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SUMMARY

Traffic congestion is a one hundred billion dollar problem in the US. In 2010,
Americans spent approximately five billion additional hours and purchased an estimated
two billion gallonsof additional gas due to congestifitj. The cost of congstion has
been trending upwaraver the last few decades, but has experiencelt slecreases in
recent years as a result dfanges in demand and the impacts of congestion reduction
strategies.

There has been a fundamental shifthe manner in whictcongestionssies are
addressed. Previously, congested roadways were remégieiticreasing roadway
capacity. However, acquiring the right of way for roadway expansion has become
increasingly difficult and expensive. Thus, there has been a significant push by the
governnent, private industry, and the research community to develop and implement
alternate means of alleviating congestion.

A wide variety of advanced technological tools have beewneloped and
i mpl emented t hr ou g ortatiort netivanke anndtoitt o incréase it r an s p
efficiency. Some of these tools include AdvahcEraffic Control System (ATCS),
Advancel Traffic Management Systems (ATMS), Advanced Traveler information
System (ATIS), and Ramp Metering and Managed Lane Stratdthese systems are
currently credited with reducing or maintaining freeway congestion levels in light of
increasing traviademands.

More specifically, these gains in efficiencies aealized throughthe work of
Traffic Management CentedMCs) located throughout the natiom. MCs 6 ¢of f or t s

provide accurate and current traffic information to the publie leveraged by and
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bolstered through partnerships with federal and private entities. Such entheteithe
feder al g o v e r mformatianolelephbme anwber sgstem (511)Google,
NAVTEQ, and INRIX Theinformation provide by these entitig albeitconcentrated on
freewayoperationshasaided in the increaskefficiency of the networkThis research
effort aims to complimenthe curently available reattime freeway information by
addressing the lack of reame arterialtraffic information

The goal of this research effort is to develop a methodology that providestcurren
arterial performance measures, in +@@e, to travelers ad transportation facility
managers by employing point sensor data to drive an online microscopic traffic
simulation modelProviding such information to DepartmentsTaansportation and the
public will hopefully allow formore informed decisionsegardimg efficient usage and
management of the nationds transportation

To accomplish the goal of this research, a series of tasks were undentatiten
only to develop the method to provide rdéshe estimates of arterial performance
measuresbut to alsoexplore the feasibility of the implementation of such a method. To
begin the methodds devel opment, an extensi
review revealed that although thermve been advancememntin providing traffic
performance rasures in redlme; these advancements have not been equally beneficial
to arterials and freeways.

Today, there ar@a number of available outletthat providerelatively accurate
freeway performance measureéscluding Google and a myriad of commerci@PS
based devices and services However, for arterial streets, the availability of such

information is in its infancy. Currently, estimates of arterial performance measures are
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being pursued through the exploration of a number of mathematical technigmes th
employ vehicular input and other related roadway data. In spite of the successes of these
analytical methodsa number of factors have limited their r@abrld implementation
Five of the more mevalent limitation include (1) the lack of adequate field
implementabn, (2) the less than accurate tesates of performance measuré3) the
lack of transferabili from one location to anothg@) the dependency on data that may
not be readily available from the figlénd (5) the lack of evidence to suppathe
functionality of these methods in a rdimhe framework. Tis research will learn from the
lessors offered by previousefforts to inform the development and impleméiota of a
method thaestimates arterial performance measures intieal.

Building on the strides made Ipast efforts, the basis of thimethod uses
individual vehicle records, from p@ sensors, to drive an onlimeicroscopic simulation
of an arterial These point sensors are capable of estimating and transmitting individual
vehicle information such as vehicle speed, presence and headway. This data is then fed
into an online simulation that then interprets and implements the data accordiaghgin
simulation environmentVISSIM in this case This simulation environment is also
outfitted with the proper roadway geometries and other relevant data, susigral
timing plans, toaccuratly reflect traffic performance throughout the study area. In
addition,t hi s me t frammework alsp dapists the ability for this method to edte
into the exploration and likely selection afultiple future scenarios. However, given
temporal and financial constraints, exploring future traffic states is outside the scope of

the current effort.
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To evaluate the p r ¢opestenatelartemak petioonthrics abil
measures in redime, four experiments were conducted. Each experiment built on the
success of the previous one, while addressing previously encountered issues. The first
experiment was conducted antestbed that was comprised akd VISSIM simulation
instances. One instance represented the stxedyand the otherepresentethe model ©
the study area. The resultsorin this experiment were encouragings dravel time
measures from both instances were approximately equal. Désigitdemonstration of
feasibility, when both instancesv e r merfeétlyd calibrated to each otheit facilitated
more agreement between the results than what would have been possiitiedigaamea
been a field environment

The second experiment test replaced ohthe VISSIM instances with an actual
study corridor A corridor on Georgia Techos camp.
temporary detectors. Each detector was responsible for monitoring a detection zone on
corrido r 0 teringe Imk. As a vehicle passdbrough the detection zopna message
communi cat i ngpresehce and approxamate Speeds wansmittedto a
VISSIM instance irthe lab. This VISSIM instance waisen populated according to the
details of tke receivedmessages. Althougthe estimates fronthis experimentvere less
accuratethan thosdrom the first, theeresults were still very encouragingw® of the
primary reasos for the reduction in accuracy from experiment 1 to 2 whae (1) the
model was not perfectly calibrated to the fiedshd (2) the traffic signalswere not
synchronized in the two environmeni&.third experiment was conducted &aldress
some of these issues while increasing the fidelity with which a model of the stady are

estimates field measures.
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The third experiment was conducted in ancampus tesbed that was outfitted
with a video detection system (VDS). This system monitored several locations
throughout the tedted and transmitted the necessary individual vehiclerdectm a
VISSIM model of the area. Once again, the VISSIM model was appropriately populated
according to messages that were received. The simulation results from this experiment
demonstrated that a better calibrated model, as agelynchronized signalsrmiproves
accuracy. The results frothe third experiment highlight the accuracy with which the
simulated environment can reflect field performance measures itimeahs wellasthe
viability of the method proposed.

In light of the success of the thiekperimenta fourth experiment was desegh
to explore the potentiahccuracy with which theimulated environmentould estimate
field performance measureghe fourth g@periment isconsidered a pseudield test This
experimentreplacedthe field with an origindestination (OD) matrix that was used to
populate a VISSIM model as if vehicles were traversing a corridor and point semesers
transmitting their relevant information. The OD matrix, along with high resolution
vehicle trajectory datand signatiming information wereobtained from the Federal
Government 6s Next Generation Simulation
database representing traffic behavior along a corridor, this pseéeldoekperiment
facilitated the exploration of the proged method performance when giverear to
Aperfecto dat a.

It was hypothesized thatvi t h Aperfecto data, ost he
estimates of field performance measures ought tthéenost accurate set of estimates

from among the experiments thatere conductedAlthough the results from this
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experiment were in fact the most accurate setestilts,there were still noticeable
discrepancies betweethe simulated estimates of performance measures tlaose
collected in field After carefully studyig the discrepancies between field and simulated
performance measures became apparent that the VISSIM model needed thelter
calibrated tomprove the representation of drivieehavior along the study corridgkn
advance calibration procedure wasréfore introduced to further calibrate the VISSIM
modelof the NGSIM study corridor

The advanced calibration procedure went beyond the commonplace criterion of
calibrating a simulation model to the mean of performance measures. The procedure
employed awo-part criteria process. The firgtart ensured that the simulated estimates
of saturation flow where withim reasonable range fromstimationsin the field. The
second parinvolved an extensive statistical comparison of travel time distributions. After
applying this twepart criteria calibrationprocedure,more accurate estimates were
obtained from the simulatezhvironment

In addition toincreasing the accuracy with which the simulated environment
estimated field performance measutéss advancedalibration procedure also afforded
an opportunity to explore the relationship between calibration parameter values and their
ability to produce a calibrated model. This exploration revealed that the values for
average standstill distancadditive safety idtance multiplicative safety distan¢ceand
desired speed rangge seemingly four of the most impactful parameter values when
calibrating a VISSIM arterial modeRs such special attentiorshouldbe paid to these

parameters and their valuesfiture @ibration exercise
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The results from this calibration process asa forth the case for a redime
calibration algorithm. Pregus calibration effortgend to produce a single mogahd
therefore a single set of parameter values for a mddh calibrated parameter set is
then used to represent trafficonditionsat multiple periodsthroughouta day. Upon
analyzing the results from this calibration exercise, different sets of parameter values
were ableto sufficiently reflect field performance measarfor the different time periods
that wereincluded inthe NGSIM program. Only one set of parameter values was able to
produce sufficiently accurate field estimator all the time periods that were studied
Putting in place a redime calibration algathm will enable the proposed methodology
to be sufficiently robustin its ability to reflect field performance measures in spite of
changes to driver behavior or other dynamic traffic traits that may change over the course
of a day.

The results from theaforementioned experiments are encouraging and they
demonstrate the feasibility with which the proposed-datzen microscopic simulation
method is capable of accuratedgtimatingfield performance measures in réahe.
Given the success of this methdkis research will make a primary contributitmmthe
ongoing effort to increase efficiencywhen moving people and goods through the
transportation system by providing additiotraffic information. More specificallythis
research will serve as a template for future efforts geared towardsmeadimulation for
improved (arterialfraffic performance monitoring and operation. The 4paot criteria
calibration process is intended to inform future calibration efest#s robust nature and
ability to producewell-calibratedmodels will improve today predominant calibration

methods. The framework in which this methodology was developed also included the
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potential to predict future traffic states and performance umess Although the
prediction of future states wastnacluded as a part of this effort, the output from the
developed method is intended to be easily incorponatéature predictiorefforts. This
research, in turnserves to aid the development tetiques to pedict future traffic
states.

Despite the success of the method, there are still opportunities to improve the
accuracy of the simulated estimates. These opportunities include 1) means of improving
vehicular volume accuracthroughout the network2) realtime turning movement
estimations, 3) signal state transmission, 4) sensitivity to detles®rand inaccuracies
and 5)integrationand useof probe vehicledath o i mpr ove the .met hod?d
addition, devisinga means of appropriately accounting for pedestrian behavior,
downstream boundary traffic conditigrad a more steemlined calibration process will
further speak to the meth@dability to estimate performance measures intiged while

speaking to its ipplementation potential.
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CHAPTER 1

INTRODUCTION

1.1  Background and Motivation

Traffic congestion is a one hundred billion dollar problem in the US. In 2010,
Americans spent approximately five billion additional hours and purdrasestimated
two billion gallons of additional gas due to congestibh The cost of congestion has
been trending upwards over the last few decades, but has experienced slight decreases in

recent years du® changes in demand and the impacts of congestion reduction strategies,
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There has been a fundamental shiftie manner in which issues of congestion
areaddressed. Previously, congested roadways were remedied via an increasevay
capacity. However, acquiring the right of way for roadway expansion has become
increasingly difficult and expensive. Thuthere has been a significantigh by the
government, privatendustry and the research community to develop and implémen
alternate means of alleviatimgngestionThis research project explores the feasibility of
integrating reatime data streams with an arterial simulatiSnchintegration is geared
towards providingthe Departmeist of Trangortation and the publiavith current
estimates of arterial performance measufidgs additional information will facilitate
increased efficiency in facility utilization by enabling more informed decisions in the use
and management of h e n dransportatrs facilitiesTo aconplish this, fixed
sensorswere utilized in the development of an online, datdven, microscopic traffic
simulation tool to determine and provide arterial performance meaginigsal to the
success of this tool was the development and applicaticem cidvanced cdlration

procedure that enabled the traffic simulation to estimate field measures more accurately.

1.2 Problem Statement

A wide variety of advanced technolagpl tools have been implemented
throughoutthe natio® sransportation network to eénease efficiencySome of these tools
include Advance Traffic Control System (ATCS), Advance Traffic Management Systems
(ATMS), Advanced Traveler information System (ATIJSQnd Ramp Metering and
Managed Lane Strategie€urrently, these systems areredied with reducing or
maintaining freeway congestionlevels in light of increasing travel demandss an

example, m Georgia theséenefits are primarilyobserved inthe Traffic Management
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Centets (TMC) freeway monitoring and quickesponsevhenridding theroadway of
any obstacles thanay reducefreeway servicelevels There have been a number of
efforts to leverage the work done by TKI® provide travelersvith more current traffic
information such asGeorgia 511/ Navigator [2]. In addition, private efforts and
partnerships with companies suek Google, NAVTEQ and INRIX have made¢he
TMCO6s i1 nfor mat i dontraveles asgingaheic teaseten dediseri8i 6].
This effort aims to compliment reime freeway information by addressing the lack of
available reatime arterial performance measures

In comparison to the vast investments in equipping freeways with adivance
technology to improve mobility widespread outfitting of arterials with similar
technologies in its early stag&uccessful ITS arterial deployments include both advance
and adapve traffic signal control systems and various surveillance efforts. The benefits
of these limited deployments range from a reduction in the number of stops along an
arterial segment to increases in traveler satisfag2pnAlso, more recently, redime
traffic information provides have been supplying information regarding traffic condition
along arterials, the accuracy of i is still being improved

Tablel andTable2 highlight the current differences in the ITS related benats
experienced by travelers on arterials and freeways, respectively. The d#ferenc
disseminating ITS information to the traveling public is noticeabédle 2, referring to
freeways, demonstrates that presenting traffic information to the travelling public has
positive impacts on safety, mobility, and customer satisfaction. Hialore 1 (referring
to arterials) one notices that there is insufficient data to support a conclusion regarding

the benefits of disseminating traffic infornati to the travelling public along arterials.



One of the reasons for this lack of conclusion is thainformation disseminated is very

limited. O f the arteri al streets network in the
arterial traffic informations only available for approximately two percent of the network

miles [2]. This effort seeks to address this lack of available-tiesd arterial traffic

information and aid in the realization of all possible benefits that may be experienced by

potential travelers, drivers and transpbota facility managers

Table 11TS Arterial Management Benefits Summary([2]
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1.3 Research Objective

As statedthe overall objective of this research is to determine the feasibility of
integrating reatime data with an arterial simulation to estimate performance measures in
reattime and provide such information to facility managers and travelers. This objective
was accomplished by und&king the following tasks:

1. Describe the current state of practice concernirggestimation of regime arteial
performance measures

2. Develop a federated (integrated) simulation -test for testing procenles and
algorithms.

3. Determine the feasibility of integrating point sensor data with simulation to create a

datadriven, online simulation tool.



4. Develop procedures and algorithms to calibrate adinen simulation tool that
estimdestravel time and other performance measunerealtime.

5. Exploreany potential improvements in travel time estimation resulting from sensors
placed in atypical locations, sueaBimmediately downstream of an intersection.

6. Field-test the datariven, online arterial simulation tool on a targedrador.

7. Develop a robust calibration proceddoeincrease the accuracy of simulation output,
while informing the future implementation of such a procedure for-tieal

calibration.

These objectives are closely aligned with those established by thmesp®reation
Operations and Safety Group at the Georgia Institute of Techndtogxplorethe
feasibility of integrating realime data into an arterial simulation on behalf of the
Georgia Department of Transportation (GDOT). This research effatpagly funded

by GDOT as the Bpartment wasteresed in the long-term goal of utilizing realtime
arterial data as input for improved control strategies. GD/@E also interested in
providing realtime arterial operational knowledge promote more a efficient and
effective use of the arterial system by the traveling pulll&.such, the results and
lessons learnethrough this research effowill be shared with GDOTas they look to

i mprove the services offered to Georgiaos

1.4  Dissertation Organization

The organization of the remaier of this dissertatiors as follows. Chapter 2,

Literature Review, provides a comprehensive review of previous works that made strides
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towards estimating arterial performance measures and highligiw this effort will

build upon thse previous efforts. Chapter 3, Methodology, presents the methodology
that has been developed to achieve the objectives of this research [bpgeter 4
Experimentation and Evaluation, details the execution andtsesiua numberof field
experiments that were used to validate deseloped methodology. Chapter 5, Model
Calibration presend an advanced calibratiggrocedure that was developadd usedo
calibrate a VISSIM simlation model Chapter 6 Future Reseach, offers readers a few
tasks that will be tackled in the future to increase the robustness of this ntétiaily,
Chapter 7 Conclusionand Contribution concludes thiglissertationby highlightingthe
manner in whichthe objectives of this task werecmplished and theontributions that

this research will make to thensportatiocommunity



CHAPTER 2

LITERATURE REVIEW

The following chapter provides a comprehensive review of previous efforts in
estimating and predicting performance measures along sigthadirterial streetsA
number of estimation models, along with their successes and contributions to the field of
estimating performance measures will be presented. Models that have been developed to

predict performances measures alongrattevill also bereviewed.

2.1  Estimating Arterial Performance Measures

Estimating performances measures along arterials is often more challenging than for
freeways The primary reason for this is that freeways are controlled access facilities with
limited mainline trafficcontrol (i.e. no signals, stop signs, etc.) while arterials are often
uncontrolled (or limited control) access facilitidhat is, vehicles may turn on and off

the facility at multiple locations, interaction with potentially numerous crossing arterials
may be significant, and control devices (e.g. traffic signals) can significantly influence
vehicle movementsAs a result of such interruptions volume and speed are extremely
varied Given the large variations in speed and volume along arterials, the ability
determine performance measures can be dependent on significant data needs and more
advance mathematical technigues than those employed to extract performance measures

from freeways

2.1.1 The Early Models

In 1977 P.G. Gipps provided one of the earliest rsoder estimating

performance measures along arterials. Gipps developed a regression model that employed
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occupancy measurements and vehicle arrival times, from loop detectors, to estimate
arterial link travel times. The model was then validated using atedildata. Despite
several model adjustments and the relative success of the model, Gipps noted that in
order to improve the accuracy of his model, incorporating other parameters such as signal
timing plans, number of lanes, and link length was neededbuiiding on the
accomplishments of Gippsd6 1977 model , a n|
foundation for their own model to improve the estimation of arterial performance
measur es. Gault and Tayl or sought itto@ I mpr o
two lane roadway and eliminating a few of the parameters that they deem to have
minimal impact on the relevant performances meas[iig]

A review of a number of the earlier works, including the two previously
mentioned models, was conducted by Sisiopiku and PoupBlil The limitations
presented ranged from the lack realrld validation results to use of assumptions that
may prevent the respective model from being implemented in thevos. Table 3

presents a number of early models and their associated limitations and validations results

[8].



Table3Li mi t ati on and Validati omrsBResults for

Model Limitations Validation

Gipps -Lack of empirical validation With simulated data only;
-Signal settings/geometry not MSE*=0-15%
considered

-Correlation of the parameters exists
Gault et al.” -Underestimates travel time occ.>50% With simulated data only;

-Lack empirical validation Within 10% of the mean
Gault -Bounded (occ. s hoWithvideo tape data;
-Not appropriate for oversaturation Within 10% (rarely up to 50%)
Abours -Signal setting are ignored With floating car data;
-Formulation not reported RMSE' =13%
Luk et al. -Requirement o$topline detectors Not reported
Usami -Applicable for oversaturation only With simulation & field data
RMSE = 1019%
Luk -Flow conservation assumption With wheelbase data

-More suitable for freeway environmer With 10% ofthe mean
-Requirement of stepine detectors

Takaba -Linearity assumption between travel Error ratio=12-24%
time & flow in congestion
-Neglect of dependency between links

4MSE: Mean Square Error

PArrival Type Model

“Occupancy Model

YRMSE: Relative Mean Square Error

Zhang and Kwon also presented an overview of a few of the earlier models that
were used to estimate arterial performance measiaréisis report, the authors grouped
the models being studied into five (5) categoridsgese model categories are regression,
dynamic inputoutput, pattern matching, sandglass, and models developed by the Bureau
of Public Roads (BPR)he following sections will briefly highlight the characteristics of
these categories as well as their limitation as it pertains to estimatifynpence

measures along arteri@lO]

2.1.1.1Reqgression Travel Time Estimation N&ls
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Regression models attempt to use dat a
surveillance and control systems. These models are capable of accounting for the various
different factors that may affect arterial travel time, however, the models oftembe
location specific and difficult to transfer to other arterials. One of the main similarities
among the different regression models is required input data. The input data needed for
these may include time registered by a vehicle on a loop detectopaay (derived
from a loop detectors), offsets, and other signal parameters. Despite the applicability of
these models, their estimation of travel times, when compared to those from the field, are

often less than satisfactory and therefore in need dfdumnprovements[7], [9], [10]

2.1.1.2Dynamic InputOutput Link Travel Time Models

Generally these models use injouitput traffic flow relationships, measured at
upstream and downstream detectors, along with gstsums describing the change in
flow characteristics between the detectors. This class of models is able to estimate both
link and route travel times using minimal site specific deiawever, a disadvantage of
these models can be an inability to prediavel times (as opposed to estimating current
travel times) and they require a greater data sampling rate than what is currently available

with the use of today surveillance equipméib®], [11]

2.1.1.3Pattern Matching Models

In pattern matching the upstream loop detectors record a sequence of voltage
signatures from various vehicle types. This sequence of voltage signatures is then
compared to those celited from a downstream loop detectdhe time between

upstream and downstream matching sequences is the average travel time. This approach
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can also be used to estimate other performance measures such as traffic density and space
mean speed. A challenge pattern matching approaches is that they often require a data
sampling rate and accuracy that 1is higher
detectors.[10], [12] A more recent example of a technology that has demonstrated
success using pattern matching iswheeless traffic detection and integrated traffic data

systemoffered by Sensys Networks3].

2.1.1.4Sandglass Link Travel Time Models

These model use the concepttttravettime can be estimated as the sum of time
spent on two segments of a linka congested segment and an uncongested segment. On
the congested segment of the link there is no inflow of vehicles from external sources nor
is there outflow to other road thus travel times are essentially deterministic queuing
delays. For the uncongested segment travel time is determined by using a constant speed
relationship. One with a challenge of these models is that the required input is queue
lengths which may onlpe indirectly obtained from the field data. Therefore any error in
estimating queue lengths from the loop detectors will be propagated throughout travel
time estimation. Furthermore, the accuracy of these models is unsatisfactory especially

for dynamic sbrt-term traffic management applicatiofs0], [14]

2.1.1.5Bureau of Public Roads (BPR) Models

The models developed by the BPR to estimate performance measure along
arteriab have primarily been used in transportation planning and intersectidrestu
Like sandglass models, trav@hes are computed as the sum of time spent on two

segments in a link, the frélw travel time and intersection delay. The input required for
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these models is traffic volume data which is obtained directly from loopvetsb
detectors. However, despite the anticipated accuracy of these model, when tested the

result tended to be unsatisfactdi0], [15]

2.1.2 Developments in Estimation Models

Building on the sucases and lessons learned from earlier models, a number of
recent efforts have been devoted to addressing the limitations and refocusing the
assumptions of earlier models. One of the first significant attempts to build on earlier
models was presented by M. Zhang in 1998. Zhang developed the Lifdurney
Speed (LJS) model which estimates the speed, and subsequently the travel time, along
signalized arterials. The LJS model combi n
critical volume to capacity rationd the one calculated from the volume and occupancy
measurements from loop detectors. The model has been demonstrated to work well in
under capacity conditions although may break down under congestion conditions
particularly when the built up queues aret long enough to be detected by upstream
detectors[16]

In 2007, Liu and Ma presented a thdependent model to estimate travel time
along arterials. In ik paper the authors developed a model that used loop detector and
signal status data to calculate travel time along an arterial corridor. When calculating
travel time the model decomposes travel time into two components; free flow travel time
and intersetton delay. Although the presented model estimates travel time along arterials
fairly accurately its validation was completed in a simulated environment. Additionally,
given that the model greatly relies on loop detector and signal status datayarteal

implementation of this model may be met with a number of challenges relating to data
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accuracy and transmitting the data from the field to a remote location to be implemented
in the model[17]

Wang and Hobeika present a modified HCM2000 model to estimate travel time
along arterials. Similar to previous models, this model estimates travel times as a sum of
free flow link travel time and delay experienced at arrggetion. Essential to this model
is the speed and volume data collected by upstream loop detectors. Based on these data
free flow travel time is a simple calculation involving travel speed and link length while
intersection delay is calculated by groupwehicles together and using the relationship
between average intersection delay and number of vehicles per cycle length as a well as
average intersection delay and the delay of the first vehicle in a group of vehicles. The
proposed model was validatedngiaverage intersection delay from a single intersection
in the field and delay computed using the HCM 2000 metBedpite the accuracy with
which this model estimates intersection delay for a single intersection along an arterial,
the authors acknowledgbat extending the model to involve a number of intersections
will further demonstrate the feasibility of employing this model to estimate arterial travel
time. Additionally, a potential limitation of this model is that it requires upstream loop

detectorswhich are not often times available in the +eakld. [18]

2.1.3 Automatic Vehicle Location and Identification Estimation Methods

As technological advancements have been made in the fields of global position systems
and various vehicle idefitation technologies, a number of researchers have employed

the use of such technologies to better estimate transportation network performance
measures, particularly travel time. Although the usage of these technologies has been

largely geared toward fremy implementation there are a number of efforts that are
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aimed at extracting performance measures along arterial streets. Dailey and Cathey, in
2002 developed a estimation methodology that used transit vehicles that were equipped
with advance vehicle lotan (AVL) technology, with the aid of Kalman filtering to
estimate speeds and travel times along freeway and principal ar{@®lsLi and
McDonald in 2002 presented a link travel time estimation model that used GPS data from
a single probe vehicle. This model uses the tpeed profile of the probe vehicle to
produce a maximum continuous acceleration and an average speed value to be inputted
into fuzzy ses. Once these values enter the sets they will be analyzed with historical
traffic data to derive travel time along thek being studied. Despite the promising
results from this research effort the mode
represent the traffic in its entirety along a particular arterial may provide erroneous data
as a ©particuliamr dnaiyv enrodts bbee hmepr esentatiyv
condition. Furthermoreébuilding fuzzy sets of driving patterns for a large arterial network
may be a tedious and labor intensive prode&y

Choi and Chung in 2003 mented an algorithm the fused data from GPS
equipped vehicles and loop detectors to estimate link travel times along arterials. This
algorithm also employed the use of a voting technique, fuzzy regression, and Bayesian
pooling to aid in the estimation ofrtarial travel time. The base of this proposed
algorithm is a double fusion data process while incorporating the historical traffic data of
the link being studied to estimate link travel time. The results from the model indicate
that this algorithm does ewgrately estimated the travel time for the arterial links
understudy. However, possible limitations include lack of feasibility in,-tezar, real

world implementation of the algorithm given its dependency on GPS and transmitted
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loop detector data. Alsd¢ authors indicate that further tests need to be done to analyze
how the algorithm will perform under different traffic conditioffsl]

In 2009 Pu et al22] presented key limitations associated with AVL technologies
to estimate arterial performance measures in-tnes. To address some of these
limitations, the authors developed a framework that employsriudius and car speeds,
and streaming AVL bus speeds to estimate bus and car speeds, and travel times in real
time. Central to this framework is the joint relationship between bus and car speeds
which has been formulated through the use of historic carbas speeds. Despite the
met hodds promising results, accurate estin
which is not always available. Also, the authors highlighted the need for further studies,
before full scale implementations, to evaluate the é&works performance under
changing traffic condition§22]

Lucas et al. (2004)23] presented three noteworthy limitations when using GPS
and other forms of vehicle identification technologies. In part, these limitations are
associated with the offsite processing of vehiclentdication data which hinders real
time implementation of such methods, the cost associated with additional equipment and
infrastructure investments and privacy concerns of drivers as they traverse to
transportation network. To address these limitatitmes,authorgpresented an estimation
methodology that only relies on vehicle platoon information from loop detectors.
Although promising a disadvantage of this method is that it requires streaming detector
data which i1is a | i mtrolea[23] on of todayodés traf

All of the above efforts attempt to estimate performance measures 4tinmeal

However, this goahas been achieved with varying levels of success and accompanied by
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different sets of limitations. Some of these works present an entire method to extract real
time performance measures, albeit with limited success during full scale field
implementationsAnd others are more geared towards improving a particular component
of a realtime performance estimation framework and not necessarily developing a

complete methodology

2.1.4 Statistical Models

There is a large body of work of statistical estimation models dahe aimed at
approximating performance measures along arterials. In this category of models traffic
data such as vehicle speed, occupancy, headway, traffic flow volume, etc., are used as
input variables for equations or models that output performanesures such as travel
time [17]. These models may be divided into sa#tegories such as classical statistical
models and more complex statistical models. Classtedistical models refer to models
that use traditional estimation techniques such as linearlimear, and Bayesian
techniques to estimate arterial performance measures. The more complex model refers to
model that employ techniques such fuzzy logiajraknetworks, etc. or any combination
of these techniques

In terms of examples of classical statistics models Turner g24lpresented a
series of linear expssions to estimate speeds along arterials and subsequently travel
time, Zhang[16] presented a nelnear model that combines two speed estimates to
calculae arterial travel time and Park and L|@&] used a simple Bayesian estimator as
the basis of a model to estimate arterial link travel sp@sdfor more complicated
models Park and Lej@5] paired a simple Bayesian estimator with an exieal neural

network to estimate link travel speeds along arterials, Cheu [@6alses anulti-layer
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feedforward neural network with baghkropagation trainingo fuse various data streams
to estimate arterial speed, Palacharla and NdBdgnemployed the use of fuzzy logic
and neural networks to dynamically estimate arterial travel time and Robinson and Polak
[28] considered a kK Nearest Neighbor methodology to determine artdralel time
using loop detector data

Some of the limiting factors of these models include that they can be site specific
and must be recalibrated for different locations and a number of these have only been
evaluated under simulated conditioits addiion many of the statistical models require
large field data sets not only for the purposes of statistical significance but also for some
of the learning algorithms to have more training before estimating arterial performance

measureq17], [18]

2.1.5 RealTime/Online Estimation Models

Skabardonis and Gerolimin{2005 and modified 2008) proposed an analytical
model to estimate travel times along arterial streets irtiraal This model utilizes data
that can be had from loop detectors such as, flow and occupancy, and pairs it with signal
timing data such as, cgclength, green time, and offs&tinematic wave theory was then
used as the base of this model as it was able to represent the spatial and temporal features
on queues formed at signalized intersections. Similar to previous models the travel time
on an aterial link is calculate as the sum of the link free flow travel time and the delay
experienced at the intersection. In this model the delay incurred at an intersection is equal
to the summation of the three forms of delay, the approach delay, queueaddiaglay
due to oversaturation. I n | ight of t his

relatively high accuracy it was validated in a simulated environment and also with limited
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field data. However, field data trials where offline, not utilizingeattime data stream
[29], [30]

Tsekeris andkabardonig2004) examined five analytical models that have been
primarily develop for use in reéiime estimation of performance measures along arterials.
These five models are the Spot Speed (SSM),-BR$ed, Uniform Delapased (IDM),
Overflow DelayBased (ODM), and the Generalized DeRgsed (GDM) models. The
evaluation of these model sé6 abi ltimewast o es:
conducted in a simulated environment. In their simulated environment they found that to
fully evaluate the roustness and accuracy of these methods, aggregated travel times, at
the network level, and available signal timing information should be taken into
consideration. In general, the GDM and ODM were the most promising approaches to
estimate total average telvtimesi at the network level. While the other models
provided better estimates individual link travel timéee GDM and ODM were also
capable ofimproved networkwide travel time estimates argteateroutput robustness
whenthere are discrepancies been field and simulategnal timings. However, it is
not known how these simulated findings would translate to a field implemen{&ti$n

In 2009 Kwong et al[32] presented a scheme for estimating the distribution of
travel time on an arterial link. This scheme employed the use of wireless sensors to
acquire the magnetic signature of each vehicle. An upstream signature is matched
anonymously with theignature from a downstream sensor to estimate the travel time of
a particular vehicle. The authors also state that other performance measures such as link
volume, delay, and queue length can be determined from this methodology as

distributions. The meansf extracting performance measur
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and downstream magnetic signature is a statistical model of signature distance that
requires no additional detector data, such occupancy, or infrastructure data such as signal
timing plans. In lght of the preliminary success of this model, there is a need for further
field evaluations as the current evaluation procedure was done on a simple natwork
addition, ground truth verification of determined performance metrics is nd8@gd

Lucas, Mrchandanjand Verma in 200423], presented a methodologyextract
travel arterial time information without the need to indentify individual vehicles. Their
methodology identified vehicle platoons as they traversed the transportation network. The
platoons are identified with the use of loop detectors placed along the arterial corridor
being studiedThe results presented by the authors are encouraging however based on
testing in a simulation environment only. As previously mentioned, Zhang and Kwon
[10] highlights that such techniques often encounter difficulties when trying to estimate
performance measures in rdimhe as the sampling rate needed for platoon matching is
often not available in the field

A preliminary study was untaken in Melbourne, Australia to investigate the
feasibility of extracting arterial travel time measures in -tak. The study was
conducted along a small signalized arterial corridor controledSGATS (Sydney
Coordinated Adaptive Traffic Systenih this approach, SCATS datasets, aggregated in
60 second bins, were used in conjunction with historical travel time data from VicRoads
to provide estimates of retime travel time. A drawback of thigpproach is that to
obtain estimated travel time data the given signal system (SCATS) must also be used. In

addition additional detectors for successful field implementation may be red@Bgd.
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A large scale attempt to extract arterial performance measures {tnrealvas
presented by Whal¢34]. In this paper, the authors presented a methodology that
employed e use of a cellular automaton microscopic traffic simulation software and
approximately 750 inductive loop detectors located throughout the study area, Duisburg,
Germany, to estimate roadway performance. In essence, this methodology acquires traffic
information, namely vehicle counts, from each of the approximately 750 detectors at a
resolution of 60 seconds. The data used as input to the cellular automaton traffic
simulation model. Upon receiving the data and performing the necessary data processes,
the lbad on each link is then presented to the consumers of this information. Limitations
of the approach include) the use of a cellular automaton traffic model which has a few
deficiencies in representing traffic and driver behavior on a microscopic byadack
of flexibility in the resolution at which trafficlata aresent and procesd; and c) the
vehicle load along a particular link is the only performance measure being delivered to
the consumers of the results this eff{34]

In another effort a team of gearchers from the University of Minnesota
developed the SMAR'BIGNAL system (Systematic Monitoring of Arterial Road Traffic
and Signals). This system is a data collection and performance estimation tool for arterial
streets. Integral to the functionalitf this system is the collection of highsolution
event based traffic data from an arterial. The primary data sources for the system are
signal controller cabinets that are located throughout the arterial being studied. From
these cabinets event basedadsuch as vehicle actuations and signal phase changes are
collected, archived, and processed. This rich dataset is then archived and processed to

determine a variety of performance measures. Estimates of performance measures
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include travel time, queue lgth, and number of stops, under a variety of conditibhe

field implantation of this system indicates that it is capable of producing accurate
performance estimates in regahe. One challenge of this approach is the requirement to
gain access to a sighcabinet to extract the evemhsed signal datdn addition, this
system is more feasible for a corridor which is controlled by a network of controllers with
one being a master. Where a master cabinet is not presetimeadata acquisition
becomes anore significant challenge particularly given the resolution required by this
methodology[35]

From the above sections one realizes that a number of advancements have been
made in the field of performance measure estimation along arterials although significant
limitations still exist. It is also noted that while nyaof these above efforts discussed
their finding and underlying algorithms they did not present significant information
regarding data transmission methods or requirements, the impact of lost data or erroneous
detections, required detector data filters,otiner implementation issues. Despite the
successes of the staiéthe-art methodologies and systems, there are few limitations that
this research effort is looking to address while building on the capabilities of these earlier

works

2.1.6 Available RealTime Traffic Information Services

Currently, there are number of providers that offer traffic information intiea!.
A few of the major participants in this arena include GoggjleTraffic.Com (NAVTEQ)
[5], INRIX [36], Total Traffic Network (TTN) of Clear Channel Rad{87], and
SpeedInfo[38]. Although this short list highlights individual organizations that are

currently providinginformation regarding traffic performance, it is noted that a number
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of these and similar organization offer these services in collaboration with similar
organizations.

The primary means by which these service providers obtain data to estimate real
time taffic performance measures is through infield sensors and GPS enabled.devices
For instance, Google relies on individuals that have their GPS based, mobile Google
Maps smart phone application enabl ed. Goo
estimatethe current state of traffic, primarily on arterial strgdis As for freeway data,
Google as well as other traffic service providers also rely on point sensor data often
provided by regional and local transportation agencies, such as departments of
transportatia. Traffic.com, an affiliate of NAVTEQ, acquires its data from its own
network of digital traffic sensors, commercial and government partners, and their own
traffic operations centef8]. Speedinfo uses its solar power®y/SS-100 Doppler radar
Speed Sensaystem which measures the speed of vehicles on both sides of the highway
[38]. In addition to some of the previously mentioned data sources INRIX gathers
information from GPS enddd commercial vehicle fleets to estimate traffic performance
[36]. TTN employs information fromAirborne/Mobile Spotr Vehicles, Digital Scanners
t hat cover many | ocal emergency se[l87ki ces,

Accuracy of the traffic information being offered by these service providers is
highly dependent of the facility type and acceptable confidence band for the particular
consumer 6s applicat i oaocuracyisw@mmnionheheghentlyan that r f o r
for surface streetsThis is primarily due to limited access nature of freeways and more
uninterrupted flow characteristics. These attributes of a freeway facility lends itself to

accurate performance measures beingaeted, particularly on the macroscopic scale,
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with a fairly narrow confidence bands for surface streets, both vehicle speeds and
volume are highly variable due to intersections (signalized and unsignalized) and
frequent, uncontrolled access points. dddition, to date, only macroscopic level
information is available for both freeway and arterial facilities, representing roadway

segments instead of individual vehicle performance.
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CHAPTER 3

METHODOLOGY

The methodology employeditilizes point sensor trafficdata to drive a
microscopic traffic simulation in redime. Detector data wergansmitted and used as
input to a simulation model of the area being studteterial performance measures are
then estimated from theeattime simulation. In describing theethodology this section
first presents the conceptual framework for the effort followed by the current
implementation status. In the current research effort the microscopic simulation package

VISSIM is utilized

3.1 Conceptual Framework

Figure 2 illustrates theconceptuaframework for developing a reéime, online,
datadriven simulation tool.The first step in thegrocess is to obtaineattime traffic
relateddata from the netwré s r o a d w.aThieseddatére then processed by the
data processingesver. Next, the current traffic state is estimated by streaming the
processedetectordatainto a calibrated simulation model of the area being studied. Once
the traffic6 s  atwstate is captured in tr@mulated environmenthe model may be
used to predict nederm future traffic conditions. For examplastancesof he tr af f i ¢
current state malge generated and run faster than féale to provide a series of possible
future traffic states. From these future states, a probable futurerstgtthen estimated
The current research effort focuses on the use oftireal data to estimate the current
traffic state however future research efforts will seek to extend the twsémation

platform for use in neaerm traffic prediction.
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Figure 2 Conceptual Framework for Proposed Methodology

3.1.1 The Network and Detectors

As stated, the goal of this project is to deliver arterial performance measures in
reattime using an online data driven microscopic traffic simulation. This research
assumes an arterial network where point sensor (i.e. loop detectors, video detection, etc
detection equipment is available, or may be deployed, capable of transmitting detection
data in reatime. It is noted that whileeattime transmission capabilities are not
commonly utilized such technology exists and is being increasingly adaptedurther
assumed that the detector location is known and may be mapped to the simulation
environment. Minimum required data streamed from the detector include individual
vehicle actuations and speed. Other traffic related data such as occupancy, haadway,

volume may also be available however is not required for the current research effort
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3.1.2 Data Processing and Communication

The communication infrastructure to implement téattime simulation has three
primary tasks: 1) manage the transmission dfi¢ralata between the point sensors and
the data processing unit, 2) facilitate the communication between the data processing unit
and the simulation, and 3) broadcast the current and most probable future traffic states.

For the current implementation the first task the data that is sent from the point
sensors is processed by a central data processing unit to facilitate implementation of the
data into the simulated environment. The data processing unit reads the data from the
detector technology and oagrts this data into the appropriate message format for
transmission to the simulation model.

The second task facilitates the passing of information between the processing unit
and the traffic simulation. Given the specific requirements for data tranemissi
processing, and sharing with simulation instance(s), a customized communication tool is
employed This tool is referred to as the Transportation Runtime Infrastructure (TRTI).
TRTI is a High Level Architecture (HLA) inspired communication frameworkt tha
manages the passing of information between clients (i.e. simulations, data processing
unit, etc.). For detailed TRTI development, functionalityand implementation
informationplease see Henclewood et.al (20[33).

Thethird task broadcasts the current and estimate future states for use in traveler
information systems or in traffic control optimization. A wlehksed application for
presenting the information has been developed. For transportation facility managers, it is
also envisioned that in addition to the wiedsed application they will have &ss to the

raw data. This will allow for the use of model outputs in systems capable of adjusting
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traffic system parameterns reakttime, such as signal timings, allowing for increased

traffic control system responsive.

3.1.3 The Simulated Environment

VISSIM, distributed by PTV, is a high resolution simulation program that is
capable of modeling muithodal traffic flow. VISSIM also has the capability to visually
represent traffic. VISSIM also provides a COM (Component Object Model) interface
which allows VISSIMto be automated by other applicatioifie COM interface also
provides users access to VISSIM objects, so that they may be created, manipulated, or
deleted For additional information regarding VISSIM and it VISSIM COM interface see
[40] and[41].

It is noted that one of the magttical aspects of this researefiort is the need to
have a well calibrated simulation model of the area being stuGlepter Sdocuments
the calibration effort undertaken as part of this research. Current calibration efforts are
focused ona priori calibration of the model parameters (i.e. vehicle acceleration, look
ahead, safety distance, etc.). Future research will explorémeatalibration of VISSIM
model parameterdHowever, a well calibrated base model will remain critical as it is
anticipaed that the reaime calibration provisions will work best where only small

adjustments to VISSIM parameters are required.

3.1.4 TestBed

Video cameras were selected as the point sensors to be used for this test bed
developed as part of this research projéeh video cameras have been installed in a test
bed located next to the Georgia Institute of Technologmpus. A Video Detection
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System (VDS) was selected as the accompanying hardware and software, facilitated the
reattime transmission of evetiased trdfc data to a remote locatiomn addition the

video detection system is capable of extracting a significant portion of available roadway

data Currently, the ten cameras that have been installed transmit their video via fiber

optic cable to the data pra=ng unit. This unit then processes the videos and sends all

the relevant traffic data via wired or wireless connection to a client personal computer.

This client then parses the data stream and inputs it accordingly into a VISSIM model of
Geor gi acanpestigupe8Spr esents the test bedds | oc a

their respective views

= |

Figure 3 Test Bed Location and Camera Layout and Coveragg]
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3.2  Summary

In the following chapters the above conceptual framework will be expand. This
will be in the context ofa series of method implementations, ranging from lab
implementations to full field tests. These ieypentation presentations will then be
followed by discussiasion related research items explored as part of this effort including

the use of next to perfect data and madibration
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CHAPTER 4

EXEPERIMENTATION AND EVALUATION

Four experiments were conducted determine the feasibility of the proposed
methodology. The fitsof was a proof of concept experimentich was conducted in a
simulated environment. Theesond and third were field experimentgith the primary
difference being the use of temporary verngesnanent detector§he fourth experiment
was a pseudo field experiment that employed trajectory and -alggtination data to
approximate streaming detector dafhe following presents the details and results for

each experiment

4.1  Experiment #1. Simulated Environment- Proof of Concept

The proof of concept seeks to provide insight into the feasibility of the proposed
reattime simulation framework. This experiment uses two VISSIM simulation instances.
One instance rvwe@prrtetbéendtsharmeatiremptwori dor ep
simulationinreat i me (r ef err edwdrol dds) .t hTeh el wondped tesd t
model include traffic volumes over ahtur period (reflective of a peak period), signal
timing data, and vehicle ting movements. The modeledrld simulation has the same
roadway configuration, signal timing data, and historical turning movement percentages.

The modeledvorld simulation is not given any vehicular volumes as part of the input
files. Instead, as wilbe discussed, vehicles are generated according to the data obtained
from the detectors in the reaforld simulation instance.

This initial experiment explores the feasibility of approximating traffic conditions
of the realworld simulation in the modeledorld simulation To determine how well the

modeledworld replicates the realorld travel time and delay over representative paths,
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and queue lengths at the approaches of the various intersections, are collected and

compared

41.1 Experimental Design

A threeintersection arterial was created using VISSIM, with each intersection
under twephase semactuated signal control. Each roadway is a-way arterial, with
one lane in each direction. In the r@alrld simulation a loop detector is placed 100 feet
from the upstream end of each entrance link, for a total of eight boundary loop detectors.
These detectors are responsible for capturing the presence and speed of a vehicle as it
enters the network. In both the reabrld and modeledvorld there are siadditioral
detectors, one on each intersection cross street apprbaeke detectors are used to
implement semactuated traffic signal control. Naata arecurrently passed from these
detectors in the reaborld simulation to the modeledorld simulation. Both radels
simulate &our hour time period during which the maximum network volume reached is
approximately 1200 vehicles/hour and a minimum of approximately 550 vehicles/hour.

A framework in C++ was developed to implement the system showigune4.
In this framework VISSIM COM is utilized to provide a direct means of interacting with
a simulation during runtime. To establish communication between the two simulation
models a unidirectimal named pipe is created. A pipe is a specific section of memory that
is used for the purposes of communicating between a server and one or more clients.
When using pipes the pigerver is the process that creates the pipe and thel@peis
the proess that connects to the created 4. In the named pipe that was created the
realworld simulation model served as piperver and was able to write ttee pipe. The

pipe-client was the modeledorld simulation and was able to read from the pipe. While
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pipes are capable of twway communication for the purposes of this experiment a
unidirectional pipe was sufficient. Subsequent experiments replace pthebevTRTI.

Each of the eight detectors that are placed at the edge of thveorddisimulation
network are polled for vehicle speed, location, and lane data once every simulation
second. In this example, given the fixed detector locations, a det&taolld be
sufficient in place of the location and lane data, however, passing location and lane data
was undertaken to allow for more robust data streams in future experimental iterations.
At the end of each second the pipe server writes an [8] x [3} trrdone pipe containing
the detector information over the last second. The array is then read by toégripand
the information is implemented in the modeledrld simulation. For a graphical

representation of the experimental design,Fsgare4.

1 I I I
: Real-World 1 1 Modeled-World :
1 1
1 I I I
| | | Server 1 [8] x [3] 1 Client ? 1
1 Vissim- 1 Named Pipes 1 Vissim- 1
= 7 pes =’
1 “OM 1 1 "OM 1
| | | > coMm | | coM > | | !
: I .speer; | 1
I VISSIM 1 location ! VISSIM :
e e . Jane sl b

Figure 4 Experimental Design for Proof of Concept

The execution of the model world is driven by the «wgatld model, wih the
modeledworld executing a simulation second only when a secordhtaf arereceived
from the realworld data server. In this experiment, reliable, ordered communications are
assumed with the named pipe operating on aifirfitst-out (FIFO) basis resuring that
the modeledvorld and realworld simulations remain synchronized. Subsequent versions

of the framework using the TRTI integrate timestamps directly into the data stream and
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incorporate data consistence checks. The following pseade furtherillustrates the

structure of the servérclient relationship

Pipeserver (ReaWorld)
for (i = 0, i <= simulation period, i++)
{ advance simulation 1 sec
read vehicle speeds from the 8 detectors
write [8]x[3] to pipe }

Pipe-client (Modéed-World)
for (i = 0, i <= simulation period, i++)
{ read [8]x[3] from pipe
input vehicle speeds into simulation
advance simulation 1 sec }

4.1.1.1Simulated Time Frame

A four hoursimulation time period is used, capturing the transition into and out of

the peak period. The flow rate is 500 vehicles per hour on the main arterial for the first

hour, increasing steadily to 900 vehicles per hour over the second and third hours and

thenreturning to 550 vehicles per hour in the fourth hour. At the end of the simulation

period the average travel times and delays from seven representative paths, along with the

gueue lengths at each intersection approach are collected from both therteand

modeledworld simulations Figure5 and

Table 4). These performance measures are presented -miriie interval

aggregations.

4.1.1.2Scenarios
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The results from two scenarios are presented. Scenario 1 assumes ideal detector
performancewith every realworld vehicle and its associated speed accurately detected
and passed to the modefedrld. Under such an assumption the primary difference
between the reakorld and modeledvorld results will be due to randomness in driver
and vehicle baracteristics and potentially different path selection decisions of a vehicle
in the realworld and its simulated counterpart in the modeledld. Scenario 2
introduces some of the variability expected in a field implementation from detector
failures andspeed measurement inaccuracies. The detectors randomly failed to detect
vehicles with a frequency of approximately 2%. Additionally, the detected speeds were
allowed to randomly vary higher or lower by up to 10% of the actual vehicle speed.

In both scenaos the vehicle speed measured over the detector in thevoddl is
used as the desired vehicle speed for the vehicle placed in the madelédHowever,
if the vehicle speed was lower than the expected range of desired speeds (48 to 58 kph) it
is assmed the vehicle is within congested conditions and the desired speed is randomly
set within the preceding desired speed range. In this instance the vehicle is placed in the
modeledworld at the highest speed possible given traffic conditions without exgeed
the desired speed. If the vehicle is traveling more slowly than its desired speed it will

attempt to accelerate to its desired speed as quickly as possible

4.1.2 Results and Analysis

Five replicate runs (R through R5) were performed. Each replicate run
consisted of a modeledorld being driven by the streamed detector data of the real

world simulation, allowing for paired comparisons of the -wgaild and modeled world
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simulations. Each replicate run utilized different random seeds forwmed and
modeledworld simulation instances.

Travel time and delay results for seven paths and queue lengths for three
approaches were compared between the real and masletietisimulation instances for

the two scenario$igure5 presents the network link naming conventions and

Table 4 the performance measulieks consideredAll links in the network are

single lane.

Figure 5 Roadway Network and Link Names

Table 4 Description of Performance Measures

Measures Path Links Distance (m)
Travel Time Delay
TT-1 DL-1 1-4-9-15 1308
TT-2 DL-2 16-10-3-2 1309
TT-5 DL-5 11-13 290
TT-8 DL-8 4-12 366
TT-9 DL-9 1013 382
TT-10 DL-10 4-9 381
TT-11 DL-11 103 383
Queue Length

QL-1 1

QL-6 14

QL-7 10
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4.1.2.1Individual Performance Measures

For most of the monitored performance measures the Scenario 1 and Scenario 2
modeledworld simulations captured the performance of the-weald simulations
accurately. For example, considégure 6 and Figure 7 which present the values of the
travel time for path 2 (T-R), from replcation 2 (R2), and of the queue length for path 6
(QL-6), from replication 3 (F3), respectively, over the foinour simulated time period.

As seen, the modeledorld in both scenarios is able to reasonably track performance

measures of the realorld through the four hour period.

Travel Time - 2

e Real TT-2 Modeled TT-2-ID e e Oe « Modeled TT-2-RD

140

Q
%
o
130 A

o
=}

Travel Time (sec)

1=}

100

90

0 2000 4000 6000 8000 10000 12000 14000

Time (sec)

Figure 6 Average Travel Timefor Travel Time Path 2 (TT-2), Replication 2 (R2),
for the RealWorld and the Modeled World Scenarios land 2.
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Figure 7 Average Queue Lengthfor Queue 6 (QL-6), Replication 3 (R-3), for the
RealWorld, and the ModeledWorld Scenarios 1land 2

For instance, inFigure 6 and Figure 7 the absolute differences among the
measures from the various scenarioalyred are minimal. The average and standard
deviation of the difference between the values ofZlifom Scenario 1 are 2.06, and 1.55
seconds; and 2.10, and 2.12 seconds, respectively for Scenario 2. Similarly, the average
and standard deviation of thdfdrence between the values of @Lfrom Scenario 1 are
1.96, and 1.46 cdengths; and 1.96, and 1.57, car lengths, respectively for Scenario 2.

However, when considering all replicated experiment instances it was found that
the modelworld did not alwaysonsistently track the reaforld. For instance, consider
Figure8 andFigure9, which represent the travel time for path 1 {I)Tfrom replication
4 (R-4) and the delay for path 1 (BL) from replication 3 (RB), respectively. There is a
large discrepancy in the estimates of these particuldorpgance measures between
8000 and 11000 seconds, the highest demand period of the simulated timeTtame
modeled world travel time estimate approximately 73% of the real world travefdaime

38



both Scenario 1 and Scenario 2. The delay estimate frommttdeled world is

approximately 44% of the estimate from the +walld.
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Figure 8 Average Travel Time for Travel Time Path 1 (TT-1), Replication 4 (R4),
for Real-World and Modeled-World Scenarios 1 and 2
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Figure 9 Average Delayfor Approach 1 (DL-1), Replication 3 (R3), for the Reat
World, the Modeled-World Scenarios land 2

Two potential sources of these errors are: 1) randomness in vehicle routing and 2)
a smoothing of flows in the modwlorld. In these experiments the randomness in vehicle
routing is |Iimited to a vehiclebs turning
concern is the selection between through and left turn movements. For example, the
intersection midway through the arial has the highest left turn movement percentage at
16% in each direction. The impact of the randomness in left turn movement selection is
seen through which vehicles in a particular platoon turn left. Thetuleft vehicle
placement in the queue caradratically impact operations as flows approach capacity,
particularly in this study network as a kdtrning vehicle waiting for a gap will block all
following (left, through, or right turning) vehicles. For example, if the 1st vehicle in a
platoonisae mpti ng to negotiate a | eft turn at

unable to do so the waiting delay is incurred not only for the turning vehicle but also for
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those vehicles queued behind the turning vehicle. Should the last vehicle in tloa plato
attempt to make a left turn, any delay while waiting for a gap will be experienced only by
that leftturning vehicle

This particular source of error cannot be addressed by boundary point sensors
without knowledge of everyreafor | d v e h i math éréugh thee eeswork.elrde
currentdatadriven simulation is based on the hypothesis that slata ardikely to be
unavailable, at least in the near future. However, detector data from internal network
detectors may provide a means to address this issue. For example, a mainline detector at
the stopbar could be used to identify when vehicles are not ngodluring a green phase
and this information could be passed to the modededd simulation. The use of
internal network detector information will be one direction of future research efforts.

The second issue, a smoothing of flows in the modeiadd, ha the potential to
Asmootho out traffic fluctuations. Current
enter the reaorld, the modeledvorld implementation algorithm has the effect of
rounding the headway to the nearest second. This is particatsdworthy for actuated
traffic control, where a few tenths of a second can be the difference between a signal
gaping out and a car receiving an extension of the green.phase@xample, in the
replicate runs where the divergence in travel time was ge#re middle intersection it
was also noted that the side streets tended to receive slightly more green time. Overall
this would decrease the time given to the mainline and decrease the maddted
delays. Headway smoothing of the entering flows ikelyliexplanation of the extended
side street green time. Future efforts will consider methods to eliminate this unintended

bias.
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4.1.2.2Consistency of Results

The consistency of the performance measures across replicate runs was explored
by calculating the difference between the +walld and modeled world performance
measures for each replicate trial and then averaging over the 5 repkigtes.10 and
Figure 11 illustrate the concept of stability ug average differences in queue lengths

from Scenario 1 and travel times from Scenario 2, respectively.

Avg. Difference in Queue Length: Scenario1

45

35

—CL1
—QL2
aL3
QL4
—CL5
—CLE
—L7
—CL-8
—QL-g
QL-10
QL1
. ‘, 4\ aL-12

25

15

Avg. Difference in QL (m)

-15

Time (sec)

Figure 10 Average Difference in Queue Length, Scenario 1
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Avg. Difference in Travel Time: Scenario 2
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Figure 11 Average Difference in Travé Time, Scenario 2

The above figures indicate that the methodology being considered is rather stable
except for a few instances were performance measures differed during the period being
considered in a particular replicate trial. The reason for thefatites is discussed in
the previous section and will be the focus of future efforts. Overall, the medeléd is
generally successful at replicating performance measures of theawdl In addition
the method is seen to be resilient to reasonalikctien errors, that is, drastically faulty

data or complete detector failure is not considered in this analysis

4.1.3 Limitation and Future Direction

In designing the proof of concept experiment, limited aetee passed from the
realworld simulation to thenodeledworld simulation to data that could be obtained in a

field implementation. That is, the modeladrld was not provided with more

information than may be detected on todayé
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approximately 12 potentially influgial parameters that are used for the purposes of
calibrating traffic simulation model3able5 lists these parametef40]. In the discussed
experiment these 12 parameters are the same in thevaoddl and modeledvorld
simulations. This results in the modelecdb r | d si mul ati on having

parameters relative to the reabrid.

Table 5 Description of VISSIM Calibration Parameters [40]

Parameters
Emergency stopping distance Minimum headway
Lane changing distance Desired safety distance parameters
No. observed preceding vehicles Maximum deceleration
Maximum look ahead distance -1 m/s”2 per distance
Average stand still distance Accepted deceleration
Waiting time before diffusion Distance of standing and 50km/h

One of the key next steps is the exploration of the impact of these calibration
parameters and other sources of randomness in the simuf@hapter Spresentsan in
depth discussion omodel calibration.

Finally, the current model is limited to detextiat boundary points of the model
Future work will seek the incorporation of detection data from internal detectors into the
model calibration. This will consider standard detections (i.e. typical actuated control
layouts) and the possible of new deteqitacement specifically designed to aid a +eal

time simulation.

4.1.4 Experiment #1 Summary

This experiment explored a methodology to develop a-diéwan online

simulation tool to deliver redlme performance measures with the aid of microscopic
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traffic simdation. The major objective of this experiment was to demonstrate the
feasibility of such as redime simulation. A proof of concept experiment was designed
to have one microscopic traffic simulation instance reflect the performance measures of
second moel, using only data that could be polled from a detector. This experiment was
accomplished through the use of two VISSIM simulation instances, where one
represented the realorld and the other, the modeteaarid.

The results from this experiment demoatgd that the modeledorld is capable
of reflecting the performances measures of theweald with a relatively high level of
accuracy. However, some notable discrepancies were seen. Despite the current
discrepancies and limitations of the experimedé&aign, the results presented support the

likely feasibility of this approach.

4.2  Experiment #2: Field Test with Temporary Detectors

In experiment #1, the results of preliminary studies to determine the feasibility of
the proposed framework are presentede@ithe feasibility of the proposed methodology
in a simulated environment, a field test
robustness. The goal of the initial field test was, in part, to determine whether a VISSIM
simulation instance could be den by reatime, realworld, detector data and produce
performance measures that reflect those of the area being simulated. To conduct this
experiment, the 5th Street / Ferst Drive corridor in the midtown Atlanta area on the
Georgia Tech campus was selects the arterial to be studied (d&gure 12). The
experiment was conducted for-8tinutes, duringhe peak noontimgeriodon July 16,

2009.
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A VISSIM modelfor the test bedareawas developedRealtime detectordata
was streaned intothe VISSIM simulation modeirom boundary detectorsrigure 13).
While not used in this experiment midblock detector data was also streamed and logged
for potential use in future concept development efforts. For this experiment temporary
detectors where utilized. dlectordata wastransmittedover Geor gi a Techo
networkto a central data processing server. A time stamped message was sent for each
vehicle that crossed a detectbhetime stampedlata ircludedthe link numberandlane
numberof the reporting detect@ndthe measured vehickpeedIn addition, the corridor
was outfitted with temporarycameradocated at each of the six intersectidhat record
arterial operations durinthe experiment The cameras facilitate th@sthoc extracton
of travel timedata to be used in the evaluation of the-teaé simulation performance
In addition two GPS quipped vehicledogged their location and speed data as they
traversed the study corridor during the experimédfigure 13 shows the VISSIM
representation of the tesite and the locations of deters and cameras along th& 5
Street NW and Ferst Drive NW corridoit the end of the 9@ninute test period the
logged data was processed and various performance measures ekbracteaparson

with the simulation output
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Figure 13 VISSIM Representation of the Study Corridor

4.2.1 Results and Analysis

The camera and video basédld travel time data were compared with the

VISSIM model to determine how well the datdven simulation was able to reflect field
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travel times. Two primary sets of travel times were obtained: eastbound (EB) and
westbound (WB). Scatter plots of thealare shown ifrigure14 and

Figure 15. For the eastbound dat&igure 15 one can readily infer that the
VISSIM travel times are similar to the field travel times, with exceptions at the
boundaries of the graghwhere the VISSIM travel times appear to be higher than the
field travel times. For the westbound data seigure 14, there is less similarity bsten
the VISSIM and field travel times. From the westbound graphic the field travel times

appear systematically in the lower range of travel times output by VISSIM
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Figure 14 Westbound Travel Times- VISSIM vs. Field
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Figure 15 Eastbound Travel Times VISSIM vs. Field

The descriptive statistics were next examingab{e6). In the eastbound dataset,
the VISSIM travel times have a mean of 183.1 seconds and a standard deviation of 39.3
secondsThe field measured travel timésve a mean of 218.4 seconds andaadard
deviation 50.1 second$he higher astboundield measuredravel time does not appear
to be systematic but heavily influenceddgluster of high values near the end of the run
An analysis of the data removing the last fifteen minutes reduweditference in
average travel time between the Eastbound simulated and field resaliproximately
45% percent from a travel time of 218.4 to 202.3 secanBstentialreasons for this
cluster will be discussed later in the sectiBor the westboundirection, the mean and
standard deviation of the VISSIM travel times are 157.5 seconds and 38.9 seconds
respectively, while the field measured travel times the mean and standard deviation are

113.4 seconds and 63.0 seconds, respectively

49



Table 6 Descriptive Statistics for Eastbound and Westbound Travel Times

Statistic Eastbound Travel Time Westbound Travel Time
VISSIM Field VISSIM Field

Mean 183.1 218.4 157.5 113.4
Standard Deviation 39.3 50.1 38.9 63.0

Next, statistical tests were conducted to determine whether the VISSIM and the
field measured travel times are statistically different. First the distributions were tested
for normality as this will influence the statistical test chosen. Lilliefors notyntdsts
were conducted on all the travel time data sets. The results of the normality tests are
presented iMable7. From these results one is unatiie reject the null hypothesis that
the eastbound VISSIM and Field travel times are normally distributed. However for
westbound VISSIM and Field travel times the normality test results provides sufficient
evidence for one to reject the assumption thaseh#atasets are normally distributed.
These conclusions were further corroborated after examining a series of density plots,

Figurel6 andFigurel?, and QQ plots,Figure18 andFigurel9.
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Table 7 Statistical Test Results

Statistical Test p-Value Interpretations
Normality Test
EB VISSIM 0.3255 Unable toreject normality assumption
WB VISSIM 0.0001 Reject normality assumption
EB Field 0.6760 Unable to reject normality assumption
WB Field 0.0088 Reject normality assumption
2 Sample tTest
EB VISSIM vs. EBField 0.0001 Reject equal mean assumption
WB VISSIM vs. WBField 0.1125 Unable toequal mean assumption
Wilcoxon Sum Rank Test
EB VISSIM vs. EBField 0.0001 Reject equal median assumption
WB VISSIM vs. WBField 0.0408 Reject equal median assumption
Chi-Square Test
EB VISSIM & EB Field 0.3654 Unable to reject same distributic
assumption
WB VISSIM & WB Field 0.1560 Unable to reject same distributic
assumption
Kolmogorov-Smirnov Test
EB VISSIM & EB Field 0.0016 Reject same distribution assumption
WB VISSIM & WB Field 0.0235 Rejectsame distribution assumption

Westbound Travel Time
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Figure 16 Density Plot of VISSIM vs. Field Westbound Travel Times
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Figure 17 Density Plot of VISSIM vs. Field Eastbound Travel Times
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Figure 19 Q-Q Plots of Field and VISSIM Eastbound Travel Times

A series of other statistical tests were condutbefdirther explore the differences
between Field and VISSIM travel time estimafElese tests were also used to quantify
some of the similarities and dissimilarities that were observed, especially from the
density plots. The test results are also inaluideTable?.

From the above results one can conclude thaketie a statistical difference
between the VISSIM and the actual (mean / median) ttawek, in both the eastbound
and the westbound directions. However, it is again noted that if the last fifteen minutes of
data were not included in the eastbound analysis the result is reversed, with the test
failing to reject equal means. This furthedicates an event specific issue rather that a
systemic problem eastbound

Several areas are perceived as potential sources for the discrepancies between the

estimated and actual performance measures. These areas are generally related to model
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calibrationand facility representation. For model calibration the parameters that reflect
driver behavior were left unchanged in VISSIM, potentially indicating that the default
driver behavior in the VISSIM model may not be representative of the behavior along the
study corridor. Accurately capturing driver behavior may improve VISSIM estimates of
travel times. In addition, considerable differences in simulated vs. field volumes were
observed on some links. In part this is a result of simulated turning movement
distributions at the various intersections throughout the corridor differing significantly
from the field movements. Historical turning movement percentages where utilized as
reaktime turning counts were not available. It is also noted that volume discrepancies
could result from detector errors. The Tech Trolley (arcampus shuttle) was also not
represented. By not capturing the Trolley behavior, VISSIM is not able to simulate the
increase in travel time for other vehicles that the Trolley may inhibit agverses the
corridor.

There are two aspects of the study corridor that were not represented in the
VISSIM model of the area. The first was the roadway gradient, which is positive from
west to east, and the second, the pedestrian and pedestrian fadditgesh& corridor.
Thus, any influence from these factors is not reflected in the VISSIM miéedééstrians
in particular were noted as a potential significant factor. The probe vehicle drivers noted
instances where pedestrian movements significantly famest with traffic flow For
example, at the intersection df Street and Spring Street left turning vehicles yielding to
crossing pedestrians would prevent through vehicles behind the left turning vehicle from
traversing the intersection. As no pedestsiwere modeled in VISSIM this behavior was

not reflected. For the test bed the pedestrian interference was particularly notable as given
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the nature of a college campus there tends to be periods in which significant, short

duration, increases in pedestriactivity occur.
4.2.2 Experiment #2 Summary

In experiment #2the fundamentals of the proposed methodolgye explored
in a field test using readily available technology. The microscopic traffic simulation
model was able to be driven in remhe by realworld data streamsThe comparative
analysis demonstrated some success particularly when considering the eastbound travel
times. It is anticipated that once sources of identified discrepancies are addressed the

VISSIM model will be able to produce betteriggites of travel times.

4.3  Experiment #3: Field Test with Temporary and Permanent Detectors

Test #3 is a full scale test of the methodologe field test was conducted on
July 8, 2010, between 1:00PM and 3:00PM. The study area is the same as the previous
test Figure 12). Both permanent (Video Detection System (VDS)) and temporary
detectors, capable of streaming individual vehicle records, were emplioyed) this
test. In addition to the temporary and permanent detectors six camcorders were used to
collect additional traffic information for post processing. Four camcorders were used to
detect boundary conditions (i.e. when vehicles enter and exitettveork) while two
were used to collect signal phase information at the intersectiorfsStf&et and Spring
Street, and '8 Street and W. Peachtree Street. The location of each detector, and their
respective detection zones, including the camcorderghamdview angles are shown in

Figure20. In addition, probe vehicle travel routes were added to allow for a more robust
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evaluation of the system. bhis field test four routes are monitored, each of which are

traversed by two probe vehicles, segure21.

’ Permanent Detectors (and Camera)
. Temporary Detectors

. Camcorders

Figure 20 Detector Locations Throughout the Study Area

wp  Route #1
Route #2 == == =p Route #4

Figure 21 Probe Vehicle Routes Through Study Area
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Each permanent VDS camasaconnected to the Georgia Tech fiber network and
is capable of detecting and transmitting individual vehicle records intineal The
temporary detectors consisted of research assistants with laptop computers using a script
to record and transmit indidual vehicle data back to the server in the laboratory. These
detectors were primarily tasked with detecting the four probe vehicles. By identifying the
probe vehicles in the field imeaktime they could be identified as they entered the
simulation, alloving for a more robust paired travel time comparison in the later analysis.
The temporary detector on th® Street bridge was also tasked with detecting paie
vehicles as a permanent VDS camera was not available for this site

Each packet of transneid detector data includes six fields. They are detector
number (each detector location having a unique number), lane number, speed (in miles
per hour), detector time, and epoch tirfiable 8 provides a sample of streamed data.
Clock time is also presented in the sample below but it is determined from the epoch and

not transmitted by the detectors

Table 8 Sample of Streamed Dedctor Data

Detector # Lane # Speed (mph’ Timestamp Epoch Time Clock Time
4 2 18 13:00:45 1278608487.37549 13:01:27
11 1 22 11:04:17 1278608487.57835! 13:01:28
11 3 8 11:04:17 1278608487.67729 13:01:28
11 2 6 11:04:17 1278608487.77918 13:01:28
10 1 17 13:01:25 1278608487.93558! 13:01:29
5 1 26 13:00:20 1278608487.20085! 13:01:29
1 1 6 12:57:53 1278608487.41921! 13:01:29
11 3 9 11:04:19 1278608487.77803 13:01:30

During a preliminary test, videos feeds were companedISSIM animation to

verify that as a vehicle entered a detection zone the detector data was successfully
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transmitted and VISSIM generated a vehicle in the appropriate positgure 22 is an

example image from the verification process

— | : Q19
VISSIM CAMERA VIEW

Figure 22 PermanentDetector Generating Vehicle in VISSIM in RealTime

Data was collected for approximately 120 minutds the end ofthis data

collection, six different data streams were available:

GPS data from thé probe vehicle

Signal phase information from the two signalized intersections

Vehicle presence from permanent video detectors

Probe vehicle presence from temporary detsct

Individual vehicle travel times over the pdefined routes

VISSIM trajectory data for all vehicles generated from the arriving data stream

= =4 =4 -8 -8 -9
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4.3.1 Results and Analysis

Where the previous tests focused on aggregate travel times this experiment sought
to evaluate theeattimes i mul ati ons abil ity to esti mate
through paired travel time comparisons. Probe vehicle travel times were ekfiracte
the video footage and from the simulation
times were then compared

The following discussion focuses on travel times for probe vehicles traveling
along routes #2 and #4 as similar inferences can be rfnach the analysis of the data
from routes #1 and #3. Route #2 is approximately 1300 feet in length and traverses three
signalized intersectiond=igure 21). Route #4 is approximately 1600 feet in length and
includes three signalized intersections.

Twenty four pairings of travel times were collected from Route #2 and 36 from
Route #4 Each pairing consists of a field probe vehicle travel time andespgective
simulation estimateThe average field travel time for Route #2 is approximately 94
seconds and the simulation estimate is approximately 85 secomelsRoute #4 field
travel time estimate is approximately 136 seconds and the simulation estgnate
approximately 121 seconds. These and other descriptive statistics can beTsd#adn
Figure 23 and Figure 24 present scatter plots of individual travel time estimafegure
25 andFigure 26 are also included to present travel time data from Route #1 and Route
#3. Figure 27 presents four pairs of density plots to further compare each pair of travel

time estimates for each route
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Table 9 Descriptive Statisticsof Travel Times for Route #2 and #4

MeanTravel Time StandardeviationTravel Time
Route # VISSIM Field VISSIM Field
1 138.6 141.5 20.9 20.6
2 84.8 93.5 27.7 27.1
3 42.8 45.65 23.0 31.8
4 121.3 135.6 30.6 27.2
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Figure 23 Route #2 Travel Timesi VISSIM vs. Field

60



TT along Route #4
+VISSIM (n=26) MField (n=26)
250
200 L
[$]
@ 150 I%,
ive m Wy a ¥ v Ly
2 ¢ * [ [ ]
£
= L 2
g = [ ]
g0 Ny = "=
F 0
= n o o0
P AR *
50
4
12:57:36  13:12:00 13:26:24  13:40:48  13:55:12  14:09:36  14:24:00  14:38:24  14:52:48 15:07:12
Time
Figure 24 Route #4 Travel Timei VISSIM vs. Field
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Route #3 Travel Time
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Figure 26 Route #3 Travel Time T VISSIM vs. Field
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Similar to the previous analysis a series of statistical tests was conducted. The
conducted tests include a pairete$t and a sum rank test, to compare means/medians,
and chisquae test and a KolmogoreSmirnov test, to compare distributiod$e results

of these tests are presented ablel0.

Table 10 Test Statistics

Statistical Test p-Value Interpretations
Normality Test
Rt. #2 VISSIM 0.00001 Reject normality assumption
Rt. #4 VISSIM 0.00000 Reject normality assumption
Rt. #2 RealWorld (RW) 0.06387 Unable to reject normality assumption
Rt. #4 ReatWorld (RW) 0.00198 Reject normality assumption

2 Sample tTest (Paired)
Rt. #2 VISSIM vs. Rt#2 RW 0.28670 Unable to reject equal mean assumptiol
Rt. #4 VISSIM vs. Rt#4 RW 0.00013 Reject equal mean assumption
Wilcoxon Sum Rank Test
Rt. #2 VISSIM vs. Rt#2 RW 0.05382 Unable to reject equal median assumpti
Rt. #4 VISSIM vs. Rt#4 RW 0.00549 Reject equal median assumption
Chi-Square Test
Rt. #2 VISSIM & Rt #2RW 0.28930 Unable to reject same distributic
assumption
Rt. #4 VISSIM & Rt #4 RW 0.15740 Unable to reject same distributic
assumption

Kolmogorov-Smirnov Test
Rt. #2 VISSIM & Rt #2 RW 0.03101 Reject same distribution assumption
Rt. #4 VISSIM & Rt #4 RW 0.00864 Reject same distribution assumption

Based on the scatter plot data and the statistical tests it may be concluded that the
simulation reasonably reflects the real world however differences do exist. It is noted
immediately that a significant improvement from the previous test was the
synchroieation the signal in the simulation with the field, likely accounting for much of
the improved performance

However, several issues may be readily noted when reviewing the analysis.

Firstly, the simulated est i matodelowerfthart h e
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the field measured travel time. One potential reason for this result is vehicle acceleration
rate in the field versus the simulation. During the test weicles in the simulation
appeared to accelerate to their desired speeds moessiygty than vehicles in the field.
Acceleration rates can be a significant factor, particularly in a network dominated by
signalized intersections. These rates can determine whether a vehicle arrives on red or
green at a downstream intersection, whidledly affects travel time estimates as well as
other performance measurdr instance, on several occasions it was observed that a
simulated vehicle successfully traversed a downstream signal with the corresponding
vehicle in the field arriving a few sends later stopped at a red light. While differences
in acceleration rates do not often lead to such dramatic differences, they also can lead to
more subtle change3his again highlights the need for underlying calibration of the
simulation model

There are a several other subtleties that may be contributing to the discrepancies
in travel time estimates. As mentioned previously, three of the more significant
contributing factors are signal synchronization, vehicular volume traversing the network,
and tuning movement distributions. In the preceding experimaninethodology was
developedto synchronize the signals in the simulated environment and the field.
However,reattime methodologies are not yet available to address the other two.issues
The next eported test attempts to remove these issues and explore the capabilities of a

reaktime simulation given (near) perfect data.
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44 Experi ment #4: NGSI M6s Peachtree

4.4.1 Motivation and Background

Experiment #4 may be described as a pseudo fieldTiestexperiment utilizes a
near ideal data set (tenth of a second resolution of vehicle positions on the corridor, route
data for every vehicle, individual vehicle turning movement data, and signal status at a
tenth of a second resolution) to determine pleeformance of theeaktime simulation
under ideal conditions. That is, under ideal data collection conditionsrestime
simulation capable of providing a reasonable reflection of the real world. This experiment
uses previously collected field dats iaput to theeaktime simulation, streamed in wall
clock time. This data was collected as part of the FHWA Next Generation Simulation
(NGSIM) program[43]. The NGSM program created high fidelity data sets intended for
use in the study of traffic behavior and the development of the next generation of traffic
simulation tools and algorithms

The NGSIM data set utilized is for Peachtree Street, Atlanta GA. The studied
segment extended just south of the intersection of Peachtree "aisiré6ét and north of

the intersection of Peachtree and BtreetFigure28. [43]
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Figure 28 Peachtree Study Corridor[4]

The NGSIM Peachtregatasetomprises ofrajectory datgwith a resolution of a
tenth of a secondjor all vehicles traversing the corridor during the study period.
Trajectory data was gathered on November 8, 2006, between 12:45PM and 1:00PM and
4:00PM and 4:15PM. In addition signal phase information at each intersection; origin
destination data (OD) foreach vehicle, turning movement distribution at each
intersection, and a series of other traffic related information were also collected. Video of

the entire corridor is also available during data collection periods.
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4.4.2 The Study

For the experiment, a detadle/ISSIM model of the study are&igure 29) was
created. Roadway geometry was based on existing conditions at the time of the
experiment and additiohanformation such as vehicle volume, turning movement
distribution, routing decisions and signal timing plans were added based on the NGSIM
data set. Several verification iterations were completed to ensure that the model correctly
represented the areaim@ studied, as well as the traffic conditions during the study
period. During this verification process issues related to the number of vehicles traversing

the corridor and to signal timing plans were identified.
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Figure 29 VISSIM model of Peachtree Study Corridor[4]

For instance, the number of vehicles, and subsequent turning movement
distributions, were initially based on the summary reports produced by the NGSIM
program However, there were discrepancies between these summariesoants
extracted by hand from the vided® address this issue, a software tool was developed
to help record vehicular volume and turning movement counts from the vigeoss
identified in the NGSIM data were corrected, as best as possible, utilined VISSIM

data set
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The NGSIM data also provided a direct observation of the signal indications. The
observed signal indication did not appear to coincide with the provided signal timing
controller data, likely indicating that the provided contmodata was out of date. Thus,
the signal indication data and engineering judgment was utilized to develop likely signal
timing plans that would match the indication observatidine final simulation model is
based on these plans, which includes offseefadions. It is noted that during the
observation periods (approximately 15 minutes) the offsets did appear to drift by a few

seconds in the NGSIM daf&o address this iss@averagesstimatedffsetis utilized

4.4.2.1Simulating Data Stream

To simulate skaming detector dat&rajectory and OD information weresed to
create a VISSIM trigchain file, which approximates the process of streaming detector
data into the redime simulation. A trip chain file is able to approximate a detector
stream as eachlfie 6s r ec or d -stampsindisating wheri a vahicle enterd
the network (i.e. crossed a boundary link detector), and a zone number indicating a
vehiclebds origin (i.e. t he boThsdcmngyf det ec
informationiss i mi I ar to that from a det.¢lomewer,, exc
destination zones are often times approximated through historical turning movement

With this method of approximating streaming detector data, a number of issues
were encounteduring the creation of the trphain file The most important piece of
information that is needed to create a-tiifain file is correct OD pairs. However after
examination of the OD information given by the NGSIM program it was noticed that a
number ofOD pairs were potentially incorrect. For example, there were OD pairs that

suggested an unusually large number of vehicles performédra maneuverTo verify
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these maneuvers the OD distribution tabl
correspondingideos were examingd4], [45].

Simultaneous examination oie distribution tables and videos revealed errors
associated with assigned OD pairs. For instances,-thens were often left turns from
the mainline to approaches leaving the netwdmkaddition, there were assigned OD
pairs that were not traversed &gy vehicles during the study period. These errors largely
occurred when the tracking software lost its handle on a vehicle that it had identified and
began a new track for the same vehicle. To correct these issues engineering judgment was
use to identifypotentially erroneous OD pairs and necessary corrections were made by

observing the vehicle on the video

4.4.3 Preliminary Results and Analysis

Using the corrected NGSIM data final tghain files where created and used for
the VISSIM data input. Ten replimruns were conducted for the comparison between
field and simulated performance measures. Similar to previous tests, travel time is the
performance measure monitored and compafedble 11 presents a summary of the
simulated travel times from each of the 10 replicates and a summary of the field travel
times. Note, data corresponding to the 12:45P00PM period is referred to as the

Noon period and:00PMi 4:15PM is referred to as Evening
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Table 11 NGSIM vs.VISSIM (VSM) Travel Time Results

Noon - North Noon - South Evening - North Evening - South

Avg (s) StdDev Avg(s) StdDev Avg (s) StdDev Avg(s) StdDev

VSMRun# 1 120.0 31.7 102.0 20.5 108.1 28.8 100.3 29.0
2 120.7 33.9 100.9 21.7 113.3 32.4 99.3 29.8
3 117.4 34.5 98.4 22.9 1115 30.4 94.6 27.6
4 118.1 32.2 98.6 25.1 118.8 29.8 100.2 28.2
5 116.0 31.5 96.6 22.6 116.7 34.0 103.1 29.5
6 112.5 31.1 98.8 23.4 112.5 32.1 104.8 30.1
7 113.7 32.2 96.4 24.6 114.2 32.2 102.4 29.8
8 119.0 33.1 99.3 22.9 113.6 36.0 99.8 28.9
9 116.5 31.8 100.0 20.4 108.7 33.6 104.2 31.5
10 113.8 31.2 95.1 25.8 113.1 32.7 103.1 28.8
VSM Avg. 116.8 32.3 98.6 23.0 1131 32.2 101.2 29.3
NGSIM 131.5 36.7 106.6 17.1 140.4 35.4 133.9 29.6
% Error 11.2 11.8 7.5 34.1 19.5 9.0 24.4 0.9

In the following discussion the referenced VISSIM results are the average of the
10 replicate runs. It is notatat there are some discrepancies between the simulated and
field travel time estimates. A key difference is that VISSIM tends to under estimate field
travel times. The smallest difference between VISSIM and field travel time is
approximately eight secoadoccurring for the NoeSouth time period. While the largest
difference, 32.7 seconds, occurred for the Eveagth period. The simulation does a
slightly better job estimating travel times for the noon period versus the evening. When
comparing the stadard deviations infable 11, the values produced by VISSIM are
similar to those from the field. This is observation is encouraging as it indicaes th
VI SSI Més approximation of the wvariation t
the field. With dissimil ar insaaticigatecghatthe i s i mi
observed discrepancies may be addressed through a more rigorawatioalieffort.
Density plots were examined to further corroborate this hypothesiBjgee30.
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Figure 30 Density Plots of Field vs. VISSIM (single run) Travel Times

The density plots of the simulated travel times generally capture tmedal or
tri-modal form of the field travel time3he differences between the plots tend to be a
shifting of the central of the modes or proportionality between the different modes.
However, in all cases the general form of the distribution is reflected, a very encouraging
finding, likely indicating many of the differences can be addressed in calibration.

Finally, in additon to the travel time distribution plots the TirB@aceDiagrams
for the field and simulated data were generalistinct discrepancies in driver behavior

were observed as illustratedrigure31 andFigure32.
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Figure 31 Northbound Real-World Time -Space Diagram

: —— _— - —_—

Figure 32 Northbound VISSIM Time -Space Diagram

In the above figures each line represents the trajectory of a vehicle as it traverses
the length of the study corridor with respect to tifibe colors along each trajectory
represehcurrent vehicle speed relative to the maximum speed along the coRighbr
represents speeds of approximately zero mph, green represents speeds of approximately
35 milesperhour, and shades of each color represent speeds between 0 and gemiles

hour. In comparing field and simulated trajectories it is apparent the simulated traffic is
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|l ess variable (i .e. the traffic flow 1Is
One of the more recognizable differences is that simulated vehicles teohi¢ve their
desired speed more quickly and maintain that speed for longer periods. A likely reason
for this difference is that simulated drivers are being modeled with more aggressive
tendencies than their field counterparts and less variability inesgigeness across
drivers. As a result of this more aggressive driving by simulated vehicles they will tend to
traverse the corridor in less time versus vehicles in the field, and may clear an
intersection during the green or amber phase while their dmlehterpart may not make
through that intersection at that point in time. Such scenarios are supported by the travel
time measurements that are presentethinle11 as VISSIM tends to underestimate real
world travel times

Given the above results for the NGSIM pseudo field experiment and the insights
afforded by the time space diagrainis anticipatel that more accurate estimates of field
travel times may be achieved through an advanced calibration procéduseprocedure
will involve a Monte Carlo parameter selection method which determines the most
effective parameters to calibrate a VISSIM simulation madkeapterS will present this

proposed diration procedure in detalil

4.5  Experimentation and Evaluationi Summary

Simulated measuredid not perfectly reflect those from the fielHowever the
relative accuracy between the two is able to equip travelers and facility managers with
information that encourages more informed usage and operating deciStunpreceding
experiments have also informédureimprovemens tothe current methodology few

of the measumewill be presentd in Chapter 6, Future Research
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CHAPTER 5

MODEL CALIBRATION

Theresults from the NGSIMorridor model testhighlight the feasibility ofusing
a datadriven simulation approacto effectively estimatearterial performance measures
in reakttime. This pseudefield test also demonstrated thatvall-calibratedmodel might
lead to more accurapeerformance measuestimates

This chaptempresentsan advanced calibration proceduhtat utilizescandidate
sek of parameter valuethatwere evaluatedising aseries ofselectionrules to determine
which parameterset(s) restlin a well calibratedmodel In addition, specific guiding
principles for assigning initial values to calibration parameters are also discussed. In both
cases, tepotentialcalibration parameters of the previously discussed NGSIM model are
usedas a test casfhis calibration processeeksto inform the developmenof more
robustcalibration procedures that wilubsequentlyead to moreaccurate performance
measureestimations which is imperative for future reaime (and oftline) simulation

efforts.

5.1 Selecting Effective VISSIM Calibration Parameters

The following summarizea sensitivity analysis processedto selectparameters
for calibratng VISSIM arterial moded. For additional detailgegarding this process
readers are encouragedctmsultMiller (2009 [46] andMiller et al. (2012)47].

The sensitivity analysis processonsists of four stepsl) initial parameter
selection, 2) performance measure selection, 3) Monte Carlo simmglagod 4)
parameter eliminatiarSteps 3 and 4 are repeated until ageéned stopping condition

is satisfied Miller [46] demonstratethat@ pr oxi mat el 'y hal f of VI SS
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parametersouldbeeliminatedin the first step due to the facility type beimgdeled(i.e.
arterial versus freewayhn step two, tavel time wa selected as the performance measure
to ascertain the effect dahe calibration parameters on the model. Stegei n  Mi | | er 0 ¢
studyinvolved a Monte Carlo experiment thgenerated a series simulation runsused

to isolate thesensitivity of the modeperformance (i.e. travel time) to thmarameter
values. One thousand parameters sets were crgageldlonte Carlo fashion. The value

for each of these parameters was limited by its reasonablenessdetegmined as part

of step 1 These parameter setgere then used as ingub generatet 000uniqueVISSIM
simulation runs where only these parasnetalues varied between ruristom each
simulation runtravel time measurewere extracted and analyzed. Step four compared
travel time measures with the vadui®r each parameter and eliminated parameters whose
values had little or no effect on travel timPefault values were assigned tbet
eliminated parameters and step three was repeated until no paracmi&tsbe
eliminated dueo a lack of influence otravel timesFigure33illustratesthe execution of

thesefour steps[46], [47]
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Figure 33 Four-Step Sensitivity Procedureo Select EffectiveParameters[47]

This 4-step sensitivity angis procedure was carried aiging a VISSIM model

of Cobb Parkway (U.S. Highway 41) a 1.4 mile 11 intersection arterial, in Cobb

County GA. From a set of 22 calibration parameters relevant to arterial simulation

modek (Table 12), nine were selected as influential parame{@eble 13). These nine

parametersvere therefore recommended as parametbet should be considerdadr

calibrationof VISSIM arterialmodels
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Table 12 Relevant Arterial Calibration Parameters and Their Ranged46]

# Parameter Initial Range  Final Range
1 Desired Speed Distribution Range #0.0-10.0 mph +0.510.0 mph
2 Look-ahead distance min 0-900 ft 0-300 ft
3 Look-ahead distance max 500-1000 ft 500-1200 ft
4 Number of observed vehicles 2-8
5 Average standstill distance, ax 0.0-20.0 ft 2.08.0 ft
6 Additive part of safety distance, ky 0.08.0 0.03.0
7 Multiplicative part of safety distance, k% 0.08.0 0.03.0
8 Maximum Deceleration (own) -20.0--3.0
9 Maximum Deceleration (trailing) -20.0--3.0
10 Accepted Deceleration (own) -6.0--0.33
11 Accepted Deceleration (trailing) -6.0--0.33
12 Reduction rate (own) 50-300 50-200
13 Reduction rate (trailing) 50-300 50-200
14 Waiting time before diffusion 20i 80 sec 40i 80 sec
15 Min. headway (front/rear) 1.64-25.00 ft
16 Safety distance reduction factor 0.0-1.0
17 Max. deceleration for cooperative braking -35.0--3.0
18 Reduction factotane changéefore a signal 0.3-0.9
19 Start upstream of stop line 200600 ft
20 End downstream of stop line 200600 ft
21 Emergency stop distance 6.56 30.0 ft
22 Lane change distance 3001000 ft 500 1000 ft
Table 13 Final Set of Effective Calibration Parameters [46]
# Parameter Initial Range  Final Range
5 Average standstill distance, ax 0.0-20.0 ft 2.08.0 ft
6 Additive part of safety distance, Qi 0.08.0 0.03.0
7  Multiplicative part of safety distance, b 0.08.0 0.03.0
8 Maximum Deceleration (own) -20.0--3.0
9 Maximum Deceleration (trailing) -20.0--3.0
15 Min. headway (front/rear) 1.6425.00 ft
16 Safety distance reduction factor 0.01.0
17 Max. deceleration for cooperative braking -35.0--3.0
22 Lane change distance 30011000 ft 50011000 ft
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5.1.1 Desired SpeedRange Parameter

In the Miller [46] effort elimination of the desiredpeed range parameteosm the
set of effective calibration parametessemed counterintuitivel.his parameter dictates
the variabilityina dr i ver s 0 d evasanti@pdtedsdhatdravel tinavouttl ba t
sensitie to this parameteHowever, this was not the case in M#ler [46] experiment.
To explore this resulan experiment was conducted using the NGSIESIM model. In
the experiments carried out by Millgt6] the desired speed rangmrameteraried from
zeroto tenmiles-perhour (implying desired speed couldary up to +/ 10 mph) For this
new experiment,the desired speedange parameter rangkefrom zero to 20 mph
Approximately 300 simulation models were created, based on the NGSIM corridor
model. Each of these moddiad the same values for each calibration parameter, except
for the desired speed rangsmrameterTravel time measurementgere extractedafter
eachreplicate runFigure34 presents a scatter plot of desired speed range versugavera
travel time for each segmeiach poi nt present s measdetyg ment O
corresponding desire speed range, andréuk horizontal line represemthe average

travel timefrom the field.
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Figure 34 Average TravelTime versus Desired Speed Range

In Figure 34 there is little change itravel timewhen the desired speeds range
value is betweerzero and10 mph although a trend is apparent for the evening
northbound simulationsThis resultis consistent with the decision to eliminatee
desired speed range parameter from the lisffettivecalibration parametersiowever,
as the desired speed range increases bel@mdph the average travel time estimates
begin to changeSince it is noknown from this experiment if other models would have a
different range sensitivity (for instance the sensitivity to range may be influenced by
signal coordination parametessith potentially smaller ranges having an influenttes
desired speed rangerameter wasncluded as garameter requiringalibrationfor the

purposes of the study
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5.1.1.1TheW.idth of the Desired Speed Range Parameter

In this study the desired speed range varied from zero to 20 mph. Such a wide
range has the potential to produgeredistic desired speeds. For instance, if the speed
limit on an arterial § between 25 mph @5 mph, this range will produce minimum
desired speeds between 5 mph and 15 mph. Althoughaudpeeds arpossible it is
unlikely that they accurately refledtiverdesiredspeed, especially along this corridor
To explore the validity of thimssumption desired speed estimate®rh the NGSIM
datasetvereexamined.

To esti mat e dr g midblxlbspeddsvere exteaded fom Bve d
locationsalong the Peachtree corridor, $égure35. Speeds at these midock locations
are believed to be representativesigndls a dr i
is at a minimum and low traffic volumes along this roadway during the study period
should allow the drivers to reach their desired spe@dsdetermine desired speed,
vehicle trajectory data were extracted from-58D foot segments at these nfulbck

locations for analysis.
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NGSI MG6s vehicl e tr:avghele IDospeedOD pdirdxs o t
coordinatesheading, and lane number, amongsterrelevantvehicle data. These data
were collected at a resolution of 10 Hzajectoriesof only vehicles that traversed the
entire length of the corridowere considered for this analysis to avoid potential bias
generated by a vehicle seeking a tugach of theseehicles hadit least 5 to 1@ata
points belongng to each bthe selected mithlock zons. For a given vehicle, two sets of
measurements were recordeaim eachzone These measurements were the average and
maximum speedbr thatzone The twoestimatesare noted as Avg_Avg, for the average
of the average speeds in eaadne and Avg_Max, for the average of the maximum
speed in each zoneFigure 37 and Figure 37 presentthe histograms of these two
estimatesfor the vehicle traveling during the Noon peridéigure 38 and Figure 39
presenthe sameesultsfor those traveling in the Evening periddable14 then provids

thesummary statistics for botteriodsand both sets astimates

Histogram of Noon "Avg_Avg' Mib-Block Speed; n = 234
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Figure 36 Histogram of Estimated Desired SpeedfAvg_Avg)i Noon
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Table 14 Summary Statistic of Estimated Desire Speeds

Statistic Noon Period Evening Period
Avg_Avg (mph) Avg_Max (mph) Avg_Avg (mph) Avg_Max (mph)
Min 14 15 10 18
Mean 26 27 22 25
85" % 30 31 26 29
Max 35 35 32 33
Standard Dev. 4 4 4 3

Given the abovesummary statisticef field desired speedstimates, maintaining a
desired speed ran@petween Gnd20 mphdoespotentially result in unreasablevalues
A more reasonable range for this parametbetsveen 0 and 10 mph. This research effort
however proceestl with the more conservativerrge of 0 to 20 mph to ensure that all
desired speed estimates, especially the minimums, which range from 10 to 1Mereh,

thoroughly examinea@s a part of the caliation processHowever, after conducting the
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necessary calibration exercss¢he modedr shouldexamine the mean desired speed and
desired speed range to enstitatthe selected values of these measureke calibrated

model are reasonable.

5.2 NGISM Model Calibration

Based on theabove procedure the tenfinal parameters were employed to
calibrate the NGSIM corridor moddiscussed irfsection4.4. To assist in the calibration
process a Mate Carlo inspired approach was adapted from Miller (2008))to create
candidate parameter setghat sufficiently represented the sample space for each
parameter and the various combinations. Mente Carlo appyach produced1000
unigue parameter sets that were simulatethenNSGIM modelFrom these model runs,
travel time and saturation flow measumsre extractedThese measures were then
analyzed to determine which combination of parameter vahest closely reproduced
the NGSIM results.

A batchmeans [48] inspired method was employed égtract data during this
calibration processThe base simulation modeh which all parameter sets were tested
consi sted ofwith &itotat stmuléitibnaperiochtleas far exceeded the sum of
all study period. These three batchespresented #h15 minute Noon and.5 minute
Evening NGSIM study periodsand an hourlong saturation flow studyeriod. The
primary differences amongst these batches are signal timing plans, routing decisions and
vehicle volumes.An approximate4-hour simulation period was used to ensure
independece between batche3he first study periodwas simulated between3200

seconds, the secorid 63007200 seconds, and the third 10aD000 secondsEach
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simulated period dgan with a transient period during which the simulation approaches
steady state. Ndata wee extractedduring this period. To ensure independence between
simulation periods (batchedherewasa transition periodetween eachThis transition
period praided an opportunity for all the remaining vehiclasthe end of a simulation
period to ext the model before the followingeriod commencs. Having an empty
model before the next simulation peridekginsis how independence between the
simulation perids (batchesyvas maintained This method efficierty executes multiple
simulation studies, that are sufficiently similar, whiteintainng the integrity ofeach
St u analgss

Figure 40 - Figure 43 presents travel time density plots for edGSIM study
period and travel directionEach of the 1000VISSIM (VSM) simulation runs, each
containing the describeithreebatches produced these density plots. This set of results
will be used in conjunction with satuiah flow measures to aid in the NGISM model

calibration process.
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4PM Southbound ~ 1000 Paramater Set Simulations
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Figure 43 Noon Travel Time Density Plotsi Southbound

From Figure 40 - Figure 43, there appars to be a number of paramesets that
yielded reasonablesstimates of field travel timeslthough parameters set were also
generated that significantliiffered from the field.The following sections will detail the
development of a robust procedure to setedibratedparameter setsom the candidate
ses. In addition, the following sections seek to aid the simulation community in
assigning values to the calibration parameters. It is hoped that such information will

inform andincrease the efficienoyf the calibration process for a VISSIM arterial model.
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5.2.1 Selecting aCalibrated Parameter Set

One of the difficulties in selecting parameter set that result ancalibrated
simulationmodelis establishinguitablecriteria that indicate when a modelaaslibrated
The criteria established lifze traffic simulation community tend to sabjectivedue to
their dependency on what is being modeded the intentionsof which the model was
created[49]. To date,the criteria todetermine whether or not a model islibrated
typically involves paametric, first moment statistical comparisondielid and simulated
performance measurd®ark and Schneeberger (20(&0] used the results from thedst
to comparesimulated and field travel time means as the critetmndeterminean
adequately calibrated model. Park and Won (2(J6&) develomd a criterion which
deemed a model as calibrated when the mod
entire fieldmeasured valuegp. 50)

Traffic simulation moded are oftencreated with the intentioof evaluating
alternative scenarios to improve current conditions or to appropriately plan for future
changes in demand on the transportation netw@&¥aminng mean performance
meaures may ba sufficientcalibration criteriorto provide ageneralanalysisof future
scenarios however, it is questionable if calibration on mean values is suffickent
simulated estimatedhé more the higheordermomentdiffer from the field digribution,
the less confidence a user has in the ability of the simulatiorcdorately reflect
alternativescenariosFor examplein Park and Schneeberger (20Q3)] the calibrated
model accurately estimateseantravel time. However, when considering the form of the
travel time distribution, discrepanciegreclear SeeFigure44. In this instancgthe field

datais significantly bi-modal a characteristioni ssed i n the fAcalibrate
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For reattime simulation more robust calibration criteria acéearly neesctd The
primary impetus fohaving more involvel calibration criteria igo increase thejuality
and accuracyof information that isdesiredfrom s o me o f todayos mo r
simulation modelsThese modslseekto communicateébothfacility level (e.g. travel time
over a corridorandtime or vehicle specific (e.g. predicated arrival time of a vehicle at an
intersection)nformation totraveles and facility manager3his information willin turn
arm these consumers withthe knowledge tofacilitate improved network usage and
management. The accuracy of the information provided is therefore paramount
(espeially on the microscopic scaléence the need for more robust calibration criteria

to dictate when a odel is adequately calibrated.
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This research efforformulates a two-part criteria process toselect calibrated
parameter setJ he firstpartcompares field and simulated saturation flatesto ensure
thatthe models produce reasonable estimathss is animperative step as is possible
for models to produce accurate estimates of performance measures, such as travel time,
while over or under estimating saturation flow rat€silure to adequately model
saturation flow could prove significant. Fexample by overestimating saturation flow a
simulation will overestimate capacitin a scenario analysis whebasevolumesare
increasedo a higher leveto represenbuild conditiors it is possible they couldxceed
field capacity (implying significaincongestion)but the simulation would continue to
show uncongested operatioss a result,the simulation would no longer reflect field
conditions

The secongbartof this process involves the statistical evaluation of the mean and
the distribution of he performance measures being studied, travel time in this case. By
evaluating travel time meanand distributios, the calibrated modelwill consider
reflecting both corridor leveland individual vehicle leveltraffic information, which is

necessaryor reattime simulation

5.2.1.1Startup andaturation Flow Criterion

Establishing a saturation flow criteria not only facilisdeater confidence in the
results from an calibrated model htutalso provides some level of protection from the
potential énges in the application and implementation of the calibrated model
alternative conditions.

Acceptableranges for saturatiofiow were establishebdased orappropriate field

measurements. Videos tie NGSIM corridor operatiorwere observed andaturation
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headwag werecollected Saturation headwafiis theamount of time that a vehicle in the
stopped queue takes to pass through a signalized intersection on the green signal,
assuming that there is a continuous queue of vehicles moving through the intedsectio
[52],p.78. To put it anot her weygonstaatthaadwaytacheved h e a d
is referred to athe saturation headway, as itle average headway tran be achieved
by a saturated, stable moving queue of vehicles passing through the E&hal. 143.
Headway measurements of the first four vehicles are not considered when estimating
saturation headwaylowever these headway measurements were incladdrred to as
startup flow)in this effot to allow for a calibration of parameters related to queue-start
up as well as saturation flow, providing a better estimate of capg3iy

Headway measurements were collected and arranged in two groups. One group
contained measurements frdire second vehicle in the queue to fifth vehi&artup
flow estimatg, while the next group contained measurements from the sixth to the ninth
vehicle(saturation flowestimatg. These Badway measurements wehenaveraged for
each cycle andonvertedo startup &) andsaturation(s) flows via Equation 1[53]. The
startup andsaturaion flow rates (per cycle) were then used to create density qfidbe

observed flow rates
i — WwEeQ i — 1)
where:sy, = startup fow (vehicles/hour)
hs, = startupheadway (sec)

s = saturation flow (vehicles/hour)

h = saturation headway (sec)
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Headway data was collected hetintersection of Tenth and Peachtree&s A
screen line waglaced in lane 2, at the stop bar of the northbound Peachtree St.
approachFigure45 presents the data collection location and a screenshottliewdeo
thatwasrecorded during the NGSIM studylanual processing of thecorded video was
assistedby using an in-house video processing software that reedrimestamps and
frame IDs. Forthese datawhen avehicle crossed thscreen linglmanually identified)
the user would press a computer key to record the timestamp and frame .number
Timestamps were onhgcoded for the vehicles that were in the quastbe queue began
to discharge Field headwaydata and he corresponding séimates ofstartup and

saturation flowarepresented iTable15.
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Table 15Field Datai Headways, Startup Flow, and Saturation Flow

Vehicle Position Startup ~ Saturation
Flow Flow
2 3 4 5 6 7 8 9 10

12 PM

Cycle

Number
1 24 28 23 21 1498.6 -
2 36 34 23 20 26 17 15 1273.0 1883.2
3 28 23 25 22 21 1467.4 1694.1
4 31 23 20 26 31 28 1442.3 1228.9
5 37 25 22 19 19 21 1396.4 1806.8
6 27 22 19 26 17 27 1518.3 1651.8
7 29 29 17 23 29 33 18 26 22 1479.2 1361.3
8 21 27 21 30 1455.9 -
9 28 30 19 21 1472.2 -
10 21 22 20 1732.2 -
11 20 27 29 26 1411.3 -
12 21 20 23 1698.4 -
13 28 33 25 22 18 20 1335.7 1880.9
14 27 24 25 15 25 22 22 1591.7 1578.0
15 24 18 33 28 22 24 1385.9 1583.5

4 PM

Cycle

Number
1 3.8 958.7 -
2 25 16 21 39 25 23 1430.0 1511.3
3 2.5 1464.6 -
4 25 37 22 24 25 29 29 1337.5 1303.7
5 39 18 22 24 22 22 17 26 1401.7 1640.5
6 1.7 20 26 1723.0 -
7 3.5 1032.7 -
8 47 24 23 21 14 15 1245.2 2480.2
9 48 20 26 138 1286.4 -
10 33 33 37 29 21 20 18 1100.5 1823.7
11 25 22 25 22 24 21 21 23 1525.1 1612.5
12 31 21 29 30 17 20 24 1296.5 1761.8
13 29 21 21 28 22 22 1453.2 1646.8

Table 15 presents asub®t of headway and flow measuremeriista may not

exist in every column of ach rowastherewerea numberof cycles thateither did not
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have a queue or the queliad less thamine vehiclesIn addition only 28 cycles were
observedrom the videos that were recorded during the original NGSIM experifmbat.

two sets of headway data (12 PM and 4PM) were statistically compared to detiéwenine
homogeneity between the two sets, and #ppropriatenes®f combining the two
datasetsThe twesample Wilcoxon Rank Sum (p= 0.791) and the Kolmog@&@mirnov
(p=0.881) tests both indicated that there was not sufficient evidence to reject the
hypothess that they represented the same distribution and thus for the following analyses
the data were combined into a single datdeed final recommended implementatjoime
impact of calibrating models for each time periods separately could be explosedillthi

be discussed later inighchapter.The summary statistics fdhe combinedstartup and
saturation flow measurements @resented iMTable16. Figure46 presents a scatter plot

of the field flow measures and their respective megéms rel horizontal lines). The
associateddensity plos pertaining toeach set of flow measurentsare presented in

Figure47

Table 16 Summary Statistics for Field Startup and Saturation Flow Measurements

per Cycle
Statistic Avg. Startup Flow (veh/hr/In) Avg. Saturation Flow (veh/hr/In)
Min 959 1229
Mean 1408 1673
Max 1732 2480
Standard Deviation 182 281
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Field Startup Flows vs. Cycle Field Saturation Flows vs. Cycle
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Density Plot of Field Startup and Saturation Flows
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Figure 47 Density Plots of Field Startup and Saturation Flows per Cycle

As expectedit is seen that thetartupheadway distribution has a higher kurtosis
and is shifted to lower values than theturation headway distributiprepresenting the
impact of stardup lost time.Similar headwayand subsequent flowata werecollected
from the 1000 parameter set simulatioms$ the study corridor.Table 17 presents
summary statistics for data collected from all gaameter set simulationBigure 48
presents the averagtartup andsaturation flow estimate®r eachparameter settach
point represents simulated parameter getaverage flow estimate and the horizontal line
depids the corresponding estimat®rh the field. This figure highlights that although

there arearameter sethat produce estimatesose to the field measurementsere are
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a number of estimatdbat differfrom field measuredy as much as 50%igure49 and
Figure50 illustratethe density plat for startup andsaturation flowper cyclefrom each
paraméer set simulatiomnd from the field This figurereinforcesthe large discrepancies

between the flow estimates from the field and the simulated environment.

Table 17 Summary Statistics of Startup and Saturation Flow Measurementsfor
Each Parameter Set

Statistic Avg. Startup Flow (veh/hr/In) Avg. Saturation Flow (veh/hr/In)
Min 960 798
Mean 1357 1433
Max 1886 2257
Standard Deviation 181 306
Mean Startup Flow; N=1000 Mean Saturation Flow; N=1000

2000
|
2000

Flow (vehihrilane)
1500
1
Flow (vehihrilane)
1500
1

1000
|

1000
|

e e Yo . > . FJ '.: . .
. - . . . .
se - . hd ° .
Y -
=] =]
(= (=
w w
T T T T T T T T T T T T
0 200 400 600 800 1000 0 200 400 600 800 1000
Parameter Set Parameter Set

Figure 48 Startup and Saturation flow Estimate from Each Parameter Set
Simulations
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Parameter Set Simulations: Statup Flow Distribution; N=1000
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Figure 49 Density Plot of Startup Flow per Cycle
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Parameter Set Simulations: Saturation Flow Distribution: N=1000
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Figure 50 Density Plot of Saturation Flow per Cycle

To create thestartup andsaturation flow criteriona reasonableness rangas
chosen to aid in the evaluatia whether or not garameter set may potenhalbe
consideredcalibrated. The reasonableness range was constructed by forming a 95%
confidence interval around the mean flow values from the .fidldchallenge in
constructing an appropriate confidence interval is the limited field gatéicularly for
the 69 vehicle group. In an attempt aoldresghe negative consequences that may occur
because of limited data, such as incorrect varianemain, a bootstrap approach was
taken to bolster the field dathat will be usedto inferencesabout field startup and

saturatiorflow estimates
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Bootstrapping is a means of making statistical inferences in the presence of
limited data.The bootstrap metd involves the resampling of data, with replacement, in
order to generate an empirical estimate of the entire sagngistribution of a statistic
[54]. To carry outthebootstrap approach on the datarable15 10,000 resamples were
randomly drawn, with replacement, frothe startup and saturatioflow estimates
Appendix A presents five example resamples of both the startup and saturation flow
estimatesThe descriptive statistics from each of the 10,000 resamyleform the basis
from which all inferences about fietartup andsaturation flow measurements will be
made.Table 18 presents theummary statistickor the mean of the resamples as well as
the average standard deviation for the respective resamipitsthe bootstrapnethod
addressing the dearth of field datappropriate confidence intergalmay now be

developed to eliminatgarameter sets

Table 18 Summary Statistics ofthe Mean ofBootstrapped Field FlowData

Statistic Avg. Startup Flow (veh/hr/In) Avg. Saturation Flow (veh/hr/In)
Min 1281 1409
Mean 1408 1674
Max 1546 1943
Standard Error 34 66

Avg. Standard

Deviation Lo =

5.2.1.1.1 Forming Bootstrap Confidence Intervals

There are dur common methods of forming confidence inteswahendata are
bootstrappednormal approximation, percentile, bias correc{®L), and percentilet
methods. Each of these methods webglored to produce an appropriate confidence

interval. Table19 presents theonfidence intervalproduced by each dfese method#\
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summary of each methahd how theiconfidence irgrvalswereconstructeds given in
Appendix B Foracompletedescription ofeach méhodreadersare encourage toonsult
Mooney and Duval (1993p4]. Selecting a confidence interval method from the table
below will be based on thevidth of the interval, itpros and consand the consistency of

theinterval® end point s.

Table 19 Bootstrap Confidence IntervalsM ethod and the Intervals Produced

Confidence Interval (Cl)

Method Startup Flow Saturation Flow
Lower Bound Upper Bound Lower Bound Upper Bound
Normal Approximation 1341 1474 1544 1805
Percentile 1340 1473 1552 1811
Bias Corrected 1340 1473 1552 1811
Percentilet 1342 1488 1499 1796
Cl From Raw Data 1337 1478 1529 1818

All four confidence intervals Table19 are similar. The interval produced by the
normal approximation method was not chosen because its accuracy is dependent on the
startup andsaturation flow rate per cycle, being normally drgbuted[54]. Althoughthe
field datain this caseanay not be rejected amrmally distributedaccording to Lilliefors
normality testrequiring future data to be similarly distributed limits the applicability of
the method being proposed and therefore reduces its desiredfleselistness

The confidence intervals procded by the percentile and the bias corrected
method were also rejectedihe confidence intervgbroduced by the percentile method
was eliminated for two reasons: 1) it performs poorly with small samples 3 it
assumes that the bootstrap sampling distribution is an unbiased estimate of the statistic

being evaluatefb4]. Although neither of these reasons may limit the application of this
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method to theurrentdata, a robust approach to developing confidence intervals requires
as Bw assumptions as possibfes for thebias correctednethod its interval wasejected
because of iemphasi®n a data point that may be unimportant to the taiag studied,
which becomes a greater issue when the data is skfwiégd

The confidence intervaproduced by tapercentilet method wereselected as the
reasonable range for simulated flow rafBise strength offtis methods that itproduce
the most accurate estimates of a confidence interval from bootstrapped data. The
disadvantage of this method is that itismputationally expensivieecause of the double
bootstrapping that takeplace However, given the computingpower that is available
today, this disadvantage does nathibit the usageof this method, especially for easily
calculable statisticsuch as mans.

For a more complete summaoyf each met hodébés advantage

seeTable20.
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Table 20 A Comparison of Bootstrap Confidence Interval Methodq54]

Method Advantages Disadvantages

Normal Approximation Similar to the familiar Fails to usehe entire
parametric approach; useft bootstrap sampling
with a normally distributed distribution; requires
estimator; requires the leas parametric assumption

computation (5€200 re about distribution of
sampling events) population characteristic
Percentile Uses the entire bootstrap small samples may result i

sampling distribution; allow low accuracy; assumes
population distribution to b¢ bootstrap sampling
asymmetrical; invariant to  distribution is unbiased
transfornation

Bias Corrected All of those of the Requires a limited
percentile method; allow fo parametric assumption
bias in the bootstrap
sampling distributionz-
value can be calculated
easily from bootsta
distribution

Percentile-t Highly accurate confidence Not invariant to
intervals in many cases;  transformation;
handles skewed populatior computationally expensive
distribution better than the with double bootstrap
percentile method

As seen fromTable 20, the percentilet is not disadvantaged by amarametric
assumptions This enables the method to be usedproduceaccepable intervals for
datasets with a wide range of characteristics. In comparing the current data set to the
selected intervalsTable 19, awindow that is 18 and 18%o0ft he f i el d6s mean
and saturation flow estimates, respectivelye reasonablelow ranges for the study
corridor. This further underscores that the selected rasigefeasible rang® eliminate
parameter setsom being considered as calibrateodels with unreasonaldéartup and

saturation flow estimates.
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5.2.1.1.2 Applying theStartup andSaturation Flow Criteria

Applying the saturation flow criteria is a twghase process. The first phase
selectgparameter sethat produce flow estimates that avehin the selected confidence
intervalsfor each of the vehicle groups. The second phase identdiesneter setthat
produce saturation flow estimates that are within both sets of confidence intarals
this becomes the nelgt of candidatgparamegr setsFrom the first phas@53 parameter
set simulationproducedstartupflow estimates within theespectiveconfidence interval
while 255 were within the confidence intervabf the saturation flow estimateshe
second phaseesulted in159 paramete setsthat producd flow estimates within both set
of confidence intervalskigure 51 7 Figure 53 illustrates these two phas€eEhe green
horizontal lines in each of these figures represenpéneentilet 95% confidence interval
for the respective flow meassrevhile the red line represexthe respectivemean flow
value. Figure 51 shows all theparameter ses i mu | aestimates 0Btartup and
saturation flow Figure 52 illustrates the flow measures that are within the respective
intervals. Finally, Figure 53 presents the final set gdarameter set simulatiortbat

produced flow values that were within both sets of confidence intervals.
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Mean Startup Flow; N=1000 Mean Saturation Flow; N=1000
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Mean Startup Flow: N=253 Mean Saturation Flow; N=255
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Mean Startup Flow: N=159 Mean saturation Flow; N=159
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Figure 53 Final Set Flows thatSatisfy Saturation Flow Criteria

Upon applying the final step ofthe flow criteria, Figure 53 presents a rather
significant resultwhen comparing the startup and saturation flows to their respective
means.One hundrecestimates of startup flowere greaterthan or equal to the mean
field startup flowof 1408 veh/hr/ln While, 137 saturation flow estimates that kgs
than the mean fieldaturation flow of 1673 veh/hr/lmhe working hypothesis for this
disproportionateselection of startup and sattiom flow estimates relative to their
means,is thatthere appears to an inverse relationship betweerfinbetwo sets of

selectedlow measurements. In addition, it is also possible that this inverse relationship
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attempts tanaintain a ratio of saturation to startup flow, whislnfluenced by the same
ratioin the field.

Results from preliminary investigations into the theorized inverse relationship and
ratio have not led to a rejection of the working hypothesisterms ofthe inverse
relationship between the two sets of flow measurements, the calibration parameters that
are most influential to these measures were examined. The average standstill distance
parameterdX) is the drives the startup flow estimates while thetgadistance parameter
(bx, which is a function ofox_add and bx_mul} drives saturation flow estimates.
Comparingvalues of these parameters, for a selected parameter sstiglolight this
inverse relationshipAdditionally, this inverse relationshiplso tends to bring about a
convergence on a smahlnge ofvalues ford i a measure of average distance between
vehicles.

Theinverse relationship and tlwonverging values o seem tobe parallel with
the inverse relationship between startup and satarfiow, and the convergence on a
particular ratio of the twokigure 53 illustratesthe inverse relationshifrelative to their
mean values for the field). The raiof saturation to startup flows from each of the
seleced parameter set were calculated. For this set of ratios, the minimum, mean and
maximum values were 1.02, 1.12, and 1.21 respectively. The mean ratio from the field is
1.19.The comparison of theseti@s seems to suggest that selected parameters sets are
attempting to converge on the field value of the rgtothin the given range of
acceptable flows)This was further highlighted as a possibility as the minimum, mean
and maximum ratios from the gL000) candidate parameter set simulations were 0.76,

1.05, and 1.30 respectively.
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Future efforts will continughe investigation into thisvorking hypothesisIn
particular these efforts will be spent developing a comprehensive understanding of
suggestedinverse relationships and the convergence to a single value or small range of
values.Section 5.3, which presents a few observations when trying to select parameter
values for model calibratiorwill lend some additional insighinto this investigabn.
Additionally, the physical interpretatioof the acceptance or rejection of the hypothesis
will be examined

To further demonstrate the reasonableneftshe selected confidence intervals
the density plots oftartup andsaturation flow from the finasdection of parameter sets
are presented iRigure54 andFigure55. Thisfigure indicates that the selectpdrameter
setsnot only reflect the meastartup andsaturation flowg from the field but also
highlight the elimination of those that are the poorer fits according tdistrbution of

flow per cycle.
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Parameter Set Simulations-Satisfying Flow Criterion: Statup Flow: N=159
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Figure 54 Density Plot of Parameter Set Simulations that Fit Flow Criteriai
Startup Flow
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Parameter Set Simulations-Satisfying Flow Criterion: Saturation Flow: N=159
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Figure 55 Density Plot of Parameter Set Simulationsthat Fit Flow Criteria 71
Saturation Flow

These remainind59 paramegr setsare now thecomplete set of candida&om
which final calibrated modelwill be selectedTo identify calibrated models frorhis set
of remainingparameter setparttwo of the criterigorocess, the statistical evaluations of
distributions of travel time will be applied. The following sections will detail the
development of how the performance measures from gaameter set simulatiomill

be evaluated statistically selectcalibratedparameter sets
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5.2.1.2Statistical Evaluation Criteria

For statisti@al evaluation criteria travel time distributions from egerameter set
simulationswereexaminedParametric and neparametric statistical toolgereexplored
to compare field and simulated travel time estimates. Parametric tools are more
commally used for these types of comparisoHewever the limitation of parametric
tool is thatthey require dat#o fit a known distribution, typically a normal distribution,
and field dateoften do not fit the appropriawistributions. Thereforegto ensureproper
comparisons of field and simulated datan-parametric tools were used.

Two sets of nosparametridools were used to establish trgtatisticalcalibration
criteria, oneas a general distribution comparison to primarily determine the homogeneity
between field and simulated travel estimafBise other set of tools performd a more
stringent comparison dfavel timedistributions. With these tools working in tandem,
parameter set simulatiotisat produce accurate estimatesiel travel distribuionswill

beconsidered asalibratedreplicates

5.2.1.2.1 General Distribution Comparison

A number of norparametric tests were examined to evaluate dkeeral
differences inthe distributions ofield and simulated travel time¥he Wilcoxonrank
sum and MarWWhitney tess were identifiedas appropriate tools fauch an evaluation.
When comparing populations, theraslu m t est has as its null F
population are equal Fx(x) = Fy(x) [55] p. 127. In other words, the rank sum tests tries to
determine Awhether the groups are homogene
[55] p. 127.To perform this testranks areassigned to eactlatapoint in each sample

These rankswered et er mi ned by the data pointos p
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combined and ordered. The summation of these ranks, for each samiplen indicate
whetherboth samples have the same distitnut If the sum of ranks of both samples is
the same, then this indicates that both populations have the same distribution. More

formally, the rank sum test statistic is given belovEquation 2

L)

where §(X,Y) is an indicator function which is equal to 1 when tfieanked
observation is from the first sample and O otherwisegganck € [55]

The ManAWhitney test was also chosen to evédue general differences in the
distributions of field and simulated travel tim@he MannWhitney test was selected as
itsfunctioni s fit o find di ff e58]p d2sGivenrtheimilardayinp op ul a
intentions between this test and the rank sum testthe equivalencyf the Mann
Whitney test statistid{ i Equation 3) and that of the rank sum té&s¢ Wilcoxon-Mann
Whitney (WMW) test waschosen tcevaluate the general differences between field and
simulated travel time distributionshe equivalency of the Wilcoxon test statistic arat th
of the ManAWhitney test willnot be presented here. However, for interested readers,

please consukvam and Vdakovic (2007)55].

3)

wheren; andn, is the number of elements in the fiestd secondet respectively
andD;; is the difference bateen rank¢$55]

The Wilcoxon-MannWhitney test was implemestl using R, a language and
environment for statistical computing and grapH®8]. More specifically, the WMW
test was applied usinghe wilcox.exact() command, which is a member & 0 s

Aexact Rank T H8].t0Osecf the auwpkts fppm theilcox.exact(commands a
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p-valuethat is used in the decision to accept or tejlee null hypothesisii,, which is in
essence states th#tte field and the simulated travéime distributionsare likely
equivalent A calibration criterion based on théMW p-valueis the rejection oH,, and
subsequently a modg@larameter setwhen tke p-valuei s 10 This @riterion is then
paired with another that is baksen a more stringent comparistravel time distribution.

The need for a more stringent comparison of travel time distributiahgeitoone
of its fundamentaprinciples of theWMW test Because the WMW relies on ranks, the
evaluation of travel time distributions is based on relative differences amongst the data
points versus the magnitude thiosedifferences. By not basing the comparisanthe
magnitudesof these differencest weakens the distribution comparison between field
and simulated measureat times, the WMW test isused tocompare differences in
medians of two distributions However when conducting such a comparison, it is
assumed that tlse distributions are identlly shaped Irrespective of the assumption
that is madgthe execution of the WIW test does not change, only the interpretation of
the results.

The ability for the WMW to compare medians will play a role in the formulation
of this criterion. In particdr, in the final stage ohis criterion, the results from the
WMW test will be interpreted with respect to @éambility to compare medians. This is
because of combininthe WMW test with two distribution tests that outputs similarly
shaped distributions This combination therefore addresses the similarly shaped
distribution assumption and therefore alfohe WMW test toevaluate medians

appropriately The following section will preserihe details of the two distribution tests
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that evaluates distributioshapesThese two test wilbolster the distribution comparisen

and subsequent statistical evaluation criteria.

5.2.1.2.2 Secondanpistribution Comparison

Similar to selectinga test to compareghe general form of thdistributions of
travel time measuremenis,number ofadditionaltests werealsoexamined taconduct a
more stringent comparison of thedestributions. Given the multimodal travel time
distributions, with hard to discern parametric descriptiies KolmogorovSmirnov (KS)
non-parametric test waselected to compare thikstribution oftravel timedatasets.The
KS test was considered a secondargi st ri buti on test as 1its
many nonparametric goodnessf i t f or  55]91t78 Inlkddition antike the
WMW the KS test does take into account the magnitude of the differences between the
data poins of the samples being comparefbwever,given the data at hand, the KS test
was applied in conjunction a less rfwal, nonparametricheuristic form fit (HFF) test to
select replicate runs that proddceavel time distributionghat weremore similar to
thoseobtained from the field.

The HFF test was included to provide an alternative distribution comparison
methodwhose assumption(s) were not violated by the data at hand, unlike the KS test.
One of the assumptions of the KS test is that data being analyzed is conf#8]d&S].

The field travel time is not continuous (deigure56 - Figure59) and it is expected that
there will be circumstances under ialin replicatesdo not produce continuously
distributed data. The lack of continuous travel times is in part due to signalized
intersections not affording the realization of some travel time values. Although the KS

test can still be applied to discontinuadata, inferring from possibly incorrect results
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could prove costly. Incorporating the HFF test is an attempitigate potentiaincorrect
inferences and subsequent elimination of possible calibrated replicates. It is in this vein

that both the KS andhé HFF test will be used to evaluate distribution fits.

Histogram of 12PM / NB NGSIM TT, N=82
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Figure 56 Demonstration of Discontinuous NGSIM Noon TTi Northbound
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Histogram of 12PM / SB NGSIM TT, N=58
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Figure 57 Demonstration of DiscontinuousNGSIM NoonTT T Souhbound
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Histogram of 4PM/ NB NGSIM TT. N=67
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Figure 58 Demonstration of Discontinuous NGSIM Evening TTi Northbound
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Histogram of 4PM/ SB NGSIM TT. N=73
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Figure 59 Demonstration of Discontinuous NGSIMEvening TT i Southbound

The formulation of the KS test statistid,,, explainsthe reed br continuously
distributed data.D, is that the largest vertical distance between two cumulative
distribution functions (CDF), say© w and™O w, for all values of. In the context of
this research;O w and 'O w, represent the CDF of thiield and simulated data
respectivelyFormally

I VO R, ®© . @5 4)
wheresup yields the smallest value from a set of values that is greater than or

equal to all value in the s¢48]
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A graphical representation &f, is pregnted inFigure60. This figure compares
t wo sampl eDoCDFss taed Iflargest vertical di st ar
meaning ofD, to the selection of a calibrated versus uncalibrated model, the larger the
magnitude ofD, for a given comparison of model versus field data, the less likely that
that model will be considered as a calibrated model. To formalize the calibration criterion
base on the KS test, the model comparison wipsealue corresponds to @value of
O 0 . vdllIresult in a rejection oH,. The null hypothesis in this casgates that there is
insufficient evidence to suggetttatap ar amet er s distribuion «f travell | at e d
time estimats is different from same distribution obtained from the fi€ldhe rejedbn
H, for a particular travel time segment removes gaaameter sdtom being considered
as a possible calibrate model for a particular period and ti@reeition. The KS test was
implemented in the R environment using tke.test() command that includes an

associateg-valueas a part of its outp(i56].
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Figure 60 The meaning of the KolmogorovSmirnov Test Statistig D,, [48]

To limit erroneous inferences from the KS tgmrticularlyin the instances ken
the data being compared is abstinuots, the HFF test is devised to compare the rate of
change of the CDF of the two distributions. A test statibtjds created and is defined as

the sum of squares of the difference between the rate of change béte/€eDF of the

field and simulated dat&d) w andO w, respectivelyMathematicay,

B Lt

il m,
There are no assumptions associated thighHFF testTo make inferences from
the HFF test consider the magnitudeHbf The smallerthe magnitudeof H, the more

likely that the parameter set simulatiobeing compar@ will be calibrated model. A

disadvantage of this method is thiatloes not take into account shifts along thaxis

126



i.e. differences in central tendencies (mean/mediBinis is concerning as a for a given
comparisonH having a value equal to or close to zero does not necessarily mean that the
results froma parameter setfits field data. The only definitive statement that may be
made isthat the shapes, or forms, ¢fie two distributions including its modal
characteristicsare similar. Sed-igure 61 which presents two similarly shaped CDFs
whereH & ,Qwith very different meansTo ward against selecting a replicate that only fits
the shape of the distribution of the field data, the HFF test is paired with the MWW test
to compare the mean of the two distributions.

The heuristic nature of the HFF test also aidseieding a calibrated model. For
a given travel time segment 1000 valuesHokill be calculated. Since there is currently
no p-value for this test statistigarameter set simulansthat produceH values in the

bottom half of theangeof H-valuesareconsidered as calibration model candidates.
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Figure 61 Similarly Shaped CDFs (equivalentHs) but Different Means (mi )

The HFF test was also implementgsing R. In comparing two distributions, the
H value is calculated by first obtaining the CDF for each and delineating 1% (or 0.01
probability) intervals. Each percentage change in the CDF corresponds to a change in
travel time. For two distributions, tlifference between the respective changes in travel
time, per percent change, is squared and summed. This is the H value for the comparison
of two distributions. Below is the pseudode that was used to populate an arrgyyith
all the values of the Hf-test statistic for the comparison of field versus simulated travel

time measures, for each of the 1@@0ameter sets.

128



Pseudecode:
for (i = 1 to number of replicate) #number of replicates = 1000 in this case
for (j to 100 %)
{ squared error[j] =(field_tt_cdf[j+1]-field_tt_cdf[j])- (replicate _i_tt_cdf[j+1}

replicate_i_tt_cdffj])"2
}

H[i]J=sum(squared error)
}

The statistical evaluation criteria uses YW&W, KS and HFF tests tthoroughy
examinethe field and simulated travel tingistributiors. All three statistical testaere
used to determine whicparameter sesatisfy the statistical evaluation criteria. These
tests were only performed on tparameter set simulatiorikat satisfid the saturation
flow criteria from above. The results from these dastll further determine which
parameter setare calibratedThe following steps outlinghe application of these tests

andhow parameter sethat satisfy the statistical evaluationteria are selected:

=

Conduct theNVMW test toperform a generalompaison offield and simulated travel
time distributions.
2. Retainparameter setimulatiors whoseWMW test yieldedo-values O 0. Ttasiwill

be a set oparameter sedenoted by, |U.
3. Conduct the KS test to compare the distributions of field and simulated travel times
4. Retainparameter set simulationghose KS test yieldep-values O Q. THis will be

a set ofparameter setdenoted by, |D.
5. Conduct the HFF test to compare the shapéise distributions of field and simulated

travel times
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6. Retainparameter set simulatiomghoseH valueis in the bottom half of the range of
H-value This will be a set gparameter setdenoted by, |H.

7. To obtainthe set ofparameter set simulatiortbat satisfy the statistical evaluation
criterig, carry out the following set operation

0 0SY 0O 0 g0 (6)

The parameter set simulationthat satisfy both the KS and HFF tests were
combined as they evaluate theame characteristic of the daiathe shape ofits
distribution. It will be seen that for described experiment tmaist models belonging to
Mu|H werealready a part of,|D except for a few instances. The union of these two sets
facilitated the inclusion of simulated data thmaay have beenotherwise exclud® The
exclusion of such datasets may have lberresulof aviolation of aKS testassumption
and/orthe inability toprovide a large enougp-value to be included i,|D, despite
having similarly shaped distributions. In other wortlg|H and M,|D were combinedto
further minimize the probabilf of committing a Type | error, regarding distribution
shapes

The setoperation in the seventh stégentified parameter set sinations that
producel travel timedistributions that have similar shapes and medians as those from the
field. Theunion operation identifiegparameter setdat provide similarly shapetravel
time distributions. When performinthe WMW test onsimilarly shaped distributions,
their mediansare being compared, as alluded to earlier. Therefore, nfeeséection
operation identifiegparameter set simulations that prodiitiavel time distribution with
similar mediansThe above seven stepslistered part twofahe twophase, facilitating

the appropriate selection calibrated parameter sets.
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These seven steps were carriedfouteach time period and direction of travel in
the NGSIM data setlgPM and 4PM, Northbound and Southbourféigure 62 - Figure
68 illustrate the resulting sets throughout the process of selextiafibratedparameter
set For illustrative purposes, only the resulting dengityn the noornorthbound travel
time segmenis presented ifFigure 62 - Figure 64. For the complete set of resulting
density plots please see Appendix C.

The first set of parameter sets simulationgere eliminated after applgg the
WMW test The remaining parameter set simulation®iad sufficiently similar
distributiors that there wasnsufficient evidence to rejedily. Figure 62 presentdravel
time density plots fothe models that belorng the seM,|U. Similarly, the KS and HFF
tests were conducted aRture 63 andFigure64 presenthe density plots foparameter
set simulationdelonging toM,|D and Mp|H respectively. The final set gfarameter set
simulationsthat wereobtained after applying Equatiof®) to the above sets. These
parameter set simulatiorfsigure65 - Figure68, are deemedalibrated’ according to the
two-part criteria processTable 21 presents a summary dig number oparameter set

simulationsthat were eliminated as the various calibration criterion were applied.
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Parameter Sets for 12 NB - General Distribution Fits (NMW): N=44
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Figure 62 Models from WMW Test, M|U
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Parameter Sets for 12 NB - Distribution Fits (KS): N=51

= Field Measures

0.08
1

0.06
1

Density

0.04
L

Travel Time (s)

Figure 63 Models from KS test Mp|D
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Parameter Sets for 12 NB - Form Fits (HFF): N=91
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Figure 64 Models from HFF testM|H
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Calibrated Parameter Sets for 12 NB: N=44
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Figure 65 Final Set of Modelsi Noon Northbound
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Calibrated Parameter Sets for 12 SB: N=92
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Figure 66 Final Set of Modelsi Noon Southbound
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Calibrated Parameter Sets for 4 NB: N=34
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Figure 67 Final Set of Modelsi Evening Northbound
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Calibrated Parameter Sets for 4 SB: N=2
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Figure 68 Final Set of Modelsi Evening Southbound

Table 21 Number of Parameter Set RemainingAfter the Application of Each

Calibration Criteria

Criteria 12NB 12 SB 4 NB 4 SB
Number of Replicates
Initial 1000 1000 1000 1000
Saturation Flow 159 159 159 159
Statistical Evaluation
WMW 44 93 35 2
KS 51 101 35 2
HFF 91 122 100 158
Satisfied Criteria 44 92 34 2
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5.2.2 Final Calibrated Parameter Set Selection

A final set of calibrated parameter setsnust next beselected based on
comparisons withHour different field datasets two periods with two travel directions.
The preceding analysis resulted ansdection of parameter setshat are adequately
calibratedfor each time period direction alternatives My1one, Mf12i8, Mijane, and
Ms4s8, Where the subscript represents time period and directiorMi:eng represents
the set of adequately calibrated rigpites for the 12PMnorthbound traffic). Ideally, the
parametersets for each of thesetime periods and directionshould be the same.
However, the above analysis yieldadnumber ofdifferent calibrated parameter sets
acrossperiods and directionsl'his means, for each time period and directidifferent
parameter setwere able to producealibrated modelTable22 presents the number of

parameter sets that are the same for different time periods and travel direction.

Table 22 Number of Common Parameter Sets for each Approachral Time Period

12-NB 12-SB 4-NB 4-SB
12-NB 44 43 29 1
12-SB 43 92 31 2
4-NB 29 31 34 2
4-SB 1 2 2 2

Common to all Periods and Directions 1

There was onlyone parameter set that produce calibrasaohulationsfor both
period and travel icection. Figure 69 Figure 69- Figure 72 presenttravel time density
plots from ths singlecalibratedparameter setis well as plots from the fielthta and the
original VISSIM model withdefault parameter valueBor comparisonfFigure 73 and

Figure74 showthe startup andaturation flow plots for the same parameter set.
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Figure 69 Travel Time Density Plots from the Calibrated VISSIM Model i Noon
Northbound
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Noon Southbound
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Figure 70 Travel Time Density Plots from the Calibrated VISSIM Model i Noon
Southbound
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Figure 71 Travel Time Density Plots from the Calibrated VISSIM Model i Evening
Northbound
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