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SUMMARY  

 

The conversion of high-occupancy vehicle (HOV) lanes to high-occupancy toll 

(HOT) lanes is currently being implemented in metro Atlanta on a demonstration basis 

and is under consideration for more widespread adoption throughout the metro region.  

Further conversion of HOV lanes to HOT lanes is a major policy decision that depends 

on knowledge of the likely impacts, including the equity of the new HOT lane.  Rather 

than estimating these impacts using modeling or surveys, 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 on a methodology created in Spring 2011, 

researchers created a new methodology for matching license plate data to vehicle 

occupancy data that required extensive post-processing of the data.  The new 

methodology also presented an opportunity to take an in-depth look at errors in both 

occupancy and license plate data (in terms of data collection 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 prior to the HOV lanes conversion to HOT lanes.  More than 70,000 

individual vehicle license plates were collected for analysis, and over 3,500 records are 

matched to occupancy values.  Analysis of these data have shown that government and 

commercial vehicle were more prevalent in the HOV lane, while hybrid and alternative 

fuel vehicles were much less common in either lane than expected.  Vehicle occupancy 

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



 xiii  

occupancy on the HOV 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 occupancy should 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 and vehicle occupancy.  A 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 opens, 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 congestion, ongoing concerns regarding vehicle emissions, and decreasing 

funds and available space for highway expansion.  High-occupancy vehicle (HOV) lanes 

have been in existence since 1969, and the introduction of high-occupancy toll (HOT) 

lanes in the 1990s has added another alternative for highway management [1].  

Evaluating the performance of these facilities can include assessment of such 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 carpool or ride express 

buses on these facilities, usually as a function of various socio-demographic variables and 

travel time.  Another set of analyses that can be conducted is to assess vehicle occupancy 

and the characteristics of the vehicles that use managed lanes from the perspective of 

transportation policy.  For example, the likelihood of carpool formation may be a 

function of available vehicle types in participating households.  In addition, knowing the 

number and types of hybrid and exempt vehicles using a facility may help policy makers 

predict whether allowing these vehicles to access an HOV or HOT lane with a single-

occupant will have a detrimental effect on the capacity of the lane. 

  Metropolitan Atlanta is already home to a limited high-occupancy vehicle (HOV) 

lane system, and the most congested HOV-equipped corridor is scheduled for conversion 

to a high-occupancy toll (HOT) lane in October 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 lane, as well as an occupancy distribution for both lanes. 

Individual occupancy records are then matched to the corresponding vehicles to take the 

analysis a step further.  The vehicle characteristics profile and the matched occupancy 

results can then be used to compare the profile of the HOT lane vehicles after the 

conversion is complete.  Creating a pre-conversion profile of the lane users and the 

occupancy by vehicle will assist policy makers in evaluating the impact of the lanes on 

different users.  Equity is one often-cited concern when HOT lanes are discussed, and this 

HOV profile helps to provide data to assess this issue. 

Chapter 2 includes a literature review on managed lanes, including performance 

measures, equity concerns, and carpooling activity.  Chapter 3 outlines the methodology 

for the license plate data collection, occupancy data collection, and the matching process.  

Chapter 4 describes the data processing steps required to QA/QC the data and then 

complete the matching process.  An in-depth analysis of bias and error is also included. 

Chapter 5 presents an analysis of the separate data as well as an analysis 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 equity impacts of the lane.  

Chapter 6 concludes the thesis with recommendations for policy decisions and areas of 

future research. 

  



  

 

3 

 

CHAPTER 2: L ITERATURE REVIEW  

The following literature review contains information on the history, operation, 

and evaluation of managed lanes.  In particular, this study examines equity concerns 

surrounding HOT lanes as well as the potential use of vehicle characteristics to describe 

carpooling activity. 

The HOV lane concept was first introduced in 1969 in New Jersey when a bus 

lane borrowed a lane from the off-peak direction [1].  Also in 1969, a bus-only lane was 

created in Virginia to allow buses to operate during a major construction project.  The 

temporary bus lane was so successful that the construction plan was altered to include 

two permanent HOV lanes [1].  As of 2001, the most popular type of HOV lane was the 

concurrent-flow lane, and 48% of all HOV lanes are buffered concurrent lanes (separated 

by a physical barrier) and 28% are non-buffered concurrent lanes [1].  Many HOV lanes 

initially were used for buses and 3+ carpools, but over time the vehicle occupancy 

requirements have changed to mainly 2+ [2].  By 2000, because the lanes ran under 

capacity over 80% of HOV lanes in the United States operated on a 2+ basis, and about 

half of HOV lanes operated on a 24-hour basis (the 3+ facilities operate in areas with 

heavy congestion such as San Francisco and Houston) [1].  All of the current HOV lanes 

in the Atlanta area are non-buffered, and the HOT lanes on I-85 will have the same 

separation but with fewer weaving zones [3]. 
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2.1 HOV Lane Performance  

United States legislation mandates that HOV lanes must operate at 45 miles per 

hours 90 percent of the time during peak periods, and if this requirement is not met for 

180 consecutive days (weekday peak periods) then a policy change must be considered 

[4].  Individual systems can set specific goals beyond the federal standards.  For example, 

in California additional goals for HOV systems include decreasing emissions and 

encouraging carpooling [5].  The Georgia Department of Transportation states on their 

website that the HOV lanes in Georgia ñwere built to reduce traffic congestion and air 

pollution by giving a faster travel time for those who carpool, vanpool, or ride buses [6].ò   

2.1.1 Capacity and Flow 

Some researchers have suggested that many HOV lanes do not function properly, 

in that the lanes operate below capacity or the lanes become congested like their general 

purpose lane counterparts [7].  Commuters often complain when a carpool lane is moving 

freely that the lane is underutilized given the low density of vehicles passing by the 

general purpose lanes [8].  A forthcoming occupancy study conducted on the HOV-to-

HOT facility on I-85 by Georgia Tech in 2011 will report that the carpool lane does serve 

fewer vehicles than the adjacent general purpose lane, but carries significantly more 

persons per hour than the adjacent lanes.  The concept of carpooling implies that multiple 

people in one vehicle will replace single drivers in multiple vehicles, but this does not 

work when carpools are composed of related family members (ñfampoolsò) who would 

carpool without any form of incentive [9].  The amount of ñfampoolingò is hard to 
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quantify, but Georgia Tech is developing a methodology to measure these types of 

carpools on an Atlanta toll road, GA 400.   

 The HOV lane can also become congested on a regular basis, but with a 

congestion onset that is delayed by a short period compared to the general purpose lanes 

[7].  In this study it was found that the congestion was not necessarily 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 (non-barrier separated) [7].  A 

study in California found that HOV lanes are 20% under capacity in comparison with the 

general purpose lanes and one highlighted reason is the presence of ñsnailsòðslow 

vehicles in the HOV lane which hold up the flow of all cars in the lane [5].  Congestion 

levels can also result from the prevalence of single-occupant vehicle (SOV) violators in 

the lane, which is estimated to be 13% in metro Atlanta [10].  The net result is that the 

carpool lane does not exhibit predictable travel times due to the onset of recurring 

congestion with severity that varies significantly day-to-day.  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 of drivers consistently over-estimated the time savings of 

the HOV lane; on 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 minutes [11].   

2.1.2 Enforcement and Safety 

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

occupancy violations.  Both of these violations have been a concern on HOV facilities for 
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many years and can impact the performance and safety of the lanes.  A 1981 report on 

HOV enforcement in California outlines enforcement options on the lanes, with a focus 

on how to curb high violation rates and illegal weaving.  The study found that violation 

rates ranged from 3.8% to 37.7% based on the specific site and time.  Also, HOV lane 

violators were more likely to have additional traffic citations on their driving record than 

non-violators [11].  A study on the same facilities seven years later found that violation 

rates still varied greatly across facilities, from 5-32%.  This second report found that AM 

violation rates were much lower than PM violation rates, and violations increased in 

periods of low light such as dawn, dusk or during the night hours.  The report issued a 

survey to drivers who use the facilities and found that users also overestimate the HOV 

violation rates, with perceived violations rates above 15% and actual rates from 4-10%.  

Users overestimate the risk of receiving a ticket at 1-18% while the actual apprehension 

rate is between 1.5% and 2.8%.  The study concludes that violations between 5-10% are 

acceptable, especially as reducing the rate to below 5% would require extensive 

investment in enforcement efforts [12].  Higher violation rates can have varied impacts 

on a facility based on the congestion levels (i.e. a facility that is near capacity will 

experience more of an adverse effect due to violators than a facility that is 20% under 

capacity).  Non-barrier facilities can make people hesitant to go fast speeds in the 

managed lane if traffic in the adjacent lane is moving slowly or is stopped completely.  

2.1.3 Occupancy Requirements 

  The goal of the new I-85 Atlanta HOT lane is to provide reliable trips in the 

managed lane for those who are either willing to form three-person carpools, ride in 



  

 

7 

 

vanpools or express buses, or to pay for access to the facility.  Three-person carpools will 

be able to use the lane for free given that it is fairly difficult to find a third passenger.  

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

two-person carpools and single occupant vehicles to access the lane to fill available 

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 capacity.  The HOT lane is expected to improve traffic conditions for the 

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 HOV lane.  The 

main group that is expected to be negatively impacted is current two-person carpools, 

who will now have to split a toll, unless they can find another passenger to join their 

carpool.  However, this fee may already be acceptable to many of these users given the 

expected faster trip and more reliable travel time [10].  As mentioned earlier, some argue 

that current HOV lanes are not very effective at reducing traffic, because 43 percent of 

carpoolers are related household members [13].  This concept of carpools consisting of 

only related individuals has been coined ñfampoolingò[9], and many such carpools may 

not be amenable to increasing to 3+ occupants.  Two-thirds of all unrelated carpoolers 

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

carpool members, and this inflexibility could also limit usersô carpool formation options 

[14]. 
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 HOV lanes encourage carpooling, but the shift to an HOT lane could not only 

result in some people switching from carpools to SOVs but could potentially detract from 

transit ridership along the route.  This potential mode shift from transit users to single-

occupant vehicles exists when an HOV lane is converted to a HOT lane, but a survey-

based study in Houston concludes that transit passengers shifting to SOV vehicles would 

only impact the occupancy of the lane by 1-2% [15].  The study also examines ridership 

information from the years immediately preceding and following HOT conversion at 

other facilities (I-394 in Minneapolis and I-25 in Denver).  Neither city experienced a 

decrease in transit ridership on the HOT corridor, and Minneapolis actually recorded 

significant increases in ridership [15].  One of the cited reason that transit ridership on I-

394 did not decrease is that transit buses benefit from the more reliable trip times and that 

buses are better able to access the lanes [16]. 

2.1.4 Evaluation 

  Previous studies of the effectiveness of HOV lanes typically rely on limited data 

and are not transparent about the methods used to obtain the data or potential problems in 

the data.  A review of the performance of the QuikRide program on the Katy Freeway in 

Houston collected manual counts of users for two days before implementation and seven 

days after implementation, and supplemented this data with automatic vehicle 

identification data [17].  The Houston study provides no additional details about the data 

collection (methods, the exact dates of the data collection, etc.).  One state report from 

California calculates speed and volume levels using single data points to represent a 

facilityôs effectiveness, and survey questions 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 

publicôs stance on HOV lanes [5].  None of these studies used before and after data to 

assess changes in household travel behavior and door-to-door commute times. 

2.2 Equity Concerns 

Eighty years ago, privately-financed road were considered fair and publicly 

financed roads were considered unfair due to the small percentage of the population that 

owned automobiles [18].  This view was reversed as vehicle ownership rates increased 

and a correlation between road use and fuel use determined that using a fuel tax would be 

fair in place of tolls.  The establishment of HOT lanes can raise concerns about the equity 

of the facility, especially when the HOT lanes are converted from pre-existing HOV or 

general purpose lanes rather than added as new capacity.  Beyond the concern that the 

cost of the toll may be an unfair burden for low-income individuals, there are several 

other equity concerns associated with HOT lanes.  As many as five types of equity can be 

associated with managed lanes: geographic equity, income equity, participation equity, 

opportunity equity, and modal equity [10].  Many issues cut across multiple types of 

equity, so this section will highlight geographical distribution of equity, income equity, 

equity across different user classes, and public perceptions of equity. 

2.2.1 Geographic Distribution of Benefits and Burdens 

Geographic equity is defined by whether improvements and burdens are 

distributed across various communities in a logical and objective manner [18].  These 
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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 lane projects such as I-394 in Minneapolis and I-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 

residents [18].  Spatial mismatch of jobs and housing can be a concern, specifically that 

low-income city dwellers cannot access jobs in suburbs [21].  This mismatch can be 

addressed by the existence of reverse commute routes on the HOT corridor.  For 

example, transit buses on the HOT corridor in Atlanta do run in the reverse commute 

direction and the tickets are discounted by 50% [22].  Individuals without a vehicle may 

still be at a disadvantage unless there are local feeder routes that connect to the express 

buses. 

Another cited concern 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 the 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 Atlanta the limited access points to the HOT lane 
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could be a concern 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 lanes on I-85 

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 one six-mile stretch 

left without an entry section [23].  In practical terms, any drivers who need to enter the 

expressway along this six-mile 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 difficult 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 Low-Income Individuals 

Income equity is the equal distribution of benefits and burdens of the facility 

across all income groups with special consideration to protecting the rights of 

economically disadvantaged communities [18].  The concept of situational value of time 

(an individualôs value time varies based on the trip-type and other factors) means that low 

income users will sometimes desire to use the lanes but the toll cost will not always 

outweigh their value of time.  A study on SR-91 in California cited the specific example 

of low-income parents who used the HOT lanes to avoid paying late daycare pick-up fees 

(i.e. a $5 toll is preferable to a $20 late fee) [18].  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 transponder [10].  For the 

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



  

 

12 

 

always be toll-exempt (i.e. if the pass is issued to a motorcycle or alternative fuel vehicle) 

but is necessary for all other users [20].   

Another potential income equity issue is that if there is an absence of transit 

alternatives on an HOT route, low-income individuals without a personal vehicle cannot 

benefit from the travel time savings.  As mentioned previously, expanded transit service 

on the HOT corridor in Atlanta is available in both the peak and off-peak directions so 

options do exist for low income individuals.  A 2007 Atlanta study found that household 

incomes of anticipated HOT corridor users were 15% higher than expected while 

carpooling rates were lower [24].  However, an equity analysis of the potential HOT 

lanes in Atlanta found that the lanes are not likely to have a negative effect on low-

income individuals since the lanes create a new mobility option [10].  

2.2.3 Fairness to User Classes 

Fairness among different users of the HOT facility can involve issues beyond 

geography or income.  Commuters with inflexible work schedules could be at a 

disadvantage because it is more difficult for these users to utilize Xpress bus routes or 

organize carpools, but these commuters would also benefit from the reliable trip times of 

the HOT lane [10].  Irregular or long hours can also limit employeesô access to transit or 

carpool opportunities.  Some argue that HOT lanes do not promote multimodal 

transportation because people can get the same travel time by paying a toll that others get 

by doing ñthe right thingò and carpooling or taking transit [18].  In Seattle, transit 

advocates argued that the minimum HOT toll on SR-167 should not be lower than the 

transit fare in the same corridor so that SOVs do not receive an ñunfairò advantage [18].   
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2.2.4 Public Perceptions 

Perceived equity concerns are just as important as actual equity 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 analysis [18].  Public 

perception of the 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 differences in the 

results).  As indicated by a survey in California, a sizable portion of drivers (40%) do not 

consider HOV lanes ñfair.ò  Another survey in Texas found that 48% of drivers believe 

that HOT lanes are unfair [12, 18].  A study in San Diego found that 60% of low-income 

respondents approve of the HOT concept and 78% of low-income respondents believe 

that paying a toll on such a facility is fair [18].   

Media attention can also influence the publicôs perception of HOT lanes and be a 

gauge of public acceptance of a project.  The media can fixate on a catchy phrase such as 

ñLexus lanesò that highlights the income equity concern and leave HOT implementers 

frustrated; one person described the situation as ñthe TV media and also other media like 

sound bites, and we lost the war of the sound bites [21].ò  In Minneapolis, HOT lanes 

were first proposed in 1997 but did not pass, but after working with the local media and 

carefully educating the public the HOT lanes were approved and have since been 

expanded to an additional corridor [19].  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 addressed [21].   
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2.3 HOV Exemptions 

The underutilization of HOV lanes has resulted in several policy changes, 

including conversion to HOT lanes and allowing alternative fuel vehicles (AFVs) access 

to the HOV lane.  Alternative fuel vehicles include cars powered solely by electricity, 

hydrogen, natural gas, biofuel, propane, fuel cell, or other miscellaneous alternative fuels 

[25].  Multiple statesðCalifornia, Florida, Arizona, New Jersey, New York, Utah, and 

Virginiaðhave piloted or implemented programs that expand this policy to allow single-

occupant hybrid electric vehicles such as a Toyota Prius or Honda Insight) to use HOV 

lanes [26].  

Beginning in 2000, Virginia was one of the first states to allow single-occupant 

hybrids access to HOV lanes [26].  Hybrid HOV access was found to have a positive 

correlation with hybrid sales in Virginia as hybrid sales increased 92% after the 

implementation of the new policy [26].  In 2004, Virginia commissioned a report on the 

status and future 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 ñclean special fuelò plate from $10 to $500 should be 

implemented so that the extra funds can be used for further enforcement and maintenance 

of the HOV facilities [27].  Rising congestion levels in the peak periods results in a 

change in the hybrid exemption policy to maintain the federally-mandated minimum 

average speed of 45 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 I-95/395 HOV lanes during peak periods with fewer than three occupants 

[28]. 

California chose a different approach to the hybrid exemption and limited 

participation to 85,000 hybrid vehicles [29].  Hybrid vehicle owners had to purchase a 

sticker from the Department of Motor Vehicles that identified their vehicle as ñexempt,ò 

and the stickers were required to remain with the vehicle rather than the individual.  This 

has the (perhaps unintentional) consequence of increasing the resale value of any hybrid 

vehicle with one of the exemption stickers by over $3,000 [30]. 

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 models [31].  The long-

term implications of allowing hybrids into the lane are also a concern as the sales of 

hybrid vehicles increase every year [32].  The I-85 corridor in Atlanta is already set for 

HOT conversion, but other HOV lanes in the metro area may consider implementing 

exemptions for hybrids (true alternative fuel vehicles already have an exemption in 

Georgia, but hybrid vehicles do not [33]).  A recent report recommends that the 

alternative fuel vehicles HOV exemption be continued in Georgia but should the program 

should be monitored on a quarterly 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 area [34].   

2.4 Vehicle Characteristics 

Fleet composition varies significantly by time of day.  Distributions 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 provided by federal 

agency emissions rate models such as MOBILE6).  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 level [35].  These techniques assume that the 

registration database is correct, that vehicles are 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 vehicle location, as only 67% of vehicles in this study were housed 

at the registration address [35].  VIN numbers or other vehicle information can be entered 

incorrectly into the registration database due to confusion of characters such as ñOò and 

ñ0ò and even correctly entered vehicle records do not include information necessary for 

emissions modeling, such as gross vehicle weight rating [36].  The data reported in this 

thesis presents the opportunity to analyze the fleet characteristics of I-85 commuters 

specifically, rather than using county or regional data.   

Using county-by-county registration data from Tennessee, researchers found a 

strong correlation between median vehicle age and average personal income for the 

corresponding county.  The average vehicle age in the highest-income county was 5.9 

years and the average vehicle age in the lowest-income county was 10.8 years.  Lower-

income counties also had 73% more light-duty trucks [37].  Research about the people 

who choose certain categories of vehicles is another way that vehicle characteristics can 

tie to demographics.  One such study outlines detailed statistics about SUV owners, 

including gender, marital status, age, household income, and fuel economy expectations, 
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and found that the typical SUV customer is male, married, 45 years old, in a household 

with an income of $94,400, and at the head of the household [38]. 

2.4 Carpooling Activity  

License plate data provide revealed preference data about users of a transportation 

corridor. Revealed preference data are preferable to stated preference data which may 

arise from employee-based surveys.  Certain cities have created occupancy mandates for 

local businesses that penalize larger companies that do not maintain a certain level of 

carpooling among employees [39].  Data collected in 1987 from one such city, 

Pleasanton, CA, suggested that employees were most likely to carpool when they 

commuted long distances, worked for a large company with a single campus, did not 

participate in flex-time programs, and worked in non-professional or non-management 

positions [39]. 

 Travel surveys can also be used to obtain carpooling information, however the 

data may be limited.  For example, the largest survey in Atlanta will involve only 10,000 

households, and the data are collected only once every ten years for a single travel day 

per household [40].  Surveys are difficult to undertake due to cost constraints and the 

respondent burden.  A survey was conducted in the Puget Sound region for the purpose of 

tracking commuters who switch between carpooling and single-occupant 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 motivating a switch was when respondents moved to a zone with a 

higher residential density [41].  Another problem is the under-representation of certain 
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groups in surveys.  In one survey that attempted to estimate mode choice for travelers on 

a new HOT facility in Texas, the responses did not represent a true sample of the 

socioeconomic characteristics of people in the area, so paper-based surveys were issued 

in low-income areas.  The number of low-income and minority responses was still too 

low to be reliable, so the researchers undertook a weighting process using replicate 

weights to make the low-income and minority responses equal to population proportions 

(the end result of the survey found that the percentage of HOV2s and HOV3+ vehicles 

would only decrease slightly after the conversion to HOT lanes) [9]. 

A study on SR-91 in California presented carpooling behavior and sought to 

create discrete choice models to model carpool formation.  Overall, carpooling rates were 

similar on the roadway to comparable roadways without HOT lanes, which indicated that 

the presence of a SOV toll option did not discourage carpooling overall.  People have the 

option to obtain time savings for the toll price, but by forming a carpool the same benefit 

can be obtained for no cost [42].  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 and one-third were SOVs [17].  The Express 

Lanes in Atlanta will follow a similar model to the QuikRide program so the QuikRide 

participation results could be an indication of the make-up of new HOT lane users in 

Atlanta as well as a guide to the projected time needed for the lanes to operate efficiently. 

  Many studies have set out to identify socio-demographic variables that correlate 

with carpooling rates to guide policy decisions, but in many cases only weak correlations 

are discovered.  Factors 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 factors further using a survey data 

and nested logistic regression models and found that vehicle occupancy, household 

income, trip purpose, and age are predictors of HOT lane use [43].  Specifically, there 

was a positive correlation between household income and HOT lane use (high income 

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 times as likely to use the HOT lanes.  The study also found that 

people are more likely to use HOT lanes for afternoon period work-to-home trips [43]. 

Some studies have attempted to quantify more intangible characteristics to predict 

carpooling behavior.  In one study the researchers wanted to quantify ñideologicalò 

preferences and used state-level-per-capita Sierra Club membership as a surrogate for 

environmental preferences, and  per-capita active and reserve military participation as a 

surrogate for energy security concern [26].  The study estimated that a one standard 

deviation increase in Sierra Club membership was associated with a 17% in high-fuel 

economy hybrid vehicles and that a one standard deviation increase in military 

participation was associated with an 11% increase in the same type of sales [26].   

The use of the vehicle characteristics to create a profile of carpool vehicles versus 

general purpose lane vehicles may help to identify variables that influence carpooling, 

such as vehicle body type (e.g. larger vehicles) or household vehicle ownership.  Such 

variables may also be correlated with underlying reasons for carpooling and may be more 

reliable than survey or surrogate data.  If public agencies can better understand the type 
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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 current HOV-to-HOT Corridor Performance Monitoring project is collecting 

vehicle occupancy and license plate data.  The methods are based upon a 2007 study that 

collected over 120,000 license plates using spotting scopes and voice recorders.  This 

method successfully captured 20-30% of passing vehicle plates [44].  A second study 

built on this methodology found that incomes on the anticipated HOT corridor were 

higher than expected while carpooling rates were lower [24].  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 cameras.  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 Plate Data 

License plate videos are now collected quarterly at five different sites along the 

northeast I-85 corridor (see Figure 1 and Figure 2).  At each site, data are collected during 

the morning (7:00-9:00am) and afternoon (4:30-6:30pm) peak period for at least three 

days per week.  High definition cameras are set-up on overpasses to record traffic in the 

peak direction only; southbound in the morning and northbound in the afternoon.  The 

videos are then processed by undergraduate students using a purpose-built, custom 

software program.  Students input the plate information, state, vehicle classification, and 

any comments via an electronic video interface.  The vehicle classification (LDV, SUV, 



  

 

22 

 

or HDV) is only entered for missed license plates and out-of-state plates because the 

classification for Georgia plates is obtained from the registration database information.  

The resulting database includes a timestamp that can be tied back to the video image for 

each license plate record and identifies the individual that processed the data.  This report 

uses only data from the HOV lane (Lane 0) and the adjacent general purpose lane (Lane 

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

 

Figure 1: Study Corridor [45] 

N 
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Figure 2: Site Locations on I-85 Corridor [45] 

 

3.2 Occupancy Data 

Vehicle occupancy data are collected concurrently with the license plate video 

data (even though the data are collected at the time the two data streams are not paired in 

any way). A recent thesis, ñMethodology For Collecting Vehicle Occupancy Data On 

Mult i-Lane Interstate Highways: A GA 400 Case Study,ò by DôAmbrosio describes in 

detail the occupancy data collection methods used in this project and how they were 

developed [45].  The occupancy data are collected using the roadside observation 

method, with data collectors positioned in the gore area between the highway and the 

entrance/exit ramp (see Figure 3).   

N 
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Figure 3: Occupancy Data Collection in Gore Area 

 

Data collectors record occupancy values using electronic keypads, netbooks, and 

custom software.  One data collector is assigned per lane, and the lanes are numbered 

beginning with the HOV lane as Lane 0 and counting up to the rightmost lane (Lane 4 or 

Lane 5 depending on the total number of lanes).  Each vehicle is assigned a classification 

of either light duty vehicle (LDV), sport utility vehicle (SUV), or heavy duty vehicle 

(HDV) in addition to the occupancy values.  The LDV category includes all passenger 

cars and station wagons, the SUV category includes pick-up trucks, crossover vehicles, 

all sizes of sport utility vehicles, and vans, and the HDV category includes large trucks 

with at least six wheels and two or more axles.  Seven occupancy values are available on 

the keypad (see Figure 4).  The ñ+ò values are intended for use when data collectors can 

see some passengers but are unsure about the presence of additional passengers due to 

visual constraints such as tinted windows or high speeds.  The clear (ñCò) button allows 

students to clear a record that was entered incorrectly.  The ñMISSò button is intended for 

Image Credit: Dr. Randall Guensler 
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use when observers are unable to enter an occupancy value for a vehicle due to high 

volumes, low lighting, or other circumstances.   

 

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 the standard occupancy methodology outlined in DôAmbrosioôs 

thesis.  An additional person collects occupancy data on the HOV/HOT lane so that the 

two occupancy data streams can be compared to one another before being matched with 

the license plates.  A video camera is placed in the gore area with the occupancy data 

collectors to capture their view of the highway.  The occupancy 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 general purpose lanes.  Figure 5 illustrates the potential 

distance, approximately one-third of a mile, between the collection points of the two 
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types of data.  This is the greatest possible distance between data collection locations, and 

sometimes the license plate video and occupancy collectorsô viewpoints overlap.  The 

extra data collector on the HOV lane records a description of the first and last vehicle in 

each dayôs occupancy data file to aid in the matching process (the worksheet is provided 

in Appendix A and the training document is in Appendix B).  The adjusted methodology 

was only utilized in the spring and summer occupancy data collection, but occupancy 

data from all four quarters of data collection are used in this report to determine 

occupancy distributions for error checking purposes. 

 

Figure 5: Data Collection Locations at Old Peachtree Road 

 

Source: Google Maps 

N 
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3.3 Matching Occupancy to License Plate Data 

Occupancy data and license plate data are collected simultaneously in the field, 

but matching the two data streams after field collection involves extensive data 

processing and verification.  The two data streams for each lane share three common 

variables that are used for matching: the lane, vehicle classification, and the time gap 

between vehicles.  The license plate video collected from the overpasses is post-

processed by undergraduate research assistants (URAs) using the method described in 

Section 3.1.  After the license plates are processed by URAs and the vehicle 

classification, make, and model are received from the vehicle registration database, the 

original license plate video is reviewed a second time to verify the accuracy of the license 

plate data.  This second viewing of the video ensures that all vehicles are listed in the 

license plate stream and that any mistakes made during the original license plate 

processing can be corrected (on average, 11% of vehicle records were corrected).  At the 

same time, the gore area video associated with vehicle occupancy is watched 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 trucks in the general purpose lanes.  A notes 

column is added to the database to keep track of any discrepancies that could affect the 

matching process.  

After the occupancy and license plate data are verified and adjusted to account for 

any missed or extra vehicles (mainly due to lane changes), the common variables of time 

gap and vehicle classification can be used to match up the three data streams.  Even 
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though the occupancy and license plate video data have differing time stamps for each 

record due to differences in camera and netbook clocks or the potential distance between 

the two collection points, the time gaps between vehicles are fairly consistent given that 

the furthest distance between the collection points is only one-third of a mile.  The other 

common variable between occupancy and license plate data are the 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 

data or as entered by the URA during video processing.  These fields are used in 

combination with comments entered during the re-watching of the two videos to match 

the two occupancy streams with the license plate video.  Figure 6 illustrates the matching 

process in a flow chart. 
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Occupancy Data and Gore 
Area Video collected in field 

Occupancy files are exported and 
combined into a new database 

Occupancy data are reviewed for 
accuracy and any data from problem 

URAs are removed 

License Plate Video 
collected in field 

Videos are converted to images and 
license plates are transcribed by URAs 

using custom software 

All transcribed GA license plates are 
assigned vehicle information from the 
Georgia vehicle registration database 

License plate data and both occupancy data 
streams for the HOV lane for one session 

are combined into one spreadsheet  

The license plate video and gore area 
video are synced (i.e. same vehicle is 

found in both videos)  

Both videos are watched while verifying license 
plate record information (correct make, model, 
state) and noting any potential missed vehicles 

by occupancy data collectors 

After the completion of video review, the three 
data streams are matched using common 

variables of time gap between vehicles and 
vehicle classification 

The verified license plate data are used as the 
baseline and the occupancy data streams are 

individually adjusted (either misses are inserted or 
extra records are removed) 

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

Data processing requires that each type of data (license plate and occupancy) is 

verified before any matching is attempted.  The matching process then requires another 

verification process of the information obtained in the first processing of the data.  This 

chapter will  address each process and discuss the data cleaning and error checking issues 

of each type of information. 

4.1 License Plates 

Each decoded license plate was assigned a unique key identifier, and Georgia 

license plates (nearly 80,000 in total) were matched to the motor vehicle registration 

database by a separate unit at Georgia Tech, the Georgia Tech Research Institute (GTRI), 

for privacy considerations.  The key identifier was carefully designed to include 

information about the origin of the plate (site, session, period, etc.).  Duplicate plates (i.e. 

multiple sightings of the same vehicle) were left in the data set, and these duplicates 

accounted for about 25% of the total number of plates.  Approximately 80% of the plates 

that were processed yielded a match in the motor vehicle registration database.  The 

processed results contain vehicle-specific data that exclude any personally identifiable 

information such as name or physical address. The data sets were then merged using the 

key identifier.  For the final analysis, over 93,000 total license plates were observed in the 

video, and 60,000 were matched to vehicle records.  About 10% of the total plates were 

out-of-state vehicles, 10% were misses, and the remaining plates did not have a match in 

the database, either due to transcription errors or errors in the registration database. 
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4.1.1 Body Type 

Several fields returned from the database were recoded for use in analysis.  For 

example, the Georgia registration database employs 25 different body types that were 

recoded as shown in Table 1.  The body types were recoded to correspond with the three 

body types used in occupancy data collection (LDV, SUV, and HDV).   

 

Table 1: Vehicle Body Type Re-Classification 

 

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 video processing, URAs assign any missed or out of state 

license plates a vehicle classification using ten vehicle types: 2-axle single unit truck, 3 or 

4-axle single trailer combination, 3-axle single unit truck, 5-axle single trailer 

combination, light utility truck, MARTA bus, motorcycle, other bus, passenger car, and 

school bus (flashcards with examples of each vehicle type are included in Appendix D).  

These ten vehicle types can be recoded to correspond with the three general vehicle types 

used in the occupancy data collection (LDV, SUV, and HDV).  There were 15,000 

records with these recoded vehicle classifications.   
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Table 2: Video Processing Vehicle Classification Recode 

LDV SUV HDV 

Motorcycle 

Passenger car 

2-axle single unit truck 

Light utility truck 

3 or 4-axle single trailer combination 

3-axle single unit truck 

5-axle single trailer combination 

MARTA bus 

Other bus 

School bus 

4.1.2 Fuel Type 

The fuel type for each vehicle was also recoded in order to combine like fields 

(see Table 3).   The reason for the use of multiple letters for the same fuel type (i.e. ñBò 

or ñHò for hybrid) is not known, and the researcher who provided the registration 

database information did not have an explanation either.   

Table 3: Vehicle Fuel Types 

Fuel Code Decoded Type 

B Hybrid 

C Gasoline 

D Diesel 

F Flex fuel 

G Gasoline 

H Hybrid 

I Gasoline 

N Natural Gas 

O Flex fuel 

9 N/A (no vehicle model listed) 

 

4.1.3 Vehicle Makes and Models 

More than 60,000 vehicles records were returned from the registration database.  

These records included 194 different vehicle makes and 2,417 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 hauling the trailer.  Once the various trailer types were removed from the database, 

only 84 makes and 2,317 models remained.  The vehicle make list includes many 

uncommon manufacturers such as Hino, Daewoo, and Datsun, but the list did not contain 

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

the same model type. The full list of 2,317 models was reviewed and duplicate fields 

were combined while still including model variations that reflected different engine types 

(i.e. an ñAccord DXò was changed to simply ñAccord ñwhile a ñJetta TDIò remained 

separate from ñJettaò).  Only 858 vehicle models remained after the recoding process.  

The complete table of recoded vehicle models is available in Appendix C. 

4.1.4 Issues During Data Processing 

As student assistants enter license plates in the purpose-built program, there is the 

option to include comments. The comments were recoded to combine similar entries (for 

example, ñLots of glareò and ñGlareò were combined).  The five most common 

comments were ñGlare,ò ñBlurry,ò ñBlocked,ò ñNo license plate,ò and ñUnsure.ò  For 

both files, all the names of the student assistants that collected the plate data are also 

retained and recoded to numeric values for use in analysis. 

4.2 Occupancy  

The vehicle occupancy data do not require extensive post-processing, and 

therefore occupancy data from the complete first year of data collection (September 

2010-September 2011) are available for analysis.  Only the HOV lane occupancy data are 

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



  

 

34 

 

occupancy data identifies any problems with the data that could affect the matching 

process. 

 Occupancy data files for all sessions after fall 2010 contain the name of the URA 

who collected the data.  Over the four quarters of data collection, over 65 different 

students collected vehicle occupancy field data.  Each individualôs occupancy 

distributions can be separated according to session, site, day of the week, time period, and 

lane.  The occupancy distributions are compared across several of these variables to 

assess the potential accuracy of the data.  Several anomalies emerged in the distribution 

of occupancy values which motivated further analysis of the data.  Occupancy 

distributions are expected to vary slightly, but due to the large sample size, the 

distributions across different sessions should be comparable.  Before analysis of any 

questionable variations in the data, individual URAs were contacted for further 

explanation to ensure that there were no extenuating circumstances that could affect the 

data, such as equipment problems or extreme traffic conditions.  

A detailed data analysis revealed that certain URAs show a tendency to over or 

under-use certain occupancy values.  These specific individuals were identified and their 

data were removed from the dataset.  An example of the effect of this bias is the tendency 

of one URA (URA 44) to use the ñ1+ò occupancy value almost exclusively rather than 

using the definitive ñ1ò value.  The effect of this bias is shown in Figure 7 and Figure 8.  

Figure 7 illustrates the distribution at Chamblee-Tucker Road across fifteen URAs.  

Figure 8 shows the distribution with URA 44 removed.  The impact of URA 44ôs 
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classification can clearly be seen on Thursday, where a significant fraction of ñ1òs are 

shifted to ñ1+ò. 

 

Figure 7: Spring 2011 Occupancy Distribution at CTR, General Purpose Lanes only 
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Figure 8: Spring 2011 Occupancy Distribution at CTR, General Purpose Lanes only 

ï URA 44 removed 

 

 Some of the HOV lane data reflected an extremely low occurrence of ñ1ò values. 

One-occupant motorcycles are allowed to utilize the lanes, and motorcycles generally 

make-up at least 1-2% of all vehicles.  The prevalence of motorcycles in combination 

with HOV lane violators could be expected to result in a ñ1ò percentage of at least 5-

10%, with the literature review section suggesting violation rates in excess of 10% in 

Atlanta [10].  When the URAs who collected the data were contacted, they explained that 

they were mainly giving observed potential violators the ñbenefit of the doubt.ò  These 

URAs did not feel comfortable recording a ñ1ò occupancy reading because they did not 

think that people would violate the policies of the lane.  This was clearly a problem in the 

training system and was addressed prior to Summer 2011 data collection. 
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Another problem identified in data analysis is the over-use of the HDV vehicle 

classification.  Despite extensive training, pick-up trucks and sport utility vehicles are 

sometimes identified as HDVs by certain URAs.  HDVs typically comprise less than 5% 

of all vehicles, but due to this mistake some sessions contained over 20% HDVs. 

Misclassification of vehicles can be a major concern as vehicle classification is one of 

only three variables used when matching occupancy records with license plate records.  

Analysts in post-processing have to be aware of this issue and provide some latitude in 

using the SUV vs. HDV pairing (vehicles that are likely to be mismatched are identified 

in the notes section during the second watching of the video). 

Table 4 and Table 5 highlight the effect of removing several URAs (URA 44, 

URA 2, and URA 24) from occupancy data at one site (Beaver Ruin Road) over three 

quarters of data collection.  These three URAs did not collect data on the HOV lane so 

those percentages are unchanged in Table 5.  The only categories that are affected by the 

changes are Winter AM and Spring PM data for the general purpose lanes.  The Winter 

AM data has 20.6% ñ1+ò values before the problem URAs are removed and only 7.9% 

ñ1+ò after they are removed.  In the Spring 2011 PM data, the ñ1+ò values decrease from 

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 problems, but none of the identified problem URAs collected data in the fall 

session), but other sessions change significantly once the bias is removed.  The bias had a 

greater effect when a problem URA collected data on the same lane over multiple 
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sessions or if a problem URA went out in the field with greater frequency than other 

URAs. 

 

Table 4: Occupancy Distribution at Beaver Ruin Road ï 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 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% 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 Road ïURAs 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+ 0.5% 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% 73.3% 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 data were processed individually, the 

matching process required another round of in-depth processing.  The occupancy data 

only needed minor corrections, such as adding missed vehicles and determining the 

starting and end point of data collection in relation to the license plates.  However, re-

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

exposed errors in the both the initial video processing as well as in the vehicle 

registration database.  

4.3.1 License Plate Transcription Corrections 

When the license plate videos are first processed by URAs, each video is 

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

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

available video segment 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 data.   

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 processing.  URAs are 

given flashcards with examples of different state license plates to assist them in making 

accurate records (the flashcards were developed by DôAmbrosio and are provided in 

Appendix D [45]).  When the license plate video was reviewed a second time, many out 

of state plates were incorrectly identified as Georgia or another state altogether.  Out-of-

state license plates mistakenly assigned a Georgia plate can result in incorrect records 

from the registration database if there is a vehicle with the same letter/character 

combination (on average, 3.2% of plates were incorrectly identified as Georgia and 6.2% 

of these misclassifications returned incorrect GA records).  The video processing 

software requires each URA to enter his or her name before each processing session, so 

the out of state errors could be analyzed by URA.  One specific URA (URA 57) entered 

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

4.3.1.2 Motorcycles 

Motorcycles are the source of several discrepancies in data processing.  First, the 

use of only three vehicle classifications in occupancy data collection (LDV, SUV, and 

HDV) does not allow motorcycles to be uniquely identified.  The majority of motorcycles 

have only one occupant, so labeling all motorcycles as LDVs can skew the perceived 
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violation rate.  The video processing software does not provide a motorcycle 

classification option either.  Adding to this issue is the extremely small physical size of 

motorcycle license plates, which makes accurate transcription very difficult even when 

using high definition cameras.  Out of the 60,000 records returned from the registration 

database, only 29 are motorcycles.  Reviewing the videos a second time revealed that 

motorcycles comprise 1.75% of all vehicles in the HOV lane versus the 0.04% that 

returned records from the registration database.  One particular URA completely ignored 

motorcycles when processing the license plate video, which only added to the problem of 

missed motorcycle license plates as many of the images during this URAôs processing 

time were clearly visible.  Changes to the video processing program and the occupancy 

data collection equipment could help identify motorcycles in the future. Rather than 

grouping motorcycles in with all light duty vehicles (LDVs), motorcycles could have a 

separate category on the occupancy keypad and in the video processing software.  This 

problem could exist in other studies, so unless the issue of motorcycles is specifically 

addressed violation rates may higher than in reality. 

4.3.1.3 Time Stamps 

As previously mentioned, the license plate video is converted to images for use in 

the processing software.  Two images are captured for every second of video, and URAs 

are then able to tab 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 shot.  As an experiment, the 

Pleasant Hill video was reduced to one frame per second rather than two frames per 
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second. Due to this change, multiple license plates have the same time stamp, and when 

the data are exported in .CSV format, the two or more records with the same time stamp 

are sorted alphabetically.  The plates do not always occur in alphabetical order, so during 

the re-watching of the video the records had to be re-ordered.  Rarely, a vehicle may be 

missed during video processing.  Some vehicles travel so closely together that the first 

vehicle may be obscured, and this problem contributed to 1.9% missed vehicles over one 

session of data.  

4.3.1.4 Notes 

The notes field also allowed extra comments that assist the matching process.  For 

example, single rider motorcycles and vehicles with higher occupancy rates such as 

transit buses are flagged so that the occupancy values can be easily verified.  These types 

of vehicles are less likely to result in uncertain occupancy values due to their unique body 

type and visibility.  To obtain accurate occupancy values, express bus occupancy values 

are handled separately (through surveys) but for the matching process the ñ4+ò values 

were assigned to all buses.  Vehicles may change lanes (illegally since there is not a 

weaving section) or travel immediately behind other vehicles so that they are obscured 

from the occupancy data collectorôs view.  Any license plate corrections are also recorded 

in the notes section; approximately one-quarter of incorrect plates can be corrected with 

this method. 
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4.3.2 Registration Database Corrections 

 A small number (less than 1%) of license plates returned incorrect vehicle 

information even though the license plate was transcribed correctly.  In Georgia, a license 

plate stays with the individual rather than the vehicle, and an individual has 30 days to 

transfer an existing license plate to a new vehicle [46].  The frequency of updates to the 

registration database is unknown, so the incorrect records are assumed to be out-of-date 

information due to new vehicle purchases or stolen license plates. 

Nearly 20% of transcribed license plates did not return a record from the database 

despite being extremely clear in the video.  No specific trend explained the lack of 

records, and the records were re-submitted to GTRI to test if the lack of records was due 

to a problem in the initial query.  Of the 20,000 plates that were re-submitted, 25% (over 

5,000) returned a record.  The only change made to the license plate data prior to the 

request was to convert entries to all upper case letters.  Several weeks later, researchers 

discovered a major error in the initial license plates request due to a conversation with a 

URA.  The URA pointed out that the state of Georgia always uses zero in place of the 

letter ñOò on license plates, even in the case of vanity plates (i.e. ZOOM would be 

written as Z00M).  Several hundred license plate records contained ñoôsò.  This issue was 

not resolved in time to add these missing plates to the analysis for this thesis,  but moving 

forward all future license plate requests will convert any ñoôsò to zeroes.  The impact on 

the data should not be significant since the license 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 

body types in Georgiaôs vehicle registration database.  After the body types are recoded 

to match the three basic vehicle classifications used in occupancy data collection, the 

vehicle classification can be used as a variable for matching.  Unfortunately, the body 

type classification is inconsistent even among the same vehicle model, so many of these 

vehicles were re-classified by hand while re-watching the video.  An example of this 

body type classification inconsistency is the Honda CR-V, which is entered in the 

registration base as 4S (four door sedan), MP (multi-purpose), and SW (sports wagon).  

4.3.3 Occupancy Data Collection Corrections 

Vehicles in general purpose lanes 1-5 (all lanes between the HOV lane and the 

gore area) may also obstruct the occupancy collectorôs view of the HOV lane and result 

in missed vehicles.  Data 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 streams.  Figure 9 shows an example of occlusion due to a tractor-trailer. 
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Figure 9: Occupancy Data Collection Occlusion Example 

 

4.4 Actions to Improve Methodologies 

Many of the issues discussed in this chapter are preventable, and knowledge of all 

of the potential issues is very beneficial for the analysis of the data.  Researchers took 

immediate action to address many of these issues to improve future data collection 

efforts. 

4.4.1 Methodology Improvements 

The changes to the occupancy data collection started for the spring data collection 

are now integrated into the standard data collection procedure.  Every session, two URAs 

record occupancy for the HOV lane and a camera is set-up in the gore area.  In previous 

data collection sessions, URAs chose their own lane assignments.  Many 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 the opportunity to 

collect accurate data on that particular lane.  To 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 sessions per week).  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 breaks.  The supervisor can 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, more frequent data checks were performed for 

completed video and occupancy fil es.  If any files are deemed inaccurate (either due to 

bad occupancy or bad video quality), a make-up data collection was scheduled as soon as 

possible.  

4.4.2 URA Training 

Many URAs work multiple semesters on the HOV-to-HOT project, but there is 

still a large amount of turnover due to factors such as class schedule conflicts and student 

graduation.  All new URAs receive detailed training before beginning the occupancy data 

collection or video processing.  The potential mistakes discovered in the processing of 

data for this thesis are now integrated into the new training materials to minimize the 

likelihood of new URAs making the same mistakes.  Any returning URAs also received 

training so that they maintain good data collection methods, and occupancy data is cross-

compared across URAs as part of QA/QC to verify that the trainings are effective.  
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Several URAs with extremely poor performance (bias or errors) were terminated, and 

URAs with minor errors received individual training in addition to the group sessions. 
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CHAPTER 5: DATA ANALYSIS  

The license plate and occupancy data are analyzed independently and then 

together.  License plates from Lane 0 and Lane 1 collected in the Spring 2011 session are 

compared to highlight differences between carpoolers and single-occupant vehicles on 

the general purpose lanes.  Occupancy data from the first four quarters of data collection 

(September 2010-September 2011) are used to develop distributions for the HOV lane 

and the general purpose lanes to identify any variances due to site, 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 conversion at a HOT lane. 

5.1 License Plates 

Chi-square tests were performed 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.   

5.1.1 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 percentage of commercial 

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 vehicle registration 
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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 government vehicles 

were observed), the percentage of government vehicle using the carpool lane was nearly 

seven times higher than in the adjacent general purpose lane.  The chi-square test results 

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

Table 6. 

Table 6: Vehicle Ownership and Lanes Chi-Square Results 

Vehicle Ownership * Lane Crosstabulation 

  Lane Total 

HOV GP 1 

Vehicle 

Ownership Commercial 

Count 2445 3066 5511 

Expected Count 2000 3511 5511 

% within Lane 11.1% 7.9% 9.1% 

Government 

Count 367 93 460 

Expected Count 167 293 460 

% within Lane 1.7% 0.2% 0.8% 

Private 

Count 19235 35531 54766 

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.  (2-sided) 

Pearson Chi-Square 564.051 2 .000 

Likelihood Ratio 548.564 2 .000 

 

The distribution of the cities attached to the vehicleôs registration reflects 

significant differences.  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 behavior is very different 

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 equal [47]).  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 body type in the registration database, 

and as discussed in the data processing chapter the twenty-five different body types were 

recoded to the three vehicle classifications used in occupancy data collection (refer to 

Table 1).  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 expected 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 vehicles in 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.  Buses were excluded 



  

 

51 

 

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 percentage of SUVs are using 

the carpool lane than are using the adjacent general purpose lane. 

Table 7: Vehicle Classification and Lane Chi-Square Results 

 

VehicleClass * Lane Crosstabulation 

  Lane Total 

HOV GP 1 

VehicleClass 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% 

SUV 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.  (2-sided) 

Pearson Chi-Square 787.011 2 .000 

Likelihood Ratio 784.167 2 .000 

 

The vehicles types can be further subdivided to examine the tendencies of 

different types of SUVs and LDVs to utilize the carpool lane.  The expectation was that 

larger vehicles, such as full-size 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 five door 

sedans were analyzed using 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 door sedan expected counts were different from the actual 

counts but due 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.  Contrary to the hypothesis that smaller sedans (two door) would be less 

prevalent in the carpool lane, the results of the chi-square test for LDV sub-classifications 

were not significant despite the large number of HOV observations (Table 5). 

Table 8: Sedan Body Types and Lanes Chi-Square Results 

 

Sedans * Lane Crosstabulation 

 Lane Total 

HOV GP 1 

Sedans 2 Door Count 304 726 1030 

Expected Count 325.4 704.6 1030.0 

% within Lane 3.8% 4.2% 4.0% 

4 Door Count 7753 16735 24488 

Expected Count 7736 16752 24488 

% within Lane 96.1% 95.8% 95.9% 

5 Door Count 11 10 21 

Expected Count 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.  (2-sided) 

Pearson Chi-Square 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 

database.  For example, the ñSWò category included a wide variety of vehicle body types, 
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from station wagons, to small SUV sports wagons, to crossover vehicles.  As 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 than in the general purpose lane 

(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 Chi-Square Results 

 

SUVTypes * Lane Crosstabulation 

  Lane Total 

HOV GP 1 

SUVTypes Camper/Trailer Count 7 3 10 

Expected Count 4 6 10 

% within Lane 0.1% 0.0% 0.0% 

Passenger Van/ 

Non-Transit Bus 

Count 121 28 149 

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 

Wagon/Crossover/ 

Small SUV 

Count 494 773 1267 

Expected Count 516 751 1267 

% 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.  (2-sided) 

Pearson Chi-Square 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 the I-85 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 Prius [25].  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 gas.  Diesel vehicles accounted for 4.5% of vehicles in the 

carpool lane but only 1.8% of vehicles in Lane 1. The high proportion of diesel vehicles 

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

vehicles in the lane.  Flexfuel vehicles are eligible for official ñAFVò license plates in 

Georgia, but the actual count of these vehicles in the HOV lane was slightly less than 

expected (3%).  Not all flexfuel vehicles have the AFV license plate, and only 93 total 

vehicles with the official Georgia ñAFVò license plate were observed (0.9% of vehicle 

observed).  Only 71 of these AFV plates returned records from the vehicle registration 

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 not very prevalent in the NE I-85 corridor 

fleet (natural gas vehicles were the least common AFV fuel type with 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 

(see Table 11). 

 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 

relationship between 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 to carpool.  While the results of the first chi-square 

test for fuel type as well as the test results with gasoline excluded were 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 of hybrid vehicles in the 

carpool lane was over twenty percent lower than the expected count.  The second test 

increased the difference between the expected and actual counts of flexfuel vehicles as 

well. Natural gas and diesel vehicles were the only non-gasoline fuel types that had 

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

 

FuelType * Lane Crosstabulation 

  Lane Total 

HOV GP 1 

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 

Gas 

Count 11 0 11 

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 Chi-Square 

 

416.845 4 .00 

Likelihood Ratio 400.538 4 .00 
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Table 11: Fuel Type and Lane Chi-Square Results (gasoline excluded) 

FuelType * Lane Crosstabulation 

 
Lane 

Total 0 1 

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 

Gas 

Count 11 0 11 

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% 100.0% 100.0% 

Chi-Square Tests 

 Value df Asymp. Sig. (2-sided) 

Pearson Chi-Square 211.483 3 0.000 

Likelihood Ratio 216.636 3 0.000 

 

5.1.4 Model Year 

Vehicle model year can be a useful indication of a fleetôs emissions impact (this 

will be done in the future using this data set).  Vehicle model years were binned so that 

the chi-square test could be applied, but no category showed any practical difference 

(despite the significance indicated by the low p-value).  A subsequent analysis will 

examine the breakdown of vehicle model years by engine certification grouping for use 

in enhanced vehicle emissions impact research. 
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Table 12: Model Years and Lane Chi-Square Results 

 
Lane 

Total 0 1 

YearBins 1989 and earlier Count 174 293 467 

Expected Count 170.8 296.2 467.0 

% within Lane 0.7% 0.7% .7% 

1990-1994 Count 590 951 1541 

Expected Count 563.5 977.5 1541.0 

% within Lane 2.5% 2.3% 2.3% 

1995-1999 Count 3223 4924 8147 

Expected Count 2979.3 5167.7 8147.0 

% within Lane 13.4% 11.8% 12.4% 

2000-2002 Count 4193 7138 11331 

Expected Count 4143.7 7187.3 11331.0 

% within Lane 17.4% 17.1% 17.2% 

2003-2004 Count 3743 6668 10411 

Expected Count 3807.3 6603.7 10411.0 

% within Lane 15.6% 16.0% 15.8% 

2005-2006 Count 4375 7705 12080 

Expected Count 4417.6 7662.4 12080.0 

% within Lane 18.2% 18.5% 18.4% 

2007-2008 Count 4371 7751 12122 

Expected Count 4433.0 7689.0 12122.0 

% within Lane 18.2% 18.6% 18.4% 

2009-2010 Count 2769 5289 8058 

Expected Count 2946.8 5111.2 8058.0 

% within Lane 11.5% 12.7% 12.3% 

2011-2012 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 24054.0 41722.0 65776.0 

% within Lane 100.0% 100.0% 100.0% 

Chi-Square Tests 

 Value df Asymp. Sig. (2-sided) 

Pearson Chi-Square 56.557 8 .000 

Likelihood Ratio 53.357 8 .000 
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5.1.5 In-State vs. Out-of-State Vehicles 

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

through the region.  However, since the collection only took 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 area found that approximately 67% of 

vehicles have the registration database address as the point of origin [35].  The 

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

general purpose lane, and also about 20% higher than the expected count from the chi-

square test (see Table 13).   

Table 13: In -State Registration and Lane Chi-Square 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 

State 

Count 1746 2168 3914 

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.  (2-sided) 

Pearson Chi-Square 78.069 1 .000 

Continuity Correction 77.771 1 .000 

Likelihood Ratio 76.636 1 .000 
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5.2 Occupancy 

The processed occupancy data for all four quarters were analyzed to examine the 

impact of factors such as site, day, and time on the occupancy distributions.  Because two 

data collectors recorded occupancy on the HOV lane beginning in late May 2011, one set 

of HOV lane records was removed on each of these sessions to eliminate intra-correlation 

of the data.  The vehicle occupancy, vehicle classification, URA name, and a time stamp 

are recorded with the occupancy (LDV, SUV, and HDV) but no other vehicle 

information is included in each record. 

5.2.1 Overall HOV vs. General Purpose 

 Over four quarters, 1,562,034 occupancy records were collected at the five sites 

on I-85.  After the duplicate HOV lane values were removed from the database, 

1,434,634 unique occupancy records remained.  The problem URA data were also 

removed.  The overall distributions of the HOV lane and the general purpose lanes 

(Lanes 1-5) are seen in Figure 10 and Figure 11.  Nearly 90% of vehicles in the GP lanes 

have only one occupant and 61.5% of vehicles in the HOV lane have two occupants.  The 

HOV lane has about 15% single-occupant vehicles and another 9.5% of possible violators 

(ñ1+ò records).  One should note that motorcycles are not separated out from the 

distribution even though they are legal lane users with only one occupant.  Motorcycles 

were observed to make-up slightly less than two percent of all vehicles, so the actual 

violation is a little lower than the graph illustrates. The 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 barely visible in Figure 11). 
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Figure 10: HOV Lane Occupancy Distribution for Sept. 2010-Sept. 2011 

 

Figure 11: GP Lanes Occupancy Distribution for Sept. 2010-Sept. 2011 
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Two URAs record data on the HOV lane, but the observers receive additional 

training and know that their results are being compared and.  To test the accuracy of 

URAs on one of the general purpose lanes, five URAs were assigned to record on Lane 4 

without knowing that the results would be compared.  Figure 12 illustrates the occupancy 

distributions of each URA, and all five URAs recorded more than 85% ñ1ò values.  The 

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

many total occupancy records.     

 

Figure 12: Comparison of Five URAs on One GP Lane 

 

In order to see the difference in the other occupancy categories, theñ1ò values 

were excluded and the distribution for the higher occupancy values is shown in Figure 
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13. URA 20 and URA 39 record slightly more ñ2+ò values than the other URAs, but the 

actual counts of these values were less than 40 (out of about 1800 records per URA).  The 

other three URAs recorded zero ñ2+ò values. 

 
Figure 13: Comparison of Five URAs on One GP Lane (ñ1ò values removed) 

 

 

5.2.2 Variance due to Time and Site 

 Only a limited number of sessions were matched due to the extensive processing 

time, so the variance of occupancy by site, day, and time were examined to ensure that 

the chosen sessions would not reflect any particular bias.  No Tuesday or Beaver Ruin 

Road data were matched (the full details of the matched data are included in Section 5.3).  

The updated occupancy methodology was not implemented until the second week of 
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spring data collection, so no Beaver Ruin data was matched.   Table 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 

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

have nearly 10% less ñ2ò values than Tuesday or Wednesday, but the percentages of the 

ñ2+ò and higher values are very similar to the other days of the week.  The only general 

purpose lane day to reflect less than 89% ñ1ò values is Tuesday AM.  

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% 14.5% 84.1% 89.1% 91.6% 

1+ 9.9% 9.4% 14.3% 9.8% 6.1% 2.7% 

2 68.1% 62.3% 51.5% 5.5% 4.2% 4.6% 

2+ 11.2% 14.6% 15.5% 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% 0.06% 

4+ 1.7% 2.0% 1.8% 0.02% 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% 89.2% 89.8% 

1+ 8.0% 6.0% 6.8% 2.9% 3.0% 2.3% 

2 68.4% 70.3% 70.9% 5.9% 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% 2.9% 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 distributions were compared by site (still separated by AM 

and PM).  As a reminder, only PM data are collected at Chamblee-Tucker so AM data are 

not available. Many of the differences in the occupancy distributions across different 

days of the week were between ñcertainò and ñuncertainò values (1 vs. 1+), so the table 

for the site comparison includes the combined category percentages.  Jimmy Carter 

Boulevard had over 15% ñ1ò occupancy records in the HOV lane AM data (compared to 

6-8% at other sites), but the combined ñ1ò and ñ1+ò values at JCB are 24% which is 

comparable to the other sites.   

 

Table 15: HOV Lane Occupancy Distributions by Site 

AM  
HOV Lanes 

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

1 

N/A 

15.5 
23.7 

6.6 
20.5 

5.9 
16.6 

7.7 
25.8 

1+ 8.2 13.9 10.7 18.1 

2 59.5 
72.5 

57.1 
74.0 

66.2 
79.0 

57.1 
69.9 

2+ 13.0 16.9 12.8 12.8 

3 1.8 
2.0 

2.8 
3.4 

2.2 
2.6 

2.1 
2.5 

3+ 0.2 0.6 0.4 0.4 

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 

PM 
HOV Lanes 

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

1 6.8 
20.3 

10.3 
14.3 

7.7 
12.6 

9.3 
16.3 

12.0 
19.9 

1+ 13.5 4.0 4.9 7.0 7.9 

2 68.7 
71.9 

74.4 
77.7 

65.9 
80.8 

72.3 
76.8 

64.5 
72.6 

2+ 3.2 3.4 14.9 4.5 8.1 

3 4.2 
4.6 

4.7 
5.0 

3.3 
4.0 

4.1 
4.4 

4.1 
4.5 

3+ 0.4 0.3 0.7 0.3 0.4 

4+ 3.2 3.2 2.9 2.9 2.5 2.5 2.5 2.5 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 

AM  
General Purpose Lanes 

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

1 

N/A 

87.1 
94.6 

90.2 
94.4 

94.2 
96.2 

89.0 
92.0 

1+ 7.5 4.2 2.4 3.0 

2 4.9 
5.2 

4.6 
5.2 

2.9 
3.1 

6.5 
7.6 

2+ 0.3 0.6 0.2 1.1 

3 0.2 
0.2 

0.2 
0.3 

0.2 
0.2 

0.2 
0.3 

3+ 0.0 0.1 0.0 0.1 

4+ 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 

Total 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 

PM 
General Purpose Lanes 

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 
8.5 

5.1 
5.5 

6.4 
7.0 

5.4 
5.8 

8.5 
9.0 

2+ 0.7 0.4 0.6 0.4 0.5 

3 0.6 
0.6 

0.4 
0.4 

0.4 
0.4 

0.3 
0.3 

0.5 
0.5 

3+ 0.0 0.0 0.0 0.0 0.0 

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 time-intensive processing, only five of the eighteen available data 

collection sessions were matched.  Over 7,000 occupancy values were matched to 

vehicles from the license plate video. 5,780 (82.2%) had consistent occupancy records, 

and of these matched and accurate records 3,570 (61.8%) had license plate data.   

Table 17 defines consistent and inconsistent occupancy values.  If 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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database.  The definitions of consistent are modified from DôAmbrosioôs thesis to 

exclude the match of values such as ñ1ò and ñ1+ò as consistent [45].  

 

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, 2, 3 Not consistent 

 

The details of the inconsistent occupancy values are shown in Table 18.  The inconsistent 

pairs are shown separately by Observer A and Observer B, so each pair of inconsistent is 

shown twice (e.g. Observer records ñ2ò while Observer B records ñ1ò is listed separately 

than Observer A records ñ1ò while Observer records ñ2ò).  The most common 

inconsistent pairing was ñ2ò and ñ1ò, with 373 occurrences that represent 5.63% of all 

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

definition of consistent values from DôAmbrosioôs thesis was used instead of the more 
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strict exclusion of values such as ñ2ò and ñ2+ò, an additional 5.54% of the inconsistent 

values could have been labeled as consistent. 

Table 18: Occurrence of Inconsistent Occupancy Records 

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% 

 

 The matched sample is representative of the entire license plate dataset despite 

the omission of any Beaver Ruin Road or Tuesday data.  A socio-demographic analysis 

of the data showed that Monday-Wednesday data and data from the three middle corridor 

sites (BRR, JCB, and PHR) had no significant difference [48].  123 motorcycles, all with 
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occupancy of 1, were observed in the sample. Motorcycles therefore account for 1.8% of 

all vehicles and 5.0% 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 Wednesday Thursday 

Period AM AM PM PM PM 

URA A URA 36 URA 21 URA 26 URA 36 URA 48 

URA B URA 21 URA 22 URA 22 URA 5 URA 39 

Matched 

Records 
2524 747 1263 796 1697 7027 

Consistent 

Occupancy 

1948 

(77.2%) 

660     

(88.3%) 

1082 

(85.7%) 

606 

(76.1%) 

1484 

(87.4%) 

5780 

(82.3%) 

LP Data  
1097 

(43.4%) 

427 

(57.2%) 

612 

(48.5%) 

404 

(50.8%) 

1024 

(60.3%) 

3564 

(50.7%) 

*Only forty-five minutes of video were matched for this session 

The match rate is higher at sites with lower volumes.  Specifically, the occupancy 

matching rates are higher at Old Peachtree Road and Chamblee-Tucker Road (88.3%, 

85.7%, and 87.4% versus 77.2% and 76.1% at the two other sites).  At JCB and PHR, 

vehicle volumes are on average nearly twice the average volumes at OPR and CTR and 

97% of time gaps between 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 15-20 second breaks over each data collection session, even a 15 

second break once or 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 prevalence of time gaps greater than ten seconds at CTR and OPR make the 
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matching process much easier than matching the time gaps at the sites with higher 

volumes and more regular time gaps.  This concept is demonstrated in Table 20, which 

includes a sample of the three data streams from a session at Old Peachtree Road.  The 

longer time gaps (approximately 23 and 27 seconds) assist in matching the three data 

streams accurately. 

Table 20: Example of Time Gap Use in Matching Process 
Gap A 

(s) 
Vehicle 
Class. A 

Occupancy 
A 

Gap B 
(s) 

Vehicle 
Class.  B 

Occupancy 
B 

Video 
Gap (s) 

Vehicle 
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 SUV 

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 SUV 

0:00:05 SUV 2 0:00:04 SUV 2 00:03.0 SUV 

0:00:01 LDV 2 0:00:01 LDV 2 00:01.0 LDV 

 

5.3.1 Matched Occupancy Sensitivity Analysis 

A sensitivity analysis of the occupancy data assesses sensitivity to recorder errors 

and inconsistent match errors.  As mentioned in the previous section, the two recorded 

occupancy values were compared and only the consistent occupancy values are used in 

the final analysis.   

Table 17 contains definitions of consistent and inconsistent occupancy values between 
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observers.  The designations ñObserver Aò and ñObserver Bò were randomly assigned to 

the URAs for each data collection session.  The definition of consistent values differs 

from a previous analysis of the projectôs occupancy data because pairs such as ñ2ò and 

ñ2+ò are not considered to be consistent for this analysis [45].  

The uncertain, or ñ+ò occupancy values, are changed to numeric values that are 

0.5 more than the certain value (i.e. ñ1+ò becomes ñ1.5ò) to facilitate analysis of the data. 

Using the values listed in Table 22, the average occupancy for the matched records is 

2.049.  If all the uncertain values are rounded up (ñ1.5ò to ñ2ò), the average occupancy 

increases very slightly to 2.074.  If the uncertain values are truncated (ñ1.5ò to ñ1ò), the 

average occupancy only decreases slightly to 1.998.  The changes are very slight due to 

the high percentage of ñ2ò occupancy values in the data.  The negligible effect on the 

overall average indicates that using 0.5 in place of the ñ+ò is acceptable for the majority 

of vehicles. 
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Figure 14: Occupancy Sensitivity Analysis 

 

After the sensitivity analysis concluded that assigning uncertain values an 

additional ñ0.5ò was reasonable, the difference between the consistent records was 

examined. Observer Bôs occupancy records were subtracted from Observer Aôs records to 

obtain the difference between them.  The results are shown in Figure 15 and the details of 

the distribution are in Table 21.  The mean difference is -0.049, or 0.02%, which 

indicates that the occupancy methodology 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 can result from one URA recording a ñ1+ò while 

the other enters a ñ4+ò value.  The specific URAs designated as ñAò and ñBò are listed in 

Table 19. 
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Figure 15: Difference in Observersô Occupancy Values for all Sessions 

 

The average difference is only -0.049, which as mentioned earlier indicates a good match 

between the occupancy data streams. 

 

Table 21: Descriptives of Occupancy Difference Distribution 

 Statistic Std. Error 

Occupancy A-

Occupancy B 

Mean -.049 .0074 

Median .000  

Std. Deviation .5806  

Skewness -.219 .031 

Kurtosis 5.130 .063 
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5.3.2 Occupancy of Buses and Vanpools 

The other potential bias in the occupancy values is the use of ñ4+ò for school and 

transit buses.  Two additional average occupancy values are calculated, one with all the 

buses removed and one with the higher bus occupancy included.   Using ridership data 

from the two regional transit agencies, GRTA Xpress buses and Gwinnett County Transit 

buses, the average bus occupancy is 26 persons 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.  A total of 73 buses were observed and had consistent 

occupancy records.  Once the estimated bus occupancy values of ñ4+ò are replaced with 

the actual occupancy value of 26, the average occupancy for the dataset increases to 

2.324 persons per vehicle.  Vanpools could also have an effect on the overall occupancy 

rate, but there are no available data regarding occupancy or frequency of these vehicles.   

Buses are expected to make 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 ñ4+ò values may produce a much lower average occupancy than in reality.  If 

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 lane.  The complete breakdown of occupancy values is shown in Table 

22. The 73 transit buses account for approximately half of all ñ4+ò vehicles in the 

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  

 

5.3.3 Comparison to Larger Sample 

Two variablesðvehicle classification, vehicle modelðwere compared for the 

matched records and all HOV records to further assess that the sample is representative.  

The vehicle classification distributions are nearly identical, with the matched records 

including slightly more HDVs than the entire data set. 

 



  

 

76 

 

 

Figure 16: Vehicle Classification Distribution of HOV Matched Records and All 

HOV Records 

 

The top 25 vehicle models were also compared and the paired records include almost all 

of the common vehicles found in the entire 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 of possible 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 not biased towards one type of car), approixmatel one in 25 

vehicles on the HOV lane is a Honda Accord.  Note that an MCIB D4500 is a transit bus 

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

buses).  

Matched HOV Records All HOV Records 

N = 5770 N = 28191 
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Table 23: Comparison of Top 25 Vehicle Models  

 

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 

Chevrolet 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 1.5 
 

Dodge Ram 347 1.5 

Ford Explorer 66 1.5 
 

Nissan Altima 337 1.5 

Toyota Sienna 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 1.1 
 

Toyota Tacoma 249 1.1 

Dodge 
Grand 

Caravan 

48 1.1 

 

Nissan Maxima 242 1.1 

Chrysler 
Town & 

Country 

46 1.1 

 
Dodge 

Grand 

Caravan 

219 1.0 

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 & 

Country 
213 

0.9 

TOTAL  1831 42.2 
 

TOTAL  9455 42.2

% 
 



  

 

78 

 

During processing, any errors in license plate transcriptions were noted as well as 

details about out-of-state vehicles of those with incorrect data or missing Georgia license 

plates.  In total, 663 vehicles without license plate records were assigned a make and 

model and 260 vehicles without license plate data were assigned a make only.  Vehicles 

were only assigned a specific model when the researcher was certain, otherwise only a 

make was assigned.  If the video was blurry or the vehicle was blocked, information was 

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 out-of-state vehicles luxury models).  Several luxury brandsðBMW, 

Lexus, and Mercedesðappeared in the top five makes, but no luxury models appear in 

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 1.5  Avalon 6 6 

Impala 3 1.2  Edge 6 6 

Lincoln 3 1.2  Fusion 6 6 

TOTAL 245 94  TOTAL 405 57.1 

 

5.3.4 Profile of HOV Lane Users 

The goal of matching occupancy to license plate records was to obtain an accurate 

profile of users of the HOV lane using vehicle characteristics.  The matched records are 

examined and new information is used (vehicle valuation for specific matched models). 

Beyond the matched records themselves, information learned over the completion 

of processing can also be used to obtain more accurate information about HOV users than 

the license plate data alone.  For instance, the vehicle classification obtained from the 

body type field in the license plate processing can be compared to the classification note 

during the second review of 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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Figure 17: Vehicle Classification from Video Processing and Database 

 

 

 

Figure 18: Corrected Vehicle Classification from Matching Process 

 

N = 4382 

N = 5668 














































































































