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Over the past few years, traffic congestion has become a genuine nightmare to most of the
urban commuters. Providing reithe traffic information is of key signifance to Intelligent
Transportation System (ITS). Accurate travel time or traffic speed information through
Advanced Traveler Information System (ATIS) ganvide guidance faravelers who make
decisions every day on travel mode, route choice and departtiri me . Meanwhi |l e
anxiety carbe reducedvith a better understanding of their current and future travel time.
With a wellorganized and reliable traffic surveillance network, ITS mainonly assist
travelers in understanding their travel tiaved planning their trips ViATIS but also detect
traffic incident and dispatch a patrol teama timely mannerTherefore, comprehensive and
reliable traffic network surveillance is of fundamental significance in building a smart
transportation network his dissertation deals with three major issues about the highway
system.

Traffic state such as travel time or traffigeedserves as a key parameter to reflect

the highway system operation efficientinderstanding the reéiime traffic information is



usefulin helpng travelers make smart route choice and schedule proper departure times. Lots
of efforts have beemade to improve traffic state prediction performance with advamead

time prediction modelsBut thereis limited work studying the intrisic prediction uncertainty

of such datalriven based prediction$his dissertation developed antropybased

uncertainty estimation model to evaluate system state predictability under any given
measurement space from a stochastic evolution perspedtiee.\ile considered the highway
network as a stochastic system and applied the proposed megaluateravel time

prediction uncertainty under both temporal and spatial measurement spaces. Moreover, the
guantitative relationships between ddtazen basd prediction errors and the proposed
uncertainty measurements are analyzed based ormaaddlcase study.

Secondwe developed a sensor network optimization model aiming to provide
networklevel realtime traffic information surveillance. The proposaddel has two
advantagesompaedwith traditional traffic sensor planning mode@onventionally, people
only focus on the surveillance benefit at the location where sesrsopdacedvhile ignoring
the surveillance benefit improvementerredfrom the spatialtraffic state correlations
Moreover the proposed network optimization model provides one witfekibility to
come up with optimal sensor relocation strategies. Specifically, when traffic demand and
travel time uncertainty are heterogeneous$gributed in a highway network for a giveéme
period appropriately relocatingensors can fully make use of taveillanceresources and
enhance thaetwork surveillanceThe proposed model was applied to plan a travel time
surveillance network fowwashington D.GBaltimore commute network. Optimal sensor
placement strategies and relocation operatiatisrespect tahe surveillance benefits are
analyzed and discussed for the study area.

Last,we consider the sensor placement problem from a diftgyerspective given

the a priori information is completely missing. For a highway network with complete



unknown historical traffic data and unknown GPS coveragejuéstiornthat how operators
should plan a sensor network to evaluate these a pridit tirfbrmationis answered
Specifically, a multistage stochastic optimization model with endogenous uncegainty
presentedanda Monte Carlo simulaticbasedapproactis designed to evaluate the optimal
solution. The proposed optimization model wagliggl to the same Washington D-C.
Baltimore commute network and serves as a supplement to tiemeaurveillance based

dynamic sensor network model.
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Chapter ] | nt roducti on

1.1 Background and Motivation

Over the past few years, traffic congestias become a genuine nightmare to most of the urban
commutersAccording tothe latestreport published by Texas A&M Transportation Institute and
INRIX Inc. (Schrank et al. 2015notorists in Washington D.C. waste an averagg2dfours a
year stuck in traffic, and an averagfearound80 hours in Los Angeles and San Francisco Bay
Area In other cities like Beijing and Sao Paulo, commutersscametimegetstuckin traffic for
several hours per dayvenseverebad traffic congesin. Providing realtime traffic information

is of key significance to Intelligent Transportation System (ITS). Accurate travel time or traffic
speed information through Advanced Traveler Information System (ATI)roaide guidance

for travelerswho male decisionsevery dayon travel mode, route choice and departure time.
Meanwhi | e, t r aleetueedrthta bettaundeestangingofaheir current and
future travel time. With a welbrganized and reliable traffic surveillance network, IT8 roat

only assist travelsiin understanithg their travel time and plaring their trips viaATIS but also
detect traffic incident and dispatch a patrol téara timely mannerTherefore, comprehensive
and reliable traffic network surveillance is of fundamental significance in building a smart
transportation network.

Different kinds of traffic monitoring sensonaveemergdin the pastseveralyears. The
goal of developing merand more advanced traffic monitoring sensors is to collect and report the
realworld traffic state, like traffic speed and travel time, with higher accuracy and lower cost.
Since the sensor resous@ealways limiteddue to hidp cost and finite budgethye allocation of
agiven numbepf sensors to a set of candidate locationa particular highway corridor or
network becomes an optimizatiproblem The general objective of such optimizatigmoblemis

to maximize the total surveillance benefit. Sfieally, surveillance benefit cabe considereds



network flow coverage, OrigiDestination (OD) demand estimation accuracy, and netleoet
travel time estimation and prediction accurdaye to limitednumber andype of sensors in the
planning phaseas well as some installation feasibility concerns in the deployment phase, one is
not always able to come up with a full coverage configuration for the network to be monitored.
Thus,the decision variables are the locations at which the limited traffisoss shoultde
installed A desirable installation configuration should yisktisfactorybenefis given all the
constraints are met.

Surveillance benefit of a highway netwaskdeterminedy many factors such as traffic
demand and redime trafficinformation prediction performanc&he inner relationship between
a particular deployment configuration and its corresponding surveillance benefit should be
explicitly studied and considereéor a particular highway segment monitored by one or several
traffic sensors, the surveillance benefit can be directly estimated as, for example, the travel time
estimation variance or the expected travel time prediction error. Those types of monitoring
benefits can be derived based on the historical data by diffeethbds, like regression and
descriptive statisticdn other words, with a highway segment monitored by sensors, we can have
a better knowledge about the current and future traffic state on this segment with the data directly
collected from the sensorBhe nostresearch adopts this assumpfilmtheliterature Since each
highway segment in the target monitoring region is not isolated, one question shoble also
answeredThat is, can traffic state detection on one site benefit the traffic state odeyen
another site? We believe that the spatial patterns of the traffic state across a highway network can
increase our knowledge of the netwdekel information evemvhensome partarenot
monitored Therefore, the spatial pattern of traffic informat&hould nobe ignoredvhen a
traffic sensor deploymetid being plannedit is promising to get a desirable surveillance benefit

with limited sensors if the spatial traffic pattesrconsidered



Another promising direction in traffic sensor location optimization is to consider the
monitoring system as a dynamic sensor netwbraditional traffic count sensors like inductive
loop detectors, toll statiorecordersand license plate recognition cammearelocationfixed.
Various lowcost portable traffic sensonsveemergedin the past several years, such as
Bluetooth detectay WIFI detectos, and some other removable magnetic identification devices.
The cost of thse newly emerged sensorsleceasing continuouslyhile therr performances
improving With the convenient movement ofefe sensors, extending the traditional sensor
planning model to a dynamic operational model might bring additional surveillance bduoefits
to the timedependentraffic fluctuations across the highway netwdflkr example, whea
largescaletraffic eventis anticipatecat some time imspecificarea, relocating sensors from the
existing network tdhatarea can bring additional surveillance benefits for-tiea traffic

controls and smart guidance.

1.2 ProblemStatemenéand Objective

This dissertation deals with thregajorissues about the highway system. Thes(1) highway
state evolution uncertainty modeliagd estimation, (Btatic and dynamisensor network
planning model for redime traffic state surveillandgge., online purpose)and (3)multistage
sensomplacement model fatatacollection andvalidation(i.e., offline purpose)

Traffic state at a specific location evolves with some recurrent patiéns makest
possibleto be predicted based on the knowledge of past information. Mor¢og&ansportation
system is minner correlated system, in which traffic patterns correlate with each other across
different locations. Thus state prediction on one location can be inferred based on the data
measured at other locations, whistnamedas the spatial information basesdffic state
prediction. However, the predictability is rtbie same for all different highway segments. The
state (.e., travel time) predictability is affected lmganyfactors.For example, nomnecurrent

traffic event occurrence rate makes the highwayremt a stochastic system. Thiheevolution



of traffic parameters such as travel time and traffic speed behaves like stochastic yarndbies
model can perfectly predict the state variable. Moreover, state predictibiliso relatedo the
choiceof measurement variables and the measurement data quiaétyroblenof how to
generally andjuantitatively estimate the state prediction uncertainty of a stochastic syskem
respect t@ given measurement space will be studied and answered bystsahAlso, the
relationship betweeprediction uncertainty and empirical prediction erisrgvestigatedy this
study.

Traffic sensor location optimization problezangenerallybe definedas, givera number
of functioning sensors, deterngimstallation locationswherebydeployment of the sensors at
those locations will maximizthe surveillance benefiin this research, we consider the
surveillance benefit as providing travelers with accuratetial travel time information.
Specifically, the optimization problem aimsfigure out the installation locations at which the
sensors can better collaborédeaccurately estimate and predict the travel time or travel speed
information.The optimization model adopts both the concepts of temporal and spatial
information based predictions

Moreover the traditionaltraffic sensor location optimization modslalways for
planning purpose. Due to the emergence of various portable traffic sensors, the convenience and
low cost of relocation operations make it possible to develop a dynamic operational model
regardinghe sensor network. Since traffic flow is highilpne-dependent within a highway
network, a dynamic traffic sensor network with limited sensors might bring additional
surveillance benefits in comparison with a static one. This research targets to develop a sensor
location optimization framework both fronplanning and operational perspective. Whether a
dynamic sensor network can bring additional surveillance benefit against a static one will be
investigated witlareatworld case study.

Offline traffic data collection and data quality validation are beer applicationsf

traffic sensor network. Studying tempoggatial traffic state patterns can help transportation
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planners to understand the bottleneck and state predictability of the highway system. For
example, to plan a retime surveillancebase sensor network, one should have some knowledge
about the traffic state fluctuations across the netwmdetermine and compare the surveillance
effectiveness at different locatiorso, theemergencef various traffic data providersakes it
necessarto validate the data quality against ground truth measurements.

For such offline purpose, it is useful to plan a sensor placement strategy to meet different
data collection and validation goals. Two issues shibeldonsideretbr this type of study. Fit,
for largescale highway networks, how to determine a-edfgctive sensor fleet size and come up
with a proper stageise placement strategy to meet all the requirements. Second, joint usage of
secondndependent data source may reduce the opeahiost of physical sensors. For
examplewhen we have access to a second independent data source and the data quality is
validated to be reliable, we can take advantage of this data source to collaboratively collect and
verify the temporakpatial trafficstate patterns. Hence, this research will tackle this problem as
well and develops a multistage stochastic optimization model with uncertainty on second data
source reliability. This optimization model can serve as a supplement to thieneal

surveillarce-based sensor network planning model.

1.3 ResearciContributions

This dissertation contributes three advanced models to the fithd lmfyhwaytraffic information
system.

First, wepresent a general probabilistic model to estimate temppedlal system state
evolution uncertainty. The proposed model can be specified and applied to any stochastic system
to evaluate the surveillanceg(, measurement) effectiveness for predictiba particular system
state. The concept of conditional entropy is adopted to model the systegvetat@n
uncertainty The alvantageof the proposed model is that the prediction uncertainty evaluation

process does not require one to specify the piedimodel structure.



Secondwe present both a static and a dynamic optimization model to plan traffic sensor
placement strategig¢s improve reattime network surveillance. Th@oposednodel has two
advantages compeadlto existing traffic sensor netwk models First,theimpactof traffic state
spatial correlations on retime surveillance improvemerg explicitly consideredBased on a
realworld case study, we found surveillance benefit improvement induced by spatial
informationbased predictionis not a trivial partSecond, the proposegptimizationmodel
provides one with th#exibility to come up with optimal sensor relocation stratedispecially
when traffic demand and travel time uncertaintytaterogeneously distributed in a highway
network for a givertime period appropriately relocating some sensors to different locatians
furtherenhance thaetwork surveillance.

Lastly, we presented a sensor placement optimization model with the goal of efficiently
collecting and validating aéffic information.To the besbfthea u t hkonowlédge, therare very
few studiesdealing with traffic sensor network design with the purpossffettively collecing
and validaing temporaispatial traffic state patternhe kasicconcept of the optimization model
is multi-stage network link coverage model. Moreovkeexistenceof independent data source
providing the same type of traffic state informatisiconsideredby the planning model. But data
reliability is consideredsaa stochastigariableand can only be revealed after data validation
processParticularly, aMonteCarlo simulatiorbased scenario decomposition algorithm is

designed to solve the optimization model vatidogenousincertainty.

1.4 DissertationOrganization

The rest of this dissertatios organizeds follows. The next chapter provides a comprehensive
literature review related to this research. Firstly, various traffic sensors including traditional
sensors and recently emerging portable sensors are suenanid compared. Secondly, existing
research in the field dhetraffic sensor location optimization problasreviewed and discussed.

In Chapter 3, a probabilistic model is developed to evaluate system state prediction uncertainty



under given measuremespace. Furthegreatworld case study is conducted to investigate the
relationship between empirical prediction errors and prediction uncertainty. Chapter 4 presents a
static and a dynamicaffic sensor network optimization modeith the objective of providing
reattime traffic state surveillance. The proposed maslappliedto a realworld commute

network and the marginal surveillance benefth respect tesenor relocation operations is

analyzed and discussdd.Chapter 5a multistage stochastic sensor placement optimization

model withthe objectiveof efficiently collecting and validating spatisdmporal traffic datiés
developedA casestudy with a realvorld highway network is conducted to demonstrate the
proposed modePractical implications are given based on the case study. Finally, Chapter 6

summarizes the overall work and points out several interesting future research directions.



Chapter2 Li t erature Review

In this chapter, we give a comprehensive review on development of sensor technologies,
applications, location optimization problems in the fieldhafhighwaysystem. Section 2.1

briefly discusesthe traffic sensor technology development in past years. Sensor technologies are
introduced and described according to their functionalities. Section 2.2 gives a literature review
on application of those developed traffensors based on their monitoripgrpose. The review

in this subsectiois dividedinto two clusters. They are, deploying sensors for network OD

demand estimation arichffic state (.e., travel time or traffic speed) inferenda.section 2.3, we
review the studies terms ofthe methdology to solvehetraffic sensor location optimization
problem Methodologies belonging to different categories are discussed and compared

accordingly.

2.1  Traffic Sensor Introduction

Based on the type of measurement data, traffic sensolseddimidedinto three clusters. They
arepoint sensors, poifib-point sensors and probe sendofing 2012) Point sensorare those
collecting traffic information, such as instantaneous speed, tvatiiene and occupancy, at

fixed locations of a highway segment. PdinHpoint sensors, also named as paired sensors, are
those collaboratively collecting traffic information, such as experienced path travel time and
travel speed, by identifying and-identifying partial of the vehicles within the traffic. With the
emergencef Automatic Vehicle Location (AVL) technologies, like Global Positioning System
(GPS), reatime location information of some-wehicle passengers enriches the traffic database
with information such asndividual vehicle trajectories, travel time and speed data. This type of
sensolis namedasprobe sensoBased on the taxonomy approach proposeXiby (2012) we
further classify theraffic sensors into five categories according to both their measurement

functionalities and installation propertie$hese aréxed point sensors, fixed pairedrssors,



probe sensors, portable point sensors and portable paired seimitstraditionalfixed sensors
(e.g, inductive loops), portable sensors can be placed on the side of the rodd nabcequire

the stop of traffic during installation. Moreayevith the development of wireless technologies,
portable sensors can be easily installed and relocated. The next following five subsections will

review and discuss those traffiensors according to the above classification.

2.1.1 Fixed Point Sensor

Point traffic sensors are the first type of sensors developed and used to monitor and collect traffic
data in the world. Ithe 1920s Charles Adler Jr., a railway signal engineer, first developed a
sensor that was activated when a driver sounded hisoarat an instrumented location. The

i nvention of Charl esd s ens(&lein, Mikoo, bra Gibsdn t he Dbi rt h
2006) Interested readers can refethe report oKlein, Milton, and Gibson(2006)for more

detail on the historical development of traffic sensor in early y¢assmeasurement traffic data

by fixed point sensors are usually traffic volume, instantaneous tsaffiedand roadway
occupancyTypical traffic sensingechnologiedbelonging to this category are inductive loop,
magnetometemicrowave radaractive/passive infrared, ultrasonic, acoustic and video image
processofKoerner 1976; Caruso and Withanawasam 1999; Sergent 1981; Ahmed, Hussain, and
Saadawi 1994; Matsuo, Kaneko, and Matano 1999; Kuhn, Bui, and Pieper 1998; Michalopoulos
1991) Once installed at a fixed location along a highway segment, the fixedspoisican
continuously count the traffic passingMany of thewell-adoptedixed point sensors such as
inductive loop detectorsnagnetometemand magnetic sensoimeinstalled under the roadway

detect the passing traffic. While other fixed point sensors like acponstimowave radaand
videobasedsensors can be installeelatively easily along the roadsidiégure 1 shows two

examples of the moadway sensor and the roadside serdme.main advantage of-noadway

sensors is their insensitivity to inclement weather since those sansanstalledinder the

pavementConsequently, they can have better performance catpgainst the roadside



sensors, the detection accuracy of which is sensitive to the w@sdihdrela and Klein 2000;

Klein, Milton, and Gibson 2006; Leduc 2008)owever, the installation and maintenance cost of
those inroadway sensors are significantly higince the installation usually requires pavement
cut and is intrusive to traffiaVe refer interested readers to the worktaibela and Klein

(2000) andKlein, Milton, and Gibsor{2006)for more detailed and comprehensive comparisons

of those well adopted fixed point traffic sensors.

underground
electrical wire

electrical
meter

(b)

Figurel: Two Types of Fixed Point Traffic Sensors (ayrtmdway Sensor (b): Roadside Sensor

In addition tothoseabovetraditionalfixed-point sensors, which are usually used to count
traffic volume, measure instantaneous traffic speed and estimate the roadway occupancy, there
are scores of newly emerged point senaastechnologiethat arecapableof providing
additional traffic information of interesFor instanceCheung et al(2005)proposed to use an
advanced magnetic sensor to classify the vehicle type in higher resdletjgrassenger car,

SUV, van, bus, MT, truck and othé&en, Siriah, and Ram#R2011)developedin acoustic
sensingbasedechique toclassify and report the retime traffic congestion level he robust
noise filtering technique indicated a promising applicatioacoiusticbasedsensors in traffic
conditiondetection. For moratroductionsto recentsuccessnd desigrof variousadvanced
pointtraffic sensors, readers are referred to the woHtamfui, Kavaler, and Varaiy@008) and

Losilla et al.(2011)
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2.1.2 FixedPairedSensor

Different from point sensors, paired sensors are used to collect traffic inforpsatadnas
experienced traveime and average travel spdegcollaboratively tracking trajectories of
individual vehicle. Paired senson®ly on Automatic Vehicle Identification (AVI) technology
(Foote 1974)Passive tags attached to vehicles and electronic interrogators (or readers) are two
key components of such a detion system. The system detects the passage of a vehicle at each
fixed reading location by monitoring the signal received by the electronic r&idee each
vehicle returns a unique identification signal, the system can calculate the travel timie of eac
responded vehicle by matching those raw detections at each reading |g&ationaticLicense
Plate Recognition (AlPR)weredevelopednd used to monitor theaffic information first in
1976 at the Police Scientific Development Branch inthe(UKAut omat i ¢ Number
Recogni t iTarnedet &(D928Fsymmarizednd listedthe travel time collection issae
arising from the license plate matching technolodi¢andards on sample size, observation
location distance, matching and screening algoritere discusseih their work.For additional
issues and concerns license plate recognition systemsadersare referred to the surveys of
Gilly and Raimond2013) andLad and Patg]2015) Another branch of AVI basemavel ime
data collection techniquie Radio Frequency Identification (RFID) technology. RFID engiage
anewapproach to monitor traffic durirthe 1980s(Walton 1983xandhas becoma mature
traffic surveillance technologyigure 2 gives two illustrative examples of RFID sensing
technique andamerabasedicense plate recognitiaiechniquewhich can be used to collect
vehicle travel time data.

Typical fixed paired sensor systensed to monitor and collect travel time data are Toll
Stationswith RFID transponder, anthmerabasedicense plate recognition systdiassett
1998; Lindveld et al. 2000; Toppen and Wunderlich 2003; Tanaka 1992; Washburn and Nihan

1999) Scores of advanced travel time estimation algorithms were developedrtarittestimate
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the travel time date improve the travel time estimation accuracy based on such sensing.system
Liu et al.(2006)took advantage of neural network and Kalman fétlgiorithms to predict real

time travel time information for arterials monitored with paired camera recoga#gimsors.

Soriguera, Thorson, and Robu§2€07)developeda simple filtering algorithm to estimate

freeway section travel time with data collected by toll infrastruct@#dsermoreadvanced
algorithmsemerged in recent yedi® corridor travel time estimation with data collected by such
AVI based detection system can be seehénworks ofPark etal. (2009) Haghani et al(2010)

Lu (2013) andYang, Ozbay, and Xie (2018)nlike the point @tectors, the paired sensors can
only detect the travel time information of individual vebielquipped with interactive tag or
transponder. Therefore, the traffic state information estimated from those detections highly
depends on the sample si2s.for RFID based sensing system (e.g. toll station), the sample size
depends on the number of vdbi passing through the highway sectiahile the sample size of

a camera based license plate recognitiononly depends on thmumberof vehicles passing

through the sensing sectibnt alsais related to the recognition egracy of the sensorstany
successful attempts have been provided to improve the identification accuracy and reliability of
such license plate recognition systestasting from this poin{Chang et al. 2004;

Anagnostopoulos et al. 2006; Guo and Liu 2008; Abolghasemi and Ahmadyfard 2009; Wen et al.
2011) Stateof-art reviews on automatic license plate recognition techniques and algonidrms
given byS. Du et al(2013) andYe and Doerman(2015) Interested readers can refer to these

studies fo further references.
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(a)

Figure2: Two Examples of Fixed PairddVI) Traffic Sensors (aRFID Sensng Based Toll Statioifb): Camera
Based License Plate Recognition Sensors

2.1.3 Probe Sensor

In early yearstesearchersan equippdvehicles to record the traffic information in highway

sections of interest. Based on the positioning and driving speed information of the running

vehicle, average travel time and traffic speed information in those particular time windoles can

roughly estimatedvVon Tomkewitsch 1982; T. K. Liu 1994y his type of traffic data collection

method is the prototype of probe sensor concept and is still currently used in particular

measurement scenarios due to its higher flexikglitynparedo installing fixed traffic detectors.

Applications of Automatic Veiole Location (AVL) technologies ithetransportatiorsystem,

such as Global Positioning System (GPS) and electronic Distance Measuring Instruments

( DMI 6s) , provi de #imenraffic state dath indasuterneatand fcalaction. e a |

With the rgid growth of invehicle route guidance devices and smaltphonesn personal

navigation marketghose reatime operating devices liabecomehe maindata source

providing largescale travel time and travel speed datadare generally nameals prde sensors
Based on theperating type of probe vehicles, probe sensordearassifiednto three

categoriesi.e., freight based probe sensors, public transit and taxi based probe sensors and

passenger car based probe sensweightvehicles are usually running on the interstate freeways

and report their traveling locations to the central management system. Most buses and taxies are

operating within a fixed urban region and can report speed and travel time information for those
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urbanhighway sections. Passenger cars make it possible to provide vehicle trajectory information
in a largescale network. But the data availability highly depends on how many veaieles
equippedwith functioning navigators and GRfaised mobile phoneisg., penetration ratdn

recent years, numerous studies have been done to estimate and predict the traffic information
from data collected by those probe sensohso et al(2012)developé a systematic

methodology for identifying and ranking bottlenecks using GPS probe data collected from a fleet
of 6000 traveling trucks in Washington Stdteo et al.(2009)took advantage oGPS data

reported by buses to evaluate travel time reliability and the level of service (LOS) of the road in
Hirakata City. Other interesting studies on traffic state estimation usiabgusas probe vehicle
aredone bhyBertini and Tantiyanugulch&2004) Pu, Lin, and Long2009) andVanajakshi,
Subramanian, and Sivanand@009) Comparedo freight andousbasedorobe data, taxis based
probe data seems to be mpapularin urban networkravel time estimation due to its traveling
homogeneity and higgamplesize.Herring et al(2010)proposed a probabilistic modeling
framework for estimating and predicting arterial travel time distributions using sparsely observed
probe data from a fleet of 50(ta in San Francisco, CAenelius and Koutsopoul¢2013)

presentec parametric statistical model for urbmad network travel time estimatiovith low-
frequencytaxi probe vehicles. Spatial and temporal variaim speed data were considered to
improve the estimation accuracy. The sampling frequency in their study is around one report per
2 minute and 780 meters, which is significantly lower than thptefiousrelated studies

(Hunter et al. 2009; Hofleitner et al. 2012; Westgate et al. 26b8}he past few years,

commercial data companies such as INRIX, HERE and TomTombesrecontinuously

collecting and fusingehicle trajectory data fromarious probe sources.(, freight vehicles

public transit systemsindpassenger car$) constuct networklevel travel time and speed
databasén the United States Abundant of studies hay®en dondased using those largeale

probe data. For instanddaghani, Hamedi, and Sadab&2d09)usedthe Bluetooth ground truth

data to validat¢he quality of INRIX prdve data on both freeways and arterials through-&%e |
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Corridor Coalition Vehicle Probe projettater in 2014 the validation project was extended by
incorporating another two probe data sources,HERE and TomTonFusing data from both
physical serars and probe sensors to improve travel tita& quality or comprehensively
estimate realime traffic stateslsohasbecome an interesting topic in recent yéBisaskar,
Chung, and Dumont 2011;-@Q. Li et al. 2013; X. Zhang, Hamedi, and Haghani 2015)

The main advantage of probe sensors is the data coverage scale. Unlike those physical
traffic sensors installed at limited highway sections, probe sensors are aafpaptating the
travel time and travel speed data anywhere #éneyocatedThus,this sensing technique gives
the possibilities to monitor rediime traffic state information across the entire highway network.
However the drawback of this traffic sensing Ieique is the unstabkamplesize, which highly
depends on the penetration rate of the vehicles equipped with such GPS related devices. In other
words, the traffic data is not guaranteetb¢ocontinuously collectedhe sampling and reporting
frequency $suesn terms ofprobe sensors have been studied and discussed in the literature
(Turner et al. 1998; M. Chen and Chien 2000; Herrera et al. 2010; Jenelius and Koutsopoulos

2015)

2.1.4 PortablePant Sensor

The apiddevelopment of WirelesSensor Network (WSN) technology casts light on the
invention of more advanced and convenient traffic surveillance technologies in past few years
The exceptional features of WSN technologych as flexibilitycosteffectivenessand simple
installation enable the development of portable traffic surveillance serzased on the
measurement data, we also divide the portable traffic sensors into two cluestgrsrtable point
sensors and portable paired sans.In this subsection, we briefly introduce and discuss some
recently invented portable point traffic sensors. In the next subsection, some typical portable

paired traffic sensors wibe introduced
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The traffic state data measured by point sensorsist@ntaneous traffic speed, traffic
volume, and occupancynlike thetraditionalfixed-pointsensors, portable point sensors provide
the flexibility of temporary installation and monitoring on a highway segrigrgumatic tubes
are one of the prototypes portable point traffic sensors in early years used to collect traffic
direction, speed and volume informati@rurner et al. 1998 However, the traffic is required to
be stoppedluring the installation and configuratiohsuch a detection syste@ne notable
advantage of modern portable traffic sensors is theintamsive property. In other words, those
portable traffic sensor@e usually installedtthe roadsides. Thus the installation and
uninstallation operation Winot disrupt the trafficKotzenmacher, Minge, and H§p005)
developed portable notintrusive traffic detection system to collect the traffic speed and volume
data as an alternative to conventional point sensors, such as inductive loops and road tube
counters. The traffic sensing system they developetheauickly and daly deployedat the
roadside. Thus it can temporarily and quickly collect the traffic data on the target highway
segmentsAdditional calibration efforts need to be made to classify the vehicle types by using
their portable sensing systeAlmorox-Gonzalez et a[2007)presentec Linear Frequency
Modulated Continuous Wave (LF&W) based radar sensar fvehicle speed detectiofihe
developed portable sensor was evaluatedahworld traffic surveillance and proved to be a
good alternative to conventional intrusive point sensdmireless anisotropic magnetic driven
traffic sensor was developed Baghvaeeyan and Rajam48014) The presented sensor can just
be placed next to the adjacent lane dusargyeillanceandcancount traffic volume, measure
traffic speed and classify vehicle tyfgueto its modular, compact and lightweight properties,
the developedensorcanbe easily applietb portable traffic surveillance at either intersections or
highway segment&nother studyby Wahlstrém et al.(2014)proposed using a portable taais
magnetometer sensor for detecting vehicle driving direcBahd, Tafish, and RefgR015)took
advantage of WSN technology and developed a portable sensor systemtiore ¢dffic

surveillanceThe eperimentalstudy indicated 98% accuracy for vehicle counting and detection.
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The estimatedcost of the proposed portable detection system ishess40 dollars. The major
drawback for their detection system is that the setup does not work for roads with more than two
lanessince the magnetic sensor is placed at the roadside and can only detect vehicles passing
through the most adjacent laffdisis the commoissuefor all roadsidemagnetic traffic
sensorsAnother concern for the portable traffic sensors isthergy consumptioissuedue to

their common wireless propertyith this concernKomguem et al(2014)proposed to use

classical batterequipped wireless sensor nodes but having energy harvesting capabilities for
their WSN based quedength estimatiosystem named a8VARIM. Even though the sensors

canbe simply placedn the road surface, they are still intrusive to th#fit during the

deployment. Thus, it cannbe completely classifiedsa portablesensor. But the energy

harvesting capabilitgoncept they presentéaspires the future development of portable sensors.

2.1.5 Portable Paire&ensor

In this subsection, portable paired sensors emerging in recent ITS applications are reviewed and
discussedin common with portable point sensors mentioned above, portable paired sensors also
have properties such as lightweight, etsinstall, and low cet. Comparedagainst portable

point sensors, portable paired sensors are usually used to temporarily collect traffic data such as
experienced travel time and mean segment travel speed. Due to its collaborative fundtiwnality
data collectionportable paied sensorare also calleds portable poirtn-point sensorgXing

2012) Figure 3 presents two typicgbalications of portable paired sensors in travel time data

collection {.e., Bluetooth and WiFi detection techniques).
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Figure3: lllustration of Two Portable Traffic Detection Syste(ay Bluetooth Detection (b): WiFi Detection.

Bluetooth Media Access Control Scanner (BMS) has become an attractive alternative to
collect travel time data by tracking individual vehicles equipped with Bluetooth devices in recent
years. The concept behiBiMS based travel time collection is simple. Discoverable Bluetooth
(BT) devices, such as mobile phones, headphamelvehicle navigation systems, can be
scanned and identified by a nearby BMS with their unique Media Access Control Identifier
(MAC-ID). Thus the travel time of a vehicle with a discovered MiBCan be easily calculated
as the differencbetweerthetwo timestampsecorded by two particular BMS devices. Interested
readers foa fundamentalinderstanding of Bluetooth travel time collectienhnique are referred
to the work byHaghani et al(2010) andBhaskar and Chun@013) In recent past few years,

BT based traffic monitoring technique has been proved to be a success witippieationsand
continues drawi ng tatteatiorsnghe devetopment of ITS. @ mstance,h er s 6
Haseman, Wasson, and Bullg@010)proposed quantifiable metrics for a state transportation

agency to evaluate work zone mobility performance with 1.4amilliavel time records collected

by a set of BT sensors temporarily deployed at the target region. They concluded that the

flexibility of the reattime monitoring technique might enable future contracts for other

innovative travel time reliability analysisartchouk, Mannering, and Bullogk010)usedBT
detections to analyze both the overall travel
pattern on freeways. Since BT sensors can detect individual vehicle trajetaorgn et al.

(2011)proposed a route choice estimation framework with BT detection samples as a surrogate
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for licenseplate matching data. BT detection as a flexible surveillaiteenativecan also be
appliedto other travel modes, such as bicycle travel time estiméitiien Wang, and Chen
2012) pedestrian travel pattern analy@4alinovskiy and Wang 2012and crowd density
estimation(Schauer, Werner, and Marcus 2Q014)

On the other hand, mamyorks have been done to investigate the detection accuracy and
effectiveness. For example, field experiments were conductbtaliyovskiy et al.(2010 a)o
investigate the effects of antenna selection on travel time collection reliability. Kelusimns
were drawrthatomnidirectionalantenna yields in larger detection zone but are subject to more
noise and bigger spatial errpwehile the directional antenna results in a smaller detection zone
butis subject tealower sampling rateBy conducting field experiments under various
configurationsMalinovskiy et al.(2011)suggested a largéletection zone is desirable despite
the apparent loss of accuracy as larger sample size will reduce random error rates. Moreover,
Brennaret al.(2010)investigated the influence of vertical placement on data collection
efficiency with Bluetooth collection devices. Basedao24hour empiricadatasetollected from
I-65 in Indianapolis, the authors found 7.4% of the vehicles within 30 feet and 6.6% of the
vehicles between 102 and 114 feet had a discoverable MAC address.

Similarly, Wi-Fi Media Access Control Scanners (WM&)ich can scan MA@D used
in Wi-Fi communication can aldme appliedn traffic monitoring by identifying vehicles
equipped with corresponding discoverable deviGesnparedagainst BT detection technique,
WMS based traffic surveillance technique hashesn widely usedand its usage is stitieing
explored To the bestof ourknowledge very fewstudies havéeen donén terms ofusing WMS
to monitor and collect traffic informatiom this limited literature Luber et al(2011)proposed
an additional WAFi based vehicle identification andidentification approach to measure travel
times and mean travel speebBgzani et al(2012)presentedn ATIS developed on Android
platform to provide travelers with reime traffic congestion information detected by a

preinstalled WiFi network. Geographic locatisrof each vehicle with discoverable YA
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identifier can be detected and aggregated into the central server. The server then calculates the
traffic congestion level of each roadway and reports this information to the travelers.

BMS and WMS as two promigimalternatives for traffic data collectisensordave
similar operation concepts. However, the communication difference in BT a#d t&thnology,
the penetratiorrate of BT and W#i enabled devices might yiettsignificantdifference in the
quality d travel time data being collected and matchgehefits, challenges and future
enhancements terms ofBT andWi-Fi-basedcrowd data collection techniques were thoroughly
discussed bybedi, Bhaskar, and Chur{g013) Empirically, Abbott-Jard, Shah, and Bhaskar
(2013)evaluate the BMS and WMS based travel time collection reliability and quality. As is
indicated by their empirical analysBT sensors seem to collect more samples thafiwi
sensors due to the larger usage of BT enabled devices in vehicles. But this did no¥m$l
based sensing technology Wik completely outperformedy BMS based sensing technology in

the future due to the rapid growth of Wi enabled devices in the mobile and vehicle market.

2.1.6  Summary

A summaryof the abovetraffic sensorgs presente¢h Tablel. Themajorstrengths and

weaknesseegardingeach type of sensor disted
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Tablel: Comparison of Various Typical Traffic Sensing Technologies

Class Typical Technology Strengths Weaknesses
1 Insensitive to inclement |  Installation requires
weather like, fog, rain anq pavement cut
. snow . .
Inductive Loop 1 High maintenance cost
1 Mature,well-understood Multiol i ired t
technology T Mu iple units required to
monitor a location
1 Insensitive to inclement | T Installation requires
weather like, fog, rain ang pavement cut
snow . .
Magnetometer 9 High maintenance cost
9 Less susceptible than . . .
. . .| 1 Multiple units required to
Fixed Point loops to stresses of traffic monitor a location
Sensors
1 Insensitive to inclement |  Cannot detect stopped
Microwave Radar weather vehicles
1 Multiple laneoperatiors
1 Multiple laneoperatios |  Sensitive to temperature
i . change and extreme air
Ultrasonic {1 Capableof detectingover g
. . turbulence
height vehicle
_ 9 Multiple laneoperatiors 9 Not good amonitoring
Acoustic g .| slow-moving vehicles
1 Insensitive to precipitatior
9 Multiple laneoperatiors 1 Insensitive to inclement
RFID . . weather
9 High penetration rate and
(e.g, toll Station) matching accuracy 1 Limited surveillance
Fixed Paired coverage
Sensors . . o .
9 Multiple laneoperatiors 9 Sensitive to inclement
. I weather like, fog, snow an
License Plate Matching 1 Higher flexibility than rain
RFID based fixed paired
sensors 9 High calculation burden
1 The hgh penetration rate | 1 Limited spatialcoverage
) in freeway (i.e. freeway)
Freight Probe
Probe 1 Large range of temporal
Sensors coverage

Bus/Taxi Probe

1 The hgh penetration rate
in urban area

1 Limited spatial coverage
(i.e., urban network)
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9 Limited temporal coverage
(i.e., day timg

Passenger Car Probe

1 Largescale spatial
coverage

1 Large range of temporal
coverage

1 Penetration rate is of high
variance ice., highly
depends othe numberof
GPS users)

1 Lightweight and high
portability

1 Multiple laneoperatiors
unavaildle

Magnetic 1 Insensitive to inclement | { Battery consuming for
weather such as snow, wireless devices
Portable rain, andfog
Point Sensorg . . . . -
1 Lightweight and high 1 Only insensitive to short
portability ranges of inclement
. . weather
Radar 1 Multiple laneoperatios
available 1 Battery consuming for
wireless devices
1 Low cost,lightweight and | 1 Not suitablefor the short
high portability distanceroadway segment
1 High privacy protection | 1 Sample size highly
Multiple | . depends othe numberof
T Mu tiple laneoperatiors in-vehicle BT devices
Bluetooth available
1 Insensitive to inclement
weather
Portable 1 Mature and large
Paired experience base
Sensors
1 Low cost, lightweightand | 1 Not suitablefor the short
high portability distanceroadway segment
1 High privacy protection | 1 Sample size highly
Wi-Fi depends othe numberof

1 Insensitive to inclement
weather

9 Multiple laneoperatiors
available

in-vehicle WiFi devices

9 Lack of practical
experience
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2.2  Traffic Sensor Location Optimization

Locating traffic sensors on a transportation network aims to measure \aaffiosrelated
information, such as traffic volume, OD flow, travel time and travel spdsdinformation

cannot only provide insightato transportation planning and operatagenciedut can also

serve as understandable traveling metadsavelers. Since diffent sensarhave different
functionalities, locatingach type of sensors mainly depends on the surveillance purpose. For
example, point sensors are good options to measure traffic volume and spot speed information,
while paired sensorsis well as probeessorsare ideal tools to measure the experienced travel
time information either for a short segment or a long rdatthe abundantterature traffic

sensor location problem cée dividedinto two major clusters based on the deployment purpose.
The first oneis about traffic flow measurement, and the other one is abottimesatraffic state
information g.g, travel time and travel speed) collection and provisiomext following two

subsections, we will review and discuss the melstvantstudies regardingeach research track.

2.2.1 Traffic Flow Measuremerdand Estimation

Measuring taffic flows with sensors has gagmowinginterests in the past few years due to its
relevance taransportation management and traffic contBalsed on the monitoring purpose,

flow measuremerbasedsensor location problems (SLP) damdividedinto two tracksThe first

one is directly using traffic flow as benefit quantification index. For exampleding atthe
historical traffic volume ditribution, one can identify the most critical links and deploy traffic
counting sensors on such links to retrieve traffic volume informatiamerest The second type
SLPtalks about how to optimally place flow counting sensors in part of the netoobserve or
estimate the netwotrlevel flows €.g, route flow and OBpair flow) as accurate as possible.
literature the second type flolwased SLP is more popular and complicated than the first one due

to its practical application in highway traffsurveillance.
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For the aforementioned first type flow based $rhblem, one key assumption is that the
total number of trips or trigariances are known as deterministic quantifié® intrinsic concept
behind this problem is to monitor trips and traffawvs greedily Teodorovic et al(2002)
presentec biobjective model to determine the locations of AVI sensors used to monitor traffic
flows. The two objectives are maximizing the total number of readings along a route for each OD
pair, and the total number of OD pairs covered by the installed se@s@aissumption that an
OD pairis coverednly if its shortest patlis covereds adoptedn this model.This may limit the
OD demand estimatioin postdeployment data collection processce there are usually
multiple paths traveling by vehicles belamg to the same OD paif. Chen, Chootinan, and
Pravinvongvuti(2004)extendedhe models proposed Ayeodorovic et al(2002)by considering
the coverage of multiple paths for each OD pfiior knowledgeof the traffic flow on each path
is used to weight and quantify theute and OD pair coverage benefitso, a third objective
was incorporatedhat is, minimizing the number of readers used to monitoring those routes.
Mirchandani, Gentili, and HE009)consideredhe sensor location problem as a vehiuviies
monitoring problem (VMMP) and presented a formulation to determine optimal AVI sensors
locations to maximize the total vehiagiles. ThearcbasedMMP formulation is also known as
the constrainedovering problem and was previously proved to bechPplete(Plesdg1999)
Subsequently, a greedy Heuristic is proposed to solve the proposed VAdNRegi and
Haghani(2013)proposed integer programming models for determining @btmamber and
location of Bluetooth sensor&lthoughthe main purpose for such a deployment is to collect
travel time data in a more reliable manner, thdglitionallyconsidered two objectives: coverage
of a high percentage of total traffic volume in tregwork, and covering as many as OD pairs as
possibleThis further implies the distribution of traffic volume and OD topologies of a particular
network play key roles in determinations#nsor location€ssentiallythe above SLPs have a

similar objecive, which is monitoringas many ofhe traveling vehicles as possible. However,
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monitoring as many vehicles possiblenay not guarantee the maximization of surveillance
benefit (e.g. route flow or OD flow estimation accuracy).

Flow estimatiorbased SLBusuallyassumehe traffic flows over the roads can be
described by a network flow functiavith respect tdhe observationBom a set of segments
Based on the argument that traffic information provided by the sensors can be suitably used both
for traffic flow derivation and for OD matrix estimatioBjanco, Confessore, and Reverberi
(2001)defined and solved the sensor location problem (SLP) with the objeziivier all traffic
flows of a network with minimum number of counting sensors instaflad.the OD matrix
estimation error was proved to beundby the proposed greedy Heuristic approachmea.
similar conceptChung(2001)presented an optimal network sampling framework for estimating
trip matrices whichwas viewedas a prototype of the network count location problem (NCLP)
Ehlert, Bell, and Gross2006)reformulatedhe original NCLP by incorporating two extensions:
(1) using original detector counts to update the link choice proportions, and (2) taking the prior
OD flows into accounfThe proposed formulatiowas appliedo a real network with moderate
sizewith satisfactorysolution quality. Nevertheleskrge sizenetworks require a more efficient
algorithm to guarantee a solution witldimeasonabléime. Theoretically speakingyrior
information of particular OD pair or route flows is of significant importance to estimate the
networklevel OD-pair flows. Thisis mainly because the number of independent @y or route
flows is much larger than the number of independent linki§loeven if the flow of each linlsi
known, the solution set of Gpair flow estimation problem is still infinitge. Castillo et al.

2002) Enrique Castillo et a(2010)presentedhree formulations dealing with the estimation of
route flows based on the subsets of monitored links. The fiestsoabout minimizing the number
of vehicle scanningameras to be used to estimatgiven subset of route flows. The second one
is to figure out the subset of linksbe monitoredor a given number of scanning sensors.
Finally, they took the scanniregrorissueinto account and reconsidered the previous two

problemsAn applicationadvantagés that when not enough cameras are available to solve the
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overall estimation problem in one run, the proposed model can be applied multiple times to
improve thanformation gain, given the sensors are portable and can be relocated for different
runs.Zhou and Lis{2010)derivedanalytical formulations to describe OD demand estimation
variance propagation by explicitly taking into account several important error sources, such as
historical data uncertainty, sensor measurement errors and approximation errors. Based on the
derivedestimation variance scheme, a scerbdesed stochastic optimization procedure and a
beam search algorithm were developed to find the suboptimal locations of point ar-point
point (AVI) sensorsUnlike previous deterministic flovestimation based sendocation

problem (SLP)Fei, Mahmassani, and Murrayite (2013)considered the SLP under traffic flow
uncertainty. In particulathe occurrencef random eventse(g, accicent) may redistribute the
traffic flow to a large extanandthe placement of traffic counting sensors with the objective to
maximize the OD coverage and information gain should be robust to those random impacts.
Therefore, a nonlinear twstage stochastimodelwas developedrhe first stage generatsensor
placement strategy to maximize OD coverage and information gain before considering any
random events. The second stdgalswith stochasti@ventsandcalculateghe recourse function

by incorporatilg the cost of vehicular flow changes under random events. Due to the high
nonlinearity of the objective function as wellasextremelylarge number of secorstage
realizations, an iterative heuristic called Hybrid Greedy Randomized Adaptive SeardafuiReoce
(HGRASPB was presented to find neaptimal solutions.

In theory, Gentili and Mirchandani2012)classified traffic flowestimation based SLPs
into two categories: the Sensor Location Fowservability Problerand the Sensor Location
Flow-Estimation ProblemTl'he major difference between those two problems is the solution
spaceSensor Location FlovDbservability problem mainly answers two questionswiigther
the flow on each link or path within can be exactly determined given Ipasarvations from the
network? (2) Where are the best locations to install counting sensexactly infer the flow of

the entire networkThe intrinsic concept behind this type of problem is flow conservation law.
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Based on the flow conservation rubgtimal locations for a givenumberof counting sensors or
aminimumnumberof counting sensors as well as the corresponding installation locati®ns
foundwith the objective of uniquely determining the network flow distributon.the other side,
Sengr Location FlowEstimation Problem mainly deals with the situation in whichuthigue
observability of flows is not possibl€his situation may happen in two cases: either when the
sensorcoefficient matrix associated to the network does not have full rank ortivabodget
constraints limit the total number of sersd@rior estimate information regarding the route or OD
flow must be considered as a reference of the estimation errarianeeto figure out the most
suitable sensor locations in this situat{@&@mrique Castillo et al. 2010For a comprehesive
summaryof SLP formulationsn terms ofFlow-Observability and FlovEstimation problem, we

recommend the readers to refethework of Gentili and Mirchandanf2012)

2.2.2 Traffic Time Collection andEstimation

Another important application of locating sensors on a highway networlpisvaetraffic state
information helping travelers to understand and plan their ffigsel time information and
average travel speed information are two typical metrics index depicting the traffic state in
transportation engineerin§ince travel time and averatyavelspeedareconvertible, and travel
time can be directly used to undarsd the travel cost, i6 commonlygeneratecs the major
deliverableto travelers in ATISTherefore, in sensor location problem (SLP) wiitbobjective
of providing reailtime traffic state information, people always refer to the measurement and
estimdion of travel time informationThere are mainly two stepgth respect tdocating sensors
to provide travel time information. The first step is to use the deployed sensors to colleet traffic
related data, named as the raw data collection process.péheftthe raw data depends on the
type of sensors used. For example, if two point se@serasedthe raw data collected are
instantaneous traffic speed at two fixed locatjovtsle the raw data would directly be

experienced travel time if the AVI semsare usedThe second step is about travel time
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estimationor predictionbased on the raw data collectedch asconverting point speed data to
travel time data or predicting the rdathe travel time information based on the most recently
collected tavel time dataDue to the significance of travel time information in lasgale
applicationslocatingvarioussensors to retrieve and provide travel time informagitracts more
interestdn the field of SLP researadompaedwith the flow-estimation based SLFhe sensor
location optimization problems proposed and resolved in this dissertation are also from the travel
time information collection and estimation perspectives. Therefore, we will present a thorough
reviewof the existingmethodologies and techniques related to travel time provision based SLP in
this subsectiorMoreover, since different types of sensors collect and estimate travel time in
different ways, we further classify the exististgdies according to the senggpes (i.e., point
sensor, paired sensor, and probe sensor).
2.2.2.1 Point Sensor Based SLP
Point sensor can be used to measure spot speed data at a particular highway$auediome
interest of estimation is travel time, spot speed data collected by pointsseaed to be
converted to travel time by some specific methods, such as regressigmintidstimation, and
flow-density modelFor traffic surveillance, the speed detector density on the road is very
important because it affects the precision of thasueement of the travel time to a large ekten
Therefore, for point sensor location problem, there are usually two important aspects. One is to
find the optimal installation segmenthe other one is to determine the optimal density of the
speed detectsrin those segments.

For a particular highway segmemherespeed detectors aneeded tdeinstalled the
choice of detector density highly relatedo the investment cost and the travel time estimation
error. Thus, it is important to determine an appropriate deployment dengitg thiferent
purpose under various situatio@han and Lang2002)consideredhe tradeoff between
investmenm cost and travel time measuremenr andoroposed a blievel programming model

to determine the optimal speed detector dengitginimize both investment cost and travel time
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measurement errof heyassumed travel time error variance as the produtiedink travel time
and themeasurement travel time error dispersion fungtiamich is further assumedd bea
function of the speed detector density, volume/capacity ratio and the scaling factors of investment
cost. Empirical data was used to verifydamalibrate the proposed error varianoedel The
presentedravel time error variance functionith respect tespeed detector density is in a general
form and can be easilysedas a reference tetermine speed detector densitpiherhighway
segmentgEdara et al. 2008Dzbay, Bartin, and Chigf2004)alsoinvestigated the impact of
sensor density on travel time estimation error with empirical data fro®adiid Jersey Real
Time Motorist Information System projecthey found that increasing sensor numbers density
did not necessarily improve the travel time estimation accuracy both in recurrent and non
recurrent eventd his phenomenowas also foun@nd discussed in ttetudyof Bartin, Ozbay,
and lyigun(2007) in which a conclusiowas drawrthat the marginal surveillance benefit
decreased as the of the number of point sensors within a segment incdgagady, Chaudhuri
et al.(2010)used field da to investigate how the inaccuracy of the travel time estimates was
affected by increased sensor spacing. Hypothatinébrm point sensor spacing caskiee 0.5, 1,
1.5, 2, 2.5, and 3 miles, were examined. The analysis showed that the actual Id¢hdon o
sensors is the key element in the estimation of travel time, even though the sensor spacing did
affect the estim&in accuracyRather, it was essential to increase sensor density in major
bottleneck areas to improve tastimatioraccuracy.

Thestudies mentioned aboweainly talked about the optimal point sensor derisgye
As is indicated byChaudhuri et al(2010) location plays a key role in the ermf the travel time
estimates. Therefore, only considering point sensor density is not enough for a fetabrk
traffic monitoring, especially when the sensor resource is very linBd et al(2009)
formulatedthe problem of determining optimal sensor locatiasa dynamigrogramming (DP)
model, with the objective defidebased on link travel time mean square errors (MSESs). Two

important implicationsvere obtainedrom their numerical experiments: (1) it is optimal to place
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many sensors in bottleneck areas and deploy a few Hildnwesegments; (2) There should be an
optimal number of sensors to use, beyond which installing more sensors is not beiBz#gdl.
on the historical spatisemporal speed and travel time profil&ganfar and Edaré2010)
proposed aew clusteringbased methodology to identify optimal point sensors installation
locations with the objective to minimize travel time estimation eriidrs.basic concept is to
group freeway sections with identical or similar traffic speed pattegetherand then determine
the sensors locations based on those final grouped clusters. Rather, a specific travel time
estimation approach using speed data detected from those final ohededevelopedNith the
proposed location clustering method and corregimgntravel time estimation approach, optimal
locations for speed detectawgre identified Comparedo the conventional mighoint sensor
placement strategy, the optimal placement method proposetwtanlysave sensaesources
but alsocanproduce better travel time estimatisthe same concefim et al.(2011)presented
a genetic algorithrAbased optimization framework to determine locatitor speed detectors in
freeways. For a particular freeway corridor, pospeed and travel time informatiarere
obtainedrom tremendous simulation runs. Based on the summarized speed and travel time
profiles,differentcombinatiors of sensor locationsereevaluateased on the fithess function,
whichis calculatedhs the mean absolute relative error (MARE) between estimated and actual
travel time.Numerical experiments indicated the travel time estimate error beujgiaranteed
within 10% in variougraffic conditions.Previous studies were all formulated as nonlinear
programsandonly heuristic approaches could be used to seek mag#imal solution. Under
the same objective.€., minimizing travel time estimate error§anczyk and Liy2011)
proposed an approach to transform the nonlinear program into an equivaleninteged linear
model, which can be easily solved to optimality using resource constrained shortest path
algorithms. A commoncritical elemenin the abovehreestudiedss that travel timeandspeed
profile shouldbe knownin a high resolutionvithin the target regiarOtherwise, it is nopossible

to comprehensively evaluate all of the candidate locatMnseover, one inexptit assumption
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shouldbe confirmedeforeapplyingthose empirical data based optimization approaches. That is,
the future temporatpatial speed and travel time patterns should be relatively consistent with the
historical onesAn interesting research diction in this field should be investigating the
monitoring benefiti(e., travel time estimate errors) deviations from a betordafter study
perspective.
2.2.2.2 Paired Sensor Based SLP

As is introduced in sectiolh 1, paired sensors are used to directly cotlmvel time data
by tracking the trajectories of individual vehicl&iccessful identifications of a vehicle by both
component sensors produce a valid detection, which can be viewed as a sampling point to infer
the average travel tim&tatistically spaking, the number of valid detections is of key importance
for estimating the actual traffic statéthe monitoring regiorf-or a particular highway segment
with relatively consistent daily traffic flow, the number of valid detectisrzmsicallydetermined
by the penetration rat&herefore, penetration rates well as traffic dynamicare two key
elements in dealing with paired sensor based SLPs.

Yang and MillerHooks(2002)proposeda binary prgramming model as well as a
Heuristic to seleanformation criticalarcs (ICAs) within a traffic network givean priot
informationon the travel time variance and covariaridee basic interpretation of finding ICA is
to find highway segments with higtatfic dynamics €.g, high travel time varianceeven
though they did not explicitly claim the problexsa sensor location optimizationgiriem, the
selected ICAs can laptimal locations to install travel time collectisansorsSherali, Desai,
and Rakhd2006)usedcoefficient of variations (CV) of traffic demand as objective parameters
describing the benefit of travel tinmeeasurements over various paths, and proposed a quadratic
binary programming model to determine the optimal locations for AVI tag re&ierslations
were run to generate the associated benefit factor coefficients for each path between any two
candidateeader installation locations. This benefit factor is simaahat in the ICAs selection

study byYang and MillertHooks(2002) in which travel time variands usedas benefit
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coefficient.Depicting travel time collection benefit in this way does msdsesince the
surveillance benefit intrinsically ooes from garnering as much information about the variability
in travel time as possible. In other words, if the travel time of a roadway is nearly the same
throughouthe day, it is of no value to install sensors to colksdtavel timeinformation, and
inference from GPS probe vehicles might be enough to tell the wholeAsmigegi and Haghani
(2013)presentedwo formulations for Bluetooth sensor locations optimization. Maximizing total
travel time CV values across the netwaevls considereds one of theiobjectives They argued
that since mean value of travel time may fall into different ranges across all the links, CV value
was more suitable than a single variance when quantifying tieestollection benefitAlso,
they pointed out that maximizing netwedvel travel time CV value and minimizing travel time
prediction error were not equivalent and shoul d
preference.

Deploying sensors wh travel timeCV valueor historical variancas benefit fact@aims
to capture as many travel time changes as pesdiblguarantegatisfactorytravel time
prediction errors, one should consider three issues: (1) data quality, (2) fitness of predictio
model, and (3) travel behavior predictabiliyirchandani, Gentili, and HE009)presentedwo
binary programming models to determine AVI sensor locations. In their second model, travel
time prediction reliabilitywas choseis the deployment benefit. Considerihgmean travel
time alonga roadway changetynamically and follows a normal digiution witha prioi
information they proposed to update the prior distribution with samples from detection according
to Bayesian theory. Subsequently, optimization model was used to determine from which
segments or routes to sample travel tis@ss ® maximize the variance reduction of the
predicted travel timeSimilar monitoring benefitan also be seén the study oZhu et al.
(2014) in which travel time estimation variana&s cosideredas a function of sampling size as

well as a prior varianc@.ravel time estimation or prediction variance reduction as an alternative
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objectivegives a more understandable way to quantify the monitoring benefit, whiddecan
viewedas the informatin collection reliability.

Travel time estimation or prediction error is a direct index describing the monitoring
benefit of paired sensors. Though paired sensors can directly collect and measure travel time
information for a particular roadway segmehtre might be noise from different sources, such
as measurement errors and detection outliers. Therefore, specific estimation techniques are
usually required to process and filter those raw data piigise an accurate estimate of the
mean travel timealue. Moreover, considerirdata collection delay, prediction techniques are
sometimes required for reiime information provisionXing, Zhou, and Taylo(2013)proposed
an informatiortheoretic approach to evaludtgbrid traffic sens@deployment strategiefs a
by-product of the propsed Kalmarfiltering travel time estimation framewaqrthe corresponding
posterior error matrices were used to quantifyttheel time estimation uncertainty reduction
with respect t@ particular deployment configuratiofn analytical determinamhaximization
mode| as well as a beassearchheuristic were giverto search for the optimal sensor
deployment configuratioiteratively. Considering the travel time prediction inaccuracy from
existing inductive loopRark and Haghan{2015)developed a twatage integer programming
model to determine the number and installation locations of Bluetooth sensors with the objective
of minimizing corridor level travel time prediction ertdrhe Empiricalanalysis was first
conducted to evaluate the prediction accuracy of existing loops withwadd probe dataThen
Bluetooth sensonweredeployed to overcome the drawbacKaafp-basedravel time prediction
with the assumption that Bluetooth based travel time estimati@rfisgb and cabe directly
usedfor reattime operationsHowever, therare two issues remaining to be further discussed
and resolved: (1) what is the deviation of Bluetooth basaee| time prediction error in addition
to the measurement error, sincédyameasurement error is considegett the prediction is
assumed to be perfect; (2) what is the acceptable error faimealravel time information

provision in such application¥he second question is tricky and haslve#n answerely any
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existingstudy. For example, 3% and 4% prediction errors nearly have the same influance in
realworld application. But if theyare weightedvith the traffic flow, the objective valugsan
change t@anextremelylarge exteh Consequently, the deployment strategly largely be
affected

Paired senor based traffic monitoring system requires synchronization of vehicle detection
information from multiple locations. For most existing studies regarnaiddy/| based sensor
location problem, either sensor failure is&iaot consideredr the consequences of sensor
failure are assumed to be trivial matters. Thereal® a fewstudies working o\VI sensor
location problem considering the impact of sensor failurand Ouyang2011)proposech
reliable facility lbcation model to optimize the paired traffic sensor deployment strategy
considering probabilistic sensor failurégcording to the proposedlid sensor assignmeritd.,
pairing) rule the surveillance benefit withn exponentiahumber of sensor failure scenarieas
consolidatednto a single compact expressidihe optimization problemvasthenformulatedas
a mixed integer programming modEbr the same problem, alternative formulations including a
continuum approximation metiand reliable fixegtharge sensor location models were also
given in a later study blyi and Ouyand2012) Critical parameter settings, such as failure
probability and spatial heterogeneity, were discusseed on th results from bunches of
numerical case studie®anczyk, Di, and Li2016)developech probabilistic optimization
model withthe objectiveto minimize expected travel time estimation error. Sensor failure
scenariogvere completely and uniquely examingith a customized binary based enumeration
scheme. Numerical experiments indicated optimal sensor placement strategy with probability
concern was significantly different from that without sensor failure consideralioother
words, sensor failure has ntnivial consequences on the surveillance fiene
2.2.2.3 Probe SensdBased SLP

Estimatingurban traffic conditions through probe sensing technigasattraced

increasing attention in recent years. Adnigroduced irthe previous subsection about the probe
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sensor techniquethe primary goals of most studies are how to accurately estimate the traffic
condition based on the available data reported by probe vehicles. Hofggvezsearch studies
arefocusingon the prokem that how and where to dispatch probe vehicles to improve urban
traffic surveillanceFor conveniencewe name this problem as the probe sensor location problem
(PSLP) Extremely high operation cost for dispatching and controlling probe vehiclesrigthe
reason for the rarity of this type of research. For example, to obsaitiséactoryievel of traffic
condition estimation accuracy for a particular network niln@berof dispatched floating cars
should be large enough according to the samplingyhés a conseques, the expensef
operatingand controllinghose floating cars will be fairly large. Instead, purchasing and
deploying some static traffic sensors along the highwandd be less expensive and more
reliable.Therefore, studying the P8Ltheoretically makes sense, but is of little practical
application.

To the besbf ourknowledgethere is only one recognized study in literaturedealing
with the PSLP(R. Du et al. 2015proposedwo patrol algorithms to plan the paths of
controllable floating cars to proactively participate in urban traffic monitoring system considering
the unevenness of taxi traces. In other wdtas controllable floating cars are viewed as dynamic
sensors aasupplemenbf other probe data sourcsprovide traffic information ira particular
urban networkBy applying the proposed floating car patrolling algorithms, the netieméd
traffic gate estimation error decreases from 35% to I@¥paredagainst the random sampling
approachHowever, the patrolling cost and the operation isgeie not discussad detail.In all,
improving the urban network traffic monitoring reliability witbntrollable floating cars might be
a doable method. But the trad# between the operation cost and surveillance improvement

should be well coordinated from a leteym perspective.
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223  Summary

To summarize this chaptehis susectionfurtherpresentanddiscusseseveral key milestone
studiesin terms ofthetraffic sensor location optimization probleamong the abundaliterature
To provide a rore clear viewTable2 is providedto demonstratand compare those milestone
SLP studes from different application perspectives,, sensor type, optimization objective,
application type antenefit quantification

As is shown in the table, the sensor type of SLP initdr@tureare generally dividethto
two main categories based on sensor functionality. Point sensor is used to measasezpot
traffic states, such as traffic speed and volume, vaileed sensors are used to mainly provide
path travel time and flow information tsacking individual vehicle trajectoriesiAccordingly, the
optimization objective can be defined based on the type of sensorlnssatly years, the
objectives of deploying point sensors are mainly collecting and providing travel time information
(Chan and Lam 2002; Danczyk and Liu 2011; Kianfar and Edara ZDE@k! time estimation
approaches based on those senaoe indirect, and empirical data analysislwaysrequired to
generate the sensor coverage benefit. Howéaeel time estimated from point sensors is less
accurate than that estimated directly by AVI sensors. With the rapid development of vawious lo
cost AVI traffic detection technologies, paired sen$@® become more popular than traditional
point sensori terms oftravel time estimatiofAsudegi and Haghani 2013; H. Park and Haghani
2015 )But, the traditional point sensors are stild]l
of traffic flow observation and @ demand estimatio{Bianco, Confessore, and Reverberi 2001;
Fei, Mahmassani, and Murrdyite 2013)

From some other perspectivésand Ouyand2012)first considered the sensor failure
effect in AVI traffic sensor location problem by proposing a valid sensoiupaiule as well as a
set ofheuristicalgorithms Xing, Zhou, and Taylo(2013)developedwo sensor location

determination algorithms for probe sensors, point sensors and paired sensors based on Kalman
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data fusion techniquélso, to the best f t h e knawdedde ahe dptimization model
developed byhu et al.(2014)is the first among thkteratureconsidering the problem from a
dynamic routing perspective given the mobility of particular traffic senslmwever, the
operational cost issue has maen explicitly discussk In other words, infinite movement of
traffic monitoring sensoris not practically possibld?ark and Haghari2015)consideredhe
sensor relocation budgets(, numberof movements) as a constraint in their optimaaimodel
to determine the timdependent locations of portable Bluetooth sen&ursthe benefit loss
during relocation process was not incorporated. This dissertation will overcome this issue when
modeling the monitoring benefit during a given time honi. In other words, a more realistic
operational model wilbe providedwhen dynamically dealing with portable sensor location
determination.

Moreover,in terms ofthetraveltime provision based sensor location optimization
problem, the spatial correlation of the monitoring benvedisignored or considered as trivial by
all the existing studies. However, this is unreasonable andargsly affect the optimal solution
sincetravel timeinformationof the segmerg are always highly correlated site to sifdis means
measuring the travel time of a particular segment cannot only benefit this sétgeiébtit can
also improve the knowledge of the travel time information ddidigcent or overlapped segments.
Thus,in terms ofreaktime travel time collection and provision, the optimization benefit of a
sensor location problem will lmmprehensivelgtudied angroperlydefined in this dissertation
by considering both temporahd spatiatraffic information €.g, travel time, travel speednd
level of service)characteristics

In brief, the optimization modeklnd themonitoring benefit quantification schemes
developed in this dissertation will supplement the existing svortwoways
(1) A realistic operational framework in addition to traditional static planning models in dealing

with locationrandrelocation problems with respect to portable AVI sensopsovided
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(2) Spatial correlation characteristics of traffic state informatiomexplicitly incorporatedhto

the benefit calculation.
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Table2: Summary of Selected Milestone Studies

Author (Year) Sensor Type Objective Application Type Other Notes
Chan (2002) Fixed Point Detector Travel Time Error Two-st_a ge REgEESe HESEE Be_neflt
Planning (w.r.t. sensor density)
Sherali (2006) Fixed Path Sensor (AVI) Coverage Benefit Static Planning Variancebased Benefit

Flow Coverage & Travel Time Bayesian Update based

Mirchandani (2008) Fixed PathSensor (AVI) Static Planning

Reliability Benefit
Danczyk (2011) Fixed Point Sensor Travel Time Error Static Planning Empirical Error
Kianfar (2011) Fixed Point Sensor Travel Time Error Static Planning ST Errqr ST
Clustering
Li (2012) Ge?;:;' uslf)nsor Assumed Coverage Benefit Static Planning Sensor Failure
Gentili (2012) A Review: ALocating Sensors oyyandRea & &i ch N@p wor
Asudegi(2013) Portable Path Sensor (AVI Flow Col\qlgaa;gciziananance Static Planning Variancebased Benefit
Xing (2013) Heterogeneous Sensors Travel Time Error Static Planning ESt'mat".)n b_y
Kalman Filtering
Fei (2013) Fixed Point Sensor 0-D Estimation Two-Stage Flow Equilibrium w.r.t.
Planning Incident
Zhu (2014) Mobile Sensor Traffic Information Acquisition Dynamic Operation Samplingbased Benefit
Bianco (2014) Fixed Point Sensor Arc Flow Observability Static Planning (FirsY Mathematlal
Formulation
Park (2015) Portable Path Sensor (AVI Travel Time Error Two-Stage Planning Regressiotbased Benefit
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Chapter3 Re dali me Traffic Surveill ance

A Stochastic System Per spe

Reattime traffic-relatedinformation such as travel time, traffic speed and traffic volume, is of
significant importance to advanced traveler information system (ATIS). Effective surveillance on
such traffic state parameters can provide travelersthdthccurateknowledgeto plan their trips.

To obtain such information of a given transportation netvirgkrealtime mannercosteffective
deployment ofraffic sensorplays a key roleSpecifically, corridors or highway segments with
high travel time fluctuations and traffic volumes should be given more emphasis when deciding
to place traffic sensor®eploying sensors on such locations can assist to improve travel time
prediction accuracy. Consequently, travelers can make better detisimpsove their traveling
experience, such asreuting or rescheduling their predefined trips. Since traffiateton any
highway segment is timdependent, the evolution process barconsidereds a stochastic

process. In fact, the stochastic process is highly facility and location specific. Therefore,
appropriate quantification methods should be used to figwirtocations, on which the

deployment of traffic sensors can introduce significant monitoring benefit to the transportation
system. This chapté developedo answer the monitoring benefiglated questions posted in
previous two chapters. Modélstems ofquantifying surveillance benefit of a specific highway

location are proposed and discussed in following sections.

3.1 Variance and Covariance Based Approach

Travel time is a key measurement reflecting traffic conditions of a highway segment or corridor.
For a given corridor, higher travel time usually indicates the occurrence of traffic congestion,
while lower travel time means a relatively smooth traffic condition. Moreover, since travel time is

the most direct metri c iti®morercanmony tcaeptdd apdeusegp | e 6 s t r
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asadynamicmessage to travelers. In addition to travel time, another important traffic condition
metric is average traffic speed. From a system management perspective, both travel time and
traffic speed data can losed to infer the traffic congestion level of a particular highway facility.
However, average traffic speed is not commonly usedesttime message within an Advanced
Traveler Information System (ATIS), although it is convertible with travel time in most scenarios.
I n other words, from user s Oprefeablen plangingande, tr avel
understanding their trips.

Quantfying site-specific sensor deployment benefit by historical travel time variance is a
conventional approach. In existing literature, the objective furetibmanytraffic sensor
location optimization modelsereformulatedwith travel time variance asatbenefit coefficients
(Sherali, Desaiand Rakha 2006; Asudegi and Haghani 20AB)appropriate interpretation for
choosing travel time variance as deployment benefit is that placing sensors on locations with high
travel time fluctuations can timely collect and capture the traffic dynamitsfor offline usage
(e.g, traffic dynamics analysis) and online purposey( notifying users their realme travel
time). Instead, there is no need to place sensors on segments with small travel time variances,
since the traffic states at thosedtions are more likely to be stable. As a consequence, traveling
through such segments are reliable.

Travel time variance of a specific highway segnmehiring a given time horizoH can

be calculated by EquatidB-1).

N

asro F (3-1)

i=1

var(1*) = e§ 1" -7) ¢

Z(=

where,”Y is a random variable representing the travel time of segmétitin time horizonH,
and”Ydenotes the average travel time. The variance of the travel time variable can be empirically
estimated with a given number of historical travekisamples. In the above formul®, "Q

represents thi' travel time sample, and N denotes the total sample size.
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Travel time variance and standard deviation are two measurements indicating the
magnitude of traffic state fluctuation wighunit of second and second, respectively. The
magnitude level of travel time is highly location specific. For example, the travel time variance of
a shorter segment might be higher than that of a longer segment. But this does not necessarily
meanthe traffic in theshorter segment suffers more fluctuations than thahefongeronesince
the average travel time of the shorter segment is much snidlkeemefficientof variation (CV)
is an effective indicator to quantify travel time variability based on the detected samples. CV is
defined as the ratio of the standard deviation to the rf@sais given by Equatiof3-2)) and is

considered a normalized measure of dispersion of a probability distribution.

CV|H = —Vr(T'H) (3-2)

T
where,"Ydenotes the mean travel time of segment | during time horizon Hg &t is the
travel time variance given by Equati@@1). Since CV is a normalized measure of the dispersion
magnitude of a random variable, segments with higher travel time CV are likely to suffer more
travel time fluctuations than segments with lowavel time CV. Therefore, CV can be used as a
reference to rank the travel time monitoring priority of the segments within a given network, in
order to capture the most travel time variations across the entire network.

As is mentioned in previous cheps, placing a sensor at a specific location cannot only
bring monitoring benefits for this locatigtself but can also bring monitoring benefits for other
locations to some exterithis canbe explainedby the existence of traffic pattern correlations
between any two geographically close facilitiesr example, considering a freeway segment is
monitored by a pair of AVI sensors and the travel time information of this segment is obtained in
a reaftime manner, then the travel time information of its wg@str segment can be inferred or
predicted with a high confidence level given there exists a highly correlated travel time pattern
between these two adjacent segmehitss type of additional monitoring benefit should atso

consideredvhen deciding the ssor placement locations, given the objectivimisapture the
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traffic state variance of the entire network maximallpvarianceof historicd travel time data is
the most direct estimator reflecting the spatial traffic state linear relationship betwevoa
highway segments. Pearson correlation coefficient is a normalized indicator and describes the
lineardependeneof two random variables, taking values betwekand +1. For travel time
correlation between segmdrandk, this coefficient cate enpirically calculatecby Equation
(3-3).

N N N

ag m-T" gD I

Cor(T", 1) =1 . _ (3-3)
o NG @

where,”Y and”Y are random variables representing the true travel time value of selganent
segmenk within time horizonH, respectively’Y E and”Y "Qdenote historical travel time
samples of time intervalfrom segment andk, respectivelyN is the size of the travel time

sample pairs collected to estimate the correlation coefficiénand”Y are the sample means,
and, and, are the sample standard deviation$Yofand™Y . As is noted, the Pearson
correlation coefficient can be obtained only if both of the sample standard deviations are finite
and nonzero. Considering travel time on any highway segment is finiteoaaccanstant, the
Pearson correlation coefficient is valid for travel time values between any two segments. Further,
the absolute magnitude of this coefficient (iie£ TY FY ), can be used to evaluate the spatial
monitoring benefit to locatiok resulted from a sensor placement at locdltiginen that location

kis out of travel time surveillancand vice versa.

There is a disadvantage of using Pearson correlation coefficient to quantify the spatial
benefit resulted from sensor deploymérite above correlation coefficient can only indicate the
degree of linear dependence between travel time values of two segments. Specifically, this is a
good metric to evaluate the aforementioned spatial benefit givea linaar formula, i.€’Y

w3JY & T can represerihe travel time relationship of two segmeiitshe underlying
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relationship of spatial travel time follows this formula, the Pearson correlation coefficient can
directly give the magnitude of spatial dependency. Consequentlyigtiner this coefficient is,

the higher the additional monitoring benefit will be if a sensor is deployed at either of those two
locations. Because, with a higher correlation coefficient, the travel time on one segment can be
more accurately predicted hyet travel time on the other segment by using the above linear
formula with estimated parametexrandb. However, the linearity relationship cannot generally
describe the spatial travel time patterns existing in awedt transportation network. Instead

most cases, there exists various nonlinear relationships between travel times values of two
different segments correlated with each other. Therefore, using Pearson correlation coefficient as

the spatial sensor deployment benefit might not always Ik va

3.2 Travel Time Prediction Accuracy Improvement

3.2.1 Travel Time Prediction Necessity

The gneraldefinition of segment travel time at a particular time poimg the duration that a

vehicle spends to get through the segment given the entrance time equdased on this

definition, the travel time of a vehicle detected by AVI traffic sensors can be calculated as the
time difference between the secondedtibn time point and the first detection time point (as is
illustrated byFigure4). In this example, travel time of the vehicle entering at timetoia

0 0. As is noted, no matter how timely the collected travel time data is transmitted to the
central data processing server, there is always a time lag reporting ttimees¢gment travel

time. In other words, with the deployed AVI sens, the segmental travel timalatime 0 is

known at leasto 0 time units later. Therefore, to make the travelers entering at time point

0 understand their expected travel time through the segment, prediction techniques must be used

to predict the travel time at tinte based orthe historical data collected k.
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First detection at timé Seconddetection atime 6
1 (Entrance time) (Departure time)

= .

Travel time when entering at tinp®into: 0 o}

Figure4: lllustration ofSegmenfTravel Time Measurement by AVI Sensors

Reliable travel time prediction technique is of fundamental importance to any Advanced
Traveler Information System (ATIS) or online navigation system. In those systems, it is
necessary to calculate the future travel times of a particular path at differemointsto
recommend the shortest paths to the travelers and assishtpi&anningtheir departure times
Thus, travel time prediction models are required not only for $bort prediction purpose (g,
1-minute and Bminute intervalybut are alsaseful for midterm €.g, 30-minute interval)
prediction applications. Therefore, improving the netwleslel travel time prediction accuracy

should be considered as an important objective to deploy travel time collection sensors.

3.2.2 Travel Time Predictioferror without Reatime Surveillance

The travel time prediction accuracy or error shdagdnvestigatedbllowing a beforeandafter
analysigto figure out the traffic surveillance benéfitterms oftravel time prediction
Specifically, travel timgrediction errors with and without traffic surveillance should be both
known and used to estimate the prediction accuracy improvement.

For a specific roadway segméntithout any traffic surveillance, the travel time during
time periodH on this segmertgan only be predicted based on its historical travel time distribution
of the same periot(g, time of the daythe dayof the week, and peak or nonpeak). This
approach can be deemed as a random guess process, but with probabilistic inferences from the
history. If thereareno historical travel time observations, then this prediction approach turns to
be acompletdy random guess process. In this case, the most rational way is to predict the travel

time by dividing the segment length with the posted sfiggtof this segment.
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Since travel time is affected by many random factors, such as recurrent congestion,
nonrecurring traffic incidents, and weather conditions, it may vary a lot even for the same
location at the same time of the day. If we considemtiean travel time of a particular segment
during a givertime periodas a random variable, then it can be assumed to follow a statistical
distribution. Without any reaime surveillance, the segmental travel time lbampredictedy
using the mean valug the underlying population of the travel time random varialiésis a
rational and conservative method since the expected predictionsamirimized In practice,
since the mean value and the standard deviation of the population of intergbecegmental
travel time of a given period) are both unknown, the populatieancan be assumed to follow a
St u d edistridution Considering there ai¢ historical travel time observatioi¥ "Qfrom

segment during time perioH, aC level confidence band of the mean travel time can be
calculated a8y © i :)M: where’Y is the estimated sample mean, denotes the

estimated sample standard deviation given by Equédidi, andd  ; is the upper—

critical value for the distribution with (N-1) degrees of freedom.

=2

2 1
S’ “N-1

2
a (@) T (34
i=1
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Figure5 graphically demonstrates tkklevel meartravel time confidence band
generatiorwi t h a tSlistibdtiembasédsothe estimatedsample mean and sample
standard deviation. Statisticabpeaking, the mean travel time value of segratyeriodH,
falls in the dashed area with a probability equalinG.t€orrespondingly, at confidence lev@|
the upper boundy; and lower boundy;, of the true travel time can be given by Equatigib)
and(3-6), respectively.

s.H

To =T #ic), ﬁ\T (3-5)
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Figure5: Mean Travel Time Estimation with Historical Observations BasedSindent Distribution

Further, the maximum error of a predicted travel time vafuen can be obtained by
comparing the deviations against its lower and upper bound by Eq(&fipnConsidering the

symmetric property given by the sample mean value, as well as the lower and upper bounds, the
maximum prediction error is minimized with @ Y .
&t =ma{[T" () T |T" (0 %] (37)
Therefore, in case that the travel time of a specific segment is out-tihmeal
surveillarce at a givetime period the historical sample means can be referred to as the predicted

travel time with the minimal expected prediction error equalirigfto “Y (or’Y “Y;).

3.2.3 Travel Time Prediction Error with Retime Surveillance

The main advantage of travel time prediction with-teak surveillance is the introduction of the

travel time information of the most recent time periods. Compared against thaefimedent
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historical mean value based prediction method discussed lastteection, travel time prediction
accuracy for a particular roadway with the knowledge of most recent travel time information can
be significantly improved. In other words, travel time prediction with most recent traffic
information always outperform&é prediction method thét only basean historical
observations far away from the current time pditiis hasbeen provedby existingliteraturein
which variousadvancedlatadrivenbased prediction models, and traffic flow based prediction
modelswere developedrhe success of those models in travel time prediction relies on one basic
assumption that traffic state evolves following some underlying patterns which can be figured out
by historical data. For a given roadway, if there exists a signtficavel time evolution pattern
and this evolution process is known in advance, then thetemortand mieterm future travel
time on this roadway can be accurately predicted with the knowledge of the travel time in past
time intervals. The core targetthousands of existing studies in travel time prediction field was
to estimate and mine the underlying traffic state or travel time evolution pdtignreslictthe
future travel time more accurately. Successful travel time prediction methods in eitistatgre
includeparametric baseshethods €.g, ARIMA model), nonparametric based methodg(
Neural Network), hybrid methods.@, Traffic Dynamic Models), and ensemble methaglg (
Random Forest Model). For a comprehensive view and compalfisionse advanced travel time
prediction methodologies, interested readers are referred to the latest dissenté¢ions of
travel time prediction badabad{2014) andZhang(2015) and the statef-art literature review
by Vlahogianni, Karlaftis, and Golig2014)

There is no definite conclusion which mathematical model is the bestvel tirae
prediction. Each prediction model has its unique strengthsvaakinessince the stochastic
process of travel time evolution is highly facility and environment specific. Thus, for a particular
roadway, the best prediction model can only be saflemtong all the optional models after a
comprehensive evaluation by using the data belonging to this facility. Here, W2 (&

generally denote a prediction model. Given the-tiea travel time information is available (i.e.
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the traffic is inreattime surveillance), the travel time of a specific roadWatya future time
intervalh can be calculated by the preselected prediction model with two types of input data.
They are, historical travel time information and rxae travel time information. Historical
travel time data is indispensable for the future prediction, since itdsto®stimate the
parameters and structure of the prediction model. After the prediction model is all siteeal
travel time information is input to the model and the future value of interest can be calculated.
This procedure applies to all kinds aditel time prediction models, and can be represented by the
following Equation(3-8).
T = (T T (39)

where,”Y "Q is the predicted travel time on segmkat time intervah. “YPand"YPare the real
time and historical travelrtie information as inputs of the prediction model. Here, the superscript
H is a time or environment classifier, representing category information such as time of the day,
day of week and a specific weather condition. This classifier might be omittedpifeitiietion
model is uniquely selected and estimated with the overall historical data without classification.
However, even for the same location, the travel time evolution pattern might change in different
conditions. This is intrinsically determinedbyé change of travelersd behayv
traffic or weather conditions. Therefore, developing tthe@endent or environmedependent
prediction models is desirable since it can capture the traffic patterns in a higher resolution.

Similarly, futuretravel time on a segmehtan also be predicted by using the +tiake
travel time information from another segmé&ngiven thereexisttravel time correlations between

these two segmentiquation(3-9) can describe this spatial based prediction process
T (=TT T (3-10)

where,"YPand"YPdenote the historical travel time observed on segimmmik, respectively.

These two sets of historical data are used to estimate the spatial travel time prediction model
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"0: D with the realtime data strearfiYfrom segment k as input and the predicted travel time
value”Yy "Q on segmenitas outptt It is noted that this type of spatial traffic prediction approach
is useful only if there exists an underlying pattern between the traffic information of two different
segments (e.g. upstream segment vs downstream segment).

Consequently, the absoluteegiction errors by those two types of riate surveillance
(i.e. direct surveillance and indirect surveillance) based prediction approaches can be calculated

by Equationg3-11) and(3-12).
&(h) =[T(h -T(h) (311
&, (M =[T, () -T(H) (312

where,”Y "Q is the true value of the travel time on segnmeittime indexh.

It shouldbe notedhat true value of the travel time can only be known after the data of
that time index habeen collectedTherefore, the future forecast erréragparticular model can
only be evaluated and statistically given based on the historical prediction performanee. Root
meansquare error (RMSE) and meahsolutepercentage error (MAPE) are two statistical
measures widely used to evaluate the predicticnracy of a forecasting modélhe formulas
for calculating RMSE and MAPE are given by Equaii@i13) and(3-14).

N

RMSE= ah:l—ez(h) (3-13)
N
_1.% eh)
WAPEEN A T (&1

where,- "Q is the absolute prediction error at time intefdvalvhich is given by Equatio(8-11)
or (3-12), andN is thetotal number of individual predictions used to test the overall prediction
performance’Y Q denotes the ground truth value of the travel time at time ihdag can be

collected after the time index passed by. RMSE is also known amsasisquare dewtion
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(RMSD), which measures the average prediction deviation from the ground truth with unit
equaling to the target prediction variable. MAPE is also known as-aiesoiutepercentage

deviation (MAPE), which expresses the prediction accuracy as a pgeeatae. Statistically
speaking, for a specific prediction model, the higher the RMSE and MAPE values are, the lower
prediction accuracy the model has. Thus, RMSE and MAPE calculated based on historical travel
time dataset from a particular location wéttspecific forecast model can be used as estimators for

the expected prediction performance of future scenarios by applying this model at this location.

3.2.4 Surveillance Benefit Based on Travel Time Prediction Error Reduction

Traffic surveillance benefin terms oftravel time prediction cabe calculateas the difference
of travel time prediction error with surveillance and the prediction error without surveillance.
Mathematically, the prediction error based temporal and spatial traffic surveillance bearefits

be expressely the following Equation§3-15) and(3-16), respectively.
B =¢"" - & (3-15)

E3<H,| = ekH,l'+ - LE’ _ (3-16)

where- " and- h represent the expected travel time prediction error for sedriretime

horizonH on condition that is with realtime surveillance and without retime surveillance,
h
h

respectively: ' denotes the expected spatial travel time prediction error for segjimensing

the realtime information from segmefit and- F]ﬁ denotes the expected travel time prediction

error on condition that its travel time can only be predicted by the random guess approach. The
surveillance benefit derived above can be explained as the travel time prediction error reduction.
The concept is similar with the befeaadafter analysis. The decision of whether deploying a
reaktime surveillance system of a particular roadway highly depends on the impact of the
deployment. Here, the deployment impact is calculated the as thetipredicor reduction. The

higher the prediction error is reduced, the more preferable the deployment is.
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In terms oftraffic information prediction, it is irrational to make the netwiekel traffic
sensor deployment decisions without the considerafitimeqprediction errors for those segments
which are without surveillance. In existitrigffic sensor location optimization studiegh the
objective of minimizing total travel time estimation or prediction error, many studies ignored this
consideration.Instead, they simply set their goals as minimizing the total prediction errors for
locations with sensor deployédianfar and Edar2010; X. Li and Ouyang 2012} his canbe
further illustratedoy the example demonstratedrigure6. For two highway segments, labeled
as Sedl and Seg, the tavel time prediction errors with reine data stream available are 7%
and 10% respectively expressed as MAPE, and 30 seconds and 50 seconds respectively expressed
as RMSEIf we consider to deploy a retime surveillance system on either of these twprsnt
and set the objective as minimizing the total-téak prediction error, the most suitable location
is Segl, since the redime prediction error on Se®jis largerln fact, if we set the objective as
maximizing the total prediction error reductjdhe preferabléocation is Seg because the
networklevel MAPE and RMSE can be reduced by 50% and 100 secondstifmeal
surveillancds providedfor Seg2. Thiscan alsde understooftom another perspective. In most
scenarios, the redéime travel time prediction errors in different segments are all relatively small.
In other words, the prediction errors are not significantly differet, 7% vs. 10%). However,
the prediction erns (by random guess) varies afiot segments that are all without rehe
surveillance €.g, 60%vs. 40%). This large variatiois determinedy the significant difference
in the traffic fluctuation levels across different segments. For exathglgaveltime of a
bottleneck segment is not easily predicted simply by using its historical mean value, since the
historical variance is high. While, for a segment with small traffic demand all times, the future
travel time can be easily predicted even withr@attime surveillance. Therefore, considering the
deployment benefit as maximizing the prediction error reduction instead of minimiziftgmeal

error is saying to place the surveillance system at locations where it is truly needed.
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Figure6: lllustrative Examples of Travel Time Pretian Error Reduction: (a) MAPE &ed Error Reduction; (b)
RMSE Based Error Reduction

Moreover, different from the existing studiegth respect tdraffic sensor location

optimization, the spatial travel time prediction eligoadditionally considereiah this research.

Thisis because the traffic on highway segments belonging to a regional network

completely independent of each other. Hermoenpared against the traffic prediction

performance by

advantage

improvement of a partidar segment without sensor deployment decision does not necessarily

simply referri

ng

t

o

stay zero, considering its spatiattgrrelated segments are under surveillance.

3.3

oneods

dirhe traffic mrmétisn migkt bd better. In other words, the benefit

EntropyBasedModel to Quantify Traffic Condition Prediction Uncertainty

3.3.1

A stochastic system is the one in which the value of paramgtersystem states)

Background andintroduction

measurement®r disturbances are evolvimgth uncertainty. In common, the state or

measurement of a particular stochastic system is evolving with time and realized bsseeon

random probabilities or patterns that can be analyzed statistically but midie padicted

precisely. Based on the fundamental study in stochastic mechanics giMefsbg(1985) any

system or process claimedat least partially stochastic if this systenpoocess must be

analyzed using probability theory.
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Studying and modeling the uncertainty of a specific system is an active research area in
multiple disciplines, including science, economisdengineering. For exampléjung and Ma
(2009)systematically analyzed the uncertainties involved iditeycle impact assessment
proceduresind investigated the uncertainty of environmental performance for individual impact
categories, such as global warming, human heatthecotoxicity. Variations of human
behavioral principles, such as regret and cognitive dissonance, can largely determine the
efficiency of a particular financial system. Consequently, the financial system might evolve and
perform with various efficiency uectainty(Shiller 1999) Specifially, many detailed factors
affecting the uncertain measurement of a stock mar&et investigatetly the work ofVeronesi
(1999, andConnolly, Stivers, and SUR005) Examples inheengineerindield are such as,
system identification with parameter estimation or model updéfingwell and Mottershead
1995) measurement system configuration considering system unce(Rapgdimitriou, Beck,
and Au 2000; Robetftlicoud, Raphael, and Smith 200&hd prediction of infrastructure syste
parameter uncertainfzhang 2015)

In the field of transportation system information prediction, great efforts have been made
in past decades. Researchers have designed and applied a lot of effective moddis for traf
information prediction, such as traditional statistical mettBilse and Van Zwet 2004; Fei, Lu,
and Liu 2011) simulationbasd method¢BenAkiva et al. 1998; Hu et al. 20LJupport vetor
machinegWu, Ho, and Lee 2004; CastiNeto et al. 2009)and various neat network models
(Smith and Demetsky 199Zheng, Lee, and Shi 2006; Lv et al. 2018)e common objective of
such advanced models is to accurately predict a point value for a particular traffic state variable
such as travel time and traffic flow. As is pointed out by a comprehensive lieeratiew by
Vlahogianni, Karlaftis, and Golig2014) traffic condition is a complex phenomenon and is often
affected by many exogenous factors such as unexpected traffic incidents arduroent

abnormal weather conditions. Therefore, traffic condition prediction is associated with different
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levels of uncertainties due to the stochastic nature of the transportation system. There are still
limited studies focusing on the uncertainty of such predictions in terms of traffic state prediction.
In existing studies of traffic prediction uncertainty modellinggdiction interval (P1) is
adopted as an uncertainty measurement and aims to provide more information describing the
uncertainty associated with point predictions. For exaniiesravi et al(2011)proposed
several approaches to estimatetthgel timeprediction intervaldbased on neural network model.
In terms of neural network based travel time predicttmmg and Zhan{f013)developed an
ensemblébased method to estimate the prediction bands under different initial conditions.
Bayesian based models are applied as well to provide such predictionalsthre to the
probabilistic properties of Bayes inferer{gan Hinsbergen, Van Lint, and Van Zuylen 2009; Fei,
Lu, and Liu 2011)From the perspective of statistical volatiJiBhang, Haghani, and Zeng
(2015)developed a component GARCH model to provide travel time series uncertainty dynamics
accounting for seasonal patterns. All the above efforts aim to provide confidence bands for traffic
state predictions based a specific prediction model. The common assumption is that prediction
model should be specified in advance. In other words, the aforementioned prediction interval is
very model dependerftrom the systematic perspective, traffiate prediction uncertainty of a
given highway system istrinsically determined by two factors, i.systenstochasticityevel
and effectiveness of the measurement space. To better understand the system state prediction
uncertainty, one should jointonsider these two points and more systematically evaluate the
underlying prediction uncertainty.
In fact, most of the systems with multiple states evolution progessality,canbe
classifiedas a stochastic system or at least a partial stochgstensThisis intrinsicalbecause
the operation of a system may be affected by many internal and external random factors.
Specifically, the system state may not be evolving deterministically due to nondeterministic
impacts, such as random noise and external forces. From the emastaspect, the measurable

variables of a particular system cannot be guaranteedawdrdree Moreover, nonrecurring
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and random events might introdumeunexpectedlisturbance to the system. As a consequence,
the system evolution process is prood¢ uncertain, and cannot be estimated and predicted
precisely. An obvious example is the traffic condition evolution process of a specific
transportation system, given random and nonrecurring traffic incidegtsaccidents and road
maintenance opetiahs) and recurring <O demand pattern but with random fluctuations. Those
random factors make the traffic condition evolve with uncertainty. More specifically, both
estimation and prediction of the traffic conditiand, travel time and congestion leyelannot be
guaranteed error free. In general, the more uncertain the system evolution process is, the more

difficult the system status can be predicted (accurately).

3.3.2 System State Uncertainty

A better approach to measure and quantify the uncertaintyapidam variable is the entropy as
defined byShannon and Weavét949) Theentropyused to quantify the occurrence uncettain
(or predictability), of a specific eventhis definedas Equatior{3-17).

H) = gp( W 103, (p( W (1+ p(-vlog, (@ p( W (3-17)
wherer]1 denotes the happening probability of state (or eventtonsequentlyp N1
represents the probability that tigstem is not in state. The basic goal of Shannon entropy is
to quantitatively evaluate the occurrence uncertainty of a single event or a list of events. As is
demonstrated ifigure7, for a specific event, when the occurrence probability is equal to the
nonoccurrence probability (i.e. 0.5), the entropy has the maximum value. Instead, if the
probability is equal to one or zero, the entropy is Zerother words, if the occurrence
probability of an event is 0.5, it indicates people have zero knowledge on whether this event will
happen. Consequently, the uncertainty is largest. On the other hand, if the probability is one or
zero, people can conclean the occurrence of the event without any uncertainty. As a result, the

uncertainty is smallest (i,ezero).
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In generalfor a particular systerwith discrete state variable evolving in a stochastic

process, the entropy of the system state is defined as Eq(&fi6n
N ”
HW) = & p(w 169,[ p( W (3-18)
i=1

wherer]]1 is the probability that the system state is andN denotes the totalumber of
possible statuses in which could be. To calculate the state entropy of a given system, all the
possible states should be taken into account§i.e.n p). As is calculated by the above
formula, the entropy takes the maximum valldeewthe occurrence probability for each state is
equal (i.eb ) b 5 for anyi andj). In this situation, people have zero knowledge on the
estimation of the current system status without any measurement, or prediction of the system
status in next intervalConsequently, the estimation or prediction uncertainty is largest in such
scenario. In other cases, the higher the heterogeneity of the system state status distribution is, the
smaller the entropy is. Because higher heterogeneity of the state proluiftitibution indicates
a more significant likelihood across the state space.

Moreover, entropy is also applicable to quantify the system state uncertainty with
continuous state space. For a given random variable taking values from a continuous space, the

entropy can alsbe derivedy using the same concept as in Equaf8h9).
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HW = (W 169, p( Hd (3-19)

wheren 1 represents the probability density of As is shown, Equatiof8-19) is the

continuous form of Equatiof8-18). However, there might not be a clodedm formula to

calculate he above integration with respect to the given probability density function. Lots of
studies had been done in terms of calculating the entropy of continuous random variable, but this
is out of the scope of this research. Interested readers can referkhgRonyi (1961) Ahmad

and Lin(1976) andBeirlant et al(1997)

3.3.3 Temporal System State Prediction Uncertainty

For a stochastic systeihjs possible to predict (or estimai& future (or currentstatusbased on
a set of measuremeritem the systemusing recently chected travel time series to predict
future travel time on a given roadway is an example of the temporal transportation system state
prediction. However, since both internal and external factors may randomly int@duce
disturbanceo the system, it is pctically impossible to predict the state variables of a system
precisely.Ontheone handdevelopinganadvancednodel to improve prediction accuracy is
important. On the other hand, realizing and studying the prediction uncertainty from a general
perspetive is also of fundamental significandecause the state evolution uncertainty is system
specific.For the system with very small state evolution uncertainty, it is usually not necessary
and costeffective to investigate and develop more advanced igabsin terms ofthe system
status monitoring and prediction. Instead, for those systems with high state evolution uncertainty,
people should consideevotingmore efforts in finding and developing effective surveillance
approaches. Hence, we develope@matropybasednodel to estimate and quantify the system
state prediction uncertainty.

We define the temporal system state prediction as the process in which temporal

measurements from the system itself are collected and used to predict the futurestatatem
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Without loss of generality, assume the state of a target monitoring system takes value from set

m 1 h h BhH with N types of statuses, and the measurement from this system

through a specific surveillance approach has possible values belonging to set

® R B iy . Inreality, the system state will be uniquely estimated or predicted given a
specific mathematad model with a particular measurement. However, the predicted value might
not be always equal to the true value of the internal state due to some random factors mentioned
before. Statistically speaking, the more likely the prediction is precise, the biglkctability

the system status is by applying the prediction model. Based on probability theory, the probability
of the system state will be given the measurementds can be expressed by the conditional
probabilityr)] s . We propose #hfollowing conditional probability matrix to map and

investigate the predictability on state status of systgiven measurements from the surveillance

system.
é pll plZ pl3 ce pl\l
o SO R Pa
R=ep; P, P Py (3-20)
x . . :
ol

Eur Puz Pus - R
where,n N1 S , and represents the probability that the true system statagigen the
measurement from the surveillance syste iBy applying Shannon entropy introduced in

previous section, the uncertainty (or unpredictability) of the system state status based on a
particular measuremedt can be obtained as the entropy conditioningxgmwhich is expressed
by Equation(3-21).
HI X 1= B, 106,(-) (321
i ji
This conditional entropy quantifies the unpredictability of the system state based on a unique

measurement, which is used to estimate the true system state. Zero conditional entropy indicates
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the system stateanalwaysbe precisely predictednderthe conditionthe measurement . The
larger the conditional entropy is, the higher uncertainty the prediction will be considering

measuremerd .

Further, given the system is under measurement, the exgysteth state prediction
entropy carbe deriveddy incorporating the probability.€., occurrence frequency) of each
possible measurement, as shown in EqudBe2P).

i) (3-22

H, (MX)=& # &p; log,(

j i P;
where,” denotes the probability that measuretrie . This can also be interpreted as the fong
term occurrence frequency @f in the surveillance system. Integrating all possible measurement

states and system states, the entropy given by EqyatR#) yields the expected uncertainty on
system state prediction given the system is undetirealsurveillance and the measurements
from the surveillance system is used to conduct the prediction.

In cortrast, prediction of theystemstate without any redime measurement can only be
made based on the historical distribution of the state status. In practice, the system of interest
without realtime measurement cdoe interpreteds there is no redime surveillance system
measuring and providing usef u-timeiopefatmm. mat i on
Consequently, people have zero knowledigéne current status of the system. Prediction
uncertainty on the system state withouttgak measurement should be derived based on the
historical state distribution 5 n1 M1 M1 MM h, considering this is the
only knowledge regarding ttsystem of interest. Hence, the system state prediction uncertainty
without realtime system surveillance is calculated by Equat®h8). Further, the state
prediction uncertainty reduction of a specific systeran be obtained as the difference of the

prediction entropies with and without réahe measurements, as is expressed in Equéiana).

aH =H, (w|X) -H (w (3-23)
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This entropybasedndex can be used to quantify and evaluate the surveillance benefit of any
stochastic systeito estimate or predict the retiine state of the syster8pecifically, the more

the entropy is reduced, the higher benefit the surveillance system can briead Ihswver

entropy reduction indicates there will not be a significant improvement on the state prediction
given a surveillance systeisiinstalled There are two possibilities for insignificant entropy
reduction even after the introduction of a riale surveillance system. One situation is that the
system state is extremely stable, then there is no ndedéan additionakurveillance system.
The other situation is that the system state is extremely stochastic, as a result, diran real

surveillane is not capablef improvingthe prediction performance.

3.3.4 Spatial System State Prediction Uncertainty

For a specific stochastic systénits system state might be inferred based on the measurements or
states of othesissociated systems. We define thaesyisstate prediction process based on
external inference from other parallel or correlated systems as the spatial state prediction.
Different from the temporal system state prediction, in which the prediction is made only based
on the measurements from testem itself, spatial state prediction depends on the measurements
from other systems associated with the target system. Spatial system state prediction is useful in
some realvorld applications. For examplhetraveltime of the upstream freeway segrhean
be estimated based on the travel time data collected in the downstream segment. Another example
is the wind speed information at a specific location can be predicted based on the wind
parameters measured at a set of weather stations around thétatjen.

Similarly, spatial measuremestate probability mapping matrix  can be estimated

and generated as below.
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where,| represents the target system, the state of which is being predictéd:epnesents
another spatiatorrelated system, the measurements or states floom\are used to predict the
state ofl. N andK denotethe total number of different statelas, and the total number of
different measurements can be obtained fkprespectively. In the spatial measurerstiate
probability mapping matrix) is the probability that the system statd ind on condition that

the measurement from systéris @ . Mathematicallyp /71 1 s @ .

Therefore, the state prediction uncertainty of sydtgimen an associated systéis

being measurefbr monitored) can be derivécdbm Equation(3-25).

K N
o .. 1

Ho (WX)=& g an; Iogz(—IO ) (3-25)
j=L it ji

where] denotes the state variable of systeandX represents the measurement variable from

systenk. fj is the measuremestate transition probability i ;, as shown in Equatiof3-24).

“ is the longterm probability (i.e. occurrence frequency) of fAieneasurement frork The
entropy calculated by Egtion(3-25) quantitatively describes the state prediction (or estimation)
uncertainty based on the measurement from an external system as prediction input.

Hence, the prediction uncertainty reduction dby taking into account of external
measurements that are spatially correlated with the target prediction variable can be obtained as
Equation(3-26).

aH =H (wX) -H (W (3-26)

In the above notations, we use indeo denote the external system with associated

measurements available for predicting the system statélofvever, this does not strictly mean
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the measurement muse¢ takerfrom a single external system. In other d&k may also
represent a set of multiple systems tnat correlatedvith I. In this case, the measurement vector

@ is the combination multiple measurements from all the spatimélated systems. This is

highly application specific.

3.4  Applicationto ReaktimeTravel Time Surveillance and Prediction

3.4.1 Introduction

In this section, we applieti¢ proposed uncertainty estimation modehttransportatiorsystem

to studyand demonstratine impact of realime surveillance otravel timeprediction

performanceA transportation network cdre considereds a stochastic system with

stochastically evolving traffic states distributed at different locations of the network. Further, each
link or segment of the network cle viewedas a subsystem with dgmic and stochastic traffic
parameters. Here, we retertraffic parameteas a random variable representirayel time of a
particular highway corridoiGiven the existence of various factoesy( adverse weather, traffic
accident, and stochastic tiiafdemand), which stochastically happen and affect the transportation
system{travel timeusually evolvein a stochastic process and caraiotays bepredicted

precisely. Due to the existence of tempeayadtial traffic state patterns within the network,
monitoring and collecting redime travel time informations of fundamental importance to
predictng both shorterm and mietermroute travel timeTherefore, installing redglme

surveillance systere(g, traffic sensor) for the highway system is essary for the development

of a realtime traffic information provision system.g, Advanced Traveler Information System).

34,2 State Space Definition

For a highway segmerthe evolutionof travel time carbe modeleds a dynamic process. For a
given time vindow U , travel time series is represented by a discrete state Véctor

whd B ho . The temporal distance of two state ve€iand"Yis defined a8  $Q
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Q The one temporally measured later than the other one is called as the future state vector in
terms of the former state vector with step distance eq€al to

Further, to comprehensively describe the travel time pattern of a segment, we define a
threecomponent) 0 QYT Q@& & vector indicating the pattern of a given state vector
"Y. The characteristic vector consists of three different componetitatquantitatively
describes the travel time pattern of a given state veéctdihey are, the magnitude level, trend,
and variation of the travel time in a specific time window. Each characteristic indicator is

calculated based on the state ve8tas below.

1 i+M
k=i
i+M
Trend = > (X — %) (3-1-28)
k=i+1
1 i+M 5
Vay = Variancg § = - I; X— Mag (3-1-29

We proposed the above characteristic vector consisting of three statistic estimators
comprehensively describe thavel time pattern on a segment for a given period from time stamp
‘@0 "Q 0. The firstindex) ¢XQindicates the average travel time on the segment for the period.
The second indeXYi Qé&describes whether the travel time exhibits a descritparyl,an
increasig rend or a stable trend. The trend index greater than O indicates the travel time exhibits
an increasing pattern, and less than 0 indicates the travel time exhibits a decreasindrpattern.
some cases with trend index equal to 0, the last parat@becan be used to evaluate the travel
time stability. Specifically, when the travel time is fairly stable (@gnight),c @ tends to be
zero. Otherwisep ® tends to be largeand indicates the travel time of the segment in péflod
has high variation. Empirically speaking, in the cases whénis large, the future travel time is
more difficult to predict. On the contrary, wheni is small for travel time seriesgasured

recently, future travel time can be easier to predict basédd@f and”Yi Q¢
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Therefore, in the application of this study, we use the abovet¢braponent vector to
represent the travel time state of a particular highway segmenn wigi-lengthtime window.
For a highway segment with rei@ine surveillance by travel time detection sensors, the state
vector is known for any past time periods. In saclse, uncertainty on future travel time pattern
can be estimated based on thepmsed entroppased uncertainty model. Similarly, with real
time travel time seriethatis measured and ses/as inputthe datadriven based prediction

model can be used to forecast the future travel time series.

3.4.3 Numerical Experiments

3.4.3.1 Preliminaries an®bjectiveDescription
This section utilizes reatorld travel time data from a highway network to demonstrate the
proposed uncertainty estimation model.msntionedbefore the performancef travel time
prediction is highly location specific. To provide a comprehensive view on travel time prediction
performance at different locations, we adopted a facgde highway network for the study. The
case study network is Washington DEaltimore commuting network consisting both major
arterial and freeway corridors. As is showrFigure8, the network containsg&directional
highway segments

Threemonthtravel time datdi.e., May 2016 to July 2006provided by INRIXis used to
conduct the case studiWRIX makes use of a common industry convention known as Traffic
Message Channel location code (TMC) to report travel time and travel spaaahtte freeway
and major arterial roadfNRIX n.d.). In the study network, each netik segment consists of
multiple TMC segments. We firstly usedacktrackng algorithm to concatenate the TMCs
travel times to obtain the true experienced travel time for each corridor sggmghang,

Hamedi, and Haghani 2015)
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Figure8: Case Study Network: (a) Map View of the Target Netwark, Commuting Network between Washington
D.C. and Baltimore); (b) Extracted and Abstracted Network.

In this study, we do not focus on seeking a perfectdiaan prediction model that
works for a single corridor segment. There guée a numbeiof advancerediction modelshat
have been applied to travel time prediction, such as ARIMA models, Neural Network Models and
deep learning modelg.(g, random forest model). In existing studies, people have paid lots of
attentionto compare and evaluate those migdvithdata from the same locatiolh hasbeen
shownthat for the samdatasethe prediction performances by different models are similar if the
model parameterare carefullycalibrated However, the questioof how datased can affect the
prediction performance has nwten answereo well.

In the following numerical experimentae will focus oninvestigating the dispersion of
travel time prediction performance by a particular prediction model at various locations|land w
empirically demonstrate that the prediction performance is very location dependent. Specifically,
an advanced dat@riven prediction model cannot always be perfect for every highway corridor

and sometimes might fail.
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Further we will demonstrate howotevaluate the travel time prediction uncertainty with
the proposed stochasticity estimation model. And we will illustrate the prediction uncertainty
under reatime measurements and without reale measurementBinally, by compartively
evaluaing the prediction performance and uncertainty index on each highway segment, we will
provide insightsnto the relationship between the prediction error reduction and the uncertainty
reductiongiventhe availability ofrealtime surveillance.
3.4.3.2 Travel Time Predictin Error Evaluation
For a highway segment with some historical travel time data, one can develop a prediction model
for reakttime prediction purposé&pecifically, parameters of the modamile trainedvith the
historical data and future travel time wik estimatedvith reattime data feeds as input. Ideally,

a perfect prediction model is the one that has zero prediction error. However, perfect travel time
prediction cannot happen @realworld transportation system due to many stochastic factors. On
theother hand, prediction performance is supposed to be different at different locations even
whenthe same prediction model used The argument is that travel time variation of a particular
highwayis intrinsically determinetdy many factorssuch asincertainty levebf nonrecurrent

traffic eventge.q, traffic accident) angredictabilityof recurrent traffic events(g, time-
dependentommuting traffic volume).

Based on a preliminary statistical analysiayel time variation in a particulargmaent
differs in different time periodg his canbe illustratecby the CV analysis of the entire network
displayed inFigure9. Moreover different highway locations exhibit different travel time
variations for the same time of the day. Since different locaéighibit differert variation
patterrs, it is necesary to fita specific prediction model for each segmaewith the historica

travel time datdrom itself.
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Figure9: Spatial Distributions of Travel Time Coefficient of Variations in the Study Network: (a) Weekday Morning
Peak Period; (b) Weekday Afternoon Peak Period; (c) Weekend Mornind®@eal; (d) Weekend Afternoon Peak
Period.

For datadriven based prediction, random forest (RF) has been empirically proved to have
satisfactory prediction robustness and accufs#cyhang and Haghani 2015)jo evaluate and
investigate travel time prediction performance for each network segment, we adopted RF as the
prediction model. The reason R¥selectedor benchmark study is that RF Haigh robustness
with respect taifferent travel timalataset. More concretely, the boosting and bagging schemes

enable oné¢o build upquickly a suitable RF witla satisfactoryprediction based on the training
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datasetHence, for each network segment, a specific RF can be estimatedlang tith data
collected fromthe samelocation for temporal prediction test. Moreover, for spatial information
based prediction, associated travel time data from different locations can be jointly used to
estimate a suitable RF model.

As we have mentiad above, the main focus hered®valuate the travel time prediction
performance at different locations comparativ&élyen though we adopted RF as the basic
prediction framework ithefollowing analysis, one can pick another type of statisficedidion.
Comparison of the prediction performance by different models is out of the scope of this research.

Figurel0, FigurellandFigurel2 display the distribution afavel time prediction
accuracy improvemeffior overall segments with retime informationthatis measured and input
to the RF prediction moddHere we assuntbe memorystoring the realtime data is 30 minutes,
i.e., the model uses threcent 3éminute data as prediction input, and aims to predict travel time
in future 20 minutesin each figure, the upper plshows the prediction error reduction with
reaktime temporal informatin served as forecast input, and the lower plot shows the prediction
error reduction with redime spatial information served as forecast input. Here, spatial
informationbased realime prediction of a specific segment means using theirealtravel
time data from either downstream or upstream segment for prediction.

With the focus on the impact of reiine travel time information on prediction
performance improvement, we numerically compared thetimalprediction errors against the
historical aerage based predicti@mrorsand obtained the expected error reduction for each
segment during different periods waldifferenttype of realtime information (.e., temporal or
spatial information). As is noted in the distribution plots, theistcases that the error reduction
is less than OThisimplies the reatime information based prediction does not improve the

prediction performance compt tousing historical average data.
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Figure10: Reattime Information Based Travel Time Prediction MAE Reduction Distributions Across Different
Locations at Various Time Periods.
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Figure1ll Reattime Information Based Travel Time Prediction RMSE Reduction Distributions Across Different
Locations at Various Time Periods.
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Figure12 Reattime Information Based Travel Time Prediction MAPE Reduction Distributions Across Different
Locations at Various Time Periods.
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Comparison of prediction performance at differenatans with reatime data as input
provides several implications:

1 Temporalinformationbasedoredictions are more effective than spatial information
based predictiong.his canbe inroducedby the cumulative distribution functien(CDF)
describing error reductiongith respect tdemporal data based predictions and spatial
data based predictions. More specifically, over @% e gment sd travel ti me
can be further improved i€mporal reatime datais provided and thapercentage is
only around 60% 0% when spatial redime datais servedas input.

1 Travel time prediction error reductioase more significant durinigne AM peak aml PM
peak periods thaduring themid-day period. In other words, the travel time errasduh
on historical average prediction is not significantly larger than that based dimeal

prediction since the travel time fluctuatianriot high inthe mid-day periods.

Comparisons of the three error measurememsNMAE, RMSE, and MAPE) based on
the travel time predictions for all the study segments are displayeédurel3to Figurel5. All
these three error measurements can be used to quantify the prediction performance. But they
provide different perspectiveSpecifically, MAE provides an intitive view on the average
dispersion of the prediction from the true value, and MAPE describes this average dispersion
from a relative perspectivRMSE evaluates the prediction robustness.

As is shown irFigure13, RMSE and MAPE yielded from travel time prediction at the
same location approximately\ea linear relationship. But a lower MAPE does not necessarily
indicatea lower RMSEA similar relatonshipcan be observeldetween MAE and RMSES
well. The monotonous positive relationship between MAE and MAPE is more significant,
especially for predictions based on temporal informatiosummary, the three error measures
sometimes are in high agreemhéor predictions at some locations. But there are still lots of cases

in whichtheydo not agree with each otherdescribehe prediction performanc&herefore, to
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comprehensively evaluate the performaata particular prediction case, it is risky to ignore one

of the three error measurements.
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Figure13: Empirical Relationship Between Travel Time Prediction RMSE and MAPE: (ajtRealTemporal
Information Based Predion, (b) Realtime Spatial Information Based Prediction.

74



MAE V.S. MAPE

0251
* Al Day Period
<I" AM Peak Period
[> PM Peak Period
021 | O MidDay Period

MAPE

MAPE

0.4

0.35

MAE V.S. MAPE

> D

<

* Al Day Period

<l AM Peak Period
[> PM Peak Period
O Mid Day Period

0 Il Il 1 1 Il Il J Il Il ]
0 0.01 002 003 004 005 006 007 0.06 0.08 0.1 0.12
MAE MAE
(@ (b)
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3.4.3.3 Travel Time Prediction Uncertainty Evaluation

We applied the@bovedefinedtravel time characteristic vector to evaluate the travel time
prediction uncertainty with/without reéime input data. The characteristic vector consists of
three componentsge., magnitude parameter, trend parameter, and variation parameterwe
name the threeomponent characteristic vectorthe statevector.For a given time windowe(g,
30 minutes), travel time series of a specific segmenbearalculatedby the formulas given in
section 3.4.2Different highway segments have different ldrgytwhich determine the average
travel time from different locations are different. Therefore|imgarly normalize the travel time
data of each segmelny using thestandard score based method:

. w ‘H
w _—

”

where,' Hind,, are the sample meamd sample standard deviation of the travel time data for a
particular segmenty is the measured travel time value @nd is the normalized travel time
value.

Each piece of tneel time series corresponds to threal values determiningspeific
statevector. Travel time is a continuous variable. Thus thereaaiiafinite amount of different
realizations of the state vector defined in this study. Henceess to classify the state vector
into several representative clastesse the proposed state uncertainty estimation motieteis
a tradeoff between the class number and the model vitality. State classification with very few
classes may not fully represent the travel time pat@nrihe one handclassifying travel time
states into too many classes will decreasssample size for each particular state given a fixed
dataset. On the other hand, empirical travel time data always contains noises. Higher
classification resolution may cause the classificaiidme proneto dassification errarBy
preliminary analysis with travel time data used in this study, we classify the travel time
magnitude level into five classes, the trend parameter into five classes and the variation parameter

into three classe§able3-Tableb).
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Table3: Travel TimeMagnitudeClassification.

Classification Interval Implication
(-inf, 0) Normal Traffic
(0,1) Levell Congestion
1,2) Level2 Congestion
(2,3) Level3 Congestion
(3,inf) Level4 Congestion

Table4: Travel Time TrendClassification.

Classification Interval Implication
(-inf, -1.5) Significant Decreasing
(-1.5, 0.5) Moderate Decreasing
(0.5, 0.5) Unchanged
(0.5, 1.5) Moderate Increasing
(1.5, inf) Significant Increasing

Table5: Travel Time Reliability Classification.

Classification Interval Implication
h8 Stable Travel Time
8 hs Moderate Unreliable Travel Time
8 i 17H Significant Unreliable Travelime

Based on the data normalization methbd)Q p indicates the magnitude of the travel
time series in the given time window is equal to the entire sample mean (i.e. historical average
travel time). As one may note in the above classification paranagler tve consider the
magnitude levelsf travel timeseriedess than the historical meanthe same clas3his is
because travel time distributions on most freeway or arterial segments in the study area are
commonly highly leftskewed (i.e. historical mean travel time is close to{itew travel time). In
suchacase, travel times less than the historical mean value are all considered in one class and
imply the traffic condition is good=or abnormal travel time values that amgnificantly higher
than the mean travel timeneshouldpay more attentiorand distinguish them with different
classes, since thémply severe traffic congestions with different congestion levels.

With the proposed travel time state classification, thieopy estimation model was

applied to evaluate reéime informationbased prediction uncertainty for each segment in the
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study networkFigure16 andFigure17 display two evaluation results obtainiedm the temporal
informationbased uncertainty estimation model for two arterial segmiesntsegment 0706 and
segment 0605. Heat maps in each figure visualize the state transition probability magixes at
differenttime of the dayThe first number above the colored matrix denotes the travel time state
uncertainty without specifying the rei@ine measurement (unconditional based state distribution
entropy), andheseconchumber above the matrix denotes the travel time state uncertainty given
the realtime measurement is specified (conditional based state distribution entropy).

As is shown in the result#)e conditional state uncertainty representing thetnea!
prediction uncertainty is always lower than the unconditional state uncertainty representing the
historical distribution based inference. For both segments, the aintgreduction duringhe
AM peak periodsvith knowledge othe realtime temporal travel time information is very
significant {.e., from 1.99 to 1.04 for segment 0706, and from 2.22 to 1.13 for segment 0605).
Another interesting finding is that the stadrediction uncertainties for both segments duitieg
AM peak period are commonly larger than that duthmid-day andhe PM peak periodsT his
implies the travel time on these two segments is much harder to pretiieil peak periods
than thatm the other time periods. For example, the state prediction uncertainty on segment 0706
without realtime information duringhe mid-day period is only 0.7 while this value is 1.04 for

prediction based otmereaktime information.
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Figure16: Travel Time Prediction Uncertainty Comparison Without/With Remé Temporal Information for
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Segment 0605 at Different Periods.
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Further,Figure18, Figurel19, Figure20, andFigure21 demonstrat¢hetravel time state

prediction uncertaintiesn segment 0706 without/with rei@ine spatial data as input.

Specifically,Figure18 andFigure19 displaythe calculatedtate probability mapping matgs

between segment 0706 and its immediate downstream segméitetweesegment 0706 and

its second immediate downstream segmigure20 andFigure21 display the calculated state

probability mapping matrixes between segment 0706 and its immediate upstream saganent,

betweersegment 0706 and its second immediate upstream segment.

The spatial information based plots indicate that travel time undgrtairsegment 0706

can be reduced as well if reithe information from its downstream or upstream segrisent

provided Further, by comparing state uncertainty reductions under different sourcestirhecal

information, one can find the immediate upstresam g me nt 6 s

t han

t hat

of t

he

second

mme d i

state

ate

time for segment 070@hisis still true for the downstream information based prediction.
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Figure19: Travel Time Prediction Uncertainty Comparisifithout/With Realtime Second Immediate Downstream
Segmenti(e., 0504) Information for Segment 0706 at Different Periods.
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Figure20: Travel Time Prediction Uncertainty Comparison Without/With Reaé ImmediateUpstream Segmeén

(i.e, 0807)Information for Segment 0706 at Different Periods.
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Figure21: Travel Time Prediction Uncertainty Comparison Without/With Remé Second Immediate Upstream

Segmenti(e., 0908) Information for Segment 0706 at Different Periods.

The model was applied to all highway segments in the study network to evaluate and

comparehetravel time prediction uncertainty reductiamisvarious locations based rehe

travel time informabn. Figure22 plots the comparison of historical informatibased travel

time prediction uncertainty and rei@he temporal informatiotrased travetime prediction

uncertainty on different segments of different time of the day. In thetpéY,-axisdenotes the

prediction uncertainty value calculated based on historical travel time distributiotiheat@xis

denotes the prediction uncertainty value calculatetheoondition that the realme

measurementare given Specifically, the reaitime measurements for each segnastreferred

to the travel time series collected from the segmetiitapast 30 mintes with 5minute

aggregation interval. As shown the prediction uncertainty for each segment of each period with

thereattime information given is lower than thatithout thereattime information (.e., all data

points are below the diagonal lide ). This indicates that reéime temporal information can

reduce the travel time prediction uncertainty for every segment in the network. Moreover, one can

see from the figure théthetravel time prediction uncertainty reductions during PM peak period
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are more significant. This implies knowledge of r&ale information is more beneficial for

redudng the prediction uncertainty with respect to the study highway segments.

5 5System State Estimation Uncertainty with/without Measurement
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Figure22: Historical Inference based Travel TirReediction Uncertainty V.S. Retime Temporal Information based
Travel Time Prediction Uncertainty.

Figure23 shows the travel time prediction uneenties for all segments without/withe
reaktime spatial information as conditional inputs. Hexgatial reatime information, which is
used to predict travel time for a specific segment, refetseteattime travel time data collected
from the dowmstream or upstream segment instead of directly meagoradhe segmeritself.
Overall speaking, taking advantage of féiae information from downstream/upstream segments
can reducé¢hetravel time prediction uncertainty as well, especially for ptémtis made during
the PM peak periods. Comparing the results showfigare22 andFigure23, one can note
prediction uncertaintyeductionsunderthetemporal reatime informationare more significant
than that undethe spatial reatime information.Theseempiricalresults reveal that for travel
time predictions on a specific segment in the study network, knawigmporalinformation is

more useful thathe spatial information.
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Figure23: Historical Inference based Travel Time PredictUncertainty V.S. Redgime Spatial Information based
Travel Time Prediction Uncertainty.

3.4.3.4 Empirical Analysis ofPrediction ErroReductionand UncertaintyReduction

Travel time uncertainty was modeled and estimated by considering the travel time pattern
evolving in a stochastic process for a specific highway system. Travel time uncertainty without
any realtime information is estimated based on its historical didivsbuWhen a particular piece

of reaktime informationis given travel time uncertainty can be estimated based on the
conditional distribution. Ass demonstrated by the above empirical analysis, travel time
uncertainty can be reduced to soexéert wheneither spatial or temporal retiine travel time
informationis providedfor each segment in the study network.

System state uncertainty che interprete@nd understod as one quantitative measure of
the state predictability. For a stochastic systera,@am never predict the system state with
perfect accuracy due to the system stochasticity. But one can evaluate and anticipate the
prediction accuracy based on the uncertainty level. By referring to the state uncertaintyidefined

this research, one caxpect the prediction performance based on a particular vector of
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information. In practice, people care more about the effectivenessivdrareattime
measurement system. For example, ifrtteasurements providdy the reakime surveillance
system camssist to improve the system state prediction accuracy to aebeege one can
conclude the surveillance system is effective. Otherwise, the measurements are nfwruseful
predictiors, andoneshouldconsideranothersurveillance systeror define andtermeasurement
space

Prediction errorsg.g, MAE, MAPE, andRMSE) have different units from the
uncertainty index proposed in this study. Conventiontilgerrorcan provide a more intuitive
way for people to understand the prediction performance. Howawgirically evaluated
prediction errors malpe affecedby many factors such asodel selection, model robustneasd
model fitting In other words, to have sightsinto the state predictability based on prediction
errors, one should thoroughly specify and evaluate the prediction performance by many different
prediction models. The proposadcertainty measurement, which isuinits of entropy,although
can evéuate the system state predictability from a stochastic perspectieesitnot provide an
intuitive way to understand the system predictabititgre we numerically compare the
prediction error reductions given by the RF prediction model and the poedicicertainty
reductions evaluated by the proposed model. The compaesesplayedn Figure24, Figure
25andFigure26.

As is pointed out in previous experimeraseattime datadrivenbased prediction model
may fail for predictions on some segmertsnpaed tothe historical inferencbased prediction
approachThese cases, in which prediction errors with-teaé information is even larger than
that of historical inferenebased predtions, are marked in the red shaded area in each figure.
One finding already pointed out in previous subsections can be confirmed as well based on the
following figures. For temporal informatielmased realime travel time prediction, it is easier to
train an effective prediction model than that by using spatial information as irgut (

downstream or upstream travel time data). Further, one can note from the comparison plots, all

85



three error measuremenie( MAE, RMSE, and MAPE) obtained by the RF dets have
relationships with the uncertainty measurements. For temporal infornietémd predictionshe
travel time prediction error reductiaf a particular segment has a nonlinear and monotonous
increasing relationship with the uncertainty reductstimated by the entropy model. For spatial
informationbased predictions, the error reducti@s a linear and monotonous increasing
relationship with the uncertainty reduction. This empirical analysis provides an alternative to

anticipate the predictioarrors based on the uncertainty model.
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Figure24: Travel Time MAE Reductions by RF Predictions V.S. Travel Time Uncertainty Reductions Estimated by the
Proposed Model: (a) Conditioning on Réiahe Temporal Information; (b) Conditioning on Réiahe Spatial
Information.
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o 0l#ncertainty Reduction V.S. RMSE Reduction Under Measurement
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Figure25: Travel Time RMSEReductions by RF Predictions V.S. Travel Time Uncertainty Reductions Estimated by
the Proposed Model: (a) Conditioning on Ritade Temporal Information; (b) Conditioning on Reiahe Spatial
Information.
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0lélncertainty Reduction V.S. MAPE Reduction Under Measurement
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Figure26: Travel Time MAPE Reductions by RF Predictions V.S. Travel Time Uncertainty Reductions Estimated by
the Proposed Model: (a) Conditioning on Risale Temporal Information; (bfonditioning on Realime Spatial
Information.
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35 Summary and Conclusions

In this chapter, we studied the benefit of introducing-tiea¢ surveillance system from two
perspectives. The first onetlse system state prediction error reductand the second one is
system prediction uncertainty reductiémterms ofevaluating state prediction error reduction of
a specific system, we introduced the procedures to statistically estimate the prediction error
without realtime measurements and theediction errogivenspecific reatime measurements.
For this type of prediction performance evaluation, a specific prediction model needs to be
specified. In addition to the prediction error reducti@msedsurveillance effectiveness
evaluation, we dined a new framework to evaluate the system state uncertainty based on
entropy from a stochastic perspectiVee proposed uncertainty estimation model can be
generalized and applied to different stochastic systems. State prediction uncertainty wiitereal
surveillance can thuse estimateds the conditional state distribution entropy conditioning on
such reatime measurements.

Both the error reduction approach and the proposed uncertainty anedslrefully
designedand applied to a realorld trarsportation system to evaluate the surveillance
effectiveness on temporal and spatial travel time predic8pacifically random forest modés
selectedhs the reatime prediction error evaluation method due to its generality and robustness.
The dfectivenesof reattime temporal information and retime spatial information are
obtained and analyzed for 88 highway segments. The error reduction analysis basedordeal
travel time data show thdte RF model with regime input data cannot improtiee prediction
performance everywhere in the study network. For most highway segments, the RF model can
take advantage of the retithe travel time to bring prediction benefits congzhtothe historical
inferencebased prediction.

Numerical experimestusingthe uncertainty evaluation model indicate both-teaé

temporal and spatial travel time data can improve travel time predictability. Specifically, real
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time temporal information is more valualite reattime travel time predictionlChis empirically
confirms the statement that datdven based travel time prediction usually outperforms the
historical average prediction. At least, knowing most recent travel time sareesoadloes not
bring a negativeeffect on reatime predictions for the road.

Based on the empirical results given by both error reduction analysis and uncertainty
reduction analysis, resiime temporal travel time data is shown to be more useful thatimeal
spatial travel time data for travel time predictidoisa specific segent. Moreover, the
relationship between travel time error reductions and travel time uncertainty reductions are
analyzed and given. We empirically prove and demonstrate the monotonously increasing
relationship between travel time error reduction and tri@wel uncertainty reduction given by
two completely independent approachiHss provides a new possibility to evaluate and

anticipate prediction error reductions based on the proposed uncertainty estimation framework.
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4.1 Static Planning Model for Sensor Location Optimization

4.1.1 Introduction

In this section, a static optimization model is proposed to determine the installation locations of
traffic sensors with the objective of collecting and providing travel time information within a

given highway network. As is previously dissad, Automatic Vehicle Identification (AVI)
technology is the most direct and efficient approach for {acgée travel time information

collection. Thus, the proposed optimization modealiscificallyin terms ofAVI-based traffic

sensors locations detaination. Although the developed optimization model offers the flexibility

to additionally incorporate the point sensors locations determination (by introducing new decision
variables), sensors belonging to this tgpe excludedh this study due to thefrivialness in

travel time measurement.

4,1.2  Preliminaries
Thephysicallayoutis representetly a networkG = (N, A), whereN is a set of nodes

representing intersections, interchanges, or intermediate locations of a highway netw#érk, and

denotes the set of arcs connecting those nodes. In a highway network, lvdasenote a

particular set of target surveillance segments. An elerhpemft L is usually consideredith

homogeneouphysical layout, and it can either be a sirgyiea, i A, or can be a multarc

corridor consisting of several consecutive arcs. In a travel time provision based sensor location
problem it can exactly be the arc s&tor a predetermined set cons