wu and Javonis, 

2012a; Guo et al., 2010; Wu and Javonis, 2012b; Shankar et al., 2008). With the 

application of data acquisition systems, all data can be collected from various real traffic 

situations, which can enhance data accuracy and reliability. However, due to high costs, 

it can be difficult to extend widely this method in practice, where only a small number 

of vehicles would be equipped during investigations. Moreover, the patterns of drivers’ 

behavior can be influenced by devices, which can affect the authenticity of data. 

2.3 Crash Surrogate Modelling 

2.3.1 The extreme value method (EVM) 

Songchitruksa and Tarko (2004) described an idea of estimating the frequency of 

crashes based on the crash proximity by utilizing the extreme value theory (Haan and 

Ferreira, 2006) and statistical analysis (Reiss and Thomas, 2007) of extreme values. 

This proposed Extreme Value Method (EVM) represents considerable advantages over 

the Traffic Conflict Technique (TCT), since it takes into account interactions among 

surrogate events and the conditional risk of a crash. Mathematically, 

 ( ) ( ) ( )F C F H P C H    (1.1) 

where ( )F C represents the estimated frequency of crashes at the road location; 

( )F H expresses the observed frequency of surrogate events H at the road location; and 
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( )P C H denotes the risk of a crash given surrogate events H estimated using the 

extreme value model developed for the road location. 

 

Haan and Ferreira (2006) applied this method to estimate the frequency of right-angle 

collisions at signalized intersections. The EVM model can provide rapid estimations of 

crash frequencies based on relatively short-term traffic observations by taking 

advantage of the extreme value theory. 

2.3.2 Probabilistic causal model 

Initial 

variables (u)

Evasive 

action (x)

Crash 

outcome (y)

 

Figure 2-5: Davis’ probabilistic causal model (Davis et al., 2012). 

 

 

The probabilistic causal model proposed by Davis et al. (2011) was based on Brill’s 

model of rear-end collisions (Brill, 1972) and Pearl’s theory (2000) of probabilistic 

causal models. This model represents crashes and conflicts as resulting from 

interactions between initiating conditions and evasive actions, which can identify 

relationships between types of events. As shown in Figure 2-5, u is the set of exogenous 
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variables, while endogenous variables x and y represent evasive actions and crash 

outcomes, respectively. The conditional independent structure shown in Figure 2-5 can 

be represented as: 

 ( , , ) ( , ) ( ) ( )P y x u P y x u P x u P u    (1.2) 

where ( , , )P y x u is the probability distribution of crash outcome; ( , )P y x u  represents 

the conditional probability distribution for crash outcome; ( )P x u expresses the 

conditional distribution for the evasive action; ( )P u denotes the probability distribution 

over the values taken on the initial variables. 

 

By integrating the distribution of the crash probability vs. deceleration curve, the 

occurrence probability of a crash under different traffic situations can be obtained. In 

this model, the probability of a crash is represented as a mixture of probabilities 

determined by evasive actions over different sets of initial conditions. This model 

describes an evasive action mechanism based on the causal analysis. 

2.3.3 Etiologic model on naturalistic driving data 

The etiologic model proposed by Wu and Jovanis (2012a) based on medical testing and 

diagnosis described a rigorous set of diagnostic procedures to identify and validate 

useful crash and near crash events.  

 c     (1.3) 

where   is the number of crashes expected to occur for an entity during a certain period of time; 

  is the crash-to-surrogate ratio for that entity; and c  is the number of crash surrogates 

occurring to the entity during that time. 
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Figure 2-6: Relationship between crashes and near crashes in naturalistic driving data 

(Wu and Jovanis, 2012a). 

 

2.4 Crash Surrogate Indicators 

In order to assess the road safety proactively, many surrogate indicators are proposed 

and used to predict crashes. According to previous studies (Kuang and Qu, 2014), the 

defining conditions and basic concepts of surrogate indicators are introduced in this 

section. 

2.4.1 Defining conditions  

Svensson (1998) identified a number of related conditions that can be used to identify 

usefulness of surrogate events; in particular, they have to: 

 be more frequent than accidents. 
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 have statistical and causal relationship to accidents. 

 have the characteristic of “near-accidents” in a hierarchical continuum which 

describes all severity levels of road user interactions with accidents at the 

highest level and very safe passages with a minimum of interaction at the 

lowest level, which is shown as Figure 2-3. 

 

In this regard, a good surrogate indicator should be designed to have the capability to 

exact surrogate events with those characteristics. 

2.4.2 Surrogate indicators  

2.4.2.1 Time-to-Collision (TTC) and its derivatives 

As illustrated in Figure 2-7, the surrogate indicator Time To Collision (TTC), which was 

defined as the time remains until a collision between two vehicles would have occurred 

if the collision course and speed difference are maintained (Hayward, 1972), 

mathematically,  

 

1 2
2 1

2 1

,      if 

     ,         otherwise

D
v v

v vTTC




 


 (1.4) 

where 1 2D   represents the distance gap of the leading and following vehicles at a 

particular time; 1v  and 2v  denote the speeds of the leading and following vehicles at the 

particular time.  
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Figure 2-7: TTC notion represented by vehicle trajectories (Hayward, 1972). 

 

TTC has become one of the most well-recognized microscopic safety indicators (e.g. 

Farah, et al., 2009; Cunto and Saccomanno, 2008; Shariat-Mohaymany et al., 2011; 

Matsui et al., 2013a), and has been widely applied to evaluate the level of safety in 

different situations of traffic (Matsui et al., 2013b; Sayed et al., 2013; Huang et al., 

2013; Qu et al., 2014a). However, there are some limitations and drawbacks. Firstly, 

TTC is based on the assumption of unchanged speeds until a collision, without 

considering the reaction time, evasive action, and acceleration/deceleration rates. As a 

consequence, TTC may lead to produce coarse conclusion by neglecting the complex 

crash mechanism and critical interactions. Secondly, by obeying the arbitrary setting of 
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speed, any scenario where the follower’s speed is smaller than the leader’s is regarded 

as safe situation according to its definition based on Eq. (1.4), which could be 

unreasonable for near-capacity situations with uniform speeds and small headways. 

Thirdly, all conflicts with same TTC  value are regarded as equally dangerous with 

same severity level. In reality, the level of severity would be different with respect to 

the various situations (e.g. different speeds). Ozbay et al. (2008) derived a new indicator 

by taking into account the initial deceleration and acceleration rates. Jimenez et al. 

(2012) proposed an improved method to calculate the TTC of two vehicles in two 

dimensions, by taking into account various possible conflict configurations. However, 

these methods cannot remedy the above-mentioned shortcomings.
 

 

Minderhoud and Bovy (2001) developed the extended time to collision as the measures 

for traffic safety assessment based on TTC notion. The Time Integrated Time-to-

collision (TIT), which is introduced to measure the difference between the TTC and its 

threshold value *TTC  (as depicted in Figure 2-8) in the level of safety (in s
2
) by using 

the integral of the TTC  profile of drivers, is represented as: 

 
* *

1 0

( )            0 ( )

TN

i i

i t

TIT TTC TTC t dt TTC t TTC
 

         (1.5) 

where *TTC is the threshold value of TTC , ( )iTTC t is the TTC  value of vehicle i  at 

discrete time t . A high TIT value implies a large exposure time to duration-weighted 

unsafe TTC  values, which is negative for road safety (Minderhoud and Bovy, 2001).  
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Besides, the Time Exposed Time-to-collision (TET) is defined as a summation of all 

moments (during the time period investigated H) that TTC values are below 

threshold *TTC , which is mathematically expressed by: 

 
*

1 0

0               
( ).          ( )

1      0 ( )

N T

i sc i

i t i

else
TET t t

TTC t TTC
  

 


  

  
  (1.6) 

where the ( )i t is a switching variable, its value is set as 1 if the ( )iTTC t is between 0 

and its threshold, otherwise its value is 0. Further, sc is the time scan interval, where 

there are / scT H  time instants taken into the calculation (Minderhoud and Bovy, 

2001). 

t1 t2
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 t5  t6

TTC threshold value (TTC*)

Time

[s]
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+

= TITi  [s]
2

Time-to-collision

 

Figure 2-8: Concept of TIT (Minderhoud and Bovy, 2001). 

         

The extended TTC measures TIT and TET have been applied to evaluate the road safety 

(Guido et al., 2011). By taking into account the full course of vehicles over space and 

time, the extended TTC indicators can provide a more comprehensive safety analysis 

compared with the traditional TTC measure (Minderhoud and Bovy, 2001). 

Nevertheless, as a derivate of TTC, the extended time to collision surrogate indicators 

could not make up TTC’s disadvantages. In addition, the continuous trajectory data is 
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required while using these two surrogate indicators, which would significantly increase 

the efforts for data collection. 

2.4.2.2 Decelerate Rate to Avoid Crash (DRAC) 

Deceleration Rate to Avoid Crash (DRAC) is another widely-used surrogate event. It 

was defined by Cooper and Ferguson (1976) as the minimum deceleration rate required 

by the following vehicle to come to a timely stop (or attain a matching leading vehicle 

speed) and hence avoid a crash, which can be denoted as: 
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 (1.7) 

namely,  

 
 2 1v v

DRAC
TTC


  (1.8) 

DRAC has been recognized as an effective measure of safety performance in safety 

evaluation (Meng and Weng, 2011a). Higher value of DRAC  indicates more dangerous 

car-following scenario. Eq. (1.8) expresses the relationship between DRAC and TTC , 

in general, the value of TTC  is negatively related to DRAC . The American Associate 

of State Highway and Transportation Officials (AASHTO, 2004) suggested that a given 

vehicle would be in conflict if its DRAC exceeds a threshold 3.4 m/s2. It was 

recommended by Archer (2005) with a slightly lower threshold of 3.35 m/s2 for most 

drivers. Similar with TTC, DRAC still has the weakness caused by the arbitrary 

boundary setting; it does take into account the evasive action (deceleration) though. 

Furthermore, this response is based on the assumption of zero reaction time, which 

could be diverged from reality.  
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In fact, the reaction time varies from driver to driver under distinct traffic conditions. 

According to the previous research, the distribution of reaction time was observed to be 

log-normally distributed (Triggs and Harris, 1982; Taoka, 1989). Green (2008) 

suggested the log-normal distributions as a mean of 1.3 seconds and a standard 

deviation of 0.6 second for the crossing and lane change situations. For rear-end 

situation, drivers’ reaction time was reported by Triggs and Harris (1982) to follow a 

lognormal distribution with a mean of 0.92 second and a standard deviation of 0.28 

second.  

2.4.2.3 Post-Encroachment Time (PET) 

Post-encroachment time (PET) refers to the time lapse between end of encroachment of 

turning vehicle and the time that the through vehicle actually arrives at the potential 

point of collision (FHWA, 2008). PET has been extensively used as a surrogate 

indicator to investigate and measure traffic conflicts (Cooper, 1984; Hydén, 1998; 

Guido et al., 2011). 

 

The most significant advantage of PET is its simplicity with only one variable which is 

known as the time lapse. Archer (2005) pointed out that PET performs better in 

analysing crossing conflicts compared to rear-end conflicts and sideswipe (lane change) 

conflicts. Indeed, it is easy to determine the conflict points when dealing with crossing 

conflicts, while dynamic conflict points are difficult to be captured in rear-end and 

sideswipe conflicts. 
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2.4.2.4 Crash Potential Index (CPI) 

Crash Potential Index (CPI) was defined by Cunto and Saccomanno (2008) as the 

probability that a given vehicle DRAC exceeds its MADR or braking capacity, 

mathematically,  

 0

( ( ) )

   

N

i i

t
i

P DRAC t MADR t

CPI
T



 




 (1.9) 

where ( )iDRAC t  and iMADR  are the DRAC  and MADRvalue for the ith car following 

scenario at discrete time t  respectively; N  and t  are the total number and duration of 

time interval inspected; T  is the total time duration investigated, where T N t  . 

MADR  is vehicle and scenario-specific, and usually represented by truncated normal 

distributions shown as Table 2-1. The surrogate indicator CPI has been broadly used to 

evaluate the road risk in safety analysis (Cunto et al., 2009; Guido et al., 2011; 

Saccomanno et al, 2008). By considering of the deceleration capacity of vehicles, CPI 

could deliver more comprehensive results due to the MADR distribution.  The CPI 

could more likely describe the overall potential risk in a ratio, thereby expressing the 

conflict severity intuitively.   

   

Table 2-1: Truncated normal distribution parameters of MADR. 

MADR distribution parameters  Car Truck  

Mean (m/s
2
) 8.45

a
 6.82

b
 

Standard deviation (m/s
2
) 1.40 1.40 

Upper limit (m/s
2
) 12.68 10.05 

Lower limit (m/s
2
) 1.23 0.60 

a 
Source from Cunto and Saccomanno (2008) 

b 
Source from AASHTO (2004) 
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2.4.2.5 Proportion of Stopping Distance (PSD) 

Proportion of Stopping Distance (PSD) was defined by Allen et al. (1978) as the ratio 

between remaining distances to the point of collision expressed over its minimum 

acceptable stopping distance, mathematically, 

 
RD

PSD
MSD

  (1.10) 

where RD denotes the remaining distance to the potential point of collision (m), while 

the MSD represents the minimum acceptable stopping distance (m), mathematically, 

 
2

2

22

v
MSD

dm
  (1.11) 

where 2v  is the speed of following vehicle, and 2dm  is the maximum decelerate rate. As 

can be seen in Eq. (1.11), the minimum acceptable stopping distance is based on the 

follower’s approaching speed and maximum acceptable decelerate rate. PSD  was thus 

measured by comparing the possible to the minimum required stopping distance, based 

on an assumption about the maximum deceleration rate, which has been calibrated as 

3.92 m/s
2
 (Guido et al., 2011). All scenarios with PSD  less than 1 are regarded as 

unsafe, as they indicate that a collision cannot be avoided even if the maximum 

deceleration rate is applied. 

 

PSD was regarded as a good surrogate event and has been used for safety evaluation 

(Guido et al., 2011; FHWA, 2008). Nevertheless, PSD neglects the effects of the 

reaction time and critical interactions. To avoid a collision under a scenario of traffic 

conflict, the following vehicle does not necessarily decelerate to a full stop, if the 

following vehicle can reduce its speed to that of leading vehicle in time.  
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2.4.2.6 Aggregate Crash Propensity Metric (ACPM) 

Aggregate Crash Propensity Metric (ACPM) is another surrogate indicator proposed by 

Wang and Stamatiadis (2014) to measure the conflicts, by considering the reaction time 

and braking capacity into crash mechanism. Based on conflict studies and traffic 

simulations, ACPM is expected to be capable of assessing the safety level of different 

traffic facilities. According to their research, car-following scenarios can be divided into 

two groups. Group A includes those scenarios where the following driver’s reaction 

time is greater than its TTC value with the leading vehicle, while group B is represented 

as the supplementary set of group A where the reaction time is not greater than its TTC 

value. A surrogate indicator Crash Propensity Metric (CPM) is proposed to represent 

the probability of a conflict to become a crash. For those scenarios in group A, a 

collision will certainly occur since the following vehicle has no time to take any evasive 

action to avoid a collision, namely, its CPM is equal to 1. In group B, the CPM is 

determined by the comparison of braking capacity of following vehicle and evasive 

action degree taken by the following vehicle which is represented as the Required 

Braking Rate (RBR). Mathematically, the CPM of both groups can be represented as: 
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Figure 2-9: Driver groups based on distribution of reaction time and braking capacity 

(Wang and Stamatiadis, 2014) 

 

By considering the impact of reaction time and braking capacity into the crash 

mechanism, it is shown that ACPM has better performance than those traditional 

surrogate indicators. However, ACPM still has the same boundary conditions with those 
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traditional surrogate indicators such as TTC and DRAC. That is to say, those scenarios 

where the speed of leading vehicle is not less than that of the following vehicle will be 

not measured by ACPM.  

2.4.2.7 Other surrogate indicators  

Other surrogate events have been identified in the past including jerks (Wahlberg, 2000), 

decelerate to safety time (Topp, 1998), speed variance (Evans, 1991), and standard 

deviation of lateral position (Vogel, 2003). However, no quantified relationship has 

been found between those events and crash frequency. 
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3 AGGREGATED CRASH INDEX (ACI) 

Although the mentioned surrogate indicators were widely used in traffic safety 

evaluation, they have some shortcomings and limitations, which could influence their 

performance on freeways, especially saturated freeways (Kuang et al., 2015a). Firstly, 

the driver’s reaction time, which is an important variable in safety evaluation, has not 

widely considered into those surrogate indicators. As a consequence, those indicators 

might cause coarse conclusions in representing risk, with critical factors neglected. 

Secondly, with boundary conditions obeyed, any scenario in which the follower’s speed 

is lower than the leader’s is regarded as a safe situation, which could be unreasonable 

for saturated situations where vehicles are travelling at similar speeds and with small 

headways. Thirdly, the arbitrary setting of threshold might be problematic. For example, 

the threshold for TTC was identified in the range of 1.5 to 4 seconds (Meng and Qu, 

2012). In this regard, it is of great importance to propose a new surrogate indicator to 

address these limitations and better represent the risk. 

 

Due to the unsuitability of the current surrogate indicators for freeways, this study aims 

to propose a new surrogate indicator that could better measure the conflicts on freeways 

in a saturated state, by taking into account more interactions without any boundary 

conditions. To this end, a tree-based crash mechanism is firstly introduced by proposing 

a probabilistic causal model and developing a tree structure with a novel idea based on a 

hypothetical disturbance. Then, a new surrogate indicator ACI is proposed to represent 

the overall crash risk. By taking into account the distribution of drivers’ reaction times 

and the MADR, the proposed surrogate indicator ACI can potentially better represent the 

crash risk. 
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3.1 Crash Mechanism 

According to the preceding discussion, TTC has limitations on evaluating the crash risk 

in freeways. According to TTC, any scenario where following vehicle’s speed is lower 

or equal to that of leading vehicle is regarded as safe. However, the crash risk does exist 

and a collision would possibly occur if a minor disturbance is imposed to the leading 

vehicle. Two car following scenarios are analyzed based on the crash mechanism.  

  

Reaction time of 

the following 

vehicle

Time (s)

P
o
sitio

n
 (m

)

Trajectory of 

leading vehicle 

Trajectory of 

following vehicle 

Distance gap for 

the car following 

scenario 

t0

Decelerate time 

for leading 

vehicle

Collision point

t1

Decelerate distance 

for leading vehicle

Reaction distance 

for following 

vehicle

 

Figure 3-1: Trajectory of conflict scenario 1. 

 

Figure 3-1 shows the trajectory of scenario 1 where two vehicles keep the same speeds 

and small distance gap traveling on highway. According to TTC, scenario 1 is regarded 
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as safe. However, if the leading vehicle reduces its speed due to an imposed 

disturbance, the collision would probably happen since the following vehicle has 

limited time to take evasive action. In reality, in response to a disturbance, the leading 

vehicle would decelerate, while the following vehicle would take evasive actions to 

avoid a collision after reaction time. As the example shown in Figure 3-1, a collision 

will happen before the following vehicle takes any action due to short distance gap. 

 

Reaction time for 

following vehicle

Time (s)

P
o

sitio
n

 (m
) Trajectory of 

leading vehicle 

Trajectory of 

following vehicle 

Distance gap for 

the car following 

scenario 

t0

Decelerate distance 

for leading vehicle

Collision point

t1 t2

Decelerate time for 

following vehicle

Decelerate time for 

leading vehicle

Decelerate distance 

for following vehicle

Reaction distance for 

following vehicle

 
Figure 3-2: Trajectory of conflict scenario 2. 

 

Figure 3-2 illustrates the conflict scenario 2, where the speed of the leading vehicle is 

greater than that of the following vehicle, which is indicated as safe according to TTC. 

However, the potential crash risk is also high under high speed and small distance gap. 
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Similar with conflict scenario 1, suppose a disturbance is imposed to the leading 

vehicle. After reaction time, the following vehicle begins to reduce the speed to avoid 

the collision. Although the following vehicle applies the maximum decelerate rate to 

stop, the collision might still be unavoidable due to the short distance gap. Obviously, 

the crash risk exists in both scenarios, which are judged as safe according to TTC. Since 

freeways often operate with uniform high speed and small distance gaps, TTC and 

current surrogate indicators are not capable of evaluating the crash risk. Therefore, it is 

of great necessity to propose new surrogate indicators. 

 

It is impossible to propose new surrogate indicators without a sound understanding of 

the crash mechanism and causality. Davis et al. (2011) proposed a probabilistic causal 

model on the basis of Brill’s (1972) model of rear-end collisions and Pearl’s (2000) 

theory of probabilistic causal models. This model represents crashes and conflicts as 

resulting from interactions between initiating conditions and evasive actions, identifying 

relationships between types of events. In this research, the probabilistic causal model is 

slightly modified by imposing a hypothetical disturbance on the leading vehicle. As can 

be seen in Figure 3-3, by assessing the evasive action caused by the disturbance and the 

initial condition as well as the given disturbance, the crash outcome can be identified. In 

this probabilistic causal model, the leading vehicle is assumed to decelerate at a certain 

deceleration rate depending on the type of behaviour that causes the hypothetical 

disturbance (e.g. lane changing), and this deceleration rate remains fixed throughout the 

whole process. With regard to the crash mechanism, the following vehicle takes 

appropriate evasive action to avoid a collision, based on the disturbance and the initial 

conditions. By analysing the initial conditions, the disturbance and the degree of evasive 

action, the crash outcome is obtained. In this probabilistic causal model, the 
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hypothetical disturbance is used to test the safety level of the car-following scenario by 

assessing the crash outcome. This model can also be represented as a block diagram 

where the hypothetical disturbance and the crash outcome can be regarded as the input 

and output respectively, while the crash mechanism can be deemed as the process.  

 

Evasive Action

Initial Condition

Crash Risk

Disturbance

 

Figure 3-3: Modified probabilistic causal model. 

3.2 The Crash Tree 

With the aim of investigating the crash risk of a car-following scenario, a tree structure 

is developed to describe the possible conflict types, which are defined by four levels of 

conditions, based on the proposed probabilistic causal model.  
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Figure 3-4 shows the tree structure of a car-following scenario, where the rectangle, 

circle and diamond shapes represent a possible crash, no crash and a certain crash, 

respectively. Obviously, there are a total of eight leaf nodes with different crash 

outcomes. By analysing the probability and crash outcome of each leaf node, the crash 

risk of the entire car following scenario can be obtained. 
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Figure 3-4: An example of the tree structure 
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As depicted in Figure 3-4, condition level 1 distinguishes between conflict types A and 

B by comparing the stopping time of the leading vehicle ( 1T ) and the reaction time of 

the following vehicle ( R ). If 1R T , then the leading vehicle stops before the following 

vehicle can take any evasive action, and conflict type A occurs. Otherwise, conflict type 

B occurs. 

 

Condition level 2 determines whether a collision occurs during the reaction time of the 

following vehicle. By analysing the crash causality-based trajectories, condition level 2 

can be represented by comparing the reaction time R  to AT  or BT .  

 

D1

2 1

D1-2(0)

D2

 

Figure 3-5: Conflict process of type A or B 

 

In order to investigate whether a collision occurs during the reaction time R , the 

conflict process is considered at a critical situation, as shown in Figure 3-5. As 

illustrated in Figure 3-5, a collision will certainly occur if the distance gap reduces to 

zero before the following vehicle takes any action to stop, namely if
 

 1 2 1 2(0)D D D    (2.1) 

or equivalently 

 1 2 1 2(0) (0)D D V R     (2.2) 

For conflict type A, the leading vehicle stops before the reaction time R ends, and 1D  

can be represented as 
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By substituting Eq. (2.3) into Eq. (2.2), we get 
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Obviously, Eq. (2.4) is the sufficient and necessary condition for Eq. (2.2). Namely, a 

collision cannot be avoided when AR T .  

 

Similarly, for conflict type B, where the leading vehicle has not yet stopped when the 

reaction time R ends, 1D  can be represented as 

 2
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1
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by substituting Eq. (2.5) into Eq. (2.2), we have 
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The solution is  
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Since R should be positive,  
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1

(0) 2 (0) (0)
  B

V d D V
R T

d

   
   (2.8) 

Thus, a collision will certainly happen if R is greater than or equal to AT  or BT , which 

can be identified as conflict type A1 or B1. On the contrary, a collision can be avoided 

if R is less than AT  or BT , denoted as conflict type A2 or B2. 
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Condition level 3 represents the evasive action taken by the following vehicle, which 

relies on a comparison of which vehicle stops soonest. Note that in type A, the leading 

vehicle always stops first and hence there is only one conflict type A21 at level 3. 

Condition level 4 is used to compare the degree of evasive action required against the 

actual braking capacity. If the degree of evasive action required is greater than the 

braking capacity, a collision cannot be avoided. The analysis for conflict level 3 and 

level 4 will be presented in the next sub-section. 

3.3 Braking Rate to Accommodate a Disturbance (BRAD) 

In order to measure the degree of evasive action taken by the following vehicle, a new 

surrogate indicator BRAD is proposed in this thesis, representing the minimum evasive 

action that needs to be taken by the following vehicle if it is to accommodate a given 

disturbance, namely, the minimum deceleration rate required to avoid a collision. In 

reality, any vehicle is designed with a certain braking capacity. If BRAD is greater than 

its braking capacity, a collision is unavoidable. The maximum available deceleration 

rate (MADR), which was usually represented by a truncated normal distribution 

(AASHTO, 2004; Cunto and Saccomanno, 2008), is used to represent the braking 

capacity of the vehicle. By comparing BRAD and MADR, the crash outcome can be 

identified. For different situations, BRAD can be represented in different ways. Based 

on condition level 3, two different representations of BRAD can be deduced depending 

on which vehicle stops earlier.
 1BRAD

 
is suitable for the situation where the leading 

vehicle stops earlier
 
than or at the same time as the following vehicle, while 2BRAD  

works for the scenario where
 
the following vehicle stops before

 
the leading vehicle.  
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3.3.1 BRAD1 

Figure 3-6 depicts the trajectories of the vehicles in conflict types A21 and B21, where 

the leading vehicle stops earlier. According to the conditions of the tree structure, the 

difference between these two conflict types relies on a comparison of the reaction time 

R  and the stopping time of the leading vehicle 1T .
 
 

(A21) (B21)

 

Figure 3-6: Trajectories of type A21 and B21 
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Figure 3-7: Conflict process of type A21 or B21 
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Figure 3-7 shows a critical situation where the following vehicle just completes the 

manoeuvre with a distance gap of zero to the leading vehicle. In this situation, a 

collision is avoided as long as the distance travelled by the following vehicle is less than 

or equal to the distance available, or mathematically, 

 1 2 1 2(0)D D D    (2.9) 

that is,        
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Transforming the Eq.(2.10), we have 
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Therefore, the minimum braking rate that the following vehicle has to apply in order to 

avoid a collision, 1BRAD , is 
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 (2.12) 

As mentioned previously, 1BRAD  is only suitable for scenarios where the leading 

vehicle stops earlier than or at the same time as the following vehicle, namely,  

 2
1 2

2

( )V R
T T R R

d
     (2.13) 

If 1T R , then the leading vehicle stops during the reaction time which refers to conflict 

type A21, and Eq. (2.13) is automatically satisfied.  
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Figure 3-8: Conflict process of B21 

 

If 2 1T R T R   , then the conflict process is shown in Figure 3-8, and the speed of the 

leading vehicle at time R  should be positive, namely, 1( )V R >0. Then, by substituting  

Eq. (2.12) into Eq. (2.13), we have 
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In the entire conflict process, the following vehicle maintains a constant speed during 

reaction time R , while the leading vehicle reduces its speed with constant deceleration 

rate 1d . As depicted in Figure 3-8: Conflict process of B21, we have  

 1 2 1 2 1 2 1(0) ( )D D D D R S      (2.15) 

or equivalently 

 

2 2

1 1
1 2 2 1 2

1 1

(0) ( )
(0) (0) ( )

2 2

V V R
D V R D R

d d
       (2.16) 

Then, Eq. (2.14) can be transformed into 
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By simplifying Eq. (2.17), we obtain 

  1 2 1 1 1 2( ) ( ) ( ) 2 ( )V R V R V R d D R     (2.18) 
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If 2 1( ) ( ) 0V R V R  , then the inequality in Eq. (2.18) holds since 1 1 22 ( ) 0d D R  . If 

2 1( ) ( ) 0V R V R  , then it can be represented as 

 1 2 1

2 1 1

( ) ( )

( ) ( ) 2

D R V R

V R V R d

 


 (2.19) 

namely 

 
1( ) ( ) 2TTC R T R   (2.20) 

When 2 1( ) ( ) 0V R V R  , ( )TTC R  is infinite, and Eq. (2.20) holds. Therefore, the 

sufficient and necessary condition for using 1BRAD  is 1( ) ( ) 2TTC R T R  . Otherwise, 

when 1( ) ( ) 2TTC R T R  , the following vehicle stops earlier, namely 1 2T T R  , and 

the minimum degree of evasive action required to be taken by the following vehicle 

should be represented differently based on different situations.  

3.3.2 BRAD2 

(B220)(B221)

 

Figure 3-9: Trajectories of conflict types B221 and B220 
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According to the previous discussion, the sufficient and necessary condition for using 

2BRAD  is 1( ) ( ) 2TTC R T R  , namely 1 2T T R  . This situation refers to conflict 

type B22, where the following vehicle stops sooner than the leading vehicle.  

 

Figure 3-9 shows the trajectories of two conflict types of B22 with different crash 

outcomes, where a collision happens in B221 while a crash is just avoided in B220. 
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Figure 3-10: Conflict process of type B22 

 

As can be seen in Figure 3-9, a collision is just avoided when the two parabolic 

trajectories are tangents to each other, at this particular time, two vehicles are driving at 

the same speed with a distance gap of zero, which is indicated by the two parabolas 

having the same tangent line. Since 1( ) ( ) 2TTC R T R   and 1 2

1 2

( ) ( )V R V R

d d
 , there is a 

speed difference at time R , namely, 2 1( ) ( )V R V R , hence 2 1d d .  

 

Figure 3-10 illustrates the conflict process of B22, where the distance gap first reduces 

to zero at the time t3 and then becomes positive and gradually increases. This process 

sounds reasonable since the following vehicle drives faster than the leading vehicle 
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before the time t3, then slows down and stops sooner than the leading vehicle due to its 

greater deceleration rate. Next, we investigate the critical situation in which the distance 

gap just becomes zero at the time t3, mathematically 

 1 2 1 2( )D R D D    (2.21) 

equivalently 
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As the speeds are the same at time t3,  
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namely 

 2 1

2 1 2 1

( ) ( ) ( )V R V R V R
t

d d d d

 
 

 
 (2.24) 

By substituting Eq. (2.24) into Eq. (2.22), we have 
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By transforming the Eq. (2.25), we get 

 
2

2 1 1

1 2

( ) ( )

2 ( ) 2 ( )

V R V R
d d d

D R TTC R

 
     (2.26) 

If 
2

2 1

1 2

( )

2 ( )

V R
d d

D R


  , a collision can be avoided. Therefore, 2d  is the minimum braking 

rate required to avoid a collision, namely 

 2 1

( )

2 ( )

V R
BRAD d

TTC R


   (2.27) 

Obviously, 2BRAD  is determined by the variables 1d , ( )V R  and ( )TTC R . The 

greater the values of 1d  and ( )V R  are, the higher 2BRAD  is. On the contrary, a 
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smaller value of ( )TTC R  will result in a greater value of 2BRAD . This is because a 

greater disturbance requires a higher degree of evasive action (e.g. deceleration rate) to 

be taken by the following vehicle.  

3.4 Aggregated Crash Index (ACI) 

In the probabilistic causal model, for any car-following scenario, the leading vehicle 

will decelerate to a stop immediately when there is a given disturbance, while the 

following vehicle will take evasive action only after reaction time R. In order to 

describe all possible conflicts with their different
 
probabilities and crash outcomes, a 

tree structure is developed by defining four levels of conditions. According to the 

previous discussion, there are a total of five conflict types with crash outcome 1 and 

three with crash outcome 0, shown as leaf nodes in the tree structure. By aggregating all 

the existing crash probabilities of a car-following scenario, a new surrogate indicator, 

the ACI, is proposed to represent the accumulation of the crash probabilities of all 

possible conflicts. Table 1 shows the conditions and outcomes of the eight leaf nodes 

jL  in the tree structure, for j  ranging from 1 to 8, representing the eight conflict types 

that are listed in the first column. 

 

Evidently, the probability of each conflict scenario relies on the four levels of 

conditions. For example, the probability of B221 can be expressed as  
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Similarly, the probability of each leaf node can be represented by levels of conditions 

which is shown as 

 

       

     

 

 

4 1 2 3 3 1 2 2 1 1

2 1 1

( )   ,   ,   ,     

                     1                                 

1        3,4,5,6,7,8
 

0       1,2

j j j j j j j j j j

j j j

j L L L L L L L L L L j

L L L j

j

P L P P P P

P P

j

j

          

   



    

   


  



 (2.29) 

where 
j

n

L is the thn level of condition for leaf node j which can be found in Table 3-1. 

j is a switch variable with value 1 or 0 in different situations. Thus, the crash risk of 

each leaf node jL  can be represented as 

 ( )
j jL j LCR P L C   (2.30) 

where 
jLC  is the cost incurred at each leaf node jL . Based on the notion of the 

surrogate indicator ACI, the overall crash risk for any car-following scenario can be 

represented as 

  
8 8

1 1

 
j jL j L

j j

ACI CR P L C
 

      (2.31) 

By applying BRAD  and ACI , the crash risk of any car-following scenario can be 

represented directly.  
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Table 3-1: Leaf notes of tree structure. 

Conflict 

type 

Condition level 1 

 1

1    .  T vs R   

Condition level 2 

 2

/    .  A BT vs R   

Condition level 3 

 3

1( )   .  ( ) 2TTC R vs T R    

Condition level 4 

 4

1/2    .  BRAD vs MADR   

Scenario 

jL  

Probability 

 jP L  

Outcome 

jLC  

A1 
1R T  AR T  － － L1 P(L1) 1 

B1 
1R T  BR T  － － L4 P(L4) 1 

A211 
1R T  AR T  1( ) ( ) 2TTC R T R   1BRAD MADR  L2 P(L2) 1 

A210 
1R T  AR T  1( ) ( ) 2TTC R T R   1BRAD MADR  L3 P(L3) 0 

B211 
1R T  BR T  1( ) ( ) 2TTC R T R   1BRAD MADR  L6 P(L6) 1 

B210 
1R T  BR T  1( ) ( ) 2TTC R T R   1BRAD MADR  L5 P(L5) 0 

B220 
1R T  BR T  1( ) ( ) 2TTC R T R   2BRAD MADR  L7 P(L7) 0 

B221 
1R T  BR T  1( ) ( ) 2TTC R T R   2BRAD MADR  L8 P(L8) 1 

Notation: 

R: the reaction time; 

1T : the stopping time of the leading vehicle; 

AT : the value of 

1 2

2

1

1

2

(0)
(0)

2

(0)

D
v

d

v




; 

BT : the value of 

2

1 1 2

1

(0) 2 (0) (0)
 

v d D v

d


    

. 
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By imposing a hypothetical disturbance on the leading vehicle, there are no boundary 

conditions for the proposed surrogate indicators. ACI  thus directly represents the crash risk, 

by considering additional factors such as reaction time and braking capacity. For any car-

following scenario i , the ACI  over the time period T can be represented as 

 0

( )

   

N

i

t
i

ACI t t

ACI
T








 (2.32) 

where ( )iACI t  denotes the ACI  value for the i
th

 car-following scenario at discrete time t ; N  

and t  are the total number and duration of the time intervals; T is the total time duration 

investigated, where T N t  . 

 

   

 

Figure 3-11: Distribution of drivers’ reaction times 

 

Since it is impossible to obtain scenario-specific reaction times and braking capacities when 

collecting field data, distributions of the deceleration capacities of vehicles and the drivers’ 

reaction times are introduced into the calculation of the ACI . The lognormal distribution with 

a mean of 0.92 second and a standard deviation of 0.28 second was suggested for drivers’ 
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reaction time on rear-end conflicts by Triggs and Harris (1982), while MADR was typically 

represented by a truncated normal distribution (AASHTO, 2004; Cunto and Saccomanno, 

2008).  

 

As shown in Figure 3-11, conflict types A and B can be distinguished by comparing R and 1T  

which is regarded as the condition level 1. Further, the conflict type A or B can be divided 

into A1 and A2 or B1 and B2 by AT or BT  which is recognised as the condition level 2. In the 

condition level 4, Figure 3-12 depicts the distribution of conflict types A211, B211, B221, 

A210, B210 and B220, which are distinguished by the comparison between iBRAD  and 

MADR.         

BRADi>MADR

Crash

A211 B211 B221

BRADi<=MADR

No Crash

A210 B210 B220

BRADi

 

Figure 3-12: Distribution of MADR 

 

Due to the complexity of Eq. (2.29), the Monte Carlo method is applied to calculate the crash 

probability based on the probabilistic interpretation of an integral (Caflisch, 1998). In this 

study, 10,000 samples are generated by the Monte Carlo method in each car-following 
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scenario analysis. For any car-following scenario, the integrated crash potential index can be 

calculated based on the initial conditions and values generated by the Monte Carlo method. 



CHAPTER FOUR 

 54 

 

4 VALIDATION AND APPLICABILITY ANALYSIS 

4.1 Parameter Calibration 

The surrogate indicator ACI is based on the novel hypothetical disturbance imposed to the 

leading vehicle of a car-following scenario. Thus the determination of disturbance is critical 

to the performance of ACI. Given the frequency of lane changing on freeways, we calibrate 

the normal deceleration rate taken due to the lane-changing manoeuvre as the given 

disturbance in the above mentioned methodology. To calibrate the deceleration rate, we use 

data collected on the I-80 in Emeryville, California, USA. This data set is also known as part 

of the NGSIM initiated and supported by the FHWA of the United States Department of 

Transportation (US DOT).  

 

By using NGSIM software to analyse the videos, trajectory data can be extracted every 1/15 

second. A total of 507 car-following scenarios in which lane-changing manoeuvres are made 

by the leading vehicles are randomly selected from the data set. Using the software Bestfit 

4.5, it is found that the deceleration rates taken by the following vehicles follow a shifted 

gamma distribution (17.315, 0.128, 0.657) which is shown as Figure 4-1. The mean and 95
th

 

percentiles are identified as 1.5 m/s
2
 and 2.5 m/s

2
 respectively. In this research, the mean 

value of the distribution is adopted as the hypothetical disturbance in the proposed 

methodology. 
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Gamma(17.315, 0.12793) Shift=-0.65662
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Figure 4-1: Distribution of deceleration rate 

4.2 Pacific Motorway 

Exit 9

Exit 20
 

Figure 4-2: Target section on investigated freeway 
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In this study, the proposed surrogate indicator ACI is validated based on field data and using 

the simulation software VISSIM. First, the section to be investigated is chosen between the 

exit No. 20 and exit No. 9 of the northbound Pacific Motorway (M1), Figure 4-2. Located 

between Springwood and Brisbane, this section has heavy traffic flows especially during 

morning and afternoon peak hours. We further investigate the traffic situation of the selected 

section during morning peak hours. In our investigation, a saturated situation was found with 

speeds around 100 km/h and headways between 20 to 35 meters, which is shown in Figure 

4-3. In order to further investigate safety conditions of the investigated section, we requested 

traffic and historical crash data for this section from the Department of Transport and Main 

Roads (DTMR) in Queensland. Total 7 days’ traffic data from the 21
st
 to 28

th
 of July, 2014, 

collected by sensors on the Pacific Motorway, is used in this research. All speeds, headways, 

densities, flows and occupancy for every five minutes during the investigated time period are 

available. 

 

 

Figure 4-3: Traffic situation on investigated freeway 
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4.3 Traffic Data 

Based on the traffic data provided by the DTMR in Queensland, it is found that traffic flow 

parameters on weekdays follow similar distributions, different from those on weekends. In 

this regard, we analyse characteristics on weekdays and weekends separately. To do so, all 

data collected from one detector near the exit No. 9 is used in this section, including traffic 

flows, headways, occupancies, speeds and densities. At this data collection point, there are 

three lanes with the speed limit 100 km/h. We further calculate the average value of each 

traffic flow parameter for each lane, based on weekdays and weekends from 00:00 to 24:00. 

 

Figure 4-4: Traffic flow for weekday and weekend 

 

As can be seen in Figure 4-4, the traffic flow distributions on weekdays and weekends are 

absolutely different. During weekdays, there are two observable wave crests which are 

recognized as the morning and afternoon peak flows, at around 7:00 and 17:00, with values 

around 2000 veh/h per lane and 1600veh/h per lane, respectively. On weekends, the traffic 
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flows from 11:00 to 17:00 are extremely higher than those in other time periods. Further, it is 

found that traffic flows on weekdays are extremely higher than those on weekends during the 

time period from 4:00 to 10:00 in the morning. All those characteristics are consistent with 

different travel behavior on weekdays and weekends. 

 

Figure 4-5: Traffic headways for weekday and weekend 

 

According to Figure 4-5, the headways from 4:00 to 8:00 on weekdays are apparently smaller 

than those on weekends during the same time period. For both distributions, the headways 

during nights are clearly larger than those during days, which is consistent with the traffic 

flow characteristics where the day’s flows are greater than the night’s flows. 

 

Figure 4-6 shows the different speed distributions on weekdays and weekends. As can be seen 

in Figure 4-6, the traffic speeds on weekends are consistently distributed around 100 km/h, 

while a deep trough is found for weekday speeds. During weekdays, the traffic speeds start to 

decrease at 7:00 and come back to normal at around 9:00. The lowest speed is around 20 km/h, 
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which indicates a very congested traffic situation. This situation is caused by the heavy 

demand generated by those travelers working in Brisbane. 

 

Figure 4-6: Traffic speed for weekday and weekend 

 

Figure 4-7 and Figure 4-8 show the distributions of traffic occupancy and density on 

weekdays and weekends. Based on those two graphs, it is found that occupancy and density 

follow similar trends during not only weekdays but also weekends. The occupancy and 

density on weekends are different from those on weekdays. For weekends, the occupancy and 

density during daytime are found to be slightly higher than those during nights. However, for 

weekdays, those two parameters are found to have big waves during morning peak hours, 

which can be recognized as heavy congestion during those harsh hours. 
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Figure 4-7: Traffic occupancy for weekday and weekend 

 

 

Figure 4-8: Traffic density for weekday and weekend 



CHAPTER FOUR 

 61 

 

4.4 Historical Crash Data 

To better understand characteristics of historical crash data, we analyze the distribution of 

crash counts based on the crash type, day of the week, and hour. According to the data 

provided by the DTMR, there are total 711 crashes occurred in the investigated section from 

2005 to 2013. 

 

 

Figure 4-9: Distribution of crash counts in different crash type 

 

Figure 4-9 shows the distribution of the number of crashes for different crash types. 

According to the data, 9 crash types are identified: overtaking same direction, rear-end, 

parallel lanes turning, out of control, opposing vehicles turning, off carriageways on curve, 

lane changes, intersections from adjective approaches, and parked vehicles hit. All non-

identified crashes are included into the category others. As can be seen in Figure 4-9, the rear-

end is the most common crash type which accounts for more than 50% of all crashes, 

followed by carriageways on curve and lane changes. 
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Since rear-end crashs are the most common type in this research, Figure 4-10 futher describes 

the distribution of rear-end crashes for each day of the week. It is shown that Friday has the 

highest number of rear-end crash counts, while Sunday has the lowest number. It is also found 

that weekdays generally have higher crash counts than weekends. This distribution also 

corresponds to the traffic flow characteristics. 

 

 

Figure 4-10: Distribution of crash counts during a week 

 

In order to investigate different hourly distributions of weekdays and weekends, we further 

analyze the average rear-end crash counts for each hour during weekdays and weekends. As 

can be seen in Figure 4-11, weekdays’ hourly distribution is different with that of weekends. 

For weekdays, there are two clear crash count peaks found corresponding to morning and 

afternoon peak hours. 
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Figure 4-11: Average weekday v.s. weekend rear-end crash counts in 2005-2013 

4.5 Simulation Platform VISSIM 

In order to test the performance of the proposed surrogate indicator, we use the micro-traffic 

simulation software VISSIM (Cunto and Saccomanno, 2008; Huang et al., 2013; Wang and 

Stamatiadis, 2014) to simulate the traffic of the investigated section of the Pacific Motorway. 

We set half an hour as warm up and cooling down periods. Only stable traffic conditions are 

collected for our validation analysis. The investigated section is located between the exits #20 

and #9 of the northbound of Pacific Motorway. One week loop detector data from July 21 to 

July 27, 2014, were provided by the Queensland DTMR for this research. In the VISSIM, we 

use the average values for corresponding time periods as the input data.  

4.5.1 VISSIM introduction 

With the rapid development of the computer science and traffic modelling capacities, 

microscopic simulation modelling has become an effective approach to safety evaluation. The 
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traffic simulation software VISSIM, a useful tool to simulate private traffic and public 

transport operations, can analyse vehicle operations under different constraints as lane 

configurations, traffic composition, traffic signals and public transport stops.  

 

Figure 4-12: Psycho-physical driver behaviour model (PTV, 2012). 

 

Due to strong abilities in simulation and evaluation, the VISSIM is applied to solve various 

traffic problems by traffic engineers and researchers. The psycho-physical driver behaviour 

model, which was developed by Wiedemann, is based on the basic concept where the driver 

of the faster moving vehicle decelerates when approaching a slower moving vehicle according 

to the driver’s individual perception threshold (PTV, 2012).  

 

The model was calibrated using multiple field measurements by taking into account changes 

in driver behaviour and vehicle improvements. Due to huge capabilities and merits, the 

VISSIM has been widely utilized for traffic safety evaluation (Huang et al., 2013; Stevanovic 
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et al., 2013; Jie et al., 2013). By setting the macroscopic parameters as the Annual Average 

Daily Traffic (AADT) in the VISSIM, the trajectory and microscopic variables can be obtained. 

The authentic traffic situation can be simulated by setting parameters in the VISSIM. In the 

VISSIM, the driving behaviour is linked to each link by choosing different behaviour 

parameters and types. There are four different types of regimes where the driver can change 

its speed to achieve a desired speed and space headway. These driving regimes are free 

driving, approaching, following and braking. 

4.5.2 Performance tests 

In this research, the VISSIM is used to simulate the traffic of chosen section on Pacific 

Motorway. To investigate the effectiveness of VISSIM model in generating dynamic vehicle 

behaviour, four error tests (Benekohal, 1989; Bham and Benekohal, 2004; Meng and Weng, 

2011) are used to assess the differences between the simulation results and the field data: 1) 

Root Mean Square Percentage Error (RMSPE); 2) Mean Percentage Error (MPE); 3) Theil’s 

inequality coefficient (U); 4) Root Mean Square Error (RMSE), mathematically,  
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where s

ny  represents the simulation value (speed) of the thn vehicle in the VISSIM model; 0

ny  

denotes the field value of the n
th

 vehicle; 0N  is the number of observations. We randomly 

select 20 vehicles from the field data and record their times. Then these vehicles will be 

matched with those generated from our simulation model according to the recorded time. In 

this study, the three error tests are carried out for comparing the speeds of randomly selected 

vehicles. Five groups of field data is randomly extracted, each of which contains 20 vehicles. 

The average error tests are aggregated in Table 4-1. 

 

Table 4-1: Error tests of speeds 

Number of group RMSE(m/s) RMSPE (%) MPE (%) U (%) 

1 2.88 10.32 5.55 0.23 

2 2.67 11.34 4.23 0.24 

3 3.52 12.35 7.62 0.29 

4 3.42 12.38 6.47 0.25 

5 2.48 11.56 5.54 0.26 

     

Average 2.99 11.59 5.88 0.25 

 

 

Table Table 4-1 shows the results of the error tests on each group data across the time period 

investigated. As can be seen in the table, all groups show positive MPE values; also, the 

average MPE value is positive (5.88%), which suggests that the simulation values slightly 

over-estimate the speeds compared against the field data. All groups have RMSPEs of less 

than 13% and the average across all vehicles is 11.59%. The average U and RMSE are found 

as 0.25% and 2.99 respectively, which suggests that the model performs well. Hence, it can be 
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concluded that VISSIM model can reproduce motorway traffic with an acceptable level of 

accuracy.  

 

Table 4-2: Comparison of total flow per hour between field and simulated data 

Number of time period Field data Simulated data GEH 

1 6045 5996 0.63 

2 5823 5722 1.33 

3 5088 5011 1.08 

4 4801 4632 2.46 

5 4547 4584 0.55 

6 4175 4165 0.15 

7 5770 5688 1.08 

8 5992 5959 0.43 

9 5995 5869 1.64 

10 4888 4812 1.09 

11 5150 5076 1.03 

12 2747 2709 0.73 

13 4424 4363 0.92 

14 3918 3883 0.56 

15 4552 4469 1.24 

16 4491 4439 0.78 

17 5779 5755 0.32 

18 6011 5971 0.52 

19 6024 5963 0.79 

20 4866 4788 1.12 
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We further use Geoffery E. Heavers (GEH) test to conduct volume validation. GEH, a 

modified chi-square statistics, has been widely employed to compare the fitness between 

simulation and field data (Dowling et al., 2004; Holm et al., 2007; Habtemichael and Picado-

Santos, 2014). Mathematically, GEH can be represented as 

 

2( )

( ) / 2

S F
GEH

S F





 (3.5) 

where S denotes simulated data, while F represents field data. By considering both relative 

and absolute differences between simulated and field data, Table 4-2 shows the results on 

comparison of total flow per hour between field and simulated data. 

 

As shown in Table 4-2, the GEH values for 20 time periods are between 0.15 and 2.46. The 

average value for overall GEH of all time periods is 0.92. As suggested by Dowling et al. 

(2004) and Holm et al. (2007), a GEH value for sum volume of all links less than 4 is 

considered as a good fit. Therefore, the simulation model performs well. 

4.6 A Comparative Analysis  

In testing the performance of the ACI, a comparative study is carried out between the 

surrogates TTC, PSD, CPI and ACI on the Pacific Motorway, Queensland. In this research, 

the investigated section is chosen between the exits #9 and #20 of the northbound Pacific 

Motorway. Based on the traffic and crash data provided by the DTMR in Queensland, the 

traffic condition of the investigated section can be simulated. Thus the risk of the whole 

section can be measured by the surrogates TTC, PSD, CPI and ACI. In this research, all rear-

end crashes of this section from 2005 to 2013 and loop detector data in 2014 are used. In 

order to get more accurate results from VISSIM, we integrate the trajectory data based on the 
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results of different random seeds. By analysing the trajectory data generated by VISSIM, the 

risk for each time period can be represented by different surrogate indicators. In this regard, 

the concepts of individual risk and societal risk are introduced. According to the previous 

research (Meng and Weng, 2011; Kuang et al., 2014), the individual risk is defined as the 

crash risk or threat to an individual motorist, which is regarded as the likelihood of collision 

occurring to the individual traveller i . In this research, the individual risk can be represented 

by ACI and CPI directly, while it is measured as the difference between TTC or PSD value 

and their thresholds if it is below the thresholds. The threshold of TTC in this study is 4 

seconds which was suggested by (Van de horst, 1993; Qu et al., 2014; Kuang et al., 2015c), 

while PSD’s threshold is regarded as 1 (Guido et al., 2011; Kuang and Qu, 2015c).  Since the 

calculation of ACI is based on Monte Carlo method, we use the average value of ten times’ 

run to minimize the error for each car-following scenario. Further, the societal risk is defined 

as the combined risk of all individual risks to all of the affected motorists during time period 

T  measured by surrogate indicator j , mathematically represented by 

 1 1 00

( ) ( )

TM M N

j ij ij sc

i i t

SR IR t dt IR t 
  

   
 (3.6) 

where ( )ijIR t represents the individual risk of the discrete scenario i at discrete time 

t measured by surrogate j , sc is the time-scan interval, there are a total of N time instances 

during time period T. Therefore, based on the collected data, the societal risk of investigated 

section can be represented by selected surrogate indicators. By simply investigating the linear 

model between societal risk and crash counts, the performances of surrogate indicators can be 

evaluated. 
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Figure 4-13 shows the linear relationships between the crash counts and societal risks 

represented by ACI, TTC, PSD and CPI. The R square value indicates how well the societal 

risk fits crash counts in a linear model. The higher R square value indicates better 

performance of the surrogate indicator on predicting crash in a linear relationship. As can be 

seen in Figure 4-13, the R square of ACI (0.6867) is higher than those of TTC (0.3643), PSD 

(00.3538) and CPI (0.2722).  
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Figure 4-13: The relationship between societal risk and crash counts 

 

In order to further analyse the performances of those surrogates on presenting risk, we carry 

out error tests on these two linear models again. The lower the results are, the better 

performance the linear model has. As shown in  
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Table 4-3, ACI has lower RMSPE (29.70%), MPE (6.36%) and U (13.18%) than those of 

TTC, PSD and CPI respectively.   

 

Table 4-3: The error tests for four surrogates on presenting risk 

Surrogate indicator RMSPE (%) MPE (%) U (%) 

ACI 29.70 6.36 13.18 

TTC 168.77 61.75 35.98 

PSD 58.67 21.00 27.87 

CPI 298.11 9362.77 36.96 

 

According to the results, it is easy to find that the ACI has better performance than surrogates 

TTC, PSD and CPI in this research. The possible reasons are listed as the following: 1) The 

ACI can evaluate more car-following scenarios than the other surrogates. According to the 

notions of the other surrogates, all scenarios in which the speed of the following vehicle is not 

greater than that of the leading vehicle are regarded as safe. That is to say, the condition used 

to determine the risk is the speed differential. Thus, it is impossible to identify the risks in 

other scenarios by using the TTC, PSD and CPI. As discussed in the methodology section, the 

ACI is proposed based on a hypothetical disturbance; it can be used in any car-following 

scenario, even when the leading vehicle’s speed is greater than that of the following vehicle. 

Therefore, the ACI can have more accurate results than the other surrogates. 2) The ACI takes 

more important variables into account. Since the drivers and vehicles are most critical parts in 

crash mechanism, the consideration of the driver’s reaction time and the MADR can 

contribute to a better representation of the risk. 3) The ACI is derived based on the complex 

crash mechanism and causality. Through these merits, the surrogate indicator ACI is able to 

represent the risk more accurately and has wider applicability.   
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4.7 Applicability Analysis 

In order to apply the proposed methodology, 96,500 discrete Instantaneous Car-following 

Scenarios (ICSs) are extracted randomly from the trajectory data of the I-80 provided by 

FHWA, each with time duration 1/15 second. In this research, all 96,500 ICSs are evaluated 

by ACI and the traditional surrogate indicators of CPI, TTC and PSD respectively. In order to 

represent the risk for each scenario, the concept of individual risk is introduced. In this study, 

the individual risk ( iIR ) is defined as the likelihood of a collision occurring to individual 

traveller i . For each ICS, the individual risk can be expressed as the difference between the 

surrogate value and its threshold, or mathematically, 

 

* *          
         

0                 

j ij j ij

ij

S S if S S
IR

otherwise

  
 


 (3.7) 

where ijIR  represents the individual risk of discrete ICS i  measured by surrogate j ; ijS  

denotes the surrogate value for discrete ICS i  measured by surrogate j ; *

jS  is the threshold of 

surrogate indicator j . Since the surrogate indicators ACI and CPI represent risk, the 

individual risk of an ICS can be denoted by these two surrogate indicators directly. The 

thresholds for TTC and PSD are set to 4 seconds and 1 respectively (Meng and Qu, 2012; 

Guido et. al., 2011; Kuang and Qu, 2015b). Using the data from the I-80, the speeds, headway 

and vehicle lengths for each car-following scenario are all obtainable. 

 

 In order to investigate the change in the risk over time, we take just the 1,500 ICSs with the 

highest risk. Based on the concept of individual risk, these 1,500 ICSs are evaluated by the 

surrogate indicators ACI, CPI, TTC and PSD respectively according to their notions. As can 

be seen in Figure 4-14, the individual risk of these 1,500 ICSs gradually decreases in the four 
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pictures. However, some ICSs are found to have high risk according to the ACI but zero risk 

according to the surrogate indicators CPI, TTC and PSD. 

ICS

IR IR

IR IR

ICS

ICS ICS

(a) ACI (b) CPI

(c) TTC (d) PSD
 

Figure 4-14: Risk analysis for all scenarios 

In order to investigate the risk in a car-following scenario with an obvious speed difference, 

we choose one scenario in which the speed of the leading vehicle is much less than that of the 

following vehicle, due to lane changing by some vehicle up ahead. The total time period 

investigated for this car-following scenario covers 185 time frames. Using the same four 

surrogate indicators, the individual risk of this car-following scenario is estimated. As shown 

in Figure 4-15, the individual risk is found to be high at first and then to decrease gradually 

according to TTC, ACI and PSD, while it increases at first and then decreases according to the 

CPI. In general, ACI has a similar risk trend over time to TTC and PSD.  
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Figure 4-15: Risk analysis for car-following scenario #1 

 

We further check one scenario in which the speed of the following vehicle is consistently less 

than or equal to that of the leading vehicle. A total of 451 time frames are studied. The 

average time headway for this scenario is 0.61 seconds, which is very risky in a freeway 

situation. Figure 4-16 shows the risk in this car-following scenario according to the four 

surrogate indicators. The individual risk is suggested to be zero by CPI, TTC and PSD, while 

ACI shows it to vary over time. In this car-following scenario, the vehicles drive with similar 

speeds and a small time gap. However, the risk cannot be identified by CPI, TTC and PSD. It 

should be pointed out that this scenario is also associated with high speeds and low headways 

for both vehicles. ACI identifies this scenario as risky, while the other surrogate indicators 

identify it as safe. In other words, the other surrogate indicators are only applicable to car-
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following scenarios in which the following vehicle is moving faster than the leading vehicle. 

In contrast, the ACI can be used under any car-following conditions. 
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Figure 4-16: Risk analysis for car-following scenario #2 

4.7.1 Findings and discussions 

The results show the following: 1) The surrogate ACI depicts a similar time trend to 

traditional surrogate indicators (CPI, TTC and PSD) for car-following scenarios in which the 

speed of the following vehicle is obviously greater than that of the leading vehicle. 2) For 

scenarios in which the speed of the following vehicle is not apparently greater than that of the 

leading one, the ACI produces different results to the traditional surrogate indicators. This is 

due to the definition of the traditional surrogate indicators. According to the notions of CPI, 
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TTC and PSD, all scenarios in which the speed of the following vehicle is not greater than that 

of the leading vehicle are regarded as safe. That is to say, the condition used to determine the 

risk is the speed differential. Therefore, it is impossible to identify the risks in other scenarios 

using the traditional surrogate indicators. As discussed in the methodology section, the ACI is 

proposed based on a hypothetical disturbance and is derived from the crash mechanism; it can 

be used in any car-following scenario, even when the leading vehicle’s speed is greater than 

that of the following vehicle. Furthermore, the ACI takes into account more important 

variables, namely the reaction time and the MADR, better representing the risk by taking into 

account the complex crash mechanism. Through these merits, the surrogate indicator ACI is 

able to represent the risk more accurately and has wider applicability.   

4.7.2 Conclusion 

This research proposes a novel methodology for producing a surrogate indicator based on a 

hypothetical disturbance. Under this hypothetical disturbance to the leading vehicle, the 

following vehicle’s action taken to avoid a crash is based on a probabilistic causal model. 

Then a tree structure is developed to describe the eight possible conflict types under the 

model. The surrogate indicators of BRAD and ACI are proposed to measure the minimum 

braking rate required and the aggregated crash risk respectively. With a hypothetical 

disturbance, there is no boundary conditions, that is to say, all car-following scenarios can be 

evaluated by the ACI. By taking into account the reaction time and the MADR, the ACI 

provides more accurate results. The example we provide shows that the ACI can evaluate car-

following scenarios in which the speed differences are not apparent, while the other surrogate 

indicators cannot. Therefore, the ACI provides more comprehensive representations of the 

risk than the traditional surrogate indicators.  
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5 APPLICATION ONE: EXTENSION OF ACI BASED 

SAFETY FUNDAMENTAL DIAGRAM  

5.1 Introduction 

Due to the massive losses caused by vehicle crashes, traffic safety has become a high-priority 

issue to traffic researchers and engineers. For decades, numerous studies have been conducted 

addressing possible factors affecting the likelihood of a vehicle crash. The traditional method 

is to predict the vehicle crash frequency, by relying on statistical techniques and historical 

crash data. According to the overview paper of Lord and Mannering (2010), many generalized 

linear regression models were developed to establish the relationship between crash count, 

traffic parameters and road geometry parameters. Among ssfuch research, a considerable 

amount of pioneering studies have been conducted addressing the relationship between 

historical crash data and traffic volume, using different forms of traffic volume, such as 

Annual Average Daily Traffic (AADT), the hourly traffic volume and the volume/capacity 

(V/C) ratio (Miaou, 1994; Wong et al., 2007; Wang et al., 2009; El Basyouny and Sayed, 

2010; Haque et al., 2010; Pei et al., 2011). Many different models have been found to 

represent the relationship between the traffic volume and crash data, either linearly or non-

linearly. Tanner (1953) found that the traffic volume and crash data follow the model 

Y F  , where Y represents the crash count, F denotes the traffic volume, and ,   are the 

calibration coefficients. A non-linear concave function was found by Hauer and Bersaud 

(1988) to represent this relationship. Abbas (2004) found it to follow a power function for 

most rural roads in Egypt. A typical U-shaped relationship was found in some other studies 

(Zhou and Sisiopiku, 1995; Cedar and Livneh, 1982; Martin, 2002; Lord et al., 2005).  
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As suggested by researchers (Wang et al., 2011; Qu et al., 2015a), one particular traffic 

volume should correspond to two distinct traffic states with different densities and speeds in 

the fundamental diagram. Indeed, the safety level of those two traffic states should be distinct 

due to the different safety levels. Accordingly, although the two states have the same volume, 

it is critical to distinguish them when analyzing the relationship between traffic volume and 

crashes. As pointed out by Qu et al. (2015b), traffic volume itself would not be appropriate to 

represent a traffic state. In this regard, other traffic flow characteristics such as speed and 

density should be considered when establishing the relationship between traffic states and 

safety. 

 

Although the traditional method has been used for decades, it is extremely hard to correctly 

address the crash factors when large amounts of quality crash data are unavailable. Since 

crash counts are discrete rare events with low probabilities of occurrence, data collection is a 

time- and labour-consuming job. In order to facilitate data collection, traffic conflicts were 

found to be a better alternative for predicting and analysing crashes, due to their many 

advantages (Chin and Quek, 1997; Svensson and Hydén, 2006; Tarko, 2012; Wu and Jovanis, 

2012; Kuang et al., 2015b). Firstly, owing to the strong causal relationship with crashes, 

traffic conflicts can easily be used to represent crashes, but they occur much more frequently. 

Secondly, a traffic conflict can reflect the crash causality and mechanism, on account of its 

specific position as a state lying between safety and a crash. Last but not least, traffic conflicts 

can be used to address problems before a crash occurs, which is regarded as a proactive rather 

than reactive approach. Accordingly, it is of great advantage to use conflicts instead of 

crashes in safety analysis. Thus, many crash surrogate indicators were proposed and applied 

to measure traffic conflicts (e.g. Hayward, 1972; Cooper and Ferguson, 1976; Sayed et al., 
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1994; Minderhoud and Bovy, 2001; Cunto and Saccomanno, 2008; Kuang et al., 2014; Kuang 

et al., 2015a; Kuang and Qu, 2015a).  

 

The objective of this study is to propose a safety fundamental diagram, using which the 

relationship between conflicts and traffic states can be clearly analyzed with fundamental 

diagrams. To do so, we illustrate a case study using traffic field data collected from 

expressways. Four crash surrogate indicators, the Aggregated Crash Index (ACI), the Time to 

collision (TTC), the Proportion of stopping distance (PSD) and Crash Potential Index (CPI) 

are applied to measure the risk level of a conflict. We further exemplify the relationship 

between conflicts and traffic states in fundamental diagrams. With the application of the 

safety fundamental diagram, the relationship between conflicts and traffic states can be 

obtained visually without any historical crash data.   

5.2 Data Description 

5.2.1 Data collection 

In order to analyze the relationship between traffic states and conflicts, detailed traffic data 

(volume, speed, density, headways, etc.) were collected on the Beijing North Ring III 

expressway in China (GPS coordinates: 39.967533, 116.326804). All data were collected at 

the spot on June 21st (Tuesday) in 2011 during eight different time periods, including two 

morning peak hours, three afternoon peak hours, and three off-peak hours. There are three 

lanes and the speed limit is 80 km/hour at the spot. During our survey, no specific traffic 

controls or crashes were found. By taking advantage of the traffic management systems, the 

traffic volumes, spot speeds, time headways and vehicle lengths were precisely recorded 

based on a 100-metre road section.  
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5.2.2 Aggregated traffic data 

Since our traffic data collection points cover only 100 meters of a geometrically 

homogeneous road section, we assume that the traffic flow is the same at all spot road 

sections. In total, 52,994 car-following scenarios from the source data are used in this study. 

In order to minimize the errors produced during data collection, we further aggregate the 

source data for each 60-second time period. The aggregated traffic volume is calculated based 

on the number of vehicles passing through the road section in each time period. The 

aggregated traffic density and speed refer to the average values of the source data for each 

time period. Thus 2,280 aggregated traffic points are generated with distinct traffic volume, 

speed and density. In order to find the characteristic of the aggregated data, we map them in a 

speed-flow fundamental diagram, which is shown in Figure 5-1. 

 

Figure 5-1: Aggregated traffic data in speed-flow diagram 

 

As can be seen in Figure 5-1, the maximum speed and flow rate are found to be around 90 

km/h and 2,200 veh/h respectively, which sounds reasonable since the speed limit is 80 km/h. 

We further divide the diagram into six different regimes A to F based on level of service. The 
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speed and flow at capacity are roughly estimated as 40 km/h and 2,000 veh/h respectively. In 

order to find the relationship between speed and density, the aggregated data are analysed 

using statistical techniques. It is found that the speed and density follow the Underwood 

model, which was proposed by Underwood (1961), and is represented mathematically by 

 

0

expf

k
v v

k

 
  

 
  (4.1) 

where fv and 0k  represent the free flow speed and the capacity density, which are found to be 

107.6 km/h and 51.9 veh/km based on the field data, respectively. As depicted in Figure 5-2, 

all data fit the Underwood model, shown as the red line, well.  

 

Figure 5-2: Aggregated traffic data in speed-density diagram 

 

5.2.3 Traffic conflict data 

For each car-following scenario, the traffic conflict can be measured by the surrogate 

indicators, based on speed, vehicle length, distance headway, disturbance, driver’s reaction 

time and vehicle’s braking capacity at a particular time. As suggested by previous researchers 
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(Vogel, 2003; Meng and Weng, 2011; Meng and Qu, 2012; Qu et al., 2014b), the distance 

headway for a car-following scenario 1 2D   can be estimated by  2 2 1V h l  . 1l  denotes the 

length of the leading vehicle in the car-following scenario, while 2V and
 2h

 
represent the 

speed and time headway of the following vehicles at a particular time, respectively. As 

suggested by Kuang et al. (2015b), 1.5 m/s
2
 is used as the degree of hypothetical disturbance 

imposed on the leading vehicle. 

 

Due to the impracticality of collecting scenario-specific drivers’ reaction times and vehicles’ 

braking capacities, two distributions are introduced to calculate the risks represented by 

surrogate indicators in this study. A lognormal distribution with a mean of 0.92 seconds and a 

standard deviation of 0.28 seconds was recommended by Triggs and Harris (1982) for 

drivers’ reaction times in rear-end conflicts, while a truncated normal distribution was 

suggested for the maximum available deceleration rate (AASHTO, 2004; Cunto and 

Saccomanno, 2008). Based on those two distributions, we further use the Monte Carlo method 

to calculate the risk for each car-following scenario. A total of 1,000 seeds are generated 

during the calculation for each distribution. We assume that risks with respect to different car-

following scenarios in this road section will follow the same distribution. Accordingly, we 

only measure the risk values at a particular spot and a particular time, and use those to 

represent the risk values for this short road section in the given time period. In this research, 

ACI and CPI can represent the risk directly, while the risks represented by PSD and TTC are 

determined by comparing their values and thresholds. Suggested by Kuang et al. (2014 & 

2015), the threshold for PSD and TTC are regarded as 1 and 4, respectively. In this regard, the 

risk level of each car-following scenario can be measured by using different surrogate 

indicators. 
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5.3 Safety Fundamental Diagram 

5.3.1 Aggregated traffic points 

By using the same method on aggregating traffic data, the conflict levels at 2,280 aggregated 

traffic points can be represented by different surrogate indicators. For each aggregated traffic 

point, the conflict level is generated by calculating the average risk values represented by each 

surrogate indicator individually. Using the magnified risk values to determine the diameter of 

each aggregated point, the conflict level at each point can be visually mapped onto the 

corresponding position in the fundamental diagram, according to speed and flow.  
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Figure 5-3: Conflict scatters in the speed-flow diagram 
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Figure 5-3 shows the fundamental diagrams mapped with conflict level represented by 

different surrogate indicators. For surrogate indicators ACI and TTC, the points in regime A 

are extremely small, while the points in regime F are found to be comparatively bigger. 

Further, the diameters of points are found to increase as we move from regime A to F. 

Obviously, the conflicts measured by the ACI and TTC increase from regime A to F. For PSD 

and CPI, no obvious connections between conflict and fundamental characterises are found. 

 

 (a) ACI (b) TTC

(c) PSD (d) CPI  

Figure 5-4: Conflict level scatter plot in the speed-density diagram 

 

 

Similarly, we demonstrate the conflicts represented by different surrogates at aggregated 

points in a speed-density diagram by using the magnified risk values as the diameter of each 

point. Figure 5-4 shows the relationship between conflict level, speed and density with risk 

represented by different indicator. For indicator ACI and TTC, the conflict level grows with an 

increase in density and a decrease in speed. When the density increases, the distance 
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headways between cars are reduced, potentially increasing the risk even though the speed is 

decreasing.  By using PSD and CPI, those trends cannot be found obviously. 

5.3.2 Conflict levels and traffic states 

In order to examine the relationship between conflict level and traffic state, we adopt the 

following procedure to divide the aggregated field data into many traffic states, sorted by 

density, with uniform span. 

 

Step 1: Rank all observations according to their densities, from smallest to largest,   

 
                          1 1 1 1

, , , , , , , , , , , , ,
i i i i m m m m

k v f R k v f R k v f R   (4.2) 

where      1 i m
k k k    , and  iv ,  if  and  i

R  are, respectively, the corresponding 

speed, flow rate and risk value under traffic density  ik . 

 

Step 2: Determine the total number of intervals for those observations with constant span 1.5 

veh/km, mathematically 

 max minround
1.5

k k
n

 
  

 
  (4.3) 

where n  is the total number of intervals, and maxk  and mink  represent the maximum and 

minimum density of the aggregated field data, respectively. 

 

Step 3: Find the range of each interval as follows: 

    min min1.5 1 ,  1.5 ,   1:1:k n k n n n      (4.4) 

Then count and record the number of data points for the corresponding interval as  

  ,  1:1:nN n n  (4.5) 
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Step 4: Calculate the cumulative risk (CR) value for each interval, which can be written as 

  
1

1

1

1

1

,  ,  1:1:
n n

n

M N n

n i n n

i M n

CR R M N n n




 



 

      (4.6) 

where nCR  denotes the cumulative R value for the n
th

 interval, while 1nM   and iR  

respectively denote the lower bound of the n
th

 interval and the i
th

 R value in step 1. 

 

Step 5: Compute the average risk (AR) value for each interval as follows: 

  ,  1:1:n
n

n

CR
AR n n

N
    (4.7) 

where nAR  and nN  are the average R and the total number of Rs for the n
th

 interval. 

 

 (a) ACI (b) TTC

(c) PSD (d) CPI  

Figure 5-5: Conflict levels on the speed-flow curve 

 

By regarding each interval as a unique traffic state, 70 traffic states can be generated with 

different risks represented by AR. In order to better demonstrate the relationship between 
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conflicts and traffic states, the curve of speed and flow is generated based on the Underwood 

model obtained previously. We further map the risk of each state to the corresponding 

position on the speed-flow curve, using the AR value as the diameter.  

 

Figure 5-5 depicts the relationship between conflict level, speed and flow in the fundamental 

diagram by using different surrogate indicators. By using the mentioned procedure, the 

conflict level of each state which is shown as the red spots can be represented by four 

different surrogates. For ACI and TTC, those red spots are found to increase as we move along 

the curve from top to bottom. The flow value, which is located between 1,500 veh/h and 

capacity, is found to correspond to two traffic states, with different speeds. Obviously, the 

conflict levels are found to be different for those two states, the conflict level of the capacity 

state clearly being less than that of the over-capacity state. Thus, we can conclude that the 

conflict level increases along the curve, from level of service A to F by using ACI and TTC. 

For indicators PSD and CPI, it is found that the states nearly capacity have slightly higher 

conflict levels than others.  

 

We further use the same method to map the conflict levels of different states on the speed-

density curve. Figure 5-6 shows the relationship between conflict level, speed and density. 

The conflict level is found increasing along the curve, corresponding to an increasing density 

and decreasing speed for ACI and TTC. However, there is no obvious pattern found by using 

PSD and CPI. 
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 (a) ACI (b) TTC

(c) PSD (d) CPI  

Figure 5-6: Conflict level on speed-density curve 

 

5.4 Discussion 

Traffic volume is usually used to examine the relationship between conflict level and traffic 

flow characteristics, either at an aggregated or disaggregated level. Different models have 

been proposed to describe the relationship between traffic volume and crashes. According to 

the fundamental diagram, one traffic volume corresponds to two different traffic states with 

different speeds and densities. It is thus unreasonable to use traffic volume alone to establish 

the relationship with the conflict level, since it cannot represent a single traffic state. Thus, it 

is critical to take into account the speed or density in establishing the relationship between 

traffic state and conflict level. In this regard, we propose a new method for establishing the 

relationship between conflict level and traffic flow characteristics using fundamental 

diagrams.  
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In this study, a safety fundamental diagram is proposed, in which the conflict level is added to 

the fundamental diagram to illustrate the relationship with the traffic flow parameters directly. 

We use four classic surrogate indicators to represent the conflict level in this study. Based on 

the results, the conflicts represented by ACI and TTC have similar correlation with 

fundamental characteristics. It is shown that higher volume does not result in a higher conflict 

level. Although the capacity state is the one with the highest volume, its conflict level does 

not correspond to the peak one. For those states with the same traffic volume, the conflict 

levels are found to differ, that of the uncongested state (under-capacity) being obviously 

smaller than that of the congested state (over-capacity). For the uncongested states, the 

conflict level increases as the volume increases, while for the congested states the conflict 

level increases as the volume decreases. It is also found that the conflict level has a positive 

and negative correlation with density and speed, respectively. Higher densities and lower 

speeds can result in higher conflict levels. For those conflicts represented by PSD and CPI, no 

obvious relationship is found with fundamental characteristics.  

5.5 Conclusions 

Since one traffic volume can represent two distinct traffic states with different conflict levels, 

it might be problematic to use traffic volume alone to examine the relationship between 

crashes and states. Thus, we use total 52,994 car-following scenarios to illustrate the safety 

fundamental diagram and examine the relationship between conflict level and traffic flow 

characteristics using fundamental diagrams. For each car-following scenario, the conflict level 

is estimated and represented by four different surrogates. By aggregating the car-following 

scenarios for each 60-second period into one point, 2,280 aggregated traffic points are 

generated and illustrated in fundamental diagrams with distinct conflict levels. By using the 
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conflict value as the diameter for each point, the relationship between conflict level and traffic 

flow parameters can be shown visually in the safety fundamental diagram. We further 

examine the relationship between conflict level and traffic state by grouping the 2,880 

aggregated traffic points into 70 traffic states according to density. Using the safety 

fundamental diagram, it is easy to find the relationship between conflict level, traffic flow 

characteristics and level of service. Based on the results, it is shown that conflicts represented 

by surrogate indicators ACI and TTC have distinct correlation with traffic flow characteristics 

in the fundamental diagram. Obviously, the relationship between conflict level and traffic 

volume should not be examined overall, but separately for under- and over-capacity states. 

The conflict level is found to have a strong correlation with the level of service, as the latter 

increases from level A to F. Additionally, it is suggested that speed and density respectively 

have negative and positive correlations with the conflict level. 

 

This research has two limitations. Firstly, a total of 2,280 aggregated data points are generated 

from the car-following scenarios in each 60-second time period. Thus, the sample size and 

data quality might be insufficient to satisfactorily deduce an accurate result. As a further 

study, more data will be collected to validate the relationships seen in the safety fundamental 

diagram. Secondly, the study is based on the assumption that the conflict level is 

proportionate to the crash frequency. As a follow up study, this relationship should be 

validated properly using actual crash data. 
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6 APPLICATION TWO: RISK PROPAGATION AND 

DISSIPATION BY USING ACI 

6.1 Introduction 

There is no doubt that traffic safety has become one of the greatest concerns of transportation
 

agencies. It was reported that the social cost of vehicle crashes in Australia was AUD 17.85 

billion (around 2% of GDP) in 2006 and, more importantly, vehicle crashes were the leading 

cause of deaths for those under 45 years old (BITRE, 2006). In Australia, the travel demands 

between mega-cities and their satellite cities (e.g. Brisbane - Gold Coast) are very significant, 

especially during peak hours. Accordingly, the intercity freeways frequently operate at 

capacity or even in a state of synchronized flow. For example, the traffic volume of the 

Pacific Motorway (M1) in Queensland, linking Gold Coast and Brisbane, could be as high as 

2,662 veh/hour per lane (i.e. average headway = 1.35 seconds) on some sections during peak 

hours, while the speed is still around 110 km/hour. The high speeds and small headways mean 

that even a slight disturbance might result in a rear-end crash or even a chain collision (multi-

vehicle collision). Under this type of traffic state, any traffic crashes will also lead to severe 

traffic congestion, causing in turn serious health, economic and environmental problems 

(Beckmann, 2013; Ngoduy, 2013; Liu et al., 2013; Zheng et al., 2011; Qu and Meng, 2014). 

According to the historical data provided by the DTMR of Queensland, rear-end crashes are 

the most common type on the Pacific Motorway (rear-end crashes 34.5%, fixed objective 

crashes 23.6%; sideswipes 18.4%; and others 23.5%). Further, the percentage of fatalities and 

injuries caused by rear-end crashes is significantly high: rear-end crashes 41.0%, fixed 

objective crashes 18.1%; sideswipes 18.6%; and others 22.3%. Hence, it is of great 

importance to investigate rear-end crashes on the Pacific Motorway. In this study, freeways 
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that are usually associated with heavy volumes, small headways and high speeds are defined 

as saturated freeways (SFWs). 

 

It is impossible to estimate SFW crashes without having a sound understanding of their 

mechanism. In the past 30 years, many researchers have contributed towards the estimating of 

crash risk, relying purely on statistical techniques (Hauer, 2004; Jovanis and Chang, 1986; 

Lord and Persaud, 2000; Wong et al., 2007; Pei et al., 2011; Lord, 2002). These count-data 

regression models aim, without taking into account the crash mechanism, to directly establish 

the relationship between discrete rare crash counts and traffic/geometric parameters in a 

macroscopic manner. Although these models performed well for low-volume freeways 

(Chang, 2005; Kopelias et al., 2007; Ahmed et al., 2012), they may not be as accurate on 

estimating crash risks on SFWs. Under low-volume conditions, vehicles in a platoon are less 

dependent on one another, and the interactions between vehicles are not the major cause of 

crashes. In other words, minor disturbances are usually not propagated to the following 

vehicles as the vehicle spacing is sufficient to accommodate the disturbances. In contrast, 

vehicles in a platoon on a SFW are highly dependent: any disturbance will be propagated from 

one vehicle to another, and could therefore affect all the vehicles in the platoon. Therefore, in 

the case of SFWs, understanding the propagation and dissipation of crash risks caused by 

disturbances is of significant importance in analyzing the crash mechanism, and thus 

estimating the crash risk. 

 

In order to analyze the propagation and dissipation of crash risks produced by disturbances, a 

modified cellular automata (CA) model is developed to simulate the traffic flows on the 

Pacific Motorway (Helensvale section) on the basis of field data collected during peak hours. 

The Nagel-Schrechenberg (NS) model (1992) is one of the most well-recognized CA models 
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for simulating freeway traffic (Jia and Ma, 2011; Kerner et al., 2011). By taking advantage of 

the trajectories simulated by the CA model, the crash risks can thus be estimated using 

surrogate indicators. Surrogate indicators were first proposed and used to evaluate treatment 

in the medical sciences, and later utilized to reduce or eliminate crashes by traffic engineers 

and researchers (Tarko et al., 2009; Chin and Quek, 1997; Ishak et al., 2012; Meng and Qu, 

2012a&b). In view of their many merits, crash surrogate indicators have been well recognized 

as good safety indicators for analyzing and estimating crashes (Li et al., 2013; Quenneville 

and Dunning, 2012; Xu et al., 2012; Gettman and Head, 2007). ACI, which was defined as the 

overall crash risk of a car-following scenario by considering a hypothetic disturbance (Kuang 

et al., 2015), can be applied to evaluate any car-following scenario on account of many merits. 

Based on the ACI notion, in this research, two distinct interpretations of crash risks, individual 

and societal risk, are proposed from the perspectives of the individual travelers and the 

transport agencies, respectively.  

 

The contribution of this research is three-fold. First, a modified NS model is developed based 

on the survey data to evaluate the impact of different levels of disturbances on a SFW. 

Second, two types of crash risk indices are proposed to interpret the risks from the 

perspectives of the individual travellers and the transport agencies. Third, this is the first 

research to quantitatively describe the propagation and dissipation of crash risks in a platoon 

caused by different intensities of disturbances by using surrogate indicator ACI.  
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6.2 Methodology 

6.2.1 Crash risks based on ACI notion  

As mentioned in the introductory section, individual travelers and transport agencies have 

distinct interpretations of crash risks. Individual travelers are concerned more about the crash 

risks to themselves, while transport agencies pay more attention to the overall risks (Kuang et 

al., 2014). In this study, the individual risk is defined as the crash risk or threat to an 

individual motorist caused by a disturbance, which can be mathematically estimated by: 

 i iIR ACI  (5.1) 

where iIR  and iACI  represent the individual risk and the ACI value of vehicle i  during the 

time investigated, respectively. Similarly, the societal risk is defined as the combined risk of 

all the individual risks to all of the affected motorists, as a result of any disturbance. 

Mathematically, this is given by: 

 
1

n

i

i

SR ACI


  (5.2) 

where SR  denotes the societal risk for all vehicles disturbed during a specific time period, 

while iACI  represents the ACI value for traveler i during the time period. There are total n 

travelers included. 

6.2.2 CA model 

In this study, a modified NS (MNS) model is developed and applied to simulate the impact of 

different intensities of disturbances on vehicles travelling on a SFW. The performance of the 

MNS model depends on a few issues: the size of the cell, the updating rules and the setting of 

the parameters. In the original NS model, a uniform cell length of 7.5 m was assumed but this 

could lead to unrealistic acceleration and deceleration rates. Therefore, a shorter length of 0.5 

m has been used in prior research applying the MNS model to freeways and expressways, and 
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has produced reasonable results (Meng and Weng, 2011b; Mallikarjura and Rao, 2007). Since 

only rear-end conflicts in a single lane are studied in this research, the width of a cell can be 

set equal to the lane width. Other key parameters such as maximum deceleration rate, 

acceleration rate, randomization probability and the lengths of vehicles are presented in Table 

6-1. 

 

In order to implement a synchronized flow with dynamic interactions of vehicles, the driving 

strategies in this model comprise the following four updating rules, which are used to update 

the vehicles’ longitudinal speeds and positions: 

 

Rule 1: (Acceleration). If the speed of a vehicle is less than maxv , the speed is adjusted by the 

acceleration rate:   max( 1) min ( ) ( ) ,  
n n n n

v t v t a v t v   . 

 

Rule 2: (Deceleration). If the speed of a vehicle is greater than its distance headway, namely 

( ) ( )
n n

v t d t , the speed of the vehicle is reduced to ( )
n

d t  on the basis of the deceleration rate 

capacity:   max( 1) max min ( ), ( ) ,0
n nnv vt d t t de   .  

 

Rule 3: (Randomization with probability p). Each vehicle decreases its speed with probability 

p if its speed is greater than or equal to 1:  ( 1) max ( 1) 1,  0
n n

v t v t    . 

 

Rule 4: (Vehicle motion). The position of vehicle n at time t+1 can be obtained based on its 

new speed: ( 1) ( ) ( 1)
n n n

x t x t v t    . 
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Table 6-1 shows the parameters of acceleration rate, maximum deceleration rate, 

randomization probability and vehicle length for the MNS model. In this MNS model, the 

acceleration updating rules are modified based on the NS model: different acceleration values 

are adopted for different speed regimes, instead of a constant acceleration value being used. 

Also, the NS model assumes that the deceleration rate for avoiding a collision is unlimited, 

which is impractical and might result in inaccuracies. AASHTO (2004) indicated that the 

upper limits of the deceleration rates for cars and trucks are 12.68 m/s
2
 and 10.05 m/s

2
, 

respectively. Rounding these to the nearest 0.5 m/s
2
, the maximum deceleration rates for light 

and heavy vehicles in the MNS model are thus set as 25 cells/s
2
 and 20 cells/s

2 
(i.e. 12.5 m/s

2
 

and 10 m/s
2
). Furthermore, without loss of generality, the lengths of light and heavy vehicles 

are calibrated as 4.5 m (9 cells) and 8 m (16 cells) respectively. In the MNS model, the 

leading vehicle accelerates according to the relevant acceleration value directly after the 

disturbance. The updating procedure then applies to each vehicle, from the leading vehicle to 

the last vehicle, in each second simultaneously. 

 

Table 6-1: Parameters for the MNS model 

Variables Condition Light vehicle Heavy vehicle 

Acceleration rate
a
  ( )

n n
a v t  ( ) 11 / 

n
v t cell s  4

2
/cell s  2

2
/cell s  

 11 / ( ) 22 /
n

cell s v t cell s   3
2

/cell s  1
2

/cell s  

 ( ) 22 /
n

v t cell s  2
2

/cell s  1
2

/cell s  

Randomization probability
b p

 ( ) 1 /
n

v t cell s  0.1 0.1 

Maximum deceleration rate 
c
 maxde  NA 25

2
/cell s  20

2
/cell s  

Length of vehicle
 a
 NA 9 cell  16 cell  

Note: ( )
n

v t is the travelling speed of a vehicle at the start time t . 

a
 Source: Meng and Weng (2011b)  

b
 Source: Knospe et al. (2000)  

c 
AASHTO (2004)  
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6.2.3 Model validation 

According to the work of Benekohal (1989) and Meng and Weng (2011b), the validation of 

the MNS model can be conducted by comparing the trajectories it generates against field data. 

All real data are collected on the 120m-long investigated section of the Pacific Motorway. 

The positions and speeds of seven light vehicles and three heavy vehicles in a platoon are 

captured within a 30s period. By setting the initial headways, speeds and vehicle composition 

equal to the pattern observed in the field, trajectories are simulated by the MNS model based 

on the four updating rules. 

 

Figure 6-1 shows the longitudinal trajectories of the 10 vehicles, from the MNS model and the 

field data. It can clearly be seen that the trajectory patterns generated by the MNS model are 

close to those obtained from the field data. In order to investigate the effectiveness of the 

MNS model in generating dynamic vehicle behaviour, we employ error tests to measure the 

closeness of the trajectories from the MNS and the field data. 
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Figure 6-1: Comparison of longitudinal vehicle trajectories: MNS model against field data 
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Based on previous studies (Bham and Benekohal 2004; Meng and Weng 2011b), four error 

tests 1) RMSE; 2) RMSPE; 3) MPE; 4) U are used to assess the differences between the 

simulation results and the field data. In this study, the four error tests are conducted on the 

speeds of the 10 vehicles, between the simulation results and the field data, at each second.  

 

Table 6-2: Error tests of speeds 

Vehicle # RMSE (m/s)
 

RMSPE (%) MPE (%) U (%) 

C1(light
1
) 2.15 7.21 1.82 3.69 

C2(light) 1.67 5.63 -3.28 2.91 

C3(heavy) 1.74 6.33 3.14 2.95 

C4(light) 1.47 5.39 4.14 2.56 

C5(light) 0.85 2.80 -2.18 1.45 

C6(light) 1.36 5.01 1.82 2.32 

C7(heavy) 0.75 2.66 1.85 1.30 

C8(light) 2.48 7.28 -4.97 4.10 

C9(heavy) 2.07 6.40 -5.10 3.39 

C10(light) 2.33 8.05 6.53 3.79 

     

Average 1.69 5.67 0.38 2.84 

1
vehicle type 

 

Table 6-2 shows the results of the error tests across the time period investigated. As can be 

seen, most vehicles show positive MPE values; also, the average MPE value is positive 

(0.38%), which suggests that the simulation values are slightly over-estimating the speeds 

compared to the field data. All vehicles have RMSPEs of less than 10% and the average 

across all vehicles is 5.67%. The average RMSE and U are found to be 1.69 m/s and 2.84% 

respectively, which suggest that the model performs well. In sum, these simulated results 
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suggest that the MNS model could reproduce freeway traffic realistically with an acceptable 

level of accuracy. 

6.3 A Case Study 

6.3.1 Pacific Motorway  

The Pacific Motorway (M1) in Queensland, Australia, is the major urban road corridor 

connecting Tugun to the Sunshine Coast hinterland via the Gold Coast and Brisbane. With the 

growth of the community, the increasing transportation needs have become a big challenge 

for the transportation agencies and authorities. In order to investigate the traffic flow on the 

M1, a survey was carried out during peak hours on 7th January 2014 (a Tuesday), at a bridge 

on Smith Street that goes over the M1 in Gold Coast. During the observation period, no crash 

occurred, and the speed limits on all lanes were 110 km/hour. In this study, only the middle 

lane in the direction going towards Brisbane is considered. Based on the survey data, it was 

found that the traffic volume reached 2,662 veh/hour and the speeds remained close to the 

speed limit. In addition, it was found that only 6.37% of vehicles obeyed the two-second rule 

that is recommended by the transport authority. Based on the statistical analysis, the 

headways followed a shifted log-normal distribution, while the speeds followed a normal 

distribution. Heavy vehicles were found to comprise 3.162% of all observed vehicles. In view 

of the state of over-capacity observed, with heavy volumes, short headways and high speeds, 

the observed flow can be considered representative of stable synchronized flow on a SFW.  

 

In order to analyze the propagation and dissipation of crash risks on the Pacific Motorway 

(Helensvale section), we examine the impact of different intensities of disturbances on 

vehicles in a
 
stable platoon. To achieve this goal, the proposed MNS model is applied to 

simulate the traffic on the motorway. The initial headways, speeds and composition pattern of 
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the vehicles are randomly generated using a Monte Carlo procedure based on the calibrated 

distributions. In each simulation run, the headmost vehicle decelerates due to the disturbance, 

in the first 4 s, and then accelerates based on the defined acceleration rules. The disturbance 

will then be propagated to the following vehicles according to the updating rules of the 

proposed MNS model. There are a total of 100 vehicles involved in each scenario and the 

simulation runs for 200 s. 
 

6.3.2 Simulation results 

6.3.2.1 Three intensities of disturbances  

We carry out a few experiments in order to examine the risks produced by disturbances. The 

disturbances are assumed to be deceleration by the leading vehicle of 3.5 m/s
2
, 5 m/s

2
 and 6.5 

m/s
2
, which we label as disturbances L (low), M (medium) and H (high). In our MNS model, a 

system with around 23,000 cells is used for each single run. From the simulation, vehicle 

trajectories are obtained based on the average values across 50 runs. The individual and 

societal risks for each disturbance scenario are then calculated for analysis.  

6.3.2.2 Individual risk 

Based on the trajectories and data collected from the simulation, we can obtain the spot speed, 

longitudinal position and distance headway for each vehicle in any single simulation second. 

Figure 6-2 depicts the risk for the first 11 vehicles under disturbance L.  



CHAPTER SIX 

 101 

 

 

Figure 6-2: ACI over time (disturbance type H) 

 

As can be seen in Figure 6-2, disturbance H, caused by the deceleration of the leading vehicle, 

is propagated from one vehicle to another. The ACIs with respect to the vehicles change 

dynamically from second to second. The dynamics of ( )iACI t  can be analyzed by amplitude 

(i.e. the peak value of ( )iACI t ) and exposure time (i.e. the duration of ( )iACI t > 0). In terms 

of the amplitude of the ACI, the fourth vehicle is found to have the highest risk (ACI > 0.5 s
2
). 

After vehicle 10, the disturbance has dissipated and the platoon becomes a stable flow once 

more.  

 

Individual risk is defined to represent the risk to which an individual motorist is exposed, by 

taking into account not only the amplitude but also the exposure time. In this study, the 

individual risk IRi with respect to vehicle i is estimated as the area between its curve and the 

time axis. Taking vehicle 2 as an example, the shaded area in Figure 6-2, which represents the 

individual risk for vehicle 2 due to disturbance H, corresponds to the far-left blue spot in 

Figure 6-3. As can be seen in Figure 6-3, a greater disturbance will result in, not only more 
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vehicles at risk, but also higher risks for the affected vehicles. Disturbances L, M and H affect 

5, 10 and 20 vehicles, respectively. Their peak risk values are 0.02 s
2
, 0.25 s

2
 and 0.85 s

2
, 

respectively. Under the low disturbance (L), vehicles 3 to 5 incur the highest risk. Under the 

medium disturbance (M), vehicles 3 to 7 have the most risk. The high disturbance (H) results 

in high risks to the immediately following vehicles, which then gradually decrease. Evidently, 

different intensities of disturbances have distinct trends in their propagation and dissipation 

processes.  

 

Figure 6-3: Individual risk for each vehicle in the platoon 

6.3.2.3 Societal risk 

In order to investigate how the crash risk propagates and dissipates over time, we analyze the 

different relationships between societal risk and time corresponding to different intensities of 

disturbances. According to the definition of societal risk, the dynamic societal risk can be 

represented as: 

    
10

   

T N

j sc

jt

SR ACI dt ACI 


    (5.3) 
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where sc  is the time-scan interval, there are a total of N time instances during time period T 

and jACI  denotes the societal risk for the j
th

 time-scan interval. Based on Eq.(5.3), the 

dynamic societal risks with respect to different intensities of disturbances are shown in Figure 

6-4. It can be seen that a greater disturbance will result in, not only a higher level of societal 

risk, but also that risk remaining for a longer period of time. Namely, the amount of time 

needed to absorb disturbances L, M and H is 22 s, 35 s and 54 s, respectively. Their peak risk 

values are 1.28 s
2
, 2.86 s

2
 and 4.65 s

2
, respectively.  

 

Figure 6-4: Societal risk over time 

 

 

In order to investigate the relationship between the societal risk incurred and the intensity of 

disturbance, 13 experiments with different intensity of disturbance starting from 3.5 m/s
2 

to 

6.5 m/s
2
 with increment 0.5 m/s

2
 were used. Based the definition of societal risk, we calculate 

the societal risk with respect to different intensities of disturbances and plot the results in 

Figure 6-5. According to the figure, the societal risk has a perfect parabolic relationship with 

the level of disturbance, represented by: 
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 20.2346 3.616 14.03           3.5,  6.5y x x x        (5.4) 

where x  represents the disturbance, and y denotes the societal risk. As the societal risk 

represents the risk across all vehicles in the platoon, it is considered a good surrogate 

indicator for vehicle crash frequencies, which implies that the frequency of crashes might also 

be parabolically related to the level of disturbance. This relationship might provide a possible 

way to estimate crash frequencies on SFWs.  

 

Figure 6-5: Societal risks vs. disturbance. 

6.4 Findings and Discussions 

The results of our analysis of the propagation and dissipation processes of crash risks should 

come as no surprise: higher intensities of disturbances will result in 1) more vehicles being 

affected, 2) higher risks to the affected vehicles and 3) a longer time until the risk dissipates. 

As a consequence, the societal risks increase with the intensity of the disturbance in a 

parabolic manner. As discussed in the introductory section, the traditional count-data 

regression models are incapable of modelling crashes on SFWs. The relationship between 

societal risk (as a good surrogate indicator for crash frequency) and the intensity of 
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disturbance provides a possible solution to the problem of estimating crash frequencies. 

Further, this relationship suggests that one large disturbance is likely to result in much more 

severe consequences than several small ones. Thus, the risk would be reduced if we could 

break large disturbances down into a few minor ones. In reality, the new ramp-metering 

strategy named “one vehicle per green” applies the same idea.  

6.5 Conclusion 

In this research, we propose a simulation-based methodology for examining the propagation 

and dissipation of crash risks caused by distinct intensities of disturbances. A modified CA 

model is developed based on survey data, to simulate the saturated traffic on the Pacific 

Motorway (Helensvale section) in Queensland. Two risk indices, individual risk and societal 

risk, are proposed based on the ACI notion, so as to interpret the risks from distinct 

perspectives. The societal risk is found to be parabolically related to the intensity of 

disturbance. This relationship might provide a possible solution to the problem of estimating 

crashes on SFWs.  

 

This study’s research scope is limited in that it only investigates rear-end conflicts in a single 

lane. It is suggested that further studies be conducted on other types of conflicts and on 

multiple-lane freeways, by introducing more variables. This methodology framework can also 

be applied using other simulation models and surrogate indicators. It would be of great 

interest to apply it to cost-benefit analysis or to assess possible traffic management measures. 
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7 CONCLUSIONS AND FUTURE WORKS 

7.1 Conclusions and Recommendations 

Fatalities and injuries caused by motor vehicles are one of the important safety concerns 

worldwide. Traffic crashes are recognized as the leading cause of death for young people. As 

a result, the increased number of injuries and fatalities continue to have impact on individuals, 

communities and society. Among those crashes, freeway crashes are recognised to be more 

serious with a higher ratio of fatalities. However, traditional surrogate indicators are not 

suitable to measure freeway safety due to many limitations. The purpose of this research is to 

propose a new surrogate indicator which can better measure traffic conflicts on freeways. 

 

This research proposes a novel methodology to define and estimate a surrogate indicator, by 

taking into account the impact of a hypothetic disturbance imposed to the leading vehicle in 

the car-following scenario. Under this hypothetical disturbance scenario, the following 

vehicle’s action is formulated as a probabilistic causal model. A tree structure is subsequently 

developed to describe eight possible conflict types under the model. The surrogate indicator 

ACI is then proposed to measure the crash risk based on the tree structure. We apply this 

indicator to measure crash risks for Pacific Motorways. The results show that the ACI 

outperforms TTC based indicators. Two applications of the ACI illustrate that, with a 

hypothetical disturbance, the proposed ACI performs well on representing crash risks. 

 

This research proposes a new surrogate indicator ACI. In this research, first, a probabilistic 

causal model is proposed by considering the impact of disturbances onto the crash 

mechanism. Based on this probabilistic model, we further develop a tree structure to describe 

8 possible conflict scenarios corresponding to different situations. Further, a new surrogate 
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indicator BRAD is derived to measure the minimum braking rate required by the following 

vehicle to avoid a crash by analysing the conflict process based on crash avoidance and 

evasive action mechanism. Therefore, the crash risk of each conflict scenario can be examined 

by comparing the BRAD and MADR. In this regard, a new surrogate indicator ACI is proposed 

to represent the overall risk of the car-following scenario investigated. 

 

In order to validate the surrogate indicator ACI, we carry out a case study on the Pacific 

Motorway, by using the simulation software VISSIM and data provided by Queensland 

DTMR. The results show that the ACI has better performance in representing risks in this case 

study. Besides, we also use field data to analyze the applicability of the ACI. Furthermore, the 

ACI is applied to represent risks in the safety fundamental diagram and crash risk propagation 

and dissipation. It is shown that the ACI can be used in different situations with good 

performance in representing risks. 

 

The contributions of this research are threefold. First, a new surrogate indicator ACI is 

proposed and developed based on the crash mechanism, and a novel disturbance with more 

interaction considered. The indicator can remedy the limitations and drawbacks of traditional 

surrogate indicators, and better measure traffic conflicts on freeways without any boundary 

conditions. Second, the proposed surrogate indicator ACI is validated based on the micro-

traffic simulation software VISSIM, field traffic data and historical crash data. Third, the 

validated surrogate indicator is applied to measure traffic conflicts in different situations as 

the crash risk propagation and dissipation in a platoon and the safety fundamental diagram.
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7.2 Future Works 

Four further studies can be done on the basis of this research. First, the frequencies of 

disturbance caused by lane changing activities are not investigated in this research. It is of 

great interest to study the disturbance frequencies in different situations, and address the 

relationships between the disturbance frequencies and associated risks. Second, the new 

surrogate ACI is derived based on individual car-following scenarios, without examining the 

impact of interactions among a group of vehicles on crash risks. Third, the reliability of the 

proposed validation approach highly depends on VISSIM simulations. As such, the results do 

not provide definite evidence that the ACI outperforms other measures. As a follow-up 

research, we will analyze the performance of surrogate indicators based on observed field 

data. In practice, the ACI can be applied by transport authorities to proactively evaluate 

freeway safety if crash data is not available. In addition, this measure can also be applied as a 

warning stimulus of crash avoidance systems during vehicle to vehicle (V2V) and/or vehicle 

to infrastructure (V2I) communications. Last but not least, it is of great interest to consider the 

other factors such as braking light, weather and visibility as the noises of the model, and 

validate the proposed ACI by using a large amount of real-world quality data in the future 

research.  
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APPENDIX 

This section presents one publication “How does the driver’s perception reaction time affect 

the performances of crash surrogate indicators?”. This research helps to disseminate the 

importance of the driver’s reaction time and crash mechanism in the crash surrogate 

modelling. This research is published on the journal of PLOS ONE. 
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Abstract 

With the merit on representing traffic conflict through examining the crash mechanism and 

causality proactively, crash surrogate measures have long been proposed and applied to 

evaluate the traffic safety. However, the driver’s Perception-Reaction Time (PRT), an 

important variable in crash mechanism, has not been considered widely into surrogate 

measures. In this regard, it is important to know how the PRT affects the performances of 

surrogate indicators. To this end, three widely used surrogate measures are firstly modified by 

involving the PRT into their crash mechanisms. Then, in order to examine the difference 

caused by the PRT, a comparative study is carried out on a freeway section of the Pacific 

Motorway, Australia. This result suggests that the surrogate indicators’ performances in 

representing rear-end crash risks are improved with the incorporating of the PRT for the 

investigated section. 

Key words: surrogate indicator; motorway crash; proactive approach 
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Nomenclature 

iCPI   CPI value for i
th

 car-following scenario 

2d   Deceleration rate of following vehicle 

1 2D 
  Distance gap between the leading and following vehicle 

DRAC  Decelerate rate to avoid a crash  

( )iDRAC t  DRAC value for i
th

 car-following scenario at discrete time t  

GEH   Result of Geoffery E. Heavers (GEH) test 

F   Field data 

ijIR   Individual risk of the discrete scenario i  measured by surrogate j  

iMADR  MADR value for i
th

 car-following scenario 

iMCPI  Modified CPI value for i
th

 car-following scenario 

MDRAC  Modified decelerate rate to avoid a crash  

( )iMDRAC t  Modified DRAC value for i
th

 car-following scenario at discrete time t  

MMSD  Modified minimum stopping distance required 

MPE   Mean percentage error 

MPSD  Modified proportion of stopping distance 

MSD   Minimum stopping distance required 

0N   Number of observations 

PSD   Proportion of stopping distance  

R   Reaction time of the following vehicle 

RD   Distance between the initial point and the potential point of collision 

RMSE   Root mean square error 

RMSPE  Root mean square percentage error 
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S   Simulation data 

jSR   Societal risk of surrogate j 

T   Total time duration inspected 

     TTC  Time to collision 

U   Theil’s inequality coefficient 

1V   Speed of the leading vehicle 

2V    Speed of the following vehicle 

s

ny    Simulation value of the thn vehicle in the VISSIM model 

0

ny    Field value of the n
th

 vehicle 

sc   Time-scan interval 

t   Time duration of time interval 
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Introduction 

The increase in motor-vehicle crash has been well recognised as a major health problem by 

World Health Organization (WHO). It was stated that around 1.24 million people lost their 

lives and 50 million were injured in crashes on the roads around the world each year. Further, 

as the leading cause of death for young people aged 15 – 29 years, road crashes took an 

enormous toll on individuals and communities as well as on national economies [1]. In 

Australia, it was reported that the social cost of vehicle crashes was estimated as AUD 27 

billion per annum with devastating social impacts [2]. Among these crashes, those on 

motorways are recognized as more severe than crashes on urban streets in terms of their 

consequences. According to the crash data provided by the DTMR of Queensland, there are 

over 70% fatal crashes occurred on rural and inter-city roads each year. Inter-city motorways 

are usually designed to carry the travel demands among cities with high speed. Crashes 

occurred on motorways would potentially cause significant traffic delay and health, economic 

and environmental problems. In this regard, it is of great importance to investigate the traffic 

safety on motorways. The road safety has become a high-priority issue to traffic engineers 

and traffic authorities for decades. Researchers and engineers proposed many methods to 

improve road safety such as: the application of Intelligent Transportation System (ITS) 

programs [3, 4], the synergy of traffic energy saving [5-7] and autonomous vehicles [8, 9]. 

 

In order to reduce the crashes, many researchers have been contributed to find the possible 

reasons related to the crashes. Traditionally, a range of safety-related concerns were addressed 

by establishing the relationship between discrete crash counts and traffic/geometric 

parameters [10-13], relying heavily on historical crash data and statistical techniques [14-16]. 

However, as pointed out by Chin and Quek [10] and Tarko et al. [18], these traditional 

prediction models have some drawbacks and restrictions. First, due to the infrequence and 
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sporadic occurrence of accidents, significant efforts are consumed on collecting and 

maintaining the appropriate data. Second, accidents are not always uniformly reported, which 

can produce biased conclusions. Third, these prediction models are purely dependent on 

statistical techniques and historical crash data, without taking into account the crash 

mechanism. Further, crash records for safety analysis are considered as a reactive approach, 

which requires a sufficiently large number of serious accidents to take place in advance. 

Consequently, surrogate indicators are proposed as a supplementary method of the 

accumulation of crashes in safety evaluation. 

 

Surrogate indicators were firstly proposed and used to evaluate the treatment beforehand in 

medical sciences, and then utilized to reduce or eliminate the crashes by traffic engineers and 

researchers [19-28]. As suggested by Tarko et al. [18], surrogate events should satisfy two 

basic requirements: 1) surrogate events should be exacted from observable non-crash events 

by using some practical method (surrogate measure); 2) it is feasible to examine the 

relationship between these surrogate events and corresponding crash frequency and severity. 

Crash surrogate indicators have been well recognized as good safety indicators for analysing 

and predicting crashes. Firstly, surrogate events occur much more frequently than crashes 

with strong probabilistic properties. Secondly, as states between safe and crash, surrogate 

events can reflect the potential crash causality and mechanism. Last but not least, surrogate 

indicator is regarded as a proactive rather than reactive approach, which can proactively 

assess safety before crashes occur. 

 

Although many surrogate indicators are proposed and applied to traffic safety during the past 

half century, to the best of our knowledge, little if not none takes into account the driver’s 

perception-reaction time (PRT). The primary objective of this study is to examine whether or 
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not the incorporation of the PRT could improve the performance of a surrogate indicator. To 

this end, we firstly propose the modified surrogate indicators by taking into account the PRT. 

Based on the collected trajectory data on Pacific motorways, we validate the VISSIM 

simulation model by the error tests and trajectory comparison. Lastly, we evaluate the 

performances of the modified surrogate indicators based on the crash data on the motorway.  

 

Literature Review 

Various surrogate indicators, including Time To Collision (TTC), Deceleration Rate To avoid 

Crash (DRAC), Crash Potential Index (CPI) and Proportion of Stopping Distance (PSD), were 

proposed and applied in safety evaluations. Based on the assumption that both vehicles keep 

the speeds unchanged during the process, the surrogate indicator TTC was defined as the time 

remains until a collision between two vehicles would have occurred [19, 20, 28], 

mathematically,  

 

1 2
2 1

2 1

,         if 

        ,         otherwise

D
V V

V VTTC




 
 

  

where 1 2D  represents the distance gap between the leading and following vehicle; 1V  and 2V  

denote the speeds of the leading and following vehicles at the initial time, respectively.         

TTC has become one of the most well-recognized microscopic safety indicators, and been 

widely applied to evaluate the level of safety in different situations of traffic [27-31]. Further, 

Minderhoud and Bovy [32] developed the extended time to collision as the measures for 

traffic safety assessment based on TTC notion which can evaluate the risk more 

comprehensively by taking into account the full course of vehicles over space and time [20]. 

          

DRAC is another widely-used surrogate indicator. It was defined [20, 33] as the minimum 

deceleration rate required by the following vehicle to avoid a crash with the leading vehicle if 



APPENDIX 

 A-7 

 

the speed of leading vehicle is unchanged during the process. Mathematically, DRAC can be 

denoted as: 

 
2

2 1

2 1

1 2

, if 

0, otherwise

V V
V V

DRAC D 

 


 



 

DRAC is recognized as an effective measure of safety performance in safety evaluation [32, 

34]. The AASHTO [35] suggested that a given vehicle should be in conflict if its DRAC 

exceeds a threshold 3.4 m/s
2
. Higher value of DRAC indicates a more dangerous car-

following scenario.
  

         

CPI was defined [20, 36] as the aggregated probability for those car-following scenarios 

where the following vehicles’ DRAC values exceed their braking capacities or Maximum 

Available Deceleration Rates (MADR) during a given time period, mathematically,  

0

( ( ) )

   

N

i i

t
i

P DRAC t MADR t

CPI
T



 




 

where ( )iDRAC t and iMADR are the DRAC and MADR value for the following vehicle of i
th

 

car-following scenario at discrete time t respectively; N and t are the total number and the 

duration of time interval inspected; T is the total time duration investigated, where T N t  . 

MADR was vehicle and scenario-specific, and usually represented by truncated normal 

distributions [36, 37]. The surrogate indicator CPI was broadly used to evaluate the road risk 

in safety analysis [34, 37]. By taking into account the deceleration capacity of vehicles, CPI 

can deliver more comprehensive results due to the MADR distribution.   

         

PSD was defined [20, 26, 34, 38] as the ratio between the remaining distance RD and the 

minimum acceptable stopping distance MSD, mathematically, 
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RD
PSD

MSD
  

where the remaining distance RD denotes the distance between the initial point and the 

potential point of collision, while the minimum acceptable stopping distance MSD represents 

the minimum stopping distance required based on the assumption of maximum deceleration 

rate used. PSD is measured by comparing the available and minimum acceptable stopping 

distances, all scenarios with PSD less than 1 are regarded as unsafe, where the collisions 

cannot be avoided with maximum acceptable deceleration rate taken. PSD is regarded as a 

good surrogate indicator and has been used for safety evaluation [34, 39].  

         

Although the selected surrogate indicators are widely used in traffic safety evaluation, none of 

them takes into account the PRT. The PRT, which is defined as the minimum time required 

for the driver to react, is an important parameter in traffic safety and designing. For example, 

the National Association of Australian State Road Authorities (NAASRA) is currently using 

the PRT as the standard in the area of geometric road design for the visibility. Besides, it was 

used to estimate the stopping distance in the computation of horizontal and vertical profiles in 

highway design [40]. Further, the PRT also has been playing a significant role in the 

designing of the duration of yellow phase at signalized intersections [41]. During the onset of 

yellow phase, either a driver stops safely before the stop line or proceeds through the 

intersection before the end of yellow phase are both highly related to the PRT. In reality, the 

safety of intersections is maintained by alleviating the dilemma zone which is calculated 

based on the estimation of the PRT. Accordingly, PRT is of significant importance in traffic 

safety. However, this important parameter is not considered into the crash mechanisms of 

most widely used surrogate indicators. The possible reason would be the time gap between 

the study of surrogate indicators and PRT. It is found that most of the well-recognized 

surrogate indicators were proposed in 70’s of 19
th

 century, while most of the studies of PRT 
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were carried out in this century. Before the distributions of PRT were obtained, the surrogate 

indicators have been proposed and widely used in safety evaluations. Hence seldom research 

has been done to establish the link between the PRT and surrogate indicators. Due to the 

ignorance of the PRT in most surrogate indicators, it is of great importance to take into 

account the PRT in safety evaluation due to its significance in crash mechanism. Wang and 

Stamatiadis [42-44] proposed a series of pioneering works to creatively incorporate the 

impact of the PRT in order to better evaluate intersection safety. Yet little research has been 

done for proactive motorway safety evaluation with the consideration of the PRT. 

 

Three Modified Surrogate Indicators 

Modified Crash Potential Index (MCPI) 

Since CPI describes the probability that a given vehicle DRAC exceeds its maximum 

available deceleration rate (MADR) or braking capacity, by using MDRAC instead of DRAC, 

the modified CPI (MCPI) can be represented as: 

0

( ( ) )

   

N

i i

t
i

P MDRAC t MADR t

MCPI
T



 




 

where ( )iMDRAC t is the MDRAC value for the i
th

 car-following scenario at discrete time t , 

N and t are the total number and duration of time interval inspected; T is the total time 

duration investigated. According to the distribution of MADR, MCPI is measured based on 

the results of MDRAC. MCPI represents the crash potential index based on the consideration 

of the PRT, a higher MCPI indicates a more dangerous scenario. 

 

Modified Deceleration Rate to Avoid a Crash (MDRAC) 
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This research aims to examine whether the consideration of the PRT can improve the 

surrogate indicator’s performance or not. To this end, we reanalyze the crash mechanisms of 

selected surrogate indicators by considering the phase of the PRT.  

 

2 1

 

Figure 1. Conflict process of MDARC. 

 

Figure 1 shows the crash mechanism of DRAC by taking into account the PRT, where a 

critical situation is depicted when the following vehicle just adapts its speed to that of the 

leading vehicle in time. As can be seen in Figure 1, the distance travelled by the following 

vehicle should be equal to the available distance, mathematically: 

2 2

2 1 2 1
2 1 1 1 2

2 2

( )
2

V V V V
TTC V V V R V V R

d d

 
          

by simplifying the equation, MDRAC can be represented as
2
:
 

2 1
2

2( )

V V
d

TTC R





 

Accordingly, MDRAC can be expressed by speeds, PRT and TTC as follows,  

2 1

2 1

, if 
2( )

, otherwise

V V
TTC R

TTC RMDRAC V V




  
 

 

                                                 
2 This finding is also derived by Wang and Stamatiadis [42-44].  
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where 2V and 1V  represent the speeds of the following and leading vehicles, respectively; R  

denotes the PRT; 2d  is the deceleration rate of the following vehicle; and TTC represents the 

time to collision value for the initial state ( 0t  ). 

         

By comparing with DRAC, MDRAC is able to reflect the severity on the basis of TTC. For the 

same car-following scenario, the MDRAC can be varied due to the different PRTs of distinct 

drivers. If TTC is less than PRT, the following driver would not have enough time to react, a 

collision is not avoidable. In this research, 3.4 m/s
2
 is suggested as the threshold of MDRAC 

by AASHTO [35]. 

 

Modified Proportion of Stopping Distance (MPSD) 

By taking into account the PRT, we propose modified surrogate indicator PSD by updating 

the minimum acceptable stopping distance (MSD). In this conflict process, the modified MSD 

(MMSD) should contain two parts: 1) the distance travelled for the following vehicle during 

its PRT; 2) the braking distance travelled by the following vehicle its PRT till it stops, 

mathematically 

2

2
2

22

V
MMSD V R

d
   

where 2V  is the speed of the following vehicle, R represents the PRT of the following driver, 

2d denotes the maximum acceptable deceleration rate taken by the following vehicle. Then, 

the modified PSD (MPSD) can be expressed as: 

2

2
22

2
22

22

V TTCRD TTC
MPSD

VVMMSD
RV R

dd


  

 

 

MPSD is believed to be more realistic compared to the traditional PSD. However, it is 

impossible to get the scenario-specific PRT during a survey. In this regard, the distribution of 
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PRT was introduced. According to the previous research, the distribution of PRT was 

observed to be lognormally distributed [45-48]. Green [48] suggested the log-normal 

distributions as a mean of 1.3 seconds and a standard deviation of 0.6 second for the crossing 

and lane change situations. For rear-end situation, PRT was reported by Triggs and Harris 

[45] to follow a lognormal distribution with a mean of 0.92 second and a standard deviation 

of 0.28 second. Without loss of generality, we use the lognormal distribution with a mean of 

0.92 second and a standard deviation of 0.28 second as the PRT distribution in this study for 

rear-end situation. 

 

Validation of the Micro-Traffic Simulation Model  

VISSIM is a useful micro-traffic simulation tool, which has been widely used in traffic 

simulation [40-44, 49]. In this research, VISSIM is applied to simulate the traffic of the 

investigated section on the Pacific Motorway. To ensure the accuracy of VISSIM on 

simulation, we validate our simulation model by comparing the speeds and volumes [50-53]. 

All field data are collected on the investigated section which is located between the exits #20 

and #9 of the northbound of Pacific Motorway.          

 

Based on previous studies [26, 37, 54], we use four error tests to assess the differences 

between the simulation results and the field data: 1) Theil’s inequality coefficient (U); 2) root 

mean square percentage error (RMSPE); 3) root mean square error (RMSE); 4) mean 

percentage error (MPE),  mathematically,  

0
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0 2
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2 0 2
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where s

ny  represents the simulation value (speed) of the thn vehicle in the VISSIM model; 0

ny  

denotes the field value of the n
th

 vehicle; 0N  is the number of observations. We randomly 

select 20 vehicles from the field data and record their times. Then these vehicles will be 

matched with those generated from our simulation model according to the recorded time. In 

this study, the four error tests are carried out for comparing the speeds of randomly selected 

vehicles. Five groups of field data are randomly extracted, each of which contains 20 

vehicles. The average error tests are aggregated in Table 2. As can be seen in the table, the 

simulation model performs well.  

 

Table 1. Error tests of speeds. 

Number of group RMSE (m/s) RMSPE (%) MPE (%) U (%) 

1 2.88 11.31 5.75 0.24 

2 2.77 11.30 4.13 0.23 

3 3.39 13.35 7.42 0.28 

4 3.36 12.34 6.67 0.26 

5 2.99 11.74 5.64 0.24 

     

Average 3.08 12.01 5.92 0.25 
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Table 2.  Comparison of total flow per hour between field and simulated data. 

Number of time period Field data Simulated data GEH 

1 6045 5966 1.02 

2 5823 5752 0.93 

3 5088 5019 0.97 

4 4801 4732 1.00 

5 4547 4504 0.64 

6 4175 4155 0.31 

7 5770 5691 1.04 

8 5992 5859 1.73 

9 5995 5869 1.64 

10 4888 4832 0.80 

11 5150 5086 0.89 

12 2747 2739 0.15 

13 4424 4383 0.62 

14 3918 3873 0.72 

15 4552 4499 0.79 

16 4491 4439 0.78 

17 5779 5735 0.58 

18 6011 5901 1.43 

19 6024 5923 1.31 

20 4866 4798 0.98 

         

We further use Geoffery E. Heavers (GEH) test to conduct volume validation. Geoffery E. 

Heavers (GEH), a modified chi-square statistics, has been widely employed to compare the 

fitness between simulation and field data [51-53]. Mathematically, GEH can be represented as 

2( )

( ) / 2

S F
GEH

S F
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where S denotes simulated data, while F represents field data. GEH is regarded as a good 

statistical measure by considering both relative and absolute differences between simulated 

and field data. In this study, the field and simulated data of 20 randomly chosen time periods 

are compared. Each time period contains one hour. Table 2 shows the results on comparison 

of total flow per hour between field and simulated data. As suggested by Dowling et al. [51] 

and Holm et al. [52], a GEH value for sum volume of all links less than 4 is considered as a 

good fit. Therefore, Table 3 further demonstrates the effectiveness of the simulation model.  

 

Performance Analysis of Modified Surrogate Indicators 

Data Description 

In order to test the performances of the traditional and modified surrogate indicators, we carry 

out a case study on the Pacific Motorway. The Pacific Motorway (M1) in Queensland, 

Australia, is the major urban road corridor connecting Tugun to the Sunshine Coast hinterland 

via the Gold Coast and Brisbane. In this research, the investigated section is chosen between 

the exits #20 and #9 of the northbound Pacific Motorway. Based on the traffic data provided 

by the DTMR in Queensland, the average traffic volume, speed and time headway for each 

15-minute from 21
st
 July 2014 (Monday) to 27

th
 July 2014 (Sunday) are available for each 

lane, respectively. By setting these parameters in VISSIM, the traffic condition of the 

investigated section can be simulated. Thus the risk of the whole section can be evaluated by 

different surrogate indicators based on the trajectories generated by VISSIM. Furthermore, 

according to the historical crash data provided by the DTMR, all rear-end crashes for this 

section from 2005 to 2013 are considered into analysis.  

 

A Comparative Study of Crash Surrogate Indicators 
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With the aim of testing the impact of the PRT, we compare the performances of traditional 

and modified surrogate indicators on the crash prediction. In this study, we use VISSIM to 

simulate the traffic situation of investigated section for 168 successive time periods (24 hours 

per day times 7 days) from Monday to Sunday. Based on the trajectory data, we exacted the 

traffic data such as the speed of leading (
1

V ) and following vehicle (
2

V ), the length of the 

leading vehicle ( 1l  ), the time headway of the following vehicle ( 2h  ) in any car-following 

scenario. Suggested by Vogel [55], the gap distance of this car following scenario ( 1 2D   ) can 

be estimated as  2 2 1V h l  . According the definitions of surrogates, the risk can be 

represented by different surrogate indicators. By considering the randomness or heterogeneity 

of PRT and MADR, we use Monte-Carlo method to calculate the risk by applying different 

surrogates. For each car-following scenario, the risk is calculated based on 1000 seeds for 

both distributions. The concepts of individual and societal risk were proposed by Considine 

[56] and have been widely used in safety evaluation [26, 30, 57, 58]. Individual risk is defined 

as the crash risk or threat to an individual motorist, which is regarded as the likelihood of 

collision occurring to the individual traveller i . For each car-following scenario, the individual 

risk can be obtained by comparing the surrogate value and the surrogate threshold. In this 

study, the thresholds of DRAC (MDRAC), CPI (MCPI) and PSD (MPSD) are 3.4 m/s
2
, 0 and 

1 respectively. 
 
Further, the societal risk is defined as the combined risk of all individual risks 

to all of the affected motorists during time period T  measured by surrogate indicator j , 

mathematically represented by 

1 1 00

( ) ( )

TM M N

j ij ij sc

i i t

SR IR t dt IR t 
  

     

where ( )ijIR t represents the individual risk of the discrete scenario i at discrete time 

t measured by surrogate j , sc is the time-scan interval, there are a total of N time instances 
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during time period T. In this study, the probabilistic properties of crashes during weekdays are 

found to be different with those during weekends. In this regard, we categorize all the data 

into weekdays and weekends for better representation. 

 

Figure 2 shows the linear relationships between the crash counts and societal risks represented 

by different surrogate indicators (P values<0.05). The R square value indicates how well the 

societal risk fits crash counts in a linear model. The higher R square value indicates better 

performance of the surrogate indicator on predicting crash in a linear relationship. As can be 

seen in Figure 2, the R squares of modified surrogate indicators MDRAC (0.5847), MCPI 

(0.4989) and MPSD (0.5143) are higher than those of the traditional surrogates DRAC 

(0.4492), CPI (0.2201) and PSD (0.4433), respectively. Besides, it is found that the R square 

difference (0.2788) between MCPI and CPI is greater than that (0.0710) between MPSD and 

PSD and that (0.1355) between MDRAC and DRAC. 
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(a) (b)

(c) (d)

(e) (f)

 

Figure 2. The relationship between societal risk and crash counts. 

                

Findings and Discussions 

According to our analysis, it is found that the modified surrogate indicators have higher R 

squares compared with traditional ones. There is no surprise that the crash prediction 

performance is improved by considering the PRT. Further, the impact on CPIs is much more 

significant than that on the other two indicators. The possible reason relies on their different 

methodology of crash mechanism. By considering the PRT in the crash mechanism, MDRAC 

will be measured by TTC, PRT and speed difference. For the cases in which PRT is greater 
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than TTC, a collision will happen before the following driver reacts to stop, thus the MDRAC 

is infinity and the value of MCPI is 1. Accordingly, in those cases, the value of CPI can be 

greatly changed by taking into account the PRT. Consequently, PRT is a critical parameter to 

determine potential risk in the crash mechanism of MCPI. However, for those cases in which 

PRT is greater than TTC, the values of DRAC are likely to be greater than 3.4 m/s
2
 due to the 

small TTC. Then these scenarios are considered as dangerous. Thus the R square difference 

between DRAC and MDRAC is not as big as that of CPI and MCPI. In other words, the 

consideration of the PRT affects the performance of MCPI in a higher degree than that of 

MDRAC. Besides, in the crash mechanism of PSD, PRT is only adding to the MSD which can 

slightly change the ratio of RD and MSD, hence the consideration of the PRT would just 

slightly decrease MPSD.   

 

It is of great importance to carry out more studies by considering the PRT into the surrogate 

modelling. Two further works can be done based on this study. Firstly, the PRT can be 

incorporated into the crash mechanisms of surrogate indicators which are designed for the 

crossing and lane changing situations. Secondly, another comparative study can be 

accomplished to examine the different impacts of PRT on surrogate indicators in terms of 

different speed limits.     
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