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SUMMARY

The conversion of higloccupancy vehicle (HOV) lanes to higlscupancy toll
(HOT) lanes is currently being implemented in metro Atlanta on a demonstration basis
and is under consideration for more widespreazptdn throughout thenetroregion.

Further conversion of HOV lanes to HOT lanes is a major policy decision that depends
on knowledge of the likely impactmcluding the equity of the new HOT lanRather

than estimating these impacts using modelinguoveys, this study collects revealed
preference data in the form of observed vehicle license plate data and vehicle occupancy
data from users of the HOV corridor. Building a methodology created in Spring 2011,
researchers created a new methodologyratching license plate data to vehicle

occupancy data that required extengiestprocessing of the data’he new

methodology also presented an opportunity to takie-depth look at errors in both
occupagy and license plate datim terms of data ctdction efforts, processing, and the
vehicle registration database).

Characteristics of individual vehicles were determined from vehicle registration
records associated with the license plate data collected during AM and PM peak periods
immediately priord the HOV lanes conversion to HOT lanédore than 70,000
individual vehicle license plates were collected for analysis, and over 3,500 records are
matched to occupancy value&nalysis of these data have shown that government and
commercial vehicle wermore prevalent in the HOV lane, while hybrid and alternative
fuel vehicles were much less common in either lane than expededucle occupancy

data from the first four quarters of data collection were used to create the distribution of

Xil



occupancy on thelOV and general purpose lane, and then the matched occupancy and
license plate data were examined. A sensitivity analysis of the occupancy data
established that the current use of uncertain occupancy values is acceptable and that bus
and vanpool occupagchould be considered when determining the average occupancy

of all vehicles on the HOV lane. Using a bootstrap analysis, vehicle values were
compared to vehicle occupancy values and the results found that there is no correlation
between vehicle value drvehicle occupancyA conclusions section suggests possible
impacts of the findings on policy decisions as Georgia considers expanding the HOT
network. Further research using these data, and additional data that will be collected after
the HOT lane open will include emissions modeling and a study of changes in vehicle

characteristics associated with the HOT lane conversion.
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CHAPTER 1: INTRODUCTION

Managed lanes remain a popular topic in transportation planning due to continued
increases in congesti, ongoing concerns regarding vehicle emissions, and decreasing
funds and available space for highway expansion. Jd@iupancy vehicle (HOV) lanes
have been in existence since 1969, and the introduction ebbiglpancy toll (HOT)
lanes in the 1990s kaadded another alternative for highway manageifii¢nt
Evaluating the performanad these facilities can includessessment slich factors as
effective capacity, travel times, service reliability, vehicle occupancy (person
throughput) carpool violation rates, and safety. Beyond these characteristics, many
studies have also sought to identify reasons why people choose to carpdelexpress
buses orthese facilities, usually as a function of various sat@anographic variableand
travel time Another set of analyses that can be conducted is to as$esle occupancy
andthe characteristics of the vehicles that use managed lanes from the perspective of
transportation policy. For example, the likelihood of carpool formationlreay
function of available vehicle types in participating households. In addition, knowing the
number and types of hybrahd exempvehicles using a facility may help policy makers
predict whether allowing these vehicles to access an HOV or HOT lana sittlyle
occupant will have a detrimental effect on the capacity of the lane.

Metropolitan Atlanta is already home to a limited hidtupancy vehicle (HOV)
lane system, and the most congested FHEg\ipped corridor is scheduled for conversion
to a highoccupancy toll (HOT) lane i@ctdoer 2011. The purpose of this study is to

create a profile of vehicle characteristics of carpoolers that can be compared to the
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adjacent general purpose laas well as an occupancy distribution for both lanes.
Individualoccupancy records are then matched to the corresponding vehicles to take the
analysis a step further. The vehicle characterigtiofle and the matched occupancy
resultscan then be used to compare the profile of the HOT lane vehicles after the
converson is complete.Creating a preonversion profile of the lane usemnsd the
occupancy by vehiclwill assistpolicy makersan evaluating the impact of the lanes on
different users Equity is one oftertited concern when HOT lanes are disedssand this
HOV profile helpsto providedata toassess this issue

Chapter2 includes a literature review ananagedanes including performance
measures, equity concerns, and carpooling actityapter Jutlines the methodology
for the license plate data caitéon, occupancy data celition, and the matching process.
Chapter 4describes the data processing steps requir€@AIQC the data and then
complete the matching procesan in-depth analysis of bias and erroaisoincluded.
Chapter 5 presents anadysis of the separate data as welhaanalysis of the matched
records focusing on creating a profile of HOV lane users that can be compared to future
HOT users to assist in answering the questions regarding agpigtsof the lane
Chapter 6 conaldes the thesis with recommendationspolicy decisions and areas of

future research.



CHAPTER 2: LITERATURE REVIEW

The followingliterature reviewcontainsinformationon the history, operation,
and evaluation of managed lands.particular this stuly examinegquity concerns
surrounding HOT lanes as well as the potential use of vehicle characteristics to describe
carpooling activity.

The HOVlaneconcept was first introduced in 1969 in New Jersey when a bus
lane borrowed a lane from the qféak diection[1]. Also in 1969 a busonly lane was
created in Virginia to allow buses to operate during a major construction profest
temporary bus lane was so successful that the construction plan was altered to include
two permanent H® lanes[1]. As of 2001, the most popular type of HOV dawas the
concurrentflow lane, and48% of all HOV lanes ardufferedconcurrent lanegseparated
by a physical barrie@nd28% arenonbufferedconcurrent lanegl]. ManyHOV lanes
initially were used for buses and 3+ carpools, but over time the vehicle occupancy
requirements have changed to mainly{2}+ By 200Q because the lanes ran under
capacityover 80% of HOV lanes in the United States operated on a 2+ basahaund
half of HOV lanes operated on a-Bdur basigthe 3+ facilities operate iareas with
heavy congestion such as San Francisco and HoJydjonAll of the current HOV lanes
in the Atlanta area are ndiuffered, and the HOT lanes o#% will have the same

separation but with fewer weaving zon8k



2.1HOV Lane Performance

United States legislatiomandates that HOV lanes mugtenate at 45 miles per
hours 90 percent @ahe time during peak periodand if this requiremd is not met for
180 consecutive days (weekday peak periods) then a policy change must be considered
[4]. Individual systems can set specific gda¢yondthe federal standard$-or example,
in California additional goals for HOV systems include decreasing emissions and
encouraging carpooling]. The Georgia Department of Transportation statetheir
websitet hat t he HOV | anes in Georgia fiwere bui

pollution by giving a faster travel time for those who carpool, vanpool, or ride ffijses

2.1.1 Capacity and Flow

Some researchelavesuggestdthatmanyHOV lanes do not function properly,
in that the lang operatdoelow capacityor the lans becomeongested like their gerad
purpose lane counterpaff§. Canmuters often complain whercarpool lane is moving
freely that the lane is underutilized given the low density of vehicles passing by the
general purpose langg]. A forthcoming occupancy study conductecdtioe HO\-to-
HOT facility on F85 by Georgia Tech in 2011 will report that the carpool lane does serve
fewer véhicles than the adjacent general purpose lane, bigaignificantly more
persons pehour than the adjacet@#nes. The concept of carpooling implies that multiple
people in one vehicle will replace single drivers in multiple vehicles, but this dbes n
work when carpoal arecompsed of related family membefsit f a mpool sd6) who

carpool without any form of incentijé]. The amount of Afampool.i



guantify, but Georgia Tech is developing a methodology to measure these types of
carpools on an Atlanta toll road, GA 400.

TheHOV lane can also become congested on a regular basis, but with a
congestioronset that is delayed by a short period compared to the general purpose lanes
[7]. In this study it was found that the congestion was eoessarily due to the demand
of the HOV lane but an unwillingness of drivers on the HOV lane to have a larger speed
differential with vehicles on the general purpose lanes-f@onier separatedy]. A
study in California found thadOV lanes are 20% under capacity in comparison with the
general purposelanesdm e hi ghl i ghted reas@mslow s t he
vehicles in the HOV lamwhich hold up té flow of all cars in the lang]. Congestion
levels can alsoesult fromthe prevalence of singleccupant vehicle (SOV) violators in
the lane, which is estimated to be 13% in metdama[10]. The net result is that the
carpool lane does not exhilptedictable travel timedueto the onset of recurring
congestion with severity that varies significantly deyday. Despite the evidence of
variable travel times on HOV lanes, a survey of HOV and general purpose lane users in
California found that all types afriversconsistentlyoverestimated the time savings of
the HOV laneon the four mainline HOV lane facilities included in the survey the
average perceived time savings was over nine minutes while the actual time savings was

less than three minut¢$l].

2.1.2Enforcement and Safety

There are two main types of violations on an HOV or HOT fadilityeaving and

occupancy violations. Both of these violations have been a concern on HOV facilities for
5



many yeargnd can impact the performance and safety of the.lahd981 report on
HOV enfacementin California outlines enforcement options on the lanes, with a focus
onhow to curb high violation rates and illegal weavirithe study found that violation
rates ranged from 3.8% to 37.7% basedhe specific site and timeélso, HOV lane
violators were more likely to kia additional traffic citations on their driving recdtsn
nonviolators[11]. A study on the same facilities seven years later found that violation
rates still varied greatly across facilities, from3®% This second report found tham
violation rates were much lower than PM violation ratesl violations increased in
periods of low lightsuch as dawn, dusk or during the night hodrse report issued a
survey to drivers who use the facilities dodnd that users also overestimtdie HOV
violation rates, with perceived violations rates above 15% and actual rates flid%4
Users overestimate the risk of receiving a ticket 8% while the actual apprehension
rate is between 1.5% and 2.8%he study concludes that violationgween 510% are
acceptable, especially as reducing the rate to below 5% would require extensive
investment in enforcement effoifts2]. Higher violation rates can have varied impacts
on a facility based on the congestion levels (i.e. a facility thagascapacity will
experience more of an adverse effect due to vidddtwan a facility that is 20% under
capacity). Non-barrier facilitiescan make people hesitant to go fast speeds in the
managed lane if traffic in the adjacent lane is moving slowly or is stopped completely

2.1.30ccupancyRequirements

Thegoal of the newl-85 AtlantaHOT lane is to provide reliable trips in the

managed lane for those who are either willing to ftiree person carpoolsjde in

6



vanpools or express buses,to pay for access to the facility. Thyeerson carpools will

beable to us¢he lane for freg@iven that it is fairly difficult to find a third pagnger

The available capacity on the lane will then allow theray to charge a toll to allow

two-person carpools and single occupant vehicles to access the fdhavailable

capacity The toll price will vary in response to demand for lane access, with prices

increasing as demand increases. The pricing strategy is to set prices such that demand
never exceeds capacitfhe HOT lane is expected to improve traffic conditionstiie

managed lane (because demand will be constrained by price) and improve traffic

conditions on the mainline as well, because the HOT lane will actually be able to carry

more vehicles per hour uncongested than it was carrying as a congested HOVhlane. T

main groupthat is expected tbe negatively impacted current tweperson carpoo)s

who will now have to spliatoll, unless they can find another passenger to join their

carpool. However, thifee may already bacceptable tonany ofthese usergiven the

expected faster trip andore reliable travel timgL0]. As mentioned earlier gsne argue

that awirrent HOV lanes are not vegjfective at reducing traffic, because 43 percent of
campoolers areelated household membdds3]. This concept of carpools consisting of

only related indivi dual9sancneasysuctecarpoolsmay ne d i
not be amenable to increasing to 3+ occupahtgo-thirds of all unrelated carpoolers

always ride or drive in their carpool rather thantshing the driving duties with other

carpool membersand this inflexibility couldalsol i mit usersé carpool f

[14).



HOV lanes encourage carpooling, but the shift to an HOT lane coutthiyot
result in some people switching from carpools to SOVs but qmikentiallydetract from
transit ridership along the rout&his potential mode shift from transit users to single
occupant vehicles exists when an HOV lane is converted to a HO Thlaresurvey
based study in Houston concludkat transitpassengershifting to SOV vehicles would
only impact the occupancy of the lane b2% [15]. The study also examines rideish
information from the years immediately preceding and following HOT conversion at
other facilities (1394 in Minneapolis and25 in Denver).Neither city experienced a
decrease in transit ridership on the HOT corridor, and Minneapolis actually recorded
significant increases in ridership5]. One of the cited reason that transit ridership-on |
394 did not decrease is that transit buses benefit from the more reliable trip tinteatand
buses are better able to access the I|git}s

2.14 Evaluation

Previous studies of the effectiveness of HOV lagpgally relyon limited data
and are not transparent about the methods used to obtain the data or potential problems in
the data A review of the performancef the QuikRide prograran the Katy Freewain
Houston collectednanual counts of users for two days before implementation and seven
days after implementation, and supplemented this data with automatic vehicle
identification datd17]. TheHouston study provides no additional details about the data
collection (methods, the exact dates of the data collection, €ng.state report from
California calculates speed and volume levels using single data points to represent a

faci |l i tvegnéss, arg Bufveyquestions designed by metropolitan planning
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organizations regarding HOV lanes in another cited example can be unclear and guided
to respondents to giving affirmative answers that may or may not accurately reflect the
publ i c 6s OV laresi5t. &one af thdde studies used before and after data to

assess changes in household travel behavior anet@ldoor commute times.

2.2 Equity Concerns

Eighty years ago, privatefinanced roadvere considered fair and publicly
financed roads were considered unfair due to the small percentage of the population that
ownedautomobileg18]. This view was reversed a&ehicle ownership rates increased
and a correlation between road use and fuel usgrdmed that using a fuel tax would be
fair in place of tolls. The establishment of HOT lanes can raise concavost the equity
of the facility, especially when the HOT lanes are converted fropexisting HOV or
general purpose lanes rather than ddakenew capacityBeyond the concern that the
cost of the toll may be an unfair burden for lowome individuals, there are several
otherequity concerns associated with HOT lanés. many adive types of equitycan be
associated with managed lanesographic equity, income equity, participation equity,
opportunity equity, and modal equity0]. Many issues cut across multiple types of
equity, so this section will highlight geographical distribution of equity, income equity,

equity across different user classes, pmblic perceptions of equity.

2.2.1 Geographic Distribution of Benefits and Burslen

Geographic equity is defined by whether improvements and burdens are

distributed across various communities in a logical and objective mEt8jerThese



improvements can refer to the benefits of using the facility or to improvements made with
the toll revenues, and the burdens can refer to new congestion on parallel or local routes.
HOT laneprojects such as394 in Minneapolis and-85 in Atlanta allocate a large

portion of toll revenues or initial project funding to expanding transit service along the
HOT route[19, 20].

Proposals that enhance regional mobility but place a burden on local accessibility
(either directly on the HOT facility or on alternate routes) are not geographically
equitable as drivers who are just passing through the corridor may benefit more than local
resident§18]. Spatial mismatch of jobs and housiten bea concern, specifically that
low-income city dwellers cannot access jobs in subjils This mismatch can be
addressed by the existence@ferse commute routes on the HOT corridéor
example, tansit buses on the HOT corridor in Atlanta do run in the reverse commute
direction and theicketsare discounted by 50922]. Individuals without a vehicle may
still be at a disadvantage unless there are local feeder routes that connect to the express
buses.

Another cited cacern is that users who live further from the city center and travel
along an HOT corridor will benefit more than those who live along the corridor. In
Maryland, residents argued that proposed HOT lanes would be inequitable for users that
do not utilize he full corridor since the toll on their segment would be made higher by
the volume of drivers arriving from farther out on the corridor; the same argument has
been made about the transit system (trains are full by the time they reach inner stations

[18]). In addition to this concern, in Atlanthd limited access points to the HOT lane

10



could be aconcern for people who utilize the corridor but do not live or work close to a
legal weaving section. For example, over the sixteen mile stretch of HOV lan&bon |

in Atlanta, the number of legal entrance/exit zones (delineated by double dashed lines)
was reduced in anticipation of the conversion to HOT lanes, leaving enelsistretch

left without an entry sectiof23]. In practical terms, any drivers who need to enter the
expressway along this sixile stretch will not be able to fully benefit from the HOT

lane. Any driver who needs to enter or exit the lane at points of heavy congestion may
also find it dificult to transition to/from slow or stopped traffic in the general purpose

lanes to the 50+ mph speeds of the HOT lane.

2.2.2 Concerns for Loincome Individuals

Income equity is the equal distribution of benefits and burdens of the facility
across allncome groups with special consideration to protecting the rights of
economically disadvantaged communiti@8]. The concepof situational value of time
(an individual 6s v al utge dnd other factars) meauss that dow e d
income uses will sometimes desire to use the lanes but the toll cost will not always
outweigh their value of time. A study on €R in California cited the specific example
of low-income parents who used the HOT lanes to avoid paying late daycatgppiegs
(i.e.a $5 toll is preferable to a $20 late f¢2¥]. While the literal monetary cost of a toll
could exclude some participants, sometimes the most significant barrier is the
requirement to have a bank account or credit card to obtain a transpb@jddror the

Atlanta HOT lane, a credit card is not required to open an account if the PeachPass will

11
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alwaysbe tolkexempt (i.e. if the pass is issued to a motorcycle or alternative fuel vehicle)
but is necessary for all other usg2§.

Another potential income equity issue is thdhere is an absence of transit
alternatives on an HOT rout®w-incomeindividuals without a personal vehia@nnot
benefit from the travel time saving&s mentioned previously, expandeédnsit service
on the HOT corridor in Atlanta is available in both the peak angedk directions so
options do exist for low income individuals. A 2007 Atlastadyfound that household
incomes ofanticipated HOT corridouserswere15% higher tharexpected while
carpooling rates were lowg24]. However, an equity analysis of the potenH&T
lanesin Atlanta found that the lanese not likely to have a negative effectlow-

income individualssincethe lanes create a new mobility optidi9)].

2.2.3 Fairness to User Classes

Fairness among diffent users of the HOT facility can involve issues beyond
geography or incomeCommuters with inflgible work schedules couloe at a
disadvantagéecausat is more difficult for these users to utilize Xpress bus routes or
organize carpoo)dut these comuaters would also benefit from the reliable trip times of
the HOT langd10Q]. Irregularorlonghols can al so | i mit empl oyee:
carpool opportunitiesSome argue that HOT lanes do not promote multimodal
transportation becausegple can get the same travel time by paying a toll that others get
by doing @At he r ingbrtakingtranskiglo In Seatte, tamsit p o o | i
advocates argued that the minimum HOT toll orI8X should not be lower than the

transit fare in the same corridor [I8o t hat
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2.2.4 Public Perceptions

Perceived egty concerns are just as importantaasualequity concerns because
public opposition and opinion have been the deciding factors in the failed implementation
of several tolling projects rather than any kind of technical andl¥8Js Public
perception ofhe equality of HOV and HOT lanes can vary by region (no two surveys are
ever identical so bias in the survey design could also contribute to differertbes in
resuls). As indicated by a survey in California, a sizable portion of drivers (40%) do not
consi der HOV |l anes fifair.o Anot her survey
that HOT lanes are unfdit2, 18]. A study in Sa Diego found that 60% of loswcome
respondents approve of the HOT concept and 78% ofrloame respondents believe
that paying a toll on such a facility is f4it8].

Media attention can also influence the
gaugeof public acceptance of a projecthe media can fixate on a catchy phrase such as
ALexu® Itdme highlights the income equity ¢
frustrated; one person described the situa
sound bites, and we lost the war of the sound f@#s &n Minneapolis, HOT lanes
were first proposed in 1997 but did not pass, but after working with the local media and
carefully educating thpublic the HOT lanes were approved and have since been
expanded to an additional corriddi9]. Diverse stakeholders often change positions on
HOT projects based on the perceived impacts on their membership or constituents so

when planning a new facility all types of equity should be addrd23¢d
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2.3HOV Exemptions

The underutilization of HOV lanes has resulted in several policy changes,
including conversion to HOT lanes and allowing alternative fuel veh{élE¥'s) access
to the HOV lane.Alternative fuel vehiclesnclude cars powered soleby electricity,
hydrogen, natural gas, biofuel, propane, fuel cell, or other miscellaneous alternative fuels
[25]. Multiple state® California, Florida, Arizona, New Jersey, New York, Utah, and
Virginiad have piloted or implemented programs that expand this policy to allow single
occupant hybrid electric vehiclesich as a Toyota Prius or Honda Insight) to use HOV
lanes[26].

Beginning in 2000Yirginia was one of the first statés allow singleoccupant
hybrids access to HOV lang26]. Hybrid HOV access was found to have a positive
correlation with hybrid sales in Virgiaiashybrid sales increased 92% after the
implementation of the new poligg6]. In 2004, Virginia commissioned a report on the
status and fuure of the hybrid HOV exemption, and the study authors concluded that
either the occupancy levels for hybrid vehicle should be increased or that an increase in
the issuance fee for the ficlean special fu
implemented sohiat the extra funds can be used for further enforcement and maintenance
of the HOV facilitieg27]. Rising congestion levels in the peak periods results in a
change in the hybrid exemption policy to maintain the federatipndated minimum
average speed d5 mph in the HOV lanes. The current policy involves specific rules for

each HOV facility. For example, only hybrid vehicles purchased prior to July 1, 2006
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can use the-95/395 HOV lanes during peak periods with fewer than three occupants
[28].

Californiachose a different approach to the hybrid exemptionliamted
participation t085,000 hybrid vehicleg29]. Hybrid vehicle owners had to purchase a
sticker from the Department of Motor Vehic
and the stickers were required to remain with the vehicle rather than the individhisl.
has the (perhaps unintentional) consequence of increasing the resale value of any hybrid
vehicle with one of the exemption stickers by over $3 @0

Some argue that not all hybrids should be given the same preference, as hybrid
cars are much more efficient than hybrid trucks or sport utility mq8&]s The long
term implications of allowing hybrids into the lane also a concern as the sales of
hybrid vehicles increase every y¢adp]. The F85 corridor in Atlanta is already set for
HOT conversion, but other HOV lanes in the metro area may consider iengiam
exemptions for hybrids (true alternative fuel vehicles already have an exemption in
Georgia, but hybrid vehicles do n&3]). A recent report recommends that the
alternative fuel vehicles HOV exemption be continued in Georgia but should the program
should be monitored onquarterly basis to ensure that the AFV vehicles are not creating
congestion on the lanes. The report does not recommend extending the exemption to

hybrid electric vehicles in the Atlanta metro afa4].

2.4Vehicle Characteristics
Fleet composition varies significantly by time of ddistributions of vehicle

characteristics are used extensively in vehicle emissions modeling to more accurately
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reflect the local or regional fleet (rather than using national data provydéstieral

agency emissions rate models such as MOBILEG6). A nationwide survey of air pollution
control organizations found that most agencies do use local data, and many decode VINs

and aggregate the data to the county IE88|l. These techniques assume that the

registration database is correct, that vekiaee housed at the registration address, and

that the data are static (no changes in registration spatially or temporally have occurred).

A recent dissertation found that many of these assumptions are erroneous, specifically the
assumption regarding vedhe location, as only 67% of vehicles in this study were housed

at the registration addreg35]. VIN numbers or other vehicle information can be entered

i ncorrectly into the registration database
A0O0O and even correctly ent eratodt negcessaryforl e r ec
emissions modeling, such gmossvehicle weightrating[36]. The data reported in this
thesispresents thepportunity to analyze the fleet characteristics-86lcommuters

specifically, rather than using county or regional data.

Using couny-by-county registration data from Tennessee, researchers found a
strong correlation between median vehicle age andgegrersonal income for the
corresponding countyThe average vehicle agethe highesincome county was 5.9
years and the average vehicle age in the lownesime county was 10.8 yearsower-
income counties also had 73% more lighty truckg37]. Research abothe people
who choose certain categories of vehidsesnother wayhat vehicle characteristics can
tie to demographicsOne such studyutlines detailedtatistics about SUV owners,

including gender, marital status, age, household income, anddolebmy expectations
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and found that thegypical SUV customer is male, maed, 45 years old, in a household

with an income of $94,400, and at the head of the housgB&jld

2.4 Carpooling Activity

License plate data provide revealed preference data abesitof a transportation
corridor. Revealed preference data eferable to stated preferencga which may
arise from employe®ased surveysCertain cities have created occupancy mandates for
local businesses that penalize larger companies that do not maintain a certain level of
carpooling among employeg39]. Datacollected in 1987rom one such city,
Pleasanton, CA, suggested that employees were most likely to carpool when they
commuted long distances, worked for g&acompany with a single campus, did not
participate in flextime programs, and worked in ngnofessional or ncimanagement
positions[39].

Travel surveysan also be usdd obtain carpoolingnformation however the
data may be limited. For examptbe largest survey in Atlanta will involve only 10,000
households, and the data are collected only once every ten years foedrawvegjlday
per househol{40]. Surveysare difficultto undertakelue to cost constraints atite
respondent burdenA survey was conducted in the Puget Soteglon forthe purpose of
tracking commuters who switch between carpooling and simggdepant vehicles and
vice versa The study was limited by the small sample size (very few people switched
from SOV to carpooling within the survey period) and the only significant variable that
could be identified as motivatingsavitch waswhenrespondents moved tazane witha

higherresidentiadensity[41]. Another problem is the undegpresentation of certain
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groups in surveys. In one surviiat attempted to estimate mode choice for traseder
a new HOT facility in Texaghe responses did not represent a true sample of the
socioeconomic characteristics of people in the area, so-paped surveys were issued
in low-income areas. The number of lamcome and minority responses was stith t
low to be reliableso the researchers undertook a weighting pracssg replicate
weights to make the losmcome and minority responses equal to population proportions
(the end result of the survey found that the percentage of HOV2s and HOV3+ wehicle
would only decrease slightly after the conversion to HOT Igi®&s)

A study on SRI1 in California presented carpling behavior and sought to
create discrete choice models to model carpool format@werall, carpooling rates were
similar on the roadway to comparable roadways without HOT lanes, \witicdatedthat
the pesence of a SOV toll option ditbt discourge carpooling overallPeople have the
option to obtain time savings for the toll price, but by forming a carpool the same benefit
can be obtained for no cd42]. When the QuikRide program started on the Katy
Freeway, participation of SOVs and HOV2s leveled off after about two months, and two
thirds of the new participants were HOV2s ame:third were SOV$17]. The Expres
Lanes in Atlanta will follow a similamodel to the QuikRide prograso the QuikRide
participation results could be an indication of the rmageof new HOT lane users in
Atlanta as well as a guide toetiprojected time needed for the lanes to operate efficiently.

Many studies have set outittentify socicdemographic variables that correlate
with carpooling rates to guide policy decisions, but in many cases only weak correlations

are discoveredFacbrs such as lower income, lower automobile ownership rates, and
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multiple worker households have been found in previous studies to link back to
carpooling[14]. A more recent study examined the factorsherusing a survey data

and nested logistic regression models fohd that vehicle occupancy, household

income, trip purpose, and eagre predictors of HOT lane uf#3]. Specifically, there

was a positive correlation between household income and HOT lane giséngame
households were 18% more likely to use the lane). Each additional passenger in a vehicle
increases the likelihood of using the HOT lane by 92%, and travelers who make home
based trips were three timas likely to use the HOT lane3he study dso found that

people are more likely to use HOT lanes for afternoon period-wehnlome tripg43].

Some studies havatempted to quantify merintangible characteristics poedict
carpooling behavior. In one study the researclvessnt ed t o quanti fy Aid
preferences and ussthtelevelpercapita Sierra Club membership as a surrogate for
environmental preferences, and Hoapita active and reserve military participation as a
surrogate for energy security concg@]. The study estimated thabne standard
deviation increase iSierra Club membership wassociated witl 17% in higkfuel
economy hybrid vehicleand that a one standaddviation increase in military
participation was associated with an 11% increase in the same type ¢28hles

The use of the vehielcharacteristics to create a profile of carpool vehicles versus
general purpose lane vehicles may help to identify variables that influence carpooling,
such as vehicle body tyde.g. larger vehicles)r household vehicle ownership. Such
variables may ab be correlated with underlying reasons for carpooling and may be more

reliable than survey or surrogate data. If public agemaadetter understande type

19



of vehicle that tends to be used for carpools, they may be able to use this information to

target these audiences with new policies.
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CHAPTER 3: METHODOLOGY

The currentHOV-to-HOT Corridor Performance Monitoring projdstcollecting
vehicle occupancy and license plate dathe methods are based upo20®7 studythat
collected over 120,000 liose plates using spotting scopes and voice recordiérs
method successfully captured-20% ofpassing vehiclplates[44]. A second study
built on this methodology found that incomes on the anticipated HOT corridor were
higher than expected while carpooling rates were loMd}. The capture rates of the
visual/voice recorder method were effective enough for analysis, but recording all the
license plates later became possible in 2010 with the increasing quality and lower costs of
high definition digital video cammas. A new methodology for vehicle occupancy was
developed in 2010, and this methodology was further adjusted in summer 2011 to assist

in the process of matching occupancy records to license plate records.

3.1 License PlatdData

License plate videos anew collected quarterly at five different sites along the
northeast485 corridor(seeFigurel andFigure2). At each site, datarecollected during
themorning (7:089:00am) and afternog@:30-6:30pm)peak periodor at leasthree
days per weekHigh definition cameras are sep on overpasses record trafic in the
peak direction only; southbouria the morning and northbound in the afternoon. The
videos arghen processeby undergraduate studsmsinga purposebuilt, custom
software program. Students input the plate information, state, vehicle classification, and

any comments via an electronic video interfatée vehicle classification (LDV, SUV,
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or HDV) is only entered for missed licendates and oubf-state plates because the
classification for Georgia plates is obtained from the registration database information.
The resulting database includes a timestémp can be tied back to the video imédge
each license plate record and itiges the individual that processed the datéis report
uses only d@a from the HOV lane (Lane) @nd the adjacent general purpose lane (Lane

1) in the spring data collectiosffort (May-June 2011).

Downtown
Connector

Jorust Park
Aot 35es!

Figure 1. Study Corridor [45]
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Figure 2: Site Locations on 85 Corridor [45]

3.2 Occupancy Data

Vehicle occupancylata arecollectedconcurrenty with the license plate video
data(even though the data are collected at the time the two data streams are not paired in
anyway)A r e c e n Methbdolegy Fos Cdécfing Vehicle Occupancy Data On
Multi-Lane Interstate Highways: A G#00 Case Studyby D 6 A ndescribesino
detail the occupancy data collection methods used in this project and how they were
developed45]. The occupancy datarecollected using the roadsidéservation
method with data collectorpositioned in the gore area between the highway and the

entrance/exit ramfseeFigure3).

23



Image Credit Dr. Randall Guensler

Figure 3: Occupancy Data Collection in Gore Area

Data collectors record occupancy values using electronic &sypatbooks, and
custom softwareOne data collector is assigned per lane, and the lanes are numbered
beginning with the HOV lane as Lane 0 and downup to the rightmost lane (Lane 4 or
Lane 5depending on the total number of laneBach vehicle is assigned a classification
of either light duty vehicle (LDV), sport utility vehicle (SUV), or heavyyughicle
(HDV) in addition to the occupancy valueshe LDV category includes all passenger
cars and station wagons, the SUV category includesypdkucks, crossover vehicles,
all sizes of sport utility vehicles, and vans, and the HDV category ireladge trucks
with at least six wheels and two or more axI8gven occupancy values are available on
the keypad (seEigure4d). The fA+0 values are intended
see some passgers but are unsurea@it the presencef additional passengers due to

visualconstraintsuchas tinted windows or high speedB.he c¢cl ear ( ACO0)

students to clear a record that was entered incorreEtly.e A MI SS0 butt on
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use when observers are bieto enter an occupancy value for a vehicle due to high

volumes, low lighting, or other circumstances.

+ .

1 1

2 2+

3 3+
4+

Figure 4: External Keypad for Occupancy Data Collection[45]

To better facilitate matching the occupancy data to the license plate data, a few
changes were made to tsimndardccupancy methodologyut | i ned i n D6 Ambr
thesis An additional persorollectsoccupancy data amne HOVHOT lane so that the
two occupancydata streamsanbe compared to one another before being matched with
the Icense platesA video camerasi placed in the gore area with the occupancy data
collectors to capture their view of the highwalhe acupancy collectors may view the
highway before or after the exact location that license plates are recorded, and the gore
area video captures vehicles that either change lanes or could be missed due to occlusion
by trucks or other vehicles in the gengratpose lanesFigure5 illustrates the potential

distance approximately on¢hird of a mile,between the collection pointd thetwo
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types of data.This is the greatest possible distance between data collection locations, and
sometimes the |Iicense plate videoThand occu
extra data collector on the HOV lane records a description of the first and last vehicle in
each day6és occupancy data fil e tsmgovidedd i n t
in AppendixA and the training documentiis Appendix B. The adjusted methodology

was only utilized in the springnd summeoccupancy data collection, but occupancy

data from all four quarters of data collectenmeused in this report to termine

occupancy distributions for error checking purposes.

B LA

/ |

d Source,'"GoogIe-‘Maps
; 2, 3

Figure 5: Data Collection Locations at Old Peachtree Road
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3.3 Matching Occupancy to License Plate Data

Occupancy data and license plate data are collected simulsyn@othe field,
but matching the two data streams after field collection involves extensive data
processing and verificationThe two data streanisr each laneshare threeommon
variables that are used for matching: lee,vehicle classificationand the time gap
between vehiclesThe license plate videcollected from the overpassepost
processed byndergraduate research assistants (URBB)g the method described in
Section 3.1 After the license plateareprocessed by URAs and tiiehide
classification, make, and moda&iereceived from theehicleregistration database, the
original license plate video reviewed a second tinte verify the accuracy of the license
plate data.This second viewing of the videensures that all vehiclese listed in the
license plate stream and that any mistakes made during the original license plate
processing can be correct@h average, 11% of vehicle recomlsre corrected At the
same time, the gore area video associated with vehicle occuganayched to verify the
order of vehicles.The order of vehicles can be affected by lane changes between the
occupancy data collection site and the view of the license plate camera, as well as any
potential missed vehicles due to large truickdhe geneal purpose lanesA notes
column is added to the database to keep traakpfliscrepancies that could affect the
matching process

After the ocaipancy and license plate data eeeified and adjusted to account for
any missedar extravehicles(mainly due to lane changeshe common variables of time

gap and vehicle classificatiaman be used to match up the three data streBwven
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though the occupancy and license plate video data have differing time stamps for each
record due to differences in caraeand netbook clocks or the potential distance between
the two collection points, thigme gaps between vehicles degrly consistengiven that

the furthest distance between the collection points is onhtluretof a mile The other
common variable lieveen occupancy and license pldtga areghe vehicle classification.
Occupancy data collectors enter a vehicle classification for each occupancy record, and
the license plate video records have the vehicle information either from the license plate
dataor as entered by the URA during video processihigese fields are used in
combination with comments entered during thevegching of the two videos to match

the two occupancy streams with the license plate vidtegure 6 illustrates the matching

processin aflow chart.

28



Occupancy Data and Go
Area Video collected in fie|d

Occupancy files are exported and
combined into a new database

Occupancy data are reviewed for
accuracy and any data from proble
URAs are removed

License Plate Video
collected in field

Videos are converted to images an
license plates are transcribed by UR
using custom software

All transcribed GA license plates a
assigned vehicle information from th

AsS

Georgia vehicle registration databa

7

License plate data and both occupancy data
streams for the HOV lane for one sessign
are combined into one spreadsheet

7

video are synced (i.e. same vehicle

The license plate video and gore ar
found in both videos)

\

[ Both videos are watched while verifying licer|se
plate record information (correct make, modél,
state) and noting any potential missed vehicles

by occupancy data collectors

[ After the completion of video review, the thr

data streams are matched using common

variables of time gap between vehicles an
vehicle classification

7

The verified license plate data are used as th
baseline and the occupancy data streams ar
individually adjusted (either misses are insertedjor

extra records are removéd

Figure 6: Flow Chart of Matching Process
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CHAPTER 4: DATA PROCESSING

Data proceseg requires that each type of data (license plate aodpancy) is
verified before anynatching is attemptedl'he matching process then requires another
verification process of the information obtained in the first processing of the Daita.
chapterwill address each process and discuss thectistaing and error checking i€su

of each type of informatian

4.1 License Plates

Each decoded license plate was assignedique key identifier, anGeorgia
license plates (nearly 80,000 in totare matbed to the motor vehicle registration
database by a separate unit at Georgia ,TteehGeorgia Tech Research Instit(@'RI),
for privacy considerationsThe key identifier was carefully designed to include
information about the origin of the plate (sisession, period, etc.puplicate plategi.e.
multiple sightings of the same vehiclggre left in the data set, and these duplicates
accounted for about 25% of the total number of plafggproximately 80% of the plates
that were processafdelded amatch in the motor vehicle registration databaBee
processedesultscontain vehiclespecific data that excludmy personally identifiable
information sich as name or physical address. The datanetsthen merged using the
key identifier For thefinal analysis, over 93,000 total license plates were observed in the
video, and 60,000 were matched to vehicle recofdut 10% of the total plates were
out-of-state vehicles, 10% were misses, and the remaining plates did not have a match in

the databse, eithedueto transcription errors or er®in theregistrationdatabase.
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4.1.1Body Type

Several fieldseturned from the databasere recodedbr use in analysis. For
example, he Georgiaegistrationdatabasemploys25 different body types thatere
recoded as shown fablel. The body types were recoded to correspond with the three

body types used in occupancy data collec{ldnVv, SUV, and HDV)

Table 1: Vehicle Body Type ReClassification

LDV SUV HDV

2S (2 door sedan)
3S(3 door sedan)
4S (4 door sedan)
5S(5 door sedan)
CN (convertible)
CP (coupe)

LM (limousine)
MC (motorcycle)
RD (roadster)

AM (ambulance)
CT (camper trailer)
MP (multi-purpose)
TK (pick-up truck)
TR (pick-up truck)
VN (van)

WK (work truck)
JP(jeep)

BT (boat trailer)

HR (horse trailer)
TL (trailer)

UL (trailer)

BU (bus)

During license plate videprocessingURAs assigrany missed or out of state
license platea vehicle classification using ten vehitypes: 2axle single unit truck, 3 or
4-axle single trailer combination;&xle single unit truck, &xle single trailer
combination, light utility truck, MARTA bus, motorcycle, other bus, passenger car, and
school bugflashcards with examples of eacthige type are included in Appendix D)
These tervehicle typesan be recoded tmorrespond with the three general vehicle types
used in the occupancy data collecti@dV, SUV, and HDV). There were 15,000
records with these recoded vehicle classifarai
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Table 2: Video Processing Vehicle Classification Recode
LDV SUvV HDV

Motorcycle 2-axle single unit truck| 3 or 4axle single trailer combinatio
Passenger car Light utility truck 3-axle single unit truck

5-axle single trailecombination
MARTA bus

Otherbus

School bus

4.1.2 Fuel Type

The fuel type for each vehicle was also recoded in order to combine like fields
(seeTable3). The reasoror the use of multiple letters for the samed | t ype (i . e.
or fAHO fionotkrownband tlok)esearcher wirovided the registration
database information did not have an explanation either.

Table 3: Vehicle Fuel Types
Fuel Code | Decoded Type
Hybrid
Gasoline
Diesel
Flex fuel
Gasoline
Hybrid
Gasoline
Natural Gas
Flex fuel
N/A (no vehicle model listed)

IoIZT|ITIOMOI0O|®

4.1.3 Vehicle Makes and Models

More than60,000 vehicles records were returned from the registration database.
These records includek®4 different vehicle makes and417 different vehicle models.
All trailers were excluded from the make and model recoding process due to the diverse

models and makes and the fact that the trailer details are not representative of the vehicle
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that is haling the trailer. Once the various trailer types were removed from the database,

only 84 nakes and 2,317 models remained. The vehicle makadisdes many

uncommon manufacturers suchhiso, Daewoo, and Datsubutthe list did not contain

any dupliates. In contrast, the vehicle model list included many different iterations of

the samemodel type. The full list of 2,B7 madels was reviewed and duplicate fields

were combined Wile still including model variations that reflected different engine types
(i.e. an AAccord DX0 was changed to simply
separ at e fOnly 88vihicle mdadelsemained after the recoding process.

The complete table of recoded vehicledals is available in Appendix.C

4.1.4Issues Mring Data Processing

As student assistants entieenseplatesin the purposéuilt program there is the
option to includecomments. The comments were recoded to combine similar entries (for
exampl e, ALots of gl ar eTohefieemastcn@lorar e 0 wer e
commentsweil Gl are, 0 ABlurry, 6 ABl ockedrpro ANoO | i
both files, allthe namesof the student assistants that collected the plate data are also

retained andecodedo numeric values for use in analysis

4.2 Occum@ncy
The vehick occupancy data dwt require extensive peptocessing, and
therefore occupancy data from the complete first year of data collecgpte(8ber
2010 September 2011) asvailable for analysisOnly the HOV lane occupanalata are

procesed for matching to license plate data, but an analysis of all the available

33



occupancy data identifies any problems with the data that could affect the matching
process.
Occupancy data files for all sessions afé#ir2010 contain the name of thlRA
who collected the dataOver the four quarters of data collectiower 65different
students collected vehicle occupancy fieldd&aa ch i ndi vi dual 6s o0occur
distributions can be separated according to sessiongdaitaf the weektime period, and
lane. The occupancy distributions are compared across several of these variables to
assesshe potentialaccuracyof the data.Several anomalies emerged in the distribution
of occupancy valueswhich motivated further analysis of the dataccupancy
distributions are expected to vary slightly, but due to the large samp|¢hgze
distributions across different sessions should be comparBBlere analysis of any
guestionable variations in the data, individu&As were contacted for further
explanation® ensure that there were no extenuating circumstati@at could affect the
data, such asquipment problemsr extreme traffic conditions
A detailed data analysis revealed thattain URAs show a tendency to over or
underuse certain occupancy valueBhese specific individuals were identified and their
data wergemoved from the datasefin example of the effect of this biastige tendency
ofone URA(URA44)t o use the Al1l+0 occupancy value a
usi ng t he dueefThaeiffdctioMthes biaslsbowrvimFigure7 andFigure8.
Figure7 illustrates the distribution at Chambl@ecker Road across fifteen URAs.

Figure8s hows t he distribution with URA 44 r emc
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Figure 7: Spring 2011 Occupancy Distribution at OR, General Purpose Lanes only
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Figure 8: Spring 2011 Occupancy Distribution at CTR, General Purpose Lanes only
i URA 44removed

Some of the HOV | ane data reflected an
Oneoccupant motorayles are allowed to utilize the lanes, and motorcycles generally
makeup at least 2% of all vehicles.The prevalence of motorcycles in combination
with HOV lane violatorsould be expectedtoresultan A 10 per cent age of
10%, with the literture review section suggestinglation rates in excess of 10% in
Atlanta[10]. When the URAs whaollected the data were contacted, they explained that
they were mainly giving observed Theset ent i al
URAs did not feel comfortable recording a
think that people would vlate the policies of the lanélhis was clearly a problem the

training system and was addressed prior to Summer 2011 data collection
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Another problemdentified in data analysis the overuse of the HDV vehicle
classification. Despite extensive tnaing, pickup trucks and sport utility vehicles are
sometimes identified as HDVs by certain URA$DVs typically comprise less than 5%
of all vehicles, but due to this mistake some sessions contained over 20% HDVSs.
Misclassification of vehiclesan bea major concern as vehicldassification is one of
only threevariables used when matching occupancy records with license plate records.
Analysts in posprocessing have to be aware of this issue and provide some latitude in
using the SUV vs. HDV pairing @hicles that are likely to be mismatched are identified
in the notes section during the second watching of the video).

Table4 andTable5 highlight the effect of removingeveralURAs (URA 44,

URA 2, andURA 24) from occupancy data at one site (Beaver Ruin Rowael) three
guarters of data collectionThese three URAs did not collect data on the HOV lane so
those percentages are unchangebable5. The only categories thateaaffected by the
changes are Winter AM and Spring PM data for the general purpose lanes. The Winter

AM data has 20. 6% Anl1+0 values before the

P

Al+0 after they are removed. Hecreasenfrem Spr i n

11.7% to 5.2%.

The fall data remain unchanged as names were not collected during field
collection(since names were not recorded there was no way to identify and correct any
potential problemsbutnoneof the identified problem URAs colleatalata in the fall
sessiol, but other sessions change significantly once the bias is remdtedias had a

greater effect whea problem URAcollected data on the same lane over multiple
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sessions or if aroblemURA went out in the field with great frequencythan other

URAs.

Table 4. Occupancy Distribution at Beaver Ruin Roadi all URAs included

AM HOV Lanes General Purpose Lanes
Fall 2010| Winter 2011| Spring 2011| | Fall 2010 | Winter 2011| Spring 2011
1 6.6% 0.9% 9.7% 88.1% 75.3% 86.5%
1+ 10.4% 18.8% 17.2% 7.3% 20.6% 6.6%
2 67.4% 42.7% 41.9% 3.8% 2.9% 5.6%
2+ 10.2% 33.0% 26.6% 0.5% 1.0% 0.9%
3 2.7% 1.7% 2.3% 0.2% 0.1% 0.2%
3+ 0.5% 1.4% 0.4% 0.05% 0.0% 0.1%
4+ 2.2% 1.4% 1.9% 0.1% 0.0% 0.1%
PM HOV Lanes General Pupose Lanes
Fall 2010| Winter 2011| Spring 2011| | Fall 2010 | Winter 2011| Spring 2011
1 6.2% 8.8% 5.0% 84.4% 86.8% 79.2%
1+ 3.1% 5.2% 7.6% 8.4% 5.7% 11.7%
2 52.8% 73.3% 57.8% 5.8% 6.5% 6.8%
2+ 29.8% 5.6% 23.6% 1.0% 0.5% 1.5%
3 4.1% 4.5% 2.6% 0.3% 0.4% 0.4%
3+ 1.3% 0.3% 0.9% 0.1% 0.05% 0.1%
4+ 2.7% 2.3% 2.6% 0.1% 0.1% 0.2%

Table 5: Occupancy Distribution at Beaver Ruin Roadi URAs with bias removed
from Spring and Summer 2011

AM HOV Lanes General Purpose Lanes
Fall 2010 | Winter 2011| Spring 2011 | Fall 2010 | Winter 2011| Spring 2011
1 6.6% 0.9% 9.7% 88.1% 87.7% 86.5%
1+ 10.4% 18.8% 17.2% 7.3% 7.9% 6.6%
2 67.4% 42.7% 41.9% 3.8% 3.5% 5.6%
2+ 10.2% 33.0% 26.6% 0.5% 0.8% 0.9%
3 2.7% 1.7% 2.3% 0.2% 0.1% 0.2%
3+ 0.%% 1.4% 0.4% 0.05% 0.0% 0.1%
4+ 2.2% 1.4% 1.9% 0.1% 0.0% 0.1%
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PM HOV Lanes General Purpose Lanes
Fall 2010| Winter 2011| Spring 2011| | Fall 2010 | Winter 2011| Spring 2011
1 6.2% 8.8% 5.0% 84.4% 86.8% 85.3%
1+ 3.1% 5.2% 7.6% 8.4% 5.7% 5.2%
2 52.8% 733% 57.8% 5.8% 6.5% 7.4%
2+ 29.8% 5.6% 23.6% 1.0% 0.5% 1.3%
3 4.1% 4.5% 2.6% 0.3% 0.4% 0.4%
3+ 1.3% 0.3% 0.9% 0.1% 0.05% 0.1%
4+ 2.7% 2.3% 2.6% 0.1% 0.1% 0.2%

4.3 The Matching Process

After the occupancy and license plate dataeprocessed indidually, the

matching processequired another round of-ohepth processingThe occupacy data

only needed minor correctisnsuch as adding missed vehicles and determining the

starting and end point of data collection in relation to the license pletesever, re

watching the license plate video using the information from the registration database

exposed errors in the both the initial video processing as wigllthsvehicle

registration database.

4.3.1 License Plate Transcription Corrections

Whenthelicenseplate videos are first processed by URASs, each video is

converted to still images (two frames per second)thed separated into folders by

twenty-minute interval. Everyime a URA signs into the processing program, the next

available video egment is uploaded from the queue. Because of this queue process,

many URAs will process portions of the same day of video, so any errors noted in this
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section are distributed randomly throughout out the dataset rather than limited to one

complete day of ata.

4.3.1.1 State Assignment

Only Georgia license plate records are available for this study, so any out of state
plates are assigned a vehicle classification during the initial video procekdR#g are
given flashcards with examples of differenttstbcense plates to assist them in making
accurate recordst he f |l ashcards were developed by D¢
Appendix D[45]). When the licens plate video wareviewed a second timenany out
of state plates were incorrectly identified as Georgia or another state altodetitef-
state licensglates mistakenly assigned a Georgia plate can result in incorrect records
from the registration dabaséf there is a vehicle with the same letter/character
combination(on average3.2% of plates were incorrectly identified as Georgia a@é6.
of these misclassificatiomreturned incorrect GA records]) he video processing
software requires each URA enter his or her name before each processing session, so
the out of state errors could be analyzed by URe specific URAURA 57) entered

all license plates as Georgia, even when they were clearly not Georgia plates.

4.3.12 Motorcycles

Motorcyclesare the source of several discrepandiedata processingFirst, the
use of only three vehicle classifications in occupancy data collection (LDV, SUV, and
HDV) does not allow motorcycles to beiquely identified The majority of motorcycles

have onlyone occupant, sabelingall motorcyclesasLDVs can skew the perceived
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violation rate. The video processing software does not provide a motorcycle
classification option eitherAdding to this issue is the extremely small physical size of
motorcycle Icense plates, which makes accurate transcription very difficultvelren
usinghigh definition camerasOut of the 60,000 recordsturned from the registration
database, onl29 are motorcyclesReviewingthe videosa second timeevealedhat
motorcydes comprise 1.7 of all vehicles in the HOV laneersusthe 0.04% that

returned records from the registration datab&3ee particular URA completely ignored
motorcycles when paessing the license plate video, which only added to the problem of
missedmot orcycl e | icense plates as many of
time wereclearlyvisible. Changes to the video processing program and the occupancy
data collection equipment could help identify motorcycles in the future. Rather than
groupingmotorcycles in with all light duty vehicles (LDVs), motorcycles could have a
separate category on the occupancy keypad and in the video processing sdftigare.
problem could exist in other studies, so unless the issue of motorcycles is specifically

addessed violation rates may higher than in reality.

4.3.13 Time Stamps

As previously mentionedhe license plate video is convertedrtmgesfor use in
the processing softward'wo images are captured for every second of video, and URAs
are then able ttab through the images to find the clearest image of each license plate.
When vehicles travel very close behind each other, some license plates are only visible
for one frame or multiple plates are visible in one screen sk®tn experiment, the

Pleasint Hill video was reduced to one frame per second rather than two frames per
41
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second. Due to this changeuliiple license plates have the same time stamp, and when
thedata areexported in .CSV format, the two or more records with the same time stamp
aresorted alphabeticallyThe plates do not always occur in alphabetical order, so during
the rewatching of the video the records had to bendered. Rarely, a vehicle may be
missed during video processin§ome vehicles travel so closely together thatfirst
vehicle may be obscurednd this problersontributed tdl.9% missed vehicles over one

session of data

4.3.14 Notes

The notes field also allowed extra comments that assist the matching priecess.
example single ridermotorcycles and vehies with higher occupancy rates such as
transit buses are flagged so that the occupancy values can be easily v&héed.types
of vehicles are less likely to result in uncertain occupancy values due to their unique body
type and visibility. To obtainaccurate occupancy values, express bus occupancy values
are handled separately (through surveys)
were assigned to all busegehicles may change lanes (illegally since there is not a
weaving section) or trav@hmediately behind other vehicles so that they are obscured
from t he occupancyAnydiensaplate cdrrécionstaeal®cerded | e w.
in the notes section; approximately empgarter of incorrect plates can be corrected with

this method.
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4.3.2 Reqistration DatabaSmrrections

A small numbe((less than 1%9f license plates returned incorrect vehicle
information even though the license plate was transcribed corrégt{yeorgia, a license
plate stays with the individual rather than tedicle, and an individual has 30 days to
transferan existingicense plate to a new vehidk6]. The frequency of updates to the
registration database is unknown, soitfe®rrect recordareassumed to be owif-date
information due to new vehicle purchasesstolen license plates

Nearly 20% otranscribedicense pl#es did not return a record from the database
despite being extremely clear in the vidédo specific trend explained the lack of
records, and the records werestgmitted to GTRI to test if the lack of records was due
to a problem in thanitial query. Of the 20,000 plates that weresebmitted, 25%dver
5,000) returned a record.he only change made to the license plate data prior to the
request was to convert entries to all upper case letBageral weeks later, researchers
discovered a major &ar in the initial license platesequestdue to a conversation with a
URA. TheURA pointed out that thstate of Georgialways uses zero in placetbe
|l etter OO0 on |icense plates, even in the
written @& Z00OM) Several hundred license plate recacds nt a i n &hds issue Was 0 .
notresolvedin time to add these missing plateshe analysis for this thesis, but moving
forward all futurelicense plate e quest s wil |l conVhempactenny fAo06s
the data should not be significant since libense plates with zeroes are randomly

distributed).
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As previously mentioned in Section 4.1.1, all vehicles are classified as 25 distinct
bodytypes n Geor gi ads Vv e hi.cAlteetherbedgtypesstare ecoded n d at &
to match the three basic vehicle classifications used in occupancy data collection, the
vehicle classificationanbe used as a variable for matchirignfortunately, the body
type classification is inconsistent even among the sameleehbdel, so many of these
vehicles were relassified by hanavhile rewatching the video An exampleof this
body type classificatiomconsistencys the Honda CR/, which is enteed in the

registration base &S (four door sedan), M@nulti-purpose) andSW (sports wagon).

4.33 Occupancy Data Collection Corrections

Vehicles ingeneral purposkanes 15 (all lanes between the HOV lane and the
goreareajnay al so obstruct the occupancy <coll ec
in missed vehiclesData collectors in the field are able to watch each vehicle for a
further distance than is captured in the gore area video, but potential misses can be noted
in the database and then compared to any discrepancies between the occupancy and

license plate stlams. Figure9 shows an example of occlusidne to a tractetrailer.
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Figure 9: Occupancy Data CollectionOcclusion Example

4.4 Actions tolmprove Methodologies
Many of the issues discussed in thigpter are preventable, and knowledge of all
of the potential issues is very beneficial for the analysis of the &searchers took
immediate actiomo address many of these issteegmprove future data collection

efforts.

4.4.1 Methodology Improvement

The changes to the occupancy data collection started for the spring data collection
are now integrated into the standard data collection procediwery session, two URAS
record occupancy for the HOV lane and a camera {gs@t the gore aredn previous
data collection sessions, URAs chose their own lane assignniatg: URAs

expressed a strong preference for one lane and collected data on this lane every session.
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The bias of one URA can greatly affect the data if no one else ever has theoipptot
collect accurate data on that particular lame.reduce the impact of bias on one lane,
URAs are now rotated to a different lane for each session (some repetition still occurs as
there are only six lanes and many URAs work at least two segsomgeek). One URA
Is also designated the occupancy area supervisor for each session; this supervisor works
with each URA to make sure he or she is entering the data correctly, observing the
correct lane, and not taking any extended bredk& supervisocan also quickly deal
with any equipment malfunctions in the field so that other data collectors do not have to
stop recording occupancy data.

Beginning in the summer session, maextient data checkgereperformedfor
completedvideo and occupandyt es. If any files are deeed inaccurate (either due to
badoccupancy obad video quatly), a makeup data collection wsaschedule@s soon as

possible

4.4.2 URA Training

Many URAs work multiple semesters on tH®V-to-HOT project, but there is
still a large amount of turnover due to factors such as class scloedhfliets and student
graduation All new URASs receive detailed training before beginning the occupancy data
collection or video processinglhe potential mistakes discovered in the processing
data for this thesis are now integrated into the new training materials to minimize the
likelihood of new URAs making the same mistakésy returning URAs also received
trainingsothat they maintain good data collection meth@dsl occupancy data €ross

compared across URAs as part of QA/QC to verify that the trainings are effective
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Several URAs with exemely poor performancédigs or errors) were terminated, and

URAs with minor errors received individual training in addition to the groupa®ssi
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CHAPTER 5: DATA ANALYSIS

The license plate and occupandgtaareanalyzedndependently and then
together. License plates from Lane 0 and Lane 1 collected in the Springs#3sion are
compared to highlight differences between carpoolers andesigupant vehiclesn
the general purpose lane@ccupancy data from the first four quarters of data collection
(September 201Geptember 2011) are useddevelopdistributions for the HOV lane
and the general purpose lanes to identify any variance®dite, time, or day of the
week. Finally, matched occupancy and license plate records from Spring 2011 are studies

to create a profile of current users of the HOV lane prior to the conversidiQ@T dane.

5.1 License Plates
Chi-square tests were penfoed to compare the independence of different
variables for Lane 0 (the managed lane) and Lane 1(the adjacent general purpose lane).
A 95% confidence level was used in the analysis. Due to the large sample size, almost all

tests were significant.

5.11 Vehicle Ownership

The vehicle registration database assigns one of three ownership values for each
vehicle: commercial, government, and private. Approximately 9% of vehicles were
commercial, less than 1% government, and 90% private. The percentagenudroial
vehicles in the managed lane was 11% while the percentage in the general purpose lane
was only 8%. The percentage of commercial vehicles in Lane 0 was also higher than

expected, and commercial vehicles also showed a greater variation in vegistgation
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addresses, which may indicate that these vehicles are not traveling to or from the
registered address or are being used for personal trips. Although the total number and
percentage of government vehicles on the road was small (only 460 gewmtwehicles

were observed), the percentage of government vehicle using the carpool lane was nearly
seven times higher than in the adjacent general purposeTaerechisquare test results

show significance at the 95% confidence level and the full seefitihe test are shown in

Table®6.
Table 6: Vehicle Ownership and Lanes ChiSquare Results
Vehicle Ownership* Lane Crosstabulation
Lane Total
HOV GP1
Vehicle Count 2445 3066 5511
Ownership Commercial | Expected Count 2000 | 3511 | 5511
% within Lane | 11.1% | 7.9% 9.1%
Count 367 93 460
Government | Expected Count 167 293 460
% within Lane | 1.7% 0.2% 0.8%
Count 19235 | 35531 | 54766
Private Expected Count 19880 | 34886 | 54766
% within Lane | 87.3% |91.8% |90.2%
Total Count 22047 | 38690 | 60737
Chi-Square Tests
Value df Asymp. Sig. (Zided)
Pearson ChBquare | 564.051 2 .000
Likelihood Ratio 548.564 2 .000

The distribution of the cities attached
significantdifferences. Nearly 25 percent of all vehicles in the HOV lane are registered
in the nearby city of Lawrenceville, yet only 12 percent of commercial vehicles are
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registered in Lawrenceville. Commercial vehicles in the managed lane were just as likely
to be registered in Atlanta as Lawrenceville, while only 5% of all vehicles are registered

in Atlanta. This indicates that commercial vehicles are registered and used in different
locations. A recent dissertation found that household travel behavioyidifferent

when a commercial vehicle is present in the household (these households have higher trip
rates than households without a commercial vehicle with all other major demographic
variables being equ@d7]). A travel survey could provide more conclusive evidence

about the trip origins and destinations of these commercial vehicles, as well as the trip

purposes.

5.1.2 Vehicle Classification

Vehicle classifications were included as bodyetyn the registration database,
and as discussed in the data processing chapter the tiiventljfferent body types were
recoded to the three vehicle classifications useat@upancy data collection (refer to
Tablel). The actual count of heavy duty vehicles in the HOV lane was twice the
expected count, and the reverse trend was observed in Lane 1 as the actual count of
HDVs was only 40% of the expiaal count. Even though HDV vehicles were more
prevalent in the carpool lane, they are still less than one percent (0.8%) of all vehicles
(compared to 0.2% on Lane 1). SUVs account for nearly 60% of vehicles in the carpool
lane but less than 50% of veldslin Lane 1.

Although the higher number of heavy duty vehicles (HDVs) using the carpool
lane may be counter to initial expectation, this may make some sense as a large number

of work trucks with crews were observed using the carpool lane. Busesxukredeel
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from the vehicle classification and fuel type analyses (a total of 230 bus license plates
were recorded with 98% of these buses observed in the carpool lane). The biggest
finding with respect to lane use is that a significantly larger percent&jd\ts are using
the carpool lane than are using the adjacent general purpose lane.

Table 7: Vehicle Classification and Lane ChiSquare Results

VehicleClass * Lane Crosstabulation

Lane Total
HOV GP1
VehicleClassg HDV Count 171 65 236

Expected Count | 85.1 150.9 |236.0
% within Lane 0.8% 0.2% 0.4%

LDV Count 8978 20200 | 29178
Expected Count | 10523 | 18655 | 29178
% within Lane | 41.1% |52.2% |48.2%
SUvV Count 12672 | 18421 | 31093
Expected Count | 11213 | 19880 | 31093
% within Lane 58.1% | 47.6% |51.4%

Total Count 21821 | 38686 | 60507
Chi-Square Tests
Value df Asymp. Sig. (Zsided)
Pearson Chbquare| 787.011 |2 .000
Likelihood Ratio 784.167 |2 000

The vehicles types can be further subdividedXaminethe tendencies of
different types of SUVs and LDVs to utilize the carpool lane. The expectation was that
larger vehicles, such as fidize sedans or SUVs, would be more likely to use the carpool
lane than smaller two door coupes or small SUVs. Two door, four door, and éive do
sedans were analyzeding the body type variable from the vehicle registration database.

Five door sedans (hatchbacks) were the least common sedan type on either lane with only
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21 total observations. The five dosgdarexpected counts were differefrom the actual

counts but de to the extremely small sample size these results were not conclusive. The

counts for two door and four door sedans were not significantly different from the

expected counts. dbtrary to the hypothesibat smaller sedansao door) would be less

prevalent in the carpool lanee results of the ctequare test for LDV sublassifications

were not significantlespite the large number of HOV observatifrsble 5).

Table 8: Sedan Body Types and Lanes I@-Square Results

Sedans * Lane Crosstabulation

Lane Total
HOV GP1

Sedans| 2 Door | Count 304 726 1030
Expected Coun| 325.4 704.6 1030.0

% within Lane | 3.8% 4.2% 4.0%
4 Door | Count 7753 16735 | 24488
Expected Coun| 7736 16752 | 24488
% withinLane |96.1% | 95.8% | 95.9%

5 Door | Count 11 10 21

Expected Coun| 6.6 14.4 21.0

% within Lane | 0.1% 0.1% 0.1%
Total Count 8068 17471 | 25539

Chi-Square Tests

Value df Asymp. Sig. (Zided)
Pearson Chbquare | 6.310 2 .043
Likelihood Ratio 6.014 2 .049

Next, the different categories of SUV s were examined. This analysis was

somewhat hindered by the unclear body type assignments employed in the registration

dat abase.

For

exampl e,

52

t he

S Wo

category



from station wagons, to small SUV spowiagons, to crossover vehicleAs expected,

the majority (over 90%) of large passenger vans observed were in the HOV lane. Small
passenger vans also were disproportionately observed in the carpool lane, representing
26% of the vehicles in the HOV lane and only 14% of the adjacent general purpose lane.
The use of pickup trucks differed only slightly across these lanes. However, large SUVs
represented a much lower percentage of HOV traffic thareigéneral purposerie

(35% vs.49%), indicating that the large passenger carrying capacity of these vehicles is

probably not a driving factor in commute choice.

Table 9: SUV Body Types and Lane ChiSquare Results

SUVTypes * Lane Crosstabulation

Lane Total
HOV GP1
SUVTypes | Camper/Trailer | Count 7 3 10
Expected Count | 4 6 10
% within Lane 0.1% 0.0% | 0.0%
Passenger Van/ | Count 121 28 149
Non-Transit Bus | Expected Count | 61 88 149
% within Lane 1.0% 0.2% | 0.5%
Pick-Up Truck Count 3888 6075 9963

Expected Count | 4061 5902 9963
% within Lane 30.7% | 33.0% | 32.0%

Sports Count 494 773 1267
Wagon/Crossover Expected Count | 516 751 1267
Small SUV

% within Lane 3.9% 4.2% |4.1%

SUV Count 5122 9005 14127
Expected Count | 5759 8368 14127
% within Lane 40.4% | 48.9% | 45.4%

Van Count 3044 2537 5581
Expected Count | 2275 3306 5581
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% within Lane

24.0%

13.8%

17.9%

Total

Count

12676

18421

31097

Chi-Square Tests

Value df Asymp. Sig. (Zsided)
Pearson Chbquare 676.234 5 .000
Likelihood Ratio 669.962 5 .000

5.1.3 Fuel Type

Alternative fuel vehicles are slowly gaining popularity in the United States, and

this data set provided an excellent opportunity to take closer look at the prevalence of

these vehicles in the85 commute fleet.The strict federal definition of alternative fuel

vehicle, which is also used by the State of Georgia, does not include gasoline hybrids like

the popular Toyota Pri25]. Alternative fuel vehicles under the federal definition

qualify for Georgia AFV plates, which allow drivers to use the carpool lane.

Five different fuel types are recorded in the registration database: diesel, flex fuel,

gasoline, hybrid, and natural gadiesel vehicles accounted for 4.5% of vehicles in the

carpool lane but only 1.8% of vehicles in Lan& the high proportion of dies&khicles

in the HOV lane correlates back to the high number of commercial and heavy duty

vehiclesinthelaneF | e x f u e |

vehicles

ar

e el

Ioni

Georgia but the actual count of these vehicles in the HOV lane was glight than

expected (3%). Not all flexfuel vehicles have the AFV license plate, @g@®8total

vehicles

observed). @ly 71 of theséAFV platesreturnedrecordsfrom the vehile registration

with t

he

bl e

for

of ficial rvé&d09f gfivehiclédi AFVO |

database. Of the 72, there were only 22 unique vehicles (most vehicles were observed on
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more than one day)AFV vehicles are simply riorery prevalent in the NE85 corridor

fleet (natural gas vehicles were the least common AFV fue typh only eleven total
records) Gasoline vehicles represent such a large majority (over 90%) that the test was
repeated with this category excluded to highlight the differences in the other categories
(seeTablell).

Hybrid vehicles are much more prevalent than official AFV vehicles, with 544
records from the registration database. As mentioned in the literature review, a previous
study used uncommon variables such as Sierra Club membership levels to examine the
relationshipbetween environmentalism and propensity to carpool (the study did find a
positive correlation). Based on this previous work, researchers hypothesized that hybrid
vehicle owners would be more likely torpaol. While the results of the firshi-square
test for fuel typeas well as the test results with gasoline excluderk significant, there
was no practical difference between the percentage of hybrid vehicles on the carpool lane
and Lane 1.In fact, once gasoline was excluded the actual count ofdybhicles in the
carpool lane was over twenty percent lower than the expected cbumtsecond test
increased the difference between the expected and actual counts of flexfuel vehicles as
well. Natural gas and diesel vehicles were the onlygesolinefuel types that had

greater actual percentages in the carpool lane than expected.
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Table 10: Fuel Type and Lane ChiSquare Results

FuelType * Lane Crosstabulation

Lane Total
HOV GP1
FuelType Diesel Count 991 686 1677
Expected Count | 606 1071 1677
% within Lane 4.5% 1.8% 2.8%
Flexfuel Count 752 1253 2005
Expected Count | 725 1280 2005
% within Lane 3.4% 3.2% 3.3%
Gasoline | Count 19922 | 36332 | 56254
Expected Count | 20336 | 35918 | 56254
% within Lane 91.1% |94.1% |93.0%
Hybrid Count 192 352 544
Expected Count | 197 347 544
% within Lane 0.9% 0.9% 0.9%
Natural Count 11 0 11
Gas Expected Count | 4 7 11
% within Lane 0.1% 0.0% 0.02%
Total Count 21868 | 38623 | 60491
Chi-Square Tests
Value df Asymp. Sig. (2-sided)
Pearson Chbquare| 416.845 4 00
Likelihood Ratio 400.538 4 .00
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Table 11: Fuel Type and Lane ChiSquare Resultggasoline excluded)

FuelType * Lane Crosstabulation

Lane
0 1 Total

FuelType |Diesel |Count 991 687 1678
Expected Count 770.5 907.5 1678.0

% within Lane 50.9% 30.0% 39.6%

Flexfuel |Count 752 1253 2005

Expected Count 920.7] 1084.3 2005.0

% within Lane 38.6%| 54.7% 47.3%

Hybrid |Count 192 352 544

Expected Count 249.8 294.2 544.0

% within Lane 9.9%| 15.4% 12.8%

Natural |Count 11 0 11

Gas Expected Count 5.1 5.9 11.0

% within Lane .6% .0% .3%

Total Count 1946 2292 4238
Expected Count 1946.0 2292.0 4238.0

% within Lane 100.0% 100.09% 100.0%

Chi-Square Tests
Value df Asymp. Sig. (2sided)
Pearson ChBquare |211.483 3 0.000
Likelihood Ratio 216.636 3 0.000

5.1.4 Model Year

Vehicle model yearcabe au s e f u |

in enhanced vatle emissions impact research.
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will be done in the future using this data set). Vehicle mpelats were binned so that
the chisquare test could be applied, but no category showed any practical difference
(despite the significance indicated by the lowgbue). A subsequent analysis will

examine the breakdown of vehicle model years by enginéicaion grouping for use

of
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Table 12: Model Years and Lane ChiSquare Results

Lane
0 1 Total

YeaBins 1989 and earlier| Count 174 293 467
Expected Count 170.8 296.2 467.0

% within Lane 0.7% 0.7% 1%

19901994 Count 590 951 1541
Expected Count 563.5 977.5 1541.0

% within Lane 2.5% 2.3% 2.3%

19951999 Count 3223 4924 8147
Expected Count 2979.3 5167.7 8147.0

% within Lane 13.4% 11.8% 12.4%

20002002 Count 4193 713 11331
Expected Count 4143.7 7187.3 11331.0

% within Lane 17.4% 17.1% 17.2%

20032004 Count 3743 6668 10411
Expected Count 3807.3 6603.7 10411.0

% within Lane 15.6% 16.0% 15.8%

20052006 Count 4375 7705 12080
Expected Count 4417.6 76624| 12080.0

% within Lane 18.2%| 18.5% 18.4%

20072008 Count 4371 7751 12122
Expected Count 4433.0 7689.0 121220

% within Lane 18.2%| 18.6% 18.4%

20092010 Count 2769 5289 8058
Expected Count 2946.8 5111.2 8058.0

% within Lane 11.5% 12.7% 12.3%

20112012 Count 616 1003 1619
Expected Count 592.1] 1026.9 1619.0

% within Lane 2.6% 2.4% 2.5%

Total Count 24054 41722 65776
Expected Count 24054.C0 41722.0 65776.0

% within Lane 100.0% 100.0% 100.0%

Chi-Square Tests

Value df Asymp. Sig.(2-sided)
Pearson ChEquare 56.557 8 .000
Likelihood Ratio 53.357 8 .000
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5.15 In-State vsOut-of-State Vehicles

Out-of-state vehicles observed in this data collection effort may just be passing

throughthe region. However,since the collection onlypok places during peak

commuting periods it is likely that many of these vehicles are garaged in Georgia but

registered in another state (this could also apply to vehicles registered in distant Georgia

counties). Previous research in the Atlanta areand that approximately 67% of

vehicles have the registration database address as the point of@Bjgifihe

percentage of ottf-state vehicles in the HOV lane is slightly higher than in the adjacent

general purpose lane, aatso about 20% higher than the expected count from the chi

square test (s€keablel13).

Table 13: In-State Registration and Lane ChiSquare Results

StateGAvsOut * Lane Crosstabulation

Lane Total
HOV 1
StateGAvsOut | GA Count 32163 | 53372 | 85535
Expected Count| 32425 | 53110 | 85535
% within Lane | 94.9% | 96.1% | 95.6%
Out of Count 1746 2168 3914
State Expected Count | 1484 2430 3914
% within Lane | 5.2% 3.9% 4.4%
Total Count 33909 | 55540 | 89449
Chi-Square Tests
Value df Asymp. Sig. (Zided)
Pearson ChBquare 78.069 1 .000
Cortinuity Correction | 77.771 1 .000
Likelihood Ratio 76.636 1 000
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5.2 Occupancy
The processed occupancy ditraall four quartersvereanalyzed texaminethe
impact of factors such as site, day, and time on the occupancy distribiBecesuséwo
datacollectors recorded occupancy on the HOV lane beginning in late May @04 ket
of HOV lanerecordswas removed on each of these sessions to eliminatecorrelation
of the data The vehicleoccupancy, vehiclelassification URA nameand a time stmp
arerecorded with the occupancy (LDV, SUahd HDV) but no other vehicle

information is included in each record.

5.2.1 Overall HOV vs. General Purpose

Over faur quarters, 1,562,03#ccupancy records were collected at the five sites
on |-85. After theduplicate HOV lane values were removed from thelutege,
1,434,634 unique occupancy recordmained The problem URA data were also
removed. The overall distributions of the HOV lamed the general purpose lanes
(Lanes 15) are seen ifrigure10andFigurell. Nearly 90%0of vehicles in th&sP lanes
have only one occupant afd.3% of vehicles in the HOV lane have two occuparitke
HOV lane has abouts®% singleoccupant vehicles and another%.56f possible violators
(Al+0 records). One should note that moto
distribution even though they are legal lane users with only one occudattrcycles
were observed to make slightly less than two percent of all vk, so theactual
violation is a little lower than the graph illustraté&se higher occupancy categories (2+
and above) represent less than two percent of vehicles on the general purpose lanes (the

counts are so small that these categories are barddievisFigurell).
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HOV Lane Occupancy Distribution for Sept. 2010-Sept. 2011

N = 197,824
60.0%]
-
c
8 40.0%-
S
[
o
20.0%
0.0% T T T T T T T
1 1+ 2 2+ 3 3+ 4+
Occupancy

Figure 10: HOV Lane Occupancy Distribution for Sept. 2016Sept. 2011

General Purpose Lanes Occupancy Distribution for Sept. 2010-Sept. 2011

100.0% N = 1,236,810

80.0%

60.0%"

Percent

40.0%

20.0%"

0.0%

Occupancy

Figure 11: GP Lanes Occupancy Distribution for Sept. 201ept. 2011
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Two URASs record dat on the HOV lane, but théservergeceive additional
training andknow that their results are being compared ahaoltest the accuracy of
URAs on one of the general purpose lanieg, YRAs were assigned to record oarle 4
without knowing that the redts would be comparedrigurel12 illustrates the occupancy
distributions of each URA, and allThéd i ve UR

percentages of each occupancy category are very similar, but URA 10 recorded half as

many total occupancy records.

August 2011 OPR Lane 4 Occupancy Distribution

Name

N = 8724 W URA 10
100.0%]

[ URA 20
] URA 22
[ URA 28
C]URA 39
80.0%
g 60.0%
1
[}]
o
40.0%
20.0%
0.0%- AFD];H_‘ = 1 i T
1 1+ 2 2+ 3 4+
Occupancy
Figure 12 Comparison of Five URAs on One GP Lane
Il n order to see the difference in the o

were excluded and the distribution for the higher occupaneyesas shown ifrigure
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13. URA 20 and URA 39 record slightly more
actual counts of these values were less than 40 (out of about 1800 records per URA). The

ot her t hree URAS® vektoeded zero in2

August 2011 OPR Lane 4 Occupancy Distribution (1" excluded)

Name
N =838 B URA 10
[ URA 20
[CJURA 22
[l URA 28
CJURA 39

100.0%

80.0%

60.0%

Percent

40.0%"

20.0%

0.0%=
1+ 2 2+ 3 4+

Occupancy

Figure1l3 Comparison of Five URAs on One GP

5.2.2 Variancalue to Time and Site

Only a limited number of session&rematched due to the extensive processing
time, so the variance of oqeancy by site, day, and time were examined to ensure that
the chosen sessions would not reflect any particular IiNasTuesday or Beaver Ruin
Roaddata werematched (the full details of the matched data are included in Section 5.3).

The updated occupaypenethodology was not implemented until the second week of
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spring data collection, so no Beaver Ruin data was matchiathle 14 includes the

percentages of each occupancy value by day of the week. Fall 2010 data included a few

Monday sessions, but these data were excluded for consistency with the other data

collection sessions. As in earlier analysis, data from the problem URAs are excluded.

Since URA names were not included in the fall 2010 files, any potential data from

prodem URAs from that session could not be removed. Thursday HOV lane AM data

t o

ilo

have nearly 10% |l ess A20 buitheyersentagédsafthe Tu e s d
A2+0 and higher values are very similar
purpse | ane day to reflect |l ess than 89%
Table 14: Occupancy Distributions by Day of the Week
AM HOV Lanes General Purpose Lanes
Tuesday| Wednesday| Thursday Tuesday | Wednesday Thursday
1 6.7% 8.7 14.3% 84.1% 89.1% 91.8%
1+ 9.% 9.4% 14.3% 9.8% 6.1% 2. ™%
2 68.1% 62.3%0 51.9% 5.5% 4.2% 4.6%
2+ 11.2%6 14.68% 15.3% 0.4% 0.3% 0.7
3 2.2% 2.6% 1.8% 0.1% 0.2% 0.2%
3+ 0.2% 0.4% 0.5% 0.03% 0.03% 0.08%
4+ 1.7 2.0% 1.8% 0.020 0.1% 0.1%
TOTAL | 100.0% | 100.0% 100.0% 100.0% 100.0% 100.0%
PM HOV Lanes General Purpose Lanes
Tuesday| Wednesday| Thursday Tuesday | Wednesday Thursday
1 9.7 8.6% 9.1% 90.4% 89.20 89.8%
1+ 8.0% 6.0%0 6.8% 2.% 3.0% 2.3%
2 68.%%0 70.3% 70.9% 5.% 6.5% 6.8%
2+ 7.2% 7.4% 5.7 0.3% 0.6% 0.5%
3 3.8% 4.2% 4.3% 0.3% 0.5% 0.4%
3+ 0.5% 0.5% 0.3% 0.0% 0.1% 0.0%
4+ 2.6% 2.% 2.8% 0.2 0.2 0.2%
TOTAL | 100.0% | 100.0% 100.0% 100.0% 100.0% 100.0%
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Next, the occupancy distributiomgere compared by site (still separated by AM
and PM). As a reminder, only PM data are collected at Chambiezker so AM data are
not availableMany of the differences in the occupancy distributions aatdfesent
days of the week wee bet ween ncertaimd aamaduiés (1 vs.
for the site comparison includes the combined category percentdigeny Carter
Boulevard had over 15% fil0 occupancy recor
6-8% at other sites), bith e c ombi ned A atJdCBarem2aN% fvtlickie val ues

comparable tohe other sites

Table 15: HOV Lane Occupancy Distributions by Site

AM HOV Lanes
CTR (%) JCB (%) BRR (%) PHR (%) OPR (%)
1 15.5 037 6.6 205 5.9 166 7.7 o g
1+ 8.2 ' 13.9 ' 10.7 ' 18.1 '
2 59.5 57.1 66.2 57.1
72.5 74.0 79.0 69.9
2+ N/A 13.0 16.9 12.8 12.8
3 1.8 2.8 2.2 2.1
3+ 02 20 =551 34 oz | 2% oz 2°
4+ 1.7 1.7 2.1 2.1 1.8 1.8 | 1.8 | 1.8
Total 100.0 | 100.0| 100.0 | 100.0 | 100.0 | 100.0| 100.0| 100.0
HOV Lanes
PM
CTR (%) JCB (%) BRR (%) PHR (%) OPR (%)

1 6.8 10.3 7.7 9.3 12.0

20.3 14.3 12.6 16.3 19.9
1+ 13.5 4.0 4.9 7.0 7.9
2 68.7 74.4 65.9 72.3 64.5

71.9 77.7 80.8 76.8 72.6
2+ 3.2 3.4 14.9 4.5 8.1
3 4.2 4.7 3.3 4.1 4.1
=+ 04| *° 031> 07 %03 | * 02|
4+ 3.2 | 3.2 2.9 2.9 2.5 2.5 2.5 25 | 2.8 | 2.8
Total | 100.0| 100.0| 100.0 | 100.0 | 100.0 | 100.0| 100.0 | 100.0| 100.0| 100.0
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Table 16: General Purpose Lanes Occupancy Distributions by Site

General Purpose Lanes

AM CTR (%) JCB (%) BRR (%) PHR (%) OPR (%)

1 87.1 94.6 90.2 w 94.2 96.2 89.0 92.0
1+ 7.5 4.2 2.4 3.0

2 4.9 55 4.6 - 2.9 31 6.5 26
2+ N/A 0.3 0.6 0.2 1.1

3 0.2 0.2 0.2 0.2

3+ 00 | %2 oz | %[00 | %2 [0z 03
4+ 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Total 100.0 | 100.0| 100.0 | 100.0 | 100.0 | 1000 | 100.0| 100.0

General Purpose Lanes

PM CTR (%) JCB (%) BRR (%) PHR (%) OPR(%)

1 88.3 90.6 92.3 93.9 88.7 93.4 91.3 93.7 86.9 90.2
1+ 2.3 1.6 3.7 2.4 3.3

2 7.8 5.1 6.4 5.4 8.5

2+ 0.7 8.5 0.4 > 0.6 7.0 0.4 58 0.5 9.0
3 0.6 0.4 0.4 0.3 0.5

3r 00| 2% 00 | ® 00| %[00 | 2[00 %
4+ 0.3 0.3 0.2 0.2 0.2 0.2 0.2 0.2 0.3 0.3
Total | 100.0 | 100.0{ 100.0 | 100.0 | 100.0 | 100.0| 100.0 | 100.0| 100.0| 100.0

5.3 Matched Occupancy and License Plates
Due to the timéntensive processing, only fiva the eighteemvailabledata
collection sessions were matchedver 7,000ccupancy values were tahed to
vehicles from the license plate vidég780 (82.2%hadconsistenbccupancy records,
and of these matched and accuratords 3,570 (61.8%ladlicense plate data.
Table17 defines consistent andconsistent occupancy valuel.both observers record a

miss (this happened 2.6% of the time), no occupancy values can be entered into the final
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databaseThedefinitionsofc onsi st ent are modi fied from D¢
exclude the match of value49. such as A1l0 an
Table 17: Definition of Consistent Occupancy Values
Occupancy Value A | Occupancy Value B Result

1 1 Consistent

1 1+, 2, 2+, 3, 3+, 4+| Not consistent

1+ 1+, 2, 2+, 3, 3+, 4+ Consistent

1+ 1 Not consistent

2 1+, 2 Consistent

2 1, 2+, 3, 3+, 4+ Not consistent

2+ 1+, 2+, 3, 3+, 4+ Consistent

2+ 1,2 Not consistent

3 1+, 2+, 3 Consistent

3 1,2, 3+ 4+ Not consistent

3+ 1+, 2+, 3+, 4+ Consistent

3+ 1,2,3 Not consistent

4+ 1+, 2+, 3+, 4+ Consistent

4+ 1,23 Not consistent
The details of the inconsisteaccupancy values are showrTiable18. The inconsistent
pairs are shown separately by Observer A and Observer B, so each pair of inconsistent is
shown twice (e.g. Observer recor daateiy2 0 whi
t han Observer recor ds Thdmostwdmmbne Obser ver
i nconsistent pairing was A20 and Alo0, with

matched records. The inconsistent values are 15.4% of the total matched rHddwels.

def i

nition

of

consi stent
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strict

exclusion

of v al

values could have been labeled as consistent.

Table 18: Occurrence of Inconsistent Occupancy Records

ues

such

Observer A | Observer B Count % of Total Records
2 1 238 3.59%
2 2+ 149 2.25%
1 2 135 2.04%
3 2 103 1.55%

2+ 2 89 1.34%
1 1+ 85 1.28%
2 3 80 1.21%

1+ 1 39 0.59%

4+ 2 26 0.39%
2 4+ 20 0.30%
3 4+ 17 0.26%
2 3+ 9 0.14%
1 2+ 7 0.11%
3 1 6 0.09%

2+ 1 5 0.08%

3+ 2 5 0.08%

3+ 3 4 0.06%
1 3 3 0.05%
3 3+ 1 0.02%
1 3+ 0 0.00%
1 4+ 0 0.00%
3+ 1 0 0.00%

4+ 1 0 0.00%

TOTAL 1021 15.4%

as

The matchedample is representative of the entire license platasdt despite

the omission of any Beaver Ruin Road or Tuesday datsocio-demographi@nalysis

of the data showed that Mond&lyednesdaylata and data from the three middle corridor

sites (BRR, JCB, and PHR) had no significant differdd@&. 123 motocycles, all with
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occupancy of 1, were observed in the sample. Motorcycles therefore account faf 1.8%
all vehicles and.0% of light duty vehicles (LDVS).

Table 19:; Details of Matched Records

Site JCB OPR OPR PHR* CTR TOTAL
Date 6/1/2011 | 6/8/2011 | 6/23/2011| 5/25/2011 | 6/16/2011

Day Wednesday Wednesday Thursday | Wednesdg | Thursday

Period AM AM PM PM PM

URA A URA 36 URA 21 URA 26 | URA36 URA 48
URA B URA 21 URA 22 URA22 | URAS URA 39

Matched | .5, 747 1263 796 1697 7027
Records

Consistent | 1948 660 1082 606 1484 5780
Occupancy| (77.2%) | (88.3%) | (85.7%) | (76.1%) | (87.4%) | (82.3%)
b bam | 1097 427 612 404 1024 3564

(43.4%) (57.2%) (48.5%) | (50.8%) (60.3%) | (50.7%)
*Only forty-five minutes of video wereatchedor this session

The match rate is higher at sites with lower volumes. Specificayptcupancy
matching rées arehigher at Old Peachtree Road and Chamblaeeker Road88.3%,
85.7%, and 87.4% versus 77.2% and 76.1% at the two other $ite3rB and PHR,
vehicle volumes aren average nearly twice the average volumé3RR and CTR and
97% of time gaps bewen vehicles are less than ten seconds (by comparison, only 66%
of time gaps are less than ten seconds at OPR). On average, URAs at the high volume
sites took one or two 180 second breaks over each data collection sessien,al5
second break once twice in the two hour period can result in dozens of missed
vehicles. Also, the time stamp difference between vehicles is one of the variables used to
match not only occupancy to license plates but also to match the two occupancy streams.

The higher prealence of time gaps greater than ten secon@3 Rtand OPR makine
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matching process much easiean matching the time gaps at the sites with higher
volumes andnoreregular time gapsThis concept is demonstratedTiable20, which
includes a sample of the three data streams from a session at Old PeachtreEnRoad.
longer time gap(approximaely 23 and 27 seconds) assist in matching the three data
streams accurately.

Table 20: Example of Time Gap Use in Matching Process

Gap A | Vehicle | Occupancy] Gap B | Vehicle | Occupancy] Video Vehicle
(s) Class. A A (s) Class. B B Gap(s) | Class. Video
0:00:02| LDV 2 0:00:01| LDV 2 00:00.0 LDV
0:00:10| LDV 1 0:00:13| LDV 1 00:12.0 LDV
0:00:08| SUV 1.5 0:00:07| SUV 2 00:07.0 SUV
0:00:23| SUV 2 0:00:23| SUV 2 00:24.0 SUV
0:00:02| SUV 2 0:00:01| SUV 2 00:00.0 SUV
0:00:01| SUV 2 0:00:01| SUV 2 00:01.0 SuvV
0:00:04| SUV 2.5 0:00:03| SUV 2 00:04.0 SUV
0:00:02| LDV 2 0:00:02| LDV 2 00:02.0 LDV
0:00:03| LDV 2 0:00:04| LDV 2 00:03.0 LDV
0:00:10| LDV 1 0:00:10| LDV 1 00:11.0 LDV
0:00:25| SUV 2 0:00:28| SUV 2 00:27.0 SUV
0:00:10, LDV 1 0:00:07| LDV 2 00:09.0 LDV
0.00:12| SUV 2 0:00:12| SUV 2 00:13.0 SuvV
0:00:05| SUV 2 0:00:04| SUV 2 00:03.0 SuUV
0.00.01 LDV 2 0:00:01| LDV 2 00:01.0 LDV

5.3.1 Matched Occupan8ensitivity Analysis

A sensitivity analysis of the occupancy data assesses sensitivity to recorder errors
andinconsistent match errors. As mentioned in the previous sedi@itwb recorded
occupancy values were compared and onlyctresistenbccupancyalues araised in
the final analysis.

Tablel7 contains definitions of consisteand inconsistent occupancy values between
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observersThe designations AObserver A0 and fAObs
the URAs for each data collection sessidine definition of consistent values differs
from a previous analysis of the prdjeé s o0 ¢ ¢ u p a n pajrs sdch &6a2 Ob eacnadu s e
A2+0 are not considered[4d.0 be consistent f
The uncertain, or ¢hanged o ownerigc a@luesyhataral ue s,
0.5 more than the certain value (i . e. Al+0
Using the values listed ihable22, the average occupancy for the matched records is
2.049.1fallt he uncertain values are rounded up (
increases very slightly to 2.074.f t he uncertain values are t
average occupancy only decreases slightly to 1.98&. changes are very slight due to
the high percentage of fPBhénegligikdeeffeatoncthe val ues
overall average indicates that wusing 0.5 i

of vehicles.
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Occupancy Sensitivity Analysi
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Rounding Up Truncating Buses Removed

Figure 14: Occupancy Sensitivity Analysis

After the sensitivity analysis concluded that assigning uncertain values an
additional @A0.50 was reasonable, the diffe
examined. Observer BO0SsS occupancy records w
obtainthe difference between them. The results are showigurel5 and the details of
the distribution are iTable21. The mean difference i9.049, or 0.02%, which
indicates that the occupancy methadp/ is producing good results. The distribution is
nearly symmetrical and nearly 60% of the records are an exact match. The lowest and
highest difference are both 3; this value
the ot her entTdires speft4 06 cvallRAs. desi gnated a

Tablel9.
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Difference in Observers' Occupancy Values
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Figure 15 Di fference in Observersd Occupanc

The average difference is only.049, which as mentioned darlindicates a good match

between the occupancy data streams.

Table 21: Descriptives of Occupancy Difference Distribution

Statistic| Std. Error
OccupancyA- Mean -.049 .0074
OccupancyB Median .000
Std. Deviation .5806
Skewvness -.219 .031
Kurtosis 5.130 .063
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5.3.2 Occupancy of Buses and Vanpools

The other potential bias in the occupan
transit busesTwo additional average occupancy values are calculated, one with all the
busesemoved and one witthe higher bus occupancy includedJsing ridership data
from the two regional transit agenci€3RTA Xpress buses anda@inett County Transit
buses, the average bus occupancy ip&t6ons for routes that utilize the study corridor
Exact counts for May 2011 for each site were obtained to maximize the accuracy of the
average occupancy per bus.total of 73 buses were observed and had consistent
occupancy recordsOncethe estimated bus occupancy value o f  freplaced wathr e
the actuabccupancy valuef 26, theaverage occupandyr the datasehcreases to
2.324persons per vehicleVanpools could also have an effect on the overall occupancy
rate, but there are no available data regarding occupancy or frequency of thelss vehi

Busesare expected tmake up a larger percentage of vehicles on the HOT lanes
than the HOV lanes due to the expanded transit service included in the project funding, so
the fA4+0 values may produce a muldh | ower a
possible, researchers should obtain bus and vanpool ridership information for the HOT
lane after the conversion in order to determine changes in occupancy and overall person
throughput of the laneThe complete breakdown of occupancy values is showalite
22 The 73 transit buses account for appr ox

sample.
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Table 22 Occupancy Values for Matched Records

Frequency| Percent | Valid Percent
Valid 1.0 300 4.3 5.2
1.5 213 3.0 3.7
2.0 4701 66.9 81.3
2.5 216 3.1 3.7
3.0 185 2.6 3.2
3.5 17 2 3
4.5 148 2.1 2.6
Total 5780 82.3 100.0
Missing | System 1247 17.7
Total 7027 100.0

5.3.3Comparison to Larger Sample

Two variabled vehicle classification, vehielmoded werecompared for the
matched records and all HOV records to furtiesesshat the sample is representative.
The vehicle classification distributions are nearly identical, with the matched records

including slightly moreHDVs than the entire datset.
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. Matched HOV Records All HOV Records
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Figure 16: Vehicle Classification Distribution of HOV Matched Recordsand All
HOV Records

The top 25 vehicle models were alsmrparedand thepairedrecords include almost all
of the common vehicles found in thetiee dataset The percentages of each vehicle
model are out of the records that returned vehicle information from the registration
database (so 4.2% of all HOV records with registration information were Honda
Accords). Considering the large number ofgible vehicle models, the high percentage
of the top few models is somewhat surprising. Under the assumption that the license
plates returned from the registration database were randomly distributed (i.e. transcription
errors or other problems were noased towards one type of car), approixmatel one in 25
vehicles on the HOV lane is a Honda AccoNbte that an MCIB D450 a transit bus

used by both regional express bus providers (Gwinnett County Transit and GRTA Xpress

buses)
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Table 23: Comparison of Top 25 VehicleModels

Matched Records

All HOV Records

Make Model Count % Make Model Count | %
Honda |Accord 164 3.8 Honda Accord 947 4.2
Ford F-150 138 3.2 Toyota Camry 806 3.6
Toyota |Camry 133 3.1 Ford F-150 740 3.3
Chevolet [Silverado 129 3.0 Chevrolet |Silverado (616 2.7
Honda |Civic 96 2.2 Honda Civic 551 2.5
Honda |Odyssey |85 2.0 Honda Odyssey |452 2.0
Ford Econoline |84 1.9 Toyota |Corolla 400 1.8
Ford F-350 82 1.9 Ford Explorer {399 1.8
Toyota |Corolla 81 1.9 Ford F-350 390 1.7
Dodge |Ram 77 1.8 Chevrolet |[Express |366 1.6
Nissan |Altima 74 1.7 Ford Econoline {359 1.6
Ford Expedition |70 1.6 Toyota |Sienna 348 1.6
Chevrolet [Express 67 15 Dodge Ram 347 1.5
Ford Explorer 66 15 Nissan Altima 337 1.5
Toyota |Sienra 57 1.3 Ford Expedition [297 1.3
Chevrolet | Tahoe 55 1.3 Chevrolet |Tahoe 266 1.2
Toyota |4 Runner |54 1.2 Toyota 4 Runner |261 1.2
Toyota |Tacoma 49 11 Toyota Tacoma |249 1.1
Dodge Grand 48 1.1 Nissan Maxima |242 1.1
Caravan
cryser TS [0 11| pouge [Srme 910
Honda |CR-V 45 1.0 Honda CR-V 218 1.0
Nissan |Maxima 45 1.0 MCIB D4500 218 1.0
MCIB D4500 44 1.0 Toyota Tundra 214 1.0
Ford Ranger 42 1.0 Chrysler Town & 213 0.9
Country
TOTAL 1831 | 42.2 TOTAL 9455 | 42.2
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During pracessing, any errors in license plate transcriptions were noted as well as
details about oubf-state vehicles of those with incorrect data or missing Georgia license
plates. In total, 663 vehicles without license plate records were assignadte and
model and 260 vehicles without license plate data were assigned somigké&/ehicles
were only assigned a specific model when the researcher was certain, otherwise only a
make was assignedf the video was blurry or the vehicle was blocked, informatios wa
not recorded.The goal of noting all the visible makes and models was to compare the
distribution of these vehicles with the overall distribution to identify any potential bias
(i.e. are most oubf-state vehicles luxury modelspeveral luxury brands BMW,

Lexus, and Mercedésappeared in the top five makes, but no luxury modelsapip

the top 25 models.

Table 24: Makes and Models Assigned in Video Comments

Make Frequency | Percent Model Frequency |Percent

BMW 26 10.0] |Accord 42 6.3
Chevrolet 24 9.2 Odyssey 41 6.2
Ford 18 6.9 F-150 36 5.4
Lexus 17 6.5 Camry 34 5.1
Mercedes 17 6.5 Sienna 29 4.4
Dodge 15 5.8 Civic 25 3.8
Hyundai 14 5.4 Altima 19 2.9
Jeep 12 4.6 CR-V 17 2.6
Buick 10 3.8 Silverado 17 2.6
Infiniti 10 3.8 D4500 16 2.4
Kia 8 3.1 Corolla 14 2.1
Volvo 8 3.1 Sierra 14 2.1
Acura 7 2.7 E-350 12 1.8
Cadillac 7 2.7 Tahoe 10 1.5
Audi 6 2.3 Explorer 8 0.8
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Pilot 6 2.3 Focus 8 8
Prius 6 2.3 Quest 8 8
Malibu 5 1.9 Taurus 8 8
Mercury 5 1.9 Tundra 8 8
Pontiac 5 1.9 HHR 7 7
Toyota 5 1.9 Sequoia 7 7
Chrysler 4 1.5 Yukon 7 7
Scion 4 15 Avalon 6 6
Impala 3 1.2 Edge 6 6
Lincoln 3 1.2 Fusion 6 6
TOTAL 245 94 TOTAL 405 57.1

5.3.4Profile of HOV Lane Users

The goal of matching occupancylicense plate records was to obtain an accurate
profile of users of the HOV lane using vehicle characterisfid® matched records are
examined and new information is used (vehicle valuation for specific matched models).

Beyond the matched records thegs, information learned over the completion
of processing can also be used to obtain more accurate information about HOV users than
the license plate data alonEor instancethe vehicle classification obtained from the
body type field in the licengelate processing can be compared to the classification note
during thesecond revievef the video. The most significant shift was the number of
HDVs that were misclassified using information from the registration database and video

processing.
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N = 4382

Figure 17: Vehicle Classification from Video Processing and Database

N = 5668

Figure 18: Corrected Vehicle Classification from Matching Process
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