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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 mitagion and prevention are of top priorifiyo fully grasp
the impact of collision occurrence on roadways, both the macroscopic and miaroscopi
scalemneed to be addressddn the macroscopic side, the traffic parameters and dynamics
that lead to and resuitom collision formation need to be understood from the link level
to the network level. On the microscopic side, the behavioral actiondividual drivers
and the interactions amongst drivers should be consideesgite the great strides that
have ben made in data analytics and traffic modeling, there is stithrf@o improvement
and a gapstill exists between these two scaMAth this motivation the main objective of
this research is to develop, calibrate, and validate a microscopic traffimsonunodel
capable of accurately capturing dallowing, lanechanging, and collision movements
with and without the incorporation of coected and autonomous vehicles on both
microscopic and macroscopic scales

To accomplish such an objective, thisssdirtation first calculates the collision
involvement rates and produces macroscopic fundamental diagrams for a variety of real
world studylocations This allows forinsightto be gainednto the effects of link and
network level aggregatioof target matcs. Next, amicroscopic traffic simulation model
is implemented that incorporates the psychologyletdrogeneity of human drivensth
acceleration, vehi cl echadgng avithi e latéral trajectoryt at i o n s

component, collision formatiorpostcollision movement, and a basic connected and

vii



autonomous technology modulk.driving simulator &periment is used to collect data
from youngdrivers(ages 15 23) during caffollowing and neaicollision scenarios with
various audio ad audievisualcollision warnings. Using this data, the implemeritaéfic
simulationmodel is calibratedThe calilvated model ishen validated against realorld
collisionratedata.Finally, a brief case study is used to achieve a proof of concept for the
implementéon of connected and autonomous vehicles with the inclusive microscopic
traffic simulation model.

Resllts show that the implemented model can accuratefyroduce collision
formations and collision rates for the selected testing scenahiessleads tate conclusion
that the presented modwshigh potentialregardinguses as a simulation tool. Differees
betweerhigh school and college studehtr i v er s 6 ramdcpllsionsoecuritericeane s
are foundfor the tested collision warning3hese differenes suggest that auditory with
visualinformative alphanumeriwarnings are best suited for collegedgtutsand auditory
with nontinformative symbolicvisual warnings are best suitddr high school students.
Thesimulation results using calibrated paraenetfrom the driving simulator experiment
suggest that collision involvement rates for both-exat and angled collisions reduce to

zero with the use of an auditory with noriormative alphanumerigisualwarning.
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Chapter 1: Introduction and Motivation

1.1 Motivation

In the realm of traffic and transportation, safety and congestion are two wiodte
important issues of focus. Between 2015 and 2016, the number of vehicle miles traveled
on U.S. public roadways increased b92.from 3,109.94 billion miles to 3,14 bilion
miles (NHTSA, 201'b). This increase marks the fifth consecutive year with increases in
vehicle mileage, showing thécrease in vehicular traffic deman@ihere was also an
increase in fatality rate from 1.15 fatalities per 100 MVMT in 2015 18 fatalities per
100 MVMT in 2016(NHTSA, 201b), with a total of 4,409,000 collisions with motor
vehicles in transport occurring in 2015 (NHTSA, 261 Moreover,a study by Inrix for
U.S. roadways in 240 cities during 2016 found that on average 9%vifgdtime or 42
hours per commuter wapent in congestiofCookson and Pishue, 201 7This study also
quantified the cost of congestion to be about $1,400 peerdaind $300 billion for the
country during 201§Cookson and Pishue, 201Additionally, 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 (CapR€4.8). In total, congested traffic
cost the U.S. about $305 billion (Cookson, 20E8pmthe given statistics, it can be seen
why therecontinues to be a need to investigate methods to mitigate or even prevent
collisions andncrease traffic stabilithy decreasingongestion.

One of the countless sources that contribuggiability in trawel times and can lead to
the development of unsafe movements that cause traffic flow deterioration is the

interactions between individual driveRegardingreeways, varying congestion dynamics



are found to be the results of datlowing and lanechangirg decisions (Hamdaet al.,
2008) that can lead to different traffic flow breakdown Ipabilities and durations
(Elefteriadouet al.,1995; Brilonet al.,2005) In addition, of the over 4 million collisions
with motor vehicles in transport that occurredd.S. roadways in 20133.4% were rear
end,20.8% were angle@nd 12.3% were sideswipe (NHTSA, 2@L7These three types
of collisions are the most frequent tgpef collisions and account for the majoritfythe
collisions recordedshowing the largacale consequences of the unsafe movements and
interactions of drivers.

With the presence of suginevailingand cofly, in terms of financial mearad human
lives, congestion and collisiortgjo main avenues are currently being pursued as potential
solutions to problems in traffic safety and stabiliBoth strategies look to reduce and/or
remove human error from the driving experience. First, amaus vehicles can be built
using sensing technology to take on the burden of driving tasks while removiranhu
error. Second, wireless communication can be incorporated to connect adjacent vehicles to
one another (i.e. vehick®-vehicle/V2V communicatios) and to the approaching
infrastructure (i.e. vehiclo-infrastructure/V2I communications). V2V and V2I
communications can allow for drivers/vehicles to make better decisions about acceleration
and lanechanging behaviors, as well as become aware abrapg safety or stability
hazards. Furthermore, integrating autonomous vehicles with V2V and V2l
communicatio s can i mprove autonomous vehiclesb
dependability

To understand congestion, collisions, and the incorporation of thelEs$connected

and autonomous vehicles in terms of traffic, microscopic traffic simulation modeling is



utilized.These simulation models are crucial to understanding the dynamics of traffic flow
at the vehicular level since there are very limited if aatadvailable for connected and
autonomous vehicle test bedglditionally, micrascopic traffic models allowesearchers
to change a variety of paramettrsest a wide array of scenasiander different conditions
in a very timely mannetCurrently, thee are very fewnodels that account for and/or allow
collision formation to occur on the programmed roadw&ylvé€rstein, 201p

The following sectionpreseng the modeling framework, defininthe focus of this
researchNext the problem statement antbin objectives of the study are offeredhe
third section discusses theoposedesearch contribidns andsfollowedby a description
of theadoptedresearch approacndthe associated outline for themaining chapters of

the dissertatiom the finalsection

1.2 Modeling Framework

Due to the complications that are inherent to the nature of roadway safe¢)l as
variability in available data, there is a need for more advanced analysis techniques. Safety
data regardingollisions and subsequent collision rates on roadways are one such data type
that constitutes advanced analysis technigdasy different &ictors and characteristics of
collisions are continually assessed, such as roadway geometry (Anastasapaallos
2012), lighting condition (Venkatarama al.,2012; Schorr and Hamdar, 2014; Yu and
AbdelAty, 2014), weather (Schorr and Hamdar, 2014;avid AbdelAty, 2014), traffic
flow (Anastasopoulo®t al.,2012; Shiraziet al.,2016), and speed limit (Shiraet al.,
2016).

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

collision (TTC) and measures related to TTQ@ther safety measures that do not require
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collision occurrence for computation involve those related to collisype-specific
collision risk. Researchers also use count data to determine the frequency of collisions
(Venkataramaet al.,2012; Shirazet al.,2016) and flowdensity data to calculate collision
rates (number of collisions per million vehicle miles &l@d (MVMT)) (Anastasopoulos
et al.,2012; Guo and Fang, 2013). Collision involvement rates are calculated similarly to
collision rates, buthey account for each vehicle involved in a collision instead of counting
each collision once regardless of the @mof vehicles involved (Yeet al.,2013). This
allows for more accurate weighting of singhend multiplevehicle collisions.

Statisticalmodels can give insight into these estimates and their possible causes can be
addressed. The most prominent modgkpproaches in the literature appear to be various
forms of Poisson and negative binomial models (Venkatarateln2012; Guo and Fang,
2013; Shirazet al.,2016; Moghaddarat al.,2017). Fixed parameter logit models (Yu and
AbdelAty, 2014) and struaral equation modeling (Schorr and Hamdar, 2014) have also
been used for assessing traffic safety. Moreover, cluster analysis has beed tppl
classify different traffic regimes (Kianfar and Edara, 2013; Stashes.,2015) and used
with principal conponent analysisRCA) to assess collision risk (Guo and Fang, 2013),
while vector autoregression (VARs helped study the impact of ecomoand mobility
states on collisions (Bougueroua and Carnis, 2016).

In addition to statistical models, microscopiaffic simulation models are employed
to give understanding abouhe various vehiculalevel traffic dynamics that potentially
lead to cogestion and collisiondhe maintypes of vehicular movements analyzed using
these models are acceleration/frdlowing and lanechanging.Some of the existing car

following models are stimulus respons@dels Gaziset al.,1961; Treiberet al.,2000,



optimal velocity model Band et al.,1995, safe distance mode(slewell, 1961; Gipps,
1981), cellular automata mode(®agel and Schreckenberg, 199and psychophysical
models(Michaels 1965; Weidemann and Reiter, 1990ther models combine aspects
from these categories and integrate parameters related to vehicular dynamics and to
d r i vdecrsiendnaking processegBenAkiva et al.,1994; Krauss, 1998; Treiber and
Helbing, 2003. While some traffic models can produce realistic traffic patterns, few wer
devel oped by accounting for naking.badsitoncogni t i
most ofthese models operate on thgsumptiorof a collisionfree environmentLane
changing models are mostly used to define a set of criteria that need ta toectimenge
lanes for both mandatory and discretionary movements. An issue arises, haifteréne
decision to change lanes has been made. This issue is that most microscagianayireg
models do not include a lateral trajectory. In an ideal sinmuatihere collisions do not
occur and lanehanging can only occur within specified safisiesholds, lacking a lateral
trajectory is not necessarily problematic. However, to recreate angled collisions, the second
most common type of vehicular collisiom &J.S. roadways &€0.8% in 2015 NHTSA,
20179), and the vehicular maneuvers to avoid +&=dl collisions, the most common type
of vehicular collisions at33.4% in 2015 NHTSA, 20174), the inclusion of lateral
trajectories ismperative.

To be able to vadate the findings of any traffic model, calibration usioglecteddata
needs to be comgtied. Data can be collected through third party sources; howevave
more control over the testing scenaribg ideal to conduct first hand experimentstfus
purpose. Driving simulators are one such apparatus to collect experimental data by

requiring subjectdo steer, brake, and accelerate in a virtual environnvltiple sudies



have useddriving simulators to test a wide variety of driving behaviod atriving
assistance technolodirameret al.,2007; Baldwinet al.,2014; Ahtamacet al.,2015;
Lerneret al.,2015; Liaoet al.,2017; Wuet al.,2017) By using a driving simulator, like
computer simulatiormesearchers castudy realistic scenariagithout the potential danger
to human life and propertyiowever, thisvirtual aspect of driving simulators can also be

a downside to using this method of data collection.

1.3 Research Objectiveand Researchlasks
Based on thenodeling framework presentedae,the main objective of this research

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

accurately capturing cdollowing, lanechanging, and collision movements with and
without the incorporation of connected angtonomous vehiclesn both microscopic and
macroscopic scale§o accomplish thisobjective,the following research taskaust be
achieved:

1.) Calculate collision involvement ratesidanalyze these rates by type and traffic flow
characteristics for a givestudy area.

2.) Investigate the traffic flow characteristics of indivaucollision records at link, sub
network, and network levels.

3.) Implementa microscopic traffic simulation model that incorporatesfotowing,
lanechanging, lateral trajectories, csllbon movements, vehicle dynamics, as well as
hasthe ability to ada&connected and autonomous vehitiedules

4.) Conduct a driving simulatoexperiment for neacollision scenarios with various
warning schemes to gather trajectory data and driver wameiagjons for young

drivers(ages 15 23).



5.) Use the driving simulator trajectory data to calibrate the microscopic traffic simulation
model for rearcollision scenarios and lateral movements.

6.) Validate the microscopic traffic simulation model a microscopiccale by comparing
the calibrated model to thiiving simulator trajectories

7.) Validate the microscopic traffic simulation model on the mawpiE scale by
comparing aggregated traffic characteristic datd collision rates to those from the
first two research tasks.

8.) Demonstrate theability of the developed microscopic traffic model to include
connected and autonomous vehiclesrmprporatinga basic modeling approach and
testingdifferent market penetration rates of connected and autonomous vétnthes

traffic flow characteristicproduced

1.4 Research Contributions

In the first part of thiddissertationdata analytics are used to perfomacroscopic
assessments of collisions and collision involvement rates in relation to traffic flow
characterists to get a better understanding of such events by type, magnitude, frequency,
and lane lbsures From the redlts, insights can be gained about which types of traffic flow
conditions are more likg to yield differenttypesof collisions. Furthermore, ¢éhresults
could allow forbetter 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 importantiances of traffic are missed aggegated out of the data.
Therefore, the second part this dissertation looks to assess traffic on a finereseih
theimplementatiorof a microscopic traffic simulation modeépecifically,carfollowing,

lanechanging with lateral movemerdnd collision formationmodules arencorporated.
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The proposed model is calibrated on the microscopic level with rgattyaesand
velocity profilesfrom a driving simulator experimernhat incorporates neawollision
scenarios and larghanging In addition, tle model is validated on the microscopic scale
usingcollected therajectories Bringing the macroscopic and enbscopic scale together
and coming full circle, alidation is also done othe macroscopic scale by recreating
collision rates found from therfit part of the studyMoreover, the collision involvement
rates are created for calibrated parameters gedefrate the testing collision warning
types and compared to those from thefodowing generated parameteFsnally, a basic
model thaincludes connected and autonomous vehidtetested to show the ability of the
model to allow the presenoéthese quipped vehicleas a future research direction

The first contributiorof this dissertations the unique method of assessing collision
rates baed on the upstream and downstrdlows and densities of the study ard@is
leads to conclusions to lb@ade about which traffic regimes and their corresponding inter
vehicle dynamics are more likely lead to theformation of different types of collishs
by magnitude and severityA second contribution comes from th@acroscopic
fundamental diagram gendian for individual collision occurrence on different link and
subnetwork levelsvith different lane closure timeBy looking at smal andlargescde
traffic characteristic impacts of collision lane closure times, control centers could be able
to more acurately predict when a collision is more probable to occur based on the
surrounding conditionsAdditionally, this information could helmitigate sich collisiors
to better preverthemfrom affecting more of the traffic network than necessaing scope
of this research extends from the macroscopic scale to the microscopic scale with the need

to look at traffic at a finer, vehicular scal€his leadsto a third contribution of the



implementation ofa microscopic traffic simulation model that includes-fcdiowing,
lanechanging, lateral trajectory, vehicular dynamic limitations, collision movements, and
the ability to include connected and autonomuwahicles To accurately calibrate the
developed model, a fourth contributioha driving simulator expénent is conducted for
data collectionThe driving simulator experiment targetsung drivergages 15 23)and
how they respond to different neaollision scenarios with a series of auditory andlic
visual warninggqor lack thereof)Data collectedrbm the experimens used to calibrate
the various parameters of the microscopic traffic simulation masgelell as create
distributions oflateraltrajectory coefficients for the tested warningsfifth contribution
is the validation of thémplementedmodelat both the microscopi@sing datarom the
driving simulator experimehtand macroscopi¢realworld collision involvement rate
reproduction)evels.Finally, a sxth contributionis the inclusion of a basic noected and
autonomous vehicle module atitk testing of different market penetration ratesuath

vehicles tdook at thé impactson traffic flow characteristics

1.5 Research Approachand DissertationOutline

The research approagfiven next lookdo acomplish theresearchasks outlined in
Section 1.3and contributions outlined iBection 1.4. Two distinct, yet related scopes are
utilized throughout this dissertation. Macroscopic refeo looking at traffic from a
network or subnetwork level, whereascroscopic refers to looking at traffic from a
vehicular or link levelThe reasoning behind using these two scopes for this research stems
from the need to understand traffic from npliperspectives. Sometimes it is necessary
to look at traffic as a tole and to see how the average characteristics of a system of

roadways and/or vehicles responds to various stir@dhe times, in order to understand
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implications of an event, a coarseale aggregates the intfnamics of a system out and
may lead tainaccurate 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 boh macroscopic and microscopic scales in this researamore
inclusive and accurate comprehension about traffic is attained.

After thisintroduction, Chapter 2 gives background literature review wéffic flow
characteristics, traffic analysis,ethmacroscopic fundamental diagram, and microscopic
accelerationtraffic simulation modelsFollowing this review,the methodologyfor the
fundamental diagram and macroscopic fundamental diagram analygiesisntedin
Chapter 3Chapter &lsofeaturegheimplementation ofhe microscopic traffic simulation
model The experimental setgfor data collection in the driving simulatgrexplained in
Chapter4. Chapter 5 presents the numerical results ofuhdamental diagraranalysis
andthe experimentakesults from the data collection. Thidadlowed by Chapter 8wvhich
gives details and results of the calibration efforts of the microscopic simulation model.
Validation of the model is also presented this chapter by comparing generated
trajectories ad MFDs to those from the Chapter 5 results. Finally, Chapthsclisses
conclusions and future researehdeavorsFigure 1 (pg. 11) shows how the various

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

connections between the macroscopic and microscopic levels.

/ : : Sectionm
/ Macroscopic Perspective 3132

5.1,and 5.2
Collision Fundamental Macroscopic
Involvement Diacram Analvsis Fundamental
Rates £t y Diagram Analysis
NGSIM Study Location: I
- HSIS Collisions KEC Data

\- Caltrans PeMS Traffic /

Microscopic Perspective Section 3.3,
Chapter 4, and
1 Sections 5.3,

Traffic Simulation 5.4,6.1,and 6.2

Modeling \
/ Pre-Collision Post-Collision

Acceleration/Car- Lane-Chanei Momentum-Based
Following ane hansme Post-Collision

| |

Lateral Trajectory

Driving Simulator Car-Following
; Model Parameter
Experiment

Calibration

/ Sectionﬁ
Output 6.3.6.4.

l and 6.5
Simulation of KEC
/ Roadway Links \
~ Output Collision
Trajectories Involvement |«
\ Rates /

Figure 1: Dissertation Component Structure and Connections

11



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 reviewgisen This section first looks at the
macroscopic fundamentadiagram, followed by collisions and traffic conditigns

microscopic traffic simulation models, and intelligent transportation system technologies.

2.1 Macroscopic Fundamental Diagram

Comprehendinghe relationships between speedw] 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 bé@me
Macroscopic Fundamental Diagram (MFD). If iested 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 impgttt® derive
MFDs for collision scenarios due 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 MFLtlwan optimal accumulation
(Godfrey, 1969). This was followed by the tftoid model (Herman and Prigogine, 1979;
Mahmassani et al., 1984). Daganzo (Daganzo, 2007) presented research supporting the
notion hat links of a traffic network are interdependantl 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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correltion between inflow rates, outflow rates, analdurction 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 initialigeder
assumptions.

While being able to show thattraffic network under homogenous conditions exists is
significant, realistic traffic is more likely to occur under heterogeneous conditions resulting
from disturbances in homogenous traffic conditionsoTiwain causes of disturbances
discussed in thetirature include junctions (with and without traffic signals) and incident
occurrence.

In 1979, researchergvestigatedthe traffic dynamics of queue formation and
dissipation at individual signalized imgections using the conservation equation of
vehicles along the roadway (Stephanopowbal.,1979). The authors obtained a solution
to the conservation equation using the method of characteristics for basic initial and
boundary conditions. Additionallyhe effects of control variables and system peaters
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 cotrol problem can be achieved using general tegtdm 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 morerecent study (Xieet al.,2013) focused on thesg#mation 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 t

13



introduction of buses on a roadway endogenwiis 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 r@adway
Findings from the first two methods were comgzhto 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
compaed with the level of service (LOS) from the HigayvCapacity 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
accountng for buses endogenously appears to be therpgdfestimation 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 estimati@ junctions presented a numerical structure
to solve firstorder HamiltorJacobi equations and scalar conservation laws (Gostes
and Lebacque, 2014). Mathematical properties of the scheme are appligdffa flow
theory interpretation of key compents 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 condisatgdsimulation aim to
show that the presentedhe&me 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 junct@mmbining links containing
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junctions could proveto be problematic for the scaling of this methodology to
accommodate an entire network.

In a similar manner athe disturbances caused by junctions, those caused by traffic
incidents have been thoroughlyestigated. It was shown that robust relationskixist
between traffic flow conitions and likelihood of collisions by collisidgpe (Golobet al.,

2004). Using traffic flow data measured using single inductive loop detectors, the authors
found that mea volume and median speed along with temporahtians 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 toolsto monitor reattime safety level btraffic flow on an urban freeway. Tools that

use results from the macroscopic studies of traffic flow relationships can also be applied to
assess codtenefit of congestion mitigation projects by determining traffievfeafety

levels before and after a projecmpldion.

A separatstudyexaminedncident impact on freeways in terms of capacity reduction
using videos of traffic flow around two incidents recorded from a helicopter (Ketoalp
2008). Performing traif counts at the precise location of an incidalbwed 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 -tlu@ctional traffic, results showed that the
rubberneckig effect reduced road capacity in the oppositeation by half. Capacity of
the roadway in the direction of the incident
lack of ability to use alihelanes. While the use of high definition video dataesp to be
a very accurate method to obtain ti@fiata, there is a tradeoff for the time it requires to

parse through the videos and the applicability to atnew application.
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Looking further into traffic disturbances caused by incidents requiresttar be
assessment of the traffic states surroundimgh occurrences. A 2010 study analyzed the
formation of clockwise hysteresis loops when traffic perturbations occur, particularly when
such disturbances prevembstdriversfrom changingheir routes (Gagh and Daganzo,
2010). Results show that netwerdre intrinsically less stable when drivers are not adaptive
due to their lag in recovery from congestidince uneven congestion distributions
decrease network flows, it is logical that network flow stdankrease during recovery,
creating clockwise lgyt er esi s | oops. I f most of the driv
attempt to avoid congested traffic, congestion is leveled out during recovery and flow is
increasedleading to the idea that clockwis®ops are less likely when drivers are more
adapive. Expanding further into the investigation of traffic states, another paper examined
real data from Minnesota freeways to determine if \@efined macroscopic relationships
are apparent for freeway netiks (Geroliminis and Sun, 2011). Results showt tha
MFDs have high scatteexhibit hysteresis phenomerendhave path dependence. The
intrinsic characteristics of the hysteresis phenomena at the network level are shown to be
different in terms of soge from these phenomena at the mienod mesosquc levels. In
their analysis, the authors attribute this finding to the spatial and temporal distributions of
congestion when average density dsnstant,and transitionsare coordinatedrom
individual deectors during the offset of the peak period walpacity drop. This study also
shows the importance of data typellectionmethod, andhe level of aggregation when
estimating MFDs; MFDs should not be anticipaéegomatically

Other resarch utilizedraffic and collisiondata from a section of the8D freeway in

California to divide freeway traffic flow into different states along and assess safety
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performance accompanying each state (Xu.e@ll2). The authors performedrieans
clustering analysiso categorize traffic flow into five differentates. Conditional logical
regression models with casentrolled data were created to study the link between traffic
state andollisionrisk. In their analysis, the authors investigated traffic flow chargtics

to see what phenomena made some tratfites more dangerous than others. In addition,
they generatedollision risk models for various traffic states to analyze how traffic
characteristics such as speed and speed variancecalfestbnrisk. An oddratio analysis
implied that the highestollision 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 wgestn and downstream traffic. Results showed that the
method was gjte 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 thearest loop detectors being correlated to traffic state pooNe

to be problematic for MFD estimation.

In 2015, researchessudiedthe correlation o€ollisionsand traffic flow, leading tthe
development of dynamic control measures for urban ¢raffitworks (Alsalhi and Dixit,
2015). They simulated traffic arebtimated MFDs with and withothe Surrogate Safety
Assessment Model (SSAM) conflict analysis software. Changes in speed and density were
found to have more effect on safety than changéiewn Results from the model provide
evidence of the redime link between traffic characteristics and safety at the macroscopic
level. During the same year, another study investigated the generalized NFED(ghat
relates the network traffic densitpcthe spatial variation of density (Hoogendoetial.,

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

This study was conducted ogifreeway network data from around Amsterdam. Results
showed tle progression of the network state as a function of average density and spatial
density variation. The authors also looked at reguédfic and incidentraffic dynamics

that bok place in he network. Conclusions from the research stipulated that-Khey

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 evalated by comparing service levels before and after an incidiewgt s1sch 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 MEDngation and structural
equation models (SEM) for different tfia scenarios corresponding to various levels of
traffic disruptions (Schoret al.,2016). The authors used microscopic loop detector data
and collision data for the Korea Expressway CorponaKEC) for almost 4,000 km of
South Korean highways. Usingpi$ data, the paper investigated effects of inclement
weather conditions, increased holiday demand, and increased number of collisions.
Differences in network level disruptions caused by thents werecomputedyisualized,
and analyzed based on the fimg 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 figeigh hysteresis for other days were observed.
MFDs for the Seoul rierork were compaieto the full network and reinforced results from
full network that collisions caused the biggest MFD disruptions and lowest maximum flow

ratesas opposed taveather conditios and holiday demand. Areas of needed research
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addressed by thauthors include the formulationf a generalized MFD estimation
methodology that can accurately account for heterogeneity regardless of the network
characteristics and a consistent approachddressing 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
estimationtechniques and safety assessment tools that allow for relatively accurate
modding, challenges still exist. In particulawhen analyzing the impacts of collisions on
traffic flow characteristics, a generalized MFD estimation technique could contribate to
better understanding and prediction capabilitiesaccomplishthis, the athor 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 tfadficparameters 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 limitc tilaffi
parameters appear to be the focus of the latest research in terlisiohaisk assessment
(Wanget al.,2017; Xuet al.,2018) and prediction (Ware al.,2018).

Some studies have looked to identify different traffic regimes and assess the
coresponding safety. A study on the relationship between traffic flow condiéinds
collision characteristics identified twenone traffic flow regimes based on three
environmetal conditions (Golob et al.2004). The authors used nonlinear canonical

corrdation analysis, PCA, and-means clusteringand found that weaving collisisrare
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most common during congested flow and when speeds are high. Results also suggested
that rearend collisions are more prevalent during congested traffiegifically stopand

go conditions. Identified drawbacks from the authors included the needetanare
accurate collision rate calculations to incorporate vehicle miles traveled.

Additional research has focused on developing microscopictimealcollision risk
assessments. One study (Wang gt24l17) presented an integrated Bayesian model that
combines a Poissdongnormal collision frequency model and a logistic regression real
time collision riskmodelandcompars variable estimates to nantegraed models. The
integrated model performed better than the-imbegrated model, with results shiowy that
collision likelihood has positive correlations with log of vehicle count, speed standard
deviation, lane occupancy standard deviation, and truck mtege and negative
correlations with average speed. Collision frequencies were also founchighlee with
increases in log of average daily volume and average daily standard deviation oKspeed.
et al.used PCA and a fotgtage randorparameter sequéal logistic regression model to
link collision severity for each collision type to traffic flpweather, and geometric
parametergXu et al, 2018) Regarding the traffic flow parameters, increases in speed
differences between lanes, right lane voluare] standard deviation of inner lane volume
is associated with increas#ssideswipe injury riskwhile decreases in congestion and
norrideal weather decreases sideswipe injury risk. Congested traffic at diverges, increases
in right lane speed differendeetween upstream and downstream stations, anddeah
weather conditions increase reard colision casualty risk. Another study (Wang et al
2018) showed that a Bayesian logistic regression safety model usinmgtEaffic interval

and collisioncontiibuting factors was able to accurately predict hocollision frequency.
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2.3 Microscopic Acceleration Traffic Simulation Models

Microscopic traffic simulation models generalhelp researchers and practitioners
model traffic from the perspective and &caf individual vehicles. The results can then be
aggregated tassesdraffic at the macroscopiscale.] n t he aut hor 6s prev
(Silverstein, 2015), she went indetailabouta wide variety otarfollowing/acceleration,
lanechanging, lateral traegtory, and postollision vehicle dynamics and crash
reconstruction model#dditionally, the athor has previouslgssessed each model on its
ability to be incorporated with other modeling logics in terms of accuracy and computation
cost. Given that thecore of the implemented microscopic traffic model utilized in this
dissertation is based on ancateration evaluation logic (lateral or longitudinahet
following is a brief overview of the different types of microsimulataceleratioomodels
that are more widely known amgedin the traffic community.

The first ses of numerical models used twvertly represent vehicless leaders and
followersare categorized as stimultssponse model$hese werdirst defined in thear
following formulations of Chandleat al. 1958 and Gazis et al1961)and are recognized
as the General Motors (GM) ora@sHermanRothery (GHR) modelsThese stimulus
response models are characterized as such because the acceleration behavior is considered
a reponse to the surroundj stimuli. Specifically, thesmodels use the relative velocity
between the leading andlowing vehicles and the related headway assthmuli for the
foll owing vehicl e d6Gne example bhdaypieal stinoulusrespensep on s e .
model is the GHR model (Gazis et al., 1961), whides the sensitivity ternt,, to
determine how accelation relates to relative speexsshown in:

@ 0Y _do @ o 2.1)
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WhereT represents reaction times(t) represents the position of vehigieat timet,
xn+1(t) represents the position of vehiclet+l following vehicle n at timet, the dots
represent differentiation with respect to éithand/ represents the sensitivity ter@®ome
forms of/ proposed in the literature include

1.) _ & whereais a constant.

2)= &ai i

, a step function whermeandb are constantsis the spacing
between two consecutive vehicles, aggal is aspecified threshold.
3.) _ -, reciprocal spacing wheras a constardndsis the spacing between leading

and following vehicles.

o)

4.) _ ,Edi ebs model ( E dsiaegnstabt®is the) spacingh e r e

between leading and following vehicles, and is the speed of vehiclet+1.

5)_ — , leads to the welk n o wn macr oscopi c-de@ityeenshi e

relationship, wherec is a constant ang is the spacing between leadirand
following vehicles.

While these simple models can capture vehicle interactions well and allow for
macroscopic fungmental diagram stability analysis, the assumption that the following
vehicle al ways Aseeso itods | ce asduarealiste.v en o ut
Additionally, GHR models cannot account for traffic breakdowns and instead result in
overestimated fghway capacities with impossibly high velocities when drivers are
following at close distances.

To sol ve t he GHR hicles fdiled decélerateswdhan ¢ravelimg atthighv e

velocities and small following distances, Newell (1961) incorporatedelacity
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dependence on the space gap between leading and following veRibksselocity

function is defined as (Newell, 1961):

D S (2.2)
Wi UonoFIW

Wherev is the desired velocity arillis the safe time headway.
This was the first introduction of the desired velocity concept, however, unrealistic
accelerations resultdtbm the explicit dependence of speed on density.

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

wi 0 2.3)
T

Wheret repregnts the velocity relaxation time, is the acceleration of vehiceg i
represents the spacing of vehialeandv represents the velocity of vehide

Unfortunately, this model still allowed for unrealistic accelerations. Moreoverid
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 desuedcity while
incorporating a spacing safety condition along with additional param&tezswo main

conditionsthat need to be satisfied are the following (Gipps, 1981):

Dot 00 cadadt 06T{8Iu067 @4
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Wherea, is the maximum acceleration the driver of vehitl@ishes to usehn is the
most severe braking the driver mfwishes to uses, is the effective size af, Vi is the
desired velocity the driver af wishes to usex(t) is the location of the front af at time
t, wn(t) is the velocity o att, ¢, is the reaction timegis a buffer parameter representing
the dedy in braking Equation(2.4) is the desiredpeed condition anlquation(2.5) is the
safety condition.

TheGipps modetanreproduce driver behavior as well as asymmettzleration and
deceleration valugsr multiple regimes in cafollowing: freeflow traffic and congestian
This model introduced the desired veloaigyverned fredlow regime as well. The main
disadvantage of this model is the loss of realism duleg@éterministicharacteristicgt
the limits; the model cannot captuwrengested traffic or driver interactions when traffic is
densedue to the safety condition presesin Equatior{2.5).

An additional model called the Cellular Automata (CA) model (Nagel and
Schreckenberg, 1992). The desired roadway section igdeahvinto a preselected number
of distinct segments known as cells, with lengtlriginally, the CA model was presented
as a discrete, stochastimodelwherevelocitiescould 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

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

has a lower velocity.

B3)Rmdomi zation of the velocity if a vehicle

4.) Vehiclemotion as a vehicle travels across cells.
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A continuous CA model with higher spatial fineness was lateroese (Krauss et al.,

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

govern.

0 i EDOo & W H o (2.6)
Vo p I Adh . € ﬁ (2.7)
wo p @0 00 p (2.8)

Wherevgesis the desired velocityggap(t) is the free space to the leading vehiealexis
the maximum acceleratiod,is the maximum deceleration due to noise, aad(o,1)is a
random numbewithin a (0,1) interval.

While this model can produce congested freeway trdfginning with stogandgo
wave transition, without the randomimat step this transition cannot be achieved.
Furthermore, amssential limitation of the CA model is theags of unrealistic deceleration
rates to prevent the generation of collisions.

One more multregimemodel is the Intelligent Driver Model (IDM)T¢eiberet al,
2000) Providing more realistic traffic compared to previous models, IDM can reproduce
various congestion dynamics. In this model, v e hacaeleratiénsis assumed to be a
continuous function of the e h i weloaty the spacing betweethe vehicle and its
leader the desired spacing between the vehicle and its leader, and the differereenbetw
the vehicl ebds vel oc iGther, parcegtiveiparametére wilted ind s
IDM include desired acceleration and gap size, as agetlomfortable deceleratiofihe
formulation of this model is presentedG@mapter 3While IDM is simpligic and does not

consider extensive cognitive processes used in driver decisa&@ing, there argeveral
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advantagesIDM can model the hysteresisfeft as well as complex traffic states. In
addition, most parameters used in the model have direct tiatiipretationsnstead of
being abstract in natur€hemodel caralsobe calibrated easily and time for simulation is
quite fast.

Anotherclass of acceleratiomodelis the psychghysical modelwhich combines the
psychological aspects and physiologiaaitations humans face during the driving process
(Treiber and Kesting, 2@). One such model is the Wiedemanadel (Wiedemann, 1974;
Wiedemann and Reitet991). The main concept of this modebnsists of the perception
of changes in vehicle movememtepending on how quickly the image of the leading
vehicle changes, which is a function of the
headway and speed. Interactions between vehicles is defined by an array of thresholds and
desired distances. Additiahmodel parameters are associated with human capabilities and
desired traits or to vehicle abilitieBhe Wiedemanmodel identifies four mcrete driving
regimes freeflow, approaching slower leading vehicles,-t@towing near equilibrium,
and dangernas traffic that necessitates harder braking (Treiber and Kesting, ZHet).
regime has a different acceleration function and boundariegebe each regime are
identified by nonlinear equations that form cungedtions in the thredimensional state
spae of spacing, velocity, and relative velocity. There are also exogenous variables
associated with these sectiowhile this model capturdsaffic breakdown and recognizes
some human perception and simple cognitive processes for various driving candition
calibrating is much more difficult to achieve.

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

repioduce the cognitive and psychological processes of driving with the addition of
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capturing risk taking associated kvitthese behaviors explicitlyProspect theory
(Kahneman and Tversk$§979 is included to evaluate perceived gains and losses during
the drving task, which allows for risky maneuvers when drivers are uncertain of their
| eader 6s next atheinirirsiogenefation of coléisionhs avitheut aidditional
equationor parameterd-urthermore, the Prospebheory (PT)based model cacreate

the spectrum of traffic regimeshe formulation of this model will be presented in Chapter

3 since it ishe foundation of the microscopic traffic simulation section ofdigsertation

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 tewvsnpng collisions
associated with -gtanébehavios fIHT8A 20&6. Takbpour and s k
Mahmassan{2014 showedthat 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, Haomonomous, connected, and rmmnected
vehicles, andhen changinghe market penetration ra{®PR) of the autoonmous and
connected vehicles (Talebpour and Mahmassani, 2BY4eparating the autonomous and
connected vehicles, thepncludedhat increasing the MRof both technologies increases
stability, with autonomas 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 larehanging.
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The main types of models that have been implemented regasdimected ehicles
and autonomous are efmlowing 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, 200&re the primary caollowing modek 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 beeanateddor lomitudinal trajectories,

a lanechanging aspect is necesstarinclude 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, lmese IDM hasbeen incorporated with the lane
changing model MOBIL (Kesting et al., 2007), this model should be combined with a
mechanistic lanehanging feature and be tested against thdd@Ed model (Hamdar,
2009; Silverstein and Hamdar, 2015) with ancounication apect.

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 -@lgisgmined rmimum headway. The
subject vehicle controls the distance to its leader automatically by using brake and throttle
actions without driver interference. A study on a-Bpkeeédrange collision avoidance ACC
that incorporates various driving madeas condued by Moon et al. (2009). Moreover,

a study was conducted to assess the various types of control systems usirgpeeew
range ACC (Milanés et al., 20Lne of the difficulties of assessing ACC is that there are
systems currently availabten the markein luxury brand vehicles and as aitidoptions

for a variety ofvehicle models from economy brands. Therefore because of the commercial
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aspect, it is almost impossible for a researchadjostthese systems already incorporated
in a vehice.

CACC is he combination of ACC with an inteehicle 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 throghput on roadways by using smaller irtehicle 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 stristability. An unstable string occurs whirere is
amgification of the velocity at the front of a platoon leading to shoptgo waves, jams,
or a breakdown in traffic (Peppard, 1974). Milanés and Shladover (2014) presented
experimental results for their formulated CACC system. The authorsedsfteleratio
and braking as secosatder 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 anéhigaehiclestime 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, theligbiof 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 obgive acceleation 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 harttraking in response to cdin maneuvers (quick vehicle merges) is
avoided and Treiber and Kesting (2)introduced IIDM that modifies IDM for when
actual velocity surpasses or is close to desired velocity. Looking into highway capacity
simulations usingDM, Ngoduy (D13) shows predictions that even with low ACC market
penetration (less than 50%) capacity improves. Milahét(2014) conducted a study that
compared the ACC, CACC, and IDM control models. Using two vehicles equipped with
the three contraystems, cafollowing experiments were conducted. These results show
that while IDM produces smooth etnllowing behavior, response time is slow and
clearance gap variation is large. Despite these results, improvements could be made by
including a commuication aspet and the IDM model could be shown to be more prolific

if a lanechanging aspect and/or a mechanistic aspect were abded.et al. (2014)
developed "A Lane Change Warning System Based on V2V Communication”. Within the
framework of the syste are four man components: environment detection, minimum safe
distance computation, judgment of lane change achievability, and huactine
interface (HMI). The relative position and speeds of surrounding vehicles are obtained
through V2V communicatioand based othis 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, lare change fedsility 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

effedively incorporate safety, driving comfort, and driving style index.

30



Yang and Jin (2014) used Newell's -faliowing model (Newell, 2002; Daganzo,
2006) in the control system of their vehicle communications research. The authors
proposed and assessed fintehicle conrmunication green driving approaches that use a
feedback control system. Smoothing vehicle movement while reducing fuel consumption
and emissions during st@mdgo-traffic, was the main objective. Newell's model was
selected because of its sistency andhe 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 andongested traffic
regimes can be adeled with Newell's approach. Howevehe fact that the model does
not control the following vehicle's speed in samtgo traffic patterns malseit most
suitable for studying green driving strategies; it was part of the authors' objective to smooth
vehicle movemers and speed profiles.

Additionally, while the study conducted by Yang and Jin (2Qb&4£s orinter-vehicle
communications and control focuses on green driving, they do incorporate market
penetration rate and communication delay. These twoctspgf V2V am 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 @@rsds affecte 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 proposséarch is nte safetybased,

a similar logic could be implementgaltestthe 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 (IEB&).11pamendmat that includes
Dedicated ShorRange Communication (DSR@jreless communication and messaging
standards To translate this into the microscopic simulation, the reliability of this
communication needs to be a known entity. After conducegagworld experiments with
DSRC equipped vehicles, Bai et al. (2006) paeket delivery ratianddistribution of
consecutive packet droms two metrics for communication reliability, afiewindow
reliability metricas an application level reliability rree to analyze V2V communication.
The authors defingacket 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
packes received compared to packets serdrav certain time segmemistribution of
consecutive packet drofssthe probability distribution for DSRC of consecutively dropped
packets.T-window reliabilityis known as the probability of receiving a minimumooike
packet from adjacent vehicles cugithe time windowl. In otherwords,at timeto if one
or more packets is received during the time windw ), the application is said to be
reliable atto. Due to the nature of this paper and minimum requir¢foecommunication,
T-window reliability is utilized. To do this, theT-windowreliability vs. distance between
vehicles results from the paper by Bai et al. (2006). As sHaten in the methodology
section for connected and autonomous vehi@es 5, the authas show results from T =
0.3, 0.5, and 1.0 seconds for a freeway environnfEigure 4 on pg.57). Linear
interpolation is used to determine if at least one packet is received from neighboring

vehicles and thus successful V236mmunication.
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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 anarray of unimodal and multimodal collision avoidance systems based \ongdri
performance usingdriving simulator. Researchers included experiments with and without
in-vehicle distractions, looked at o{dges 61" 82) and young(ages 18 26) drivers,
assessed various combinations of auditory, visual, and tactile warnimysnauded
potential forward and side collisions. Visual warnings were presented using multiple sets
of horizontally aligned LEDs that would flash based on the imminent collisi@atth
auditory warnings used a pestablishedsound from the CAMP projedKeifer 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 avdidgonsobest
with the auditory and visual warning system for both forvaard 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 s@oenarios.

Another study from 2014 (Baldwin et al., 2014) looked afifiectiveness of auditory
collision warnings for fatigued olgges 65 85)and yound181 29) drivers. Once drivers
met some fatigue criteria, based on extreme lane positicatioas, a potential collision
event was activated in the simulator andveirs 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 drivensth a higher reduction observed for the old

driver group.
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Building on pevious results, (Ahtamad et al., 2015) investigated effectiveness of tactile
and audietactile collision warning systems for o{dges 60 75) and young(ages 18
35) driving groyps when informative collision warnings vs. uninformative collision
warning. Informative tactile warnings used different activations (hands, waist) and for
different durations of time, while auditory informative warnings used different soands f
differentdurations of time. Faster braking reaction times were observed whersdvime
given an informative warning when compared with the-mbormative warning. No
significant differences in effectiveness were found during a comparison of unimodal versus
multimodal informative warning systems. The authors found the interestintjsréisat
older drivers had faster brake reaction times than younger drivers, with significantly faster
times in conjunction with multisensory warnings.

Other driving simulator studs haveconsideredcrossregional collision warning
responses, effects aksponse warning times, and the types of collision avoidance
maneuvers drivers perform. One such study (Liao et al., 2017) explored behavior responses
to different forward collisiomvarning system timings for participants in China and Sweden.
An audiovisual alert was used for the forward collision warning system (LEDs mounted
as a headap visual display, auditory warnirgpund from the CAMP project @fer et
al., 1999)) with botharly and late timing timéo-collision thresholds of 7.98 seconds and
2.33seconds, respectively. Results from the study showed significant differences between
the Swedish and Chinese participant drivers in both system acceptance and impact.
Regardless ofvarning 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
theneed to have different collision warning designs for different regionadrdr

An additional study (Wu et al., 2017) specifically investigated driver collision
avoidance strategies (braking, steering, both) once an auditory forward collision warning
wasissued. Age, gender, and study location (five areas across the U.Sa)seeassessed
in terms of collision avoidance maneuvers througHlilogar analysis. Results showed that
drivers 40 years odige and older were more inclined to use both brakingsteeting to
prevent a reaend collision. In response to forward collismarnings, urban drivers were
less likely to only brake. Youn@= 40 years of agegnd rural drivers were more inclined
to only brake in response to a warning, possibly due tordyiun environments that
experience less traffic congestion. Drivers whiydmakedstill 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 impactollision avoidance behaviors, with
differences in geographical locati having a slight impact, and gender showing no
significant effect. The authors suggest using more detailed alerts for different types of

collision avoidance maneuvers.
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Chapter 3: Methodology and Formulation

When analyzing and characterizing roadway colfisiaifferent macroscopic data
analytics methods need to be adopted. In this dissertation, these methods rely on two types
of formulation: the collision involvement rate formulatipresented in Sectidhland the
macroscopic fundamental diagram formulation presented in Se@i@n These
macroscopic networlevel and linklevel formulation are supplemented with a
microscopiadriver-level formulation that integrates human risking tendencies, vehicle
dynamics and lateral movement kinematics into one traffic simulation modetahat
reproduce the same safety measures of effectiveness (MOEs) observed in the
aforementioned datanalytics methods. The implementation details of this maukel

presented in Sectich3.

3.1 Caollision Involvement Rates

The collision involvement rates include the number of vehicles involved in a collision
instead of just th number of collisions as the outcome varighleo et al., 2013)The
original study linked cltision occurrence and traffic states on throughway traffic and
looked at the methodology has a potential framework to detect and possibly predict
locations of Ingh collision involvement rates. By using collision involvement rates that are
classified by upand downrstream velocities, this paper aims to properly weight collisions
by the number of vehicles involved and investigate the spased classificationA

calculation for the collision involvement rae... perMVMT can be seen below:
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Based on the work diveo et al., 2018 the author divided the data into the upstream
and downstream velocity categories based on the velocity binTimeresearch uses
velocities with ten mph increments. The velocitiegtérest were those between 0 and 80
mph, resulting in 81 upstreamdadownstream velocity combinations. It should be noted
that since the cluster analysis identifies the -fle& regime by aten-mph range of

velocities above and below the speed limits thin size is adopted for consistency of

analysis.

3.1.1 Data Description
Analysis is performed on a study location that aligns with that of theGlereration
Simulation (NGSIM) studyocation (U.S. Department of TransportatiorFHWA, 2009.
The reason fothe selection of this location is that microscopic traffic modeigeheen
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 modelsioGolli
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data from the HSIS and detector data from the Caltrans PeMSusertdor this stretch of

the 6lane F80 E highway in Emeryville, CA for the years 2005, 2006, and 2007.
Specifically, the collision and detector data from the Powell Staop detecto(post

mile 3.89) to the N. Aquatic Park detector (poslte 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 givarabiel (pg. 38). Of the

197, 152, and 206 total collisions that occurred on the study location in 2005, 2006, and
2007, respectively, reaand and sideswipe collisions are highlighted because teeha

two most commonypesof collisions with motor vehicles in transpdNHTSA, 20173).
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 sideswipsi@odliva greater

than that of the other categdiyablel on pg.38). Regardinghe 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 thendin. time intervals (12 from the second hour on
April 3, 2005 and 12 from the first hour on tOber 30, 2005), speed and flow values for

all 365 days for all three years were collected. In total, 105,096 obses/ati@005 and
105,120 observations in 2006 and 2007 were used in the calculations. It should be noted

that none of the collisions frothe 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

RearEnd Sideswipe Other RearEnd Sideswipe Other
= 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 spedtbw, density relationship is assumed. Based on
(Newell, 1993 and thdraditional FD framework of defining two traffic states on the flow
density plane, this paper categorizes the-fi@e regime as those data points lwitp- and
downstream speeds beten 50 and 70 mph. Therefore, the congestion regime contains
data points with upand downrstream speeds below 50 mph. Further breakdown and

empirical analysis of the congestion regime is conducted later in the resutin.sect

3.1.2 Clustering Analysis
K-means cluster analysis was performed on the entire-yi@@edata set assuming
three clusters (after several trials). The centroid of each cluster is calculated through a
number of iterations based on the upstrdiow (veh/hr), downstream flowvéh/hr),
upstream density (veh/mile), and downstream density (veh/mile). This loop algorithm
minimizes the squared error objective function:

(3.4)

Where  is the specified distance between data paintand the cluster

center® and is an indicator fdhe distance between thelata points from their individual

cluster centerdacQueen, 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 tstep to time step. Different
autoregressive models have been used in forecasting various traffidtiamess and

analyzing collision formation (Michalaket al., 2016). Vector autoregression models
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demonstrate the dynamic relationships among multiple mneected time series. VAR
models are known for their simplicity and flexibility that can not omgdjct future values,

but also recognize and calculate effects of various parameters at different time lags on a
group of variables (Zivot and Wang, 2007)odéling was conducted for monthly data
from 200571 2007 for both reaend and sideswipe collisioryges 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:

©w O 0w I E 06 Q (3.5)

Wherew is ak-dimensional time series vectaris a k x 1) vector of constants, is
a k x k) coefficient matrixw is thei-th lag ofy, Q is a k x 1) white noise error vector,
andp is the order of the model.

Due to the multicollineaty of the variables of interest, PCA is applied to reduce
dimensionality of the correlated and possibly redundaatt dJolliffe, 2002). The
mentioned variables of interest include CIR, the corresponding upstream and downstream
flows, densities, and spegdas well as the difference between (delta) upstream and
downstream flows, densities, and speeds. This analybisgamally transforms correlated
measures into uncorrelated principal components (PCs). PCs are linear combinations of the
observed metrichat have been optimally weighted. The first PC has the largest variance

and explains the highest percentage of tita gariability. 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,decond data analytics methods

adopted to analyzeotlision formations and their impact on a given roadway network in
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based on th&lacroscopic Fundamental Diagram (MFDhe 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 evaluatéd.addition to theuse of the flow, speed, and density values
used for analysis at the linkvel, MFD estimation is conducted for various subnetworks
upsteam and downstream of the collision links. The chosen weighted average method for
MFD estimation is used for calculagjraverage flow and average density for a specific

time,t. These values are calculated as (DagamzbGeroliminis, 2008):

B 10 (3.6)
N F B
. B Q0 (3.7)
QhF Byo

Whereny j is the weighed average flow j is the flow rate of each segmemtf the
road,0 is the length of each segméndf the roadry "Q  is the weighted average

density, andQ;, is the density of each segmeéraif the road.

3.2.2 Data Descrigtion
Microscopiclevel collision and loop detector data from the KBKEC, 2015)are
aggregated and utilized for this researsh.shown in(KEC, 2015) dmost 4,000 km of
high-speed motorways in South Korea have tolls operated by the KEC. Between the year
2011 and 2013, the KEC recorded almost 30,000 discrete collisions, with b4 (p&se

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 occurredmiitie network.

Links were determined by detector locations for both eastbauhdauthbound 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 eenyinutes, leading t888 timesteps per day per

link. A linear relationship between speed, flow,@nd nsi ty i s assumed. Sev
of data (February 4, September 14, September 19, September 29, October 8, November 27,

and December 14 of 2013) were used from the KE@séattopotentiallycompare the

results to that of the previously mentioned gt{8chorr 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 recds, 8 total lane closure collisions, and 50

partial lane closureollisions were analyzed.
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Figure 2: Korea Network Detector Map

3.3 Microscopic Traffic Simulation Model

The full methodology and employment detailsthe implemented microscopic traffic

simulation modelcanb®und i n the authoroés masithar 6 s t he.

few key updates as described in the sections that folldve operational and tactical
driving decisioamaking processes of freeway traffic are captured byfatlwing and
lanechanging mdds, respectively. As previously discusg&ection2.3), due to the need

to incorporate safety related parameters while producing realistic congestion dynamics in

43



addition and allowing for collision occurrence, thelPasednicroscopic traffic simulation

model in (Hamdar, 2009) is utilized. The utilinased acceleration (etollowing) and
durationbased lanehanging frameworks are presented in the following sestilt should

be noted that while the Pdased model can rejuce congestion dynamics associated

with extreme driving conditions and collision formatitxefore (Silverstein, 2015) was

never used to define larhanging maneuverpre-collision and cbision dynamics,or

postcollision trajectories. The reasogibehind these additiomsasthe ned to understand

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

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

and postcollision frameworks adopted in this research are that df-arBer polynomial

and conservation of momentdoased model, respective{@ilverstein, 2015)Note that
additions to the inclusive model pee;st ed i n (Silverstein, 2015)
dynamicsequations (Gipps, 2014) that provide limits to the allowable acceleration values
based on a vehiclebs mechanical makeup, di st

the framework forntelligent transportation systems (ITS) technology incorpmrat

3.3.1 Car-Following
When drivers enter a roadway, they assess their acceleration choices based on the
potential gainsand losses. The Pased mode{Hamdar, 2009is used to recreate this
cognitive process. Prospect Theory is an economic based niwatelaccounts for
heterogeneous behavior by quantifying the decisiaking process through calculations
of utility based on feasible alternatives involvingk (Kahneman and Tversky, 2013
From (Hamdar, 200¥ the two main phases of Prospect Theory wapplied to car

following. First during the framing and editing phase, varying utilities are assigned to
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di fferent acceleration choices and then choi

utility. Second during the evaluation phase, a prospeciiniciet involves weighting

potential outcomes is calculated. The choice with the largest prospect index is chosen. The

prospect theory value function is given as:

0 p 0 C)AT% o %9)— (38)
C @

Where the acceleration value functionYs , ¢ is the variable desired acceleration of
a driver,& is a normalization parameter set to 13nls represents the relative weight
of losses in comparisonto gains,and e pr esent s a driverods sensit
to losses in travel times and is always > O.

If a driver choose& as the desad acceleration, a gain of will be achieved except
if the driver is involved in a collision (reand or angled). The disutility ensuing from a
collision is formulated as:
Y 6 P NRY & Ry QU (3.9)

Wheren j is the probability of being in a collision at the end of afollowing

episodep is the collision weighting parameter that is lower for drivers more prone to take
risks, andQURYD is the collision seriousness temith an assumed value of 1.

To reproduce the stochastic nature of the acceleration choice process, the following
logistic functional form is used:

Q .. . (3.10
o h [
Qw . Q

mh eI 0VQI Q

Where™ Qw represents the probability density function gnd  represents the

random dility.
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To include realisticvehicularrestrictions on acceleratiogi p pehifle dynamics
model (Gipps, 2014)is added to the RIbased car following modelCombining the
modified Davis equation, Newton's equations of motion thaegower that the vetie can
generate, the limiting velocity equation is:

;
b ot 0o tT— YT (3.11)
L O

WhereP is the maximum power the vehicle can producethe apparent reaction time
(constant for all vehiclesR = the resistance to motiom@&m = the mass of the vehicle.

The modified Davis equation definBsas:

Y | afTa0ord 1 4aQ (3.12

WhereR = the resistance to motiom= the mass of the vehiclesz the vehicle's speed,
a = the drag area of the vehicle (coefficient of drag times the frontal ayea)the
gravitational acceleratiom, 6, andg= coefficients based on vehicle type, areltangent
of the road gradient.

Regardingcornering speed, occupant comfort aroundves can be achieved by
establishing a maximum acceptable lateral acceleraiianand calculating the maximum
acceptableeedu:

6 o Y (313

WhereRcune = the absolute radius of curvature.

Moreover, the simulated driver can display realistic behavior by looking ahead and
slowing down prior to reachingéhcurve. Thus, the rate at which a driver must briake,
to decelerate to the comfortable speed is defined as the following:

©w 0 U IQ (3.14)

Wherev = the current speed and= distance (in raters) to the curve ahead.
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Using the original notation and substituting the new constraints into Gipps' model
yields:
b ot 0o 0 Y ®o Q 0 o IQ (3.15)
With stopping distancd), given by:

ov ofi b o Tq (319

3.3.2 Lane-Changing

Continuing with the incorporation of heterogeneity and-t&ng into the driving
proess, the laneharging model is defined using a hazdrdsed 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
inffor mati on about a driver s exp eflow aadoare . Epi sc
following, with their duration expressed as the time before a driver starts a new episode.
Lanechargi ng i s one cause f or -flamepisodes ahd e€itked s t er mi
the subject vehicle performs a lane change (exit strategy 1) or the distance between the
target vehicle and its leader is small enough foffadowing to occur (exit strategy 2).
Carfollowing episodes end if either the target vehicle chatages (exit strategy 3) or the
distance between the target vehicle and its leader is great enough fibo\virée occur
(exit strategy 4). FromHamdaret al.,2008), the hazard value at timeis for driveri is

cal cul ated as t habilitgaf termatidn askoptitime mtdreab afterpr o b

06 Y O Y o . .
i e %o (317
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Whereq is the exit strategy for an episodeing evaluatedY i s a random var.i

0 that represents the duration of an episode for a specific driver and exit strategya
baseline hazard at timg w is a vector of explanatory variables fospecific driver and
exit drategy, and is a vector of parameters correspondingato. The following
exponential form is assumed to be the functioaxafgenous covariates
%o Hi Q (3.18
Where0 accounts for random heterogeneity as an error term.
While the baseline hazard function is constant for-fiee episodes ( =, ), a two
parameter function is utilized to embody the duratiependence of cdollowing
episodes. This twgparameter function is formulated as:

1.0 (3.19)

Where, and are estimated model parameters and the duration length is

3.3.3 Lateral Trajectory

If, through the calculation of the hazard function, a driver decides to terminate his/her
current driving episode by larghanging, a 8-order polynomial is used to simulate the
lateral trajectory of the larehange (Nelson, 1989 Silverstein, 2015 This single
Cartesiarmpolynomial (SCP) curve was developed to smanttithe lanechanging paths
of autonomously driven vehicles to be make ithose ofiskilled car driver. By providing
continuous curvature transitions with coefficientécalated by engboint constraints, the
lateral trajectory is calculated as:

@

o o w w
ww m— U— -—

(3.20)
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Where x is the longitudinal location of thehicle,d is the total lateral distance of the
lane change, ana is the longitudinal endpoint of the lane change determined by the
acceleration function and expected laf@anging time. The larehanging time is assumed
to follow a normal distributn with mean and standard deviation set as 2 seconds and 1
second, respectively.

While only the coefficients of thé"sorder polynomial as described in equat{®0)
were considered in (Silverstein, 2015), tihissertation uses experimentally collected data
to determinedifferent distributions of these coefficients depending on various driving

scenariolkarning typesgee #ction6.2.4).

3.3.4 PostCollision

The postcollision model of mterest in this research is based on the conservation of
both linear and angularementum and assumes perfectly elastic collisions between two
vehicles Limpert and Andrews, 1993Silverstein, 201p While there are other models
that are more involved ancbnsider the dynamics and deformation of each colliding
vehicle or use finite eleemt 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 providirg accurate insight into paesbllision movements of vehicles
and the surroundingatffic flow. Since prampact speeds and angles of the two colliding
vehicles are known, the following equations can be solved to calculatermesit speeds
and angles. Fst, postimpact velocities are calculated as:

o (3.21)
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FN E (3.23
h h C(
o o « E (3.29)
h h C’X
O30 O30 (3.29)
DW W
W30 ® 30 (3.26)
& P PP 0 (3.27)
a a O O
& P PP p (3.28
a a (@) 0
& P P p p (3.29
(O] (O]

WhereVix xis vehicleid s -pnpastixdirection velocity] is the vehicle mass moment
of inertia (vehicle types are considered homogenous in this p&fers vehicleib s -pr e
impact xdirection velocity,Vi2y is vehicleid s -pnpasttydirection velocity,Viy is
vehicleid s -pnpasttydirection velody, mis the vehicle mass, arigyy are the C.G. to
collision point of contact distances for vehidleNext, posimpact anglesa, can be

determined by solving the system of equations:

oo AiIfOOET OET ATIO (3.30)
o AIfOOERIT__O&EI Al|IO

oo AIJOOET OHRT AlO

o ATJOOCET OETl Al|O

ww OEl w OBl ww OHFI (331
w OEI OEIl o OEI

WhereW is the weight of vehicle
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It should be stated that the equations jussentd from (Limpert and Andrews, 1991)
were developed from actual collision reconstruction dataéhe original paperhe goal
was to simplify the econstruction of movements of two vehicles once a collision takes
place. The author of this dissertation wisker full disclosure regarding thienitations of
theresults inChapter &hat were produced with pesbllision morement as specified in
this section. Specifitly, 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, keefidiag vehicles on the simulated
roadway, andeproduce comparable collision rates to those that occur on real roadways.
The incorporation of a more robust pasilision movement model is recommended in

future work.

3.3.5 Connected and Autonomous Vehicles

Incorporating connected and autonomous vehidélge the microscopic traffic
simulation framework includes multiple approachesinvestigatea connected vehicular
system, it is important to examiral the possible types of connectivity and non
connectivit.

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., 2860)
the lanechanging model MOBIL (Kesting et al., 2007) that are ud&M usesa
deterministic acceleration modeling framework that shtved drivers are sure about
surrounding driversé movements and drivers
environment (e. g. road condition, isveat her)

calculated as:
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iz DAY (332

Where

N oW
(2 O i T AGED Y (333)
M w

Where a is the maximm accelerationyv is the desired velocityd is the free
acceleration exponenik,is the desired time gag is the jam distance, arms the desired

deceleration.

Calibrated values for the IDM model are presenteBaible2 (pg.52).

Table 2: IDM Parameters and Calibrated Values (Treber et al., 2000)

Parameters Typical Value
free acceleration exponen| U= 4

desired time gap T=15s

jam distance ©=2.0m
maximum acceleration a=1.4m/s"2
desired deceleration b=2.0 m/s"2

MOBIL (Kesting et al., 2007is alanechanging model that specifidgcision making
rules. As a main assumptioMOBIL assumes that when it comes to making a {ane
changing decision, a driver must compromise between the personal anticipated
improvements aththe hindrances the lane change will put on other drivers. The equations

for this model are given below.

H» (3.39)
G O nd o d O YO (3.35)

Whered is the deceleration of the follower in the niewe after the lane changg,

is the deceleration safety limi) is the new acceleration of the subject vehicle after the
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lane changep is the &celeration of the subject vehicle before the lane chanigethe
politeness fadr, & is the acceleration of the new following vehicle after the lane change,
@ is the acceleration of the new following vehicle before the lane chamgs, the
acceleration of the old following vehicle after the lane chatige,the acceleration of the
old following vehicle before the lane change, &adl is the switchinghreshold.

As seen irFigure3 (pg. 55), for this research vehicles dnest separated into eipped
or nonequipped categories. Equipped vehicles are either autonomous or communication
enabled, and neaquipped vehicles do not have these capabilities. Nguxipped vehicles
are either passive or active in terms of connégtictively connectedehicles can either
be autonomous, where the vehicle receives information from surrounding vehicles and
adjusts the driving behavior, or naatonomous, where drivers receive information from
surrounding vehicles and have the optiomdjust their drivig 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 Lidaansors, or neautononous, where drivers are given
information about the surrounding environment through the previously mentioned devices
and can choosshetherto use the information.

Figure3 (pg.55) also shows the typaf modeling scheme that can be used to simulate
the different types of vehicles in traffic flow as wadl where responsiveness of drivers can
be measured and assessed. First, vehicles that asgjogped, passively connected and
nonrautonomous, and aeely connected and nesutonomous are modeled using the PT
based cafollowing model in conjunction withthe hazarebased lanehanging model.

These two models are uséd account for the human heterogeneity in the driving

53



experience as well as other dmspecific parameters such as aggressiveness, weight of
gains vs. losses, collision consciousness, and confidence in his or her ability to anticipate
theot her dhaviov enrthe doadivay. Next, vehicles that are equipped, passively
connected autonoouis, and activelgonnected autonomous are modeled using the IDM
carfollowing model in conjunction with the MOBIlanechanging decisiomaking

model. Both models follow sts of systematic rules based on preserving safety and
maximizing throughput, mimigckg how the computer inside a vehicle would maneuver
the vehicle in traffic. Additionall vy, t he
with each of the sets of céollowing and lanechanging modelso account for vehicle
power and weight, road gradit, and negotiating roadway curvature. The biggest
differences between the types of vehicles using the same setfofleaing and lane
changing models comes in the tirheadway and delay time. These times are tsed
maintain a safe distance betweea $ubject 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 nomequippel vehicles require more time headway to allow drivers to react

to hazards on the rdevay 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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Figure 3: Equipped and NonEquipped Vehicle Modeling Scheme

These times as well as the range of applicability and position accuracy are ghadsian
3 (pg.56).

In addition,sinceasthedistance between vehicles increases, the probability that at least
one packet is successfully received decredisexonnectivity of the connected vehicles is
calculatel every 0.3 seconds. This is determined by randomly selecting a value from the
distribution of the Twindow metric based on the distance between vehi€ksde4 (pg.

57) shows the application relidity for distances between vehicles from 0 to 300 m that
are interpolad fromFigure4 (pg.57) from Bai et al., 2006.
The author wishes to t® here, like in Sectio.3.4 regarding the postollision

movement module, that the presented incorporation of CAVs is highly simplifiekeasnd
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severe limitations when compared with equipped vehicles today clarify, here
autonomous vehicles are assumed to drive themselvéisengidre they are modeled using

the more deterministic IDM cdollowing model and rules with politenebased MOBIL
lanechanging decision model are used for these vehicles. The less accurate modeling
scheme is applied to the connected vehicles, whielessumed 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 probalgkiand then an adjustment of the reaction time

for the PFbased extended céollowing model with hazard duration larmhanging. The
reasoning behind this chosen implementation is again the simplicity and computational
quickness. Additionally, such modetjwas selected to provide a proof of concept on the
ability to add a CAV module to the presentediadiiusive PFbased microscopic traffic
model; the goal was not to add to the current literature on connected and autonomous
vehicles.The implementationfaa more accurate, robust model is recommended for future

work.

Table 3: Delay Times, Range, and Accuracy for Different Types of Vehicles

Driver Automat
Reacti ed Engine | Tota
Time . on Delay I .
Communicat System . Positio
Headway ; Delay (sec) Tim
Type of (sec) ion Delay (sec) Delay (Rajama| e Rang n
Vehicle ; (sec)(Jin and ; (sec)(Jin a e (m) | Accura
(Kesting et Orasz, 2014) Jin and niand | Dela cy (cm)
al., 2010) ' and o Shladov | vy y
rosz,
Orosz, 2014) er, 2001)| (sec)
2014)
Non- 1.5 0 0 0 0 15 | NJA | NA
equipped
Communi 0.07 to 0.67
cation 0 01t004 | 05to1l 0 0 o5 to 1000 N/A
enabled ' 1.65
Autonomo 0.05 to 0.07 to 0.12
0 0 0 : i to 100 +-1
us 0.2 0.25 0.45
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Figure 4: Application Reliability vs. Distance (Bai et al.,2006)

Table 4: Application Reliability vs. Distance Interpolated from Graph (Bai et al., 2006)

_ Application

Distance (m) Reliability (%)
0-25] 99
(25- 50] 99
(50- 75] o7
(75- 100] %
(100- 125] %
(125- 150] 93
(150- 175] 92
(175- 200] 1
(200- 225] 87
(225- 250] &
(250- 275] 83
(275- 300] 82
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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 experimenthe author presentiescriptions and specifications of the
apparatusscenarios, and bjects.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 usedni this researchs housed in theGW Trarsportation
P r o g rDaivimg Simulator Laboratoryat The George Washington University Virginia
Science and Technology Campus (VSTIEutilizes the STISIM software paired with a
full-sizedBuick Regalcar cabin and.35degreecurved screen wideangle field of view
visual display The sinulatoralso gives auditory feedback and allows for realistic steering
wheel grip through the generation of counter torque. A vehicle dynamics program that
controls the vehicular behiawv of vehiclesin the simulation, combined with the STISIM
software permits data collectiontodjectoriescomplete vehicle dynamics, steering angle,
brake position, and throttle positioRigure5 (pg. 59) gives the full layout of the driving
simulator including the sensordo capture driver behavior, the audio/visual feedback
devices, and the computer network that generates the simulation imagkses lifelike

vehicle dynamics, and recordsfists data.
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Figure 5: GWU Driving Simulator Layout (Driving Simulator Laboratory, 2002)

4.2 Experiment
A young driverstudypopulation consisted of volunteer, U.S. licensedatgyranging
in age from 16 23 years old.The test procedure was explained to each subject and a
parent/guardian (if the subjesfis under 18 years gldnd once an informed consent form
and preexperiment survey (Appendix A: Driving Simulator Pr&Experiment Screening
Surveyon pg.166) wassigned, they commenced driving in the simulator. The exains
form, detailed reseehn 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 surbrgseacch.s 6 r i gh
During the &periment,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
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with the car driving simulator by only allowing simple -¢allowing behavior. There are

studiesthat suggest implementing mataving timeor less driving time than the selected

5 minutes. For example, (McGeheieal.,2004) concluded that after studying 80 subjects

on multiple unevent ful r 2esa aftev approximatelyd  ect s 6
secondsSince the proposed experiment is longer than this suggested stabilization time, the
author believes that theminute driving time is sufficient. After finishing the driving
experiment, subjects were asked to fill opbatexperiment survey Appendix B: Driving

Simulator PosExperiment Questionnaian pg.169), which asks their opinions aboutth

experiment, simulator, collision warnings, etc.

Subjects were &ed to drive a single scenario with a length of approximately 15,000
feet. This 15,000 ft. consisted of a folane suburban arterial roadway with two lanes in
each direction and a 48ph speed limit. Each lane is 12 feet wide and various passing and
no pasing zones are presented throughout the simulator scenarios. The dnivitadcs
is utilized to test driver behavior when exposed to six-nebision scenarios (three for
rearend collisions and three for angled collisions) along with six differefisiom
warning schemes. These collision warning types are presertteshext section (Section
4.3)along with information on whether auditory and/or visual warnings are provided in
each typelt should be noted that one dfeise schemds a baseline of no warninghe
auditory warnings follow guidelines presented by the FHWA (FHWA, 2646 heard
and differentiated between ambient white noise drivers experience during the driving
process. Additionally, the visual warningse basedrmrecommendations froncampbell

et al., 200y and include both informative and norformative alphanumeric and symbolic
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visual messages/warning®in example of what participants observed during the

experiment is shown iRigure6 (pg.62) using a series of screenshots.

4.3 Near-collision Setups
The six neaicollision situationsre broken up into reand and angled collision types.
Each collision warning type is enacted with a titoeollision (TTC) between 2.8 and 3.2
seconds, which follow the guideline$ (Lerner et al., 2015)The three reaend near
collisions are:
1.) The lead vehicle suddenly changes lanes to reveal an unexpectedly stopping new
lead vehicle.
2.) The lead vehicle decelerat®sforce slow cafollowing, abruptly accelerates to the
speed limit and then suddenly stops.
3.) The leadvehicle accelerates and decelerates to speeds within +5 amgh of the
speed limit and then suddenly stops.
The three lanehanging neacollisions ae:
1.) The lead vehicle suddenly stops, but the driver must wait for a vehicle in the adjacent
lane to pasbefore changing lanes to avoid his/her stopped leader.
2.) A vehicle in the adjacent lane that is longitudinally ahead of the driver suddenly
changes laneand stops in front of the driver simultaneously.
3.) A vehicle in the adjacent attempts to pass the drwtrout enough longitudinal
di stance between it and the driverods

driver.
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COLLISION
ALERT!

Figure 6: Driving Simulator Experiment Screenshots
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4.4 Collision Warnings

The six collision warning types as stated previouslyliated Table5 (pg. 64). They
include:

1.) Auditory only warning.

2.) Auditory warning with an informative symbolic viguwarning.

3.) Auditory warning with a nofinformative symbolic visual warning.

4.) Auditory warning with an informative alphanumeric visual warning.

5.) Auditory warning with a nofinformative alphanumeric visual warning.

6.) Baseline, no warning.

An informative visualwarning gives the river 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 rigihtmove left to avoid colliding with another
vehicle. A noninformative visual warimg 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 héeg@ency ofl1500 Hzanda

pulse duréion of 440 msaligning with recommendations froif.erner et al., 20156
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Table 5: Driving Simulator Collision Warning Types and Descriptions

llision Description Image
Warning Type P 9
1 Auditory only warning N/ A
5 Auditory/ Informative
Symbolic Visual Warning
3 Auditory/ Non-Informative
Symbolic Visual Warning
Auditory/ Informative
4 Alphanumeric Visual MOVE
Warning RlG HT!
Auditory/ Non-Informative
5 Alphanumeric Visual COLLISI?N
6 Baseline, No Warning N/ A
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Chapter 5: Numerical Results and Analysis

After presenting the methodologies adoptedChapter 3 the following sections
present an@nalyze the numerical resultssasiated with the data from both theeitzor
and collision data libraries (Sect®B.1 and5.2) and the driving simulator (Sectidn3)
described in Chapter 4Additionally, Section5.4 presents a case study thfe basic
connected and automated vehicle implementaffoom Section3.3.5 as a proof of

concept fomanyways in wich the implemented model can bédized.

5.1 MFD Results from PeMS Collisions

Different statistical methods have been adopted to analyze the PeMS collision and
traffic dataincluding Collision Rate analysis in Sectibtil.], Tobit analysis in Section
5.1.2 Cluster Analysis in Sectiob.1.3 Time-Series Analysis in Sectiob.1.4 and

Principal Componemnalysis in Sectiorb.1.5

5.1.1 Collision Rate Trends and Velocity Bins

In Figure7 (pg. 66), the collision involvement rates for total, reard (RE), sideswipe
(SS), congested traffic, and frlew traffic collisions by year are displag. The otal
collision involvement rates per MVMT for the years 2005, 2006, and 2007 on the road
segment of study are givenTable6 (pg.67) and the yearly collision involvement rates
for different collison types are shown ifable7 (pg. 68). Values that are shown bold
represent an overall decrease in collision involvement rate from 2005 to 2007.

While there is amverall increase in total coll@n involvement rates per year, the free

flow traffic as defined by{Yeo et al., 201Band (Silverstein, 201pshows a decreasing
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trend inFigure7 (pg. 66). Moreover, this graph shows that the CIRs @ecreasing 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 dereased demand observed during that yeaanthe seen froriable6 (pg. 67)

that only ten of the thirtgix velocity bins show an overall decrease in total CIR from 2005

to 2007. This observation that the total CIR increases from one ydwr be@xt is further
confirmed with the results with the total datafebit model. The zero values iffable6

(pg.67) andTable7 (pg. 68), andthe lack of any CIRs for some of the lower velocity bin
combinations leads the autbdp 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 conditios do not occur as frequently on the roadway.

CIR vs. Year
70 T T
I Total
600 | MMM RE
[ Jss
[ congested
500~ | M Free Flow

400+~

300

CIR(veh/MVMT)

200

100

A

2005 2006 2007
Year

Figure 7: Collision Involvement Rates by Year for Total, Rea-end, Sideswipe, Congested, and Frddow
Collisions
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Table 6: Collision Involvement Rates (Veh per MVMT) by Year

Upstream | Downstream 2005 2006 2007
V (mph) V (mph) CIR CIR CIR
0 30 0.000 0.000 12.668
0 40 0.000 0.000 114.2%
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 (rearend (RE), sideswipe (SS), @gr)
and Year

Upstrea 2005 | 2005 | 299° | 2006 | 2006 | 2°%® | 2007 | 2007 | 2007
Downstrea CIR CIR CIR
mv | Do | SR [ CR | S [ CR [ R | Gt | CR | CR | Gt
(mph) P RE | ss | | RE | ss |~ RE | ss | |
0 30 0 0 0 o | o 0 | 1267| o 0
0 40 0 0 0 o | o 0 11; 21 0 0
0 60 0 0 0 0o | o 0 | 72.88| o 0
284
10 20 0 0 0 4l o 0o | 3654 9014| o
10 30 0 0 0 12'9 0 0 | 1894| 406 | 068
10 40 0 0 0 0o | o 0 | 1989 221| o
10 50 0 0 0 0o | o 0 | 14.44| 321 | 160
20 10 2157 0 |1078] 0 | o 0 0 0 0
20 20 862 | 755| o0 0 |364] 0 | 1490]| o 0
20 30 635 | 476 | 159 | 0 | 627| o0 | 1607] o0 0
20 40 670 | 0 0 0o | o 0 | 501 | 0 | 501
20 50 6223| 0 0 o | o 0 | 792 | o 0
20 60 0 0 0 o | o 0 | 2232 22'3 0
30 20 5.42 12'8 271 1515'8 0 0 0 0 0
15.7
30 30 501 | 1.08| 0 of|1s8| 188 | o |697 697
30 40 1023 | 1.36 | 068 | 269 | 0 0 | 1511 o 0
30 50 0 0 0 o | o 0 | 2007 12'0 0
30 60 0 0 0 11'7 0 0 |3248| o 0
40 30 0 |172| 172 | 348| o 0 | 4056| o
40 40 1101] 1.69 | 085 | 263 | 0 0 0 0 | 411
40 50 0 0 o |237] o 0o | 430 1‘;'7 0
40 60 699 | 0 0 |931] o 0 | 1079 0 | 863
50 20 0 0 |1295| 0 | o 0 0 0 0
50 30 211 | 632| 0 0o | o 0 | 2720 7.77| o
50 40 459 | 306| 051 o | o o | 681 12'2 0
50 50 465 | 218 | 1.74 | 3.65 | 1.07 | 1.93 | 4.48 | 4.20 | 2.52
50 60 254 | 085| 0 |251|050] 050 | o0 | 754] o
60 20 0 0 | 3925 2%)'7 0 0 0 0 0
60 30 648 | 0 0 0o | o 0 | 1943| o 0
60 40 370 | 462| o0 0o | o 0 0o |716| o
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60 50 438 | 3.11| 1.84 0 0 063 | 3.80 | 434 | 1.36
60 60 267 [ 1.31| 1.01 | 059 | 0.76 | 0.23 | 6.63 | 1.50 | 2.21
60 70 171 | 038 1.71 0 0 0 11.71 | 2.76 | 2.76
70 50 1129'6 0 0 62'6 1:")'8 0 0 0 0
70 60 12.78 0 6.39 | 1.88 0 209 | 2.67 | 4.27 0
70 70 0 0 8.69 0 0 0 12.09 | 1.86 | 0.93

Comparing these dadion rates to those calculatby (Yeo et al., 2018 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 veloaitgizes. 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 methodologyefaollision

involvement rates has been correctly esyptl and that similar roadways are likely to have

CIRs of the same magnitude, showing consistency.

Even though originally eightgne velocity combinations were considered for this

study, only thirtysix yielded CIRs above zero. This shows that despiteffoets to make

sense of these rates, collision occurrence can be circumstantial and compbabte/é.

(pg. 68) shows that for the yearly CIRsearend collisions generally have the highest

values, followed by sideswipe collisions. This result is consistent with statistic@tan

showingthat rearend and sideswipe c@lons were two of the most common types of

collisions with motor vehi@s in transpor{NHTSA, 20173 a n d

v al

dat es

focus on the chosen collision types. Furthermbable7 (pg.68) confirms the higher CIRs

for both rearend 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. Analysisthetotal threeyear dataset was condedt In
Table8 (pg. 70), the varialed descriptions are displayed. It should be noted that volumes
and densities were not included in fhebit analysis beasse 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 biasedTable9 (pg. 71) displays the resultsom 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 reand 0 otherwise
Year Collision yearl if 2005, 2 if 2006, 3 if 2007
Precip Dummy variable = 1 if presence of precipitation (rain or snow), 0 otherwise
Liahtin Dummy variable = 1 if presence light (daylight, duskdawn, dark with street lights), O
ghting othemwise
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
Wi Dummy variable = 1 if collision occurs during the winter months (December, January
inter .
Februay), 0 othewise
s Dummy variable = 1 if collision occurs during the summer months (June, July, Augus
ummer )
otherwise
Eall 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 PlIZ]>z] Stgrr;g?rd 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 inTable 9 (pg. 71) shows that CIRs are higher for afternoon
conditions and lower with increases in both upstream and dowmstrekcities, with
statistically significant coefficients of 7.34,3.9, and14.8 respectively. These results are
confirmedby (Hong et al., 2018 Even tiough the precipitation and lighting coefficients
are not statistically significant, the finding thaehicles involved in collisions decrease
during the fall season supports the idea that more collisions occur during the most ideal
driving conditimsi with daylight, commute driversind no precipitation. These findings
reinforce thosef (Schorr and Hadar, 2014Yu and AbdelAty, 2014).

As shown earlier ifFigure7 (pg. 66) and supported by thEobit model, the total CIR
increases with time. However, there are differences in the velocity bineatiatin the
highesttotal 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 higistream and downsam
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velocity bins. A similar relationship with speeds and collision formation can beirseen
(Zheng, 201pand Yeo et al., 2018

While categorizing CIR values by upstream and downstream velo¢tess et al.,
2013 can be usefulin denti fyi hgcdpvebbemay bins, I i mi t
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 transitiorof traffic states before, during, and after collisions occur. It
should be noted that in the following F[ISgure8 on pg.75 throughFigure13 on pg.
78), the CIRs are calculated for each collision occurring during the-fle@edataset and
pinned by the corresponding averagedanqd downstream flow and density values. This
leads to a display of morearend CIRs than deswipe CIRs, which reflects the realization

that more reaend collisions occur than sideswipe collisions.

5.1.3 Fundamental Diagram Based Cluster Analysis

Clustering using the -kneans algorithm has been used as an unsupervised learning
method since the 1950for explaining features of datasets by a few representative
A ¢ e n © rIMrgibed and Hennecke, 200®As all the points can be represented by these
few centroids (much fewer than the data points) and the extent of the clustezaysk
clustering can benterpreted as a dimensionality reduction technique or a -lossy
compression technique (vector gquantization). However, one of the main problems of this
technique isapriori selection of the number of clusters.

Many techniques have bedavised to performhis selection as an unsupervised task.
Specific statistics have been devised to perform the selection of the number of centroids

based on the change in witkttuster dispersion expected under an appropriate reference
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null distribution(Jain, 201. This method requires sudareference 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.200]). But theysuffer from the dimensionality curse in
sparse datasets such as the CIRs dataset. The usuabrglexity method for selecting

the number of clusters is to ruakeans analysis independently for different values of K
and the partition thaappears the most meaningful to the domain expert is selected.
Different initializations can lead to different final clustering becauseelns only
converges to local minima. One way to overcome the local minima is to rumtlearks
algorithm, for a gien K, with multiple different initial partitions and choose the partition
with the smallest squarexiror Cuevas et al., 2000This is precisely the method used for
both kmeans clustering instances, the FD datal the CIRs data.

Another issue to be b@d with kmeans is the incorporation of a priori knowledge of
the problem. As an unsupervised learning technique, it seems counterintuitive to
incorporate constraints (semsupervision) to the technique. However, due to the radial
symmetry that the restihg clusters in the 4neans method shows (induced by the
minimization of the squarmot of the dispersion the data from the centroid), constraints
should be incorporated in the clustering of the FD dataset. These constraints mave bee
incorporated by mee of the CORKMEANS methodology (Vagstaff et al., 2001in the
free-flow part of the FD dataset, as described earlier. This-sapervised constraint is
justified as the dispersion of the data in the free flow regime can be regqudyned by a

linear model and it would be Hadvised to cluster such part of the dataset with radial
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symmetry inducing #neans. As it stands, the selection of the number of centroids has been
undertaken in the remainder of the FD dataset with the abibegan.

First, clwisters were formed based on the total fldensity dataset without regard for
the CIRs. Analysis yielded three clusters that highlight various parts of the FHguire8
(pg. 75) and Figure 9 (pg. 76). The freeflow cluster represents the driving conditions
without major lateral or longitudinal trajectory obstructions and with limited hindering of
the driversod6 desi r e dhesppe egion of th€tongssted areadf r e p r e
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 regisnvell as minimal flow and maximal déys
values, representing the homogeneous congested region with limited lateral interactions
among drivers given the slemoving traffic and the limited space/gap availability. Finally,
Cluster 2 represents disturloas within the congested region with paanlocalized
clusters, moving localized clusters and stmglgo waves, leading to significant lane
changing interactions. This region is contained between theFtweeCluster and Cluster
1. CIR locations fotherearend (RE) and the sideswipe (SS) sidins are presented on
top of the clusters iRigure8 (pg. 75) andFigure9 (pg. 76), respectively.

Next, cluster analysis was performed on CIRs for the entire-fle@edataset based on
the upstream and downstream flows and densities. Analysis was performed separately for
the rearend and sideswipe CIRs. Three clusters were found by-theaks methodogy
for the reatend collisions and two clusters were found by thedans methodology for
the sideswipe collisions due to the convergence of iterations and preliminary analysis.

Figure 10 (pg. 76) ard Figure 11 (pg. 77) show the3D and 2Danalysis forthe rearend
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clusters, respectivelysigure 12 (pg. 77) and Figure 13 (pg. 78) show the 3D and 2D

analysisfor thesideswipe clusters, respectively.
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Figure 8: Cluster Analysis Based on Total 3Year Flow-Density Data Points Showing the Locations
Rear-End CIRs
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Figure 9: Cluster Analysis Based on Btal 3-Year Flow-Density Data Points Showing the Locatior
of Sideswipe CIRs
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Figure 11: Rear-End Cluster Analysis from 2D Perspetive for 3-Year Dataset
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Figure 13: Sideswipe Cluster Analysis from 2D Perspective for-Jear Dataset

As it may be seen iRigurel10 (pg.76) andFigurell (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 fem@vers back to
the free-flow region. RE Cluster 2 represents the-fefist section of the pinned localized
region and homogeneous congested trffreiber et al., 2000 As for the RE Cluster 3,
it represents the upper boundary of the congested regitve FD. In other worg 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 clustefLongestion regime aselV as the fredlow
regime of the FD. However, when looking further into the RE CIR magnitégsré 10
on pg.76), the highest rates are seen in a band correspondingeo flow values (<3000

veh/hr for all lanes) starting at the frédew line (left side) of the FD and ending at the
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homogeneous congested region (rigiés Moreover, it seems that the most critical region
corresponds to the region of partial recoveryving from the congested regime
(represented by mostly pinned localized clusters of congested traffic) to thioivee
regime. Contrary to this findinghe sideswipe collisions are more concentrated in Clusters
2 and 3. This leads the authors to belielat tsuch collision rate distributions and
magnitudes are dependent on the type of collision as shdviguirel2 (pg.77) andFigure
13(pg.78) for sideswipe collisions. These collisions are practicallyexistent in the blue
region (Cluster 1) oFigure9 (pg. 76). In other words, SS collisions aretras frequent,
per the data analyzéul 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 Bfgure9 (pg. 76). In other words, SS collisions occur more
with increased traffic disturbances witlifferent traffic dynamics characterized by both
lateral and longitudinal traffic movements, such as the pinned and moving localized regions
as well as the stepndgo traffic of the congestion regime. Such finding is reinforced by
the magnitudes of theSSCIRs with a 3D distributiorHgure12 on pg.77) characterized
by one clear peak. This peak representsibleest risk area for SS collisions.

From the obtained results of themeans, we can ascertain the limitations of the
approach, specifically from the FD dataset. The convex form that is forcadenttusters
(by construction of the-kneans algorithm)jmits 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 fréw regime will leavdittle space for the kneans clustering

to develop into omplex, table set of centroids that tessellate the FD-flemsity space.
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Nonetheless, the obtained results, both in the FD and the CIR datasets provides us with
useful, albeit basic, insights asthe densityflow vs. CIR underlying structure.

To overcone 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 ancetborresponding CIRs. Such techniques are the
Hierarchica Clustering(Ward, 1963, the Affinity PropagationKrey and Dueck2007)
and the DBSCAN algorithnister et al., 1996Hierarchical Clustering is a general family
of clustering algorithms that ddinested clusters by merging or splitting them succebsiv
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 onvex clusters. Affinity propagation, on the other harggs similarity
between pairs of data points as an input. Messages are then exchanged between data points
until a set of Aexemplarso and clusters emer
asareas of high density separated by areas of low deisigrefore, 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 seledted 3&
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 spestdtigtic =-2.671, p
= 0.020) for lag 2. However, in lag 3 only flow (t sséit = 2.062, p = 0.062) is significant.

Additionally, the Granger Causality-tEst revealed that the null hypothesis stating flow
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and speed do not cause CIR is rejected (044).at the 5.0% significance level. For the

SS CIR equation, lag 3 shows st#tial 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 = 0.06R The Granger Causality-test shows that the null hypothesis of speed
not casing 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 twoout of the three time lags. Since headway is the inversewf flas

finding suggests that CIR increases with decreases in headway. Alibnhevresult of a
negative correlation between CIR and speed, observationgHigure 10 (pg. 76) of the
highest magnitde 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 betwspaed 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 analysigigtire12 (pg. 77) andFigure13 (pg.

79).

5.1.5 Principal Component Analysis
Separate RE and SS PCA was conducted using ten dimgngifber standardizing
each dataset, Eigatecomposition allowed for the selection of five principal components.
For the RE and SS datts, the five PCs account for 97.3% and 98.2% of the explained
variance, respectively. Even though the highest CIR lediwa occurs for PC4 for both

datasets (0.6838 for RE and 0.9394 for SS), differences between the traffic characteristic
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weights for 24 are observed. Downstream flow (0.4418), downstream speed (0.4118),
and upstream speed (0.2678) have the next higheights for PC4 for RE collisions.
Delta_speed (0.1938), delta_flow (0.1707), and upstream speed (0.1518) have the next
highest weight$or PC4 for SS collisions. For both types of collisions, these findings align
with the preceding analyseRE and SS CIRbkave 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 collmn-forming traffic conditions. Moreover, the correlation
between SS CIRs and change in upstream and downstream speed and flow @uld be

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 plafttheoriginal data (Daganzo ar@eroliminis 2008)
and then the reconstruction MFDs using the method ofXigset al, 2013)are presented
for selected collisions. These selected collisions are chosen based on their representation
of distinctions thatvere empirically observed from the datasets; for both total and partial
lane closure collisions, collisions occurredhie free flow, transition, or congested regimes
of the fundamental diagram as defined(ly et al, 2012) Figure14 (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 showgrsficant dissipation/reduction in
scatteringlt is interesting to note that for the transition and congested regime cwlisio
(rows 2 and 3 oFigure 14 on pg.86), there is a bigger drop in capacity (both flow and

density) compaie to the fredlow regime collision (row 1). This result aligns with
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previous esults(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 collisidnigure 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 regjis®n (row 1 of
Figurel5on pg.87) shows a bigger capacity reduction than the transition and congestion
regimecollisions (rows 2 and 8ndFigurel5on pg.87). Such results could be duett®
different internal dynamics associated with the different regimes of the fundamental
diagram and tht the process of larEhanging 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 sioliswith
total (left column) and partial (right column) lane blockage. It is observed that for the free
flow collisions (row 1), thecollision link has the highest capacity, while the averaged
values of the link plus 5 and 10 upstream links have thesibeapacities. This supports
the previous findings that when collisions occur during the free flow regime, there is a
higher impact orthe upstream network, especially for collisions with only partial lane
blockage. For the collisions occurring during tfansition 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 upstredor totally and partially blocked lane collisions,
respectively. Clearly differences can be seen for the different traffic regifsora for

both total and partial lane blockages. This could give insight into changes in MFD values
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and likelihood of tle formation of the different types of collisions. To explore further into
this idea, the PCA modeling results are discussed next.

Sepaate total and partial lane blockage collision PCA analysis was condusiteyb7
dimensionsThese dimensions includenkaclosure (full and partial) time, flow, and density
for the collision link at the time of collision, flow and density for the caliidink 5, 10
, and 15minutes before the collision, and the differences between flow and density for 5
10, and 15minutes before the collision occurrence. Additional variables include the
described collision link variables for the collision link pRs5, and 10 upstream links
(weighted averaged valuesifter standardizing each dataset, Eigltomposition
allowed for the selection of ten principal components. For the total and partial lane
blockage collisions, the ten PCs describe 99.3% and 96f%e explained variance,
respectively. The highest lane closure time correlation occurs for PC6 (0.6609) for total
lane bocked collisions and for PC9 (0.7412) for partial lane blocked collisions. The highest
traffic characteristic weights for PC6 for tteeal lane blocked collisions are observed with
the 10minute difference in density for the collision link (0.2827), Baeand 10 minute
differences in density for 2 links upstream (0.1751 and 0.1721), tharifie difference
in flow for 5 links upstram ¢0.2863), and the fhinute difference for 10 links upstream
(-0.2712). Regarding the partially blocked lane collisigdhe highest traffic characteristic
weights for PC9 are observed with thednd 10minute differences in density for the
collisionlink (0.2256 and0.3692), the 10ninute difference in flow for 2 links upstream
(-0.1358), the 10and 15minute differeres in flow for 10 links upstream (0.1396 and
0.2136), and the X@Gnd 15minute 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 closeitimes do not have significant weights for any of the flow or
density values at the collision link or the averaged upstream linkde \tiere is some
overlap in the significant difference values, the weights and their signs differ. These
differences andnique relationships between closure times and the type of collision can be
used for control/monitoring purposes in identifying poidly dangerous collision

forming traffic conditions.
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Flow vs. Density for Link 1388 on 10/8/13
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Figure 14: Total Lane Closure Collision Flow vs. Density and MFDs for the Collision Link Plus 10 Upstream Lin}
for Collisions Occurring in the Free Flow, Transition, and Cagestion Regimes
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Flow vs. Density for Link 5006 on 11/27/13 Flow \3/§ Density on 11/27/13 for Link 5006 + 10 Upstream Links
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Figure 15: Partial Lane Closure Collision Flow vs. Density and MFDs for the Collision Link Plus 10 Upstreal
Links for Collisions Occurring in the Free Flow, Transition, and Congestion Regimes
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Flow vs. Density for Collision on 10/8/13 at Link [1388] Flow vs. Density for Collision on 11/27/13 at Link [5006]
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Figure 16: Total (left column) and Partial (right column) Lane Closure Collison Flow vs. Density and MFD Methoc
of Cuts Reconstruction for the Collision Link Plus 2, 5, and 10 Upstream Links for Collisions Occurring in Free Flo
Transition, and Congestion Regimes
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5.3 Driving Simulator Results
Trajectory data extractedoim the driving simulator experiment are analyzed in the

following subsections.

5.3.1 Descriptive Statistics

In total, 57 subjects participated in the driving simulagperiment. Howevesince
only 55 subjects completed the experimenty their data is wed 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 thistridution can be seen kigurel7 (pg.
90). There were 21 college students and 34 high school students who drove in the
experiment, with 36 teenagers and 19 tegnagers. From the pestperiment survey,
only 3 participants reported being involved irdalision as the driver within thegst 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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Velocity Variance Distribution
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Figure 19: Velocity Variance Distribution for Driving Simulator Experimen t

5.3.2 Correlation Analysis

For this next sectiorfable10 (pg. 92) should be used to identify each of the collision
warnings (including no warning). To justify the emphasis and focus of this reseaage o
in relation to collision warning effectivenesstatistically significant relationship between
age and the variables of interest first refedbe establisheds seen irTable11 (pg. 93),
usng Spearman correlation analysis, age and velocity varlzaea negative statistically
significant relationship, age and reaction time for the auditory with informative symbol
warning have a positive statistically significant relationship, and ageraagdtion time for
auditory with informative alphanumeric warningvieaa positive statistically significant
relationship.Figure 18 (pg. 90) and Figure 19 (pg. 91) show therelatively normal
distributions of mean velocity andelocity variance, respectively, allowing for the
inclusion of these variables in this analy$ihile the researchers use an 80% confidence
interval to determine which-palues 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 bottauditory with informative symbol and informative alphanumeric
warnings increass. This could meathat younger(high school age/teenagdjivers are

more responsive to informative collision warnings and that these types of warnings are
more useful for tld demographic of the driving population.

In addition to looking at agspecifc parameters, overall effectiveness of the tested
collision warnings is important to understafigble 11 (pg. 93) shows the Spearman
coefficient and pvalue for collision occurrenceit each warning typand the reaction
time assoated with warning type. Collision occurrence for auditory with-mdarmative
symbol warning and auditory with nenformative alphanumeric warning both have
positive statistically significant correlatiomgth their corresponding reaction times. In
othe words, collison 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 selectdareshold of 0.20 are considered to be stasiBjisignificant.

Table 10: Collision Warning Type Label

Collision Warning Type Label

No Warning 0

Audio Warning Only
Audio with Nontinformative Symbol
Audio with InformativeSymbol
Audio with Non-Informative
Alphanumeric

Audio with Informative Alphanumeric

g b (WIN|PF
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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 Warning0 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 26est® were performed fahe 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 showrabie12 (pg. 94) and
Table 13 (pg. 94). When compared with college students, high school students have
statistically significant lower reaction times for auditory with foformative symbol
warning and higher mean velocities amdogity variances. When comparing teenagers vs.
nonrteenagers, these results hold true except that the result for velocity variance is not
statistically significant.

Since similarities are seen for the two subsets of subjeaetststare performed beten
the reaction times for high school students, college students, teenagers, and those subjects
in their 20s. The results are shownTiable14 (pg. 95) throughTable20 (pg. 98). While
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all possible comparisons were performed, only the tables with statisticallyicaghif

results are presented below.

Table 12: T-Test Results for High School vs. College Students

High Schoolvs College
T- P-

Statistic | Value
TOtgL'n'i‘;{gggr of | 0658 | 0513
RT O 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. Nefieenagers

Teenagersvs Non-Teenagers
T- P-

Statistic | Value

ng'oh'i‘;irgﬁgr of 0.297 | 0.767
RT_O 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_O
T-Statistic P-Value
RT O 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 student@able14 on pg.95), when compared to the reaction time for no
warning, the reaction times for auditory mveng only, auditory with nofinformative
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 waighallows for a quicker reactida a potential collision on
the roadways. Trying to understand further into the effectiveness of the different types of
tested warnings amongst the same subgKdable 15 on pg.96), when compared to
auditory with norinformative alphanumeric warning, the auditory with aoformative
symbol ad the auditory with informative alphanumeric warnings had statistically
significantly lower reaction timeS§uch resulthat leads the researchers to beliewa the
college students reacted faster to informative alphanumeric warnings aidoromative
symbol warnings with audio compared to the-mformative alphanumeric warning with
audio. Looking at the high school student resiliable 16 on pg. 96), statistical
significance was found for the lower reaction times for auditory with informative symbol,
norrinformative alphanumeric, and informative alphanumeric warningsnwompared

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_O 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(28ble17 on pg.97), auditory
with nonrinformative symbol warning, informative symbol warning, and informative
alphanumec 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 noAnformative alphanumeric warning when compared to the audio with
non-informative symbol warningTable 18 on pg.97). Additionally, it was found that
when compared to audio with namformative alphanumeric warning, audio with

informative alphanumeric warning hadaavier reaction tim¢Table19 on pg.97).
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Table 17: T-Test Results for NonTeenagers with Baseline of Warning 0

Non-Teenagers RT_O
T-Statistic P-Value

RT O 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 NonTeenagerswith 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 teenage(3able200on pg.98), statistically significant-test results were
only found when comparing the reactiimes for the various warnings to the no warning
baseline. Auditory warning only, audio with informative symbol warning, audio with non
informativealphanumeric warning, and audio with informative alplimeric warning had

lower reaction times.

Table 19: T-Test Results for NonTeenagers 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

TeenagersRT_0
T-Statistic P-Value
RT_O 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 Vehicl€ase Study

One of the contributions of this dissertation is the demonstration that-ihelaflive
PT-based microscopic traffic model has the ability tdude connected and autonomous
vehicles To accomplish this, a basic case study is presented utilizing the methodology
presented irbection3.3.5 A 3,000 meter, foutane, limited access highway is silated
with a desired veldty of 35 m/s and an input flow rate of 2,200 veh/h. An image of the
simulated roadway is seen Figure 20 (pg. 99), with the colored dots representing
vehicles.When the lead vehicle in the lafiost lane is between 500 meters and 1,000
meters down the roadway, it decelerates to a velocity of 1@mmisiate congested traffic.
To testhow connected and autonomous vehicles affect the overall traffic conditoket
penetratiorrates (MPR)s of 0%25%, 50%, 75%, and 100% of connected and autonomous
vehicles are tested, with the complimentary percentage being made up-edupped,
human driven vehicles. Travel time and the flow vs. density plots are theesalts that

are used to assess th#atences in traffic that are observed between the various MPRs.
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Figure 20: Simulated Road Segmet for Connect and Autonomous Vehicle Case Study

FromFigure21 (pg. 101) andFigure22 (pg. 10]) it is seen that at el tested MPR,
the autonomous vehicles consistently led to lowavel 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%-eguipped or human driv&rThis is consistent
with the thought that ablver MPRs, there add be anegative effect of the inclusion of
these technologids vehicles that travel opublic roadwaysAdditionally, even with the
100% autonomous MPR, there is only a 14% increagavel time compared to the 100%
non-equipped vehicles. Such obsation could be different with a more robust connected
and autonomous vehicle moddbut this shows that even with the technological
advancements, there are still limits to how much impr@réncan be made from a
congestion/travel time perspective

The flowvs. density plots comparing the connected vehicle MPRs and the 100% non
equipped vehicles are shown kigure 24 (pg. 102), while the flow vs. density plots

comparing the autonomous MPRs and the 100%eguipped vehicles are shown in
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Figure 23 (pg. 102. For the connected vehicles, it is seen that the 25%, 50%, and 75%
MPRs flowvs. density plots appear to have a shape like that of the 100%qugpped
vehicles, with a linear increase ah@n a decrease in flow at the same density that appears
when the traffic slowdown is introduced. However, with the 100% MPR, piitern
appers to not be as prevaleatditionally, if the linear relationship of flow being equal

to the product of speesihd density is considered, the slope of the flow vs. density graph
represents the speed. With this in miRayure 24 (pg. 102 shows the highest speed for

the 75% MPR of connected vehicles. However, the greatest flow capacity is seen with the
100% MPRIn terms of autonomous vehiclésgure23 (pg. 102 shows that the 25% and

50% MPRs of these vehicles appear to show a similar capacity dropehE2Q#o non
equipped vehicles show in terms of shape. However, it should be noted that for the
autonomous MPRs, greater flows are achievedllailPRs. Furthermore, the 75% and
100% MPRs perform very similarly in terms of the flow vs. density plots, andmipt
achieve higher flows, but also slightly higher density capacities in comparison to the 100%
norrequipped vehicles.

Overall, decreasem travel time for both the connected and autonomous vehicles
higher MPRs are observed. Stability of traffic (refeg to the more linear shape of the
flow vs. density plots, which is where frlew traffic is observed) increases with low
MPRs of autonmous vehicles and high MPRs of connected vehicles. These results show
that velocity perturbations affect successiehicles on the experimental roadway
differently with the presence of connected vehicles compared to autonomous vehicles.
While this case sdy uses a limited implementation of connected and autonomous

vehicles, future work can adjust and expand this fraonke. For example, a better
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incorporation of a connected environment, testing of various deployments/distributions of

these equippedehicles, and an expansion for network testing are recommended.
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Figure 21: Travel Time for the Different MPRs of Connected and Autonomous Vehicles Tested
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Flow vs. Density for CVs Compared to NE Vehicles
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Figure 24: Flow vs. Density for Connected Vehicle MPRs Compared to NeBquipped Vehicles
Flow vs. Density for AVs Compared to NE Vehicles
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Figure 23: Flow vs. Density for Autonomous Vehicle MPRs Compared to NeEquipped Vehicles
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Chapter 6 : Calibration and Validation

Even thoughChapter 5Soffered additional insights into collision formation trends in
different sites and thumh different data analytics methods, there is sti#ed 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 i@hapter 3and the resulting collision involvement rates with and without

the incorporation of different safety warning systems.

6.1 Calibration

Due tothemi cr oscopi c traf f i csisenihaterdemebus waffic mode | 6 ¢
occurrences and the interactions between vehicles, it is important to obtain optimized
parameters for the cémllowing model presented iBection3.3.1 This optimization takes
on a nonlinear form and needs tme numerically solvedlherefore, ajenetic algorithm,
which can be classified as an artificial intelligence metodhas previouy beenused
to calibrate microscopic traffic models (ColombarandlFusco, 204; Schorret al.,2016)
was selected foradibration The chosen genetic algorithm meth@fdamdar et al., 2009)
directly conpares a set of observed trajectories to a sefjctoriesobtained from the
microscopic simulation Calibration isconducted by comparing the observedder
follower pars and their specific driving dynamics with those from the simulated
microscopic simulatiomodel.To allow for consistency, at theginning of the simulation,
the relative velocity and gap distance are initialized to equal the observed Vdiaes.
calibration performance measure for the following section is the relative velocity measure

which is equal to:
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Yoo o0 0 o 0 0 (6.1)
Whereu 0 is the velocity of the leader from the observed data atttemeld 0 is
the velociy of the simulation follower at time Thisvalue can have a direct comparison to the
relative velocity from the collected data/ 24(t).
A mixed error term is selected as the type of error to be minimized. This selection is
due b the #&solute erronot beingsensitiveenoughto small changes in the empirical data
and the relative error being teensitive to small changes. Specificallyneed relative

velocity error terms used as the objective function and minimized in the caldiraf

definition of this term is given as:

. p 0 v 62)
O v
SUBEIIN SV
Where0 s the time series afimulateddata,v is the time series of empidat
data, and——— isthe temporal average of thiene series with duratiogp T

In addition to theobjectivefunction, also known as the fitness functjaihe genetic
algorithm involves using chromosomes &piresent sets of goal calibration parameters.
During each chromosome generation, the mixed error fithesaldslated,and greedy
selection is used to pick the parameters with the 10 best fitoesss. These become
parents that are then used to genaritemosomew/hich arecombined to create children.
During this combination, a crossover point is chosen using random selection, asd gene
except for the chromosome with the single best fithemgsare randomly mutated with a
probability rate of 10%. Athe beginning, a fixed number of generations are assessed, and
the process ends whtre fithess score drops belowe2®@r there is no improvement during

20 successive chromosome generations.
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Data from the driving simulator experiment wased to condudhe calibration of the
updated PIbased modelCalibration was conductefbr each neacollision and caf
following sectionin the driving simulatoexperimenfor each individual driver using the
definedgenetic algorithm procesSince at each nea&ollision secthn the subject drivers
were exposed to one of the previously defined collision warnings, each segment is
associated with avarning typéscenario type (includingarfollowing and newarning).

For the rest of the céiration and validation sectisrwhen a warning type/scenario type

are referred to by numbeFable21 (pg. 105 will be referenced.

Table 21: Calibration and Validation Warning/Scenario Type Numbers

Warnin g/Scenario Type Number
carfollowing 0

no warning

auditory only

auditory + noAnformative symbol
auditory + informative symbol

auditory + noAnformative alphanumeric
auditory + informative alphanumeric

OO W|IN|F

TheupdatedPT-based trafficmd el 6 s par ameters were gener at
warning/scenarioeach driver encountered during the driving simulator experiment. This
allowed for the isolation of the model parameters for thefolowing sectionand the
testedwarning schemes, atuding the baseline of no warningablesof the generated
calibrated parametecrsin be seen iBections8.3 (pg. 173 to 8.9 (pg. 179, representing
Appendices C1 through CEach table shows the calibrated parameter vdaresne of
the warningscenaridypes as well as the age awhool level of the subject who completed
the experiment segmens well as thenixed velaity 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 calibrationludes, t he dr i ver 6sossesemsi t i vi |
terms of travel timeWm (wnm), thedr ver 6s ri sk aversion measur e
losses compared to gaina/c (we), collision weight,Tmax (Ghay), t he ndximumer 6s
anticipationtime horizonU, t he driverdéds uncertainhy of he
t he dr i v e (iMpstierce o thé surroundikgyironmentTcorr ( &), the intra
driver variability correlation time, anRT (U, the driver reaction timéHamdar, 2008)
Thesgrarameters, their meanings, and theitsarepresented ifable22 (pg.106). Mean
values,andthe standard deviatioof the calibrated parameteiia each scenario/warning
type are shown iffable23 (pg. 107). It should be notedat the results frorable23 (pg.

107) were obtained by only using the calibration results that yielded mixed velocity errors
of 25% or less. Furthermore, instead of simpimulating testing scenas 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
o) Driverods Sensitivity of Gai
W Driverds Risk Aversion Meas

Compared to Gains

We Collision Weight
Ghax Dr i ver 6s AndapatiomTime Horizor(seconds)
U Driverd6s Untemdangt Yebi ci
b Driverods Sensitivity (Il mpat.i
Worr Intra-Driver Variability Correlation Time (seconds)
RT Reaction Timgseconds)
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Table 23: Mean and Standard Deviations for thre Calibrated Parameter Values for Each Scenario/Warning Type

Parameter 2 Win We Uhax V] b orr 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 | 151 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 | 480 | 1955 | 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 | 564 | 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. 057 | 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 | 541 | 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 | 545 | 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 thgarameters have on the simulation output traffic parameftss tae
extendedPT-based microscopic traffic model parameters were rebld 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,beforeusing the calibrated parameteosperformsensitivity analys.

6.2.1 Velocity Profiles and RMSE
First, each set of calibrated parameters was used in the modifieased microscopic
traffic model to simulate the driving simulator experimdritis was @ne by setting the

lead vehicldrajectory and velocity profileo the same trajectories and velocity profiles as
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the lead vehicles in the driving simulator experiméfter each of theseven segments for
the 55 subjects who completed #miredriving simulator experimerdnd the 2 sijects
who completed only some of the driving experimeate simulatedplots of the velocity
vs. longitudinal distancfor the entie simulatedrajectoryalongside the driving simulator
datawerecreatedAll the plots can be found in Appendix D $cion 8.10(pg. 180. A
sample plot is shown below Figure25 (pg. 110). From a visual inspection, it appears
that the reproduceeklocity profileis quitelike the actual experimentaklocity profile In
the figure, maximum and minimum velocity values appeabbth plotg¢o occur around
similar longitudinal locations, which supports the accuracy of the parameter values
generated from the calibration effortsloreover, collisions occur around the same
longitudinal locations for both sets of data, as highlighg the blak ovals on the figure.
However to obtain a quantifiable metraf the accuracy of the simulated velocity profiles,
the root mean square err®NISE) andthe normalized root mean square erfdRMSE)
calculationswereperformed(Mohanty et al.2015. The NRMSE was normalized tsed
on the range of valued)d difference between the minimum and maximum, of the driving
simulator experimentThis allows for a better interpretation of the error between the
original and reproduced velocity profilesnd an appliable test of accuracy for the
calibrated parameter®nly data with NRMSE values less than 30% were used for the next
steps of the sensitivity analysis. The following talflesble 24 on pg.111through Table
300n 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 datlowing scenario and includes 50

usable data entrie$able25 (pg. 112 shows the43 usableno warning scenarientries.
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Table26 (pg. 113 has the 28 auditory only warning entries with less than a 30% NRMSE.
44 and 9 entries ampresented iffable27 (pg. 114) for the audibry with noninformative
symbolicvisualwarning andlrable28 (pg.115) for the auditory with inforrative symbolic

visual warning, respectivelyTable 29 (pg. 116) contains the 36 subject runs with
acceptable NRMSEs for the auditory with Aaformative alphanumerigisual warning

and Table 30 (pg. 117) contains the 12 subject runs with adedye NRMSEs for the
auditory with informative alphanumengsual warning.Each ofthe rows in these tables

has an associated set of calibrated parameters that are used in the subsequent sensitivity
analysisThe different numbers of acceptable data estfor each of the scenario/warning
typesareof interest due to the need to acdahamodel the trffic resulting from drivers
encounteringhese different scenarios/warning types. Moreover, it makes sense that the
two warning types that require the mbsiman interpretation (auditory with informative
symbolicvisualand auditory withinformative alphanumerigisual warningswould have

more entries with higher variability and thus lead to fewer usable data entries.
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Actual vs. Simulated Velocity Profile for Subject 50 For Entire Run Time
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Figure 25: Sample Plot of Experimental and Simulatedvelocity Profiles
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Table 24: RMSE and NRMSE Values for the CarFollowing 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 Schol 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 Teenagr 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 Cadllege 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 theAuditory 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 Cadlege 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-Teenagr 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 Shool | 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 theAuditory with Non -Informative Alphanumeric Warning

Subject ID ScenarioWarning 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 Schol 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 ¢ 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
a7 6 Teenager High School | 0.799 0.188
49 6 Teenager High School | 2.848 0.219
51 6 Teenagr 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 usihg results othe eight calibrated parameters having
the lowest NRMSE based oretlvelocity profiles of thexperimental vs. sulated data
To understand the statistical significarafehe change in calibration parameters based on
scenaridwarning type a oneway multivariate anbysis of variance (MANOVA) test was
performed using th&PSS software. MANOVAest results indicate wether the null
hypothesis that a specific exogenous variable has no statistically significant effect on the
change in calibration parameters can be rejected or nobrAsignificance value of 0.05
or less mat be achieved for the null hypothesis to éjected with statistical significance.
The author initially wanted to run twway MANOVA tests for scenario/warning type with
age and school level, but due to the low sample sizes for the auditory only wanaioyy
with informative symbolic warning,ra auditory with infomative alphanumeric warning,

thiswas 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 thisctlbe directly tested in SPSS, a linear
regression was conducted with the eight dependent variables (results si@ableBil on
pg. 118 and t he Ma h al &MDd Was sclieckedl.i The BID predes a
guantifiable measure of the degree to which there are outliers in the multivariate dataset
using a chisquare distribution and a p < 0.001 (Jobson, 1988. critical value of the
MD for eight dependent variables is.2845 (Washington et al., 2018)d the maximum
MD for the dataset is 16.751 as showiTable31 (pg.118), which is less than the critical

value. This leads to the conclusion that multivariate outliers are not pregeportinghe

normality assumption

Table 31: Linear Regression Residual Results fothe Eight Dependent Variables

Residuals Statistics
Minimum | Maximum | Mean S.td'. N
Deviation
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. Deletedresidual -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 0.0 0.013 | 222
Once the MANOVA test was run, multiple outguta bl es wer e gener ated.

Test of equality of avariance results are presented able32 (pg. 119. Using an alpha

equal to 0.08, if thep 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 sigaifiahrecis 1014,

this becomes the case for this MANOVA telsiext, Table 33 (pg. 120 displays the
MANOVA results for the impact of the scenario/warning types on the cabhbra
parameters. Looking & i |slTrade e significance value is less than 0.05th&we is a
statistically significant result that there are differences icafibrated parameters between

the scenario/warning typebo delve further into the results to understand whiciviked
parameters have the most I mpact, tEblds of
34 (pg. 120) shows thatve, Ghax andRT have statistically significant differences between

the scenao/warning types wittp or significance values of less than Q.0herefore, the
collision weighting, maximum anticipation time horizon, and reaction time were selected

as the calibrated parameesto betested 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
dfl 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
Pillai's Trace 0.384 2.452 0.000 0.064
Wilks' Lambda 0.656 2.594 0.000 0.068
Warning .
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 BetweenSubject Effects Results

Tests of BetweerSubjects Effects
Source F Sig. Partial Eta Squared
Gamma 1.239 0.287 0.033
Wm 1.146 0.337 0.031
Wc 3.871 0.001 0.097
Warning 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 ChosenCalibration Parameters
The sensitivity analysis for the three identified model parameatertiax, andRT) was
conductedusing threedifferent methods for allhe scenario/warning typeBor all three
methods, the mean calibrated parameters for theusasoenario/warning types were used
as the baselinend are shown iable35 (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 witlin therange of the minimum and maximum values observed for each
of the scenario/warning typeBable36 (pg. 121) has the sensitivity analysis tested values
for reaction timeTable37 (pg.121) has those for maximum anticipation time horizon, and

Table38 (pg. 122) shows the tested values for the collision weighting parameter.

Table 35: Mean Parameter Values for Each Scenario/Warning Types

Scena_rll_slr:le\)larnlng 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| 894 | 0.21 | 5.18 | 22.58| 1.90
2 0.73 | 1.76 | 105214.29 751 | 0.16 | 5.29| 19.25| 1.57
3 1.07 | 2.42|103795.45 753 | 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

Sce”"ﬂ%\’:w”'”g 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
2 157 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 2.10 252
5 1.56 0.78 1.17 1.95 2.34
6 153 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
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Table 38: Sensitivity Analysis Parameter Values for Collision Weighting

Sce”a“Tc;/F\:\éam'”g 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 thesensitivity of the specified parameters, a simple simulation was conducted

of a twaelane 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 agaiveleet2,500 m and 3,000 m, the lead

vehicle inthe left lane wasdrced to decelerate to 5.0 mFRor the first two sensitivity

analysis sets of graphs (change in spacing vs. change in velocity and the longitudinal

distance vs. time), only three vehiclesrevsimulated and only the following vehicletive

| eft | aneds
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two parts of the analysis to see how the changes in the parameters affected the car

following behavior of a@mple vehicle. In the third part of the sendy analysis (flow

vs. density), 100 vehicles were fed into the simulationex@pt forthe lead vehicleall

the vehicles were given the specified pagtan values and allowed tthangelanes on

order to dserve overall traffic trends

For each of th following three sensitivity analysis plot types, the tested parameters are

labeled according t@able 39 (pg. 123). More specifically, reaction time isbeled as
parameter 100, maximum anticipation time horizon is parameter 101, and thercollis
weighting is parameter 102dditionally, each of the tlee sensitivity aalysis plotdabels
the mean parameter value®a$0% of the mean ds 75% of the man a2, 125% of the

mean a8, and 150% of the mean 4s
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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 preseageAppendix E iBection8.11
(pg.190). These graphs show plots of the change in space headway vs. change in velocity.
Each ofthese plots has sets of arrows showing the direction of the chargpecing 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, fillowing 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 vbbigiles
closing the distance between itself and its leader, creatingiler space gaps, and
eventually the following vehicle must also decrease its speed to avoid a coHisiohe
plots for the reaction time parameter changes, the largest changeingspaeen for 75%
of the mean (green line) in the datlowing, auditory only warning, and auditory with
norrinformative alphanumeric warning scenaridhis result shows that with a decrease
from the optimized reaction time value, the following vehidtiver is allowing for both
greater gaps and greater change<loaity 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 norinformative symbolic warimg scenario shows what one might expect
with the order following equentially 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 driveresults disfay at first a sequential order for 50% and 75%, but
then jumps tdl50%, and the mean value with the highest differences and the 150% with
the lowest differences in spacing and sp#&glile these results may appear odd at first, it
should be reinforced thaaverage parameter values for the other key seven model
parametersvere 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 amtipation time horizon, it is interesting to note that it migbexpected

to see the greatest differences in spacing and velocity with the 125% and 150% of the mean
Tmaxtime since there is a greater anticipation that perhaps the lead vehicle willeontin

its current path with its current velocity for a longer amountirme. This pattern is
observed for most part with the eaftlowing, the no warning, and auditory with
informative alphanumeric warning scenarios. However, for the remaining
scenario/warimg types either the 50% or mean value of the parameter showethiegjr
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 fo
the second (smaller) deceleration loop. This result csludv sane learning with these
warning types (auditory only, auditory with nanformative symbolic, auditory with
informative symbolic, and auditory with némformative alphanumericRegardingthe
collision weighting parameter, lower changes in spacing anditielmight 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 andityel®ucha result is

consistent with the cdpllowing, no warning, auditory only warning, and auditory with
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informative symbolic warning scenariddowever, for the auditory ih nonrinformative
symbolic, and auditory with both nenformative and infamative alphanumeric warning
scenarios an almost inverse pattern is obsedthding such as this could mean that
when drivers have these types of collision warnings available, eibnthe higher
weighting of collisions, they are more comfortable tgkiisks because of their belief that
a warning will supply them with enough time to avoid a collision.

The second part ohé sensitivity analysis involvetthe plotting of the trajecty (x
position on the longitudinal roadway axis vs. the time t) for #aelchanges in the selected
parameter value®\ppendix F ofSection8.12 (pg. 197) displays the resulting plots for
each of the scenario/warning typéite thatthese plots prove tbe much mordlifficult
to decipher due to the similarity and how cleseh lines plotted next to the other ftie
different parameter valueRegarding theeaction time plotsfor the caffollowing, no
warning, and auditory only warning scenariegher the 50% r075% of the parameter
meanvaluesare distinguishable amking the longest to accelerate and decelerate in
response to t he |Thisauldbeihterpreteaas the dmvens witmfastet .
reaction times can wait longer to react to their@unding traffic than those drivers with
slower reaction ies. 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 tbadway regardless of his/her reaction time.
For the maimum anticipation time horizon parameter, the 75% of the mean leglue
the drivers traveling further down the roadway before decelerédirgzcommodate a
slower velocity for the no warning, auditg only warning, and the auditory with

informative symbolic warningThis 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 decelerating lead vehicladditionally, the caifollowing, auditory with non
informative symbolic warning, auditory with nemformative alphanumeric warning, and
auditory with informative alphanumeric warning scenarios display slightly longer
distancesraveled before responding 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, theseenario/warningtype drivers feel more
comfortablewaiting to adjust to theileader vehicles when they feel they have a longer
anticipation timeof what their leader with dd-inally, with the collision weighting factor,
there is no clear difference between weighting factors for thfotawing scenaripwhich
makes sense sinsabjects did not experienaeearcollision scenaris for this sectionin
the driving simulatoexperiment Next,the mean, 125% or 150% for the parameter value
showed longer distances traveled before a driver reacted to the deadtration fothe
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 thatfotvarning scenario
and allthe warnings with a visual component, tévers either trust themises 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 vstylplugs
presented as Appdix G in Section8.13(pg. 208). Each figure only shows the plots for
the section of the flow vs. density plots that havegative slope, representing when traffic
leaves the fredlow regime andcenters the one or moré thhe congested regimesor 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 traffi into congestionSuch esult 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 manheterms of the maximum anticipation
time horizon parameterevery 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 tihéne hi
parameter values. Thcould 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 toethimeht 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 equivabere anotheSuch findng
could imply thatdrivers with this type ofthe warning show better anticipation that could
be related to a learning effect induced by warning itself allthescenario/warning types,
comparable patterns with the lowest relatcollision weight yielthg 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 manrethat can both improvancrease 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 behavioiThis being that parameter valusit allow for higher rodway

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 performaisafey and congestioriy al® largely dependent on

the interactions between the parameters for the seven tested scenarios.

6.2.4 Lateral Trajectory Coefficient Distributions

From thedata entries with the lowest selected NRMSE values;diftler polynomials
were fitted for scenarivarning types 2 through 6. Only these scenario/warning types were
selected because these were the only scenarios in which-ehkmge was conducted by
the subjects in thariving simulator experimenErom the lateral trajectoiyf the modified
PT-basedmicroscopic traffic simulation model as describe8ention3.3.3 the fifth-order
polynomial takesontheformaf 6 6 ®w 6 @ Ow Ow "Ow. Since the initial
coefficients for he lateral trajectory are only f@, E, andF, those are the coefficient
values that were fitted using the lateral trajectories of the driving simulator experiment.
These values for the tested scenarios where sulbpattpart in laneehanging are found

in Table40 (pg. 129 throughTable44 (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

201745

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

2668037

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

1.23%99

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 calibratesktendedPT-basednicroscopic traffic modetwo links from
the KEC dataset (presentedSaction3.2.2 with two lanes in each travel directiorere

chosen to simulat&he reasom g

behi
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Figure 26: Selected Link Two

were calibrated for a twlane roadwayit seemed logical to try to capture both the
microscopic and macroscopic traffic phenomena associated with the sanoé typdvay

for the sake of consistenchoosing the two links for simulatiomvolved filtering
through the links with two travel direction lanes and finding-exad and agled hourly
collision involvement rates. The two linkslespite not being adjateon the actual
roadway, were simulated sequentially diod this validation section, their CIRs are
combined by type since the reamd and angled CIRs are combined by tigwehe model
simulation.Images of link one and link two are displayedFigure27 (pg.132 andFigure

26 (pg. 132, respectively.The specifications of the selected links for simulation are
provided inTable 45 (pg. 132 and Table 46 (pg. 133 shows the angled and reamd

collision involvement rates in vehicles involved in collisions per MVMT.

Table 45: KEC Link Specifications for Simulation

Upstream | Upstream | Upstream Downstream
Link Le(rr:]g)th Flow Density Speed I[:)I(()) V\Xln(S\:I ;%Y; Density %nggztr(?/g
(veh/h) (veh/km) (m/s) (veh/km) P
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
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Table 46: KEC Link CIRs

Analed Upstream | Downstream | Rear- Upstream | Downstream
Link C?R Velocity | Velocity Bin End Velocity Bin | Velocity Bin
Bin (mph) (mph) CIR (mph) (mph)
One - 146.1 55 55
Two 152.4 55 65

Once the links were implemented in the extended&3ed microscopic traffic model
for simulation, 36,000 timesteps or 1 hour of simulation tmtla a 0.1 second timestep
was run for the average calibratioarameters for each scenario/warning tgpscrbed in
the previous section$he following two sections presethie macroscopic and orbscopic

results of these simulation runs.

6.4 MacroscopicOutput
After each scenario/warning type was simulated usingxtended P¥ased model,
collision involvementrates were calculated using 5 mph apd downstream velocity
bins. Theresults for each velocity bin combination are presentethbile47 (pg. 134),
where the blue cells represent read CIRs and the orange cells represent angled. CIRs
To look at the total CIRs for both reand and angled collisionsigure28 (pg. 135 shows
a bar chart each Bltype for the Korea data and the simulated scenario/warning types.
It is promising to see that for the efllowing calibrated parameters, the simulation
produced both total re@nd and angled CIRs that are witithe same magnitudangeas
the KEC dé#a. Such finding can be used to support the use of theopeapextended RT
based model as r@alistic traffic simulation toolNext, when looking at how each CIR
changes with the calibrated parameters used fonth&arning senario and various

warning ype scenariggnsights on the effectiveness of the differearning types can be
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gained With no warning, and the warnings that include a visual aspect, significant
decreases in both reand and angled CIRs arbserved. However, with the auditory only
warning, even though a decrease is seen for the angled CIR raasmdn reaend CIR
occurred. One possible explanation is that an auditory warning in the form of the tested
beeps could end up being more disiragthan helpful for driversAdditionally, no reas

end or angled collisions occurred during the simulation with the calibrated parameters for
the auditory with nofinformative alphanumerigisual warning it could be argued that

this warning type, deast for the selected simulation setuphesrost 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 Tye

Scenario/Warning Type

Velocity Bin Combination KEC
(upstream, downstream) Data 0 1
(mph, mph)) Baseline

(45, 45)
(50, 40)
(50, 50)
(50, 55)
(55, 40)
(55, 45)
(55, 50)
(55, 55)
(55, 60)
(55, 65) 152.4 | 100.4
(60, 50) 61.3
(60, 55) 9.6 5.7
(60, 60)
(60, 65)
(65, 50)
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Rear-End and Angled CIRs for The Simulated Scenarios
Compared to the Korean Baseline Data

N RE

1601 s Angled
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120 -
100 -
80 -
60 -
40 -
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. 1 L 1

o = ™ (44} < N O

CIR (Number of Vehicles Involved in Collisions per MVMT)

Korea

Scenario

Figure 28: Simulated vs. Korean Link Collision Involvement Rates

6.5 MicroscopicOutput

While there are no specific vehicle trajectoreesilable from the KEC to compare
lateral trajectory and posbllision movements against, these outputs from the tested
simulation model are compareganst one anotheRegarding thdateral trajectories,
Figure29 (pg. 136) throughFigure35 (pg. 139 display sample lateral trajectories &ach
of the scenario/warning typeH. should be noted again that the -falfowing 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 hveith t

macroscopic CIR results, addttee realism and validity of the model.
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Sample Lane-Changing Trajectories for Scenario/Warning Type 0
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Figure 29: Lateral Trajectories for Scenario 0

Sample Lane-Changing Trajectories for Scenario/Warning Type 1
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Figure 30: Lateral Trajectories for Scenario 1

136



Sample Lane-Changing Trajectories for Scenario/Warning Type 2

Lateral Distance (m)
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Figure 31: Lateral Trajec tories for Scenario 2

Sample Lane-Changing Trajectories for Scenario/Warning Type 3
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Figure 32: Lateral Trajectories for Scenario 3
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Sample Lane-Changing Trajectories for Scenario/Warning Type 4
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Figure 33: Lateral Trajectories for Scenario 4

Sample Lane-Changing Trajectories for Scenario/Warning Type 5
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Figure 34: Lateral Trajectories for Scenario 5
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Sample Lane-Changing Trajectories for Scenario/Warning Type 6
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Figure 35: Lateral Trajectories for Scenario 6

Postcollision trajectories for one angled collision for tte-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 siongatigure36 (pg. 140
throughFigure39 (pg. 142) present the output pesbllision trajectories and are indicative
of most of the angled colisn which occur due tan unsafe lane change of vehicle V1
into the adjacent lane. From the results ofribevarningand auditory with informative
symbolic warning scenarios, it appears that the second vehicle involved in the collision V2
has a startingregle of approximately @egrees with i&pect to the horizontal. The two
deviatiors from this are shown in the pasillision trajectoriegor the carfollowing and
auditory only warning scenaspwhere V2 appears to have an approach daggthan O.
Sud finding is consistenwith the higher angled CIR found for the auditory only warning

scenario as shown iRkigure 28 (pg. 135. It should be noted that the pagillision
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trajectories shown in the figures specified abovendt accurately reflect those that occur

on actual roadways. HE chosensimple postcollision movement modujedespite this

major limitation, allows for faster simulation, the occurrence of collisions, the movement

of surrounding vehicles once collisiods form, and the keeping of pestllision vehicles
ontheroaday 1| mmedi ately after collision format.
are no other microscopic traffic simulation models that allow for these aspects with the

combination of th@thermodules that make thiBT-basedall-inclusive model unique.
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Figure 36: Post Collision Trajectory for Warning/Scenario Type 0
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Figure 38: Post Collision Trajectory for Warning/Scenario Type 2
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Post-Collision Movement for Warning/Scenario 4
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Figure 39: Post Collision Trajectory for Warning/Scenario Type 4
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Chapter 7 : Conclusions andFuture Work

The methods adopted and results obtained in this dissertation may be translated into
multiple safety ecommendations and guidelines. These recommendations and guidelines
may be used by different transportation decision makers to improve roadway driving
envirorments Additionally, they may constitute the basis for further research work

associated with muftie modes of transportation and different scales of traffic networks.

7.1 Conclusions

Overall, this dissertation presentsbust methods of traffic data anak/drom the
macroscopic and microscopic perspectives and develops a microscopic traffic simulation
model that can be uséal assess traffiat both levelsFirst, this dissertation usasnethod
to address collisions by relating them to their correspontlatfic parametersA better
understanding of traffic issues that lead to collisions is obtaigdohking the ollision
involvement rates by typgndshowng the different parts of the flow vs. density diagram
that yield the highesand most frequentates Next, data from the Korea Expressway
Corporation network were used to look at how {iakd sb-network level aggregation of
traffic parameters affect the interpretation of the macroscopic fundamental diagram. This
is important because many traffic nagement centers and traffic analysts use M&Ds
assess t hentirBtrecanetivanke. Rsufts from this section show thiiere
could be a way to mitigate the negative consequences of collision occurrence on roadways
with the closure of specifianes of traffic on a certain number of upstream links. However,

there is a potentiglroblemwith the aggregatiorof an entire networkThis leads to the
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conclusion that the microscopic perspective is needed to truly understand collision
formation andhe related prevention and mitigation techniques.

Moving to themicroscopic traffic perspective, éhvarious parts of thenplemented
microscopic traffic simulation model were presented. The extendeda®dd model
includes P¥based acceleration/cénllowing, lanechanging with lateral trajectory, and
postcollision movement. Moreover, a brief studysgling that connected and autonomous
vehicles can also be incorporated into the model is presentad study, different market
penetration rates dWoth @mnnected and autonomous vehicles are assessed. Results indicate
thatthe improvements in travehtie and traffic stability are not as great as one might expect
evenwith higher MPRs of the equippeghicles.

Next, adriving simulator study was performed to collect trajectory data from young
drivers(ages 15 23) at both the high school and college eation level This was done
to see hova sample othe most vulnerable driving populatioesponé@dto various types
of collision warningsFrom this collected datahe introduced extended MBsed traffic
model was calibrated, and sensitivity analysis parformed on a select number of the key
model parametersThe chosen parametedescribe various psychological aitles
regarding the driving expience.Calibrated parameter values were obtained for each of
the driving simulator experiment scenario/miag types the subjects encountered.
Simulations were then run for each set of calibrated parameter values based on a
roadway/traffic setup from the Korea netwobfter comparinghe results of thdifferent
scenario/warning types, it was revealed thahgarable collision involvement rates for

both rearend and angled collisions were found in thefolowing baselinesimulation.
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The firstcontribution of the presentedsearch isheset ofinsights regarding collision
formation as described Bection3.1(pg. 36). This research identifies the locations on the
fundamental diagram where reamd and sideswipe/angled collisions are most likely to
occur in both frequency anthagnitude. Such findgs are achievedybcalculating the
collision involvement rates by type and then linking thécomesto the key traffic
parameters of speed, flow, and densRgsults show that over the selected thyear
datasetthe biggest decrsa in CIRs is seen the higher velocity bin combinations as well
as with the total frelow traffic. From this comes @ossible conclusion that more
collisions are formed during congested traffic conditi@laster analysishows that rear
end CIR magitudes are highest ithe band of lower flow values that encompasses an area
from the freeflow regimeto the fully homogerous congested cluster of the fundamental
diagram Sideswipéangledcollisions occur in regions with increased traffic perturbations
caused by longitudinand lateral movements such these seen iraffic breakdown,
pinned localized traffic, and stopandgo waves. PCA and VAR results give
numerical/mathematical support for the clustering findings as well as theatigtis. The
resuts show that sideswgdangledcollisions are most associated with larfe@ngng
maneuverswhile the rearend collisions are more associated with speed fluctuations.
Differences in collision formation lead to the need for differences in possible mitigatio
techniques. It is fdher justified to attempt to address these types of collisions separately
due to their differences in location, in both frequency and magnitude, dunidhemental
diagram For example, having a dynamic lacleanging system that alle for lane
changes insome circumstances @rpreventing these movements athers ould help

reduce thesideswipe/angledollisions rates. On the other hand, speed harmonizeadidd
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help reduce theearend collision rates. Pnamic message systems artthgtive cruise

controlhave been shown to help improve congesiaffic conditionsand safetf{AHUA,

2015)and are recommended here as w&time limitations of this study include those
associated with the clustering assumptions &
of data.

Section3.2 (pg. 40) outlines themethodology and data used to provide the second
contributionregarding macroscopic fundamental diagram generation during lane closure
due to colision accurrence The MFDs for various traffic state regime collisiongere
constructedfor total and partial road closureollision types. Moreoversubnetworks
including 2, 5, and 10 upstream links of the collision ivdce assesseResults showhat
partialroadclosure collisions may prevent the moving bottleneck phenomegending
on the traffic regime in which the collision occurs. Furthermore, R&Alts help further
evaluate the collision MFDs for both temporal and spatial varstsmwing that clesure
times appear to plag significant role. Differences in thitow and density values of the
collision link as well as aggregated upstream linkb@t, 10-, and 15minute time scales
appear to have significant relationships wdtbsuretime for boh partial and totatoad
closure collisions. Sudimdingscould helpwith collision prediction/mitigation for varying
lengths of lane closure timaa/hile only a limited number of cases were considered in this
research, initial results lead the recommedation 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 thémplementatio 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 Sectior8.3 (pg. 43). By implementing such a simulation todljs possible to
conduct case studiesf many troublesome freeway sectiobat center on collision
formation by type, frequency, and magnituéerthermorewith the collection ofmore
experimental datéor use in calibratinghis modelthe accuracy ahe model will increase

to be able to simulata wide variety of roadway/traffic scenario setups.

A fourth contribution is the drivingimulator experiment that wagilized for data
collectionas shown irChapter 4pg.58). The testing ofyoung driverdages 15 23)and
the use of both auditory and audisual warning schemes allows for tidentification of
the most helpfultested collision warning. Even though effectivenessf the tested
warningsdiffers slightly between the tested groups (teenager vs:te@mage and high
school vs. college studentsie auditory with informative alphammericvisual warning
and the auditory with norinformative symbolicvisual warningappearto have lower
reaction times and lead to fewer collisions than the other testedngtypes This result
can be very helpful for both traffic management and auteeonanufacturers since the
incorporation of such warning systems could help reduce the collisions for one of the most
vulnerable driving populations. Additionally, this data wased to calibrate the
implemented microscopic traffic simulatiomodelfor al the testediriving scenarios from
the driving simulator experimenthich allows the model to become a miaalisticdriver
behaviorsimulation tool.

The collectediriving simuldor experimental data leads to fiiféh contribution of the
macroscopi@nd microscopienodel validatiorshown inChapter §pg.103). Results from

themacroscopic validation show that the implemented model can reprodueandeand
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angled collision involvement ratéike those that occur on actualadways. In addition,
CIRs are produced for the tested warnings from the driving simulator expeviuitietihe
calibrated parameters fro®ections6.1 and6.2 One ofthe most interesting and useful
findings is thatall the tested warningexcept for tle auditory only warningproducel
significantly lower angled and reand CIRsin comparison to the Korea dafsso, every
tested scenariproducel at leastonerearend collision except for the auditory with nen
informative alphanumerigisual warning which producd zero collisions. This warning
type along with the two idetified most effective warnings from thariving simulator
experiment itself are recommended farther investigation by the automotive industry
and traffic management administrators.

Finally, a sixth contribution is outlined in Sectibri (pg. 98) with the case study for
the implementabn of the basic connected and autonomous vehicle mo#isilexpected,
decreases in travel time are seen with higher MPRs of connected and autonomous vehicles.
However at the25% MPR for connected vehiclestravel timeincrease is observed.
Moreover, bder stability is seen with all the tested MPRs of autonomous vehiclegtiind
the higher MPRs of connected vehicles. Even with such a simplistic connected and
autonomous vehicle implementation, the findings can be usadbaseline foexpected
improvemaets for the specified simulation setup. Additionally, even though decraases
travel timesvere observedith the inclusion of CAVs, such decreases (at most 14%) were
not as great as initially expected. One possible @ven 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.
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In the end there will always be a need to improve fiaffrom both safety and
congestion perspectives considering iikons of vehicle miles traveled annually in the
United Stateslone.One of the best methods available to test various roadway geometries,
traffic flows, densities, and speedsddifferent capabilities of vehicles/drivers to use
microscopic/macroscopic traffic simulatiomodeling By implementinga model that can
account forall possiblemovements/behaviors the driving processcalibrating,and
validating such modethe author haproduced a tool that can be useddownidevariety

of traffic analysis tasks from the microscopic to macrosceqates

7.2 Future Work

While the contributions made in this dissertation are significant, thelevays more
that can be done to improupon the presented work. addition, the limitations that occur
due to the simplified postollision module and connected and autonomous vehicle
implementations are of specific interest to improve upartiure reearch shouléthclude
the following:

1.) Make mprovemens on the postcollision movement module tcontaindriver or
intelligent system technologyostcollision steering and brakingCurrently, the
postcollision aspect of the model assumes that once a&icolloccurs, no further
braking or steeringre performed.

2.) Simulak of the collision involvement ratesith such an improved posbllision
module toseethe changewith suchpostcollisionintervention.

3.) Condut the presented driving simulator study agdint with a preexperiment

teaching/learmg portion to explain to the subjects what each warning type means.
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4.) Run the presented extended-Pased traffic simulation model for longer periods
of simulation time and for entire roadway networks to see thialslity of the
results from the model.

5.) Include dfferent modes of transportation and extending the model for pedestrian
and bike traffic

6.) Supplement theoresented experimentdiata with additional experimentatlata
collected from instrumentesiehicles on real world roadways to validates
simul&or results.

7.) Introduce a simulation scenario for the implemented model that includes separated
lanes for the inclusion of different types of traffic such as-eguipped vehicles,
CAVs, and bicyclists.

8.) Repeat the driving simulator study with the additiba 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 thénfluence of exposure on the calculation of the saih involvement
rates.

10)) Create a redime collision involvement rate traffic management module
that can provide both management and drivers with up to date collision involvement

rate risk for a givenraa and timeframe.
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Chapter 8: Appendices

8.1 Appendix A: Driving Simulator Pre-Experiment Screening Survey

Driving Behavior Study Using a Driving Simulator
Screening Interview

Subject ID [Filled out by Research ASSISTANT]: .....coevieieieverensrieere e s sienesnne
Interview Date [Filled out by Research Assistant]: ......cccoevvsnnieneren s e s sessinens
We will ask you now a few questions to make sure you are eligible to participate in this study.

1. What is your age?

[If age is less than 16, interviewer thanks the subject and tells him/her that he/she is not eligible
to participate in the study]

2. Do you have a driver’s license (or learner’s permit)?

O Yes
] No

[If “No”, interviewer thanks the subject and tells him/her that he/she is not eligible to participate

in the study; otherwise, interviewer proceeds to Question 3.]
3. Do you currently drive?

O Yes
] No

[If “No”, interviewer proceeds to Question 3b; otherwise, interviewer proceeds to Question 4.]

3b. How long has it been since you stopped driving?

[If answer to Question 3b is 3 years or more, interviewer thanks the subject and tells him/her
that he/she is not eligible to participate in the study; otherwise, interviewer proceeds to
Question 4.]

4, [Health related issues]
a. Are you on medications?

O Yes
] No

b. Have you ever complained of dizziness?

1
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O Yes
0 No
c. Do you have any ear or eye problem?

O Yes
O No
d. Do you have any motion sickness?

O  Yes
O No
e. Have you had any recent sleep deprivations?

O  Yes
] No
f. Do you have any active medical problems such as heart problems, epilepsy, etc.?

O Yes
] No
g. Do you have any active psychiatric problems such panic disorder, etc.?

O Yes
] No

h. Do you have Alzheimer’s disease?

[if subject answers “Yes” to any of the above questions, interviewer thanks the subject and tells
him/her that he/she is not eligible to participate in the study; otherwise, interviewer proceeds to
Question 5.]

[Interviewer notes respondent’s gender.]

0 Male
O Female

[If subject is female, interviewer proceeds to Question 5; otherwise, interviewer proceeds to
Question 6].

Are you pregnant?

O Yes
O No
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[If subject is pregnant, interviewer thanks the subject and tells her that she is not eligible to

participate in the study]

7. a. Are you an international student/employee?

O  Yes
] No

b. If yes, what is your country of origin?

c. If yes, did you use to drive in your country of origin?

O Yes
O No

8. a.What is your occupational status?

] Student
0 Employee

b. If student, what are your faculty (including name of institution) and major of study?
L= [ R U PP SOT
IVIBJOF OF SEUY T ettt ettt et et et ettt bt b e 0 et £ e e et e st £ et sem e

c. If student, what is your current educational status?

High-school student

Freshman

Sophomore (first year)

Junior (second year)

Senior (third year or above)
Graduate {Masters or Ph.D. student}
Medicine

OoOooooQg

d. If employee, what is your job type?

0O  Academic
0  Management

O Non-academic, non-management
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Driving

8.2 Appendix B

This survey is intended to study the driving behavior of students/staff/emplovees that are under the age of 25. All your answers will remain confidential.

Subject ID [Filled out by Research Assistant]: ...............ocoeenenen. Survey Date and Time [Filled out by Research Assistant]: ...

Please answer each of the following items as honestly as possible. Please read each item carefully and then circle or check the box corresponding to the
answer you choose on the form. If none of the choices seem to be your ideal answer, then select the answer that comes closest. THERE ARE NO RIGHT
OR WRONG ANSWERS. Select vour answers quickly and do not spend too much time analyzing your answers. If you change an answer, erase the first

Driving Behavior Survey

one well._The expected completion time of this survey is 10 minutes.

L

Please indicate your level of agreement with the following statements:

Section 1:

Strongly Disagree

Disagree

Neither Agree
Nor Disagree

Agree

Strongly Agiee

—

I am a confident driver.

O

O

a

O

O

b

I believe I have enough experience and training to
deal with risky situations on the road safely.

O

O

0

O

O

I get a real thrill out of driving fast.

1 enjoy the sensation of accelerating rapidly.

I consider myself to be a risk-taker.

I like to raise my adrenaline levels while driving.

oo ]| w

I feel that most traffic "laws" could be considered
as suggestions.

Oo|ojajojt

Oo|o|jgajojt

O|ojo|oja

Oo|ojajojt

Oo|o|jajojt

>

Driving brings out the worst in people.

O

O

O

O

O

I feel it is my right to get where I need to go as
quickly as possible.

(]

a

O

(]

10.

I consider the actions of other drivers to be
inappropriate or "stupid".

11.

I feel it is my right to strike back in some way, if I
feel another driver has been aggressive toward me.

12.

I feel that passive drivers (who are slow to react)
should learn how to drive or stay home.

13.

I tend to disregard traffic laws when I see others
disregarding them.
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1. Please indicate how often you engage in the following driving behaviors or experience the following situations:

Section 2: Never Rarely Sometimes  Often Always
1. TIexceed the speed limit without realizing it. 0 0 0 O O
2. lintentionally disregard the speed limit. O O O a O
3. Tintentionally cross a red light. O O O ] O
4. Tdrive even when I am angry or upset. ] O O a a
5. Tlose my temper while driving. 0 0 0 O O
6. I flash my headlights when I am annoyed by another driver. O O ] a a
7. Thonk the horn when I am annoyed by another driver. 0 0 0 O O
8. Imake rude or inappropriate gestures towards drivers who annoy me. O O O a o
9. I verbally insult drivers who annoy me. O 0 O O O
10. T deliberately use my car to block drivers who tailgate me (follow me 0 0 0 a a

closely).
11. I would tailgate a driver who annoys me. O O O ] ]
12. I race other drivers at traffic lights to get ahead once lights turn green. 0 0 0 | |
13. Twill illegally pass a car/truck that is going too slowly. ] 0 0 O O
14. When I get stuck in a traffic jam I get very irmritated. 0 0 0 a a
15. I will weave (move from lane to lane) to avoid slower traffic. 0 0 0 O O
16. When someone cuts me off (changes lane in front of me abruptly), I feel I ] O O a O
should punish him/her.
17. I get impatient and/or upset when I fall behind schedule when I am driving. 0 0 0 O O
18. Passengers in my car/truck tell me to calm down. O 0 O O O
19. T get irritated when a car/truck in front of me slows down for no reason. 0 0 0 O O
20. I will drive in the shoulder lane or median (extreme right or left) to get O O O O |

around a traffic jam.
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II1.

Demographics:

(The following questions are to ensure that we have a representative sample of drivers)

How many hours do you study/work (academic or non-academic, for pay) per week?

How many hours did you drive today?

How many of these were in heavy traffic?

How many hours do you drive on an average weekday?

How many days a week do you drive on average?

Do you own the vehicle you drive?

Please indicate the make, model, and the year of manufacture of this vehicle:

Make (e.g. Honda, Mercedes, etc.): Model (e.g. Accord, 3-Series, etc.): Year of manufacture:

How many major accidents in the past 3 years have you been involved in as a driver?

How many moving violation tickets (speeding tickets, tickets for crossing red lights, etc., but not including tickets obtained for not
wearing the seatbelt) have you been given in the past 3 years as a driver?
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IV.  Finally, we’d like to ask you a few questions below about the driving experiments you just did using the simulator.

1. Overall, to what extent did driving in the simulator feel like real world driving?

Not at all close ~ Somewhat close Very close
O O O

2. How realistic did the driving speed in the simulator feel to you?

Very unrealistic Somewhat Very realistic
realistic
O O O

3. To what extent did you feel dizzy while driving the simulator?

Not at all A little Very much
O O O

4. Do you believe that dizziness or other factors affected your driving behavior in the simulator to differ from your actual driving behavior
on the roads?

Not at all A little Very much
O O O

V. If you have any comments about this survey or the drive in the driving simulator, please write them below:
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VI.  Which collision warning, if any, do you think is most helpful in collision avoidance? Please explain:




8.3 Appendix C1: Calibrated Parameters for Car-Following Scenario

School Level | Gamma |'Wm | We | Tmax | Alpha | Beta | Teorr RT Velocity Error
Colleze 0.2 1.0 |[70000 |10.7 015 [10.0 |28 0.1 019113
College 1.6 23 |52000 (109 (015 (29 |18 27 0208838
Colleze 1.5 12 [39000 |10.5 013 (3.0 |21 1.6 0242824
College 0.0 10 |70000 |109 (008 (16 |20 0.1 0213176
Colleze 0.1 0.8 |[147000 (109 049 (1.0 |12 0.1 0361017
Colleze 18 06 (33000 |104 (047 (106 |27 0.1 0254218
Colleze 12 1.0 |[117000 0.9 029 |13 (27 2.8 0321959
College 0.3 50 |[140000 8.0 008 |10 (23 0.1 0328323
Colleze 0.0 1.0 [120000]102 (047 |23 |28 0.1 0191991
Colleze 1.4 00 [110000 (100 (046 (7.0 |26 0.1 0198038
Colleze 0.0 3.8 (108000107 (026 (929 |26 0.1 0230894
Colleze 0.0 1.1 135000106 |04% |33 |18 0.1 0383074
College 0.0 00 |52000 |109 (026 (B84 |26 0.1 0222762
High School |1.6 00 |110000 (100 (012 (3.0 |27 0.2 019195
High School |02 10 |70000 |10.7 (015 (100 |26 0.1 0119829
High School |1.6 00 |110000 (100 (012 (3.0 |27 0.2 0.141072
High School |0.3 30 |63000 [10.1 046 (8.7 |28 24 048823
High School |0.0 12 120000108 047 (2.0 |22 0.8 0556201
High School |1.2 1.0 |[133000]10.6 33 |10 [26 0.8 0281373
High School |0.0 05 |30000 |109 025 (98 |19 0.1 0231725
High School |0.3 8.0 [30000 |8.0 0.36 |30 (15 0.1 0.181406
College 18 09 |53000 |106 |049 (107 |27 0.1 0307596
High School |0.2 30 |104000 (100 047 (20 |18 0.1 0191481
High School |1.9 10 (70000 |10.7 (015 (1.0 |24 1.9 0228056
High School |0.0 0.8 [31000 |10.9 023 [62 |12 0.1 0230483
High School |1.6 00 |110000 |84 012 |50 [20 0.1 0187262
High School |0.6 2.0 [140000|109 013  [10.7 |10 2.8 0301574
High School |0.0 00 106000109 015 ([10.0 |19 0.1 0207621
Higzh School |1.4 00 [35000 |109 004 [3.7 |26 0.1 0230222
High School |1.8 1.0 [30000 |10.8 (007 (16 |22 0.1 0281218
High School |0.7 20 [62000 [B.0 029 |84 (11 0.1 0248598
Colleze 0.0 00 |36000 |10.58 (028 [43 |28 0.1 0211643
High School |1.6 00 |110000 |34 012 |50 [20 0.1 0196452
High School |0.1 2.1 [7TT000 |69 001 |12 [26 0.1 0283817
High School |1.6 12 123000109 (003 (32 |26 0.1 0198368
High School |0.0 00 |32000 |10.9 0153 [10.8 |1% 0.1 0275144
High School |1.6 13 [81000 |10.7 012 |3 28 0.4 028526
High School |1.6 00 [110000 100 022 |3 a7 0.2 01754
High School |1.7 13 110000105 (003 |64 |13 0.1 0193887
High School |1.2 13 |118000|109 (003 (L7 |24 0.1 0222171
High School |1.6 00 |97000 |8.0 001 |60 (21 1.2 0.18150%
High School |0.6 15 |139000)102 031 |46 |21 27 044839
Colleze 0.2 1.0 |[70000 |10.7 015 [10.0 |28 0.1 0184475
High School |1.6 14 (70000 |10.7 |017 |10.0 |13 24 0306371
High School |1.3 1.5 |140000 |9.0 0.12 |10.8 [2@ 29 0268319
High School |1.3 20 [100000]7.1 008 |50 [20 0.1 0.130855
High School |1.9 1.0 [32000 |10.7 007 (2.1 |28 0.1 0234408
High School |0.2 03 |[140000 |2.0 001 |32 |15 0.4 0.18133
Higzh School |1.6 12 [39000 |10.7 (004 |35 |23 0.6 0251047
High School |0.0 00 |41000 [109 012 [6.8 |11 0.1 0214832
Colleze 0.3 1.7 |77000 (101 (020 (47 |22 28 0305818
Colleze 0.3 32 |96000 [10.0 047 77 |13 0.1 0236438
College 0.0 1.1 |20000 |109 048 |90 |21 0.1 0263597
Colleze 0.2 6.0 |60000 |47 013 |77 [22 0.1 0.18231
College 02 10 |70000 |10.7 (015 (100 |26 0.1 0172884
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8.4 Appendix C2: Calibrated Parameters for No Warning Scenario

Age School Level [Gamma | Wm| We |Tmax|Alpha|Beta|Tcorr | RT | Velocity Error
Non-Teen College 1.4 9.1 |32000 |83 |025 |10 |14 1.8 [0.168087
Non-Teen Caollege 02 0.0 |52000 |106 |0.02 |108 |26 2.9 10268162
Non-Teen Caollege 1.0 10 |B0000 |97 (047 |30 |14 2.8 |0.415622
Non-Teen Caollege 0.5 30 |57000 (108 (004 |10 |27 2.5 |0.189327
Non-Teen Callege 1.4 0.0 110000 (100 |0.12 |30 |13 1.7 [0.077167
Non-Teen Caollege 1.9 1.0 50000 |8.0 37 |86 |28 0.1 [0216466
Non-Teen Callege 1.8 a0 54000 |79 (032 |45 |19 2.4 10275572
Non-Teen College 1.0 0.0 110000100 012 |30 |27 2.8 |10.06837
Non-Teen Caollege 1.6 0.0 (110000106 015 |70 |26 0.8 [0.077658
Non-Teen College 0.1 0.0 94000 100 |0.3% [38 |13 0.6 [0.183431
Non-Teen Caollege 1.0 1.0 |60000 |87 |047 |16 |23 0.6 [0210571
Non-Teen Caollege 0.0 0.0 |62000 |10.0 003 |14 |27 2.8 |0.197223
Non-Teen College 0.0 0.0 106000109 (002 |14 |18 2.8 10171504
Teen Hizgh Schoal |0.3 2.6 |142000(109 048 |31 |28 2.3 |0.820463
Teen High School |0.2 1.7 147000102 |0.04 |10.7 |29 2.5 |0.212273
Teen High School |16 6.0 |110000)50 019 |90 |29 2.7 |0.160041
Teen High Schoal |1.1 1.0 | 120000 8.0 33 (30 |27 1.3 [0.1104
Teen High School |1.9 10 |51000 (107 |049 |24 |23 0.8 [0.342295
Teen High School |0.0 04 |60000 |68 047 [80 |13 2.9 10.26232
Teen High School |02 0.5 |100000|10.8 (002 |100 |24 12 [0.192105
Teen High School |0.0 0.4 14800060 (042 |32 |14 1.8 [0.24868
Teen College 0.0 0.0 110000100 016 |50 |20 0.1 [0.159367
Teen High School |0.2 1O |70000 |40 |041 |70 |28 0.1 [0.145434
Teen High School |1.6 0.0 |110000(52 012 |30 |27 2.8 |10.13817
Teen High School |16 0.0 110000100 012 |30 |27 2.8 10160604
Teen High School |0.0 1.0 12000050 |012 |30 |27 2.8 |0.19661%
Teen High Schoal |07 24 |151000|106 (031 |57 |27 23 |0.607580
Teen High Schoal |03 3.1 |30000 100 018 |34 |27 2.8 |1.038443
Teen High School |18 00 10000030 (012 |20 |20 2.8 |0.114109
Teen High School |0.0 0.0 |33000 |109 001 [30 |13 1.3 |0.646387
Teen High School |0.0 1.1 96000 |10.7 |0.30 |10 |29 1.1 [0.726431
Non-Teen College 1.0 1.0 |50000 |80 (035 |87 |20 0.1 [0221307
Teen High School |0.0 0.0 |51000 |22 (032 |19 |20 2.8 |10.263013
Teen High School |00 0.0 |106000(109 003 |39 |13 1.5 [0.312028
Teen High School |1.9 0.0 30000 109 |0.05 [104 |24 2.7 |0.22387%
Teen High School |02 10 |70000 |40 |041 |70 |28 0.1 [0.118637
Teen Hizgh Schoal |1.1 1.0 120000080 (034 |78 |20 0.1 [0.192433
Teen High School |16 0.0 |93000 |100 012 |70 |12 2.6 |0.197245
Teen Hizgh Schoal |1.1 0.0 110000 (100 |0.12 [38 |27 2.8 |0.064182
Teen High School |0.2 10 | 70000 (104 |02 |30 |27 2.8 |10.077237
Teen High Schoal |1.1 1.0 120000180 (034 |78 |20 0.1 [0.197582
Teen High School |0.2 1O | 70000 107 (015 |10.0 |26 0.1 [0.16831%
Non-Teen Caollege 1.6 6.0 |110000)50 019 |20 |20 2.7 |0.145626
Teen High School |0.2 10 | 70000 104|012 |30 |27 2.8 |0.096231
Teen High School |0.0 0.0 |60000 |103 033 (26 |18 2 |023195
Teen High School |0.0 0.0 |33000 |10.8 001 [39 |13 1.3 [0.738337
Teen High School |09 1.1 |59000 |90 |003 |82 |11 2.8 |0.192248
Teen High School |0.7 39 193000 |29 (001 |30 |29 1.1 [0.19587
Teen High School |0.0 0.0 |30000 |1092 026 |73 |26 1.3 [0213378
Teen High School |00 0.0 |50000 |100 043 |18 |18 2.4 10255757
Non-Teen College 1.3 8.0 120000050 (027 |70 |24 2.4 10.102634
Non-Teen Caollege 1.8 1.0 |75000 (100 |048 |20 |14 14 (0278259
Non-Teen College 14 1O |50000 |84 (036 |14 |26 0.4 [026043%
Non-Teen Caollege 0.0 0.0 |56000 (109 003 |50 |22 2.7 |0.188543
Teen Callege 1.4 0.0 |33000 |84 003 |30 |27 2.8 |10.19513
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8.5 Appendix C3: Calibrated Parameters for Auditory Warning Only

Age School Level | Gamma [Wm | We |Tmax | Alpha|Beta|Tcorr | RT | Velocity Error
Non-Teen |College 0.0 00 110000 (100 (012 |70 |25 0.1 |0.193526
Non-Teen |College 18 00 |95000 (45 003 (27 |11 1.3 02011
Non-Teen |College 18 20 |53000 (21 030 (10 (18 2910300192
Non-Teen |College 0.0 00 66000 (66 (025 |42 |26 2.7 |0.189747
Non-Teen |College 0.7 0.0 |108000 5.5 004 (30 |13 2.7 10239143
Non-Teen |College 0.0 00 91000 (34 (005 |70 |21 14 |0275284
Non-Teen |College 02 0.5 100000 (80 |002 |100 |24 12 |0.190215
Non-Teen |College 18 2.8 |102000 (109 [047 (87 |28 1.8 |0.802208
Non-Teen |College 0.0 1.1 |74000 (67 003 (11 |15 2.7 0200485
Non-Teen |College 0.0 0.5 124000 {102 |0.01 104 |27 2.3 101902846
Non-Teen |College 0.1 1.0 85000 [40 003 |67 |14 2.7 |0.28%669
Non-Teen |College 1.0 1.0 |51000 (6.1 043 |43 [13 0.1 |0.268592
Non-Teen |College 1.9 1.0 |60000 (27 044 (10 |22 1.7 |0.433643
Teen High School [0.8 0.5 140000 (20 |04 |20 |27 2.4 10171085
Teen High School [0.0 0.0 144000 (102 001 |14 |13 2410576328
Teen High School [0.0 0.0 |535000 (93 040 |18 |21 2.4 |0.301811
Teen High School (0.1 4.7 (106000 (109 [028 (22 |23 0.1 |0.304297
Teen High School [1.7 8.0 145000 (54  |006 102 |23 2.7 1023022
Teen High School [1.5 12 110000 (106 [013 3.0 |13 1.4 |0.173236
Teen High School [1.5 2.1 112000 (49 |001 |79 |12 0.3 |0.190175
Teen High School [1.5 20 100000 |7.1 008 (30 |20 0.1 |0.047748
Teen College 1.5 20 100000 |7.1 008 (30 |20 0.1 |10.072093
Teen High School [0.0 0.4 | 103000 (9.8 004 (81 [13 2.4 10186709
Teen High School [0.0 0.0 73000 (1046 |045 |33 |24 2.8 |0.438304
Teen High School 0.9 1.0 |71000 (6.8 047 (1.3 |20 0.2 |0.333739
Teen High School [0.0 02 136000 (36 |008 |93 |28 2.5 |0.303031
Teen High School 0.4 6.0 96000 (7.5 036 (2.0 [23 2.8 |0.499064
Teen High School [1.7 00 100000 (80 |032 |20 |22 1.8 [0.00081
Teen High School [1.3 30 (130000 (30 |048 |50 |11 02 10163321
Teen High School [1.5 1.0 |57000 (44 001 3.0 |13 02 10191637
Teen High School [0.2 1.0 |110000 (69 012 |20 (29 2.8 |0.141807
Non-Teen |College 1.8 0.0 | 100000 (8.0 32 |20 (18 2.4 10191056
Teen High School |1.6 44 |81000 (40 |02 |109 |12 2.7 10349742
Teen High School [0.9 70 |64000 (90 |029 100 |28 1.8 0224356
Teen High School [0.0 00 |51000 (108 [005 |3 11 12 |0235707
Teen High School [1.8 00 (110000 (50 |004 |60 |16 1.6 |0.187654
Teen High School |0.6 54 130000 (20 [001 |3 13 1.6 [0.192194
Teen High School |14 70 (140000 (20 |024 |60 |16 1.5 [0.19494%
Teen High School [0.0 1.1 |148000 (10.8 33 (19 |18 02 |0.582158
Teen High School [0.0 0.6 | 142000 (4.1 005 [50 |16 1.5 0220477
Teen High School [1.1 20 |120000 (929 |[008 |50 |20 0.1 |0.179557
Teen High School [1.1 87 120000 (60 007 |20 |21 20910193903
Non-Teen |College 0.0 1.0 |100000 (108 002 |79 (19 2 |0283808
Teen High School [1.5 20 (100000 (7.1 008 (50 |20 0.1 |0.096329
Teen High School |1.6 00 110000 (100 (012 |30 |27 02 |0.087687
Teen High School |0.6 16 |52000 (109 (033 |23 (29 0.1 |0.324476
Teen High School |02 12 |148000 (108 012 |10 (10 24 10641982
Teen High School |1.6 00 70000 (446 (001 |30 |13 02 |0.152562
Teen High School 0.8 0.0 148000 (292 (006 |10 |17 1.5 |0.324473
Teen High School |02 10 |70000 (104 |012 |30 |27 2.8 10079399
Non-Teen |College 1.6 0.0 | T0000 (6.8 001 |30 [23 1.4 [0.18317
Non-Teen |College 0.3 0.0 (148000 (3.5 002 (83 |12 12 |0364092
Non-Teen |College 1.1 1.0 120000 (80 034 |78 |20 0.1 |0.148235
Non-Teen |College 1.6 0.0 (110000 (104 |015 |70 |28 0.8 |0.146176
Teen College 0.4 20 |146000 (40  |008 [3.0 |20 0.1 |0.17942
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8.6 Appendix C4: Calibrated Parameters for Auditory with Non-Informative
Symbolic Warning

Age School Level | Gamma | Wm| Wc | Tmax|Alpha|Beta|Tcorr | RT | Velocity Error
Non-Teen College 0.6 8.0 130000 (8.0 001 (3. 29 2.7 [0.176839
Non-Teen College 1.6 0.0 110000 (52 012 |30 (27 2.8 [0.148113
Non-Teen College 1.8 00 |100000 (B0 [032 |20 (22 1.8 |0.189911
Non-Teen College 1.6 0.0 |90000 (100 033 |30 (27 1.5 |0.199142
Non-Teen College 0.6 1.4 (130000 (102 [04% |104 (27 1.2 |0.202848
Non-Teen College 02 0.7 115000 (9.0 |047 |20 (18 2.4 (019022
Non-Teen College 1.8 0.0 |63000 (5.0 |04 100 [26 1.5 |0.182012
Non-Teen College 0.2 1.0 |70000 |3 0.15 100 [22 0.1 [0.06472
Non-Teen College 0.0 1.0 |70000 (105 |042 |10 (18 0.7 [0.467448
Non-Teen College 0.4 300 |90000 (100 [036 102 [10 2 [0.786354
Non-Teen College 0.0 1.1 80000 |7.8 026 |10 (18 0.4 0452371
Non-Teen College 1.3 1.9 88000 (109 [041 |40 (27 2.8 [0.197556
Non-Teen College 1.6 0.0 |60000 90 |047 100 (25 1.5 0214268
Teen High School 1.2 1.0 |108000 |64 044 B0 [24 1.2 |0.186443
Teen High School [1.3 6.4 |60000 |64 |037 |49 [11 3 |0.338332
Teen High School [1.3 1.4 148000 (6.0 |037 (104 (16 1.1 |0.223182
Teen High School 0.4 30 |130000 (100 |048 |15 [23 0.1 [0.163549
Teen High School 0.4 2.8 (120000 |10.7 (048 (96 |20 3 |0.361268
Teen High School [1.3 20 (30000 |43 001 96 (21 1.8 0287943
Teen High School (1.3 30 93000 (60  |044 103 [26 1.4 10245035
Teen High School [0.8 6.0 60000 (40 |047 |30 (20 0.6 [0.113529
Teen College 1.6 1.0 120000 (50 [035 |20 [18 2.4 (0157147
Teen High School 0.2 0.0 [30000 (44 |003 |81 |13 2.8 [0.275689
Teen High School [1.3 2% (90000 (30 |005 [54 |10 1.8 |0.30743
Teen High School 1.4 8.0 |130000 |3. 005 |50 [29 1.6 0285424
Teen High Schoal [0.3 235 (148000 (9.3 047 107 [27 2.4 [0.597361
Teen High School [0.8 20 (100000 (40 (008 (50 |20 0.1 [0.195492
Teen High School (1.0 1.5 |143000 (101 |033 |3.7 (18 2.8 [0.284469
Teen High School 0.2 0.0 |73000 (8.8 006 |16 [18 2.7 [0.238688
Teen High School [1.3 4.5 (120000 (6.0 |00 |99 (15 2.7 [0.305593
Teen High Schoaol [1.3 20 (127000 (7.8 005 |30 N1 1.1 |0.178882
Non-Teen College 0.7 1.1 116000 (102 |048 |40 (20 1.8 0221439
Teen High Schoaol [1.3 1.7 | 109000 |6.8 015 |25 [26 22 (0258484
Teen High School 0.6 1.0 137000 (20 [001 |10 (25 0.9 [0.187504
Teen High School (0.0 04 146000 (59 |0.06 109 (25 1.6 0221353
Teen High School [1.8 00 |84000 (20 |02& |33 (28 1.4 |0.219607
Teen High School 0.2 0.5 14000084 002 |49 (27 2.8 [0.185407
Teen High School 0.2 .0 149000 (920 |022 |69 (20 0.1 [0.262361
Teen High School (1.3 1O |70000 (56 |0.15 100 (26 2.7 [0.19841
Teen High School (0.0 0.0 [31000 (109 034 |92 (12 0.1 [0.282109
Teen High School 1.6 00 [110000 (100|012 [3. 27 02 [0.071384
Teen High School 1.4 1.0 120000 (8.0 |022 |60 (12 1.6 |0.180308
Non-Teen College 1.3 0.5 |90000 (100 [033 |31 |27 1.7 |0244564
Teen High School (0.3 1.0 120000 (8.0  |0.01 |49 (13 12 |0.151763
Teen High School 1.6 6.0 113000 (9.0 |047 |41 |12 2.4 [0.329364
Teen High School [1.1 6.0 |110000 (50 [012 |20 [10 2.6 [0.081967
Teen High School [0.3 8.0 130000 (8.0 |0.02 100 [24 12 |0.171988
Teen High School 1.6 0.0 |[110000 (102 [003 |30 [21 1.6 |0.199048
Teen High School [1.6 0.0 110000 (100 012 |30 (27 2.8 [0.123375
Teen High School 1.6 0.0 [110000 (100 |036 |10 (20 1.5 |0.188874
Non-Teen College 1.6 6.6 120000 (8.0 |034 |17 [29 1.8 |0.243757
Non-Teen College 0.3 73 116000 (100 |045 20 [29 0.1 [D.186686
Non-Teen College 1.8 7.7 |138000 (2.7 005 |10.7 [10 1.6 |0.327278
Non-Teen College 02 1.0 |70000 (30 [015 100 (22 0.1 [0.076952
Teen College 0.0 0.0 |96000 (100 012 |35 [13 0.2 [0.189966
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8.7 Appendix C5: Calibrated Parameters for Auditory with Informative Symbolic
Warning

Age School Level | Gamma | Wm| We |Tmax|Alpha|Beta|Tcorr |RT | Velocity Error
Non-Teen College 1.4 3.8 |36000 (105 |028 |10.9 (28 2.4 [0.670956
Non-Teen College 3 4.7 (100000 (108 047 (1.1 |10 1.9 |0.793876
Non-Teen College 0.5 3.5 |135000 (105 021 |64 |23 2.7 [0.596602
Non-Teen College 0.6 6.0 |116000 (100 |046 |102 [18 1.6 |8.724145
Non-Teen College 1.8 0 |34000 (20 [029 |100 (27 0.1 [0.198309
Non-Teen College 0.1 0.0 |534000 (109 017 |75 (17 0.5 [0.191075
Non-Teen College 0.3 1.6 |144000 9.5 047 22 |15 2.7 [0.495105
Non-Teen College 1.5 2.1 (131000 (107 |0.15 |70 |28 0.1 [0.176112
Non-Teen College 1.6 49 (97000 (102 |047 (100 (29 2.4 (049963
Non-Teen College 1.1 44 (110000 (100 |008 |50 (27 0.1 [0.188245
Non-Teen College 0.0 0.6 |36000 (109 |046 |28 (22 0.7 [0.306336
Non-Teen College 1.0 3.0 |38000 (20 [047 |43 |24 0.6 [0.382332
Non-Teen College 0.8 6 |30000 (107 |0.09 |10.0 (25 0.1 [0.302958
Teen High School (1.6 0.0 |92000 (100 [001 |10 (22 0.1 [0.052956
Teen High School (1.6 4.0 (120000 (2.0 |0.01 |30 |15 04 [0.101452
Teen High School (0.4 246 (122000 (109 |049 |34 [27 2.9 [0.682292
Teen High School [0.7 4.0 (107000 (20 (042 (20 (19 2.9 [0.459326
Teen High School [0.5 1.2 (120000 (9.7 048 1.5 |26 0.6 [0.35871
Teen High School (0.9 1.6 |76000 (109 |028 |86 (15 0.1 [0.198892
Teen High School 1.6 4.0 (120000 (20 |0.01 (3. 13 0.4 [0.06042
Teen High School [1.1 6.0 |110000 (2.0 |0.01 |3 13 0.4 [0.007318
Teen College 1.6 26 (38000 (100 |047 (10 |16 22 [0.450697
Teen High School [0.3 o0 |94000 (100 [033 |39 (20 2.8 (1222903
Teen High School [1.3 6.2 |98000 (109 [042 |17 |14 1.8 |0.566013
Teen High School [0.8 6.7 |140000 (2.0 |0.12 |3 21 0.1 [0.188979
Teen High School [1.5 00 |90000 (100 [0.09 |60 (24 2.4 [0.135191
Teen High School [0.3 49 (142000 (5.8 023 |95 |20 02 (0284596
Teen High School (1.6 0.0 |136000 (104 |047 |16 (20 2.8 [0.33839
Teen High School (1.6 0.0 |92000 (100 [001 |10 (22 0.1 [0.009239
Teen High School (1.6 0.0 |33000 (20 [001 |30 |15 2.1 [0.060935
Teen High School (1.6 0.0 |110000 (100 [0.12 |70 |25 14 |0.067119
Non-Teen College 1.5 o0 |100000 (20 |001 |30 |15 04 [0.056302
Teen High School [1.3 2.0 (100000 (7.1 008 |50 |[20 0.1 [0.053212
Teen High School [0.3 3.0 |130000(10.7 |03 1035 (11 2.4 (0935538
Teen High School (1.6 2.7 (104000 (109 |001 |55 (11 2.5 [1.154246
Teen High School (0.0 1.1 |87000 (107 |02 10 |25 0.1 [0.64144
Teen High School (1.6 0.0 |52000 (107 [008 |91 (10 2.3 [0.733728
Teen High School 1.6 6.6 |113000 (1092 |005 |65 |21 2.4 [0.593036
Teen High School (0.0 0.0 142000 (109 |0.14 |18 (27 2.8 [0.845897
Teen High School [1.9 1.0 |52000 (107 |[043 |14 |18 1.8 |0.352453
Teen High School (1.0 02 (142000 (104 [005 |30 |21 2.7 [0.637686
Teen High School (0.9 0.5 |140000 (2.0 |001 |32 |15 0.4 [0.043989
Non-Teen College 1.6 0.0 (110000 (84 [0.12 |30 (20 0.1 [0.181789
Teen High School (0.9 0.5 |140000 (2.0 |001 |32 |15 0.4 [0.044571
Teen High School (1.8 2.5 (100000 (80 (002 (20 |29 02 [0.188932
Teen High School [1.5 2.0 (100000 (7.1 008 |50 |20 0.1 [0.070803
Teen High School [1.1 1.0 (120000 (8.0 [001 |60 (13 1.2 |0.05107
Teen High School (0.9 0.5 |140000 (2.0 |001 |32 |15 0.4 [0.010667
Teen High School (0.9 30 |50000 (B0 [002 |100 [24 12 |0.076204
Teen High School [0.3 70 |83000 (101 [032 |97 (11 22 (0939389
Non-Teen College 1.3 5.8 |60000 (100 |0.01 |30 (27 02 [0.166744
Non-Teen College 02 1.0 |70000 (107 [0.15 |10.0 (26 0.1 [0.194604
Non-Teen College 0.5 0.0 |76000 (109 011 |12 (26 0.1 (0220099
Non-Teen College 1.6 40 (120000 (20 |001 |3 13 04 [0.080774
Teen College 02 1.0 |70000 (107 [0.15 |10.0 (26 0.1 [0.160221
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8.8 Appendix C6: Calibrated Parameters for Auditory with Non-Informative
Alphanumeric Warning

Age School Level | Gamma | Wm| We | Tmax|Alpha|Beta|Tcorr | RT | Velocity Error
Non-Teen College 1.1 1.0 120000 8.0 33|50 |27 1.5 |0.155778
Non-Teen College 0.1 20 (100000103 (049 ([958 |20 0.5 (0194121
Non-Teen College 1.6 9.0 [95000 (104 001 (3. 11 1.7 |0.171793
Non-Teen College 0.7 1.9 100000 (20 [001 (30 (11 1.6 |0.134486
Non-Teen College 0.0 1.2 |50000 (108 [034 |12 (17 1.4 |0.354%6
Non-Teen College 1.6 9.8 31000 100 043 |10 (26 1.5 |0.323127
Non-Teen College 1.1 00 |137000 (90 |042 |11 |23 1.0 |0.202236
Non-Teen College 1.1 1.0 120000 (8.0 |034 |82 (24 22 [0.22137
Non-Teen College 0.6 0.6 120000 (106 |047 |10 (|12 2.4 (0192443
Non-Teen College 1.6 0.0 110000 (84 [012 |50 [20 0.1 [0.176376
Non-Teen College 0.3 3.7 |146000 (105 |043 109 [13 2.0 [1.015954
Non-Teen College 02 8.1 |118000 (103 [001 |74 [1% 2.3 [0.194687
Non-Teen College 1.9 0.0 [30000 |23 004 101 |29 1.5 |0.438436
Teen High School 0.2 0.0 [144000 2.8 008 |10 (18 1.6 |0.308009
Teen High School (1.3 0.0 [145000 (8.3 004 10 (22 1.3 |0.143745
Teen High School [1.3 746 |31000 |3 003 |90 (13 1.9 1051004
Teen High School (0.0 0.0 |110000 (100 [032 |82 (20 0.1 [0.181472
Teen High School [1.1 1.0 120000 (8.0 |034 |78 (20 0.1 [0.152223
Teen High School [0.4 1.3 |90000 (100 [046 |45 [13 0.4 [0.189504
Teen High School (1.6 0.8 144000104 |047 3 |23 2.7 [0.506133
Teen High School 1.6 0.0 [110000 (90 |04 |30 (27 2.8 [0.194953
Teen College 1.8 00 |100000 (B0 |040 |50 (22 1.8 |0.174542
Teen High School [0.3 1.7 |149000 (109 |04% 109 (13 0.7 [0.31889
Teen High School (0.0 1.1 136000 (104 [046 |87 [23 1.7 0262218
Teen High School (0.2 300 [32000 |90 046 |20 (17 0.1 [0.16894
Teen High School 1.2 1.0 120000 (B0 |036 |70 (13 1.8 |0.19808
Teen High School (0.4 26 (77000 103 045 |77 [13 1.7 |10.795822
Teen High Schoal [0.7 1.9 |79000 (90 |001 J10 (22 0.1 [0.174658
Teen High School 1.6 34 |60000 (106 [009 |59 [12 22 (0227509
Teen High School (0.0 0.1 [76000 (105 |0.05 106 (23 2.0 [0.316673
Teen High School [0.3 0.5 [81000 (4.1 006 100 [20 1.6 |0.307986
Non-Teen College 1.8 02 100000 (40 |008 |30 (20 2.8 [0.164736
Teen High School 1.6 0.0 [110000 (52 |02 |30 (27 2.9 [0.168198
Teen High School [1.5 8.0 130000 (90 [001 |98 (22 1.8 |0.182797
Teen High School (1.8 0.0 63000 (29 |007 10 [26 1.7 |0.324248
Teen High School (0.0 1.0 |74000 (107 [04% 1.1 [23 0.1 [0.523628
Teen High School [1.3 8.0 13000092 005 |30 (11 2.7 [0.073168
Teen High School [0.3 1.0 148000 (B0 [006 |30 (19 2.8 [0.483445
Teen High School (1.6 0.0 [60000 (70  |030 |30 (15 2.0 [0.197345
Teen High School [0.6 0.8 [33000 (B0 |034 |60 (20 1.9 0208204
Teen High School [1.5 71 |142000 (3.7 005 |90 [12 2.5 [0.190867
Teen High School (1.9 1.8 |32000 |74 |001 |44 [23 2.9 0318513
Non-Teen College 0.7 00 |30000 (40 [005 105 [22 2.7 [0.252883
Teen High School [1.3 0.0 |32000 [109 033 |77 [26 2.5 [0.314028
Teen High School 1.2 1.0 |52000 (B0 |034 23 (22 0.9 (0225282
Teen High School 0.0 0.5 143000 (8.0 002 |37 (22 1.0 |0.215578
Teen High School (0.0 1.0 |143000 (20 |001 |30 (18 0.9 [0.226835
Teen High School [0.3 31 |53000 (103|001 |44 |21 1.5 |0.183637
Teen High School 1.2 39 [100000 (90 |001 |30 (15 1.6 |0.166721
Teen High School (0.0 0.8 |115000 (5.3 001 |86 (17 22 [0.24837
Non-Teen College 0.0 1.1 132000 (107 |047 (10 (14 0.5 [0.544842
Non-Teen College 1.6 0.0 |110000 (106 |0.15 |70 (26 0.8 [0.105091
Non-Teen College 0.4 23 [143000 (109 (045 (9.8 |26 0.4 [0.252659
Non-Teen College 1.8 .0 100000 (8.0  |032 |30 (20 12 10141974
Teen College 1.6 00 [110000 (100|044 |30 (27 2.8 [0.188231
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8.9 Appendix C7: Calibrated
Alphanumeric Warning

Parameters for

Auditory with

Age School Level | Gamma [Wm| We |Tmax |Alpha|Beta|Tcorr|RT | Velocity Error
Non-Teen |College 1.5 8.0 130000 (20 [001 |3 15 0.4 |0.081568
Non-Teen |College 1.0 1.4 |52000 (10.8 |0.07 |90 (27 2.0 10286679
Non-Teen |College 1.1 8.3 120000 (80 005 |50 |12 0.2 |0.088412
Non-Teen |College 1.3 8.0 120000 (108 (019 |70 |24 2.4 1010902
Non-Teen |College 0.3 0.0 (110000 (109 015 |11 |14 0.1 |0281723
Non-Teen |College 1.8 20 (30000 |10.8 [008 |50 |22 1.7 [0.205152
Non-Teen |College 1.6 0.0 %2000 (100 |0.01 |10 |22 0.1 |0.083007
Non-Teen |College 1.6 0.0 %2000 (100 |001 |10 |22 0.1 0048182
Non-Teen |College 1.5 7.6 |20000 (100 033 |50 |12 0.1 [025548
Non-Teen |College 0.0 1.5 |58000 [20 016 |14 |24 0.1 |0.9897035
Non-Teen |College 0.1 0.7 105000 (109 015 |10 |14 0.1 |0.283728
Non-Teen |College 1.0 1.0 |50000 [10.8 042 |11 (13 0.2 041131
Non-Teen |College 0.0 0.0 |51000 (109 |026 |71 (23 0.1 [0222714
Teen High School [0.2 3. 122000 190 (041 [106 |18 1.5 [0.791849
Teen High Scheol 0.7 6.1 100000 (20 008 |66 |14 1.6 [7.074130
Teen High School |18 4.0 (120000 190 [001 (30 |15 0.4 |0.060463
Teen High School [1.9 1.5 |120000 (109 036 |11 (23 22019815
Teen High School [1.9 0.0 58000 [10.7 |05 |3 13 0.1 |0.303273
Teen High School |14 4.0 [94000 (103 (023 [37 |23 0.1 |0.331701
Teen High School [0.0 0.0 |54000 (109 |07 |11 |22 0.8 [024401
Teen College 1.6 0.0 110000 (100 |02 |30 |27 0.2 |0.133566
Teen High School 0.5 1.8 |60000 (108 |046 |97 |2 1.8 [0.856316
Teen High School [1.8 2.1 (100000 |10.0 (047 (20 |25 2.3 |0.615213
Teen High Scheol (1.7 1.6 |50000 (109 (041 |92 (11 0.4 0272156
Teen High School 0.8 2.0 %0000 (107 037 |64 |27 2.8 |10.230333
Teen High School [1.1 47 (114000 |100 (011 (79 |28 2.7 |0.193387
Teen High School [0.9 7.0 |50000 (100 |001 |10.6 |27 0.1 |0.155353
Teen High School |16 0.0 110000 (100 [0.12 |3.0 |27 0.2 |0.176216
Teen High School [1.9 8.0 127000 (108 022 |74 |22 2710730782
Teen High School [1.0 0.4 140000 (109 |005 |42 (17 2.8 | 0410622
Non-Teen |College 02 1.7 |133000 (108 045 |105 |19 1.8 [0.685176
Teen High School [0.0 1.2 |118000 (109 042 |10 |10 0.3 |0.442163
Teen High Scheol |18 6.0 130000 (8.0 002 |10.0 |14 1.2 [0.057536
Teen High School [0.9 0.5 140000 (20 001 |32 |13 0.4 |0.031395
Teen High School |06 20 (117000 (20 005 |60 |14 2410191544
Teen High School |16 0.0 (110000 (100 |012 |30 (21 1.6 [0.13063
Teen High School |14 6.0 |60000 (8.0 002 |10.0 |24 1.2 [0.055677
Teen High School [1.3 2.0 100000 (20 001 |30 |27 2.8 10147625
Teen High School |14 6.0 |60000 (30 002 |10 |24 12 [0.0517%6
Teen High School 0.8 6.0 |60000 (100 |012 |30 (27 1.1 [0.134519
Teen High Schoeol [0.0 0.0 (110000 (42 027 |51 |20 0.1 |0.193913
Non-Teen |College 1.6 0.0 (110000 (1046 013 |70 |24 0.8 |0.170241
Teen High School |16 6.3 |78000 (109 |033 |77 |12 2.4 |1.091408
Teen High School [0.0 0.8 |55000 (108 029 |61 |24 02 |0305194
Teen High School [0.4 1.9 |120000 (2.0 047 3|18 0.1 0204912
Teen High Scheol [0.3 9.7 62000 (109 |048 |10.4 (13 2.1 |0.816928
Teen High School 1.7 74 115000 (102 028 |67 |14 2.4 |0.71965%
Teen High School [0.0 14 127000 (109 007 |17 |20 02 |0.870591
Teen High School [0.9 0.5 140000 (20 001 |32 |13 0.4 0076062
Non-Teen |College 0.0 1.2 |52000 (100 |046 |15 (27 0.1 |0.8089465
Non-Teen |College 0.4 43 [128000 108 (047 [109 )11 1.5 [1.059734
Non-Teen |College 0.3 1.6 |118000 (107 044 |46 |20 1 [049611
Non-Teen |College 0.0 3 |54000 (20 014 |68 |20 0.1 0992804
Teen College 0.4 1.5 |50000 (109 |037 [10.9 (17 2.0 |10.300027
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8.10 Appendix D: Actual vs. Simulated Velocity Profiles for Driving Simulator
Experiment

Actual vs. Simulated Velocity Profile for Subject 0 For Entire Run Time Actual vs. Simulated Velocity Profile for Subject 1 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject & For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 8 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 10 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 7 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 9 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 11 For Entire Run Time
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Velocity (m/s)

Actual vs. Simulated Velocity Profile for Subject 12 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 14 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 16 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 13 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 15 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 17 For Entire Run Time
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Velocity (m/s)

Actual vs. Simulated Velocity Profile for Subject 22 For Entire Run Time
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Actual vs. Simulated Velocity Profile for Subject 23 For Entire Run Time
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