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Abstract of Dissertation 

Roadway Traffic Collision Analysis and Mitigation Using Data Analytics and 

Microscopic Driver Behavioral Modeling 

 

 

With the billions of vehicle miles traveled and millions of vehicular collisions 

occurring annually, collision mitigation and prevention are of top priority. To fully grasp 

the impact of collision occurrence on roadways, both the macroscopic and microscopic 

scales need to be addressed. On the macroscopic side, the traffic parameters and dynamics 

that lead to and result from collision formation need to be understood from the link level 

to the network level. On the microscopic side, the behavioral actions of individual drivers 

and the interactions amongst drivers should be considered. Despite the great strides that 

have been made in data analytics and traffic modeling, there is still room for improvement 

and a gap still exists between these two scales. With this motivation, the main objective of 

this research is to develop, calibrate, and validate a microscopic traffic simulation model 

capable of accurately capturing car-following, lane-changing, and collision movements 

with and without the incorporation of connected and autonomous vehicles on both 

microscopic and macroscopic scales.  

To accomplish such an objective, this dissertation first calculates the collision 

involvement rates and produces macroscopic fundamental diagrams for a variety of real-

world study locations. This allows for insight to be gained into the effects of link and 

network level aggregation of target metrics. Next, a microscopic traffic simulation model 

is implemented that incorporates the psychology and heterogeneity of human drivers with 

acceleration, vehicle dynamicsô limitations, lane-changing with a lateral trajectory 

component, collision formation, post-collision movement, and a basic connected and 
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autonomous technology module. A driving simulator experiment is used to collect data 

from young drivers (ages 15 ï 23) during car-following and near-collision scenarios with 

various audio and audio-visual collision warnings. Using this data, the implemented traffic 

simulation model is calibrated. The calibrated model is then validated against real-world 

collision rate data. Finally, a brief case study is used to achieve a proof of concept for the 

implementation of connected and autonomous vehicles with the inclusive microscopic 

traffic simulation model. 

Results show that the implemented model can accurately reproduce collision 

formations and collision rates for the selected testing scenarios. This leads to the conclusion 

that the presented model has high potential regarding uses as a simulation tool. Differences 

between high school and college student driversô response times and collision occurrence 

are found for the tested collision warnings. These differences suggest that auditory with 

visual informative alphanumeric warnings are best suited for college students and auditory 

with non-informative symbolic visual warnings are best suited for high school students. 

The simulation results using calibrated parameters from the driving simulator experiment 

suggest that collision involvement rates for both rear-end and angled collisions reduce to 

zero with the use of an auditory with non-informative alphanumeric visual warning.    
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Chapter 1 :  Introduction and Motivation  

1.1  Motivat ion 

In the realm of traffic and transportation, safety and congestion are two of the most 

important issues of focus. Between 2015 and 2016, the number of vehicle miles traveled 

on U.S. public roadways increased by 2.2% from 3,109.94 billion miles to 3,174.41 billion 

miles (NHTSA, 2017b). This increase marks the fifth consecutive year with increases in 

vehicle mileage, showing the increase in vehicular traffic demand. There was also an 

increase in fatality rate from 1.15 fatalities per 100 MVMT in 2015 to 1.18 fatalities per 

100 MVMT in 2016 (NHTSA, 2017b), with a total of 4,409,000 collisions with motor 

vehicles in transport occurring in 2015 (NHTSA, 2017a). Moreover, a study by Inrix for 

U.S. roadways in 240 cities during 2016 found that on average 9% of driving time or 42 

hours per commuter was spent in congestion (Cookson and Pishue, 2017). This study also 

quantified the cost of congestion to be about $1,400 per driver and $300 billion for the 

country during 2016 (Cookson and Pishue, 2017). Additionally, the latest 2017 study that 

included 1,360 cities worldwide showed that U.S. drivers on average spent 41 hours in 

peak congestion and $1,445 due to congestion (Cookson, 2018). In total, congested traffic 

cost the U.S. about $305 billion (Cookson, 2018). From the given statistics, it can be seen 

why there continues to be a need to investigate methods to mitigate or even prevent 

collisions and increase traffic stability by decreasing congestion.  

One of the countless sources that contributes variability in travel times and can lead to 

the development of unsafe movements that cause traffic flow deterioration is the 

interactions between individual drivers. Regarding freeways, varying congestion dynamics 
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are found to be the results of car-following and lane-changing decisions (Hamdar et al., 

2008) that can lead to different traffic flow breakdown probabilities and durations 

(Elefteriadou et al., 1995; Brilon et al., 2005). In addition, of the over 4 million collisions 

with motor vehicles in transport that occurred on U.S. roadways in 2015, 33.4% were rear 

end, 20.8% were angled, and 12.3% were sideswipe (NHTSA, 2017a). These three types 

of collisions are the most frequent types of collisions and account for the majority of the 

collisions recorded, showing the large-scale consequences of the unsafe movements and 

interactions of drivers. 

With the presence of such prevailing and costly, in terms of financial means and human 

lives, congestion and collisions, two main avenues are currently being pursued as potential 

solutions to problems in traffic safety and stability. Both strategies look to reduce and/or 

remove human error from the driving experience. First, autonomous vehicles can be built 

using sensing technology to take on the burden of driving tasks while removing human 

error. Second, wireless communication can be incorporated to connect adjacent vehicles to 

one another (i.e. vehicle-to-vehicle/V2V communications) and to the approaching 

infrastructure (i.e. vehicle-to-infrastructure/V2I communications). V2V and V2I 

communications can allow for drivers/vehicles to make better decisions about acceleration 

and lane-changing behaviors, as well as become aware of upcoming safety or stability 

hazards. Furthermore, integrating autonomous vehicles with V2V and V2I 

communications can improve autonomous vehiclesô operating efficiency and 

dependability. 

To understand congestion, collisions, and the incorporation of the described connected 

and autonomous vehicles in terms of traffic, microscopic traffic simulation modeling is 
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utili zed. These simulation models are crucial to understanding the dynamics of traffic flow 

at the vehicular level since there are very limited if any data available for connected and 

autonomous vehicle test beds. Additionally, microscopic traffic models allow researchers 

to change a variety of parameters to test a wide array of scenarios under different conditions 

in a very timely manner. Currently, there are very few models that account for and/or allow 

collision formation to occur on the programmed roadways (Silverstein, 2015).  

The following section presents the modeling framework, defining the focus of this 

research. Next, the problem statement and main objectives of the study are offered. The 

third section discusses the proposed research contributions and is followed by a description 

of the adopted research approach and the associated outline for the remaining chapters of 

the dissertation in the final section. 

1.2  Modeling Framework 

Due to the complications that are inherent to the nature of roadway safety as well as 

variability in available data, there is a need for more advanced analysis techniques. Safety 

data regarding collisions and subsequent collision rates on roadways are one such data type 

that constitutes advanced analysis techniques. Many different factors and characteristics of 

collisions are continually assessed, such as roadway geometry (Anastasopoulos et al., 

2012), lighting condition (Venkataraman et al., 2012; Schorr and Hamdar, 2014; Yu and 

Abdel-Aty, 2014), weather (Schorr and Hamdar, 2014; Yu and Abdel-Aty, 2014), traffic 

flow (Anastasopoulos et al., 2012; Shirazi et al., 2016), and speed limit (Shirazi et al., 

2016). 

The traffic community uses a variety of measures to quantify safety such as time-to-

collision (TTC) and measures related to TTC. Other safety measures that do not require 
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collision occurrence for computation involve those related to collision type-specific 

collision risk. Researchers also use count data to determine the frequency of collisions 

(Venkataraman et al., 2012; Shirazi et al., 2016) and flow-density data to calculate collision 

rates (number of collisions per million vehicle miles traveled (MVMT)) (Anastasopoulos 

et al., 2012; Guo and Fang, 2013). Collision involvement rates are calculated similarly to 

collision rates, but they account for each vehicle involved in a collision instead of counting 

each collision once regardless of the number of vehicles involved (Yeo et al., 2013). This 

allows for more accurate weighting of single- and multiple-vehicle collisions. 

Statistical models can give insight into these estimates and their possible causes can be 

addressed. The most prominent modeling approaches in the literature appear to be various 

forms of Poisson and negative binomial models (Venkataraman et al., 2012; Guo and Fang, 

2013; Shirazi et al., 2016; Moghaddam et al., 2017). Fixed parameter logit models (Yu and 

Abdel-Aty, 2014) and structural equation modeling (Schorr and Hamdar, 2014) have also 

been used for assessing traffic safety. Moreover, cluster analysis has been applied to 

classify different traffic regimes (Kianfar and Edara, 2013; Stamos et al., 2015) and used 

with principal component analysis (PCA) to assess collision risk (Guo and Fang, 2013), 

while vector autoregression (VAR) has helped study the impact of economic and mobility 

states on collisions (Bougueroua and Carnis, 2016).  

In addition to statistical models, microscopic traffic simulation models are employed 

to give understanding about the various vehicular-level traffic dynamics that potentially 

lead to congestion and collisions. The main types of vehicular movements analyzed using 

these models are acceleration/car-following and lane-changing. Some of the existing car-

following models are stimulus response models (Gazis et al., 1961; Treiber et al., 2000), 
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optimal velocity model (Bando et al., 1995), safe distance models (Newell, 1961; Gipps, 

1981), cellular automata models (Nagel and Schreckenberg, 1992), and psychophysical 

models (Michaels, 1965; Weidemann and Reiter, 1991). Other models combine aspects 

from these categories and integrate parameters related to vehicular dynamics and to 

driversô decision-making processes (Ben-Akiva et al., 1994; Krauss, 1998; Treiber and 

Helbing, 2003). While some traffic models can produce realistic traffic patterns, few were 

developed by accounting for driversô cognitive processes and decision-making. In addition, 

most of these models operate on the assumption of a collision-free environment. Lane-

changing models are mostly used to define a set of criteria that need to be met to change 

lanes for both mandatory and discretionary movements. An issue arises, however, after the 

decision to change lanes has been made. This issue is that most microscopic lane-changing 

models do not include a lateral trajectory. In an ideal simulation, where collisions do not 

occur and lane-changing can only occur within specified safety thresholds, lacking a lateral 

trajectory is not necessarily problematic. However, to recreate angled collisions, the second 

most common type of vehicular collision on U.S. roadways at 20.8% in 2015 (NHTSA, 

2017a), and the vehicular maneuvers to avoid rear-end collisions, the most common type 

of vehicular collisions at 33.4% in 2015 (NHTSA, 2017a), the inclusion of lateral 

trajectories is imperative.  

To be able to validate the findings of any traffic model, calibration using collected data 

needs to be completed. Data can be collected through third party sources; however, to have 

more control over the testing scenarios, it is ideal to conduct first hand experiments for this 

purpose. Driving simulators are one such apparatus to collect experimental data by 

requiring subjects to steer, brake, and accelerate in a virtual environment. Multiple studies 
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have used driving simulators to test a wide variety of driving behavior and driving 

assistance technology (Kramer et al., 2007; Baldwin et al., 2014; Ahtamad et al., 2015; 

Lerner et al., 2015; Liao et al., 2017; Wu et al., 2017). By using a driving simulator, like 

computer simulation, researchers can study realistic scenarios without the potential danger 

to human life and property. However, this virtual aspect of driving simulators can also be 

a downside to using this method of data collection.   

1.3  Research Objective and Research Tasks 

Based on the modeling framework presented above, the main objective of this research 

is to develop, calibrate, and validate a microscopic traffic simulation model capable of 

accurately capturing car-following, lane-changing, and collision movements with and 

without the incorporation of connected and autonomous vehicles on both microscopic and 

macroscopic scales. To accomplish this objective, the following research tasks must be 

achieved: 

1.) Calculate collision involvement rates and analyze these rates by type and traffic flow 

characteristics for a given study area. 

2.) Investigate the traffic flow characteristics of individual collision records at link, sub-

network, and network levels. 

3.) Implement a microscopic traffic simulation model that incorporates car-following, 

lane-changing, lateral trajectories, collision movements, vehicle dynamics, as well as 

has the ability to add connected and autonomous vehicle modules. 

4.) Conduct a driving simulator experiment for near-collision scenarios with various 

warning schemes to gather trajectory data and driver warning reactions for young 

drivers (ages 15 ï 23). 
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5.) Use the driving simulator trajectory data to calibrate the microscopic traffic simulation 

model for near-collision scenarios and lateral movements. 

6.) Validate the microscopic traffic simulation model on a microscopic scale by comparing 

the calibrated model to the driving simulator trajectories. 

7.) Validate the microscopic traffic simulation model on the macroscopic scale by 

comparing aggregated traffic characteristic data and collision rates to those from the 

first two research tasks. 

8.) Demonstrate the ability of the developed microscopic traffic model to include 

connected and autonomous vehicles by incorporating a basic modeling approach and 

testing different market penetration rates of connected and autonomous vehicles for the 

traffic flow characteristics produced.    

1.4  Research Contributions 

In the first part of this dissertation, data analytics are used to perform macroscopic 

assessments of collisions and collision involvement rates in relation to traffic flow 

characteristics to get a better understanding of such events by type, magnitude, frequency, 

and lane closures. From the results, insights can be gained about which types of traffic flow 

conditions are more likely to yield different types of collisions. Furthermore, the results 

could allow for better control and possible prediction about collision effects on link and 

network level traffic. Even though the understandings gained in the data analytics section 

are useful, some important nuances of traffic are missed or aggregated out of the data. 

Therefore, the second part of this dissertation looks to assess traffic on a finer scale with 

the implementation of a microscopic traffic simulation model. Specifically, car-following, 

lane-changing with lateral movement, and collision formation modules are incorporated. 
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The proposed model is calibrated on the microscopic level with real trajectories and 

velocity profiles from a driving simulator experiment that incorporates near-collision 

scenarios and lane-changing. In addition, the model is validated on the microscopic scale 

using collected the trajectories. Bringing the macroscopic and microscopic scale together 

and coming full circle, validation is also done on the macroscopic scale by recreating 

collision rates found from the first part of the study. Moreover, the collision involvement 

rates are created for calibrated parameters generated from the testing collision warning 

types and compared to those from the car-following generated parameters. Finally, a basic 

model that includes connected and autonomous vehicles is tested to show the ability of the 

model to allow the presence of these equipped vehicles as a future research direction. 

The first contribution of this dissertation is the unique method of assessing collision 

rates based on the upstream and downstream flows and densities of the study area. This 

leads to conclusions to be made about which traffic regimes and their corresponding inter-

vehicle dynamics are more likely to lead to the formation of different types of collisions 

by magnitude and severity. A second contribution comes from the macroscopic 

fundamental diagram generation for individual collision occurrence on different link and 

subnetwork levels with different lane closure times. By looking at small- and large-scale 

traffic characteristic impacts of collision lane closure times, control centers could be able 

to more accurately predict when a collision is more probable to occur based on the 

surrounding conditions. Additionally, this information could help mitigate such collisions 

to better prevent them from affecting more of the traffic network than necessary. The scope 

of this research extends from the macroscopic scale to the microscopic scale with the need 

to look at traffic at a finer, vehicular scale. This leads to a third contribution of the 
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implementation of a microscopic traffic simulation model that includes car-following, 

lane-changing, lateral trajectory, vehicular dynamic limitations, collision movements, and 

the ability to include connected and autonomous vehicles. To accurately calibrate the 

developed model, a fourth contribution of a driving simulator experiment is conducted for 

data collection. The driving simulator experiment targets young drivers (ages 15 ï 23) and 

how they respond to different near-collision scenarios with a series of auditory and audio-

visual warnings (or lack thereof). Data collected from the experiment is used to calibrate 

the various parameters of the microscopic traffic simulation model as well as create 

distributions of lateral trajectory coefficients for the tested warnings. A fifth contribution 

is the validation of the implemented model at both the microscopic (using data from the 

driving simulator experiment) and macroscopic (real-world collision involvement rate 

reproduction) levels. Finally, a sixth contribution is the inclusion of a basic connected and 

autonomous vehicle module and the testing of different market penetration rates of such 

vehicles to look at their impacts on traffic flow characteristics. 

1.5  Research Approach and Dissertation Outline 

The research approach given next looks to accomplish the research tasks outlined in 

Section 1.3 and contributions outlined in Section 1.4. Two distinct, yet related scopes are 

utilized throughout this dissertation. Macroscopic refers to looking at traffic from a 

network or subnetwork level, whereas microscopic refers to looking at traffic from a 

vehicular or link level. The reasoning behind using these two scopes for this research stems 

from the need to understand traffic from multiple perspectives. Sometimes it is necessary 

to look at traffic as a whole and to see how the average characteristics of a system of 

roadways and/or vehicles responds to various stimuli. Other times, in order to understand 
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implications of an event, a coarser scale aggregates the inter-dynamics of a system out and 

may lead to inaccurate conclusions. Microscopic scales have the advantage of giving a 

finer assessment of traffic situation and showing how individual vehicles interact within a 

system. By using both macroscopic and microscopic scales in this research, a more 

inclusive and accurate comprehension about traffic is attained.      

After this introduction, Chapter 2 gives a background literature review of traffic flow 

characteristics, traffic analysis, the macroscopic fundamental diagram, and microscopic 

acceleration traffic simulation models. Following this review, the methodology for the 

fundamental diagram and macroscopic fundamental diagram analysis is presented in 

Chapter 3. Chapter 3 also features the implementation of the microscopic traffic simulation 

model. The experimental setups for data collection in the driving simulator is explained in 

Chapter 4. Chapter 5 presents the numerical results of the fundamental diagram analysis 

and the experimental results from the data collection. This is followed by Chapter 6, which 

gives details and results of the calibration efforts of the microscopic simulation model. 

Validation of the model is also presented in this chapter by comparing generated 

trajectories and MFDs to those from the Chapter 5 results. Finally, Chapter 7 discusses 

conclusions and future research endeavors. Figure 1 (pg. 11) shows how the various 

components of the following dissertation flow from one to the next. In addition, this figure 
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displays the sections where the methodology, data, and results are given as well as the 

connections between the macroscopic and microscopic levels.    

 

 

 

 

 

 

 

 

 

 

Figure 1: Dissertation Component Structure and Connections 
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Chapter 2 :  Background and Literature Review 

To give a better understanding of the different aspects of traffic that are necessary to 

analyze, and the metrics, tools, and techniques used to complete such tasks, the following 

background and focused literature review is given. This section first looks at the 

macroscopic fundamental diagram, followed by collisions and traffic conditions, 

microscopic traffic simulation models, and intelligent transportation system technologies.  

2.1  Macroscopic Fundamental Diagram  

Comprehending the relationships between speed, flow, and density is of critical 

importance in the field of traffic flow theory. Specifically, using average values at the link 

and network levels allows for these parameters and their relationships to become the 

Macroscopic Fundamental Diagram (MFD). If estimated correctly, knowing this 

relationship can give insight into predicting future traffic states based on the various inflow, 

outflow, accumulation, and production rates. It is of specific interest to attempt to derive 

MFDs for collision scenarios due to significant impacts of such events on safety and 

congestion. Substantial difficulty of this task comes from the heterogeneous nature of 

collisions and the difficulty in predicting their occurrence.  

In 1969, Godfrey first introduced the theory of an MFD with an optimal accumulation 

(Godfrey, 1969). This was followed by the two-fluid model (Herman and Prigogine, 1979; 

Mahmassani et al., 1984). Daganzo (Daganzo, 2007) presented research supporting the 

notion that links of a traffic network are interdependent and affect one another throughout 

the whole network. Specifically, the author showed that under homogenous traffic 

conditions, there is a relationship between accumulation and production as well as a 
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correlation between inflow rates, outflow rates, and production for a given network. Further 

contributions of this work include the implication that future states of traffic can be 

predicted based on known network dynamic characteristics and tested initial generalized 

assumptions. 

While being able to show that a traffic network under homogenous conditions exists is 

significant, realistic traffic is more likely to occur under heterogeneous conditions resulting 

from disturbances in homogenous traffic conditions. Two main causes of disturbances 

discussed in the literature include junctions (with and without traffic signals) and incident 

occurrence.  

In 1979, researchers investigated the traffic dynamics of queue formation and 

dissipation at individual signalized intersections using the conservation equation of 

vehicles along the roadway (Stephanopoulos et al., 1979). The authors obtained a solution 

to the conservation equation using the method of characteristics for basic initial and 

boundary conditions. Additionally, the effects of control variables and system parameters 

on queue length were analyzed. Theoretical results were found by analyzing the dynamics 

of shockwaves formed due to the nature of the traffic signal cycles. Solutions for the traffic 

signal optimal control problem can be achieved using general results from this research. 

While this research did not include signalized intersections at the network level, 

macroscopic level speed, flow, and density relationships are computed using a continuum 

model. 

A more recent study (Xie et al., 2013) focused on the estimation of MFDs for mixed 

traffic on a signalized arterial using three methods. The first method incorporates temporal 

and local reductions in capacity along the arterial to account for buses. This makes the 
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introduction of buses on a roadway endogenous with the use of the moving bottleneck 

theory and affects the shape of the estimated MFD. The second method equates a bus as a 

moving bottleneck that allows for the exogenous incorporation of buses on roadways. 

Findings from the first two methods were compared to findings from a microscopic 

simulation. Mean vehicle speeds for both passenger cars and buses were used as the 

primary accuracy metric and were shown to be consistent. MFD estimations were also 

compared with the level of service (LOS) from the Highway Capacity Manual 2010. 

Through the different MFD estimation techniques, the authors exhibit how the MFD can 

be used as an analytic tool to assess arterial performance. Results show that the method 

accounting for buses endogenously appears to be the preferred estimation technique. While 

the movement of buses is not accurately modeled in any of the presented methods, this 

research presented a good start for the assessment of traffic dynamics of a signalized 

arterial. 

Another study looking at MFD estimation at junctions presented a numerical structure 

to solve first-order Hamilton-Jacobi equations and scalar conservation laws (Costeseque 

and Lebacque, 2014). Mathematical properties of the scheme are applied to a traffic flow 

theory interpretation of key components for both merge and diverge junction scenarios. 

Results show that the numerical scheme converges to a unique solution that can be better 

used by researchers and practitioners. Numerical tests conducted using simulation aim to 

show that the presented scheme can reproduce the kinematic shocks and rarefaction fans. 

This study is useful due to the ability to produce a unique, converging solution for any 

number of incoming and outgoing branches at a junction. Combining links containing 
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junctions could prove to be problematic for the scaling of this methodology to 

accommodate an entire network. 

In a similar manner as the disturbances caused by junctions, those caused by traffic 

incidents have been thoroughly investigated. It was shown that robust relationships exist 

between traffic flow conditions and likelihood of collisions by collision type (Golob et al., 

2004). Using traffic flow data measured using single inductive loop detectors, the authors 

found that mean volume and median speed along with temporal variations in volume and 

speed, distinguished by freeway lane, are the most impactful traffic flow elements on 

safety. The establishment of these relationships can form and have formed the foundation 

for tools to monitor real-time safety level of traffic flow on an urban freeway. Tools that 

use results from the macroscopic studies of traffic flow relationships can also be applied to 

assess cost-benefit of congestion mitigation projects by determining traffic flow safety 

levels before and after a project completion.  

A separate study examined incident impact on freeways in terms of capacity reduction 

using videos of traffic flow around two incidents recorded from a helicopter (Knoop et al., 

2008). Performing traffic counts at the precise location of an incident allowed for the 

estimation of the capacity at the bottleneck per lane and for more accurate truck counts to 

be incorporated. For the test case of two-directional traffic, results showed that the 

rubbernecking effect reduced road capacity in the opposite direction by half. Capacity of 

the roadway in the direction of the incident decreased by over fifty percent due to driversô 

lack of ability to use all the lanes. While the use of high definition video data appears to be 

a very accurate method to obtain traffic data, there is a tradeoff for the time it requires to 

parse through the videos and the applicability to a real-time application. 
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Looking further into traffic disturbances caused by incidents requires a better 

assessment of the traffic states surrounding such occurrences. A 2010 study analyzed the 

formation of clockwise hysteresis loops when traffic perturbations occur, particularly when 

such disturbances prevent most drivers from changing their routes (Gaylah and Daganzo, 

2010). Results show that networks are intrinsically less stable when drivers are not adaptive 

due to their lag in recovery from congestion. Since uneven congestion distributions 

decrease network flows, it is logical that network flow should increase during recovery, 

creating clockwise hysteresis loops. If most of the driversô route choices are adaptive and 

attempt to avoid congested traffic, congestion is leveled out during recovery and flow is 

increased, leading to the idea that clockwise loops are less likely when drivers are more 

adaptive. Expanding further into the investigation of traffic states, another paper examined 

real data from Minnesota freeways to determine if well-defined macroscopic relationships 

are apparent for freeway networks (Geroliminis and Sun, 2011). Results show that the 

MFDs have high scatter, exhibit hysteresis phenomena, and have path dependence. The 

intrinsic characteristics of the hysteresis phenomena at the network level are shown to be 

different in terms of source from these phenomena at the micro- and mesoscopic levels. In 

their analysis, the authors attribute this finding to the spatial and temporal distributions of 

congestion when average density is constant, and transitions are coordinated from 

individual detectors during the offset of the peak period with capacity drop. This study also 

shows the importance of data type, collection method, and the level of aggregation when 

estimating MFDs; MFDs should not be anticipated automatically. 

Other research utilized traffic and collision data from a section of the I-80 freeway in 

California to divide freeway traffic flow into different states along and assess safety 
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performance accompanying each state (Xu et al., 2012). The authors performed K-means 

clustering analysis to categorize traffic flow into five different states. Conditional logical 

regression models with case-controlled data were created to study the link between traffic 

state and collision risk. In their analysis, the authors investigated traffic flow characteristics 

to see what phenomena made some traffic states more dangerous than others. In addition, 

they generated collision risk models for various traffic states to analyze how traffic 

characteristics such as speed and speed variance affect collision risk. An odds ratio analysis 

implied that the highest collision risk occurs during the traffic state associated with free-

flow upstream traffic and congested downstream traffic, followed closely by the traffic 

state associate with congested upstream and downstream traffic. Results showed that the 

method was quite accurate in identifying traffic states on freeways, despite only having 

used data for one study location. In addition, assumptions about standard deviations and 

averages of speeds for the nearest loop detectors being correlated to traffic state could prove 

to be problematic for MFD estimation. 

In 2015, researchers studied the correlation of collisions and traffic flow, leading to the 

development of dynamic control measures for urban traffic networks (Alsalhi and Dixit, 

2015). They simulated traffic and estimated MFDs with and without the Surrogate Safety 

Assessment Model (SSAM) conflict analysis software. Changes in speed and density were 

found to have more effect on safety than changes in flow. Results from the model provide 

evidence of the real-time link between traffic characteristics and safety at the macroscopic 

level. During the same year, another study investigated the generalized MFD (g-MFD) that 

relates the network traffic density and the spatial variation of density (Hoogendoorn et al., 

2015). Using average and standard deviation of density, the authors were able to estimate 
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clear g-MFDs for networks containing both homogenous and non-homogenous traffic. 

This study was conducted using freeway network data from around Amsterdam. Results 

showed the progression of the network state as a function of average density and spatial 

density variation. The authors also looked at regular traffic and incident traffic dynamics 

that took place in the network. Conclusions from the research stipulated that the g-MFD 

can be used to compute the service level of an entire network for both recurrent and non-

recurrent scenarios. Furthermore, the authors believe that the resilience of a network can 

be evaluated by comparing service levels before and after an incident using such indicators 

as production or mean speed. 

Extending the investigation into the resiliency of a traffic network, another study 

explored the link between mobility and safety through MFD estimation and structural 

equation models (SEM) for different traffic scenarios corresponding to various levels of 

traffic disruptions (Schorr et al., 2016). The authors used microscopic loop detector data 

and collision data for the Korea Expressway Corporation (KEC) for almost 4,000 km of 

South Korean highways. Using this data, the paper investigated effects of inclement 

weather conditions, increased holiday demand, and increased number of collisions. 

Differences in network level disruptions caused by the events were computed, visualized, 

and analyzed based on the findings from the SEM analysis. MFDs were estimated for seven 

days both for the entire network and the Seoul sub network. Clockwise hysteresis loops for 

the day approaching capacity and figure-eight hysteresis for other days were observed. 

MFDs for the Seoul network were compared to the full network and reinforced results from 

full network that collisions caused the biggest MFD disruptions and lowest maximum flow 

rates as opposed to weather conditions and holiday demand. Areas of needed research 



19 

 

addressed by the authors include the formulation of a generalized MFD estimation 

methodology that can accurately account for heterogeneity regardless of the network 

characteristics and a consistent approach to addressing data aggregation when links are 

inconsistent. 

As it can be seen in the literature, much research has been conducted in the area of 

MFD estimation to account for various heterogeneities in traffic flow. While there are 

estimation techniques and safety assessment tools that allow for relatively accurate 

modeling, challenges still exist. In particular, when analyzing the impacts of collisions on 

traffic flow characteristics, a generalized MFD estimation technique could contribute to a 

better understanding and prediction capabilities. To accomplish this, the author believes 

that a microscopic perspective is necessary to incorporate the individual vehicle movement 

leading up to and during a collision in order to better estimate traffic flow parameters at 

the macroscopic level.  

2.2  Collision Occurrence and Traffic Conditions 

While many different factors and characteristics of collisions are continually assessed, 

such as roadway geometry, lighting condition, weather, and speed limit, traffic flow 

parameters appear to be the focus of the latest research in terms of collision risk assessment 

(Wang et al., 2017; Xu et al., 2018) and prediction (Wang et al., 2018). 

Some studies have looked to identify different traffic regimes and assess the 

corresponding safety. A study on the relationship between traffic flow conditions and 

collision characteristics identified twenty-one traffic flow regimes based on three 

environmental conditions (Golob et al., 2004). The authors used nonlinear canonical 

correlation analysis, PCA, and K-means clustering, and found that weaving collisions are 
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most common during congested flow and when speeds are high. Results also suggested 

that rear-end collisions are more prevalent during congested traffic, specifically stop-and-

go conditions. Identified drawbacks from the authors included the need to use more 

accurate collision rate calculations to incorporate vehicle miles traveled.  

Additional research has focused on developing microscopic, real-time collision risk 

assessments. One study (Wang et al., 2017) presented an integrated Bayesian model that 

combines a Poisson-lognormal collision frequency model and a logistic regression real-

time collision risk model and compares variable estimates to non-integrated models. The 

integrated model performed better than the non-integrated model, with results showing that 

collision likelihood has positive correlations with log of vehicle count, speed standard 

deviation, lane occupancy standard deviation, and truck percentage, and negative 

correlations with average speed. Collision frequencies were also found to be higher with 

increases in log of average daily volume and average daily standard deviation of speed. Xu 

et al. used PCA and a four-stage random-parameter sequential logistic regression model to 

link collision severity for each collision type to traffic flow, weather, and geometric 

parameters (Xu et al., 2018). Regarding the traffic flow parameters, increases in speed 

differences between lanes, right lane volume, and standard deviation of inner lane volume 

is associated with increases in sideswipe injury risk, while decreases in congestion and 

non-ideal weather decreases sideswipe injury risk. Congested traffic at diverges, increases 

in right lane speed difference between upstream and downstream stations, and non-ideal 

weather conditions increase rear-end collision casualty risk. Another study (Wang et al., 

2018) showed that a Bayesian logistic regression safety model using 5-min traffic interval 

and collision-contributing factors was able to accurately predict hourly collision frequency.  



21 

 

2.3  Microscopic Acceleration Traffic Simulation Models 

Microscopic traffic simulation models in general help researchers and practitioners 

model traffic from the perspective and scale of individual vehicles. The results can then be 

aggregated to assess traffic at the macroscopic scale. In the authorôs previous work 

(Silverstein, 2015), she went into detail about a wide variety of car-following/acceleration, 

lane-changing, lateral trajectory, and post-collision vehicle dynamics and crash 

reconstruction models. Additionally, the author has previously assessed each model on its 

ability to be incorporated with other modeling logics in terms of accuracy and computation 

cost. Given that the core of the implemented microscopic traffic model utilized in this 

dissertation is based on an acceleration evaluation logic (lateral or longitudinal), the 

following is a brief overview of the different types of microsimulation acceleration models 

that are more widely known and used in the traffic community. 

The first sets of numerical models used to overtly represent vehicles as leaders and 

followers are categorized as stimulus-response models. These were first defined in the car-

following formulations of Chandler et al. (1958) and Gazis et al. (1961) and are recognized 

as the General Motors (GM) or Gazis-Herman-Rothery (GHR) models. These stimulus-

response models are characterized as such because the acceleration behavior is considered 

a response to the surrounding stimuli. Specifically, these models use the relative velocity 

between the leading and following vehicles and the related headway as the stimuli for the 

following vehicleôs acceleration response. One example of a typical stimulus-response 

model is the GHR model (Gazis et al., 1961), which uses the sensitivity term, l, to 

determine how acceleration relates to relative speed, as shown in: 

ὼ ὸ Ὕ ‗ὼ ὸ ὼ ὸ  (2.1) 
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Where T represents reaction time, xn(t) represents the position of vehicle n at time t, 

xn+1(t) represents the position of vehicle n+1 following vehicle n at time t, the dots 

represent differentiation with respect to time t, and l represents the sensitivity term. Some 

forms of l proposed in the literature include: 

1.) ‗ ὥ, where a is a constant. 

2.) ‗
ὥ ὭὪ ί ί
ὦ ὭὪ ί ί

 , a step function where a and b are constants, s is the spacing 

between two consecutive vehicles, and scritical is a specified threshold. 

3.) ‗  , reciprocal spacing where c is a constant and s is the spacing between leading 

and following vehicles. 

4.) ‗
Ͻ

 , Edieôs model (Edie, 1961), where c is a constant, s is the spacing 

between leading and following vehicles, and ὼ  is the speed of vehicle n+1. 

5.) ‗  , leads to the well-known macroscopic Greenshieldôs flow-density 

relationship, where c is a constant and s is the spacing between leading and 

following vehicles. 

While these simple models can capture vehicle interactions well and allow for 

macroscopic fundamental diagram stability analysis, the assumption that the following 

vehicle always ñseesò itôs leader even outside of the sight distance is unrealistic. 

Additionally, GHR models cannot account for traffic breakdowns and instead result in 

over-estimated highway capacities with impossibly high velocities when drivers are 

following at close distances.  

To solve the GHR modelsô issue that vehicles fail to decelerate when traveling at high 

velocities and small following distances, Newell (1961) incorporated a velocity 
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dependence on the space gap between leading and following vehicles. The velocity 

function is defined as (Newell, 1961): 

ὠί ὺ ρ Ὡὼὴ
ί ί

ὺὝ
 

(2.2) 

Where v0 is the desired velocity and T is the safe time headway. 

This was the first introduction of the desired velocity concept, however, unrealistic 

accelerations resulted from the explicit dependence of speed on density. 

A similar model was presented by Bando et al. (1995) in the following form: 

ὺ
ὠί ὺ

†
 

(2.3) 

Where t represents the velocity relaxation time, ὺ is the acceleration of vehicle a, ί 

represents the spacing of vehicle a, and ὺ represents the velocity of vehicle a. 

Unfortunately, this model still allowed for unrealistic accelerations. Moreover, due to 

the acceleration and deceleration values calculated using a single rule, symmetric values 

based around zero are found. This contradicts the realistic condition that the magnitudes of 

accelerations are less than decelerations (Bando et al., 1995). 

 Gipps model (Gipps, 1981) also uses the concept of desired velocity while 

incorporating a spacing safety condition along with additional parameters. The two main 

conditions that need to be satisfied are the following (Gipps, 1981): 
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Where an is the maximum acceleration the driver of vehicle n wishes to use, bn is the 

most severe braking the driver of n wishes to use, sn is the effective size of n, Vn is the 

desired velocity the driver of n wishes to use, xn(t) is the location of the front of n at time 

t, vn(t) is the velocity of n at t, tn is the reaction time, q is a buffer parameter representing 

the delay in braking. Equation (2.4) is the desired speed condition and Equation (2.5) is the 

safety condition. 

The Gipps model can reproduce driver behavior as well as asymmetric acceleration and 

deceleration values for multiple regimes in car-following: free-flow traffic and congestion. 

This model introduced the desired velocity-governed free-flow regime as well. The main 

disadvantage of this model is the loss of realism due to the deterministic characteristics at 

the limits; the model cannot capture congested traffic or driver interactions when traffic is 

dense due to the safety condition presented in Equation (2.5).  

An additional model called the Cellular Automata (CA) model (Nagel and 

Schreckenberg, 1992). The desired roadway section is converted into a preselected number 

of distinct segments known as cells, with length L. Originally, the CA model was presented 

as a discrete, stochastic model where velocities could only be integers ranging from 0 to 

vmax. Four steps compose the formulation of the CA model. These include:  

1.) Acceleration if the subject vehicle is traveling slower than vmax. 

2.) Deceleration if the subject vehicle has a leading vehicle in a preceding cell that 

 has a lower velocity. 

3.) Randomization of the velocity if a vehicleôs velocity is above zero. 

4.) Vehicle motion as a vehicle travels across cells. 
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A continuous CA model with higher spatial fineness was later developed (Krauss et al., 

1996). Without the limit of one unit on the maximum acceleration, the following equations 

govern: 

 ὺ ÍÉÎ ὺὸ  ὥ ȟὺ ȟί ὸ  (2.6) 

 

ὺὸ ρ ÍÁØ πȟὺ   „ὲ ȟ  (2.7) 

 

ὼὸ ρ ØÔ  ÖÔ ρ (2.8) 

 

Where vdes is the desired velocity, sgap(t) is the free space to the leading vehicle, amax is 

the maximum acceleration, ů is the maximum deceleration due to noise, and nrand(0,1) is a 

random number within a (0, 1) interval. 

While this model can produce congested freeway traffic, beginning with stop-and-go 

wave transition, without the randomization step this transition cannot be achieved. 

Furthermore, an essential limitation of the CA model is the usage of unrealistic deceleration 

rates to prevent the generation of collisions.  

One more multi-regime model is the Intelligent Driver Model (IDM) (Treiber et al., 

2000). Providing more realistic traffic compared to previous models, IDM can reproduce 

various congestion dynamics. In this model, a vehicleôs acceleration is assumed to be a 

continuous function of the vehicleôs velocity, the spacing between the vehicle and its 

leader, the desired spacing between the vehicle and its leader, and the difference between 

the vehicleôs velocity and its leaderôs velocity. Other, perceptive parameters utilized in 

IDM include desired acceleration and gap size, as well as comfortable deceleration. The 

formulation of this model is presented in Chapter 3. While IDM is simplistic and does not 

consider extensive cognitive processes used in driver decision-making, there are several 
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advantages. IDM can model the hysteresis effect as well as complex traffic states. In 

addition, most parameters used in the model have direct traffic interpretations instead of 

being abstract in nature. The model can also be calibrated easily and time for simulation is 

quite fast. 

Another class of acceleration model is the psycho-physical model, which combines the 

psychological aspects and physiological limitations humans face during the driving process 

(Treiber and Kesting, 2014). One such model is the Wiedemann model (Wiedemann, 1974; 

Wiedemann and Reiter, 1991). The main concept of this model consists of the perception 

of changes in vehicle movement, depending on how quickly the image of the leading 

vehicle changes, which is a function of the subject and leading vehiclesô relative space 

headway and speed. Interactions between vehicles is defined by an array of thresholds and 

desired distances. Additional model parameters are associated with human capabilities and 

desired traits or to vehicle abilities. The Wiedemann model identifies four discrete driving 

regimes: free-flow, approaching slower leading vehicles, car-following near equilibrium, 

and dangerous traffic that necessitates harder braking (Treiber and Kesting, 2014). Each 

regime has a different acceleration function and boundaries between each regime are 

identified by nonlinear equations that form curved sections in the three-dimensional state 

space of spacing, velocity, and relative velocity. There are also exogenous variables 

associated with these sections. While this model captures traffic breakdown and recognizes 

some human perception and simple cognitive processes for various driving conditions, 

calibrating is much more difficult to achieve.  

A more recent acceleration model was presented by Hamdar et al. (2008) that looks to 

reproduce the cognitive and psychological processes of driving with the addition of 
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capturing risk taking associated with these behaviors explicitly. Prospect theory 

(Kahneman and Tversky, 1979) is included to evaluate perceived gains and losses during 

the driving task, which allows for risky maneuvers when drivers are uncertain of their 

leaderôs next action. This allows for the intrinsic generation of collisions without additional 

equations or parameters. Furthermore, the Prospect Theory (PT) -based model can recreate 

the spectrum of traffic regimes. The formulation of this model will be presented in Chapter 

3 since it is the foundation of the microscopic traffic simulation section of this dissertation. 

2.4  Intelligent Transportation Systems Technology: Connected and Automated 

Vehicles 

Among the different Intelligent Transportation Systems (ITS) related technologies that 

may lead to safer roadways, Connected and Automated Vehicles (CAVs) have been 

suggested as the most efficient in reducing human error and thus preventing collisions 

associated with driversô uncertain risk-prone behaviors (NHTSA, 2016). Talebpour and 

Mahmassani (2014) showed that connected and autonomous vehicles can improve string 

stability for traffic flow. The authors do this through the usage of different acceleration 

models to represent autonomous, non-autonomous, connected, and non-connected 

vehicles, and then changing the market penetration rate (MPR) of the autonomous and 

connected vehicles (Talebpour and Mahmassani, 2014). By separating the autonomous and 

connected vehicles, they concluded that increasing the MPR of both technologies increases 

stability, with autonomous vehicles having a larger impact than connected vehicles. One 

of the drawbacks of this study is that only the longitudinal movements of vehicles are 

modeled, without lane-changing. 
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The main types of models that have been implemented regarding connected vehicles 

and autonomous are car-following and mechanistic models. The Intelligent Driver Model 

(IDM) (Trieber et al., 2000; Kesting et al., 2010; Trieber and Kesting, 2013) and Newell's 

model (Newell, 2002; Daganzo, 2007) are the primary car-following models that have been 

tested. Adaptive Cruise Control (ACC) (Serafin et al., 1996) and Cooperative ACC 

(CACC) (Naus et al., 2010; Milanés et al., 2014) are the two mechanistic models that have 

been tested the most. While most research has been conducted for longitudinal trajectories, 

a lane-changing aspect is necessary to include a most complete/realistic driving experience. 

Therefore, Newell's model is not suitable seeing as how it is not easily adaptable in terms 

of lateral movement. Moreover, because IDM has been incorporated with the lane-

changing model MOBIL (Kesting et al., 2007), this model should be combined with a 

mechanistic lane-changing feature and be tested against the PT-based model (Hamdar, 

2009; Silverstein and Hamdar, 2015) with a communication aspect.  

ACC allows for a driver to select a specific speed for cruise control, but if the subject 

vehicle's lidar or radar sensor detects a preceding vehicle, the subject vehicle will adapt its 

speed to that of the preceding one based on a pre-determined minimum headway. The 

subject vehicle controls the distance to its leader automatically by using brake and throttle 

actions without driver interference. A study on a full-speed-range collision avoidance ACC 

that incorporates various driving modes was conducted by Moon et al. (2009). Moreover, 

a study was conducted to assess the various types of control systems using a low-speed-

range ACC (Milanés et al., 2014). One of the difficulties of assessing ACC is that there are 

systems currently available on the market in luxury brand vehicles and as add-in options 

for a variety of vehicle models from economy brands. Therefore because of the commercial 
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aspect, it is almost impossible for a researcher to adjust these systems already incorporated 

in a vehicle.  

CACC is the combination of ACC with an inter-vehicle wireless communication 

aspect. While ACC allows for the comfort of an individual driver, a larger headway 

between the subject vehicle and its leader are employed. However, it is beneficial to allow 

for more throughput on roadways by using smaller inter-vehicle spacing leading to 

platoons of vehicles. An issue that is seen and addressed by Naus et al. (2010) is the design 

of a CACC system that allows for string-stability. An unstable string occurs when there is 

amplification of the velocity at the front of a platoon leading to stop-and-go waves, jams, 

or a breakdown in traffic (Peppard, 1974). Milanés and Shladover (2014) presented 

experimental results for their formulated CACC system. The authors define acceleration 

and braking as second-order functions in terms of static gain, damping factor, natural 

frequency, and time delay. Additionally, they define the position Xi(s) for a vehicle in the 

platoon as a function of the errors of the preceding and leading vehicles, time delay of the 

wireless communication, target speed command for the subject vehicle, and the time gap 

selected by the driver (the shortest time gap that could be selected was 0.6 seconds). This 

study showed reduced gap variability, the ability of the CACC system to adapt to 

unequipped vehicles to cut in and out of the platoon, and that the CACC system had better 

response time and string stability than a comparative ACC system for a platoon of four 

equipped vehicles.   

IDM determines an objective acceleration for the following vehicle based on a free-

road approach in the acceleration phase and a combined approach using the desired time 

gap and comfortable deceleration in the braking phase. Kesting et al. (2010) updated the 
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model so that hard braking in response to cut-in maneuvers (quick vehicle merges) is 

avoided and Treiber and Kesting (2014) introduced IIDM that modifies IDM for when 

actual velocity surpasses or is close to desired velocity. Looking into highway capacity 

simulations using IDM, Ngoduy (2013) shows predictions that even with low ACC market 

penetration (less than 50%) capacity improves. Milanés et al. (2014) conducted a study that 

compared the ACC, CACC, and IDM control models. Using two vehicles equipped with 

the three control systems, car-following experiments were conducted. These results show 

that while IDM produces smooth car-following behavior, response time is slow and 

clearance gap variation is large. Despite these results, improvements could be made by 

including a communication aspect and the IDM model could be shown to be more prolific 

if a lane-changing aspect and/or a mechanistic aspect were added. Dang et al. (2014) 

developed "A Lane Change Warning System Based on V2V Communication". Within the 

framework of the system are four main components: environment detection, minimum safe 

distance computation, judgment of lane change achievability, and human-machine 

interface (HMI). The relative position and speeds of surrounding vehicles are obtained 

through V2V communication and based on this environment data and a driving style index 

minimum safe distances can be calculated. Safety distances are calculated for the subject 

vehicle for the vehicles in front of and behind, as well as for those in the target lane. After 

this, lane change feasibility allows for a judgment to be made to make or not make the lane 

change. Lastly based on the judgment, the HMI module sends audio/visual warnings to 

drivers for various movements. Simulation results show that this warning system can 

effectively incorporate safety, driving comfort, and driving style index.  
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Yang and Jin (2014) used Newell's car-following model (Newell, 2002; Daganzo, 

2006) in the control system of their vehicle communications research. The authors 

proposed and assessed inter-vehicle communication green driving approaches that use a 

feedback control system. Smoothing vehicle movement while reducing fuel consumption 

and emissions during stop-and-go-traffic, was the main objective. Newell's model was 

selected because of its consistency and the ability to easily apply a speed limit. It can be 

seen that a vehicle's position is subject to keeping a minimum safety distance from the 

leading vehicle and the imposed speed limit. Both congested and non-congested traffic 

regimes can be modeled with Newell's approach. However, the fact that the model does 

not control the following vehicle's speed in stop-and-go traffic patterns makes it most 

suitable for studying green driving strategies; it was part of the authors' objective to smooth 

vehicle movements and speed profiles. 

Additionally, while the study conducted by Yang and Jin (2014) uses on inter-vehicle 

communications and control focuses on green driving, they do incorporate market 

penetration rate and communication delay. These two aspects of V2V and V2I 

communication are important to see a minimum MPR and maximum delay that will still 

allow for an improvement in traffic flow and safety. The authors specifically looked at how 

a MPR of 10% with communication delays ranging from 0 to 60 seconds affected their 

green driving strategy. Results show that there were savings in both emissions and fuel 

consumption for 0 to 60 seconds of communication delay, with higher savings occurring 

with lower delay. Even though the objective of the proposed research is more safety-based, 

a similar logic could be implemented to test the effects of MPR and communication delay. 
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The communication protocols that allow for V2V communication are based on the 

Institute of Electrical and Electronics Engineers (IEEE) 802.11p amendment that includes 

Dedicated Short-Range Communication (DSRC) wireless communication and messaging 

standards. To translate this into the microscopic simulation, the reliability of this 

communication needs to be a known entity. After conducting real-world experiments with 

DSRC equipped vehicles, Bai et al. (2006) use packet delivery ratio and distribution of 

consecutive packet drops as two metrics for communication reliability, and T-window 

reliability metric as an application level reliability metric to analyze V2V communication. 

The authors define packet delivery ratio (PDR) as the probability that the receiver 

effectively receives a packet after it has been sent by the transmitter based on the average 

packets received compared to packets sent over a certain time segment. Distribution of 

consecutive packet drops is the probability distribution for DSRC of consecutively dropped 

packets. T-window reliability is known as the probability of receiving a minimum of one 

packet from adjacent vehicles during the time window T. In other words, at time t0 if one 

or more packets is received during the time window (t0 ï T), the application is said to be 

reliable at t0. Due to the nature of this paper and minimum requirement for communication, 

T-window reliability is utilized. To do this, the T-window reliability vs. distance between 

vehicles results from the paper by Bai et al. (2006). As shown later in the methodology 

section for connected and autonomous vehicles (3.3.5), the authors show results from T = 

0.3, 0.5, and 1.0 seconds for a freeway environment (Figure 4 on pg. 57). Linear 

interpolation is used to determine if at least one packet is received from neighboring 

vehicles, and thus successful V2V communication.      
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2.5  Driving Simulator Studies 

Driving simulators have been used in variety of experiments regarding driver response 

to collision warning. For example, a 2007 study (Kramer et al., 2007) assessed the utility 

of an array of unimodal and multimodal collision avoidance systems based on driving 

performance using a driving simulator. Researchers included experiments with and without 

in-vehicle distractions, looked at old (ages 61 ï 82) and young (ages 18 ï 26) drivers, 

assessed various combinations of auditory, visual, and tactile warnings, and included 

potential forward and side collisions. Visual warnings were presented using multiple sets 

of horizontally aligned LEDs that would flash based on the imminent collision threat, 

auditory warnings used a pre-established sound from the CAMP project (Keifer et al., 

1999), and tactile warnings used two thigh shakers. Response time was used as the main 

metric for analyses. Results showed that both old and young drivers avoided collisions best 

with the auditory and visual warning system for both forward and side collision potentials. 

In addition, old and young drivers benefited roughly the same amount from the collision 

warnings, with older drivers benefiting slightly more in some scenarios.    

Another study from 2014 (Baldwin et al., 2014) looked at the effectiveness of auditory 

collision warnings for fatigued old (ages 65 ï 85) and young (18 ï 29) drivers. Once drivers 

met some fatigue criteria, based on extreme lane position variations, a potential collision 

event was activated in the simulator and drivers were either given an auditory warning or 

not given one. Similar results were seen with the previous study in that auditory warnings 

reduced collisions for both groups of drivers, with a higher reduction observed for the old 

driver group. 
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Building on previous results, (Ahtamad et al., 2015) investigated effectiveness of tactile 

and audio-tactile collision warning systems for old (ages 60 ï 75) and young (ages 18 ï 

35) driving groups when informative collision warnings vs. uninformative collision 

warnings. Informative tactile warnings used different activations (hands, waist) and for 

different durations of time, while auditory informative warnings used different sounds for 

different durations of time. Faster braking reaction times were observed when drivers were 

given an informative warning when compared with the non-informative warning. No 

significant differences in effectiveness were found during a comparison of unimodal versus 

multimodal informative warning systems. The authors found the interesting results that 

older drivers had faster brake reaction times than younger drivers, with significantly faster 

times in conjunction with multisensory warnings. 

Other driving simulator studies have considered cross-regional collision warning 

responses, effects of response warning times, and the types of collision avoidance 

maneuvers drivers perform. One such study (Liao et al., 2017) explored behavior responses 

to different forward collision warning system timings for participants in China and Sweden. 

An audio-visual alert was used for the forward collision warning system (LEDs mounted 

as a heads-up visual display, auditory warning sound from the CAMP project (Keifer et 

al., 1999)) with both early and late timing time-to-collision thresholds of 7.98 seconds and 

2.33 seconds, respectively. Results from the study showed significant differences between 

the Swedish and Chinese participant drivers in both system acceptance and impact. 

Regardless of warning timing or traffic density, Chinese drivers steered more often than 

Swedish drivers when presented with a collision warning and Swedish drivers preferred an 
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earlier alarm timing compared to Chinese drivers. Conclusions from the study emphasized 

the need to have different collision warning designs for different regional drivers. 

An additional study (Wu et al., 2017) specifically investigated driver collision 

avoidance strategies (braking, steering, both) once an auditory forward collision warning 

was issued. Age, gender, and study location (five areas across the U.S.) were also assessed 

in terms of collision avoidance maneuvers through log-linear analysis. Results showed that 

drivers 40 years of age and older were more inclined to use both braking and steering to 

prevent a rear-end collision. In response to forward collision warnings, urban drivers were 

less likely to only brake. Young (<= 40 years of age) and rural drivers were more inclined 

to only brake in response to a warning, possibly due to driving in environments that 

experience less traffic congestion. Drivers who only braked still collided 80% of the time 

while drivers who used both braking and steering or steering only had lower collision rates. 

Age appeared to have the most significant impact on collision avoidance behaviors, with 

differences in geographical location having a slight impact, and gender showing no 

significant effect. The authors suggest using more detailed alerts for different types of 

collision avoidance maneuvers. 

 

 

 

 

 



36 

 

Chapter 3 :  Methodology and Formulation 

When analyzing and characterizing roadway collisions, different macroscopic data 

analytics methods need to be adopted. In this dissertation, these methods rely on two types 

of formulation: the collision involvement rate formulation presented in Section 3.1 and the 

macroscopic fundamental diagram formulation presented in Section 3.2. These 

macroscopic network-level and link-level formulation are supplemented with a 

microscopic driver-level formulation that integrates human risk-taking tendencies, vehicle 

dynamics and lateral movement kinematics into one traffic simulation model that can 

reproduce the same safety measures of effectiveness (MOEs) observed in the 

aforementioned data analytics methods. The implementation details of this model are 

presented in Section 3.3. 

3.1  Collision Involvement Rates 

The collision involvement rates include the number of vehicles involved in a collision 

instead of just the number of collisions as the outcome variable (Yeo et al., 2013). The 

original study linked collision occurrence and traffic states on throughway traffic and 

looked at the methodology has a potential framework to detect and possibly predict 

locations of high collision involvement rates. By using collision involvement rates that are 

classified by up- and down-stream velocities, this paper aims to properly weight collisions 

by the number of vehicles involved and investigate the speed-based classification. A 

calculation for the collision involvement rate PC,VMT  per MVMT  can be seen below: 
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Where speed data is collected from detector station m to be v(j,m), jŮ{1.365}, crash 

number i, su(i) = upstream speed for i, sd(i) = downstream speed for i, speed vectors (v1, v2), 

grid size = dv, dm, m+1 = distance between detector m and m+1, D = number of detectors, 

,ή  = flow at detector m for record j, and: 
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(3.3) 

Based on the work of (Yeo et al., 2013), the author divided the data into the upstream 

and downstream velocity categories based on the velocity bin size. This research uses 

velocities with ten mph increments. The velocities of interest were those between 0 and 80 

mph, resulting in 81 upstream and downstream velocity combinations. It should be noted 

that since the cluster analysis identifies the free-flow regime by a ten-mph range of 

velocities above and below the speed limit, this bin size is adopted for consistency of 

analysis. 

3.1.1  Data Description  

Analysis is performed on a study location that aligns with that of the Next-Generation 

Simulation (NGSIM) study location (U.S. Department of Transportation ï FHWA, 2008). 

The reason for the selection of this location is that microscopic traffic models have been 

calibrated using trajectory data from the 2005 NGSIM dataset and future work would look 

at simulating the corresponding collision rates to help further validate the models. Collision 
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data from the HSIS and detector data from the Caltrans PeMS were used for this stretch of 

the 6-lane I-80 E highway in Emeryville, CA for the years 2005, 2006, and 2007. 

Specifically, the collision and detector data from the Powell St. on-ramp detector (post-

mile 3.89) to the N. Aquatic Park detector (post-mile 5.25), a length of 1.36 miles, were 

used. The speed limit for the roadway is 70 mph and the number of collisions and vehicles 

involved in collisions for each of the three study years is given in Table 1 (pg. 38). Of the 

197, 152, and 206 total collisions that occurred on the study location in 2005, 2006, and 

2007, respectively, rear-end and sideswipe collisions are highlighted because they are the 

two most common types of collisions with motor vehicles in transport (NHTSA, 2017a). 

Furthermore, even though in 2006 the number of other types of collisions was greater than 

that of sideswipes, the number of vehicles involved in the sideswipe collisions was greater 

than that of the other category (Table 1 on pg. 38). Regarding the detectors, speed and flow 

values were collected from the PeMS database that were aggregated over six lanes for 5-

min. time intervals. Except for 24 of the 5-min. time intervals (12 from the second hour on 

April 3, 2005 and 12 from the first hour on October 30, 2005), speed and flow values for 

all 365 days for all three years were collected. In total, 105,096 observations in 2005 and 

105,120 observations in 2006 and 2007 were used in the calculations. It should be noted 

that none of the collisions from the HSIS data took place during the missing times.   

Table 1: Distributions of Collisions and Vehicles Involved in Collisions 

  
Number of Collisions Vehicles Involved in Collisions 

Rear-End Sideswipe Other Rear-End Sideswipe Other 

Y
e

a
r 2005 95 51 51 213 105 58 

2006 85 30 37 214 65 51 

2007 114 48 44 278 103 55 
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In this research, a linear speed, flow, density relationship is assumed. Based on 

(Newell, 1993) and the traditional FD framework of defining two traffic states on the flow-

density plane, this paper categorizes the free-flow regime as those data points with up- and 

down-stream speeds between 50 and 70 mph. Therefore, the congestion regime contains 

data points with up- and down-stream speeds below 50 mph. Further breakdown and 

empirical analysis of the congestion regime is conducted later in the results section.             

3.1.2  Clustering Analysis 

K-means cluster analysis was performed on the entire three-year data set assuming 

three clusters (after several trials). The centroid of each cluster is calculated through a 

number of iterations based on the upstream flow (veh/hr), downstream flow (veh/hr), 

upstream density (veh/mile), and downstream density (veh/mile). This loop algorithm 

minimizes the squared error objective function: 

ὒ  ὼ ὧ  
(3.4) 

Where ὼ ὧ is the specified distance between data point ὼ and the cluster 

center ὧ and is an indicator for the distance between the n data points from their individual 

cluster centers (MacQueen, 1967). 

3.1.3  Pattern Recognition 

A time series analysis and principal component analysis are conducted to consider the 

changes in flow, density, and speed values from time step to time step. Different 

autoregressive models have been used in forecasting various traffic conditions and 

analyzing collision formation (Michalaki et al., 2016). Vector autoregression models 
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demonstrate the dynamic relationships among multiple interconnected time series. VAR 

models are known for their simplicity and flexibility that can not only predict future values, 

but also recognize and calculate effects of various parameters at different time lags on a 

group of variables (Zivot and Wang, 2007). Modeling was conducted for monthly data 

from 2005 ï 2007 for both rear-end and sideswipe collision types and included the 

variables of total CIR and average upstream flow, density, and speed. The formulation of 

a VAR model is given as the following: 

ώ ὧ ὃώ ὃώ Ễ ὃώ  Ὡ (3.5) 

Where ώ is a k-dimensional time series vector, c is a (k x 1) vector of constants, ὃ is 

a (k x k) coefficient matrix, ώ  is the i-th lag of y, Ὡ is a (k x 1) white noise error vector, 

and p is the order of the model. 

Due to the multicollinearity of the variables of interest, PCA is applied to reduce 

dimensionality of the correlated and possibly redundant data (Jolliffe, 2002). The 

mentioned variables of interest include CIR, the corresponding upstream and downstream 

flows, densities, and speeds, as well as the difference between (delta) upstream and 

downstream flows, densities, and speeds. This analysis orthogonally transforms correlated 

measures into uncorrelated principal components (PCs). PCs are linear combinations of the 

observed metrics that have been optimally weighted. The first PC has the largest variance 

and explains the highest percentage of the data variability. Each successive PC has the next 

highest variance and preserves orthogonality with the previous PCs. 

3.2  Macroscopic Fundamental Diagram 

Continuing with the macroscopic scope of analysis, the second data analytics methods 

adopted to analyze collision formations and their impact on a given roadway network in 
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based on the Macroscopic Fundamental Diagram (MFD). The following sections provide 

details on the formulation of the MFDs as well as the data analyzed with such method.  

3.2.1  Analysis 

As part of the study about collision formation, the surrounding traffic flow 

characteristics are evaluated. In addition to the use of the flow, speed, and density values 

used for analysis at the link level, MFD estimation is conducted for various subnetworks 

upstream and downstream of the collision links. The chosen weighted average method for 

MFD estimation is used for calculating average flow and average density for a specific 

time, t. These values are calculated as (Daganzo and Geroliminis, 2008): 
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Вήȟὒ

Вὒ
 

(3.6) 

Ὧ ȟ

ВὯȟὒ

Вὒ
 

(3.7) 

Where ή ȟ is the weighted average flow, ήȟ is the flow rate of each segment i of the 

road, ὒ is the length of each segment i of the road, ή Ὧ ȟ is the weighted average 

density, and Ὧȟ is the density of each segment i of the road. 

3.2.2  Data Description 

Microscopic-level collision and loop detector data from the KEC (KEC, 2015) are 

aggregated and utilized for this research. As shown in (KEC, 2015), almost 4,000 km of 

high-speed motorways in South Korea have tolls operated by the KEC. Between the years 

2011 and 2013, the KEC recorded almost 30,000 discrete collisions, with 14,286 of these 

being viable for analysis with inclusive information records. More data filtering has been 
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conducted to identify specific links on which collisions have occurred within the network. 

Links were determined by detector locations for both eastbound and southbound roadways. 

A total of 7,893 links were formed with link lengths no greater than 4 km. Detector data 

(speed and volume) was recorded for every 5 minutes, leading to 288 timesteps per day per 

link. A linear relationship between speed, flow, and density is assumed. Seven daysô worth 

of data (February 4, September 14, September 19, September 29, October 8, November 27, 

and December 14 of 2013) were used from the KEC dataset to potentially compare the 

results to that of the previously mentioned study (Schorr et al., 2016). Collision data 

extracted from the KEC dataset include day, time, and lane closure time (partial and full). 

After filtering out incomplete collision records, 8 total lane closure collisions, and 50 

partial lane closure collisions were analyzed. 
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3.3  Microscopic Traffic Simulation Model 

The full methodology and employment details of the implemented microscopic traffic 

simulation model can be found in the authorôs masterôs thesis (Silverstein, 2015), with a 

few key updates as described in the sections that follow. The operational and tactical 

driving decision-making processes of freeway traffic are captured by car-following and 

lane-changing models, respectively. As previously discussed (Section 2.3), due to the need 

to incorporate safety related parameters while producing realistic congestion dynamics in 

Figure 2: Korea Network Detector Map 
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addition and allowing for collision occurrence, the PT-based microscopic traffic simulation 

model in (Hamdar, 2009) is utilized. The utility-based acceleration (car-following) and 

duration-based lane-changing frameworks are presented in the following sections. It should 

be noted that while the PT-based model can reproduce congestion dynamics associated 

with extreme driving conditions and collision formation, before (Silverstein, 2015) it was 

never used to define lane-changing maneuvers, pre-collision and collision dynamics, or 

post-collision trajectories. The reasoning behind these additions was the need to understand 

collision formation in greater detail and observe if lateral movements allow for prediction 

of collision formation and/or varying congestion dynamics. That said, the lateral trajectory 

and post-collision frameworks adopted in this research are that of a 5th-order polynomial 

and conservation of momentum-based model, respectively (Silverstein, 2015). Note that 

additions to the inclusive model presented in (Silverstein, 2015) are the Gippsô vehicles 

dynamics equations (Gipps, 2014) that provide limits to the allowable acceleration values 

based on a vehicleôs mechanical makeup, distributions of lateral trajectory coefficients, and 

the framework for intelligent transportation systems (ITS) technology incorporation.     

3.3.1  Car-Following 

When drivers enter a roadway, they assess their acceleration choices based on the 

potential gains and losses. The PT-based model (Hamdar, 2009) is used to recreate this 

cognitive process. Prospect Theory is an economic based model that accounts for 

heterogeneous behavior by quantifying the decision-making process through calculations 

of utility based on feasible alternatives involving risk (Kahneman and Tversky, 2013). 

From (Hamdar, 2009), the two main phases of Prospect Theory were applied to car-

following. First during the framing and editing phase, varying utilities are assigned to 
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different acceleration choices and then choices are edited using a driverôs own subjective 

utility. Second during the evaluation phase, a prospect index that involves weighting 

potential outcomes is calculated. The choice with the largest prospect index is chosen. The 

prospect theory value function is given as: 

Ὗ ὥ
ύ ρ ύ ÔÁÎÈ
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(3.8) 

Where the acceleration value function is Ὗ , ὥ is the variable desired acceleration of 

a driver, ὥ is a normalization parameter set to 1 m/s2, ύ  represents the relative weight 

of losses in comparison to gains, and ‎ represents a driverôs sensitivity to gains compared 

to losses in travel times and is always > 0. 

If a driver chooses ὥ as the desired acceleration, a gain of Ὗ  will be achieved except 

if the driver is involved in a collision (rear-end or angled). The disutility ensuing from a 

collision is formulated as:  

Ὗὥ ρ ὴȟὟ ὥ ὴȟύὯὺȟЎὺ (3.9) 

Where ὴȟ is the probability of being in a collision at the end of a car-following 

episode, ύ  is the collision weighting parameter that is lower for drivers more prone to take 

risks, and ὯὺȟЎὺ is the collision seriousness term with an assumed value of 1.  

To reproduce the stochastic nature of the acceleration choice process, the following 

logistic functional form is used:     

Ὢὥ
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᷿ Ὡ
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(3.10) 

Where Ὢὥ  represents the probability density function and ρ‍ϳ  represents the 

random utility.  
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To include realistic vehicular restrictions on acceleration, Gippsô vehicle dynamics 

model (Gipps, 2014) is added to the PT-based car following model. Combining the 

modified Davis equation, Newton's equations of motion, and the power that the vehicle can 

generate, the limiting velocity equation is: 

ὺ ὸ † ὺ ὸ †
ὖ

ὺ ὸ
ὙȾά 

(3.11) 

Where P is the maximum power the vehicle can produce, t = the apparent reaction time 

(constant for all vehicles), R = the resistance to motion, and m = the mass of the vehicle. 

The modified Davis equation defines R as: 

Ὑ  ‌ά ‍άὺ‎ὥὺ  άὫ (3.12)‏

Where R = the resistance to motion, m = the mass of the vehicle, v = the vehicle's speed, 

a = the drag area of the vehicle (coefficient of drag times the frontal area), g = the 

gravitational acceleration, a, b, and g = coefficients based on vehicle type, and d = tangent 

of the road gradient. 

Regarding cornering speed, occupant comfort around curves can be achieved by 

establishing a maximum acceptable lateral acceleration, ALat, and calculating the maximum 

acceptable speed, u: 

ό ὃ Ὑ  (3.13) 

Where RCurve = the absolute radius of curvature. 

Moreover, the simulated driver can display realistic behavior by looking ahead and 

slowing down prior to reaching the curve. Thus, the rate at which a driver must brake, b, 

to decelerate to the comfortable speed is defined as the following: 

ὦ ό ὺ ȾςὨ (3.14) 

Where v = the current speed and d = distance (in meters) to the curve ahead. 
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Using the original notation and substituting the new constraints into Gipps' model 

yields: 

ὺ ὸ † ὺ ὸ ὃ Ὑ ὼ ὸ Ὠ ὺ ὸ ȾςὨ (3.15) 

With stopping distance, D, given by: 

Ὀὺ ὸȟ‍ ὺ ὸȾς‍ (3.16) 

 

3.3.2  Lane-Changing 

Continuing with the incorporation of heterogeneity and risk-taking into the driving 

process, the lane-changing model is defined using a hazard-based duration framework 

(Hamdar, 2009). The continuous driving process is represented by a series of driving 

episodes that end probabilistically based on a hazard value, which is calculated using 

information about a driverôs experience. Episodes are categorized as free-flow and car-

following, with their duration expressed as the time before a driver starts a new episode. 

Lane-changing is one cause for an episodeôs termination. Free-flow episodes end if either 

the subject vehicle performs a lane change (exit strategy 1) or the distance between the 

target vehicle and its leader is small enough for car-following to occur (exit strategy 2). 

Car-following episodes end if either the target vehicle changes lanes (exit strategy 3) or the 

distance between the target vehicle and its leader is great enough for free-flow to occur 

(exit strategy 4). From (Hamdar et al., 2008), the hazard value at time u is for driver i is 

calculated as the current episodeôs probabili ty of termination a short time interval ‏ after 

u:        

‗ ÌÉÍ
ᴼ

ὖό Ὕ ό ȿὝ‏ ό

‏
‗ ‰ὼȟ‍  

(3.17) 
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Where q is the exit strategy for an episode being evaluated, Ὕ  is a random variable Ó 

0 that represents the duration of an episode for a specific driver and exit strategy, ‗  is a 

baseline hazard at time u, ὼ  is a vector of explanatory variables for a specific driver and 

exit strategy, and ‍ is a vector of parameters corresponding to ὼ . The following 

exponential form is assumed to be the function of exogenous covariates:        

‰ὼȟ‍ Ὡ  (3.18) 

Where ύ  accounts for random heterogeneity as an error term. 

While the baseline hazard function is constant for free-flow episodes (‗ = „), a two-

parameter function is utilized to embody the duration-dependence of car-following 

episodes. This two-parameter function is formulated as:   

‗ „‌ „ό  (3.19) 

Where „ and ‌  are estimated model parameters and the duration length is u. 

3.3.3  Lateral Trajectory  

If, through the calculation of the hazard function, a driver decides to terminate his/her 

current driving episode by lane-changing, a 5th-order polynomial is used to simulate the 

lateral trajectory of the lane-change (Nelson, 1989; Silverstein, 2015). This single 

Cartesian-polynomial (SCP) curve was developed to smooth out the lane-changing paths 

of autonomously driven vehicles to be more like those of a skilled car driver. By providing 

continuous curvature transitions with coefficients calculated by end-point constraints, the 

lateral trajectory y is calculated as: 

ώὼ  Ὠρπ
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(3.20) 



49 

 

Where x is the longitudinal location of the vehicle, d is the total lateral distance of the 

lane change, and ὼ is the longitudinal endpoint of the lane change determined by the 

acceleration function and expected lane-changing time. The lane-changing time is assumed 

to follow a normal distribution with mean and standard deviation set as 2 seconds and 1 

second, respectively. 

While only the coefficients of the 5th-order polynomial as described in equation (3.20) 

were considered in (Silverstein, 2015), this dissertation uses experimentally collected data 

to determine different distributions of these coefficients depending on various driving 

scenario/warning types (see Section 6.2.4).  

3.3.4  Post-Collision 

The post-collision model of interest in this research is based on the conservation of 

both linear and angular momentum and assumes perfectly elastic collisions between two 

vehicles (Limpert and Andrews, 1991; Silverstein, 2015). While there are other models 

that are more involved and consider the dynamics and deformation of each colliding 

vehicle or use finite element modeling with an exhaustive number of degrees of freedom, 

the following approach was selected to keep computational speed and complexity at a 

minimum while still providing accurate insight into post-collision movements of vehicles 

and the surrounding traffic flow. Since pre-impact speeds and angles of the two colliding 

vehicles are known, the following equations can be solved to calculate post-impact speeds 

and angles. First, post-impact velocities are calculated as: 
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(3.21) 
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Where Vi2,x is vehicle iôs post-impact x-direction velocity, I is the vehicle mass moment 

of inertia (vehicle types are considered homogenous in this paper), Vi1,x is vehicle iôs pre-

impact x-direction velocity, Vi2,y is vehicle iôs post-impact y-direction velocity, Vi1,y is 

vehicle iôs post-impact y-direction velocity, m is the vehicle mass, and 1ix/y are the C.G. to 

collision point of contact distances for vehicle i. Next, post-impact angles ai2 can be 

determined by solving the system of equations: 
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(3.30) 
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(3.31) 

Where Wi is the weight of vehicle i. 
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It should be stated that the equations just presented from (Limpert and Andrews, 1991) 

were developed from actual collision reconstruction data. In the original paper, the goal 

was to simplify the reconstruction of movements of two vehicles once a collision takes 

place. The author of this dissertation wishes for full disclosure regarding the limitations of 

the results in Chapter 6 that were produced with post-collision movement as specified in 

this section. Specifically, the author makes statements claiming realism and accuracy of 

the outputs; however, these statements go more towards the overall abilities of the all-

inclusive model to recreate collision formation, keep colliding vehicles on the simulated 

roadway, and reproduce comparable collision rates to those that occur on real roadways. 

The incorporation of a more robust post-collision movement model is recommended in 

future work. 

3.3.5  Connected and Autonomous Vehicles 

Incorporating connected and autonomous vehicles into the microscopic traffic 

simulation framework includes multiple approaches. To investigate a connected vehicular 

system, it is important to examine all the possible types of connectivity and non-

connectivity.  

Before exploring the various modeling schemes of the equipped vehicles, it is necessary 

to present the formulation of the Intelligent Driver Model (IDM) (Treiber et al., 2000) and 

the lane-changing model MOBIL (Kesting et al., 2007) that are used. IDM uses a 

deterministic acceleration modeling framework that shows that drivers are sure about 

surrounding driversô movements and drivers are conscious of their surrounding driving 

environment (e.g. road condition, weather). A following vehicleôs acceleration is 

calculated as: 
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(3.33) 

Where a is the maximum acceleration, v0 is the desired velocity, d is the free 

acceleration exponent, T is the desired time gap, s0 is the jam distance, and b is the desired 

deceleration.  

Calibrated values for the IDM model are presented in Table 2 (pg. 52). 

Table 2: IDM Parameters and Calibrated Values (Treiber et al., 2000) 

Parameters Typical Value 

free acceleration exponent ŭ = 4 

desired time gap  T = 1.5 s 

jam distance s0 = 2.0 m 

maximum acceleration a = 1.4 m/s^2 

desired deceleration b = 2.0 m/s^2 

 

MOBIL (Kesting et al., 2007) is a lane-changing model that specifies decision making 

rules. As a main assumption, MOBIL assumes that when it comes to making a lane-

changing decision, a driver must compromise between the personal anticipated 

improvements and the hindrances the lane change will put on other drivers. The equations 

for this model are given below. 

ὥ ὦ  (3.34) 

 

ὥ ὥ ὴὥ ὥ ὥ ὥ Ўὥ  (3.35) 

Where ὥ is the deceleration of the follower in the new lane after the lane change, ὦ  

is the deceleration safety limit, ὥ is the new acceleration of the subject vehicle after the 
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lane change, ὥ is the acceleration of the subject vehicle before the lane change, p is the 

politeness factor, ὥ is the acceleration of the new following vehicle after the lane change, 

ὥ is the acceleration of the new following vehicle before the lane change, ὥ is the 

acceleration of the old following vehicle after the lane change, ὥis the acceleration of the 

old following vehicle before the lane change, and Ўὥ  is the switching threshold.  

As seen in Figure 3 (pg. 55), for this research vehicles are first separated into equipped 

or non-equipped categories. Equipped vehicles are either autonomous or communication-

enabled, and non-equipped vehicles do not have these capabilities. Next, equipped vehicles 

are either passive or active in terms of connectivity. Actively connected vehicles can either 

be autonomous, where the vehicle receives information from surrounding vehicles and 

adjusts the driving behavior, or non-autonomous, where drivers receive information from 

surrounding vehicles and have the option to adjust their driving based on this information. 

Passively connected vehicles do not communicate with surrounding vehicles and are either 

autonomous, where the vehicle receives information about the surrounding driving 

environment through GPS and Lidar sensors, or non-autonomous, where drivers are given 

information about the surrounding environment through the previously mentioned devices 

and can choose whether to use the information. 

Figure 3 (pg. 55) also shows the type of modeling scheme that can be used to simulate 

the different types of vehicles in traffic flow as well as where responsiveness of drivers can 

be measured and assessed. First, vehicles that are non-equipped, passively connected and 

non-autonomous, and actively connected and non-autonomous are modeled using the PT-

based car-following model in conjunction with the hazard-based lane-changing model. 

These two models are used to account for the human heterogeneity in the driving 
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experience as well as other driver-specific parameters such as aggressiveness, weight of 

gains vs. losses, collision consciousness, and confidence in his or her ability to anticipate 

the other driversô behavior on the roadway. Next, vehicles that are equipped, passively 

connected autonomous, and actively connected autonomous are modeled using the IDM 

car-following model in conjunction with the MOBIL lane-changing decision-making 

model. Both models follow sets of systematic rules based on preserving safety and 

maximizing throughput, mimicking how the computer inside a vehicle would maneuver 

the vehicle in traffic. Additionally, the Gippsô vehicle dynamics model is superimposed 

with each of the sets of car-following and lane-changing models to account for vehicle 

power and weight, road gradient, and negotiating roadway curvature. The biggest 

differences between the types of vehicles using the same set of car-following and lane-

changing models comes in the time headway and delay time. These times are used to 

maintain a safe distance between the subject vehicle and its immediate leader. Therefore, 

the lower this time is, the smaller the lead gap between two consecutive vehicles. It is 

logical that the non-equipped vehicles require more time headway to allow drivers to react 

to hazards on the roadway without resulting in a collision than equipped vehicles with 

either autonomous driving or human drivers that learn more information at a quicker rate. 
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These times as well as the range of applicability and position accuracy are given in Table 

3 (pg. 56). 

In addition, since as the distance between vehicles increases, the probability that at least 

one packet is successfully received decreases, the connectivity of the connected vehicles is 

calculated every 0.3 seconds. This is determined by randomly selecting a value from the 

distribution of the T-window metric based on the distance between vehicles. Table 4 (pg. 

57) shows the application reliability for distances between vehicles from 0 to 300 m that 

are interpolated from Figure 4 (pg. 57) from Bai et al., 2006. 

The author wishes to note here, like in Section 3.3.4 regarding the post-collision 

movement module, that the presented incorporation of CAVs is highly simplified and has 

Figure 3: Equipped and Non-Equipped Vehicle Modeling Scheme 
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severe limitations when compared with equipped vehicles today. To clarify, here 

autonomous vehicles are assumed to drive themselves and therefore they are modeled using 

the more deterministic IDM car-following model and rules with politeness-based MOBIL 

lane-changing decision model are used for these vehicles. The less accurate modeling 

scheme is applied to the connected vehicles, which are assumed to have a human driver 

with a vehicle that receives messages from surrounding vehicles if packets of information 

are received and other connected vehicles are within communication range. This is done 

through the calculations of various probabilities and then an adjustment of the reaction time 

for the PT-based extended car-following model with hazard duration lane-changing. The 

reasoning behind this chosen implementation is again the simplicity and computational 

quickness. Additionally, such modeling was selected to provide a proof of concept on the 

ability to add a CAV module to the presented all-inclusive PT-based microscopic traffic 

model; the goal was not to add to the current literature on connected and autonomous 

vehicles. The implementation of a more accurate, robust model is recommended for future 

work.  

Table 3: Delay Times, Range, and Accuracy for Different Types of Vehicles 

Type of 

Vehicle 

Time 

Headway 

(sec) 

(Kesting et 

al., 2010) 

Communicat

ion Delay 

(sec) (Jin and 

Orosz, 2014) 

Driver 

Reacti

on 

Delay 

(sec) 

(Jin 

and 

Orosz, 

2014) 

Automat

ed 

System 

Delay 

(sec) (Jin 

and 

Orosz, 

2014) 

Engine 

Delay 

(sec) 

(Rajama

ni and 

Shladov

er, 2001) 

Tota

l 

Tim

e 

Dela

y 

(sec) 

Rang

e (m) 

Positio

n 

Accura

cy (cm) 

Non-

equipped 
1.5 0 0 0 0 1.5 N/A N/A 

Communi

cation-

enabled 

0  0.1 to 0.4 0.5 to 1 0 
 0.07 to 

0.25 

 0.67 

to 

1.65 

1000 N/A 

Autonomo

us 
0 0 0 

 0.05 to 

0.2 

 0.07 to 

0.25 

0.12 

to 

0.45 

100  +/- 1 
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Table 4: Application Reliability vs. Distance Interpolated from Graph (Bai et al., 2006) 

 

 

 

 

 

 

 

 

 

 

Distance (m) 
Application 

Reliability (%)  

[0 - 25] 99 

 (25 - 50] 99 

 (50 - 75] 97 

 (75 - 100] 96 

 (100 - 125] 95 

 (125 - 150] 93 

 (150 - 175] 92 

 (175 - 200] 91 

 (200 - 225] 87 

 (225 - 250] 85 

(250 - 275] 83 

 (275 - 300] 82 

Figure 4: Application Reliability vs. Distance (Bai et al., 2006) 
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Chapter 4 :  Data Collection Experimental Setup 

In this chapter, the experimental setups for data collection through a driving simulator 

will be given. For the experiment, the author presents descriptions and specifications of the 

apparatus, scenarios, and subjects. Building off previous work done on driver response and 

effectiveness of collision warning systems, the author has selected the following 

experimental setup for the driving simulator section of the research.  

4.1  Apparatus 

The driving simulator used in this research is housed in the GW Transportation 

Programôs Driving Simulator Laboratory at The George Washington University Virginia 

Science and Technology Campus (VSTC). It utilizes the STISIM software paired with a 

full -sized Buick Regal car cabin and 135-degree curved screen wide-angle field of view 

visual display. The simulator also gives auditory feedback and allows for realistic steering 

wheel grip through the generation of counter torque. A vehicle dynamics program that 

controls the vehicular behavior of vehicles in the simulation, combined with the STISIM 

software permits data collection of trajectories, complete vehicle dynamics, steering angle, 

brake position, and throttle position. Figure 5 (pg. 59) gives the full layout of the driving 

simulator, including the sensors to capture driver behavior, the audio/visual feedback 

devices, and the computer network that generates the simulation images, produces lifelike 

vehicle dynamics, and records/stores data.  
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4.2  Experiment 

A young driver study population consisted of volunteer, U.S. licensed drivers, ranging 

in age from 16 ï 23 years old. The test procedure was explained to each subject and a 

parent/guardian (if the subject was under 18 years old) and once an informed consent form 

and pre-experiment survey (  Appendix A: Driving Simulator Pre-Experiment Screening 

Survey on pg. 166) was signed, they commenced driving in the simulator. The consent 

form, detailed research procedure, and subject surveys were submitted to and approved by 

the Institutional Review Board (IRB), an independent ethics committee whose main 

objective is to protect human subjectsô rights and safety while they participate in research. 

 During the experiment, 5 minutes of driving through mostly suburban/urban areas 

takes place. The first minute of the experiment is used to let the subjects become familiar 

Figure 5: GWU Driving Simulator Layout  (Driving Simulator Laboratory, 2002) 
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with the car driving simulator by only allowing simple car-following behavior. There are 

studies that suggest implementing more driving time or less driving time than the selected 

5 minutes. For example, (McGehee et al., 2004) concluded that after studying 80 subjects 

on multiple uneventful roadways, subjectsô driving stabilizes after approximately 240 

seconds. Since the proposed experiment is longer than this suggested stabilization time, the 

author believes that the 5-minute driving time is sufficient. After finishing the driving 

experiment, subjects were asked to fill out a post-experiment survey (  Appendix B: Driving 

Simulator Post-Experiment Questionnaire on pg. 169), which asks their opinions about the 

experiment, simulator, collision warnings, etc. 

Subjects were asked to drive a single scenario with a length of approximately 15,000 

feet. This 15,000 ft. consisted of a four-lane suburban arterial roadway with two lanes in 

each direction and a 45-mph speed limit. Each lane is 12 feet wide and various passing and 

no passing zones are presented throughout the simulator scenarios. The driving simulator 

is utilized to test driver behavior when exposed to six near-collision scenarios (three for 

rear-end collisions and three for angled collisions) along with six different collision 

warning schemes. These collision warning types are presented in the next section (Section 

4.3)along with information on whether auditory and/or visual warnings are provided in 

each type. It should be noted that one of these schemes is a baseline of no warning. The 

auditory warnings follow guidelines presented by the FHWA (FHWA, 2015) to be heard 

and differentiated between ambient white noise drivers experience during the driving 

process. Additionally, the visual warnings are based on recommendations from (Campbell 

et al., 2007) and include both informative and non-informative alphanumeric and symbolic 
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visual messages/warnings. An example of what participants observed during the 

experiment is shown in Figure 6 (pg. 62) using a series of screenshots. 

4.3  Near-collision Setups 

The six near-collision situations are broken up into rear-end and angled collision types. 

Each collision warning type is enacted with a time-to-collision (TTC) between 2.8 and 3.2 

seconds, which follow the guidelines of (Lerner et al., 2015). The three rear-end near-

collisions are: 

1.) The lead vehicle suddenly changes lanes to reveal an unexpectedly stopping new 

lead vehicle. 

2.) The lead vehicle decelerates to force slow car-following, abruptly accelerates to the 

speed limit and then suddenly stops. 

3.) The lead vehicle accelerates and decelerates to speeds within +5 and -5 mph of the 

speed limit and then suddenly stops. 

The three lane-changing near-collisions are: 

1.) The lead vehicle suddenly stops, but the driver must wait for a vehicle in the adjacent 

lane to pass before changing lanes to avoid his/her stopped leader. 

2.) A vehicle in the adjacent lane that is longitudinally ahead of the driver suddenly 

changes lanes and stops in front of the driver simultaneously. 

3.) A vehicle in the adjacent attempts to pass the driver without enough longitudinal 

distance between it and the driverôs vehicle while changing lanes in front of the 

driver. 
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Figure 6: Driving Simulator Experiment Screenshots 
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4.4  Collision Warnings 

The six collision warning types as stated previously are listed Table 5 (pg. 64). They 

include: 

1.) Auditory only warning. 

2.) Auditory warning with an informative symbolic visual warning. 

3.) Auditory warning with a non-informative symbolic visual warning. 

4.) Auditory warning with an informative alphanumeric visual warning. 

5.) Auditory warning with a non-informative alphanumeric visual warning. 

6.) Baseline, no warning. 

An informative visual warning gives the driver more information regarding how to 

avoid an impending collision. For example, using symbols or words, the warning may 

indicate that the driver should stop, move right, or move left to avoid colliding with another 

vehicle. A non-informative visual warning only tries to alert the driver to a potential 

collision, without assistance regarding how to best prevent the collision from occurring. 

The auditory warning is a series of three beeps that have a frequency of 1500 Hz and a 

pulse duration of 440 ms, aligning with recommendations from (Lerner et al., 2015). 
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Collision 

Warning Type
Description

1 Auditory only warning

2
Auditory/ Informative 

Symbolic Visual Warning

3
Auditory/ Non-Informative 

Symbolic Visual Warning

4
Auditory/ Informative 
Alphanumeric Visual 

Warning 

5

Auditory/ Non-Informative 

Alphanumeric Visual 
Warning

6 Baseline, No Warning

Image

N/ A

N/ A

Table 5: Driving Simulator Collision Warning Types and Descriptions 
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Chapter 5 :  Numerical Results and Analysis  

After presenting the methodologies adopted in Chapter 3, the following sections 

present and analyze the numerical results associated with the data from both the detector 

and collision data libraries (Sections 5.1 and 5.2) and the driving simulator (Section 5.3) 

described in Chapter 4. Additionally, Section 5.4 presents a case study of the basic 

connected and automated vehicle implementation (from Section 3.3.5) as a proof of 

concept for many ways in which the implemented model can be utilized. 

5.1  MFD Results from PeMS Collisions  

Different statistical methods have been adopted to analyze the PeMS collision and 

traffic data including Collision Rate analysis in Section 5.1.1, Tobit analysis in Section 

5.1.2, Cluster Analysis in Section 5.1.3, Time-Series Analysis in Section 5.1.4, and 

Principal Component Analysis in Section 5.1.5. 

5.1.1  Collision Rate Trends and Velocity Bins 

In Figure 7 (pg. 66), the collision involvement rates for total, rear-end (RE), sideswipe 

(SS), congested traffic, and free-flow traffic collisions by year are displayed. The total 

collision involvement rates per MVMT for the years 2005, 2006, and 2007 on the road 

segment of study are given in Table 6 (pg. 67) and the yearly collision involvement rates 

for different collision types are shown in Table 7 (pg. 68). Values that are shown in bold 

represent an overall decrease in collision involvement rate from 2005 to 2007. 

While there is an overall increase in total collision involvement rates per year, the free-

flow traffic as defined by (Yeo et al., 2013) and (Silverstein, 2015) shows a decreasing 
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trend in Figure 7 (pg. 66). Moreover, this graph shows that the CIRs are decreasing for the 

free-flow traffic, which means that there could be an equilibrium total CIR over time. Most 

of the CIRs decrease from 2005 to 2006 and the authors believe that these decreases are 

due to decreased demand observed during that year. It can be seen from Table 6 (pg. 67) 

that only ten of the thirty-six velocity bins show an overall decrease in total CIR from 2005 

to 2007. This observation that the total CIR increases from one year to the next is further 

confirmed with the results with the total dataset Tobit model. The zero values in Table 6 

(pg. 67) and Table 7 (pg. 68), and the lack of any CIRs for some of the lower velocity bin 

combinations leads the authors to believe that either conditions appear to be safer at lower 

speeds (lack of collisions or fewer vehicles involved) or that due to the higher speed limit 

these conditions do not occur as frequently on the roadway. 
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Table 6: Collision Involvement Rates (Veh per MVMT) by Year 

Upstream 

V (mph) 

Downstream 

V (mph) 

2005 

CIR 

2006 

CIR 

2007 

CIR 

0 30 0.000 0.000 12.668 

0 40 0.000 0.000 114.226 

0 60 0.000 0.000 71.882 

10 20 0.000 48.454 45.679 

10 30 0.000 10.911 23.677 

10 40 0.000 0.000 22.096 

10 50 0.000 0.000 19.259 

20 10 32.352 0.000 0.000 

20 20 16.170 3.637 14.898 

20 30 12.703 6.268 16.070 

20 40 6.701 0.000 11.823 

20 50 62.233 0.000 7.940 

20 60 0.000 0.000 44.634 

30 20 18.966 16.808 0.000 

30 30 6.988 18.948 13.938 

30 40 12.277 2.693 15.111 

30 50 0.000 0.000 30.103 

30 60 0.000 17.740 32.482 

40 30 3.444 3.476 40.561 

40 40 13.548 2.625 4.107 

40 50 0.000 2.369 15.047 

40 60 6.989 9.311 19.425 

50 20 12.953 0.000 0.000 

50 30 8.422 0.000 34.966 

50 40 8.161 0.000 17.022 

50 50 8.568 6.661 11.211 

50 60 3.382 3.508 7.541 

60 20 39.245 21.697 0.000 

60 30 6.477 0.000 19.434 

60 40 8.319 0.000 7.159 

60 50 9.327 0.629 9.502 

60 60 4.983 1.583 10.337 

60 70 3.799 0.000 17.226 

70 50 119.623 81.424 0.000 

70 60 19.163 3.974 6.933 

70 70 8.689 0.000 14.877 
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Table 7: Collision Involvement Rates (Veh per MVMT) by Collision Type (rear-end (RE), sideswipe (SS), Other) 

and Year 

Upstrea

m V 

(mph) 

Downstrea

m V (mph) 

2005 

CIR 

RE 

2005 

CIR 

SS 

2005 

CIR 

Othe

r  

2006 

CIR 

RE 

2006 

CIR 

SS 

2006 

CIR 

Othe

r  

2007 

CIR 

RE 

2007 

CIR 

SS 

2007 

CIR 

Othe

r  

0 30 0 0 0 0 0 0 12.67 0 0 

0 40 0 0 0 0 0 0 
114.2

3 
0 0 

0 60 0 0 0 0 0 0 71.88 0 0 

10 20 0 0 0 
48.4

5 
0 0 36.54 9.14 0 

10 30 0 0 0 
10.9

1 
0 0 18.94 4.06 0.68 

10 40 0 0 0 0 0 0 19.89 2.21 0 

10 50 0 0 0 0 0 0 14.44 3.21 1.60 

20 10 21.57 0 10.78 0 0 0 0 0 0 

20 20 8.62 7.55 0 0 3.64 0 14.90 0 0 

20 30 6.35 4.76 1.59 0 6.27 0 16.07 0 0 

20 40 6.70 0 0 0 0 0 5.91 0 5.91 

20 50 62.23 0 0 0 0 0 7.94 0 0 

20 60 0 0 0 0 0 0 22.32 
22.3

2 
0 

30 20 5.42 
10.8

4 
2.71 

16.8

1 
0 0 0 0 0 

30 30 5.91 1.08 0 
15.7

9 
1.58 1.58 0 6.97 6.97 

30 40 10.23 1.36 0.68 2.69 0 0 15.11 0 0 

30 50 0 0 0 0 0 0 20.07 
10.0

3 
0 

30 60 0 0 0 
17.7

4 
0 0 32.48 0 0 

40 30 0 1.72 1.72 3.48 0 0 40.56 0 0 

40 40 11.01 1.69 0.85 2.63 0 0 0 0 4.11 

40 50 0 0 0 2.37 0 0 4.30 
10.7

5 
0 

40 60 6.99 0 0 9.31 0 0 10.79 0 8.63 

50 20 0 0 12.95 0 0 0 0 0 0 

50 30 2.11 6.32 0 0 0 0 27.20 7.77 0 

50 40 4.59 3.06 0.51 0 0 0 6.81 
10.2

1 
0 

50 50 4.65 2.18 1.74 3.65 1.07 1.93 4.48 4.20 2.52 

50 60 2.54 0.85 0 2.51 0.50 0.50 0 7.54 0 

60 20 0 0 39.25 
21.7

0 
0 0 0 0 0 

60 30 6.48 0 0 0 0 0 19.43 0 0 

60 40 3.70 4.62 0 0 0 0 0 7.16 0 
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60 50 4.38 3.11 1.84 0 0 0.63 3.80 4.34 1.36 

60 60 2.67 1.31 1.01 0.59 0.76 0.23 6.63 1.50 2.21 

60 70 1.71 0.38 1.71 0 0 0 11.71 2.76 2.76 

70 50 
119.6

2 
0 0 

66.6

2 

14.8

0 
0 0 0 0 

70 60 12.78 0 6.39 1.88 0 2.09 2.67 4.27 0 

70 70 0 0 8.69 0 0 0 12.09 1.86 0.93 

 

Comparing these collision rates to those calculated by (Yeo et al., 2013), the ones from 

this study appear to be comparable in magnitude. However, it should be stated that it is not 

plausible to have a direct comparison of the two sets of rates due to the differences in the 

length of the road segments studied and the velocity bin sizes. When observing the free-

flow vs. congested traffic flows for the subject area, there are similar trends between this 

study and the original paper. This helps indicate that the methodology for the collision 

involvement rates has been correctly employed and that similar roadways are likely to have 

CIRs of the same magnitude, showing consistency. 

Even though originally eighty-one velocity combinations were considered for this 

study, only thirty-six yielded CIRs above zero. This shows that despite the efforts to make 

sense of these rates, collision occurrence can be circumstantial and comparative. Table 7 

(pg. 68) shows that for the yearly CIRs, rear-end collisions generally have the highest 

values, followed by sideswipe collisions. This result is consistent with statistics from 2015, 

showing that rear-end and sideswipe collisions were two of the most common types of 

collisions with motor vehicles in transport (NHTSA, 2017a) and validates the authorsô 

focus on the chosen collision types. Furthermore, Table 7 (pg. 68) confirms the higher CIRs 

for both rear-end and sideswipe collisions. 
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5.1.2  Tobit Analysis and Exogenous Factors 

Part of the analysis for the yearly CIRs consists of looking into trends for the presence 

or lack of presence of precipitation, presence or lack of presence of lighting on the roadway, 

and weekday or weekend days. Analysis for the total three-year dataset was conducted. In 

Table 8 (pg. 70), the variable descriptions are displayed. It should be noted that volumes 

and densities were not included in the Tobit analysis because the author sought to test the 

influence of the velocity bins and since a linear relationship is assumed between the speed, 

flow, and density values, any insight into the additional traffic characteristics could be 

additionally biased. Table 9 (pg. 71) displays the results from the Tobit estimation for the 

total dataset. In the table, the coefficients in bold print are those that are significant for a 

95% confidence interval.  

Table 8: Tobit Model Variable Descriptions 

Variable Variable Description 

VelU Upstream Velocity (mph) 

VelD Downstream Velocity (mph) 

SS Dummy variable = 1 if collision type is sideswipe, 0 otherwise 

RE Dummy variable = 1 if collision type is rear-end, 0 otherwise 

Year Collision year1 if 2005, 2 if 2006, 3 if 2007  

Precip Dummy variable = 1 if presence of precipitation (rain or snow), 0 otherwise 

Lighting 
Dummy variable = 1 if presence of light (daylight, dusk-dawn, dark with street lights), 0 

otherwise 

Time Dummy variable = 1 if time of collision is in the afternoon, 0 otherwise 

Day Dummy variable = 1 if day of collision is a weekend day, 0 otherwise 

Winter 
Dummy variable = 1 if collision occurs during the winter months (December, January, 

February), 0 otherwise 

Summer 
Dummy variable = 1 if collision occurs during the summer months (June, July, August), 0 

otherwise 

Fall 
Dummy variable = 1 if collision occurs during the fall months (September, October, 

November), 0 otherwise 
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Table 9: Tobit Model Results 

Total Dataset Coefficient P[|Z|>z] 
Standard 

Error  
b/St.Er. 

Constant 6.5827 0.1338 4.3901 1.4990 

Vel U -13.9403 0.0030 4.7034 -2.9640 

Vel D -14.8363 0.0170 6.2143 -2.3870 

Year 2.3830 0.0009 0.7150 3.3330 

SS 4.1187 0.0305 1.9042 2.1630 

RE 5.5959 0.0009 1.6826 3.3260 

Precip -1.7569 0.6115 3.4593 -0.5080 

Lighting  -2.8644 0.1487 1.9834 -1.4440 

Time 7.3443 0.0033 2.4978 2.9400 

Day 0.2921 0.8396 1.4437 0.2020 

Winter  -1.6318 0.3692 1.8173 -0.8980 

Summer -1.4759 0.4042 1.7693 -0.8340 

Fall -4.0603 0.0171 1.7033 -2.3840 

 

The Tobit analysis in Table 9 (pg. 71) shows that CIRs are higher for afternoon 

conditions and lower with increases in both upstream and downstream velocities, with 

statistically significant coefficients of 7.34, -13.9, and -14.8 respectively. These results are 

confirmed by (Hong et al., 2013). Even though the precipitation and lighting coefficients 

are not statistically significant, the finding that vehicles involved in collisions decrease 

during the fall season supports the idea that more collisions occur during the most ideal 

driving conditions ï with daylight, commute drivers, and no precipitation. These findings 

reinforce those of (Schorr and Hamdar, 2014; Yu and Abdel-Aty, 2014). 

As shown earlier in Figure 7 (pg. 66) and supported by the Tobit model, the total CIR 

increases with time. However, there are differences in the velocity bins that contain the 

highest total CIRs and those categorized by collision type. In 2007, the highest CIRs appear 

in the velocity bins with lower upstream and downstream velocities, as opposed to those 

from 2005 and 2006, which have the highest CIRs in the higher upstream and downstream 



72 

 

velocity bins. A similar relationship with speeds and collision formation can be seen in 

(Zheng, 2012) and (Yeo et al., 2013).  

While categorizing CIR values by upstream and downstream velocities (Yeo et al., 

2013) can be useful in identifying ñproblematicò velocity bins, limited insights may be 

gained in terms of the relationship between collision formation and traffic dynamics. The 

authors believe that presenting the CIR values on the FD is more beneficial due to the 

ability to identify the transition of traffic states before, during, and after collisions occur. It 

should be noted that in the following FDs (Figure 8 on pg. 75 through Figure 13 on pg. 

78), the CIRs are calculated for each collision occurring during the three-year dataset and 

pinned by the corresponding averaged up- and down-stream flow and density values. This 

leads to a display of more rear-end CIRs than sideswipe CIRs, which reflects the realization 

that more rear-end collisions occur than sideswipe collisions.  

5.1.3  Fundamental Diagram Based Cluster Analysis 

Clustering using the k-means algorithm has been used as an unsupervised learning 

method since the 1950s for explaining features of datasets by a few representative 

ñcentroidsò (Treiber and Hennecke, 2000). As all the points can be represented by these 

few centroids (much fewer than the data points) and the extent of the clusters, k-means 

clustering can be interpreted as a dimensionality reduction technique or a lossy-

compression technique (vector quantization). However, one of the main problems of this 

technique is a priori selection of the number of clusters.  

Many techniques have been devised to perform this selection as an unsupervised task. 

Specific statistics have been devised to perform the selection of the number of centroids 

based on the change in within-cluster dispersion expected under an appropriate reference 
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null distribution (Jain, 2010). This method requires such a reference distribution which, in 

the present case of analyzing the FD data and CIRs, is absent. Other techniques based on 

high-dimensionality projection have been demonstrated to be of more universal 

applicability (Tibshirani et al., 2001). But they suffer from the dimensionality curse in 

sparse datasets such as the CIRs dataset. The usual, low-complexity method for selecting 

the number of clusters is to run k-means analysis independently for different values of K 

and the partition that appears the most meaningful to the domain expert is selected. 

Different initializations can lead to different final clustering because k-means only 

converges to local minima. One way to overcome the local minima is to run the k-means 

algorithm, for a given K, with multiple different initial partitions and choose the partition 

with the smallest squared error (Cuevas et al., 2000). This is precisely the method used for 

both k-means clustering instances, the FD data, and the CIRs data. 

Another issue to be solved with k-means is the incorporation of a priori knowledge of 

the problem. As an unsupervised learning technique, it seems counterintuitive to 

incorporate constraints (semi-supervision) to the technique. However, due to the radial 

symmetry that the resulting clusters in the k-means method shows (induced by the 

minimization of the square-root of the dispersion the data from the centroid), constraints 

should be incorporated in the clustering of the FD dataset. These constraints have been 

incorporated by means of the COP-KMEANS methodology (Wagstaff et al., 2001) in the 

free-flow part of the FD dataset, as described earlier. This semi-supervised constraint is 

justified as the dispersion of the data in the free flow regime can be readily explained by a 

linear model and it would be ill-advised to cluster such part of the dataset with radial-
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symmetry inducing k-means. As it stands, the selection of the number of centroids has been 

undertaken in the remainder of the FD dataset with the above criterion.  

First, clusters were formed based on the total flow-density dataset without regard for 

the CIRs. Analysis yielded three clusters that highlight various parts of the FD in Figure 8 

(pg. 75) and Figure 9 (pg. 76). The free-flow cluster represents the driving conditions 

without major lateral or longitudinal trajectory obstructions and with limited hindering of 

the driversô desired speeds. Cluster 1 represents the upper region of the congested area of 

the FD, starting with the traffic breakdown at capacity and ending at the maximum jam 

density. This cluster includes combinations of minimal densities with maximal flows 

representing an oscillatory congested region as well as minimal flow and maximal density 

values, representing the homogeneous congested region with limited lateral interactions 

among drivers given the slow-moving traffic and the limited space/gap availability. Finally, 

Cluster 2 represents disturbances within the congested region with pinned localized 

clusters, moving localized clusters and stop-and-go waves, leading to significant lane-

changing interactions. This region is contained between the Free-Flow Cluster and Cluster 

1. CIR locations for the rear-end (RE) and the sideswipe (SS) collisions are presented on 

top of the clusters in Figure 8 (pg. 75) and Figure 9 (pg. 76), respectively. 

Next, cluster analysis was performed on CIRs for the entire three-year dataset based on 

the upstream and downstream flows and densities. Analysis was performed separately for 

the rear-end and sideswipe CIRs. Three clusters were found by the k-means methodology 

for the rear-end collisions and two clusters were found by the k-means methodology for 

the sideswipe collisions due to the convergence of iterations and preliminary analysis. 

Figure 10 (pg. 76) and Figure 11 (pg. 77) show the 3D and 2D analysis for the rear-end 
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clusters, respectively, Figure 12 (pg. 77) and Figure 13 (pg. 78) show the 3D and 2D 

analysis for the sideswipe clusters, respectively. 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: Cluster Analysis Based on Total 3-Year Flow-Density Data Points Showing the Locations of 

Rear-End CIRs 
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Figure 9: Cluster Analysis Based on Total 3-Year Flow-Density Data Points Showing the Locations 

of Sideswipe CIRs 

Figure 10: Rear-End Cluster Analysis from 3D Perspective for 3-Year Dataset 
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Figure 11: Rear-End Cluster Analysis from 2D Perspective for 3-Year Dataset 

Figure 12: Sideswipe Cluster Analysis from 3D Perspective for 3-Year Dataset 
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As it may be seen in Figure 10 (pg. 76) and Figure 11 (pg. 77), RE Cluster 1 (blue dots) 

appears to represent the pinned and moving localized congestion regions. These regions 

occur below the traffic breakdown region and occur before traffic flow recovers back to 

the free-flow region. RE Cluster 2 represents the left-most section of the pinned localized 

region and homogeneous congested traffic (Treiber et al., 2000). As for the RE Cluster 3, 

it represents the upper boundary of the congested region of the FD. In other words, this 

region represents the oscillatory congested traffic that occurs before transitioning to 

homogenous congested traffic. This empirical type of analysis informs us then that rear-

end collisions are found in all three clusters of congestion regime as well as the free-flow 

regime of the FD. However, when looking further into the RE CIR magnitudes (Figure 10 

on pg. 76), the highest rates are seen in a band corresponding to lower flow values (<3000 

veh/hr for all lanes) starting at the free-flow line (left side) of the FD and ending at the 

Figure 13: Sideswipe Cluster Analysis from 2D Perspective for 3-Year Dataset 
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homogeneous congested region (right side). Moreover, it seems that the most critical region 

corresponds to the region of partial recovery moving from the congested regime 

(represented by mostly pinned localized clusters of congested traffic) to the free-flow 

regime. Contrary to this finding, the sideswipe collisions are more concentrated in Clusters 

2 and 3. This leads the authors to believe that such collision rate distributions and 

magnitudes are dependent on the type of collision as shown in Figure 12 (pg. 77) and Figure 

13 (pg. 78) for sideswipe collisions. These collisions are practically non-existent in the blue 

region (Cluster 1) of Figure 9 (pg. 76). In other words, SS collisions are not as frequent, 

per the data analyzed in this paper, in the oscillatory congested and homogenous congested 

regions. This type of collision, in terms of rates and magnitudes, is mostly seen in Cluster 

2 of the congested region of Figure 9 (pg. 76). In other words, SS collisions occur more 

with increased traffic disturbances with different traffic dynamics characterized by both 

lateral and longitudinal traffic movements, such as the pinned and moving localized regions 

as well as the stop-and-go traffic of the congestion regime. Such finding is reinforced by 

the magnitudes of the SS CIRs with a 3D distribution (Figure 12 on pg. 77) characterized 

by one clear peak. This peak represents the highest risk area for SS collisions. 

From the obtained results of the k-means, we can ascertain the limitations of the 

approach, specifically from the FD dataset. The convex form that is forced into the clusters 

(by construction of the k-means algorithm), limits the application of the technique in the 

FD dataset due to the dispersion of the data in the congested regimes. Thus, it is only logical 

that the constraint in the free-flow regime will leave little space for the k-means clustering 

to develop into complex, table set of centroids that tessellate the FD flow-density space. 
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Nonetheless, the obtained results, both in the FD and the CIR datasets provides us with 

useful, albeit basic, insights as to the density-flow vs. CIR underlying structure. 

To overcome the formerly described limitations, in future works we intend to use 

clustering techniques that do not rely on the convexity of clusters to further explore the 

interrelations of the FD space and the corresponding CIRs. Such techniques are the 

Hierarchical Clustering (Ward, 1963), the Affinity Propagation (Frey and Dueck, 2007) 

and the DBSCAN algorithm (Ester et al., 1996). Hierarchical Clustering is a general family 

of clustering algorithms that build nested clusters by merging or splitting them successively 

using a bottom up approach: each observation starts in its own cluster, and clusters are 

successively merged together. Approaches such as the Ward criteria do not ensure a given 

number of final convex clusters. Affinity propagation, on the other hand, uses similarity 

between pairs of data points as an input. Messages are then exchanged between data points 

until a set of ñexemplarsò and clusters emerges. Finally, DBSCAN algorithm views clusters 

as areas of high density separated by areas of low density. Therefore, DBSCAN clusters 

can take any possible shape. 

5.1.4  Time Series Analysis 

VAR models were estimated for both RE and SS collisions on a monthly time scale. 

To ensure stationarity, a log transformation of the differencing is applied to the data. Using 

AIC, three lags were selected for the RE dataset and five lags were selected for the SS 

dataset. Results for the RE CIR equation show statistical significance for density (t statistic 

= -2.585, p = 0.024), flow (t statistic = 2.194, p = 0.049), and speed (t statistic = -2.671, p 

= 0.020) for lag 2. However, in lag 3 only flow (t statistic = 2.062, p = 0.062) is significant. 

Additionally, the Granger Causality F-test revealed that the null hypothesis stating flow 
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and speed do not cause CIR is rejected (p = 0.044) at the 5.0% significance level. For the 

SS CIR equation, lag 3 shows statistical significance for density (t statistic = 3.147, p = 

0.051) and speed (t statistic = 2.744, p = 0.071). In lag 5, only speed is significant (t statistic 

= -2.910, p = 0.062). The Granger Causality F-test shows that the null hypothesis of speed 

not causing CIR is rejected (p = 0.040) at the 5% significance level. These results support 

the findings from the cluster analysis and give further insights into the dynamics of 

collision formation for the different collision types with the addition of a temporal 

component. For RE collisions, there appears to be a consistent positive correlation between 

CIR and flow for two out of the three time lags. Since headway is the inverse of flow, this 

finding suggests that CIR increases with decreases in headway. Along with the result of a 

negative correlation between CIR and speed, observations from Figure 10 (pg. 76) of the 

highest magnitude and frequency areas of the FD are supported. Additional understanding 

of SS CIRs is gained through the finding of a positive correlation between speed and CIR 

in lag 3 and a negative correlation between speed and CIR in lag 5. Impact of speed on SS 

CIR fluctuates with time, showing that there are more complex dynamics regarding SS 

collision formation as discussed with the analysis of Figure 12 (pg. 77) and Figure 13 (pg. 

78). 

5.1.5  Principal Component Analysis 

Separate RE and SS PCA was conducted using ten dimensions. After standardizing 

each dataset, Eigen-decomposition allowed for the selection of five principal components. 

For the RE and SS datasets, the five PCs account for 97.3% and 98.2% of the explained 

variance, respectively. Even though the highest CIR correlation occurs for PC4 for both 

datasets (0.6838 for RE and 0.9394 for SS), differences between the traffic characteristic 



82 

 

weights for PC4 are observed. Downstream flow (0.4418), downstream speed (0.4118), 

and upstream speed (0.2678) have the next highest weights for PC4 for RE collisions. 

Delta_speed (0.1938), delta_flow (0.1707), and upstream speed (0.1518) have the next 

highest weights for PC4 for SS collisions. For both types of collisions, these findings align 

with the preceding analyses: RE and SS CIRs have significant relationships with upstream 

speed. However, the relationship between RE collisions and downstream flow and speed 

could be useful for traffic control purposes in terms of detecting the backwards propagation 

of potentially dangerous collision-forming traffic conditions. Moreover, the correlation 

between SS CIRs and change in upstream and downstream speed and flow could be a 

motivation behind the decision to change lanes, which ultimately leads to SS collisions. 

5.2  FD and MFD Results from Korea Data 

First, results for the construction of the MFDs for both partial and total lane closure 

collisions are presented. Scatter plots of the original data (Daganzo and Geroliminis, 2008) 

and then the reconstruction MFDs using the method of cuts (Xie et al., 2013) are presented 

for selected collisions. These selected collisions are chosen based on their representation 

of distinctions that were empirically observed from the datasets; for both total and partial 

lane closure collisions, collisions occurred in the free flow, transition, or congested regimes 

of the fundamental diagram as defined by (Xu et al., 2012). Figure 14 (pg. 86) shows that 

for total lane closure collisions, compared to the flow vs. density plots for the collision link, 

for all three collision regimes, the MFDs show significant dissipation/reduction in 

scattering. It is interesting to note that for the transition and congested regime collisions 

(rows 2 and 3 of Figure 14 on pg. 86), there is a bigger drop in capacity (both flow and 

density) compared to the free-flow regime collision (row 1). This result aligns with 
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previous results (Knoop et al., 2008) regarding capacity reductions due to incidents. By 

taking the step further to investigate the traffic flow regime, further insights can be gained. 

Contrary to the results from the total lane blocked collisions, Figure 15 (pg. 87) shows 

differences for partially blocked lane collisions. Despite similar results in terms of scatter 

decreases, the capacity reductions are reversed; the free flow regime collision (row 1 of 

Figure 15 on pg. 87) shows a bigger capacity reduction than the transition and congestion 

regime collisions (rows 2 and 3 and Figure 15 on pg. 87). Such results could be due to the 

different internal dynamics associated with the different regimes of the fundamental 

diagram and that the process of lane-changing to avoid the closed lanes due to a collision 

impacts free flow traffic more. 

Figure 16 (pg. 88) presents the results of the MFD reconstruction for collisions with 

total (left column) and partial (right column) lane blockage. It is observed that for the free 

flow collisions (row 1), the collision link has the highest capacity, while the averaged 

values of the link plus 5 and 10 upstream links have the lowest capacities. This supports 

the previous findings that when collisions occur during the free flow regime, there is a 

higher impact on the upstream network, especially for collisions with only partial lane 

blockage. For the collisions occurring during the transition traffic regime (row 2) it appears 

that for the reconstructed MFDs, the capacity increases with inclusion of more upstream 

links. The congested regime collisions (row 3) have mixed results with an increase in 

capacity with 10 and 2 links upstream for totally and partially blocked lane collisions, 

respectively. Clearly differences can be seen for the different traffic regime collisions for 

both total and partial lane blockages. This could give insight into changes in MFD values 
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and likelihood of the formation of the different types of collisions. To explore further into 

this idea, the PCA modeling results are discussed next. 

Separate total and partial lane blockage collision PCA analysis was conducted using 57 

dimensions. These dimensions include lane closure (full and partial) time, flow, and density 

for the collision link at the time of collision, flow and density for the collision link 5-, 10-

, and 15-minutes before the collision, and the differences between flow and density for 5-, 

10-, and 15-minutes before the collision occurrence. Additional variables include the 

described collision link variables for the collision link plus 2, 5, and 10 upstream links 

(weighted averaged values). After standardizing each dataset, Eigen-decomposition 

allowed for the selection of ten principal components. For the total and partial lane 

blockage collisions, the ten PCs describe 99.3% and 96.9% of the explained variance, 

respectively. The highest lane closure time correlation occurs for PC6 (0.6609) for total 

lane blocked collisions and for PC9 (0.7412) for partial lane blocked collisions. The highest 

traffic characteristic weights for PC6 for the total lane blocked collisions are observed with 

the 10-minute difference in density for the collision link (0.2827), the 5- and 10- minute 

differences in density for 2 links upstream (0.1751 and 0.1721), the 10-minute difference 

in flow for 5 links upstream (-0.2863), and the 10-minute difference for 10 links upstream 

(-0.2712). Regarding the partially blocked lane collisions, the highest traffic characteristic 

weights for PC9 are observed with the 5- and 10-minute differences in density for the 

collision link (0.2256 and -0.3692), the 10-minute difference in flow for 2 links upstream 

(-0.1358), the 10- and 15-minute differences in flow for 10 links upstream (0.1396 and -

0.2136), and the 10- and 15-minute differences in density for 10 links upstream (0.1376 

and -0.1456). It is interesting to note that for both types of collisions, the PCs associated 
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with the highest lane closure times do not have significant weights for any of the flow or 

density values at the collision link or the averaged upstream links. While there is some 

overlap in the significant difference values, the weights and their signs differ. These 

differences and unique relationships between closure times and the type of collision can be 

used for control/monitoring purposes in identifying potentially dangerous collision-

forming traffic conditions. 
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Figure 14: Total Lane Closure Collision Flow vs. Density and MFDs for the Collision Link Plus 10 Upstream Links 

for Collisions Occurring in the Free Flow, Transition, and Congestion Regimes 
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Figure 15: Partial Lane Closure Collision Flow vs. Density and MFDs for the Collision Link Plus 10 Upstream 

Links for Collisions Occurring in the Free Flow, Transition, and Congestion Regimes 
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Figure 16: Total (left column) and Partial (right column) Lane Closure Collision Flow vs. Density and MFD Method 

of Cuts Reconstruction for the Collision Link Plus 2, 5, and 10 Upstream Links for Collisions Occurring in Free Flow, 

Transition, and Congestion Regimes 
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5.3  Driving Simulator Results 

Trajectory data extracted from the driving simulator experiment are analyzed in the 

following subsections. 

5.3.1  Descriptive Statistics 

In total, 57 subjects participated in the driving simulator experiment. However, since 

only 55 subjects completed the experiment, only their data is used in the following analysis 

sections. Of the 55 subjects, 30 were male and 25 were female. As stated earlier, the 

subjects ranged in age from 15 to 23 and their distribution can be seen in Figure 17 (pg. 

90). There were 21 college students and 34 high school students who drove in the 

experiment, with 36 teenagers and 19 non-teenagers. From the post-experiment survey, 

only 3 participants reported being involved in a collision as the driver within the past 3 

years. Additionally, when asked to what extent driving in the simulator felt like real world 

driving, 26.92% responded as very unrealistic, 67.31% responded as somewhat realistic, 

and 5.77% responded as very realistic.   
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Figure 17: Age Distribution of Driving Simulator Experiment  

 

Figure 18: Mean Velocity Distribution for Driving Simulator Experiment  
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Figure 19: Velocity Variance Distribution for Driving Simulator Experimen t 

5.3.2  Corr elation Analysis 

For this next section, Table 10 (pg. 92) should be used to identify each of the collision 

warnings (including no warning). To justify the emphasis and focus of this research on age 

in relation to collision warning effectiveness, a statistically significant relationship between 

age and the variables of interest first needs to be established. As seen in Table 11 (pg. 93), 

using Spearman correlation analysis, age and velocity variance have a negative statistically 

significant relationship, age and reaction time for the auditory with informative symbol 

warning have a positive statistically significant relationship, and age and reaction time for 

auditory with informative alphanumeric warning have a positive statistically significant 

relationship. Figure 18 (pg. 90) and Figure 19 (pg. 91) show the relatively normal 

distributions of mean velocity and velocity variance, respectively, allowing for the 

inclusion of these variables in this analysis. While the researchers use an 80% confidence 

interval to determine which p-values are statistically significant, these correlations provide 

interesting insights. As age increases, the velocity variance decreases and as age increases, 
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reaction time for both auditory with informative symbol and informative alphanumeric 

warnings increases. This could mean that younger (high school age/teenage) drivers are 

more responsive to informative collision warnings and that these types of warnings are 

more useful for this demographic of the driving population.  

In addition to looking at age-specific parameters, overall effectiveness of the tested 

collision warnings is important to understand. Table 11 (pg. 93) shows the Spearman 

coefficient and p-value for collision occurrence with each warning type and the reaction 

time associated with warning type. Collision occurrence for auditory with non-informative 

symbol warning and auditory with non-informative alphanumeric warning both have 

positive statistically significant correlations with their corresponding reaction times. In 

other words, collision occurrence with the presence of these tested collision warning types 

is linked with higher reaction times when drivers are presented with these warnings. Again, 

p-values below the selected threshold of 0.20 are considered to be statistically significant. 

Table 10: Collision Warning Type Label 

Collision Warning Type Label 

No Warning 0 

Audio Warning Only 1 

Audio with Non-Informative Symbol 2 

Audio with Informative Symbol 3 

Audio with Non-Informative 

Alphanumeric 
4 

Audio with Informative Alphanumeric 5 
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Table 11: Spearman Correlation Analysis Results 

Variable 1  Variable 2 Spearman Coefficient P-Value 

Age Velocity Mean -0.07 0.63 

Age Velocity Variance -0.20 0.14 

Age RT for Warning 0 -0.05 0.70 

Age RT for Warning 1 0.03 0.86 

Age RT for Warning 2 0.08 0.55 

Age RT for Warning 3 0.21 0.12 

Age RT for Warning 4 -0.14 0.30 

Age RT for Warning 5 0.19 0.17 

C for Warning 0 RT for Warning 0 0.13 0.33 

C for Warning 1 RT for Warning 1 -0.09 0.49 

C for Warning 2 RT for Warning 2 0.21 0.13 

C for Warning 3 RT for Warning 3 0.12 0.37 

C for Warning 4 RT for Warning 4 0.26 0.06 

C for Warning 5 RT for Warning 5 0.16 0.24 

 

5.3.3  T-Test Analysis 

With the statistically significant impact of age established, the next set of analysis 

breaks the collected data into high school students compared to college students as well as 

teenagers compared to subjects in their early 20s. T-tests were performed for the two 

subsets of the subjects to first look at total number of collisions, reaction time for each 

collision warning, mean velocity and velocity variance as shown in Table 12 (pg. 94) and 

Table 13 (pg. 94). When compared with college students, high school students have 

statistically significant lower reaction times for auditory with non-informative symbol 

warning and higher mean velocities and velocity variances. When comparing teenagers vs. 

non-teenagers, these results hold true except that the result for velocity variance is not 

statistically significant.    

Since similarities are seen for the two subsets of subjects, t-tests are performed between 

the reaction times for high school students, college students, teenagers, and those subjects 

in their 20s. The results are shown in Table 14 (pg. 95) through Table 20 (pg. 98). While 
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all possible comparisons were performed, only the tables with statistically significant 

results are presented below. 

Table 12: T-Test Results for High School vs. College Students 

High School vs College 

  
T-

Statistic 

P-

Value 

Total Number of 

Collisions 
0.658 0.513 

RT_0 0.3 0.765 

RT_1 -0.297 0.768 

RT_2 -1.688 0.097 

RT_3 -0.396 0.693 

RT_4 0.636 0.528 

RT_5 -0.893 0.376 

Vel_m 1.309 0.196 

Vel_v 1.336 0.187 

 

Table 13: T-Test Results for Teenagers vs. Non-Teenagers 

Teenagers vs Non-Teenagers 

  
T-

Statistic 

P-

Value 

Total Number of 

Collisions 
0.297 0.767 

RT_0 0.323 0.748 

RT_1 0.103 0.918 

RT_2 -1.792 0.079 

RT_3 -0.97 0.337 

RT_4 0.988 0.328 

RT_5 -0.995 0.324 

Vel_m 1.624 0.11 

Vel_v 0.876 0.385 
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Table 14: T-Test Results for College Students with Baseline of Warning 0 

College_RT_0 

  T-Statistic P-Value 

RT_0 0 1 

RT_1 -1.67057 0.102614 

RT_2 -2.2096 0.03292 

RT_3 -1.63489 0.10992 

RT_4 -1.0874 0.283369 

RT_5 -2.7328 0.009305 

 

For college students (Table 14 on pg. 95), when compared to the reaction time for no 

warning, the reaction times for auditory warning only, auditory with non-informative 

symbol warning, auditory with informative symbol warning, and auditory with informative 

alphanumeric warning are all lower and statistically significant. This result reinforces the 

idea that the presence of a warning allows for a quicker reaction to a potential collision on 

the roadways. Trying to understand further into the effectiveness of the different types of 

tested warnings amongst the same subgroup (Table 15 on pg. 96), when compared to 

auditory with non-informative alphanumeric warning, the auditory with non-informative 

symbol and the auditory with informative alphanumeric warnings had statistically 

significantly lower reaction times. Such result that leads the researchers to believe that the 

college students reacted faster to informative alphanumeric warnings and non-informative 

symbol warnings with audio compared to the non-informative alphanumeric warning with 

audio. Looking at the high school student results (Table 16 on pg. 96), statistical 

significance was found for the lower reaction times for auditory with informative symbol, 

non-informative alphanumeric, and informative alphanumeric warnings when compared 

with no warning. 
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Table 15: T-Test Results for College Students with Baseline of Warning 4 

College_RT_4 

  T-Statistic P-Value 

RT_0 1.087401 0.283369 

RT_1 -0.80252 0.426995 

RT_2 -1.47499 0.148042 

RT_3 -0.88441 0.381762 

RT_4 0 1 

RT_5 -1.91473 0.062698 

 

Table 16: T-Test Results for High School Students with Baseline of Warning 0 

High_School_RT_0 

  T-Statistic P-Value 

RT_0 0 1 

RT_1 -1.38398 0.171026 

RT_2 -0.99965 0.321131 

RT_3 -1.93963 0.0567 

RT_4 -1.78937 0.078143 

RT_5 -1.9055 0.061072 

  

When considering the subgroup of subjects in their 20s (Table 17 on pg. 97), auditory 

with non-informative symbol warning, informative symbol warning, and informative 

alphanumeric warning had statistically significant lower reaction times when compared to 

no collision warning. Like the college students, this age group had a higher reaction time 

for audio with non-informative alphanumeric warning when compared to the audio with 

non-informative symbol warning (Table 18 on pg. 97). Additionally, it was found that 

when compared to audio with non-informative alphanumeric warning, audio with 

informative alphanumeric warning had a lower reaction time (Table 19 on pg. 97). 
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Table 17: T-Test Results for Non-Teenagers with Baseline of Warning 0 

Non-Teenagers_RT_0 

  T-Statistic P-Value 

RT_0 0 1 

RT_1 -1.36626 0.180332 

RT_2 -2.14035 0.039173 

RT_3 -1.85007 0.072525 

RT_4 -0.81945 0.417922 

RT_5 -2.60869 0.013153 

 

Table 18: T-Test Results for Non-Teenagers with Baseline of Warning 2 

Non-Teenagers_RT_2 

  T-Statistic P-Value 

RT_0 2.140349 0.039173 

RT_1 0.986252 0.330592 

RT_2 0 1 

RT_3 0.23852 0.81283 

RT_4 1.660474 0.105506 

RT_5 -0.00947 0.992499 

 

Finally, for the teenagers (Table 20 on pg. 98), statistically significant t-test results were 

only found when comparing the reaction times for the various warnings to the no warning 

baseline. Auditory warning only, audio with informative symbol warning, audio with non-

informative alphanumeric warning, and audio with informative alphanumeric warning had 

lower reaction times. 

Table 19: T-Test Results for Non-Teenagers with Baseline of Warning 4 

Non-Teenagers_RT_4 

  T-Statistic P-Value 

RT_0 0.81945 0.417922 

RT_1 -0.72303 0.474336 

RT_2 -1.66047 0.105506 

RT_3 -1.34859 0.185891 

RT_4 0 1 

RT_5 -2.12232 0.040759 
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Table 20: T-Test Results for Teenagers with Baseline of Warning 0 

Teenagers_RT_0 

  T-Statistic P-Value 

RT_0 0 1 

RT_1 -1.62131 0.109448 

RT_2 -1.07851 0.284507 

RT_3 -1.72125 0.089622 

RT_4 -1.99681 0.049736 

RT_5 -2.00387 0.048955 

5.4  Basic Connected and Autonomous Vehicle Case Study 

One of the contributions of this dissertation is the demonstration that the all-inclusive 

PT-based microscopic traffic model has the ability to include connected and autonomous 

vehicles. To accomplish this, a basic case study is presented utilizing the methodology 

presented in Section 3.3.5. A 3,000 meter, four-lane, limited access highway is simulated 

with a desired velocity of 35 m/s and an input flow rate of 2,200 veh/h. An image of the 

simulated roadway is seen in Figure 20 (pg. 99), with the colored dots representing 

vehicles. When the lead vehicle in the left-most lane is between 500 meters and 1,000 

meters down the roadway, it decelerates to a velocity of 10 m/s to initiate congested traffic. 

To test how connected and autonomous vehicles affect the overall traffic condition, market 

penetration rates (MPR)s of 0%, 25%, 50%, 75%, and 100% of connected and autonomous 

vehicles are tested, with the complimentary percentage being made up of non-equipped, 

human driven vehicles. Travel time and the flow vs. density plots are the main results that 

are used to assess the differences in traffic that are observed between the various MPRs.     
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From Figure 21 (pg. 101) and Figure 22 (pg. 101) it is seen that at each tested MPR, 

the autonomous vehicles consistently led to lower travel times when compared to the 

connected vehicles. It is interesting to observe that at the 25% MPR, connected vehicles 

show a higher travel time than the 100% non-equipped or human drivers. This is consistent 

with the thought that at lower MPRs, there could be a negative effect of the inclusion of 

these technologies in vehicles that travel on public roadways. Additionally, even with the 

100% autonomous MPR, there is only a 14% increase in travel time compared to the 100% 

non-equipped vehicles. Such observation could be different with a more robust connected 

and autonomous vehicle model, but this shows that even with the technological 

advancements, there are still limits to how much improvement can be made from a 

congestion/travel time perspective. 

The flow vs. density plots comparing the connected vehicle MPRs and the 100% non-

equipped vehicles are shown in Figure 24 (pg. 102), while the flow vs. density plots 

comparing the autonomous MPRs and the 100% non-equipped vehicles are shown in 

Figure 20: Simulated Road Segment for Connect and Autonomous Vehicle Case Study 
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Figure 23 (pg. 102). For the connected vehicles, it is seen that the 25%, 50%, and 75% 

MPRs flow vs. density plots appear to have a shape like that of the 100% non-equipped 

vehicles, with a linear increase and then a decrease in flow at the same density that appears 

when the traffic slowdown is introduced. However, with the 100% MPR, this pattern 

appears to not be as prevalent. Additionally, if the linear relationship of flow being equal 

to the product of speed and density is considered, the slope of the flow vs. density graph 

represents the speed. With this in mind, Figure 24 (pg. 102) shows the highest speed for 

the 75% MPR of connected vehicles. However, the greatest flow capacity is seen with the 

100% MPR. In terms of autonomous vehicles, Figure 23 (pg. 102) shows that the 25% and 

50% MPRs of these vehicles appear to show a similar capacity drop that the 100% non-

equipped vehicles show in terms of shape. However, it should be noted that for the 

autonomous MPRs, greater flows are achieved at all MPRs. Furthermore, the 75% and 

100% MPRs perform very similarly in terms of the flow vs. density plots, and not only 

achieve higher flows, but also slightly higher density capacities in comparison to the 100% 

non-equipped vehicles.  

Overall, decreases in travel time for both the connected and autonomous vehicles 

higher MPRs are observed. Stability of traffic (referring to the more linear shape of the 

flow vs. density plots, which is where free-flow traffic is observed) increases with low 

MPRs of autonomous vehicles and high MPRs of connected vehicles. These results show 

that velocity perturbations affect successive vehicles on the experimental roadway 

differently with the presence of connected vehicles compared to autonomous vehicles. 

While this case study uses a limited implementation of connected and autonomous 

vehicles, future work can adjust and expand this framework. For example, a better 
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incorporation of a connected environment, testing of various deployments/distributions of 

these equipped vehicles, and an expansion for network testing are recommended.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 21: Travel Time for the Different MPRs of Connected and Autonomous Vehicles Tested 

Figure 22: Change in Travel Time Comparing Connected to Autonomous Vehicles at the Tested MPRs 
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Figure 23: Flow vs. Density for Autonomous Vehicle MPRs Compared to Non-Equipped Vehicles 

Figure 24: Flow vs. Density for Connected Vehicle MPRs Compared to Non-Equipped Vehicles 
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Chapter 6 :  Calibration and Validation  

Even though Chapter 5 offered additional insights into collision formation trends in 

different sites and through different data analytics methods, there is still a need to link such 

trends to individual driving maneuvers and the underlying behavioral features. For such 

purpose, this chapter presents the calibration and the validation of the microscopic traffic 

model presented in Chapter 3 and the resulting collision involvement rates with and without 

the incorporation of different safety warning systems. 

6.1  Calibration  

Due to the microscopic traffic simulation modelôs emphasis on heterogeneous traffic 

occurrences and the interactions between vehicles, it is important to obtain optimized 

parameters for the car-following model presented in Section 3.3.1. This optimization takes 

on a non-linear form and needs to be numerically solved. Therefore, a genetic algorithm, 

which can be classified as an artificial intelligence method and has previously been used 

to calibrate microscopic traffic models (Colombaroni and Fusco, 2014; Schorr et al., 2016), 

was selected for calibration. The chosen genetic algorithm method (Hamdar et al., 2009) 

directly compares a set of observed trajectories to a set of trajectories obtained from the 

microscopic simulation. Calibration is conducted by comparing the observed leader-

follower pairs and their specific driving dynamics with those from the simulated 

microscopic simulation model. To allow for consistency, at the beginning of the simulation, 

the relative velocity and gap distance are initialized to equal the observed values. The 

calibration performance measure for the following section is the relative velocity measure, 

which is equal to: 
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Ўὺ ὸ  ὺ ὸ  ὺ ὸ (6.1) 

Where ὺ ὸ is the velocity of the leader from the observed data at time t and ὺ ὸ is 

the velocity of the simulation follower at time t. This value can have a direct comparison to the 

relative velocity from the collected data, ȹvdata(t).  

A mixed error term is selected as the type of error to be minimized. This selection is 

due to the absolute error not being sensitive enough to small changes in the empirical data 

and the relative error being too sensitive to small changes. Specifically, a mixed relative 

velocity error term is used as the objective function and minimized in the calibration. A 

definition of this term is given as: 

Ὂ ὺ
ρ

ȿὺ ȿ

ὺ ὺ

ȿὺ ȿ
 

(6.2) 

Where ὺ  is the time series of simulated data, ὺ  is the time series of empirical 

data, and  is the temporal average of the time series with duration ȹT. 

In addition to the objective function, also known as the fitness function, the genetic 

algorithm involves using chromosomes to represent sets of goal calibration parameters. 

During each chromosome generation, the mixed error fitness is calculated, and greedy 

selection is used to pick the parameters with the 10 best fitness scores. These become 

parents that are then used to generate chromosomes which are combined to create children. 

During this combination, a crossover point is chosen using random selection, and genes, 

except for the chromosome with the single best fitness score, are randomly mutated with a 

probability rate of 10%. At the beginning, a fixed number of generations are assessed, and 

the process ends when the fitness score drops below 20% or there is no improvement during 

20 successive chromosome generations.  
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Data from the driving simulator experiment was used to conduct the calibration of the 

updated PT-based model. Calibration was conducted for each near-collision and car-

following section in the driving simulator experiment for each individual driver using the 

defined genetic algorithm process. Since at each near-collision section the subject drivers 

were exposed to one of the previously defined collision warnings, each segment is 

associated with a warning type/scenario type (including car-following and no-warning). 

For the rest of the calibration and validation sections when a warning type/scenario type 

are referred to by number, Table 21 (pg. 105) will be referenced.  

Table 21: Calibration and Validation Warning/Scenario Type Numbers 

Warnin g/Scenario Type Number 

car-following 0 

no warning 1 

auditory only 2 

auditory + non-informative symbol 3 

auditory + informative symbol 4 

auditory + non-informative alphanumeric 5 

auditory + informative alphanumeric 6 

 

The updated PT-based traffic modelôs parameters were generated for each of the seven 

warning/scenarios each driver encountered during the driving simulator experiment. This 

allowed for the isolation of the model parameters for the car-following section and the 

tested warning schemes, including the baseline of no warning. Tables of the generated 

calibrated parameters can be seen in Sections 8.3 (pg. 173) to 8.9 (pg. 179), representing 

Appendices C1 through C7. Each table shows the calibrated parameter values for one of 

the warning/scenario types as well as the age and school level of the subject who completed 

the experiment segment as well as the mixed velocity error. Note that only data from the 

55 subjects who completed the entire driving experiment are used in the calibration.   
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Parameters selected for calibration include ɔ, the driverôs sensitivity of gains/losses in 

terms of travel time, Wm (wm), the driverôs risk aversion measure of relative weight of 

losses compared to gains, Wc (wc), collision weight, Tmax (Űmax), the driverôs maximum 

anticipation time horizon, Ŭ, the driverôs uncertainty of her leading vehicleôs velocity, ɓ, 

the driverôs sensitivity (impatience) to the surrounding environment, Tcorr (Űcorr), the intra-

driver variability correlation time, and RT (Ű), the driver reaction time (Hamdar, 2008). 

These parameters, their meanings, and their units are presented in Table 22 (pg. 106). Mean 

values, and the standard deviation of the calibrated parameters for each scenario/warning 

type are shown in Table 23 (pg. 107). It should be noted that the results from Table 23 (pg. 

107) were obtained by only using the calibration results that yielded mixed velocity errors 

of 25% or less. Furthermore, instead of simply simulating testing scenarios using the 

average parameter values presented for validation, additional analysis was needed to 

identify the effects of changes in the various parameters on the model outputs. 

Table 22: Calibrated Parameters and Descriptions 

Parameter Description 

ɔ Driverôs Sensitivity of Gains/Losses in Terms of Travel Time 

wm 
Driverôs Risk Aversion Measure of Relative Weight of Losses 

Compared to Gains 

wc Collision Weight 

Űmax Driverôs Maximum Anticipation Time Horizon (seconds) 

Ŭ Driverôs Uncertainty of the Leading Vehicleôs Velocity 

ɓ Driverôs Sensitivity (Impatience) to the Surrounding Environment 

Űcorr Intra-Driver Variability Correlation Time (seconds) 

RT Reaction Time (seconds) 
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Table 23: Mean and Standard Deviations for the Calibrated Parameter Values for Each Scenario/Warning Type 

Parameter ɔ wm wc Űmax Ŭ ɓ Űcorr RT 

Units - - - sec - - sec sec 

0 Mean 0.82 1.61 90581.82 10.04 0.21 5.61 21.89 0.61 

0 Std. Dev. 0.72 2.05 30792.38 1.28 0.16 3.41 5.35 0.93 

1 Mean 0.81 1.51 84254.55 9.07 0.22 5.04 22.73 1.86 

1 Std. Dev. 0.74 2.42 30034.05 2.02 0.16 2.97 5.69 1.02 

2 Mean 0.84 2.09 102090.91 7.59 0.16 4.80 19.55 1.49 

2 Std. Dev. 0.71 2.76 29716.40 2.61 0.15 2.97 5.64 1.03 

3 Mean 0.97 2.73 104400.00 7.62 0.24 5.64 20.78 1.52 

3 Std. Dev. 0.63 2.98 27981.55 2.47 0.17 3.38 6.11 0.89 

4 Mean 1.03 3.57 99236.36 9.73 0.19 5.18 20.09 1.17 

4 Std. Dev. 0.57 3.14 30539.97 1.14 0.18 3.21 5.50 1.06 

5 Mean 0.93 2.76 100636.36 8.38 0.22 5.41 20.00 1.59 

5 Std. Dev. 0.67 3.31 33621.08 2.46 0.19 3.20 4.87 0.85 

6 Mean 0.94 3.26 94148.15 9.69 0.21 5.45 20.20 1.12 

6 Std. Dev. 0.66 3.18 30558.63 1.92 0.17 3.29 5.59 1.01 

 

6.2  Sensitivity Analysis 

A sensitivity analysis of the parameters was performed to determine the effects that 

changes in the parameters have on the simulation output traffic parameters after the 

extended PT-based microscopic traffic model parameters were calibrated. However, 

additional steps were taken to identify the most accurate calibrated parameter sets, ensuring 

that differences existed between parameters calibrated for the different scenario/warning 

types, before using the calibrated parameters to perform sensitivity analysis.  

6.2.1  Velocity Profiles and RMSE 

First, each set of calibrated parameters was used in the modified PT-based microscopic 

traffic model to simulate the driving simulator experiment. This was done by setting the 

lead vehicle trajectory and velocity profile to the same trajectories and velocity profiles as 
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the lead vehicles in the driving simulator experiment. After each of the seven segments for 

the 55 subjects who completed the entire driving simulator experiment and the 2 subjects 

who completed only some of the driving experiment were simulated, plots of the velocity 

vs. longitudinal distance for the entire simulated trajectory alongside the driving simulator 

data were created. All  the plots can be found in Appendix D of Section 8.10 (pg. 180). A 

sample plot is shown below in Figure 25 (pg. 110). From a visual inspection, it appears 

that the reproduced velocity profile is quite like the actual experimental velocity profile. In 

the figure, maximum and minimum velocity values appear for both plots to occur around 

similar longitudinal locations, which supports the accuracy of the parameter values 

generated from the calibration efforts. Moreover, collisions occur around the same 

longitudinal locations for both sets of data, as highlighted by the black ovals on the figure. 

However, to obtain a quantifiable metric of the accuracy of the simulated velocity profiles, 

the root mean square error (RMSE) and the normalized root mean square error (NRMSE) 

calculations were performed (Mohanty et al., 2015). The NRMSE was normalized based 

on the range of values, the difference between the minimum and maximum, of the driving 

simulator experiment. This allows for a better interpretation of the error between the 

original and reproduced velocity profiles and an applicable test of accuracy for the 

calibrated parameters. Only data with NRMSE values less than 30% were used for the next 

steps of the sensitivity analysis. The following tables (Table 24 on pg. 111 through Table 

30 on pg. 117) present the subject ID, scenario/warning type, age, school level, RMSE, and 

NRMSE values for the most accurate (in terms of NRMSE) data. 

Table 24 (pg. 111) presents the data for the car-following scenario and includes 50 

usable data entries. Table 25 (pg. 112) shows the 43 usable no warning scenario entries. 
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Table 26 (pg. 113) has the 28 auditory only warning entries with less than a 30% NRMSE. 

44 and 9 entries are presented in Table 27 (pg. 114) for the auditory with non-informative 

symbolic visual warning and Table 28 (pg. 115) for the auditory with informative symbolic 

visual warning, respectively. Table 29 (pg. 116) contains the 36 subject runs with 

acceptable NRMSEs for the auditory with non-informative alphanumeric visual warning 

and Table 30 (pg. 117) contains the 12 subject runs with acceptable NRMSEs for the 

auditory with informative alphanumeric visual warning. Each of the rows in these tables 

has an associated set of calibrated parameters that are used in the subsequent sensitivity 

analysis. The different numbers of acceptable data entries for each of the scenario/warning 

types are of interest due to the need to accurately model the traffic resulting from drivers 

encountering these different scenarios/warning types. Moreover, it makes sense that the 

two warning types that require the most human interpretation (auditory with informative 

symbolic visual and auditory with informative alphanumeric visual warnings) would have 

more entries with higher variability and thus lead to fewer usable data entries. 
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Figure 25: Sample Plot of Experimental and Simulated Velocity Profiles 

Collision Occurrence 
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Table 24: RMSE and NRMSE Values for the Car-Following Scenario 

Subject ID Scenario/Warning Type Age School Level RMSE NRMSE 

0 0 Non-Teenager College 2.885 0.154 

1 0 Non-Teenager College 4.633 0.227 

2 0 Teenager College 4.099 0.223 

3 0 Non-Teenager College 2.425 0.130 

4 0 Non-Teenager College 3.002 0.142 

6 0 Non-Teenager College 3.402 0.195 

7 0 Non-Teenager College 2.498 0.158 

8 0 Non-Teenager College 2.815 0.136 

9 0 Teenager College 3.128 0.160 

10 0 Non-Teenager College 4.462 0.228 

11 0 Non-Teenager College 4.604 0.221 

12 0 Non-Teenager College 4.005 0.207 

13 0 Non-Teenager College 3.421 0.170 

14 0 Non-Teenager College 3.931 0.205 

16 0 Non-Teenager College 3.806 0.175 

17 0 Non-Teenager College 2.036 0.138 

19 0 Non-Teenager College 2.278 0.127 

20 0 Non-Teenager College 6.933 0.280 

21 0 Non-Teenager College 3.219 0.156 

22 0 Teenager High School 3.716 0.176 

23 0 Teenager High School 2.202 0.110 

24 0 Teenager High School 2.944 0.148 

25 0 Teenager High School 6.119 0.292 

27 0 Teenager High School 3.087 0.180 

28 0 Teenager High School 4.930 0.241 

29 0 Teenager High School 3.876 0.185 

30 0 Teenager High School 3.528 0.206 

31 0 Teenager High School 3.226 0.181 

32 0 Teenager High School 2.076 0.125 

33 0 Teenager High School 4.635 0.205 

35 0 Teenager High School 3.158 0.144 

36 0 Teenager High School 1.950 0.092 

37 0 Teenager High School 4.162 0.196 

38 0 Teenager High School 3.081 0.203 

40 0 Teenager High School 4.386 0.207 

41 0 Teenager High School 5.864 0.260 

42 0 Teenager High School 4.512 0.246 

43 0 Teenager High School 2.377 0.141 

44 0 Teenager High School 4.488 0.229 

45 0 Teenager High School 2.950 0.139 

46 0 Teenager High School 2.875 0.144 

47 0 Teenager High School 4.551 0.243 

48 0 Teenager High School 4.493 0.208 

50 0 Teenager High School 5.043 0.238 

51 0 Teenager High School 4.475 0.210 

52 0 Teenager High School 3.479 0.168 

53 0 Teenager High School 3.826 0.171 

54 0 Teenager High School 4.046 0.188 

55 0 Teenager High School 3.190 0.164 

56 0 Teenager High School 2.541 0.165 
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Table 25: RMSE and NRMSE Values for the No Warning Scenario 

Subject ID Scenario/Warning Type Age School Level RMSE NRMSE 

0 1 Non-Teenager College 3.044 0.290 

3 1 Non-Teenager College 2.836 0.222 

4 1 Non-Teenager College 3.475 0.228 

6 1 Non-Teenager College 3.365 0.199 

7 1 Non-Teenager College 3.719 0.261 

8 1 Non-Teenager College 5.240 0.253 

9 1 Teenager College 3.568 0.231 

10 1 Non-Teenager College 6.726 0.285 

11 1 Non-Teenager College 5.109 0.292 

12 1 Non-Teenager College 7.623 0.300 

13 1 Non-Teenager College 1.943 0.281 

14 1 Non-Teenager College 3.029 0.249 

15 1 Non-Teenager College 4.008 0.233 

17 1 Non-Teenager College 1.031 0.175 

19 1 Non-Teenager College 3.002 0.180 

20 1 Non-Teenager College 5.352 0.296 

21 1 Non-Teenager College 5.288 0.286 

22 1 Teenager High School 5.794 0.277 

23 1 Teenager High School 4.265 0.212 

24 1 Teenager High School 3.841 0.235 

26 1 Teenager High School 1.789 0.151 

27 1 Teenager High School 3.500 0.182 

29 1 Teenager High School 3.777 0.190 

30 1 Teenager High School 0.989 0.059 

31 1 Teenager High School 3.939 0.285 

33 1 Teenager High School 2.458 0.171 

34 1 Teenager High School 6.053 0.268 

35 1 Teenager High School 6.104 0.245 

36 1 Teenager High School 3.259 0.216 

37 1 Teenager High School 7.360 0.268 

40 1 Teenager High School 4.082 0.247 

41 1 Teenager High School 5.683 0.291 

42 1 Teenager High School 4.912 0.253 

43 1 Teenager High School 4.059 0.261 

44 1 Teenager High School 1.585 0.123 

46 1 Teenager High School 2.864 0.184 

47 1 Teenager High School 1.923 0.253 

48 1 Teenager High School 3.796 0.257 

49 1 Teenager High School 1.645 0.150 

50 1 Teenager High School 2.475 0.263 

52 1 Teenager High School 7.401 0.269 

53 1 Teenager High School 6.723 0.262 

54 1 Teenager High School 6.553 0.269 
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Table 26: RMSE and NRMSE Values for the Auditory Only Warning  

Subject ID Scenario/Warning Type Age School Level RMSE NRMSE 

0 2 Non-Teenager College 1.513 0.107 

1 2 Non-Teenager College 1.380 0.179 

2 2 Teenager College 1.270 0.146 

3 2 Non-Teenager College 2.938 0.224 

6 2 Non-Teenager College 2.025 0.202 

8 2 Non-Teenager College 1.921 0.193 

10 2 Non-Teenager College 2.079 0.230 

12 2 Non-Teenager College 3.738 0.179 

14 2 Non-Teenager College 2.390 0.248 

15 2 Non-Teenager College 5.222 0.279 

20 2 Non-Teenager College 3.143 0.233 

23 2 Teenager High School 6.756 0.245 

24 2 Teenager High School 3.498 0.205 

25 2 Teenager High School 2.210 0.159 

26 2 Teenager High School 1.036 0.102 

27 2 Teenager High School 3.448 0.250 

30 2 Teenager High School 4.231 0.213 

31 2 Teenager High School 5.030 0.242 

32 2 Teenager High School 3.268 0.179 

33 2 Teenager High School 1.454 0.161 

38 2 Teenager High School 2.580 0.165 

40 2 Teenager High School 2.883 0.233 

43 2 Teenager High School 1.689 0.153 

46 2 Teenager High School 3.887 0.204 

48 2 Teenager High School 4.045 0.260 

49 2 Teenager High School 4.250 0.231 

50 2 Teenager High School 2.646 0.199 

53 2 Teenager High School 5.988 0.240 
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Table 27: RMSE and NRMSE Values for the Auditory with Non-Informative Symbolic Warning  

Subject ID Scenario/Warning Type Age School Level RMSE NRMSE 

1 3 Non-Teenager College 2.397 0.131 

2 3 Teenager College 3.664 0.249 

4 3 Non-Teenager College 4.128 0.191 

5 3 Non-Teenager College 5.359 0.232 

6 3 Non-Teenager College 4.033 0.202 

7 3 Non-Teenager College 2.900 0.277 

8 3 Non-Teenager College 2.121 0.154 

9 3 Teenager College 2.526 0.261 

10 3 Non-Teenager College 4.957 0.181 

11 3 Non-Teenager College 4.150 0.193 

12 3 Non-Teenager College 3.582 0.178 

13 3 Non-Teenager College 5.190 0.242 

14 3 Non-Teenager College 4.220 0.197 

15 3 Non-Teenager College 4.028 0.266 

16 3 Non-Teenager College 2.830 0.245 

20 3 Non-Teenager College 2.957 0.153 

21 3 Non-Teenager College 3.584 0.183 

22 3 Teenager High School 5.124 0.203 

23 3 Teenager High School 6.542 0.236 

24 3 Teenager High School 5.936 0.234 

25 3 Teenager High School 1.722 0.140 

26 3 Teenager High School 3.283 0.199 

27 3 Teenager High School 3.977 0.234 

28 3 Teenager High School 6.596 0.296 

30 3 Teenager High School 2.464 0.197 

31 3 Teenager High School 2.581 0.201 

32 3 Teenager High School 5.032 0.298 

33 3 Teenager High School 5.703 0.222 

35 3 Teenager High School 4.975 0.232 

38 3 Teenager High School 6.857 0.289 

40 3 Teenager High School 3.979 0.211 

42 3 Teenager High School 5.401 0.264 

43 3 Teenager High School 3.955 0.217 

44 3 Teenager High School 4.230 0.203 

46 3 Teenager High School 2.728 0.179 

47 3 Teenager High School 1.787 0.199 

48 3 Teenager High School 2.783 0.208 

49 3 Teenager High School 3.064 0.159 

50 3 Teenager High School 5.928 0.279 

51 3 Teenager High School 5.822 0.287 

52 3 Teenager High School 4.219 0.234 

54 3 Teenager High School 3.235 0.197 

55 3 Teenager High School 2.981 0.206 

56 3 Teenager High School 3.484 0.177 
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Table 28: RMSE and NRMSE Values for the Auditory with Informative Symbolic Warning 

Subject ID Scenario/Warning Type Age School Level RMSE NRMSE 

15 4 Non-Teenager College 6.559 0.287 

20 4 Non-Teenager College 2.461 0.230 

36 4 Teenager High School 2.075 0.281 

38 4 Teenager High School 1.125 0.216 

40 4 Teenager High School 2.631 0.258 

44 4 Teenager High School 5.114 0.261 

45 4 Teenager High School 6.734 0.285 

46 4 Teenager High School 4.097 0.253 

48 4 Teenager High School 4.520 0.216 
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Table 29: RMSE and NRMSE Values for the Auditory with Non -Informative Alphanumeric Warning  

Subject ID Scenario/Warning Type Age School Level RMSE NRMSE 

0 5 Non-Teenager College 3.545 0.183 

2 5 Teenager College 3.008 0.152 

4 5 Non-Teenager College 4.970 0.276 

5 5 Non-Teenager College 6.042 0.242 

6 5 Non-Teenager College 3.704 0.291 

7 5 Non-Teenager College 2.798 0.166 

8 5 Non-Teenager College 4.784 0.222 

9 5 Teenager College 3.068 0.156 

10 5 Non-Teenager College 2.568 0.135 

14 5 Non-Teenager College 3.824 0.299 

15 5 Non-Teenager College 4.253 0.214 

16 5 Non-Teenager College 5.226 0.246 

17 5 Non-Teenager College 3.184 0.173 

19 5 Non-Teenager College 1.655 0.193 

20 5 Non-Teenager College 1.894 0.200 

22 5 Teenager High School 3.521 0.281 

23 5 Teenager High School 5.850 0.248 

24 5 Teenager High School 2.768 0.222 

25 5 Teenager High School 1.595 0.170 

27 5 Teenager High School 2.278 0.205 

29 5 Teenager High School 4.945 0.265 

30 5 Teenager High School 4.125 0.208 

31 5 Teenager High School 3.901 0.191 

32 5 Teenager High School 2.904 0.153 

33 5 Teenager High School 4.194 0.187 

37 5 Teenager High School 7.148 0.250 

38 5 Teenager High School 6.300 0.292 

40 5 Teenager High School 4.788 0.261 

44 5 Teenager High School 1.922 0.230 

46 5 Teenager High School 3.093 0.157 

47 5 Teenager High School 4.412 0.226 

48 5 Teenager High School 5.686 0.259 

49 5 Teenager High School 3.915 0.294 

52 5 Teenager High School 5.186 0.224 

53 5 Teenager High School 5.573 0.232 

55 5 Teenager High School 5.134 0.255 
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Table 30: RMSE and NRMSE Values for the Auditory with Informative Alphanumeri c Warning 

Subject ID Scenario/Warning Type Age School Level RMSE NRMSE 

10 6 Non-Teenager College 8.132 0.286 

14 6 Non-Teenager College 4.001 0.244 

25 6 Teenager High School 3.445 0.229 

31 6 Teenager High School 6.820 0.281 

36 6 Teenager High School 3.446 0.246 

38 6 Teenager High School 6.038 0.277 

41 6 Teenager High School 0.590 0.289 

43 6 Teenager High School 2.748 0.198 

45 6 Teenager High School 0.760 0.207 

47 6 Teenager High School 0.799 0.188 

49 6 Teenager High School 2.848 0.219 

51 6 Teenager High School 3.369 0.258 

 

6.2.2  MANOVA Testing  

It is necessary to understand the statistical significance and overall importance of each 

of the parameters. This is done using the results of the eight calibrated parameters having 

the lowest NRMSE based on the velocity profiles of the experimental vs. simulated data. 

To understand the statistical significance of the change in calibration parameters based on 

scenario/warning type, a one-way multivariate analysis of variance (MANOVA) test was 

performed using the SPSS software. MANOVA test results indicate whether the null 

hypothesis that a specific exogenous variable has no statistically significant effect on the 

change in calibration parameters can be rejected or not. A p or significance value of 0.05 

or less must be achieved for the null hypothesis to be rejected with statistical significance. 

The author initially wanted to run two-way MANOVA tests for scenario/warning type with 

age and school level, but due to the low sample sizes for the auditory only warning, auditory 

with informative symbolic warning, and auditory with informative alphanumeric warning, 

this was not feasible.  
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To run the MANOVA tests, the assumption of multivariate normality of the dependent 

variables must be met (Jobson, 1991). While this cannot be directly tested in SPSS, a linear 

regression was conducted with the eight dependent variables (results shown in Table 31 on 

pg. 118) and the Mahalanobisô distance (MD) was checked. The MD provides a 

quantifiable measure of the degree to which there are outliers in the multivariate dataset 

using a chi-square distribution and a p < 0.001 (Jobson, 1991). The critical value of the 

MD for eight dependent variables is 26.1245 (Washington et al., 2010) and the maximum 

MD for the dataset is 16.751 as shown in Table 31 (pg. 118), which is less than the critical 

value. This leads to the conclusion that multivariate outliers are not present, supporting the 

normality assumption. 

Table 31: Linear Regression Residual Results for the Eight Dependent Variables 

Residuals Statistics 

  Minimum Maximum Mean 
Std. 

Deviation 
N 

Predicted Value 3.64 14.84 9.31 2.793 222 

Std. Predicted Value -2.030 1.981 0.000 1.000 222 

Standard Error of Predicted Value 0.597 1.278 0.897 0.143 222 

Adjusted Predicted Value 3.78 14.89 9.32 2.803 222 

Residual -12.319 10.116 0.000 4.427 222 

Std. Residual -2.732 2.243 0.000 0.982 222 

Stud. Residual -2.809 2.274 -0.001 1.001 222 

Deleted Residual -13.021 10.392 -0.009 4.605 222 

Stud. Deleted Residual -2.855 2.296 -0.002 1.005 222 

Mahal. Distance 2.873 16.751 7.964 2.857 222 

Cook's Distance 0.000 0.050 0.004 0.006 222 

Centered Leverage Value 0.013 0.076 0.036 0.013 222 

 

Once the MANOVA test was run, multiple output tables were generated. First, Boxôs 

Test of equality of covariance results are presented in Table 32 (pg. 119). Using an alpha 

equal to 0.005, if the p or significance value is greater than this value, then there is a failure 
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to reject the null hypothesis and it is assumed that the covariance matrices of the dependent 

variables are equal across the scenario/warning types. Since the significance value is 0.014, 

this becomes the case for this MANOVA test. Next, Table 33 (pg. 120) displays the 

MANOVA results for the impact of the scenario/warning types on the calibration 

parameters. Looking at Pillaiôs Trace, the significance value is less than 0.05, so there is a 

statistically significant result that there are differences in the calibrated parameters between 

the scenario/warning types. To delve further into the results to understand which calibrated 

parameters have the most impact, tests of between subjectsô effects were conducted. Table 

34 (pg. 120) shows that wc, Űmax, and RT have statistically significant differences between 

the scenario/warning types with p or significance values of less than 0.05. Therefore, the 

collision weighting, maximum anticipation time horizon, and reaction time were selected 

as the calibrated parameters to be tested during the sensitivity analysis. 

Table 32: Box's Test of Equality of Covariance Matrices Results from MANOVA Test 

Box's Test of Equality of Covariance 

Matrices 

Box's M 189.645 

F 1.299 

df1 126 

df2 8073.127 

Sig. 0.014 
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Table 33: MANOVA Testing  Results 

Multivariate Tests 

Effect   Value F Sig. Partial Eta Squared 

Warning 

Pillai's Trace 0.384 2.452 0.000 0.064 

Wilks' Lambda 0.656 2.594 0.000 0.068 

Hotelling's Trace 0.467 2.705 0.000 0.072 

Roy's Largest Root 0.314 11.252 0.000 0.239 

 

Table 34: MANOVA Tests of Between-Subject Effects Results 

Tests of Between-Subjects Effects 

Source   F Sig. Partial Eta Squared 

Warning 

Gamma 1.239 0.287 0.033 

Wm 1.146 0.337 0.031 

Wc 3.871 0.001 0.097 

Tmax 7.440 0.000 0.172 

Tcorr 1.520 0.173 0.041 

RT 11.625 0.000 0.245 

Alpha 1.413 0.211 0.038 

Beta 0.304 0.934 0.008 

 

6.2.3  Sensitivity Analysis for Chosen Calibration Parameters 

The sensitivity analysis for the three identified model parameters (wc, Űmax, and RT) was 

conducted using three different methods for all the scenario/warning types. For all three 

methods, the mean calibrated parameters for the various scenario/warning types were used 

as the baseline and are shown in Table 35 (pg. 121). Each of the three selected parameters 

were then varied to be equal to 50%, 75%, 125%, and 150% of the mean parameter value. 

These percentages were chosen to show enough of a difference between parameter values 
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while still staying within the range of the minimum and maximum values observed for each 

of the scenario/warning types. Table 36 (pg. 121) has the sensitivity analysis tested values 

for reaction time, Table 37 (pg. 121) has those for maximum anticipation time horizon, and 

Table 38 (pg. 122) shows the tested values for the collision weighting parameter. 

Table 35: Mean Parameter Values for Each Scenario/Warning Types 

Scenario/Warning 

Type 
Gamma Wm Wc Tmax Alpha Beta Tcorr  RT 

0 0.85 1.62 87420.00 10.00 0.20 5.71 22.04 0.43 

1 0.84 1.67 82674.42 8.94 0.21 5.18 22.58 1.90 

2 0.73 1.76 105214.29 7.51 0.16 5.29 19.25 1.57 

3 1.07 2.42 103795.45 7.53 0.25 5.74 21.00 1.55 

4 1.13 3.14 106666.67 9.83 0.16 4.66 20.56 1.68 

5 0.90 2.56 106305.56 8.33 0.24 5.49 20.11 1.56 

6 1.18 2.93 92000.00 9.28 0.15 5.96 22.25 1.53 

 

Table 36: Sensitivity Analysis Parameter Values for Reaction Time 

Scenario/Warning 

Type 
Mean 50% 75% 125% 150% 

0 0.43 0.22 0.32 0.54 0.65 

1 1.90 0.95 1.42 2.38 2.85 

2 1.57 0.78 1.18 1.96 2.35 

3 1.55 0.78 1.16 1.94 2.33 

4 1.68 0.84 1.26 2.10 2.52 

5 1.56 0.78 1.17 1.95 2.34 

6 1.53 0.77 1.15 1.92 2.30 

 

Table 37: Sensitivity Analysis Parameter Values for Maximum Anticipation Time Horizon 

Scenario/Warning 

Type 
Mean 50% 75% 125% 150% 

0 10.00 5.00 7.50 12.51 15.01 

1 8.94 4.47 6.70 11.17 13.41 

2 7.51 3.75 5.63 9.38 11.26 

3 7.53 3.77 5.65 9.41 11.30 

4 9.83 4.92 7.38 12.29 14.75 

5 8.33 4.17 6.25 10.41 12.50 

6 9.28 4.64 6.96 11.60 13.93 

 

 



122 

 

Table 38: Sensitivity Analysis Parameter Values for Collision Weighting 

Scenario/Warning 

Type 
Mean 50% 75% 125% 150% 

0 87420 43710 65565 109275 131130 

1 82674 41337 62006 103343 124012 

2 105214 52607 78911 131518 157821 

3 103795 51898 77847 129744 155693 

4 106667 53333 80000 133333 160000 

5 106306 53153 79729 132882 159458 

6 92000 46000 69000 115000 138000 

 

To test the sensitivity of the specified parameters, a simple simulation was conducted 

of a two-lane roadway spanning 4,000 m. The desired velocity was set to 20.12 m/s (45 

mph) and between 500 m and 1,000 m, and again between 2,500 m and 3,000 m, the lead 

vehicle in the left lane was forced to decelerate to 5.0 m/s. For the first two sensitivity 

analysis sets of graphs (change in spacing vs. change in velocity and the longitudinal 

distance vs. time), only three vehicles were simulated and only the following vehicle in the 

left laneôs data is plotted. It should be noted that lane changes were prevented in these first 

two parts of the analysis to see how the changes in the parameters affected the car-

following behavior of a sample vehicle. In the third part of the sensitivity analysis (flow 

vs. density), 100 vehicles were fed into the simulation and except for the lead vehicle, all 

the vehicles were given the specified parameter values and allowed to change lanes on 

order to observe overall traffic trends.  

For each of the following three sensitivity analysis plot types, the tested parameters are 

labeled according to Table 39 (pg. 123). More specifically, reaction time is labeled as 

parameter 100, maximum anticipation time horizon is parameter 101, and the collision 

weighting is parameter 102. Additionally, each of the three sensitivity analysis plots labels 

the mean parameter value as 0, 50% of the mean as 1, 75% of the mean as 2, 125% of the 

mean as 3, and 150% of the mean as 4.  
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Table 39: Sensitivity Analysis Parameter Labels 

Sensitivity Analysis Parameter Numbers 

RT 100 

Tmax 101 

Wc 102 

 

The first of the sensitivity analysis graphs are presented as Appendix E in Section 8.11 

(pg. 190). These graphs show plots of the change in space headway vs. change in velocity. 

Each of these plots has sets of arrows showing the direction of the changes in spacing and 

velocity with multiple hysteresis loops. Interpreting the overall shape that each 

scenario/warning type takes for all five of the tested chosen parameter values shows that 

as the following vehicle falls further behind the lead vehicle, the following vehicle 

increases their speed, trying to achieve the input desired velocity. Then, when the lead 

vehicle decelerates to less than desired velocity of 5 m/s, the following vehicle begins 

closing the distance between itself and its leader, creating smaller space gaps, and 

eventually the following vehicle must also decrease its speed to avoid a collision. For the 

plots for the reaction time parameter changes, the largest change in spacing is seen for 75% 

of the mean (green line) in the car-following, auditory only warning, and auditory with 

non-informative alphanumeric warning scenarios. This result shows that with a decrease 

from the optimized reaction time value, the following vehicle driver is allowing for both 

greater gaps and greater changes in velocity due to the ability to react quicker to an adverse 

situation on the roadway, with some limitations. Only the reaction time changes for the 

auditory with non-informative symbolic warning scenario shows what one might expect 

with the order following sequentially of 50%, 75%, mean, 125%, and 150% with the largest 

to smallest differences in spacing and velocity occurring. The auditory with informative 
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symbolic scenario driver results display at first a sequential order for 50% and 75%, but 

then jumps to 150%, and the mean value with the highest differences and the 150% with 

the lowest differences in spacing and speed. While these results may appear odd at first, it 

should be reinforced that average parameter values for the other key seven model 

parameters were kept consistent for each of the different scenario/warning types; there are 

parameters that are related to one another and could lead to these discrepancies. Next, for 

the maximum anticipation time horizon, it is interesting to note that it might be expected 

to see the greatest differences in spacing and velocity with the 125% and 150% of the mean 

Tmax time since there is a greater anticipation that perhaps the lead vehicle will continue 

its current path with its current velocity for a longer amount of time. This pattern is 

observed for most part with the car-following, the no warning, and auditory with 

informative alphanumeric warning scenarios. However, for the remaining 

scenario/warning types either the 50% or mean value of the parameter show the greatest 

changes in the spacing and velocity for the first major deceleration of the lead vehicle and 

then a higher relative parameter value has the biggest changes in spacing and velocity for 

the second (smaller) deceleration loop. This result could show some learning with these 

warning types (auditory only, auditory with non-informative symbolic, auditory with 

informative symbolic, and auditory with non-informative alphanumeric). Regarding the 

collision weighting parameter, lower changes in spacing and velocity might be expected 

with higher values of the parameter. This would imply that when drivers are more 

concerned about collisions and weight their possibility higher, they would drive more 

carefully and try to avoid the largest changes in spacing and velocity. Such a result is 

consistent with the car-following, no warning, auditory only warning, and auditory with 
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informative symbolic warning scenarios. However, for the auditory with non-informative 

symbolic, and auditory with both non-informative and informative alphanumeric warning 

scenarios an almost inverse pattern is observed. A finding such as this could mean that 

when drivers have these types of collision warnings available, even with the higher 

weighting of collisions, they are more comfortable taking risks because of their belief that 

a warning will supply them with enough time to avoid a collision. 

The second part of the sensitivity analysis involved the plotting of the trajectory (x 

position on the longitudinal roadway axis vs. the time t) for each the changes in the selected 

parameter values. Appendix F of Section 8.12 (pg. 197) displays the resulting plots for 

each of the scenario/warning types. Note that these plots prove to be much more difficult 

to decipher due to the similarity and how close each line is plotted next to the other for the 

different parameter values. Regarding the reaction time plots, for the car-following, no 

warning, and auditory only warning scenarios, either the 50% or 75% of the parameter 

mean values are distinguishable as taking the longest to accelerate and decelerate in 

response to the lead vehicleôs movement. This could be interpreted as the drivers with faster 

reaction times can wait longer to react to their surrounding traffic than those drivers with 

slower reaction times. Such a trend is not clearly observable for the remaining 

scenario/warning types, all of which have a visual warning included that could assist a 

driver in reacting to dangerous stimuli on the roadway regardless of his/her reaction time. 

For the maximum anticipation time horizon parameter, the 75% of the mean value led to 

the drivers traveling further down the roadway before decelerating to accommodate a 

slower velocity for the no warning, auditory only warning, and the auditory with 

informative symbolic warning. This result shows these drivers could be relying on other 
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aspects of their interpretation of their surrounding driving environment to determine a 

response to a decelerating lead vehicle. Additionally, the car-following, auditory with non-

informative symbolic warning, auditory with non-informative alphanumeric warning, and 

auditory with informative alphanumeric warning scenarios display slightly longer 

distances traveled before responding to the leader vehicles with the mean, 125%, or 150% 

for the parameter value. From such a finding, it can be understood that with longer 

maximum anticipation time horizons, these scenario/warning type drivers feel more 

comfortable waiting to adjust to their leader vehicles when they feel they have a longer 

anticipation time of what their leader with do. Finally, with the collision weighting factor, 

there is no clear difference between weighting factors for the car-following scenario, which 

makes sense since subjects did not experience near-collision scenarios for this section in 

the driving simulator experiment. Next, the mean, 125% or 150% for the parameter value 

showed longer distances traveled before a driver reacted to the leader deceleration for the 

all the remaining scenario/warning types except for the auditory only warning scenario, for 

which this was true at the 75% value. This outcome implies that for the no warning scenario 

and all the warnings with a visual component, the drivers either trust themselves or the 

warnings to help prevent a collision no matter how much they are concerned about collision 

occurrence.                                 

Lastly, a third component of the sensitivity analysis is made up of flow vs. density plots 

presented as Appendix G in Section 8.13 (pg. 208). Each figure only shows the plots for 

the section of the flow vs. density plots that have a negative slope, representing when traffic 

leaves the free-flow regime and enters the one or more of the congested regimes. For the 

reaction time parameter, all seven scenario/warning types show a similar pattern that the 
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higher relative reaction times achieve higher flow capacities and then have steeper slopes 

descending traffic into congestion. Such result shows that regardless of scenario/warning 

type, when dealing with a stream of traffic, longer reaction times can affect overall traffic 

more severely in both positive and negative manners. In terms of the maximum anticipation 

time horizon parameter, every scenario/warning type except for the auditory with 

informative alphanumeric warning reveal a pattern with the lower values of the parameter 

achieving higher flow capacity and then decreasing at higher rates compared to the higher 

parameter values. This could mean that with these scenarios and warning types, the drivers 

take larger risks and believe that they (with or without the help of a collision warning) can 

take on the task of avoiding hazards on the roadway, even to the detriment of the 

surrounding traffic. Results from the auditory with alphanumeric informative warning 

show that the higher maximum anticipation horizon times lead to higher capacity, but with 

the highest three values have slopes that are almost equivalent to one another. Such finding 

could imply that drivers with this type of the warning show better anticipation that could 

be related to a learning effect induced by warning itself. For all the scenario/warning types, 

comparable patterns with the lowest relative collision weight yielding the highest flow 

capacity and steepest negative slope. Like the outcome from the reaction time analysis, this 

outcome yields the belief that when drivers do not value collisions with as much concern, 

they will driver in a manner that can both improve (increase capacity) and hinder (steep 

decline into congestion) overall traffic flow.  

Generally, results from the sensitivity analysis reinforce what the author expected in 

terms of driver behavior. This being that parameter values that allow for higher roadway 

capacity, while better for decreasing traffic congestion, are worse for traffic safety and vice 
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versa. The degree to which the highlighted driver behavioral parameters affect these two 

main aspects of roadway performance (safety and congestion) is also largely dependent on 

the interactions between the parameters for the seven tested scenarios.     

6.2.4  Lateral Trajectory Coefficient Distributions  

From the data entries with the lowest selected NRMSE values, fifth-order polynomials 

were fitted for scenario/warning types 2 through 6. Only these scenario/warning types were 

selected because these were the only scenarios in which a lane-change was conducted by 

the subjects in the driving simulator experiment. From the lateral trajectory of the modified 

PT-based microscopic traffic simulation model as described in Section 3.3.3, the fifth-order 

polynomial takes on the form of ώ ὃ ὄὼ ὅὼ Ὀὼ Ὁὼ Ὂὼ. Since the initial 

coefficients for the lateral trajectory are only for D, E, and F, those are the coefficient 

values that were fitted using the lateral trajectories of the driving simulator experiment. 

These values for the tested scenarios where subjects took part in lane-changing are found 

in Table 40 (pg. 129) through Table 44 (pg. 131). 
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Table 40: Lateral Trajectory Coefficients for Scenario/Warning Type 2 

D E F 

4.060785 8.156029 4.069852 

1.407638 2.861316 1.454185 

3.605536 7.265909 3.660839 

1.837114 4.094256 2.262094 

3.427568 6.915335 3.488225 

1.683348 3.394441 1.711396 

2.664097 5.371496 2.707757 

2.032243 4.117546 2.085795 

1.972622 3.989657 2.01745 

1.993456 4.038373 2.045464 

3.387006 6.382529 2.962466 

1.36114 2.738985 1.37482 

9.22674 18.60742 9.38353 

4.008373 8.055962 4.050101 

6.814707 13.34279 6.546419 

1.001075 2.020916 1.02034 

2.823445 5.705015 2.883884 

1.754707 3.561126 1.804074 

2.668037 5.387286 2.71972 

7.432529 14.98456 7.531889 

1.696115 3.416499 1.72067 

3.244873 6.541282 3.296822 

1.27656 2.573765 1.297561 

8.322389 16.75895 8.440522 

4.875575 9.814068 4.941162 

1.215713 2.451825 1.236391 
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Table 41: Lateral Trajectory Coefficients for Scenario/Warning Type 3 

D E F 

9.30828 18.7983 9.510453 

4.348405 8.749307 4.403392 

1.665773 3.353867 1.68836 

7.963597 16.27409 8.336578 

1.745543 3.529397 1.784258 

2.652177 5.355887 2.704246 

9.00982 18.05862 9.071656 

1.519101 3.04824 1.528917 

5.757959 11.48829 5.724857 

5.346914 10.59541 5.267443 

2.945866 5.955603 3.010295 

1.205691 2.418548 1.210133 

 

Table 42: Lateral Trajectory Coefficients for Scenario/Warning Type 4 

D E F 

2.305434 4.612068 2.306651 

6.144973 12.33544 6.195954 

9.229302 19.5123 10.33823 

1.548495 3.239321 1.696282 

7.835685 16.42747 8.645633 

1.284463 2.706872 1.428536 

1.803907 3.760914 1.962699 
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Table 43: Lateral Trajectory Coeffici ents for Scenario/Warning Type 5 

D E F 

3.147049 6.346216 3.199578 

0.448791 0.89435 0.425835 

4.382108 8.858596 4.496061 

4.825583 9.785599 4.938727 

1.159032 2.348372 1.189867 

1.315321 2.679864 1.36512 

4.335135 9.179349 4.849852 

1.221976 2.455715 1.23599 

4.69401 9.777144 5.106187 

5.51632 10.75972 5.26178 

1.266015 2.528832 1.265378 

1.113272 2.337103 1.202565 

3.258325 6.567994 3.310054 

2.336348 4.722868 2.387009 

 

Table 44: Lateral Trajectory Coefficients for Scenario/Warning Type 6 

D E F 

9.339128 19.69906 10.41233 

1.883446 3.90472 2.026431 

8.675283 17.69129 9.021353 

8.887621 17.89762 9.009902 

9.684315 19.49249 9.807988 

4.982879 9.978803 4.995949 

2.650197 5.292637 2.642454 

1.1106 2.153966 1.043477 

3.49952 7.089148 3.589507 

3.142576 6.286013 3.143456 

 

6.3  Validation 

To validate the calibrated extended PT-based microscopic traffic model, two links from 

the KEC dataset (presented in Section 3.2.2) with two lanes in each travel direction were 

chosen to simulate. The reasoning behind this selection is that since the modelôs parameters 
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were calibrated for a two-lane roadway, it seemed logical to try to capture both the 

microscopic and macroscopic traffic phenomena associated with the same type of roadway 

for the sake of consistency. Choosing the two links for simulation involved filtering 

through the links with two travel direction lanes and finding rear-end and angled hourly 

collision involvement rates. The two links, despite not being adjacent on the actual 

roadway, were simulated sequentially and for this validation section, their CIRs are 

combined by type since the rear-end and angled CIRs are combined by type for the model 

simulation. Images of link one and link two are displayed in Figure 27 (pg. 132) and Figure 

26 (pg. 132), respectively. The specifications of the selected links for simulation are 

provided in Table 45 (pg. 132) and Table 46 (pg. 133) shows the angled and rear-end 

collision involvement rates in vehicles involved in collisions per MVMT.  

Table 45: KEC Link Specifications for Simulation 

Link  
Length 

(m) 

Upstream 

Flow 

(veh/h) 

Upstream 

Density 

(veh/km) 

Upstream 

Speed 

(m/s) 

Downstream 

Flow (veh/h) 

Downstream 

Density 

(veh/km) 

Downstream 

Speed (m/s) 

One 2301.4 627.2 19.5 23.8 532.4 16.9 23.4 

Two 1174.8 234.1 7.3 23.8 406.6 10.9 27.7 

 

 

Figure 27: Selected Link One 

Figure 26: Selected Link Two 
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Table 46: KEC Link CIRs  

Link  
Angled 

CIR 

Upstream 

Velocity 

Bin (mph) 

Downstream 

Velocity Bin 

(mph) 

Rear-

End 

CIR 

Upstream 

Velocity Bin 

(mph) 

Downstream 

Velocity Bin 

(mph) 

One  -   -   -  146.1 55 55 

Two 152.4 55 65  -   -   -  

 

Once the links were implemented in the extended PT-based microscopic traffic model 

for simulation, 36,000 timesteps or 1 hour of simulation time with a 0.1 second timestep 

was run for the average calibration parameters for each scenario/warning type described in 

the previous sections. The following two sections present the macroscopic and microscopic 

results of these simulation runs. 

6.4  Macroscopic Output  

After each scenario/warning type was simulated using the extended PT-based model, 

collision involvement rates were calculated using 5 mph up- and down-stream velocity 

bins. The results for each velocity bin combination are presented in Table 47 (pg. 134), 

where the blue cells represent rear-end CIRs and the orange cells represent angled CIRs. 

To look at the total CIRs for both rear-end and angled collisions, Figure 28 (pg. 135) shows 

a bar chart each CIR type for the Korea data and the simulated scenario/warning types.  

It is promising to see that for the car-following calibrated parameters, the simulation 

produced both total rear-end and angled CIRs that are within the same magnitude range as 

the KEC data. Such finding can be used to support the use of the proposed extended PT-

based model as a realistic traffic simulation tool. Next, when looking at how each CIR 

changes with the calibrated parameters used for the no warning scenario and various 

warning type scenarios, insights on the effectiveness of the different warning types can be 
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gained. With no warning, and the warnings that include a visual aspect, significant 

decreases in both rear-end and angled CIRs are observed. However, with the auditory only 

warning, even though a decrease is seen for the angled CIR, an increase in rear-end CIR 

occurred. One possible explanation is that an auditory warning in the form of the tested 

beeps could end up being more distracting than helpful for drivers. Additionally, no rear-

end or angled collisions occurred during the simulation with the calibrated parameters for 

the auditory with non-informative alphanumeric visual warning; it could be argued that 

this warning type, at least for the selected simulation setup, is the most effective in collision 

prevention.   

Table 47: Collision Involvement Rates in Vehicles Involved in a Collision per MVMT for the KEC Baseline and 

Each Simulated Scenario/Warning Type 

  Scenario/Warning Type 

Velocity Bin Combination 

(upstream, downstream) 

(mph, mph)) 

KEC 

Data 

Baseline 

0 1 2 3 4 5 6 

(45, 45)       29.5         

(50, 40)       6.3         

(50, 50)       22.4         

(50, 55)       50.6 18.5     17.0 

(55, 40)       20.6         

(55, 45)       28.6         

(55, 50)       17.4         

(55, 55) 146.1 2.6 0.6 41.0 6.7 2.3   0.5 

(55, 60)   6.1 19.7     3.1     

(55, 65) 152.4 100.4             

(60, 50)       61.3         

(60, 55)     9.6     5.7     

(60, 60)   6.4       14.9     

(60, 65)   73.9             

(65, 50)   28.5             

 



135 

 

 

6.5  Microscopic Output 

While there are no specific vehicle trajectories available from the KEC to compare 

lateral trajectory and post-collision movements against, these outputs from the tested 

simulation model are compared against one another. Regarding the lateral trajectories, 

Figure 29 (pg. 136) through Figure 35 (pg. 139) display sample lateral trajectories for each 

of the scenario/warning types. It should be noted again that the car-following and no 

warning scenarios did not get fitted with lateral trajectory coefficients like the other 

warning types did. The smooth trajectories are promising and combined with the 

macroscopic CIR results, add to the realism and validity of the model.  

Figure 28: Simulated vs. Korean Link Collision Involvement Rates 
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Figure 29: Lateral Trajectories for Scenario 0 

Figure 30: Lateral Trajectories for Scenario 1 
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Figure 31: Lateral Trajec tories for Scenario 2 

Figure 32: Lateral Trajectories for Scenario 3 
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Figure 33: Lateral Trajectories for Scenario 4 

Figure 34: Lateral Trajectories for Scenario 5 
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Post-collision trajectories for one angled collision for the car-following, no warning, 

auditory only warning, and auditory with informative symbolic warning scenario 

simulations are presented below. The other scenario/warning types do not have these 

plotted because no angled collisions occurred during their simulations. Figure 36 (pg. 140) 

through Figure 39 (pg. 142) present the output post-collision trajectories and are indicative 

of most of the angled collision which occur due to an unsafe lane change of vehicle V1 

into the adjacent lane. From the results of the no warning and auditory with informative 

symbolic warning scenarios, it appears that the second vehicle involved in the collision V2 

has a starting angle of approximately 0 degrees with respect to the horizontal. The two 

deviations from this are shown in the post-collision trajectories for the car-following and 

auditory only warning scenarios, where V2 appears to have an approach angle less than 0. 

Such finding is consistent with the higher angled CIR found for the auditory only warning 

scenario as shown in Figure 28 (pg. 135). It should be noted that the post-collision 

Figure 35: Lateral Trajectories for Scenario 6 
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trajectories shown in the figures specified above do not accurately reflect those that occur 

on actual roadways. The chosen simple post-collision movement module, despite this 

major limitation, allows for faster simulation, the occurrence of collisions, the movement 

of surrounding vehicles once collisions do form, and the keeping of post-collision vehicles 

on the roadway immediately after collision formation. To the authorôs knowledge, there 

are no other microscopic traffic simulation models that allow for these aspects with the 

combination of the other modules that make this PT-based all-inclusive model unique.     

 

 

 

 

 

 

 

 

 

 
Figure 36: Post- Collision Trajectory for Warning/Scenario Type 0 
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Figure 37: Post- Collision Trajectory for Warning/Scenario Type 1 

Figure 38: Post- Collision Trajectory for Warning/Scenario Type 2 
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Figure 39: Post- Collision Trajectory for Warning/Scenario Type 4 
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Chapter 7 :  Conclusions and Future Work  

The methods adopted and results obtained in this dissertation may be translated into 

multiple safety recommendations and guidelines. These recommendations and guidelines 

may be used by different transportation decision makers to improve roadway driving 

environments. Additionally, they may constitute the basis for further research work 

associated with multiple modes of transportation and different scales of traffic networks. 

7.1  Conclusions 

Overall, this dissertation presents robust methods of traffic data analysis from the 

macroscopic and microscopic perspectives and develops a microscopic traffic simulation 

model that can be used to assess traffic at both levels. First, this dissertation uses a method 

to address collisions by relating them to their corresponding traffic parameters. A better 

understanding of traffic issues that lead to collisions is obtained by linking the collision 

involvement rates by type and showing the different parts of the flow vs. density diagram 

that yield the highest and most frequent rates. Next, data from the Korea Expressway 

Corporation network were used to look at how link- and sub-network level aggregation of 

traffic parameters affect the interpretation of the macroscopic fundamental diagram. This 

is important because many traffic management centers and traffic analysts use MFDs to 

assess the ñhealthò of entire traffic networks. Results from this section show that there 

could be a way to mitigate the negative consequences of collision occurrence on roadways 

with the closure of specific lanes of traffic on a certain number of upstream links. However, 

there is a potential problem with the aggregation of an entire network. This leads to the 
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conclusion that the microscopic perspective is needed to truly understand collision 

formation and the related prevention and mitigation techniques.  

Moving to the microscopic traffic perspective, the various parts of the implemented 

microscopic traffic simulation model were presented. The extended PT-based model 

includes PT-based acceleration/car-following, lane-changing with lateral trajectory, and 

post-collision movement. Moreover, a brief study showing that connected and autonomous 

vehicles can also be incorporated into the model is presented. In this study, different market 

penetration rates of both connected and autonomous vehicles are assessed. Results indicate 

that the improvements in travel time and traffic stability are not as great as one might expect 

even with higher MPRs of the equipped vehicles. 

Next, a driving simulator study was performed to collect trajectory data from young 

drivers (ages 15 ï 23) at both the high school and college education level. This was done 

to see how a sample of the most vulnerable driving population responded to various types 

of collision warnings. From this collected data, the introduced extended PT-based traffic 

model was calibrated, and sensitivity analysis was performed on a select number of the key 

model parameters. The chosen parameters describe various psychological attitudes 

regarding the driving experience. Calibrated parameter values were obtained for each of 

the driving simulator experiment scenario/warning types the subjects encountered. 

Simulations were then run for each set of calibrated parameter values based on a 

roadway/traffic setup from the Korea network. After comparing the results of the different 

scenario/warning types, it was revealed that comparable collision involvement rates for 

both rear-end and angled collisions were found in the car-following baseline simulation.  



145 

 

The first contribution of the presented research is the set of insights regarding collision 

formation as described in Section 3.1 (pg. 36). This research identifies the locations on the 

fundamental diagram where rear-end and sideswipe/angled collisions are most likely to 

occur in both frequency and magnitude. Such findings are achieved by calculating the 

collision involvement rates by type and then linking the outcomes to the key traffic 

parameters of speed, flow, and density. Results show that over the selected three-year 

dataset, the biggest decrease in CIRs is seen in the higher velocity bin combinations as well 

as with the total free-flow traffic. From this comes a possible conclusion that more 

collisions are formed during congested traffic conditions. Cluster analysis shows that rear-

end CIR magnitudes are highest in the band of lower flow values that encompasses an area 

from the free-flow regime to the fully homogeneous congested cluster of the fundamental 

diagram. Sideswipe/angled collisions occur in regions with increased traffic perturbations 

caused by longitudinal and lateral movements such as those seen in traffic breakdown, 

pinned localized traffic, and stop-and-go waves. PCA and VAR results give 

numerical/mathematical support for the clustering findings as well as the implications. The 

results show that sideswipe/angled collisions are most associated with lane-changing 

maneuvers, while the rear-end collisions are more associated with speed fluctuations. 

Differences in collision formation lead to the need for differences in possible mitigation 

techniques. It is further justified to attempt to address these types of collisions separately 

due to their differences in location, in both frequency and magnitude, on the fundamental 

diagram. For example, having a dynamic lane-changing system that allows for lane 

changes in some circumstances and preventing these movements in others could help 

reduce the sideswipe/angled collisions rates. On the other hand, speed harmonization could 
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help reduce the rear-end collision rates. Dynamic message systems and adaptive cruise 

control have been shown to help improve congested traffic conditions and safety (AHUA, 

2015) and are recommended here as well. Some limitations of this study include those 

associated with the clustering assumptions as well as the limit of three study yearsô worth 

of data.  

Section 3.2 (pg. 40) outlines the methodology and data used to provide the second 

contribution regarding macroscopic fundamental diagram generation during lane closure 

due to collision occurrence. The MFDs for various traffic state regime collisions were 

constructed for total and partial road closure collision types. Moreover, subnetworks 

including 2, 5, and 10 upstream links of the collision link were assessed. Results show that 

partial road closure collisions may prevent the moving bottleneck phenomenon depending 

on the traffic regime in which the collision occurs. Furthermore, PCA results help further 

evaluate the collision MFDs for both temporal and spatial variations, showing that closure 

times appear to play a significant role. Differences in the flow and density values of the 

collision link as well as aggregated upstream links at the 5-, 10-, and 15-minute time scales 

appear to have significant relationships with closure time for both partial and total road 

closure collisions. Such findings could help with collision prediction/mitigation for varying 

lengths of lane closure times. While only a limited number of cases were considered in this 

research, initial results lead to the recommendation that traffic management centers could 

benefit from conducting case studies with their most dangerous sections of freeways to see 

the results of the link and aggregation findings as outlined in this study. 

The third contribution is the implementation of the microscopic traffic simulation 

model originally presented in (Silverstein, 2015) and expanded to include vehicle dynamics 
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limitations as well as a basic connected and autonomous vehicle implementation as 

outlined in Section 3.3 (pg. 43). By implementing such a simulation tool, it is possible to 

conduct case studies of many troublesome freeway sections that center on collision 

formation by type, frequency, and magnitude. Furthermore, with the collection of more 

experimental data for use in calibrating this model, the accuracy of the model will increase 

to be able to simulate a wide variety of roadway/traffic scenario setups. 

A fourth contribution is the driving simulator experiment that was utilized for data 

collection as shown in Chapter 4 (pg. 58). The testing of young drivers (ages 15 ï 23) and 

the use of both auditory and audio-visual warning schemes allows for the identification of 

the most helpful tested collision warnings. Even though effectiveness of the tested 

warnings differs slightly between the tested groups (teenager vs. non-teenager and high 

school vs. college students), the auditory with informative alphanumeric visual warning 

and the auditory with non-informative symbolic visual warning appear to have lower 

reaction times and lead to fewer collisions than the other tested warning types. This result 

can be very helpful for both traffic management and automotive manufacturers since the 

incorporation of such warning systems could help reduce the collisions for one of the most 

vulnerable driving populations. Additionally, this data was used to calibrate the 

implemented microscopic traffic simulation model for all  the tested driving scenarios from 

the driving simulator experiment, which allows the model to become a more realistic driver 

behavior simulation tool. 

The collected driving simulator experimental data leads to the fifth contribution of the 

macroscopic and microscopic model validation shown in Chapter 6 (pg. 103). Results from 

the macroscopic validation show that the implemented model can reproduce rear-end and 
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angled collision involvement rates like those that occur on actual roadways. In addition, 

CIRs are produced for the tested warnings from the driving simulator experiment with the 

calibrated parameters from Sections 6.1 and 6.2. One of the most interesting and useful 

findings is that all the tested warnings, except for the auditory only warning, produced 

significantly lower angled and rear-end CIRs in comparison to the Korea data. Also, every 

tested scenario produced at least one rear-end collision except for the auditory with non-

informative alphanumeric visual warning, which produced zero collisions. This warning 

type along with the two identified most effective warnings from the driving simulator 

experiment itself are recommended for further investigation by the automotive industry 

and traffic management administrators.     

Finally, a sixth contribution is outlined in Section 5.4 (pg. 98) with the case study for 

the implementation of the basic connected and autonomous vehicle module. As expected, 

decreases in travel time are seen with higher MPRs of connected and autonomous vehicles. 

However, at the 25% MPR for connected vehicles a travel time increase is observed. 

Moreover, better stability is seen with all the tested MPRs of autonomous vehicles and with 

the higher MPRs of connected vehicles. Even with such a simplistic connected and 

autonomous vehicle implementation, the findings can be used as a baseline for expected 

improvements for the specified simulation setup. Additionally, even though decreases in 

travel times were observed with the inclusion of CAVs, such decreases (at most 14%) were 

not as great as initially expected. One possible avenue to be taken by transportation 

engineering practitioners could be to isolate the CAV traffic to see better improvements in 

both traffic congestion and safety with the use of separate lanes/roadways for such 

equipped vehicles.         



149 

 

In the end, there will always be a need to improve traffic from both safety and 

congestion perspectives considering the billions of vehicle miles traveled annually in the 

United States alone. One of the best methods available to test various roadway geometries, 

traffic flows, densities, and speeds, and different capabilities of vehicles/drivers is to use 

microscopic/macroscopic traffic simulation modeling. By implementing a model that can 

account for all possible movements/behaviors in the driving process, calibrating, and 

validating such model, the author has produced a tool that can be used for a wide variety 

of traffic analysis tasks from the microscopic to macroscopic scales.     

7.2  Future Work  

While the contributions made in this dissertation are significant, there is always more 

that can be done to improve upon the presented work. In addition, the limitations that occur 

due to the simplified post-collision module and connected and autonomous vehicle 

implementations are of specific interest to improve upon. Future research should include 

the following: 

1.) Make improvements on the post-collision movement module to contain driver or 

intelligent system technology post-collision steering and braking. Currently, the 

post-collision aspect of the model assumes that once a collision occurs, no further 

braking or steering are performed. 

2.) Simulate of the collision involvement rates with such an improved post-collision 

module to see the changes with such post-collision intervention. 

3.) Conduct the presented driving simulator study again, but with a pre-experiment 

teaching/learning portion to explain to the subjects what each warning type means. 
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4.) Run the presented extended PT-based traffic simulation model for longer periods 

of simulation time and for entire roadway networks to see the scalability of the 

results from the model. 

5.)  Include different modes of transportation and extending the model for pedestrian 

and bike traffic. 

6.) Supplement the presented experimental data with additional experimental data 

collected from instrumented vehicles on real world roadways to validate the 

simulator results. 

7.) Introduce a simulation scenario for the implemented model that includes separated 

lanes for the inclusion of different types of traffic such as non-equipped vehicles, 

CAVs, and bicyclists. 

8.) Repeat the driving simulator study with the addition of a tactile element to the tested 

collision warnings to study the effectiveness of this type of warning alone and in 

combination with the most useful tested warnings from this research.  

9.) Investigate the influence of exposure on the calculation of the collision involvement 

rates. 

10.) Create a real-time collision involvement rate traffic management module 

that can provide both management and drivers with up to date collision involvement 

rate risk for a given area and timeframe.   
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Chapter 8 :  Appendices 

8.1  Appendix A: Driving Simulator Pre-Experiment Screening Survey 
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8.2  Appendix B: Driving Simulator Post-Experiment Questionnaire   
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8.3  Appendix C1: Calibrated Parameters for Car-Following Scenario 
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8.4  Appendix C2: Calibrated Parameters for No Warning Scenario 
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8.5  Appendix C3: Calibrated Parameters for Auditory Warning Only  
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8.6  Appendix C4: Calibrated Parameters for Auditory with Non-Informative 

Symbolic Warning  
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8.7  Appendix C5: Calibrated Parameters for Auditory with Informative Symbolic 

Warning 
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8.8  Appendix C6: Calibrated Parameters for Auditory with Non-Informative 

Alphanumeric Warning  
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8.9  Appendix C7: Calibrated Parameters for Auditory with  Informative 

Alphanumeric Warning  
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8.10  Appendix D: Actual vs. Simulated Velocity Profiles for Driving Simulator 

Experiment  
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