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Abstract 

On-road transportation policies could play a key role in reducing greenhouse gas (GHG) 

and air pollutant emissions via a wide range of strategies that can be classified into three 

groups: reduce, avoid, and replace. The objective of this dissertation is to prioritize on-

road emission mitigation strategies for policy -level transportation funding allocation and 

to quantify the environmental impacts of first, High Occupancy Vehicle (HOV) lanes and 

carpooling as a realization of avoid strategies; and second, Plug-in Electric Vehicles 

(PEVs) as an example of replace strategies. The resulting models have a wide range of 

applications in evaluating the effectiveness of each strategy, including the potential to 

assist policymakers, and transportation planners in optimizing infrastructural investments 

by identifying regions where the response to a specific policy would be maximized. 

In chapter II, reduce, avoid, and replace strategies were prioritized based on 

transportation and climate science professionals’ opinions through Analytical Hierarchy 

Process (AHP), applied to the cities of Dallas and Lubbock in Texas. The results 

indicated that reduce strategies had the highest preference score of 40%, followed by 

avoid strategies with 36% and replace strategies with 24%. In chapter III, we developed a 

statistical model to relate HOV lanes and other potential factors to carpooling propensity 

in all 50 U.S. states and the District of Columbia. At the state level, we found HOV lane-

kilometers together with higher-than-average gasoline prices to be effective in promoting 

carpooling. An in-depth analysis of 58 counties in California found that HOV lane-

kilometers also positively impact carpooling rates for individual counties. For a 

hypothetical scenario where existing HOV lane-kilometers in each state are expanded by 

0.5 meters for every hour of total daily travel time to work, we found this strategy has the 

greatest potential to reduce annual carbon dioxide equivalent (CO2e) in the District of 

Columbia, by 4.5%, followed by Hawaii and New York, and New Jersey. The smallest 

potential is found in North Dakota. Nationally, 1.83 MMT of CO2e or 0.16% of light duty 

vehicle emissions would be reduced under this scenario 

In chapter IV, we attributed PEV adoption rate in 58 California Counties to charging 

station infrastructure and other potential factors using statistical models. We found 
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charging station per capita to be effective in promoting PEV adoption, particularly among 

male buyers in households with less number of vehicles available. For a hypothetical 

scenario where existing charging station infrastructures in each county are expanded by 2 

charging station for every one million total daily miles travelled, we found this strategy 

has the greatest potential to reduce petroleum use, GHG and criteria air pollutant 

emissions in Modoc County, by 0.06%-0.03%, followed by Sierra, and Mono counties. 

For 20 counties, including Butte, San Joaquin, and San Francisco counties, the benefit to 

cost ratio is below one, indicating the incompatibility of the strategy in these counties.  
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Chapter I 

Introduction 

Earth’s surface temperature has increased by 0.8ºC over the 20th century and is expected 

to continue to increase by 1.4–5.8ºC during the 21st century, depending on the 

magnitude of human emissions of carbon dioxide (CO2) and other greenhouse gases 

(GHGs) [3][4]. The impacts of a warming planet include increases in temperature, shifts 

in precipitation patterns, rising sea level, reductions in ice and snow cover, and an 

increase in the frequency and/or severity of extreme weather events including heat waves, 

droughts, floods [5], and hurricanes [6]. In many parts of the world, these changes are 

already affecting agriculture [7], ecosystems, energy, human health [8], infrastructure, 

water resources, and the economy [9]–[11]. 

Climate is changing as a result of human activities, primarily due to emissions of CO2 

and other GHGs from fossil fuel consumption [12]. CO2, methane (CH4), nitrous oxide 

(N2O), hydrofluorocarbons (HFCs), perfluorocarbons (PFCs) and sulfur hexafluoride 

(SF6) have been identified as the primary GHGs responsible for human-induced climate 

change [13]–[15]. Of these GHGs produced by human activities, CO2 has the greatest 

impact due to the sheer volume of its emissions from fossil fuel combustion in several 

sectors including electricity generation, transportation, agriculture, commercial, and 

residential activity [2][13][15][16].  

CO2 is produced primarily from the burning of fossil fuels associated with transportation, 

electricity generation, and heating and cooling in buildings [17][18]. Additional 

emissions come from deforestation, land use changes, and cement manufacture [3][19]–

[21]. While China recently overtook the United States (U.S.) in terms of its total annual 

emissions, the U.S. is responsible for approximately one third of all carbon emissions 

since the Industrial Revolution and still maintains the highest per capita rate of CO2 

emissions of any large nation in the world [22]. 

In the U.S., GHG emissions from transportation sector have grown faster than any other 

sector over the last two decades [23]. Transportation is responsible for nearly one-third of 
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total emissions (Figure 1-(a)). Of those emissions, over one-third can be attributed to 

passenger cars and another one-third to light and heavy trucks (Figure 1-(b)). This 

highlights the significant impact of on-road transportation policies in reducing CO2 

emissions. GHG emission mitigation not only reduces the human-induced climate change 

[24]–[26], but it can also potentially reduce air pollution, which in turn benefits human 

health and natural ecosystems as well as conserves finite resources of oil and other fossil 

fuels [27].  

Figure 1. (a) Transportation share of U.S. Emissions; (b) Transportation Emission by 

Mode (2002) [2] 

 

On-road transportation policies could play a key role in reducing carbon and other GHG 

emissions via a wide range of strategies that can be classified into three groups: reduce 

(reducing GHG emissions per passenger kilometer such as reducing engine weight [28] 

and using high efficiency vehicles [29]), avoid (avoiding unnecessary energy 

consumption and promote other modes of transportation such as, teleworking [30], public 

transport [30][31], cycling and walking, carpooling [31][32], and applying toll road and 

parking charges [33]), and replace (replacing fossil fuels with low-emission alternative 

fuels such as alternative fuel vehicles [29][34]–[36]) as described in [27].  

The main hypothesis of the research is that sustainable strategies would mitigate 

emissions based on their level of implication and acceptance rate among prospective 

users. This research answers two main questions: First, Which types of incentives are 
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most effective for each strategy, and second, what magnitude of reductions could be 

achieved by applying such incentives? This disserartion aims to address these questions 

by combining several micro and macro-level data with statistical modeling analysis.  

While integrated real data are not frequently used [37] to model vehicular emissions, this 

dissertation aims to bridge this gap by combining several micro and macro-level data 

through statistical modeling procedures. With sufficient data availability, proposed 

modelling framework could be used by state, regional, or even city-level policy makers 

and transportation planners to optimize their infrastructural investments by identifying 

states and even counties where the response of drivers to a particular strategy would be 

maximized, implying that larger emission reductions can be achieved. 

This dissertation contained three sections. Chapter II represents a multi-criteria method, 

Analytical Hierarchy Process (AHP), to rank various on-road emissions mitigation 

strategies including reduce, avoid, and replace strategies based on a survey of 

transportation and climate science professionals. Chapter III and IV focus on the 

contribution of avoid and replace strategies respectively. More specifically, chapter III 

quantify the environmental impacts of carpooling as an example of avoid strategies and 

chapter IV quantify the environmental and economic impacts of Plug-in Electric Vehicles 

(PEVs) as a realization of replace strategies 
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Chapter II 

Selection Of CO2 Mitigation Strategies for Road Transportation in the 

United States Using a Multi-Criteria Approach 

Introduction 

The impact of transportation sector on U.S. emissions, together with its vital role in daily 

life, make the U.S. road transportation and its planning the key to achieving long-term 

CO2 mitigation. One of the main steps in transportation planning and policymaking is 

budget prioritizing. This process often includes ranking available mitigation strategies 

[38], which in turn requires objectives and criteria to be set. In the case of major 

planning, there are usually multiple objectives, which require multi-criteria selection 

between a series of possible scenarios. Single criteria approaches primarily aim to 

maximize benefits while minimizing costs. In contrast, Multi-Criteria Decision Making 

(MCDM) techniques reflect essential characteristics of the decision process. AHP is the 

most popular multi-criteria method [39]; it provides decision makers with realistic 

strategy ranking. Once the strategies are scored based on the AHP, emission inventory 

models can be used to estimate the goals achieved by a given action. 

Emission inventory models such as MOVES [40], COPERT [41], MOBILE [42], and 

MVEI [43] can be used to estimate road transportation emissions. These models provide 

an effective scenario implementation perspective on transportation pollutants [44]. The 

U.S. Environmental Protection Agency’s (EPA) MOVES (Motor Vehicle Emissions 

Simulator) is the most advanced emission estimator [45]. This model approximates 

pollutants and GHG emissions such as HC, CO, CO2, NOx, CH4, N2O, PM10, and PM2.5 

from motor vehicles, according to different conditions and parameters such as vehicle-

class population, vehicle mileage traveled, fuel type, speed distribution, road type, and 

meteorological data. The model is comprehensive and applicable for big cities and large 

network sizes with high degree of uncertainty and complexity [40]. 

In this section, the objective is to use AHP to prioritize on-road CO2 mitigation strategies 
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for policy -level transportation funding allocation. AHP priorities were obtained based on 

an online survey completed by mainly transportation and climate science professionals, 

the output of which was then used as input to the MOVES model to assess the potential 

of the CO2 mitigation scenarios. 

In any state, transportation emissions are an important source of CO2 [46]. For the 

purpose of this study, however, we needed to identify a possible case study area. Annual 

CO2 emissions in Texas are substantially higher than any other state in the U.S.; within 

the state of Texas, both large urban areas such as Dallas and smaller cities such as 

Lubbock have relatively high per capita emissions, with large contributions from 

transportation [47][48].  For this reason, we selected these two locations as case studies to 

assess the potential for CO2 mitigation from the transportation sector.  

We first review aspects of sustainable road transportation and different emission 

mitigation strategies. Next, the AHP analysis and MOVES model are discussed, followed 

by our conclusions and recommendations. 

Sustainable Road Transportation 

Current literature has contributed to sustainable road transportation field in two levels. 

Firstly, transportation sector emission is estimated in various ways. Secondly, different 

policies to reduce the emission are investigated. Researches in the first group are 

addressed by several studies in the U.S. [45][49][50], Europe [51]–[53], Asia [54], and 

Australia [55]. Emission mitigation policies include quite a lot of scenarios, which are 

used in European countries [56]–[59], Asia [60]–[62], Africa [63], Australia [31], and the 

U.S. [29][30][34]. 

Policies to reduce CO2 emissions from road transportation encompass a wide range of 

strategies. Common examples include high efficiency vehicles [29], travel demand 

management (flexible hours, teleworking) [30], shifting from personal car to public 

transport [30][31], alternative fuels (hydrogen, electricity, biofuel) [29][34], various types 

of taxation (road toll, parking charges) [33], reducing engine weight [28], zero-carbon 

alternatives (cycling and walking) [31][33], increasing road capacity [33][61], soft 

policies high occupancy vehicle (HOV) lanes [31][33]. Each of these strategies targets a 
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specific source of emissions that should be clearly identified and investigated. All of the 

strategies for reducing emissions can be classified in different ways. Table 1 provides a 

list of CO2 mitigation strategies derived based on previous research studies. 

 

Table 1. Different Classification of CO2 Mitigation Strategies  

Distinction Scenario 
name Scenario description Scenario examples 

Integration into different 
types of transportation 
policies and planning [64] 

Physical 
policies 

Affecting element of 
physical infrastructure 

Public transportation, walking and 
cycling, road construction, and 
freight transportation 

Soft 
policies 

Non-tangible policies 
aiming to bring about 
behavioral changes to 
people 

Car sharing and car-pooling, 
teleworking and teleshopping, eco-
driving, public outreach and raise 
awareness through advertising  

Knowledge 
policies 

Emphasizing on the role of 
investment in research and 
development to find a 
sustainable model of 
mobility for the future 

External knowledge to produce 
new product, Incentives for R&D 

Level of technical 
contribution to 
Environmental Sustainable 
Transportation (EST) [65] 

EST1 Looking for only technical 
solutions 

Hybrid and electric cars based on 
renewable energy 

EST2 Managing mobility and 
ignoring technological 
development 

Restricting and shifting vehicles 
volume, speed limit in urban areas, 
prohibition of night-time freight 
traffic 

EST3 Combining EST1 and 
EST2 

A combination of the other two 
categories 

Tackling road 
transportation GHG 
emissions [66] 

Avoid Avoiding unnecessary 
energy consumption and 
promote other modes of 
transportation 

Road taxes and parking prices, 
public transport, HOV lanes and 
carpooling, teleworking, cycling 
and walking 

Reduce Reducing GHG emissions 
per passenger kilometer 
travelled  

More fuel-efficient vehicles, 
improve fuel-efficiency standards 

Replace Replacing fossil fuels with 
low-carbon fuels 

Clean-fuel vehicles such as 
electricity and biofuel powered 
vehicles 

Ease congestion and 
emission mitigation [67] 

Capacity-
based 

Increasing roadway’s 
vehicle throughput 
capacity 

Expanding infrastructure, 
increasing existing roadway 
utilization 

Demand-
based 

Reducing vehicle travel 
volume  

Road pricing, fuel pricing 

Vehicle-
based 

Reducing emissions 
through cleaner vehicles 
and fuels 

Improve vehicle-efficiency and 
fuel-efficiency standards 
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In the U.S., under the Clean, Low-Emission, Affordable New Transportation Efficiency 

Act (CLEAN-TEA) introduced in March 2009, local governments with a population of 

over 200,000 are required to determine a plan to mitigate GHGs from the transportation 

sector [68]. Transport-related climate action plans in different cities are listed in the 

Sustainable Urban Transport Project (SUTP). An example of these cities is the city of 

Houston, TX, which published an Emission Reduction Plan in mid-2008. Its goals 

consisted of: 1) replacing traffic lights with LED technology, 2) replacing older vehicles 

with modern, more fuel efficient cars and trucks, and 3) introducing hybrid vehicles and 

other new technology [69]. 

Transportation systems are usually complex and correlate with contextual socio-

economic and environmental factors [70]. Setting targets and incorporating strategies for 

sustainable transportation need to integrate both direct and indirect impacts of 

transportation. Next section attempts to assess the different transport-related strategies 

that seem to be instrumental for reducing CO2 emissions in cities with different regional 

characteristics and ranks the strategies using a multi-criteria analysis. Ranking these 

strategies is crucial due to budget and time constraints. 

AHP Multi-criteria Approach 

Multi-criteria analysis can be used to solve problems with multiple objectives by 

assessing multiple solutions, yielding results that are more effective, clear, and logical 

than the corresponding single-criteria approaches [39][71]. In most transportation 

planning situations, multiple beneficiaries are involved and each brings along a different 

criterion. The need to incorporate economic, environmental, social, and health 

considerations into transportation planning, means that decision-making in this sector is 

ideally suited to the application of multi-criteria approaches. 

MCDM methodology is implemented by various techniques such as WSM, WPM, AHP, 

PROMETHEE, ELECTRE, TOPSIS, CP, and MAUT [1][39][72][73]. Each of the 

methods has particular advantages and disadvantages. AHP is the most popular method 

[39] and the most widely-used multi-criteria tool in transportation planning [74] 

including selecting alternative options in multi objective planning [62] and screening 



Texas Tech University, Roxana Jahanbakhsh Javid, December 2016 

 8 

transport projects [63]. It has also been applied in several studies integrated with other 

methods such as Preference Ranking Organization Method for Enrichment Evaluations 

(PROMETHEE) [74] and VIsekriterijumsko KOmpromisno Rangiranje or VIKOR [75] 

techniques for decision making and planning processes.  

This study employs a survey to perform the AHP method. The objective of the study is to 

evaluate and prioritize the strategies that can reduce CO2 emissions from road 

transportation. The outcome of this prioritization would be crucial for policyholders as it 

can be used to optimize their investment strategies. The proposed framework is described 

in detail next. 

About the AHP 

AHP is one of the best-known and most widely used multi criteria analysis approaches 

[76]. Lacking quantitative ratings, AHP can help policymakers evaluate the importance 

of strategies for a specific issue. The basic procedure to carry out the AHP consists of the 

following steps: 

• Establish a hierarchy for the problem including goals, alternatives to reach to those 

goals and criteria for evaluating the alternatives 

• Set criteria priorities by pair wise comparison (weighing) 

• Conduct a pair wise comparison of alternatives on each criterion (scoring) 

• Obtain an overall relative score for each alternative  

Pair-wise comparison is performed using a matrix, made up of Saaty’s fundamental scale 

of 1–9 [76]. This scale is used in matrices to find relative criteria’s weights and to 

compare the alternatives associated with each criterion. Table 2 summarizes the 

fundamental ratio scale. All final weighted coefficients are shown in matrices. 

Alternatives and criteria can be ranked based on the overall aggregated weights in 

matrices. The alternative with the highest overall weight would be the most preferable.  
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Table 2. Saaty’s Scale for AHP Pairwise Comparisons [1] 

Weight Description 

1 Equal importance 
3 Moderately more importance 
5 Strongly more importance 
7 Very strongly more importance 
9 Dominant importance 
1/3, 1/5, 1/7, 1/9 Reciprocals 

 
To apply the AHP method in this study, alternatives and criteria related to the objective 

needs to be defined. As described in Table 1, Canada’s World Wildlife Fund (WWF) [66] 

exercised three main strategies to tackle road transportation GHG emissions: avoid, 

reduce, and replace. This classification is comprehensive and well defined. These three 

strategies were selected as the alternatives for this study’s AHP process. Corresponding 

criteria were defined to incorporate economic, environmental, social, and health concerns 

into the process and include: reduce transportation investment cost, save more natural 

environment, reduce traffic congestion, and reduce air pollution. Finally, the goal was set 

to reduce CO2 emissions. The basic outline of the AHP method in this study is illustrated 

in Figure 2. 

 
Figure 2. Structure of AHP method for this study 

 



Texas Tech University, Roxana Jahanbakhsh Javid, December 2016 

 10 

Data collection 

For the purpose of data collection, a survey was developed to collect information on 

pairwise comparison of the predefined CO2 emissions reduction criteria and alternatives 

(see Appendix A). The survey participants were mainly transportation and climate 

science professionals. The survey was approved by Texas Tech University Institutional 

Review Board and was carried out through Survey Monkey website. The structure of the 

survey consisted of three sections: 1) demographics, 2) criteria comparison, and 3) 

strategy comparison. The first set of questions intended to capture the demographic 

information of the survey participants and included their states, city, professional 

background, and job affiliation. Figure 3 summarizes the background and job affiliation 

data of 71 experts who completed the survey. Selected participants in academia 

previously had industry or public service experience. 

The majority of the responses came from Texas 27%, Michigan 13%, and Georgia 10%. 

Other states including Alaska, California, Connecticut, DC, Illinois, Indiana, Minnesota, 

New York, Oregon, Pennsylvania, Virginia, Washington, Wisconsin had lower rate of 

participation (less than 10% each) compare to the former three. Finally, 32% of the 

participants worked in metropolitan areas with population of more than half a million. 

Figure 3. Data Description (a) Experts’ Background; (b) Experts’ Job Affiliation 

 

Transporta)on*
expert*
61%*

Environmental*
experts*
31%*

Other*
8%*

(a) 

U.S.*
Departments*

of*
Transporta)on*

2%*

Academia*
91%*
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7%*
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The next set of questions focused on pair wise comparison of the previously defined 

criteria given two regional scenarios of a midsize-small city (Lubbock, TX) and 

metropolitan area (Dallas, TX). The incorporation of two regional scenarios was due to 

the fact that different regional characteristics (metropolitan or midsize-small city) have 

different transportation patterns, policies, and also different ecological location. For this 

reason, ranking of the alternatives might be different. To investigate this fact, participants 

answered the second and third sets of questions for a midsize-small city (Lubbock, TX) 

and a metropolitan area (Dallas, TX), individually. The last section centered on the pair 

wise comparison of the mitigation alternatives, given a certain predefined criteria given 

two regional scenarios. The results of the survey are discussed next. 

AHP results 

Based on the AHP results shown in Table 3, our survey identified no difference between 

the rankings of reduce, avoid, and replace strategies for our metropolitan and midsize-

small city areas. Rather, the results indicated the importance of cost and feasibility 

associated with the predefined strategies in selection of the survey participants. In other 

words, the reducing strategy was shown to be more favorable as it is generally cheaper 

and more feasible in comparison to replacing strategies. This result may be of interest to 

policyholders, to prioritize their planning efforts in reducing CO2 emissions and invest 

accordingly. In next section, we use the MOVES model to estimate the potential effect of 

each scenario on overall CO2 mitigation. The AHP is also used to evaluate the final CO2 

mitigation strategy proposed based on the combined percentages of each strategy. 

 

Table 3. Overall score for each option for metropolitan area and midsize-small City 
Regional scale Reduce Strategies Avoid strategies Replace strategies 

Metropolitan area 0.40 0.36 0.24 

Midsize-small city 0.40 0.36 0.24 

 

MOVES Emission Inventory Model 

The goal of this section is to approximate the amount of CO2 emissions generated under 
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different mitigation scenarios. Emission inventory models used to estimate the amount of 

pollutants from motor vehicles include COPERT (Computer Program to Estimate 

Emissions from Road Traffic), which is the most frequently used model in European 

countries such as Spain [77], Denmark [53], and Sweden [78] and is also one of the 

choices for road network emission modeling in Australia [55] and Asia [44]. However, 

both COPERT III and 4 have been determined to under-estimate emissions [53][55]. The 

MVEI (Motor Vehicle Emission Inventory) model was developed by California Air 

Resources Board and used to evaluate pollutants released by the road transportation 

network at several regional levels. While other GHGs (CH4, N2O) are still needed to be 

included in this model, MVEI is a practical model for evaluating different scenarios and 

performing sensitivity analysis [54]. Finally, the U.S. EPA has developed MOVES2010 

to replace EPA’s previous emission model, MOBILE6. MOBILE6 did not consider the 

effect of speed on emissions [68]. In contrast, MOVES is capable of estimating different 

types of emissions from on-road mobile sources under both default and customized 

databases. Here, we use MOVES to evaluate the effectiveness of the CO2 mitigation 

scenarios derived from the AHP method described above. Advantages resulting from 

using the MOVES model include defining time spans, geographical boundaries, on-road 

vehicle types, road types, and a wide range of pollutants. A detailed description of the 

MOVES model structure and modeling scenarios as applied to Dallas road networks are 

presented in the next three sections. Due to lack of detailed data for smaller cities, the 

model could not be applied to Lubbock.  

MOVES model description and parameters 

MOVES2010 is capable of using U.S. default databases and importing custom data-sets 

including vehicle year, vehicle type, meteorology-related data, vehicle miles travelled 

(VMT), average speed distributions, road type distributions, ramp fractions, fuel 

formulation and supply, and Inspection and Maintenance (I/M) program parameters. 

Figure 4 shows the structure of MOVES2010 model and the procedure in more detail. 

The MOVES model can be utilized for performing sensitivity analyses, evaluating 

scenarios, and performing time series [79]. Several states have used the MOVES models 
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as a part of their transportation planning such as Washington [80], New York [45], 

Nevada [79] and more specifically Texas [49][50]. This study customizes the MOVES 

model for Dallas, Texas in order to estimate and analyze the CO2 emissions associated 

with the AHP-proposed mitigation scenarios.  

 

 
Figure 4. MOVES Model Structure 

MOVES model simulation scenarios 

Due to the large number of input parameters in MOVES model [81], we consider only 

two variations for each scenario. These variations are based on the level of 

implementation of each scenario and, as such, are categorized as the lowest and the 

highest implementation (LI and HI). The scenarios were developed based on the 

following assumptions: 1) a target year of 2030, 2) a base year of 2010, and 3) a Business 

As Usual (BAU) projection. A description of each scenario and its category are 

summarized in Table 4. 
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Table 4. Scenario’s Description and Type 

Scenario Implementation Description 

Base year 2010 Current conditions Study the baseline condition in calendar 
year 2010 

BAU projection for the 
year 2030 

Growth in fleet size is 1.5% per year [82] 
Growth in activity (VMT) is 50% by 2030 
compared to 2010 [83] 

Project the CO2 emissions in 2030 if no 
mitigations are adopted. This scenario is 
a benchmark to assess the other 
scenarios. 

Reduce scenario- LI Average fleet age reduced by 5 years from 
BAU 

Due to support vehicle retirement 
program. Assess the minimum possible 
reduction from this application. 

Reduce Scenario- HI Average fleet age reduced by 10 years from 
BAU 

Due to support vehicle retirement 
program. Assess the maximum possible 
reduction from this application. 

Avoid scenario- LI Current percentage of work at home is 2.6% 
in Dallas. Growth in this proportion 10% per 
year [84] 
Reduction in annual VMT per telecommuter 
is 5120 miles from BAU [85] 
 

Facilitating Tele-conferencing and 
working from home. Assess the 
minimum possible reduction from this 
application. 

Avoid Scenario- HI Current percentage of work at home is 2.6% 
in Dallas. Growth in this proportion 10% per 
year [84] 
Reduction in annual VMT per telecommuter 
is 7856 miles from BAU [85] 

Facilitating Tele-conferencing and 
working from home. Assess the 
maximum possible reduction from this 
application. 

Replace scenario- LI 25% of cars are replaced by PHEVs by 2030 
from BAU [86] 

Supporting zero-tailpipe emissions 
engines powered by renewable energy. 
Assess the minimum possible reduction 
from this application. 

Replace Scenario- HI 50% of cars are replaced by PHEVs by 2030 
from BAU [87] 

Supporting zero-tailpipe emissions 
engines powered by renewable energy. 
Assess the maximum possible reduction 
from this application. 

 

MOVES model simulation results 

Simulation results were assessed in terms of total mass (kg) of CO2 emissions including 

those generated by both distance traveled and car ignition. Both rural and urban roadways 

were considered as different inputs for road types and both passenger cars and trucks 

were included. To achieve more precise results, input data for Dallas County is used 

instead of default national data set. Table 5 summarizes estimated CO2 reduction rates in 

terms of percentages as well as the total quantities of CO2 for the base and BAU 

scenarios. 
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Table 5. Total CO2 Emissions and CO2 Mitigation Compared to BAU for Each Scenario 
Base BAU Reduce Scenario Avoid Scenario Replace Scenario 

CO2 (109kg) CO2 (109kg) LI (%) HI (%) LI (%) HI (%) LI (%) HI (%) 
4.12* 4.77* 9.33 12.23 7.17 17.65 3.35 6.71 

* Numbers are rounded 

 
Following the BAU projection, simulation results showed an annual growth in 

transportation-related CO2 emissions of 0.73%, only slightly higher than the nation-wide 

value of 0.7% [88]. This indicates that Dallas’s CO2 emissions annual growth based on 

BAU projections is not significantly different from the national CO2 emissions annual 

growth. 

Simulation results showed that based on the highest level of implementation avoid 

scenario had the highest impact on CO2 mitigation, followed by reduce and replace 

scenarios. Avoid scenario also had the highest change in mitigation percentages, by 

shifting from the lowest to the highest implementation. Reduce scenario has the 

maximum impact based on the lowest level of CO2 mitigation scenario implementation. 

To achieve optimum mitigation results, the outcomes from pre-defined AHP process 

were used to develop a mixed scenario including all the pre-defined scenarios. Based on 

the AHP results the distribution of preferences among scenarios was 40%, 36%, and 24% 

of implementation for reduce, avoid, and replace scenarios respectively. These 

percentages were applied to the highest implementation for each scenario to form the 

optimal mitigation strategy. Table 6 shows the description and the result of implementing 

the mixed scenario. According to this mixed scenario the total amount of CO2 mitigation 

that resulted was 17.2%, similar to the results from the high implementation of the avoid 

scenario. 

Table 6. Mixed Scenario Based on AHP Results 
Target Description Total CO2 Reduction  

Implementation by 
2030 related to BAU 

Average fleet age reduced by 4 years 

Reduction in annual VMT per 
telecommuter is 2828 miles 

12% of cars are replaced by PHEVs 

17.2% 
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Conclusion and Recommendations 

Transportation is a significant source of carbon emissions. Reducing those emissions is 

the key to long-term CO2 mitigation in order to stabilize the impact of human activities 

on climate. The objective of this study was to investigate and evaluate transportation 

strategies on mitigating CO2 emissions in a representative large and a midsize-small city 

in the U.S. 

In the U.S., the transportation sector is one of the primary and fastest growing sectors of 

human activities that release CO2 by burning fossil fuels. Among different modes of 

transportation, passenger cars and trucks are most responsible for increasing emissions; 

hence, they were selected as the focus of this research.  

To find the most effective strategies for reducing CO2 emissions from transportation, we 

considered multiple criteria and alternatives. The alternatives were prioritized based on 

transportation and climate science professionals’ opinions through AHP multi-criteria 

method. To explore the independency of this prioritization on city characteristics, AHP 

was applied to the cities of Dallas and Lubbock in Texas, each having a high proportional 

share of CO2 emissions attributable to transportation [47][48] and each having a distinct 

character with one being a metropolitan and the other a midsized-small city. 

The results of the AHP method indicated that reduce strategies had the highest preference 

score of 40%, followed by avoid strategies with 36% and replace strategies with 24%. 

Applying the MOVES model to the base scenario in the year 2010 and the business as 

usual (BAU) scenario projection for the year 2030, for each scenario based on two levels 

of implementation (the highest and the lowest), showed that based on the highest level of 

implementation avoid scenario have the highest impact on CO2 mitigation, followed by 

reduce and replace scenarios. The avoid scenario also had the highest change in 

mitigation percentages, by shifting from the lowest to the highest implementation. The 

reduce scenario had the maximum impact, based on the lowest level of CO2 mitigation 

scenario implementation. 

To achieve optimum mitigation results, the outcomes from pre-defined AHP process 

were used to develop a mixed scenario including all the pre-defined scenarios. A total 
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CO2 reduction of 17.2% resulted from applying this mixed scenario, similar to the results 

from the high implementation of avoid scenario. The results of this research are not quite 

comparable to the other studies due to its unique mixed scenario structure. The outcomes 

of the scenarios as well as the AHP ranking are related to regional factors and level of 

implementation and cannot be matched. However assuming similar scenario descriptions, 

the result in [56] showed that reduce scenario is the scenario with the lowest energy 

demand and the highest impact on CO2 mitigation, followed by avoid and replace 

scenario. This result is aligned with the result achieved in this study by the lowest level of 

implementation. 

This study explores a framework to evaluate strategies to mitigate CO2 emissions and 

prioritize them based on a city’s attributes and characteristics. The outcome of this 

research highlighted the importance of different CO2 mitigation strategies under different 

urban settings. This is instrumental to policymakers in fine-tuning their planning and 

policies to better meet their budget and time constraints. Future research is needed to 

integrate other GHGs and their contribution to both climate change and air pollution, as 

well as to explore multiple scenarios and integrate an appropriate cost analysis for 

evaluation of each strategy and their feasibility.  
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Chapter III 

Quantifying the Environmental Impacts of Carpooling in the United 

States 

Introduction 

Long-term efforts to reduce transportation-related emissions focus on alternative energy 

technologies. Short-term, however, on-road transportation policies could play a key role 

in reducing carbon and other GHG emissions via a wide range of strategies that can be 

classified into three groups, as described by Javid et al. (2014) [27]. In the avoid 

category, High Occupancy Vehicle (HOV) lane refers to any special lane designated for 

exclusive use by high-occupancy vehicles including carpools, vanpools and buses. These 

lanes can help mitigate GHG emissions by promoting carpooling (vehicles with two or 

more passengers), reducing the number of vehicles on roads, and relieving traffic 

congestion [89].  

This section of dissertation focuses on the contribution of HOV lanes and carpooling to 

avoid strategies, specifically exploring the role of HOV lanes in carpooling decisions and 

quantitatively evaluating the effects of carpooling on CO2e tailpipe emissions. We first 

develop a set of statistical models to investigate and identify the impact of the HOV lanes 

and other potential infrastructure and socio-economic factors on carpooling propensity in 

the U.S. Next, we estimate the emission reductions that could result from an HOV 

expansion scenario that would incentivize carpooling.  

We integrate multiple datasets to demonstrate how this model is able to quantify the 

impacts of HOV lanes on carpooling propensity and emission mitigation from the county 

level, where decisions are typically made, up to the state and national level where policies 

are assessed. The resulting modeling framework has a wide range of applications, 

including evaluating the effectiveness of carpooling, and assisting city authorities, 

policymakers, and transportation planners in optimizing marketing and infrastructural 

investments. To that end, we first summarize the existing literature, then describe our 
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carpool estimation model and the research dataset. We next describe the emission model, 

and end with our conclusions, recommendations, and further avenues of research. 

Previous Research on Carpooling Strategies and Benefits 

Previous studies on carpooling generally fall into two main categories: those that 

emphasize potential factors influencing carpooling propensity, and those focusing on the 

impacts of carpooling on fuel savings and emissions. In Table 7, we summarize the 

existing literature in these two categories, and describe them briefly below.  

Previous research on carpooling propensity focused on the demographics of carpooling. 

The geographic scope of such studies ranges from an entire country [90], to a region (16-

20) or a city [91]–[93], while survey datasets range from small [93][94] to large [90][91] 

together with simulation data [92][95][96]. Methodologies consist of a wide range of 

statistical models and simulations. The majority of these adopt a logit Discrete Choice 

Model (DCM) to examine intentions to carpool. Some studies argue that income [93][94] 

and age [93] significantly influence individual’s decision to carpool. More specifically, 

Correia and Viegas (2011) [93] found that younger individuals in lower income level 

households are more willing to carpool in Lisbon, Portugal. In contrast, Devarasetty et al. 

(2014) [94] indicated that higher income travelers are more likely to carpool based on 

data from Denver, Miami, and San Diego. Investigating household characteristics, 

Caulfield (2009) [91] found couples and households with only one vehicle to be more 

likely to rideshare. Correia and Viegas (2011) [93] found carpooling is not associated 

with gender, in contrast to Caulfield (2009) [91], who found females to be more likely to 

rideshare. Devarasetty et al. (2014) [94] indicated that socio demographic factors are 

better predictors of carpooling propensity, compared to psychological factors. Among 

cost-related factors, per vehicle-trip costs such as parking spots [90], travel time, and tolls 

[94] have also been found to positively affect carpooling rate. 

The extent to which carpooling reduces vehicular emissions has been tested by a few 

studies. Jacobson and King (2009) [90] used a mathematical model to determine fuel 

savings due to increases in ridesharing in the U.S. They found that for one additional 

passenger per 100 vehicles, annual CO2 emissions would be reduced by almost 7.2 
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million tons. This annual saving could be increased to 68.0 million tons for one additional 

passenger in every 10 vehicles, if no additional travel is required to pick up passengers. 

Focusing on an individual town, Caulfield (2009) [91] found that carpooling can save 

12,500 tons of CO2 annually in Dublin, Germany. Another study by Concas and Winters 

(2015) [97] found that carpooling trip-chaining behavior and its effects on peak-period 

congestion could reduce vehicular emissions. 

Lessons learned from the literature indicate that factors affecting carpooling propensity 

can vary substantially from one study to the next. This inconsistency is mostly due to the 

fact that different studies employed different datasets with various level of spatial 

aggregation and diverse set of variables. The choice of level of spatial aggregation (i.e. 

city, county, state, and country) depends on the availability of data and the objective of 

the study [98]. Conclusions derived at one spatial scale may not be valid at another – an 

important point that is explored further in this analysis. Previous studies have not 

examined the effect of spatial scale on carpooling propensity, nor compared results based 

on different levels of data aggregation. In addition, the current literature provides only 

limited insight into how infrastructural factors such as HOV lanes and cost-related 

variables such as gas prices may affect carpooling propensity models [99]. 

This research aims to address this gap by combining existing macro-level and micro-level 

data with a statistical modeling analysis to explore and compare carpooling propensity in 

the U.S. and resulting carbon mitigation at both state and county levels. We develop a 

comprehensive model to investigate the impact of HOV lanes on carpooling, and hence 

on carbon equivalent emissions, and we then apply this model to multiple datasets to 

quantify how results differ between state-level and county-level analyses. In the next 

section, we describe the model variables and data sources. 
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Table 7. Existing Literatures on Carpooling           
 Study Region Dataset Method Approach 

Po
te

nt
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ff
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ts

 c
ar
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g 

be
ha

vi
or

 
Correia and 
Viegas (2011) 
[93]  

Lisbon Metro, 
Portugal 

Online survey of 
996 participants 

Binary logit 
discrete choice 
model 

Intend to carpool in carpool club 

Dubernet et al. 
(2013) [92] 

Zurich, 
Switzerland 

Simulated data 
in MATSim 

Agent-based 
model 

Evaluate potential of carpooling 
with focus on structural 
characteristics 

 Cho et al. 
(2013) [96]  

Hasselt region, 
Belgium 

Simulated data 
in FEATHERS 

Agent-based 
model 

Investigate the relationship 
between carpoolers considering 
social networks 

Noblet et al. 
(2014) [100]  

New England, 
U.S. 

Mail survey of 
1340 participants 

Structural 
equation model 

Explore the impacts of socio-
structural context on travel 
choice 

Devarasetty et 
al. (2014) [94] 

Denver, Miami, 
San Diego, 
U.S. 

Online survey of 
664 respondents 

Mixed logit 
model 

Examine the relationship 
between several psychological 
variables and carpooling 
attitudes 

Galland et al. 
(2014) [95] 

Flanders, 
Belgium 

Simulated data 
in FEATHERS 

Agent-based 
model 

Analyze the effect of change in 
factors related to infrastructure, 
behavior, and cost 

Im
pa

ct
s o

f c
ar
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g 
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 fu

el
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nd
 e

m
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si
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Caulfield 
(2009) [91] 

Dublin, Ireland 2006 Census of 
Ireland 

Copert4 model Examine the patterns and 
estimate the reductions in 
emissions and Vehicle Miles 
Traveled (VMT) due to 
ridesharing  

Jacobson and 
King (2009) 
[90] 

The U.S. Multiple national 
datasets 

Mathematical 
model 

Evaluate the potential for fuel 
savings in the U.S. from 
increased ridesharing 

Concas and 
Winters (2015) 
[97] 

Puget Sound 
region, 
Washington 

Puget Sound 
Transportation 
Panel 

Multinomial 
logit 

Investigate the impact of 
carpooling on trip-chaining and 
emission reduction among 
working individuals 

 

Quantifying Carpooling Propensity as a Function of HOV Extent 

Multiple Regression Models 

To quantify the influence of infrastructure, cost-related and socio-demographic variables 

on carpooling rates in the U.S., we develop a series of multiple regression models capable 

of incorporating two levels of data aggregation: state-level and county-level. We selected 
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regression analysis as it provides a simple framework for investigating the relationship 

among a given set of variables. In conventional format, this model can be expressed as 

equation (1) where for a sample of size n, y is the n×1 vector containing the values for the 

dependent variable, X is the n×p matrix containing the values for the predictor variables 

(p is the number of predictors), the p×1 vector β is unknown regression coefficients, and 

the n×1 vector ε is the error term. 

𝑦 = 𝑿𝛽 + 𝜀                                   (1) 

𝑟! = 𝑦! − 𝑦! i=1, 2, ….,n      (2) 

𝛽!"# = argmin! 𝑟!!(𝛽)!
!!!        (3) 

Based on the estimated coefficients β, the dependent variable can be estimated as y. The 

residual ri is then calculated for each observation based on equation (2). The typical 

regression analysis relies on the ordinary least squares (OLS) technique, in which 

coefficients are estimated in such a way that their values minimize sum of squared 

residuals as indicated in equation (3).  

To test for multicollinearity, we employ correlation coefficient matrix and variance 

inflation factor (VIF) tests. VIF calculations are straightforward and comprehensive; the 

higher the value of VIF, the higher is the collinearity between the related variables. VIFs 

are a scaled version of the multiple correlation coefficients between xj and the rest of the 

xk (k=1,2,…, j-1,j+1,…,p) as represented by equation (4), where Rj is the multiple 

correlation coefficient for xj. 

𝑉𝐼𝐹! =
!

!!!!
!        (4) 

If Rj equals zero (i.e., no correlation between xj and the remaining independent variables), 

then VIFj equals to 1. A value greater than 10 is an indication of potential multi-

colinearity problems. The variables, datasets, VIFs, and the resulted multiple regression 

models for both state-level and county-level approaches are presented next. 

State-level Variables and Datasets  

We first apply this model to a state-level data aggregation analysis encompassing the 

entire U.S., with the goal of quantifying how HOV lane infrastructure contributes to 
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carpooling rate in each state, and seven other potential factors might affect state 

carpooling rates. These factors fall into three main categories: infrastructural, cost-

related, and socio-demographic. Table 8 summarizes these variables by category, and we 

discuss each briefly below.  

 

Table 8. State-level Variables Summary and the Related Category 
Category Variable Mean Variance Min Max 

Carpooling  Percentage of carpool to work (%) 10.5 2.8 6.8 15.2 

Transportation 

infrastructure 
HOV lane total lane-kilometer (km) 123 115411 0 2214 
Rail/non-rail public transit directional distance (km) 7059 114397251 214 67070 

Transportation 

cost 
Mean travel time to work (min) 23.5 13.0 16.1 31.5 
Gas price ($/gallon) 2.77 0.02 2.45 3.38 

Socio-

demographic 

Average household size 2.53 0.02 2.12 3.04 
Average number of vehicles per household 1.79 0.03 0.90 2.11 
Human Development Index 4.92 0.36 3.82 6.19 

Population density (person/km2) 146 274072 0.46 3746 

 

Carpooling 
Our dependent variable is the rate of carpooling in each state, defined as the sharing of a 

car, truck or van by people between a common origin and/or destination [95]. Carpooling 

is more common in commuting to work. For this reason, we define carpooling as the 

share of carpoolers out of total workers, including both formal (e.g. carpooling clubs) and 

informal (e.g. sharing the ride between household members, neighbors and friends1) 

carpoolers to work. 

The source dataset for this variable is the State Transportation Statistics (STS), which is 

based on federal databases and other national sources released by the U.S. Department of 

Transportation. STSs are a series of reports representing the state's infrastructure, safety, 

passenger travel, vehicles, economy, and energy information [101]. According to these 

datasets, Hawaii, Arizona, Alaska, and Wyoming have the highest rate of carpooling, 

while Washington DC, New York, Connecticut, and Massachusetts have the lowest 

                                                
1

 This should not be confused with the terms “car-sharing” which refer to short-term vehicle use [149]. 
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carpooling rates. 

Transportation Infrastructure 
Our first independent infrastructure-related variable is HOV lane mileage within a given 

state. HOV lanes, also known as carpool lanes, express lanes, or diamond lanes, are built 

to encourage drivers to carpool by providing shorter travel times and more travel time 

reliability. We define the percentage of existing HOV lane-kilometers to the total road 

kilometers in the state, based on data from the 2008 HOV lane performance by the 

Federal Highway Administration [102]. To the best of our knowledge, this data is the 

most recent comprehensive national dataset on HOV lanes; however, given the rapid 

expansion of HOV lanes over the past 8 years, it is certain that this data significantly 

under-estimates present-day HOV lane-kilometers. To be consistent with this dataset, all 

the other variables in this study are for 2008 as well.    

Another infrastructure-related variable is the public transit service. A high quality transit 

service with a flexible schedule, frequent departures, and/or a reduced price can affect 

both solo drivers and carpoolers [103]. As an indicator of public transportation 

accessibility, we consider the percentage of total public transit route-kilometers to the 

total road kilometers as another variable in the model. The public transit route-kilometers 

is the directional distance including all rail and non-rail modes, as provided by the 2008 

National Transit Database (NTD) report [104].  

Transportation Cost 
Reducing costs can be a contributing factor to carpooling propensity. Travel time is an 

indicator of travel cost. Compared to travel distance, travel time could better represent the 

monetary value of the travel and reflect its cost [94]. As carpooling is more common 

among workers, we choose the average travel time to work as one of the cost-related 

variables in the model. Mean travel time to work for each state is provided by the 2008 

STS [101]. 

Changes in gasoline prices may also trigger the initiative to carpool [95]. We use the 

average gas price in each state for the year 2008 based on the Energy Information 

Administration (EIA) report [105]. The dataset reports historical retail prices, sales 
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volumes, and stocks of the petroleum and other liquids by state. 

Socio-Demographic Factors 
Although some early studies concluded that socio-demographic variables are not 

correlated with carpooling propensity [103], other more recent studies find socio-

demographic characteristics such as income, household size, number of vehicles per 

household play a significant role in distinguishing between solo drivers and carpoolers 

[93]. Here, we incorporate “average household size” and “average number of vehicles per 

household,” as variables that may affect carpooling behavior. These variables are derived 

from the U.S. Census Bureau, 2008 American Community Survey (ACS). Contribution 

of education level, income, and health indicator to carpooling rate is represented by the 

HDI. HDI is a composite measure, which combines health, education, and income indices 

into a single measure on a scale of 0 to 10. HDI was obtained from the American 

Community Survey and the Centers for Disease Control and Prevention. For more 

information on these variables, see the Measure of America 2008 dataset [106]. The last 

socio-demographic variable for the analysis is the population density, based on the U.S. 

Census.  

State-level HOV Carpooling Model  

The variables described in the previous section were used to form the basis for a multiple 

regression model to assess their relevance to predicting carpool propensity by state, 

according to HOV lane-kilometers travelled. All independent variables were first scaled 

and normalized.  

Based on the correlation coefficient matrix, population density is positively correlated 

with public transit infrastructure in the state while the average number of vehicles per 

household is negatively correlated (Table B-1 in Appendix B). For this reason, we 

excluded both public transit and population density variables from the final calculations, 

as they both have lower correlation with the carpooling rate compared to number of 

vehicles per household. Since the focus of the study was the impact of the HOV lanes on 

carpooling rates, we began with all infrastructural explanatory variables as the core 

variables in model (1), then extended this framework to accommodate the cost-related 
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variables in model (2), and socio-demographic characteristics in model (3). The results 

are shown in Table 9. 

 

Table 9. State-level Carpool Propensity Models and Variables’ VIFs 

Variables Model (1) Model (2) Model (3) VIF 

HOVLane 0.447*** (0.128) 0.393*** (0.131) 0.322*** (0.106) 1.87 

TravelTime  -0.314** (0.119) -0.076 (0.131) 2.86 

GasPrice  0.331** (0.126) 0.307*** (0.093) 1.44 

HHsize   0.256* * (0.112) 2.11 

HHvehicles   0.120 (0.119) 2.34 

HDI   -0.495*** (0.091) 1.38 

Constant 0.000 (0.127) 0.000 (0.110) 0.000 (0.077)  

Observations 51 51 51  

R2 0.199 0.422 0.736  

Adjusted R2 0.183 0.385 0.700  

Residual Std. Error 0.904 (df = 49) 0.784 (df = 47) 0.548 (df = 44)  

F Statistic 12.20*** (df = 1; 49) 11.43*** (df = 3; 47) 20.45*** (df = 6; 44)  

 
 
 

 
 

Results for model (1) indicate that the infrastructural variable of HOV lane-kilometers 

has a statistically significant and positive impact on the carpooling rate (Table 9, column 

1). Results for model (2) highlight how incorporating cost-related variables does not 

lower the significance of infrastructural variable, and HOV lane infrastructure remains 

highly significant in increasing the carpooling rate. In this model, travel time to work 

plays an important negative role in carpooling propensity; in other words, the shorter the 

average trip to work, the higher the carpooling rate. However, gasoline price plays an 

important positive role in carpooling rate, where higher gasoline prices increase interest 

in carpooling. When socio-demographic variables are added to model (3), the HOV 

variable still plays an important role, and gasoline price remains highly significant as 

  Numbers in parentheses are standard errors. 

***Significant at the 1 percent level 

**Significant at the 5 percent level 
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well. However, the presence of socio-demographic variables eliminates the importance of 

travel time. Average number of vehicles per household does not have a statistically 

significant impact on carpooling rate, but average household size and HDI do show 

significant impacts on carpooling rate such that states with larger average household 

sizes, and lower HDI levels will have higher rate of carpooling. The main factors 

correlated with the HDI are income, education, and health. Thus, these results suggest 

that educated and more wealthy people are more likely to drive alone and less likely to 

carpool, similar to what was found by [93][107]. In other words, the higher the income 

level, the higher the value of privacy, and the lower the probability of carpooling. 

Reported VIFs are all less than 10, indicating no multi-collinearity among the 

explanatory variables (Table 9, last column).  

Since HOV lanes are usually restricted inside lanes beside highway general-purpose 

lanes, to evaluate the robustness of model (3), we alternatively define the HOV lane 

infrastructure variable as the percentage of existing HOV lane-kilometers to the total 

highway kilometers1 in the state, as opposed to the percentage of existing HOV lane-

kilometers to the total road kilometers in the state. The results of model (B-1) are 

presented in Table B-2 in Appendix B. Its results are consistent with the model (3) and 

the two models have almost the same fit statistics. Since total road kilometers data for 

model (3) is more easily available compare to the highway kilometers data in model (B-

1), we select model (3) for the purpose of this study. 

The remainder of the discussion will focus on model (3), since it has the highest adjusted 

R-square value, and incorporates all the potential variables in the three categories. This 

model suggests that HOV lane-kilometers, gasoline prices, household size, and HDI in 

each state can significantly impact carpooling rate at the state level. This model finds no 

significant difference between states with longer average travel time to work and those 

with shorter. Surprisingly, the average number of vehicles per household does not appear 

to influence carpooling propensity in this model, either. 

According to model (3), if other variables are held constant, the carpooling rate would 

                                                
1 Total kilometer of interstate highways as well as principal and minor arterials including other freeways and expressways. 



Texas Tech University, Roxana Jahanbakhsh Javid, December 2016 

 28 

increase by 1.3% per additional 1% of HOV lane-kilometers in a given state. The most 

significant factor is gas price, which results in 2.3% increase in carpooling rate for any 

added dollar in gas price per gallon. Carpooling increases by 1.7% for each additional 

person in the household and as state HDI level increases by one, carpooling rate 

decreases by 0.8%.  

County-level Variables and Datasets 

We next evaluate the results of a model based on county-level data for the state of 

California. California is the only state for which the complete set of data needed for this 

analysis, including details on HOV lane infrastructure, is available by county. For 

consistency with the state-level analysis, we begin with the same variables as state-level 

analysis, values of which differ from the national values, as summarized in Table 10. 

 

Table 10. County-level Variables Summary and the Related Category 
Category Variable Mean Variance Min Max 

Carpooling  Percentage of carpool to work (%) 3.2 7.2 0.0 10.0 

Transportation 

infrastructure 
HOV lane total lane-kilometer (km) 40 13053 0 726 
Rail/non-rail public transit directional distance (km) 210 71373	   0 1208 

Transportation 

cost 
Mean travel time to work (min) 23.2 19.4	   15.0 37.4 
Gas price ($/gallon) 3.80 0.00 3.63 3.93 

Socio-

demographic 

Average household size 2.60 0.10 1.93 3.19 
Average number of vehicles per household 1.90 0.02 1.07 2.19 
HDI 4.96 1.18 3.48 7.65 
Population density (person/km2) 306 975857 0.72 6773 

 
Carpooling 

The percentage of carpoolers who work in each county is our dependent variable, derived 

from the 2012 California Household Travel Survey (CHTS). CHTS is designed to gather 

travel information from persons in all of California's 58 counties. The survey has been 

conducted almost every 10 years since 1991 [108]. The 2012 CHTS is the most recent 

review, from January 2012 to February 2013. This is the largest single statewide 

household travel survey ever executed in the U.S. This survey utilizes a probability 
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sampling method, so the sample can be used to represent the whole population, and 

covers socioeconomic, demographic and detailed travel behavior information from 

109,114 completed individuals. The dataset is available through the National Renewable 

Energy Laboratory (NREL) Transportation Secure Data Center [109]. To be consistent 

with this dataset, all the other variables in this state-level analysis are based on 2012-

2013 databases. 

As the variable, we use the proportion of participants who indicated that they had used 

HOV lane for their trip to work to the total number of workers. This answer captures the 

actual number of people who carpool to work, a valuable contribution to this analysis. 

When invalid data points, where either the participant did not know the answer or refused 

to answer one or more requested questions, are removed, the final sample size is 73,509. 

Transportation Infrastructure 
To be consistent with the state-level analysis, we define the percentage of existing HOV 

lane-kilometers to the total road kilometers as one of the infrastructural variables, based 

on data from the 2012 HOV lane infrastructures provided by the California Department 

of Transportation GIS data library [110]. HOV lanes are not evenly distributed over the 

state; Los Angeles County has the highest HOV lane and road kilometers. Public transit 

infrastructure (rail and non-rail route-kilometers) data is also provided by Caltrans. The 

total road infrastructure data is based on the 2013 California public road data report 

[111].  

Transportation Cost 
Average travel time to work for each county is based on the U.S. Census Bureau, 2012 

American Community Survey data. Calaveras County has the longest average travel time 

to work, while Del Norte County has the shortest, from 37 to 15 minutes, respectively. 

The reason for this difference could be explained by the distribution and/or availability of 

jobs in the county, and the density of population as a proxy for traffic. We incorporate 

average gas price for each county in California using the national retail gasoline price 

($/gallon) in 2012 published by EIA. This variable does not vary much across the state; a 

majority of counties have an average gas price of 3.80 $/gallon for 2012.  
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Socio-demographic Factors 
We incorporate “average household size” and “average number of vehicles per 

household,” as these variables that are assumed to affect carpooling behavior. These 

variables are derived from the U.S. Census Bureau, 2012 ACS. Tulare County and Sierra 

County has the highest and lowest average number of people in the household with 3.2 

and 1.9 people per household, respectively. Households in San Benito County have the 

highest average number of vehicles (2.2 vehicles per household) while households in San 

Francisco County have the lowest (1.1 vehicles per household). Finally, the HDI for 

California has the broadest range of any state, from the highest county (Marin, 7.7) to the 

lowest county (Kern, 3.5). Average population density per county in California is 305 

person/km2 based on the U.S. Census 2012 data. 

County-level HOV Carpooling Model  

The county-level data described above is next used to assess the contribution of each of 

the factors listed in Table 10 to carpool propensity in each county in California. All 

independent variables were first scaled and normalized. Table B-3 in Appendix B gives 

the final correlation coefficient matrix for these variables. In this matrix, there is no 

correlation between the number of vehicles per household and public transit variables. 

However, to retain consistency between the state-level and county-level analysis, we also 

exclude population density and public transit variables from the analysis1.  

As in the state-level analysis, we build a series of three models that sequentially 

incorporate infrastructural, cost-related, and socio-demographic factors. The 

infrastructure-only model (4) shows that the HOV lane-kilometers variable has a 

statistically significant positive impact on the carpooling rate (Table 11). Adding the 

cost-related variables for model (5) highlights how HOV lanes remain highly significant, 

and average travel time to work plays an important positive role, while gas price has no 

significant impact on carpooling rate at county level (as expected, since gas prices do not 

vary significantly across the state so this variable was retained simply for consistency 

                                                
1

 However, this variable does have any significant impact on carpooling rate at the county-level analysis.  
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with the state-level analysis). Finally, when socio-demographic characteristics are added 

to model (6), HOV lanes still plays an important role in the model, average travel time 

remains highly significant, and gas prices and all other socio-demographic variables are 

found to be insignificant. Reported VIFs are all less than 10, indicating no multi-

collinearity among the explanatory variables (Table 11, last column). Table 11 

summarizes the results of the three models. 

 

Table 11. County-level Carpool Propensity Models and Variables’ VIFs 

Variables Model (4) Model (5) Model (6) VIF 

HOVLane 0.695*** (0.096) 0.591*** (0.097) 0.481*** (0.121) 1.83 

TravelTime  0.316*** (0.095) 0.236** (0.109) 1.49 

GasPrice  0.023 (0.093) -0.009 (0.097) 1.17 

HHsize   0.139 (0.105) 1.38 

HHvehicles   0.024 (0.095) 1.13 

HDI   0.211 (0.143) 2.55 

Constant 0.000 (0.095) 0.000 (0.088) 0.000 (0.089)  

Observations 58 58 58  

R2 0.483 0.571 0.593  

Adjusted R2 0.474 0.548 0.545  

Residual Std. Error 0.725 (df = 56) 0.673 (df = 54) 0.675 (df = 51)  

F Statistic 52.38*** (df = 1; 56) 23.99*** (df = 3; 54) 12.37*** (df = 6; 51)  

 
 

When the HOV lane infrastructure variable is defined as the percentage of existing HOV 

lane-kilometers to the total highway kilometers (Table B-4 in Appendix B), results are 

again consistent with model (6). As in the state-level analysis, the comprehensive model 

(6) has the highest adjusted R-square value and incorporates all the potential variables in 

the three categories. This model suggests that, for California, HOV lane-kilometers and 

average travel time to work in each county can significantly impact carpooling rate at the 

  Numbers in parentheses are standard errors. 

***Significant at the 1 percent level 

**Significant at the 5 percent level 
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county level. Surprisingly, household size, average number of vehicles per household, 

and HDI do not appear to influence carpooling propensity at the county level in the state 

of California. 

According to model (6), if other variables are held constant, the carpooling rate would 

increase by 0.5% per additional 1% of HOV lane-kilometers in a given county. The 

results show a 0.05% increase in carpooling rate for any additional minutes in average 

travel time to work.  

Vehicle Emissions Calculations 

There are two main types of emissions associated with motor vehicles: GHG emissions, 

which contribute to global climate change, and air pollutants, which are of concern 

primarily due to their local health impacts. Motor vehicles emit GHGs that include CO2, 

N2O, and CH4. CO2 emissions are directly related to vehicle efficiency and VMT, while 

other emissions are related to factors including vehicle speed, acceleration, type, weight, 

and load. Other air pollutants include carbon monoxide (CO), nitrogen oxides (NOx), 

particulate matter below 10 and 2.5 microns of diameter (PM10 and PM2.5), and volatile 

organic compounds (VOC)1.  

To calculate air pollutant emissions, we used emission factors (Table 12) from the 

Environmental Protection Agency [112]. Here, we translate emissions of methane, 

nitrous oxide and carbon into net CO2e terms to estimate the emissions of all the GHGs 

based on the VMT analysis2. CO2e is a measure used to calculate the net warming impact 

of multiple gases, converted into equivalent tones of carbon based on each gases’ 100-

year Global Warming Potential (GWP) as summarized in Table 12 [113]. Once the 

carbon-equivalent emissions have been calculated, we use the EPA Greenhouse Gas 

Equivalencies Calculator to calculate emissions per vehicle kilometers, using an emission 

factor of 2.61×10-4 metric tons of CO2e per kilometer for passenger vehicles3.  

                                                
1

 Including total hydrocarbons (THC) plus aldehydes excluding both methane and ethane. 
2

 This is only appropriate where there is not sufficient data to develop more comprehensive methods. 
3

 Passenger vehicles are defined as 2-axle 4-tire vehicles: passenger cars, vans, pickup trucks, and sport/utility vehicles [150]. 
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Table 12. Air Pollutant Emission Factors and GHG 100-year GWP 
 Pollutant   GHG 

 VOC CO NOX PM10 PM2.5   CO2 CH4 N2O 

Emission Factor 
(g/km)  0.643 5.84 0.431 0.0027 0.0026 - - - 

100-year GWP  - - - - - 1 34 298 

 

Quantifying Carbon Emission Reductions from Carpooling 

Among the factors that are found to have an impact on carpooling rate (i.e. HOV lane 

infrastructure, gasoline prices, average travel time to work, household size, and HDI), the 

most significant factor that transportation planners can control are the HOV lane-

kilometers. To what extent, though, do HOV lanes reduce carbon emissions? Generally 

speaking, if HOV lanes affect carpooling rates, then carpooling rates should affect 

emissions. To answer this question, we now calculate likely changes in emissions for 

both the state- and county-level analysis, and rank U.S. states and California’s counties 

based on their potential to reduce CO2e emissions reduction carpooling. 

Specifically, we calculate the emissions that would occur under a business as usual 

(BAU) scenario and an HOV expansion scenario. The BAU scenario describes the 

variables as they were observed in 2008 (for the state analysis) and 2012 (for the county 

analysis), while in the expansion scenario, each state/county increases its percentage of 

HOV lanes by 0.5 meters for every hour of total daily travel time to work1, to expand the 

extent of HOV lanes in proportion to how much people drive. We also assume that: (1) 

carpoolers switch from driving alone to carpooling, (2) the share of individuals using 

other modes of transportation (i.e. public transit, work-at-home, walking, and bicycling) 

remains the same, and (3) two solo drivers carpool and share the ride for the whole year 

excluding weekends and public holidays, which yields to 250 working days. Since 

emissions are primarily (though not entirely) correlated with VMT, we furthermore do 

                                                
1

 Total daily travel time to work is calculated by total number of workers by the average travel time to work. 
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not account for any possible imposed speed reduction on general-purpose lanes. The 

percentage of emission reduction for the expansion scenario compared to the BAU 

scenario can then be calculated for both GHGs and air pollutants. The results of such 

analyses can be used to optimize infrastructural investments by identifying states or 

counties that maximize the response of drivers to added HOV lane-kilometers. 

State Level Emissions 

Using model (3), the carpooling rate for states with expanded HOV lane-kilometers 

increases by 1.3% under the hypothetical scenario described above1. As shown in Table 

13, the alternative scenario reduces distance traveled, associated with the combined 

effects of number of workers, percentage of carpoolers and solo drivers, and round trip 

distance to work in each state (see data by state in Table B-5 in Appendix B). This 

enables us to calculate the reduction in distance traveled under the expansion scenario as 

compared to the BAU scenario, taking into account each states’ specifications. 

 

Table 13. National BAU and Alternative Scenario 
   BAU scenario  Alternative scenario 

 

Commute 
distance 
round way 
(km) 

Total 
workers 
(103) 

Carpool 
(%) 

Solo 
drive 
(%) 

Annual 
distance 
travelled 
km (106) 

Carpool 
(%) 

Solo 
drive 
(%) 

Annual 
distance 
travelled 
km (106) 

Average  43.0 2730.6 10.5 76.6 24880.5 11.2 75.9 24742.9 
Max  66.6 16421.6 15.2 83.4 149662.3 17.7 83.1 148050.4 
Min   21.8 273.5 6.8 38.2 655.8 8.8 34.4 626.0 
 

 

Based on the EPA emission calculation model, Figure 5 shows the percentage reductions 

in annual CO2e by state. The District of Columbia stands out as showing the greatest 

potential to reduce annual CO2e under the expansion scenario, by 4.5%. Increased HOV 

lane-kilometers in other relatively densely- populated states - Hawaii, New York, New 

Jersey, Maryland, California, and Massachusetts - have a moderate impact on reducing 

                                                
1

 We assume no changes in HOV permit for special-fuel vehicles as well as High Occupancy Toll lane (HOT) policy.  
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CO2e. Reductions in the rest of the states are smaller, though the cumulative impact is 

still significant. The smallest reduction potentials correspond to the relatively sparsely 

populated states in the northern Great Plains: Kansas, Iowa and Nebraska, and North and 

South Dakota, Wyoming, and Montana. These results demonstrate how a higher 

population density is correlated with decreased rates of emissions across the U.S., as well 

as highlighting the incompatibility of this strategy with low-density states (Figure B-1).  

 
Figure 5. Percentage Reduction in Annual CO2e for Alternative Scenario Compared to 

BAU Scenario1 
 

Annual reductions in CO2e emissions achieved by the hypothetical scenario of increasing 

HOV lane-kilometers is estimated at 1.83 million metric tons, or approximately 0.16% of 

U.S. light-duty vehicles’ emissions and 0.23% of U.S. passenger car-related CO2e 

emissions2. As summarized in Table 14, annual emissions of air pollutants VOC, CO, and 

                                                
1

 Map is developed in ArcGIS 2013. The geographic coordinate system is USA Contiguous Albers Equal Area Conic USGS. All the 

states are (1:25000000) scaled except Hawaii (1:20000000) and Alaska (1:75000000). 
2

 U.S. CO2e emissions from light-duty vehicles and passenger cars are 1148 and 798 million metric tons respectively, 2008 (EPA). 
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NOx are also reduced, by 4510, 40960, and 3023 metric tons or approximately 0.14%, 

0.12%, and 0.04% of U.S. highway vehicle emissions respectively, while PM10 and PM2.5 

emissions are reduced by almost 19 metric tons or approximately 0.007% of U.S. 

highway vehicles’ emissions1 (see data by state in Table B-6 in Appendix B). 
 

Table 14. National Annual Reductions in Air Pollutants for the 
Alternative Scenario (metric tons) 

 VOC CO NOX PM10 PM2.5 
U.S. Total  4510 40960 3023 19 18 
Maximum  1036.5 9413.5 694.7 4.4 4.2 
Minimum   0.270 2.440 0.180 0.001 0.001 

 

County Level Emissions 

Our final step is to estimate impact of expanded HOV lane-kilometers on emissions for 

the state of California, using county-level data combined with model (6). Under the 

hypothetical scenario, the carpooling rate increases by 0.55% across the state. Table 15 

shows the BAU and alternative scenario inputs for California, (see Table B-7 in 

Appendix B for data by county). Average distance to work is obtained based on the 2012 

CHTS dataset, as only 1,866 persons out of the total 109,157 survey respondents agreed 

to complete the vehicle GPS part of the survey; this means that distance to work cannot 

be calculated for 9 counties (as indicated by the shaded grey areas in Figure 6).  

 

Table 15. California BAU and Alternative Scenario 
   BAU scenario  Alternative scenario 

 

Commute 
distance 
round way 
(km) 

Total 
workers 
(103) 

Carpool 
(%) 

Solo 
drive 
(%) 

Annual 
distance 
travelled 
km (106) 

Carpool 
(%) 

Solo 
drive 
(%) 

Annual 
distance 
travelled 
km (106) 

Average  63.5 328.7 11.9 73.3 3889.7 12.4 72.8 3863.0 
Max 150.2 4384.4 16.4 80.0 47469.2 16.6 79.9 46987.3 
Min   9.1 3.5 8.0 37.3 13.7 8.7 33.7 13.7 

                                                
1

 Total U.S. VOC, CO, NOx, PM10, and PM2.5 emissions associated with highway vehicles is 3052, 33156, 6941, 332, and 253 

thousands tons respectively [151]. 
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Figure 6. Percentage Reductions in Annual CO2e for Alternative Scenario Compared to 

BAU Scenario1 
 
Figure 6 illustrates the percentage reductions in annual CO2e by county. A similar pattern 

of larger reductions for counties with higher population density emerges: the greatest 

reductions are predicted for San Francisco County, with 4.4%. The next three counties - 

Los Angeles, Alameda, and Orange - show a moderate response, most of the rest of the 

counties including San Mateo, Santa Clara, Contra Costa, and San Diego have a lower 

response, and counties with extremely low population densities including Modoc, Trinity, 

Siskiyou, and Inyo counties have reductions averaging around one hundredth of a 

percent, again implying the incompatibility of this strategy with counties with low 

population densities (see also Figure B-2).  

                                                
1

 Map is developed in ArcGIS 2013. The geographic coordinate system is USA Contiguous Albers Equal Area Conic USGS. All the 

counties are (1:6000000) scaled. 
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Statewide annual reduction in CO2e is estimated at 0.34 million metric tons (excluding 

the 9 counties), or approximately 0.31% of California’s light-duty vehicles’ CO2e 

emissions, which totaled 110 million metric tons in 2012, or 0.03% of U.S. light-duty 

vehicles’ CO2e emissions. This result confirms that California’s contribution to national 

level impact is significant. Table 16 summarizes the annual reductions of air pollutants as 

the result of the alternative scenario in California: reductions in VOC, CO, and NOx of 

843, 7654, and 565 metric tons or approximately 0.51%, 0.50%, and 0.14% of 

California’s highway vehicle emissions respectively, and 4 metric tons of PM10 and PM2.5 

or approximately 0.02% state’s highway vehicle emissions1, (see data by county in Table 

B-8 in Appendix B). 

 

Table 16. California Annual Reductions in Air Pollutants in Alternative 
Scenario (metric tons) 

 VOC CO NOX PM10 PM2.5 
California Total  843 7654 565 4 3 
Maximum  309.8 2814.1 207.7 1.3 1.3 
Minimum   0 0 0 0 0 

 

Discussion and Conclusions 

HOV lanes represent a major infrastructural tool for transportation planners to control 

traffic demand and carpooling rates. To quantify the benefits of carpooling, we developed 

statistical models to study the impact of HOV lane extent and other infrastructural, cost-

related, and socio-demographic factors on carpooling propensity in the 50 U.S. states and 

the District of Columbia, as well as 58 California counties, then use the model to 

calculate reductions in CO2e and major air pollutants that would result from increasing 

HOV lane extent across the U.S., by state, and California, by county.  

We first quantify the response of carpooling propensity to HOV lane availability through 

a combination of infrastructural factors, cost factors, and socio-demographic factors, at 

                                                
1 Total California VOC, CO, NOx, PM10, and PM2.5 emissions associated with highway vehicles is 164, 1496, 391, 29, and 16 

thousands tons respectively [151]. 
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both the state level (for the entire U.S.) and the county level (for California, the only state 

for which a complete set of county-level data is available). We combine three types of 

factors in order to help planners identify areas with the greatest potential response (e.g. 

related to household size or HDI), as well as to provide guidance on factors that may be 

influenced or directly controlled (such as gas prices or HOV lane extent).  

Our results show that more HOV lane kilometers and higher gas prices are correlated 

with increased rates of carpooling across the U.S. In other words, potentially controllable 

variables such as HOV lane extent and gas prices from state to state are the primary 

drivers of carpooling propensity across the entire U.S., while HOV lane extent and travel 

time to work are the strongest influences on carpooling rate across individual counties in 

California, where gas prices do not vary significantly from one county to the next. At the 

state level, the average travel time to work does not emerge as a strong influence on the 

state’s overall carpooling rate, but at the county level, the impact of this variable is also 

important.  

While socio-demographic factors cannot be controlled, they can be used to estimate the 

effectiveness of changes in HOV lane extent and gas prices in altering carpooling 

propensity for a given region or state, providing valuable input into regional decision-

making. Across the entire U.S., average household size and HDI have a strong influence 

on carpooling propensity. At the county level in California, however, no socio-

demographic variables showed a strong influence on carpooling rate. This may be due to 

the fact that California is home to the greatest range in HDI of any state, from extremely 

high to extremely low values. The HDI is a proxy for large variations in health, 

education, and earnings outcomes within the state [114]. This highlights the importance 

of county-level analysis to better reflect uncontrollable socio-demographic variables that 

modify the effectiveness of controllable variables in regional decision-making.  

Comparing the national analysis with that for California, it is clear that at the national 

level people would choose to carpool mainly to reduce travel costs. That is why 

carpooling is more common in states with lower education/income indices and higher 

than average gas prices. Nevertheless, in California, people are found to carpool mainly 



Texas Tech University, Roxana Jahanbakhsh Javid, December 2016 

 40 

to reduce their travel cost in terms of time, since there is no significant variation in gas 

prices between counties. This again highlights the critical importance of county-level 

analysis, to explore socio-demographic factors that may modify the effectiveness of 

regional decision-making. 

In the second part of our study, we use the modeling framework to quantify the 

environmental benefits of an HOV expansion scenario, in which each state/county 

increases its percentage of HOV lanes by 0.5 meters for every hour of total daily travel 

time to work. Here, results indicate that the environmental benefits of this policy depend 

on travellers’ demand and their travel patterns, and vary significantly across counties and 

states according to population density. Translating the effects of HOV lanes on 

carpooling into avoided emissions, we calculate CO2e and the air pollutant emissions by 

state and county, depending on individual region characteristics. At the state level, the 

greatest reductions are obtained for east coast states and for California, all areas with 

relatively high population density (Figure 5). The smallest reductions are projected for 

low population density states in the northwest Great Plains, implying that this strategy 

would be relatively ineffective at reducing transportation-related emissions with those 

states. Annually, we estimate this expansion scenario would reduce CO2e emissions as 

well as criteria air pollutants on the order of at least a tenth of a percent compared to 

national emissions in 2008, the reference base year for this analysis.  

Zooming in on individual counties in California, the results also highlight the importance 

of population density in predicting the magnitude of emission reductions that would be 

achieved by this expansion scenario (Figure 6). CO2e reductions in high-density counties 

such as San Francisco, Los Angeles, Alameda and Orange range from 1% to 4% of the 

2012 baseline, values that are more than an order of magnitude greater than those 

predicted for individual states in the national analysis shown in Figure 5. Similarly, 

negligible reductions are predicted for low-density counties. Statewide annual CO2e 

reductions are estimated at approximately 0.31% of California’s light-duty vehicles’ 

CO2e emissions, or 0.03% of the U.S. light-duty vehicles’ CO2e emissions, with similar 

reductions in emissions of air pollutants as well. 
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These results directly address the question of whether recommendations made at one 

level of data aggregation are valid for another level or even another region. By comparing 

state-level analyses for the entire U.S. with county-level analysis for California, we find 

that the level of aggregation does highlight both similar factors (e.g. HOV lane 

kilometers) and differences (e.g. gas prices and travel time to work) between the state and 

county level. These results also underscore the potential for detailed data collection, 

analysis, and modeling to inform regional and state-level decision-making regarding the 

potential effectiveness and magnitude of vehicle emission reductions and congestion 

mitigation that might be achieved through expanding HOV lanes. Our comparison of 

California counties with state-level analyses highlights the need for county-level data in 

other key states. For example, Missouri and New Mexico also have high levels of HDI 

inequality; if the California model holds true, we would expect to see different levels of 

influence from socio-demographic factors in these states compared to the national state-

level analysis.  

In terms of the potential for emission reductions, there is also room for expansion with 

additional data analysis and collection. For example, in the future we plan to integrate 

cold start emissions, which are related to ambient temperature. More information on 

average vehicle efficiency and pollutant standards by state or county would also enable 

better resolution of potential emission reductions. With sufficient data availability, this 

model could be used by state, regional, or even city-level policy makers and 

transportation planners to optimize their infrastructural investments by identifying states 

and even counties where the response of drivers to added HOV lane-kilometers would be 

maximized, implying that larger emission reductions can be achieved. 
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Chapter IV 

Quantifying Environmental and Economic Impacts of Electric Vehicles 

Introduction 

This study focuses on the contribution of PEVs to replace strategies, specifically 

exploring the role of public charging station infrastructure in PEV adoption and 

quantitatively evaluating the effects of PEV deployment on GHG and criteria air 

pollutant emissions as well as petroleum use. PEVs1, including Battery Electric Vehicles 

(BEVs), which are powered only by electricity and Plug-in Hybrid Electric Vehicles 

(PHEVs), which run on both electric power and diesel engine [115], are believed to be 

one of the means to improve the sustainability of the road transportation by replacing 

fossil fuels, reducing vehicle operating cost, and mitigating emissions [116]. PEVs burn 

less/no gasoline and have less tailpipe emissions, but producing the electricity used to 

charge them does generate emissions. We use a Life-Cycle Assessment (LCA) approach 

to measure the net environmental and economic costs and benefits of PEVs. More 

specifically, the research questions posed by this study are: Which types of socio-

demographic, economic, and regional incentives are most effective at encouraging PEV 

adoption? What magnitude of reductions could be achieved by applying such incentives? 

How cost and benefit of this technology vary between regions? 

To answer these questions, we first develop a set of statistical models to investigate and 

identify the impact of the charging station infrastructure and other potential cost-related 

and socio-economic factors on PEV adoption in California. Next, we estimate the life-

cycle emissions that could result from a charging station expansion scenario that would 

incentivize PEV adoption. We integrate multiple datasets to develop the model at county 

level, where decisions are typically made. We first summarize the existing literature and 

then describe our PEV adoption model and dataset. We next describe the life-cycle 

                                                
1

 Conventional hybrid electric vehicles (HEVs) have a diesel engine and an electric motor powered by a battery that gets charged 

when the car is in motion. These kinds of vehicles do not need a power outlet for charging, so, they might not be confused with PEVs.  
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emission model, and end with our discussion, conclusion and future recommendation. 

Related works 

Previous studies related to this study fall into two main categories: those that explore 

potential factors influencing PEV adoption, and those focusing on the environmental 

impacts of PEV technology. In Table 17, we summarize the existing literature in these 

two categories, and describe them briefly below.  

Previous research on PEV adoption focused on the demographics of vehicle buyers. 

Based on the U.S. EIA, there were about 70,000 BEVs and 104,000 PHEVs out of 226 

million registered vehicles in the U.S. by 2013 [117]. PEV sales continue to grow rapidly 

[118] from 0.4% in 2012, to 0.6% in 2013 and 0.7% in 2014. PEV purchasing behavior is 

even more challenging since vehicle buyers are mostly unfamiliar with the technology.  

The geographic scope of PEV adoption studies ranges from an entire country [119]–

[121], to a state [122] or a city [123]–[125], while survey datasets range from small 

[124][126][127] to large [122][128] surveys or questionnaires from conventional car 

buyers are used. Methodologies consist of a wide range of statistical models and 

simulations. The majority of these adopt the OLS regression to examine PEV purchasing 

behavior.  

Some studies argue that income [115][129]–[131], age [129][132][133], and education 

[115][126][131][132] significantly influence individual’s decision to purchase a PEV. 

More specifically, Curtin et al. (2009) [129] found that younger individuals in higher 

income level households are more willing to buy a PEV in the U.S. In contrast, Hidrue et 

al. (2011) [132] indicated that younger car buyers in the U.S. are more likely to choose a 

PEV and there is no significant difference in interest based on income level. They also 

found that individuals with higher education expressed more interest in PEVs, the same 

as results suggested by Egbue and Long (2012) [126] using local data. Majority of studies 

are found men to be more likely to purchase a PEV [126][130][134] in the UK, Germany 

and the U.S. while, Curtin et al. (2009) [129] found no evidence that gender influences 

the likelihood of PEV adoption in the U.S. 

Investigating household characteristics, Kurani et al. (1996) [135] found households with 
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more than one vehicle to be more likely to buy PEVs. While, Hidrue et al. (2011) [132] 

found PEV adoption is not associated with number of vehicles. Among infrastructural 

and cost-related factors, gas prices [136] and charging stations [136][137] have also been 

found to positively affect PEV adoption rate. 

The extent to which PEVs reduce vehicular emissions has been tested by several studies. 

Some pervious studies only considered the fuel-cycle impacts. For example, Zhang et al. 

(2011) [138] assessed the potential fuel saving impacts of PHEVs based on different 

vehicle types in South Coast Air Basin of California.  In this study they simulated the 

driving behaviors based on the National Household Travel Survey 2009 and found that 

fuel consumption can be reduced 45% by switching from 11 km/L (25 MPG) 

conventional vehicles (CVs) to 19 km/L (45 MPG) HEVs. Moreover, PHEVs with 6 and 

64 km (16 and 40 mi) all electric range can reduce fuel consumption by additional 45% 

and 70% respectively, compared to HEVs. However, recent research focused on the LCA 

of PEVs, which consider all emissions of the production operation, and recycling process. 
It is important to consider a LCA especially for PEVs GHG emission analysis, because, 

GHG emissions associated with their battery production are significant [139]. 

Additionally, emissions significantly vary depending on the electricity generation 

required to charge them. 

PEVs will generally have a positive impact on vehicular emissions with variable 

potentials in different regions. Canals Casals et al. (2016) [140] performed an analysis on 

how GHG emissions from the PEVs vary depending on the electricity generation mix in 

the European countries. The results showed that France and Norway are better suited for 

PEV adoption, while countries like Germany and the UK do not have a great contribution 

to GHG emission mitigation, although they are decarbonizing their power plant 

infrastructure. Razeghi et al. (2016) [141] demonstrated similar results that indicate 

without incorporating wind energy into the electricity generation mix, different temporal 

vehicle charging profile has no significant impact on air quality in South Coast Air Basin 

of California. 

 
 



Texas Tech University, Roxana Jahanbakhsh Javid, December 2016 

 45 

Table 17. Summarizes Related Studies on PEV         
 Study Region Dataset Method Investigated Factor(s) 

Po
te

nt
ia

l f
ac

to
rs

 a
ff

ec
ts

 P
E

V
 a

do
pt

io
n 

Curtin et al. 
(2009) [129] 

U.S. Survey- 2513 
participants 

Statistical analysis Gender, age, and income 

Anable et al. 
(2011) [130]  

UK Survey- 2729 
participants 

Statistical analysis Gender, income, number of 
vehicle in household 

Hidrue et al. 
(2011) [132] 

U.S. Survey- 3029 
participants 

Latent class 
random utility 
model 

Gender, education, income, 
number of vehicle in household 

Plotz et al. 
(2014) [134] 

Germany Online 
questionnaire- 
969 respondents 

Statistical analysis Gender, age, household size, size 
of city, and employment status 

Egbue and 
Long (2012) 
[126] 

A campus 
in the U.S. 

Questionnaire-
conventional car 
holders 

Statistical analysis Gender, education, and income 

Tal and 
Nicholas 
(2013) [115]  

U.S., CA Survey- PEV 
owners in CA  

Statistical analysis Income and education 

Sierzchula et 
al. (2014) 
[137]  

30 
countries 
all over 
the world 

Multiple national 
macro scale 
datasets 

OLS regression Income, education, financial 
incentives, electricity and gas 
prices, urban density, and 
charging infrastructure  

Vergis and 
Chen (2015) 
[136]  

U.S. states Multiple national 
data sources 

OLS regression Annual travel distance, 
electricity and gas prices, 
charging infrastructure, 
education, weather, population 
density, incentives,  

E
nv

ir
on

m
en

ta
l i

m
pa

ct
s o

f P
E

V
s 

Zhang et al. 
(2011) [138] 

South 
Coast Air 
Basin of 
California 

National 
Household 
Travel Survey 
2009 

Simulation Fuel consumption 

Razeghi et al. 
(2011) [142] 

Southern 
California 

Multiple 
regional data 
sources 

SoCAB model GHG and NOx emissions 

Hawkins et al. 
(2013) [143] 

Europe Multiple national 
data sources 

GREET model and 
Simulation 

GWP 

Razeghi et al. 
(2016) [141] 

South 
Coast Air 
Basin of 
California 

Multiple 
regional data 
sources 

STREET model Criteria Air pollutants 

Canals Casals 
et al. (2016) 
[140] 

Europe  Multiple national 
data sources 

Monte Carlo 
analysis 

GHG emissions 
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In another comparative study, Hawkins et al. (2013) [143] showed that under European 

average conditions, GWP benefit of PEVs in Euroup are 28% and 11% relative to 

gasoline vehicles assuming a 200,000 km and 100,000 km vehicle lifetime respectively. 

Razeghi et al. (2011) [142] found that as the results of 40% penetration of PHEVs in 

2050, annual GHG and NOx emissions are reduced by 7% and 6% respectively. While, 

these benefits are 25% and 22% for 40% penetration of BEVs. The result of the study 

showed that BEVs have more potential to contribute to emission mitigation in Southern 

California.  

The results of these studies are divers, due to differences in study area and boundaries, 

level of data aggregation, methodologies, and output resolution. The results with regard 

to demographic characteristics are not consistent. Most studies on PEV adoption are 

based on travel surveys, in which vehicles are assumed to be PEVs, or surveys from 

small samples of hypothetical PEV buyers, which evaluate consumers’ attitudes towards 

buying a PEV. Since statements about intent to purchase a product are rarely validated 

with data on actual purchasing decisions [123], previous studies lack the real PEV buyer 

data to support their findings. However, we use the 2012 California Statewide Travel 

Survey that includes both CV and PEV buyers’ detailed information. California is 

responsible for about 42% of the total U.S. PEV market [115], making it a suitable region 

for the purpose of this research. In addition, the current literature provides only limited 

insight into how infrastructural factors such as number of public charging station in a 

region may affect PEV purchasing rate at that region. We explore PEV demand in 

California’s counties by developing a comprehensive model, which consists of a broad 

set of variables including socio-demographic, cost-related, and infrastructural factors. 

The literature suggests that generally PEVs, when considering LCA analysis, have a net 

emission advantage over CVs.  However, these benefits vary by many factors including 

vehicle usage and type, emission type, electricity generation mix, and level of penetration 

in a region. Previous studies have not compared benefit-cost impacts of PEVs based on 

county-level data nor examined the externality costs, which are indirect impacts and not 

explicitly captured in PEV impact analysis. This research aims to address this gap by 
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combining different datasets with a statistical modeling analysis to explore and compare 

PEV adoption rate in California and resulting emission mitigation and benefit-cost 

impacts at county level. We estimate the total equivalent money value of the benefits and 

costs to counties considering externality costs of petroleum use, GHG emissions, and air 

pollutant emissions, and establish whether PEVs are worthwhile. In the next section, we 

describe the model variables and data sources. 

Quantifying PEV Adoption Rate as a Function of Charging Station Infrastructure 

Multiple regression models 

To quantify the influence of infrastructure, cost-related and socio-demographic variables 

on PEV adoption rates in California, we develop a series of multiple regression models 

capable of incorporating county-level data. We selected regression analysis as it provides 

a simple framework for investigating the relationship among a given set of variables. In 

conventional format, this model can be expressed as equation (1). To test for 

multicollinearity, we employ correlation coefficient matrix and VIF tests. The variables, 

datasets, VIFs, and the resulted multiple regression models for both state-level and 

county-level approaches are presented next. 

Data and variables 

We apply this model to California county-level data, with the goal of quantifying how 

public charging station infrastructure contributes to PEV purchasing rate, and eleven 

other potential factors might affect PEV purchasing rates in each county. These factors 

fall into three main categories: infrastructural, cost-related, and socio-demographic. Table 

18 summarizes these variables by category, and we discuss each briefly below.  

PEV adoption rate 
Our dependent variable is the market share of PEVs by county, defined as the number of 

PEV as a percentage of light-duty vehicle registered in 2012. The source datasets for this 

variable is the 2012 CHTS, which includes both PEV and CV buyers’ information. The 

CHTS was designed to gather travel information from households in all of California's 58 

counties. The survey has been conducted almost every 10 years since 1991 [108]. The 
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2012 CHTS is the most recent review, which began in January 2012 and ended in 

February 2013. This is the largest single statewide household travel survey ever executed 

in the U.S. This survey utilizes a probability sampling method, so the sample can be used 

to represent the whole population. The survey covers socioeconomic, demographic and 

detailed travel behavior information from 109,114 completed individuals. The dataset is 

available through the NREL Transportation Secure Data Center. The 2012 CHTS dataset 

can be of a great contribution to the existing literature on PEV buyers. 

This study focuses on new car buyers in California including PEV and conventional car 

buyers in order to improve our knowledge on buyers’ characteristics. PEVs have become 

available to purchase as a brand new car mostly in recent years. This study limits the 

sample to participants who indicated that they had purchased a new car (<2 years old) in 

order to best reflect the potential market for these vehicles. The sample size is further 

reduced by removing invalid observations, as either participant did not know the answer 

or refused to answer one or more requested questions. Ultimately, a total of 16,348 

participants are included in the final sample for the current analyses. Based on the data 

sample, 2.5% of Californians have a PEV. As this survey involves sophisticated sample 

bias correction process, this study does not make more statistical adjustments to the 

sample in order to avoid further complication.  

Transportation Infrastructure 
Our first independent infrastructure-related variable is the availability of public charging 

infrastructure, which is represented by the total number of public non-residential charging 

stations per 10,000 capita by 2012 for each county. Public charging can play an important 

role in increasing the utility of a BEV by enabling additional travel or a PHEV by 

maximizing all-electric driving range. We use the data in the Alternative Fueling Station 

Locator that are gathered and verified by the NREL. An electric charging station 

represents one station in the data, with on average two outlets in that location. Residential 

electric charging locations are not included in the dataset. On average, in California 

number of charging stations per 10,000 capita is 0.4, with the highest value of 1.44 for 

San Francisco County. 
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Table 18. Factors Influencing PEV Adoption Rate 
Category Variable Mean Variance Min Max 

PEV adoption  Percentage of PEVs in passenger car fleet (%) 1.71 3.16 0.00 8.15 

Transportation 

infrastructure 
Number of charging station per 10,000 capita 0.35 0.16 0.00 1.45 

Transportation 

cost 

Average travel time to work (min) 24.3 22.5 13.9 36.2 
Gas price ($/mile) 0.17 0.00 0.17 0.18 
Electricity price ($/mile) 0.05 0.00 0.03 0.05 

Socio-

demographic 

Average household size 2.67 0.06 2.22 3.17 
Age 53.2 5.1 48.9 59.7 
Gender 54.1 26.0 39.3 64.4 
Home ownership (%) 84.4 31.3 69.1 100.0 
Average number of vehicles per household 2.11 0.02 1.56 2.37 
Maximum education level in household  4.50 0.25 4.00 5.00 
Income level 3.43 0.25 3.00 4.00 

 
Transportation Cost 

Reducing fuel costs can be a contributing factor to carpooling propensity. We use the 

average gas price for each county in California from the national retail gasoline prices 

($/gallon) in 2012 published by EIA. This variable does not vary much across the state; a 

majority of counties have an average gas price of 1 $/L (3.80 $/gallon) for 2012. 

Tuolumne County is the only county with a significantly lower average annual gas price, 

of 0.96 $/L (3.65 $/gallon). We incorporate average electricity price in each county as 

another cost-related variable in the model. The 2012 electricity price data are available 

through the NREL. The prices vary from 8 cents/kWh in Trinity, Siskiyou, and Modoc 

Counties to 16 cents/kWh in majority of counties. In order to compare changes in gas and 

electricity prices in the model we standardize prices by converting them to monetary unit 

per km ($/km). To standardize the gas price, we divide gas price in county by average 

vehicle fuel efficiency 9 km/L (22 MPG) [144]. For standardized electricity price we 

multiply average electricity prices by 0.21 kWh/km (0.34 kWh/mile) [109] in each 

county to get the final electricity price variable in term of $/km.  

Travel time to work may also trigger the initiative to buy a PEV. We use the average 

commute time in each county for the year 2012 based on the Caltrans, 2013 county data. 
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Calaveras County has the longest average travel time to work, while Del Norte County 

has the shortest, from 36 to 14 minutes, respectively. The reason for this difference could 

be explained by the distribution and/or availability of jobs in the county, and the density 

of population as a proxy for traffic. 

Socio-Demographic Factors 
Some recent studies find socio-demographic characteristics such as income, education, 

age, gender, and household size, number of vehicles per household play a significant role 

in distinguishing between PEV and CV buyers [145]. Here, we incorporate “average 

household size” and “average number of vehicles per household,” as variables that may 

affect buyers’ attitudes towards PEVs. Based on the 2012 CHTS sample data, on average, 

there are 2.8 persons and 2 vehicles per household.  

Contribution of education level and income to PEV adoption rate is represented by two 

categorical variables. Higher education is believed to be correlated with PEV acceptance 

[146] or not [137]. With regard to education level, this research chooses the highest level 

of education among the members of a household as described: 1=Not a high school 

graduate, 12th grade or less, 2=High school graduate1, 3=Some college credit but no 

degree, 4=Associate or technical school degree, 5=Bachelor’s or undergraduate degree, 

6=Graduate degree2. On average, the highest level of education in California’s household 

is a Bachelor’s degree. Household income was found to be influential in PEV adoption 

by a couple of researchers [115][147] while, others found it to be ineffective [132][137]. 

We investigate this variable using a categorical variable describing average annual 

income in five categories: 1=$0 to $24,999, 2=$25,000 to $49,999, 3=$50,000 to 

$74,999, 4=$75,000 to $99,999, and 5=$100,000 or more. Another variable that shows 

the demographics of households is home ownership, defined as the percentage of 

households that own a home3 to the total number of households. Households in the 

sample have an average annual income of $75,000 to $99,999 and 82% of those own a 
                                                
1

 High school diploma or General Educational Development 
2

 Professional degree like Medical degree, Doctor of Dental Surgery, Juris Doctor 
3

 Including buying and paying off mortgage 
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home.  

The last two variables relates certain demographic characteristics of individual buyers 

including age and gender, to PEV adoption rate, as these variables influence individual’s 

attitude towards PEVs [126][137]. We test for any statistical differences between younger 

and older as well as percentage of male in total car buyer population. The average age of 

the buyers is 53 years and men and women population is almost the same in the sample. 

PEV Adoption Model 

The variables described in the previous section were used to develop a multiple 

regression model to assess their relevance to PEV adoption rate in each county. All 

independent variables were first scaled and normalized. Based on the correlation 

coefficient matrix, the average household size is negatively correlated with the average 

car buyer’s age in the county. Moreover, the average income is positively correlated with 

the charging station per capita in the county (Table C-1 in Appendix C). We excluded 

both income and household size variables from the final calculations, as they both have 

lower correlation with the PEV adoption rate compared to age and charging station per 

capita respectively. Table C-2 in Appendix C represents the correlation matrix for the 

final set of variables. 

Since the focus of the study was the impact of the charging station per capita on PEV 

adoption rate, we began with all infrastructural explanatory variables as the core variables 

in model (1), then extended this framework to accommodate the cost-related variables in 

model (2), and socio-demographic characteristics in model (3). The results are shown in 

Table 19. 

Results for model (1) indicate that the infrastructural variable of charging station per 

capita has a statistically significant and positive impact on the PEV adoption rate (Table 

19, column 1). Results for model (2) highlight how incorporating cost-related variables 

does not lower the significance of infrastructural variable, and charging station 

infrastructure remains highly significant in increasing the PEV adoption rate. When 

socio-demographic variables are added to the model (3), the charging station 

infrastructural variable still plays an important role.  
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Table 19. PEV Adoption Models and Variables’ VIFs 

Variables Model (1) Model (2) Model (3) VIF 

Age   0.024 (0.106) 1.205 

Gen   0.289*** (0.101) 1.110 

NoVeh   -0.235** (0.115) 1.418 

MEdu   -0.106 (0.125) 1.691 

Own   0.055 (0.114) 1.414 

Gasmil  0.056 (0.113) 0.033 (0.106) 1.213 

Elecmil  0.015 (0.112) 0.167 (0.114) 1.392 

Comt  0.169 (0.115) 0.090 (0.110) 1.295 

Char 0.636*** (0.103) 0.579*** (0.114) 0.545*** (0.141) 2.129 

 Constant 0.000 (0.102) 0.000 (0.103) 0.000 (0.095)  

Observations 58 58 58  

R2 0.404 0.431 0.555  

Adjusted R2 0.394 0.388 0.471  

Residual Std. Error 0.78 (df = 56) 0.78 (df = 53) 0.73 (df = 48)  

F Statistic 37.99*** (df = 1; 56) 10.05*** (df = 4; 53) 6.65*** (df = 9; 48)  

 

  

Age of the buyer, household’s maximum education and home ownership status do not 

have a statistically significant impact on PEV adoption rate, but gender of the buyer and 

average number of vehicles per household do show significant impacts on PEV adoption 

rate such that male buyers in household with less vehicles available are more likely to 

buy a PEV. While travel cost does not have a statistically significant impact on PEV 

adoption rate, charging station per capita is found to be the main factor correlated with 

PEV adoption. Thus, the results suggest that more available charging stations per capita 

is correlated with increased rates of PEV adoption in each county.  Reported VIFs are all 

less than 10, indicating no multi-collinearity among the explanatory variables (Table 19, 

last column).  

The remainder of the discussion will focus on model (3), since it has the highest adjusted 

R-square value, and incorporates all the potential variables in the three categories. This 

model suggests that charging station per capita, gender of the buyer, and average number 

  Numbers in parentheses are standard errors. 

***Significant at the 1 percent level 

**Significant at the 5 percent level 
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of vehicle in household can significantly impact PEV adoption rate at the county level in 

California.  

According to model (3), if other variables are held constant, the PEV adoption rate would 

increase by 1.35% per additional charging station per 10,000 capita in a given county. 

PEV adoption decrease by 1.74% for each additional vehicle in the household and as 

percentage of male car buyers increases by one percent, PEV adoption rate decreases by 

0.06%.  

Life-Cycle Environmental and Economic Impacts of PEVs 

To explore the impact of PEVs including BEVs and PHEVs, we calculate likely changes 

in emissions for a county-level analysis in California, and rank California’s counties 

based on their potential to reduce petroleum use, GHG emissions, criteria air pollutants, 

and benefit-cost impacts from PEVs. PEVs burn less/no gasoline and have less tailpipe 

emissions, however, producing the electricity used to charge them does generate 

emissions. Also, to compare PEVs and CVs emissions associated with their production 

and recycle process need to be considered.  To this purpose, we develop a LCA analysis 

to truly assess the environmental and economic impacts of PEVs using the Alternative 

Fuel Life-Cycle Environmental and Economic Transportation (AFLEET) Tool. 

AFLEET Model 

AFLEET tool is built based on both AirCRED by the U.S. Department of energy and 

GREET Fleet by the Argonne National Laboratory and designed to assist regional 

transportation planners in meeting alternative-fuel market penetration goals. The 

petroleum use and GHG1 LCA calculations are both well-to-wheels (WTW) estimates, 

which can be divided into two stages: well-to-tank (WTT) and tank-to-wheels (TTW). 

The WTT includes fuel feedstock recovery, fuel production, and fuel distribution to 

pump, while the TTW stage represents the vehicle’s operation. However, air pollutant 

LCA calculation is TTW estimates, since WTP emissions are released far away from 

                                                
1

 In terms of CO2e based on100-year Global Warming Potential (GWP) which is 25 and 298 for CH4 and N2O respectively. 
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where the vehicle is used. The air pollutant criteria include NOx, PM10, PM2.5, and VOC 

from tailpipe and evaporation1. 

For the purpose of this analysis we estimate life-cycle petroleum use, life-cycle GHG 

emissions, vehicle operation air pollutant emissions, and costs of ownership based on the 

input data for individual counties including number of vehicles by fuel type (CV, PHEV, 

and BEV), average daily distance driven, gas and electricity prices for the county, and 

number of public charging station. These input data are based on the described variables 

and datasets. Additional information on vehicle usage and price and electricity source is 

required to compute the calculation in AFLEET. However, we use the pre-defined value 

for this information in all the counties and describe them briefly below.  

We evaluate the net present value of operating and fixed costs, petroleum use, and 

emissions, as well as externality costs over a 15-year of planned ownership of a new 

vehicle. Unlike the purchasing and registration fees and taxes, maintenance, insurance 

and operation costs require annual payments, so we provide a more realistic estimate 

considering a 15-year time span. Default values for fuel economy are 13 km/L (28.8 

MPG) for CVs, 19 km/L (43 MPG) for PHEVs, and 42 km/L (95 MPg) for BEVs. To be 

able to compare light-duty fleet before and after replacing CVs by PEVs, Vehicle 

purchase price is assume to be $20,000 on average for all vehicle types as the default 

value. We assume vehicle purchase is not financed by a loan. As the emissions and 

petroleum use are sensitive to assumptions regarding electricity source, we choose 

Western Electricity Coordinating Council (WECC), which represent California’s 

electricity generation mix 2 . PHEV efficiency and performance depends on the 

assumption on charge-depleting (CD) mode. We define 31.5 km (19.6 mile) as the 

distance for which a fully charged PHEV switches from CD to charge-sustaining (CS) 

mode, assuming one charge per day. For more information about the model and related 

calculations please refer to the AFLEET user manual. 

                                                
1

 AFLEET does not include CO externality costs, as it has not been quantified. 
2

 0.2% residual oil, 32.5% natural gas, 25.4% coal, 7.9% nuclear power, 0.2% biomass, and 33.8% other (wind, solar, and hydro 

power). 
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Quantifying Emissions and Benefit-Cost Impacts 

Among the factors that are found to have an impact on PEV adoption (gender, household 

number of vehicles, and charging station density), the most significant factor that 

transportation planners can control are the charging station density. To what extent, 

though, do providing public charging stations reduce carbon emissions? Generally 

speaking, if public charging stations affect PEV adoption rates, then more PEV on streets 

should affect emissions.  

Specifically, we calculate the environmental and economic impacts that would occur 

under a BAU scenario and an infrastructure expansion scenario. The BAU scenario 

describes the variables as they were observed in 2012, while in the expansion scenario, 

each county increases its number of charging stations by 2 for every one million total 

daily miles travelled, to expand the infrastructure in proportion to how much people drive 

in each county. We also assume that: (1) PEV buyers switch from gasoline car to PEV, 

(2) the share of individuals using other vehicles (i.e. passenger trucks, motorcycles, and 

bicycles) remains the same, and (3) new and existing charging stations are public level 2 

curbside dual stations. Using model (3), the PEV adoption rate for counties with 

expanded charging stations increases by 1.35% under the hypothetical scenario described 

above. The percentage changes in for petroleum use, GHGs and air pollutants, and costs 

can then be calculated for the expansion scenario compared to the BAU scenario. The 

results of such analyses can be used to optimize infrastructural investments by identifying 

locations that maximize the response of drivers to added public charging stations. We 

provide the result of the two scenarios for petroleum use and emissions as well as the 

benefit-cost analysis.  

County Level Emissions 

The alternative scenario reduces emissions and petroleum use, associated with the 

combined effects of number of PEVs, trip distance, and number of charging stations in 

each county (see data in Table C-3 in Appendix C). This enables us to calculate the 

reduction in emissions and petroleum use under the alternative scenario as compared to 

the BAU scenario, taking into account each county’ specifications. Figure 7 shows the 
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percentage reduction in lifetime petroleum use, GHG, and air pollutant emissions for 

alternative scenario compared to BAU scenario.  

 
Figure 7. Percentage Reduction in Lifetime Petroleum Use, GHG, and Air Pollutant 

Emissions for Alternative Scenario Compared to BAU Scenario1 

 

There is a slightly different pattern for the three indicators, especially for southern 

California, where most of the oil refineries are located. The greatest reductions are 

predicted for Modoc County, with 0.061% in petroleum use and air pollutant emissions 

and 0.035% in GHG emissions. The next three counties – Sierra, Mono, and Trinity - 

show a moderate response, most of the rest of the counties including Colusa, Fresno, and 

San Luis Obispo have a lower response, and counties with no or extremely low response 

                                                
1

 All maps are developed in ArcGIS 2013. The geographic coordinate system is USA Contiguous Albers Equal Area Conic USGS. 

All the counties are (1:8,000,000) scaled. 
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to PEVs including Shasta, Alpine, Del Norte, and King have reductions averaging around 

zero percent, implying the incompatibility of this strategy in these counties. 

Statewide reduction in petroleum use is estimated at 277 thousand barrels and GHG 

emission reduction is about 87 thousand metric tons, or approximately 0.006% of 

California’s light-duty vehicles’ GHG emissions, which totaled 110 million metric tons in 

2012. Reductions in emissions air pollutant of 996 metric tons or approximately 0.17% of 

California’s highway vehicle emissions1. 

County Level Benefit-Cost Analysis 

The purpose of the benefit-cost estimates presented here is to make it possible for 

planners to incorporate the social benefits from the PEV penetration into the analyses to 

investigate the comprehensive impacts. We consider the total cost of ownership (TCO) 

including acquisition and depreciation, fuel, maintenance and repair, insurance, licensing, 

and registration costs. We also assess the economic value of petroleum saving and GHG 

and air pollutant emission reduction in terms of externality costs. The externality costs 

are indirect damages that are not explicitly captured in the marketplace. Lifetime costs 

are calculated using a base case nominal discount rate of 0.83% and assuming annual 

inflation price increases of 2.4%. All the TCO and externality costs are discounted at the 

same discount rate and all monetary values are converted to 2016 U.S. dollars.  

The AFLEET model surveyed the literature to estimate the externality costs of petroleum 

use, GHG emissions, and air pollutant emissions. Our petroleum externality cost 

estimates are based on a study by Michalek et al. (2011) [148], which calculated the risk 

of losses due to oil supply disruptions, variation in costs due to the effect of U.S. demand 

on world oil prices, and the cost of existing policies to boost oil security. For GHG 

emissions, we use social costs of carbon estimates from the Interagency Working Group 

on Social Cost of Carbon (2015). The estimates include changes in net agricultural 

productivity, human health, property damages from higher flood risk, and the value of 

                                                
1 Total California VOC, NOx, PM10, and PM2.5 emissions associated with highway vehicles is 164, 391, 29, and 16 thousands tons 

respectively [151]. 
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ecosystem services due to climate change. We adopt the Air Pollution Emission 

Experiments and Policy Analysis (APEEP) model, which calculates the marginal 

damages corresponding to the criteria air pollutant on a dollar-per-ton basis. Damages 

include epidemiological outcomes such as mortality, bronchitis, asthma, and cardiac, crop 

loss, timber loss, materials depreciation, visibility, and forest re-creation. 

Figure 8 shows changes in benefits and costs and the benefit to cost ratio for alternative 

scenario compared to BAU scenario. The greatest increase in benefits is predicted for Los 

Angeles County, with 11 million dollars in savings. Los Angeles County has the highest 

increase in costs among all the counties by 7 million dollars. Orange, San Diego, and 

Riverside counties show a moderate response followed by Santa Clara, Alameda, and 

Sacramento counties by 5-3 million dollars in benefits and 2.5-1 million dollars in costs. 

Statewide annual increase in benefits from the alternative scenario is estimated at 53 

million dollars and statewide cost increase is about 30 million dollars. 

Some counties such as Fresno County show a relatively great increase in benefits, but not 

in costs, where we get the best compatibility of this policy. In order to find these counties 

we assess the benefit to cost ratio for all counties as shown in Figure 8. As a result, 

Modoc County has the highest benefit to cost ratio of 8.6. Fresno, San Luis Obispo, and 

Trinity counties show a moderate ratio of 5, most of the rest of the counties have a lower 

ratio of 2 to 1. Shasta, Alpine, Del Norte, and King counties have zero or extremely low 

ratio, again implying the incompatibility of this strategy in these counties. 

 



Texas Tech University, Roxana Jahanbakhsh Javid, December 2016 

 59 

 
Figure 8. Changes in Benefits and Costs and the Benefit to Cost Ratio For Alternative 

Scenario Compared to BAU Scenario 

Discussion and Conclusions 

To quantify the benefits of PEVs, we developed statistical models to study the impact of 

charging station infrastructure and other cost-related and socio-demographic factors on 

PEV adoption rate in 58 California counties. Then, we used the model to calculate 

reductions in petroleum use, GHG and criteria air pollutants as well as estimate benefit to 

cost ratio that would result from expanding charging stations across the California, by 

county. The research is innovative as it uses data from real PEV and CV buyers that were 

not exclusively used by any related studies and provides LCA analysis to assess the 

impacts.  

We first quantify the attitudes of car buyers towards PEVs to charging station availability 
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through a combination of infrastructural, cost, and socio-demographic factors, at the 

county level (for California, the only state for which PEV and CV buyers data is available 

by county). We combine three types of factors in order to help planners identify areas 

with the greatest potential response, to quantify the environmental and economic benefits, 

and to provide guidance on factors that may be directly controlled (such as charging 

station per capita).  

Our results show that more availability of charging station is correlated with increased 

rates of PEV adoption In California. Potentially controllable variable, charging station 

per capita from county to county is the primary driver of PEV adoption across the state. 

Cost-related factors such as commute time to work and gas and electricity prices do not 

emerge as the strong influences on the PEV adoption rate, where gas prices do not vary 

significantly from one county to the next. The average commute time in the sample is 

24.3 minutes and within this trip range, PEV buyers do not face any limitation regarding 

driving time. 

Socio-demographic factors such as gender and average number of vehicle per household 

are the strongest influences on PEV adoption rate across individual counties in 

California. In contrast to [135], who state that the multi-car households have higher 

probability of buying BEVs due to the vehicle backup capacity. While socio-

demographic factors cannot be controlled, they can be used to modify the effectiveness of 

changes in charging station availability in altering PEV purchasing for a given county, 

providing valuable input into regional decision-making. 

It is clear that in California, people would choose a PEV if charging from a public station 

is a feasible option, regardless of their commute time. While most people won’t buy a 

PEV to reduce fuel costs, they might choose a PEV to reduce the environmental impacts. 

That is why PEVs are more common in counties with lower than average vehicle per 

household with pro-environment respondents that have fewer and more fuel-efficient 

vehicles. 

In the second part of our study, we use the LCA framework to quantify the environmental 

and economic benefits of an alternative scenario, in which each county increases its 
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number of charging stations by 2 for every one million total daily miles travelled, to 

expand the infrastructure in proportion to how much people drive in each county. Here, 

results indicate that benefits of this policy depend on buyers’ demand and their travel 

patterns, and vary significantly across counties. Translating the effects of charging station 

per capita on PEV adoption rate into avoided emissions, we calculate the environmental 

and economic impacts by county, depending on individual county characteristics.  

The greatest reductions in petroleum use and emissions are obtained for northern 

counties, all areas with relatively high rate of response to charging station expansion 

(Figure 7). The smallest reductions are projected for central counties, implying that this 

strategy would be relatively ineffective at reducing transportation-related emissions with 

those counties. We estimate this expansion scenario would reduce statewide GHG 

emissions by approximately 0.006% compared to California’s light-duty vehicles’ GHG 

emissions in 2012. Reductions in air pollutant emissions by approximately 0.17% of 

California’s highway vehicle emissions shows that the PEVs are more advantageous in 

reducing air pollutant compared to GHGs due to GHG emissions associated with PEV 

production and recycle process.  

The location of where the petroleum is used or GHGs are emitted does not significantly 

alter their global impacts. However, for air pollutants the location where they are emitted 

does play a major role as they impact local air quality. The results of this part of the 

analysis can be used by city authorities to evaluate changes in vehicle fleet composition 

and its impact on regional air quality and global GHG and petroleum conservation plans. 

The results also highlight the importance of total vehicle distance travelled in predicting 

the magnitude of increased benefits and costs that would be achieved by the expansion 

scenario (Figure 8). Counties with more number of vehicles and/or more annual distance 

traveled per vehicle show a higher rate of increase in benefits and costs under the 

expansion scenario. Statewide annual increase in benefits from the alternative scenario is 

estimated at 53 million dollars and statewide cost increase is about 30 million dollars. To 

assess the economic advantages of this policy benefit to cost ratio is calculated for each 

county. For most of the counties the benefit to cost ratio is over one, which means lower 
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operation (fuel and maintenance) and externality costs compensate the investment and 

maintenance costs for charging station expansion. However for 20 counties, including 

Butte, San Joaquin, and San Francisco counties, the benefit to cost ratio is below one, 

indicating the benefit of the policy does not compensates the costs due to combine effect 

of number of vehicles, driving distance, energy and charging infrastructure costs.  

With sufficient data availability, this model could be used by regional and city-level 

policy makers and transportation planners to optimize their infrastructural investments by 

identifying counties where the response of drivers to added charging station and the 

resulted environmental and/or economic impacts would be maximized, implying that 

larger benefits can be achieved. 

Further research is needed to integrate other indicators such as psychographics1 and their 

contribution to PEV adoption behaviour. Moreover, factors that are correlated with 

PHEV and BEV adoption may not be the same. With sufficient data availability, further 

analysis should be undertaken to study the factors for the two vehicle types separately.  

  

                                                
1 To incorporate such indicators, a representative data set needs to be obtained. To the authors’ best knowledge this data is not 

available. 
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Chapter V 

Summary, Conclusion, and Future Works 

Transportation is a significant source of carbon emissions in the U.S. Reducing those 

emissions is the key to long-term emission mitigation in order to stabilize the impact of 

human activities on climate. To find the most effective strategies for reducing emissions 

from transportation, we considered different alternatives. The alternatives were 

prioritized based on transportation and climate science professionals’ opinions through a 

multi-criteria method. To quantify the emission impacts of each strategy, we explored the 

examples of avoid and replace scenarios using several datasets at different aggregation 

levels.  

Followed by the introduction in chapter I, in chapter II, we explored a framework to 

evaluate strategies to mitigate CO2 emissions and prioritize them based on a city’s 

attributes and characteristics. AHP was applied to the cities of Dallas and Lubbock in 

Texas, and the results indicated that reduce strategies had the highest preference score of 

40%, followed by avoid strategies with 36% and replace strategies with 24%. The 

outcome of this research highlighted the efficacy of different CO2 mitigation strategies 

under different urban settings.  

Next, in chapter III, we quantified the response of carpooling propensity to HOV lane 

availability through a combination of infrastructural factors, cost factors, and socio-

demographic factors and then calculated reductions in CO2e and major air pollutants that 

would result from increasing HOV lane extent across the U.S., by state, and California, 

by county. Comparing the national analysis with that for California, it is clear that at the 

national level people would choose to carpool mainly to reduce travel costs. 

Nevertheless, in California, people are found to carpool mainly to reduce their travel cost 

in terms of time, since there is no significant variation in gas prices between counties. 

This highlights the need for county-level data collection and analysis in regional 

decision-making regarding the potential of HOV lanes.  

Translating the effects of HOV lane expansion on carpooling into avoided emissions, we 
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calculated CO2e and the air pollutant emissions by state and county, depending on 

individual region characteristics. The environmental benefits of this policy vary 

significantly across counties and states according to population density. In the future we 

plan to integrate cold start emissions, which are related to ambient temperature. More 

information on average vehicle efficiency and pollutant standards by state or county 

would also enable better resolution of potential emission reductions.  

Last, in chapter IV, we studied the impact of charging station infrastructure and other 

cost-related and socio-demographic factors on PEV adoption rate in 58 California 

counties. Then we used the model to calculate life-cycle reductions in petroleum use, 

GHG and criteria air pollutants as well as estimate benefit to cost ratio that would result 

from expanding charging stations across the California, by county.  

Our results show that potentially controllable variable, charging station per capita is the 

primary driver of PEV adoption across the state. While most people won’t buy a PEV to 

reduce fuel costs, they might choose a PEV to reduce the environmental impacts. That is 

why PEVs are more common in counties with lower than average vehicle per household 

and pro-environment respondents. 

In the second part of our study, we use the LCA framework to quantify the environmental 

and economic benefits of an alternative scenario. The results indicate that benefits of this 

policy depend on buyers’ demand and their travel patterns, and vary significantly across 

counties. The greatest reductions in petroleum use and emissions are obtained for 

northern counties, all areas with relatively high rate of response to charging station 

expansion. The results also indicate that PEVs are more advantageous in reducing air 

pollutant compared to GHGs due to GHG emissions associated with PEV production and 

recycle process.  

To assess the economic advantages of this policy benefit to cost ratio is calculated for 

each county. For most of the counties the benefit to cost ratio is over one, which means 

lower operation (fuel and maintenance) and externality costs compensate the investment 

and maintenance costs for charging station expansion. However for 20 counties, 

including Butte, San Joaquin, and San Francisco counties, the benefit to cost ratio is 
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below one, indicating the benefit of the policy does not compensates the costs due to 

combine effect of number of vehicles, driving distance, energy and charging 

infrastructure costs.  

The results of this part of the analysis can be used by city authorities to evaluate changes 

in vehicle fleet composition and its impact on regional air quality and global GHG and 

petroleum conservation plans. In addition, policy makers can use the framework to locate 

counties where the response of drivers to added charging station and the environmental 

and/or economic impacts would be maximized. Further research is needed to study the 

factors that are correlated with PHEV and BEV adoption separately. If the absolute 

changes in emissions and petroleum are chosen to be the outcome of the LCA analysis 

using AFLEET, we suggest adjusting the electricity mix for individual states, since the 

provided regional electricity mix is an aggregated mix over a group of states. 

Additionally, in the current version of AFLEET tool the 100-year GWP for CH4 is 

considered to be 25, while it should be updated to 341 based on the Fifth Assessment 

Report of the Intergovernmental Panel on Climate Change [113]. Both electricity 

generation mix and GWP do not affect the results of our study since we provide the 

results in terms of percentage change in emissions and petroleum use. 

Generally, this dissertation suggests a framework to quantify environmental impacts of 

the selected infrastructure expansion policy. The same framework could be used to 

evaluate the effectiveness of other sustainable policies such as bike lane infrastructure. 

Similarly, statistical models other than linear multiple regression models could be 

integrated into the future research on this topic.  Moreover, transportation agencies are 

facing an increasing need to include public health concerns in their transportation 

planning. In future, we are seeking to quantify the impacts of emission reduction on 

human health specially, on diseases rates such as asthma and cardiovascular diseases 

according to the region characteristics. Using the proposed framework, policy makers can 

measure health impacts of the infrastructure expansion policy on public health.   

                                                
1 To the best of our knowledge, GWP cannot be manually changed in the current version of AFLEET.  
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Appendix A: Chapter II Supplements 

Survey 

Human activities are altering the atmospheric CO2 level. This extra CO2 is leading to 

"global warming". Reducing CO2 emissions not only reduces global warming, but also is 

beneficial in many other ways. The proposed survey intends to evaluate CO2 emission 

reduction strategies based on an iterative pair-wise comparison process called Analytic 

Hierarchy Process (AHP) and identify the one which is perceived to be the most 

effective. Enclosed is a short survey asking questions that many help us to understand 

this issue. No information will be gathered that could personally identify you. Thank you 

for your time and consideration in helping us answer these questions. This research has 

been approved by the Texas Tech University Institutional Review Boards. 
 
Demographic Information 

In what U.S state are you currently employed? 

 

What is the type of your employment? 

University                DOT (Department of Transportation)                          

Consulting-Transportation         Consulting-Climate Science                                   

Others please explain -----  

 

What is the field of your expertise? 

Transportation               Environmental and climate science                                      

other please explain: -------    

 

Overview 

In this survey, several CO2 emission strategies are evaluated through pairwise 

comparison and based on multiple criteria. These criteria and strategies together with a 

comparison scale are elaborated below: 
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Criteria 

In this research, four main criteria are being considered for pairwise evaluation of CO2 

emission strategies: 

 

Reduce air pollution: Air pollution includes substances in the air such as fine particles, 

and noxious gases that are believed to be harmful to human health. Relatively, reducing 

air pollution means to perform actions that can reduce air pollution and prevent or reduce 

harmful effects on human health. 

Reduce traffic congestion: Congestion often means stopped or stop-and-go traffic. 

Reduce traffic congestion refers to less vehicles on roadways so drivers can save time due 

to shorter travel times.  

Reduce investment cost:  Investment in transportation infrastructures means expanding 

and adding roads or public transportation facilities. If transportation needs can be 

addressed through methods other than construction, the funds intended to be spent on 

expanding transportation infrastructure can be spent on other critical public projects. 

Save more natural environment: Natural resources are all the things on Earth that 

support life. Such as plants, animals, and water are natural resources. Public sector 

projects and in particular, transportation developments have the potential to impact on 

natural habitats, affecting wildlife and plant species.  Saving more natural environment, 

provide opportunities to protect sensitive sites and minimize damage to ecology 

(especially agriculture lands, wild life, and woodlands) 

 

Strategies (Alternatives) 

All potential solutions to CO2 emission reduction are categorized under the following 

strategies: avoid using personal car, reduce CO2 emissions per kilometer, and replace 

fossil fuel. Following table shows different examples based on these three strategies in 

the transportation industry.  
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Strategy Policy Implementation 

Reduce Co2 

emissions per 

Kilometer 

Transportation 

planning 

Use GPS to send real-time traffic data and informing shortest path 

Light Synchronizing 

Effective vehicle 
Improve fuel-efficiency standards 

Improve vehicle-efficiency standards 

Avoid using 

personal car 

Demand management 

Increase road taxes and parking prices 

Increase fuel taxes 

Reduce trip need by facilitating work at home and online shopping 

Public transport 

Increasing the capacity and quality of Public Transport 

Emphasis on metro and light rail 

Increasing flip size  

Facilitating modal shift between public transit 

Car sharing 
Supporting vanpooling and carpooling 

Private car sharing 

Environmentally 

friendly transportation 

Encourage people to choose biking or walking 

Creating specific roads and path  

Replace fossil fuel Alternative fuels 

Develop clean- fuel vehicles, (electricity, bio fuel powered 

vehicles) 

Equipped public busses and taxis with clean fuels  

 

Comparison scale 

1 Strongly disagree 
2 Disagree 
3 Neither agree nor disagree 
4 Agree 
5 Strongly agree 

Definitions 

Metropolitan area: A metropolitan area is a region consisting of a densely populated 

urban core and its less-populated surrounding territories. 

Small city: A city is a relatively large and permanent and has a 

particular administrative, legal, or historical status based on local law. 

Criteria Comparison 

Here the objective is to evaluate the aforementioned criteria through pairwise comparison 
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to highlight the importance of different criterion compare to each other with the goal of 

reducing CO2 emissions in transportation sector. With this goal in mind, please evaluate 

the following statements: 

 
CONSIDER A METROPOLITAN AREA SUCH AS  

DALLAS, TX 

How you do you agree with these statements? 

Air pollution is more important than traffic congestion. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Air pollution is more important than investment cost. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Air pollution is more important than saving natural places. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Traffic congestion is more important than investment cost. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Traffic congestion is more important than saving natural 

places. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Investment cost is more important than saving natural 

places. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 
 

 CONSIDER A SMALL CITY SUCH AS  

LUBBOCK, TX 

How you do you agree with these statements? 

Air pollution is more important than traffic congestion. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Air pollution is more important than investment cost. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Air pollution is more important than saving natural places. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Traffic congestion is more important than investment cost. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Traffic congestion is more important than saving natural 

places. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Investment cost is more important than saving natural 

places. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 
 

 

Strategy comparison 

The objective is to evaluate the aforementioned strategies through pairwise comparison. 
Please evaluate the following statements based the criterion defined for each section: 
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CONSIDER THE CRITERION IS 

REDUCE AIR POLLUTION 

How you do you agree with these statements? 
 

Reducing strategy better meets the goal in comparison 

to avoiding strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Reducing strategy better meets the goal in comparison 

to replacing strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Avoiding strategy better meets the goal in comparison 

to replacing strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 
 

 CONSIDER THE CRITERION IS 

REDUCE TRAFFIC CONGESTION 

How you do you agree with these statements? 
 

Reducing strategy better meets the goal in comparison to 

avoiding strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Reducing strategy better meets the goal in comparison to 

replacing strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Avoiding strategy better meets the goal in comparison to 

replacing strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 
 

CONSIDER THE CRITERION IS 

REDUCE INVESTMENT COST 

How you do you agree with these statements? 
 

Reducing strategy better meets the goal in comparison 

to avoiding strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Reducing strategy better meets the goal in comparison 

to replacing strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Avoiding strategy better meets the goal in comparison 

to replacing strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 
 

 CONSIDER THE CRITERION IS 

SAVE MORE NATURAL PLACES 

How you do you agree with these statements? 
 

Reducing strategy better meets the goal in comparison to 

avoiding strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Reducing strategy better meets the goal in comparison to 

replacing strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 

Avoiding strategy better meets the goal in comparison to 

replacing strategy. 

¨ 1 ¨ 2 ¨ 3 ¨ 4 ¨ 5 

Strongly disagree Strongly agree 
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Appendix B: Chapter III Supplements 

Table B-1. Correlation Coefficient Matrix for State-level Variables 

 HOVLane PublicTransit TravelTime GasPrice HHsize HHvehicles HDI 

HOVLane 1 0.070 0.280 0.430 0.580 0.080 0.290 

PublicTransit 0.070 1 0.410 -0.260 -0.260 -0.760 0.380 

TravelTime 0.280 0.410 1 -0.080 0.260 -0.640 0.420 

GasPrice 0.430 -0.260 -0.080 1 0.410 0.180 0.100 

HHsize 0.580 -0.260 0.260 0.410 1 0.210 0.020 

HHvehicles 0.080 -0.760 -0.640 0.180 0.210 1 -0.300 

HDI 0.290 0.380 0.420 0.100 0.020 -0.300 1 

 
 
 
 
 
Table B-2. State-Level Carpooling Propensity Model Considering Total Highway Length 

in Hovlane Variable 
 

 
 
 
 
 
 

Variables Model (B-1) VIF 

HOVLane 0.347*** (0.103) 1.85 

TravelTime -0.089 (0.129) 2.88 

GasPrice 0.335*** (0.089) 1.37 

HHsize 0.237** (0.111) 2.14 

HHvehicles 0.091 (0.118) 2.39 

HDI -0.511*** (0.090) 1.41 

Constant 0.000 (0.075)  

Observations 51  

R2 0.746  

Adjusted R2 0.711  

Residual Std. Error 0.538 (df = 44)  

F Statistic 21.51*** (df = 6; 44)  



Texas Tech University, Roxana Jahanbakhsh Javid, December 2016 

 85 

Table B-3. Correlation Coefficient Matrix for County-level Variables 

 HOVLane PublicTransit TravelTime GasPrice HHsize HHvehicles HDI 

HOVLane 1 -0.030 0.310 0.210 0.110 -0.060 0.610 

PublicTransit -0.030 1 -0.060 0.210 0.240 0.090 -0.030 

TravelTime 0.310 -0.060 1 -0.100 0.190 0.160 0.390 

GasPrice 0.210 0.210 -0.100 1 -0.060 -0.170 0.280 

HHsize 0.110 0.240 0.190 -0.060 1 0.060 -0.270 

HHvehicles -0.060 0.090 0.160 -0.170 0.060 1 -0.190 

HDI 0.610 -0.030 0.390 0.280 -0.270 -0.190 1 

 
 
 
 
 
 
Table B-4. County-level Carpooling Propensity Model Considering Total Highway 

Length in HOVLane Variable 

Variables Model (B-2) VIF 

HOVLane 0.467*** (0.123) 1.64 

TravelTime 0.235** (0.110) 1.29 

GasPrice 0.009 (0.098) 1.21 

HHsize 0.159 (0.105) 1.44 

HHvehicles 0.026 (0.096) 1.08 

HDI 0.210 (0.146) 2.19 

Constant 0.000 (0.090)  

Observations 58  

R2 0.584  

Adjusted R2 0.535  

Residual Std. Error 0.682 (df = 51)  

F Statistic 11.92*** (df = 6; 51)  
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Table B-5. National BAU and Alternative Scenario by State 
   BAU scenario  Alternative scenario 

State 
Commute 
distance round 
way (km) 

Total 
workers 
(103) 

Carpool 
(%) 

Solo drive 
(%) 

Annual 
km (106) 

Carpool 
(%) 

Solo drive 
(%) 

Annual 
km (106) 

Alabama  55.5 1982 11.2 83.4 24488 11.5 83.1 24444 
Alaska  62.5 330 13.4 66.2 3753 13.7 65.9 3746 
Arizona  44.2 2778 13.5 74.8 25006 14.3 74.1 24891 
Arkansas  48.2 1210 12.1 80.8 12667 12.3 80.6 12655 
California  46.1 16422 11.9 73.2 149662 13.6 71.5 148050 
Colorado  41.8 2446 10.5 74.5 20370 10.9 74.1 20314 
Connecticut  47.3 1720 7.8 79.6 16967 9.1 78.3 16835 
Delaware  47.4 406 10.2 79.9 4091 11.2 78.9 4066 
DC  21.8 290 6.8 38.2 656 10.6 34.4 626 
Florida  44.3 8173 10.5 79.6 76841 11.6 78.5 76327 
Georgia  51.2 4332 11.1 78.7 46691 11.7 78.1 46513 
Hawaii  29.1 627 15.2 68 3454 17.7 65.5 3397 
Idaho  36.6 698 11.6 76.4 5253 11.8 76.2 5246 
Illinois 43.3 6008 9.3 73.7 50905 10.1 72.9 50647 
Indiana 41 2953 9.5 83.1 26614 10 82.6 26545 
Iowa 31 1509 10.2 78.7 9810 10.4 78.5 9800 
Kansas  39.3 1375 9.6 81.3 11629 9.7 81.2 11621 
Kentucky  51.3 1864 11 81.3 20756 11.3 81 20715 
Louisiana  46.6 1849 11.2 80.9 18637 11.7 80.4 18584 
Maine  42.2 643 9.8 79.2 5706 10.2 78.8 5692 
Maryland 52.1 2783 10.2 74.3 28803 12 72.5 28477 
Massachusetts 42.5 3182 8.1 73 26018 9.7 71.4 25752 
Michigan  45 4401 8.9 83.1 43373 9.5 82.5 43234 
Minnesota 46.3 2681 9.3 77.8 25573 9.6 77.5 25529 
Mississippi  66.6 1183 11.1 82.7 17387 11.4 82.5 17363 
Missouri  43.2 2752 10.4 80.7 25543 10.7 80.4 25495 
Montana  33.6 461 10.5 73.7 3056 10.6 73.6 3055 
Nebraska  30.6 908 9.2 79.9 5880 9.3 79.8 5876 
Nevada 34.7 1223 11.5 77.8 8866 12.1 77.3 8837 
New Hampshire 45.4 678 8.4 81.4 6581 9.1 80.7 6554 
New Jersey 50.9 4123 9.2 71.8 40042 11.3 69.7 39501 
New Mexico 35.3 867 12.4 77.2 6373 12.6 77 6366 
New York 45.8 8817 7.4 54.1 58352 9 52.5 57550 
North Carolina  45.2 4163 11.9 79.8 40304 12.5 79.2 40162 
North Dakota 24.5 336 9.3 78.6 1716 9.3 78.6 1716 
Ohio 41.8 5288 8.2 83 48175 8.8 82.4 48001 
Oklahoma  42.3 1637 11.9 80.5 14976 12.1 80.3 14959 
Oregon 42.3 1757 11.3 73.2 14644 11.7 72.8 14605 
Pennsylvania 37.7 5746 9.4 76.7 44072 10.2 75.9 43860 
Rhode Island  43.3 503 8.8 80.7 4626 10 79.5 4594 
South Carolina  43.5 1964 11 81.1 18499 11.5 80.7 18451 
South Dakota  29.4 406 10.1 77.3 2456 10.2 77.3 2455 
Tennessee  48.6 2775 10 83.4 29805 10.5 82.9 29725 
Texas  47.8 10743 12.2 78.9 109188 12.8 78.3 108821 
Utah  34.9 1246 13 74.9 8835 13.4 74.5 8813 
Vermont  44.5 326 10.4 74.6 2893 10.7 74.3 2887 
Virginia  50.3 3791 10.8 77.5 39524 11.7 76.6 39307 
Washington  39 3090 11.4 73.1 23723 12 72.5 23629 
West Virginia  59.3 738 11 81.2 9474 11.3 80.9 9457 
Wisconsin 40.8 2808 9.4 79.8 24207 9.7 79.5 24158 
Wyoming  35.7 274 13.2 74.8 1987 13.3 74.7 1985 

 

 

 

 

 



Texas Tech University, Roxana Jahanbakhsh Javid, December 2016 

 87 

Table B-6. National Reduction in Air Pollutants as Result of the Alternative Scenario by 

State (metric tons) 
State VOC CO NOX PM10 PM2.5 
Alabama  28.3 257 19 0.1 0.114 
Alaska  4.4 40.2 3 0 0.018 
Arizona  73.8 671 49.5 0.3 0.299 
Arkansas  7.8 70.8 5.2 0 0.032 
California  1036 9414 695 4.4 4.191 
Colorado  35.9 326 24.1 0.2 0.145 
Connecticut  84.5 767 56.6 0.4 0.342 
Delaware  15.7 143 10.6 0.1 0.064 
District of Columbia  19.1 174 12.8 0.1 0.077 
Florida  330 2998 221 1.4 1.335 
Georgia  115 1041 76.8 0.5 0.464 
Hawaii  36.5 331 24.5 0.2 0.148 
Idaho  4 35.9 2.7 0 0.016 
Illinois 166 1503 111 0.7 0.669 
Indiana 44.5 404 29.8 0.2 0.18 
Iowa 5.9 53.8 4 0 0.024 
Kansas  5.2 47.3 3.5 0 0.021 
Kentucky  26.4 239 17.7 0.1 0.107 
Louisiana  34 309 22.8 0.1 0.138 
Maine  9.1 82.6 6.1 0 0.037 
Maryland 210 1907 141 0.9 0.849 
Massachusetts 171 1554 115 0.7 0.692 
Michigan  89.7 815 60.1 0.4 0.363 
Minnesota 28.2 256 18.9 0.1 0.114 
Mississippi  15.6 142 10.5 0.1 0.063 
Missouri  31.2 283 20.9 0.1 0.126 
Montana  0.9 8.2 0.6 0 0.004 
Nebraska  2.5 22.6 1.7 0 0.01 
Nevada 18.9 171 12.6 0.1 0.076 
New Hampshire 17.4 158 11.7 0.1 0.071 
New Jersey 348 3158 233 1.5 1.406 
New Mexico 4.4 39.6 2.9 0 0.018 
New York 516 4685 346 2.2 2.086 
North Carolina  91.4 830 61.3 0.4 0.37 
North Dakota 0.3 2.4 0.2 0 0.001 
Ohio 111 1013 74.7 0.5 0.451 
Oklahoma  10.8 98.3 7.3 0 0.044 
Oregon 25.3 229 16.9 0.1 0.102 
Pennsylvania 136 1235 91.2 0.6 0.55 
Rhode Island  20.2 183 13.5 0.1 0.082 
South Carolina  30.7 279 20.6 0.1 0.124 
South Dakota  0.5 4.5 0.3 0 0.002 
Tennessee  51.2 465 34.3 0.2 0.207 
Texas  236 2144 158 1 0.955 
Utah  13.7 124 9.2 0.1 0.055 
Vermont  3.6 33.1 2.4 0 0.015 
Virginia  140 1267 93.5 0.6 0.564 
Washington  60.4 549 40.5 0.3 0.244 
West Virginia  11.2 102 7.5 0 0.045 
Wisconsin 31.4 285 21.1 0.1 0.127 
Wyoming  0.9 8.4 0.6 0 0.004 
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Table B-7. California BAU and Alternative Scenario by County 
   BAU scenario  Alternative scenario 

County 
Commute 
distance round 
way (km) 

Total 
workers 
(103) 

Carpool 
(%) 

Solo 
drive (%) 

Annual 
km (106) 

Carpool 
(%) 

Solo drive 
(%) 

Annual 
km (106) 

Alameda 50.6 694 10.5 65.5 6217 11.8 64.2 6162 
Alpine N/A 0.5 13.5 61.8 N/A 13.5 61.8 N/A 
Amador N/A 12.1 7.2 80.6 N/A 7.3 80.5 N/A 
Butte 40.3 84.3 11.1 74.4 680 11.3 74.2 679 
Calaveras 108 17.2 10.1 78.8 388 10.2 78.6 388 
Colusa N/A 8.5 17.4 75.1 N/A 17.5 75.1 N/A 
Contra Costa 59 474 12 69.9 5304 13.2 68.8 5265 
Del Norte 47.2 9.1 9.7 76.7 87.2 9.8 76.6 87.2 
El Dorado 64.8 79.8 10.5 76.5 1056 10.9 76.1 1054 
Fresno 67.9 346 12.2 76.7 4871 12.5 76.4 4862 
Glenn 125 10.6 12 73.8 265 12.1 73.8 264 
Humboldt 49.5 57.9 10.8 72 554 10.9 71.9 554 
Imperial 19.8 56.7 11.7 78 235 11.8 77.9 235 
Inyo 65.6 8.7 10.9 71.9 111 11 71.8 111 
Kern 52.8 308 16.3 75.7 3404 16.5 75.5 3399 
Kings 150 55.3 15.4 75.8 1735 15.6 75.6 1732 
Lake 58.5 22.9 10.7 75 269 10.8 74.9 269 
Lassen N/A 10.2 11.8 76.1 N/A 11.8 76.1 N/A 
Los Angeles 55.8 4384 10.9 72.2 47469 12.5 70.6 46987 
Madera 32.9 42.7 13.4 75.9 290 13.5 75.7 290 
Marin 62.5 122 9.1 66.7 1362 9.9 65.9 1356 
Mariposa 53.1 7.1 10.1 65 66.3 10.2 65 66.3 
Mendocino 55.4 36.7 12.2 71.8 396 12.3 71.7 396 
Merced 38 91.8 12.3 77 726 12.4 76.9 725 
Modoc 76.7 3.5 9.7 65.9 47.3 9.7 65.9 47.3 
Mono N/A 7.8 14.7 57.8 N/A 14.7 57.7 N/A 
Monterey 45 177 13.5 70.6 1542 13.9 70.2 1538 
Napa 70 64.3 11.9 76 922 12.3 75.5 919 
Nevada 52 41.8 8.5 76.3 437 8.7 76.1 436 
Orange 63.8 1422 10.4 77.8 18805 11.8 76.4 18640 
Placer 89.3 155 9.1 78.2 2860 9.6 77.8 2852 
Plumas 9.1 7.5 14.9 72.4 13.7 14.9 72.4 13.7 
Riverside 78.9 848 13.4 76.9 13987 14.3 76 13911 
Sacramento 79.5 599 12.5 75.1 9687 13.3 74.3 9638 
San Benito 128 24 15.9 74.9 637 16.1 74.7 636 
San Bernardino 46.9 795 15.5 75.5 7767 16 75 7740 
San Diego 57.6 1431 10.2 75.9 16695 11.1 74.9 16599 
San Francisco 44.2 440 8 37.3 2009 11.6 33.7 1921 
San Joaquin 71.1 260 14.5 76.3 3869 15.1 75.7 3855 
San Luis Obispo 140 121 10.6 74 3336 10.9 73.7 3330 
San Mateo 51.2 359 11 70.6 3495 12.2 69.5 3469 
Santa Barbara 30.7 192 15.3 65.6 1078 15.7 65.2 1075 
Santa Clara 54.1 837 10.3 76.6 9250 11.5 75.4 9182 
Santa Cruz 49.2 125 10.2 71.3 1171 11.1 70.5 1165 
Shasta 44.7 66.8 8.9 80 631 9 79.9 630 
Sierra N/A 1.2 8.8 69.6 N/A 8.8 69.6 N/A 
Siskiyou 63.3 16 11.8 71.5 196 11.8 71.5 196 
Solano 72.9 184 14.2 75.2 2763 14.9 74.4 2751 
Sonoma 59.2 226 10.5 75.4 2698 11.1 74.9 2688 
Stanislaus 41.8 198 11.3 79.6 1762 11.8 79.1 1757 
Sutter 88.2 37 14.3 76.2 681 14.5 76 680 
Tehama N/A 22.3 13.9 74.2 N/A 14 74.1 N/A 
Trinity 56.4 4.6 15.9 64.9 47 15.9 64.9 47 
Tulare 59.6 164 16.4 74.7 2032 16.6 74.5 2029 
Tuolumne 49.4 19.2 10 79.6 201 10.1 79.4 201 
Ventura 82.4 380 12.9 76.5 6491 13.8 75.6 6456 
Yolo N/A 87.8 11.3 68.3 N/A 11.7 67.9 N/A 
Yuba N/A 25.7 13.2 75.9 N/A 13.5 75.7 N/A 
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Table B-8. California Annual Reduction in Air Pollutants as Result of the Alternative 

Scenario by County (metric tons) 
County VOC CO NOX PM10 PM2.5 
Alameda 36 327 24.1 0.151 0.146 
Alpine N/A N/A N/A N/A N/A 
Amador N/A N/A N/A N/A N/A 
Butte 0.6 5.3 0.4 0.003 0.002 
Calaveras 0.3 2.3 0.2 0.001 0.001 
Colusa N/A N/A N/A N/A N/A 
Contra Costa 25.1 228 16.8 0.105 0.101 
Del Norte 0 0.2 0 0 0 
El Dorado 1.7 15 1.1 0.007 0.007 
Fresno 5.4 49.5 3.7 0.023 0.022 
Glenn 0.1 0.5 0 0 0 
Humboldt 0.2 2.1 0.2 0.001 0.001 
Imperial 0.1 0.7 0.1 0 0 
Inyo 0 0.1 0 0 0 
Kern 3.5 31.3 2.3 0.015 0.014 
Kings 1.4 12.4 0.9 0.006 0.006 
Lake 0.1 1.3 0.1 0.001 0.001 
Lassen N/A N/A N/A N/A N/A 
Los Angeles 310 2814 208 1.301 1.253 
Madera 0.2 1.6 0.1 0.001 0.001 
Marin 4.4 40 3 0.019 0.018 
Mariposa 0 0.2 0 0 0 
Mendocino 0.2 1.5 0.1 0.001 0.001 
Merced 0.5 4.9 0.4 0.002 0.002 
Modoc 0 0 0 0 0 
Mono N/A N/A N/A N/A N/A 
Monterey 2.6 23.7 1.8 0.011 0.011 
Napa 1.7 15.5 1.1 0.007 0.007 
Nevada 0.4 3.3 0.2 0.002 0.002 
Orange 106 965 71.2 0.446 0.43 
Placer 5.3 48 3.6 0.022 0.021 
Plumas 0 0 0 0 0 
Riverside 48.5 440 32.5 0.204 0.196 
Sacramento 31.1 283 20.9 0.131 0.126 
San Benito 0.5 4.8 0.4 0.002 0.002 
San Bernardino 17.1 155 11.4 0.072 0.069 
San Diego 61.8 561 41.4 0.26 0.25 
San Francisco 56.5 513 37.8 0.237 0.228 
San Joaquin 8.8 80.1 5.9 0.037 0.036 
San Luis Obispo 3.9 35.6 2.6 0.016 0.016 
San Mateo 16.7 152 11.2 0.07 0.068 
Santa Barbara 2.1 19 1.4 0.009 0.009 
Santa Clara 44 399 29.5 0.185 0.178 
Santa Cruz 4.1 37.3 2.8 0.017 0.017 
Shasta 0.4 3.2 0.2 0.002 0.001 
Sierra N/A N/A N/A N/A N/A 
Siskiyou 0 0.2 0 0 0 
Solano 7.6 69.3 5.1 0.032 0.031 
Sonoma 6.3 56.4 4.2 0.026 0.025 
Stanislaus 3.1 28.4 2.1 0.013 0.013 
Sutter 0.6 5.8 0.4 0.003 0.003 
Tehama N/A N/A N/A N/A N/A 
Trinity 0 0 0 0 0 
Tulare 1.6 14.6 1.1 0.007 0.007 
Tuolumne 0.1 0.8 0.1 0 0 
Ventura 22.2 201 14.9 0.093 0.09 
Yolo N/A N/A N/A N/A N/A 
Yuba N/A N/A N/A N/A N/A 
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Figure B-1. Population Density and Potential Reduction in CO2e for All the States 

(excluding Washington D.C.) 
 

 

 
Figure B-2. Population Density and Potential Reduction in CO2e for California’s 

Counties (excluding San Francisco)  
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Appendix C: Chapter IV Supplements 

Table C-1. Correlation Matrix for 11 Potential Variables 

 Age Gen HHsize NoVeh MEdu Own Inc Gasmil Elecmil Comt Char 

Age 1 0.061 -0.707 0.074 0.096 0.350 -0.043 0.020 -0.174 -0.099 -0.056 

Gen 0.061 1 0.177 -0.098 0.093 0.082 0.181 0.148 -0.200 0.055 0.114 

HHsize -0.707 0.177 1 0.187 -0.045 -0.140 0.024 0.051 0.059 0.140 -0.016 

NoVeh 0.074 -0.098 0.187 1 -0.167 0.367 -0.123 -0.097 0.205 -0.104 -0.348 

MEdu 0.096 0.093 -0.045 -0.167 1 0.005 0.592 0.178 0.114 0.096 0.612 

Own 0.350 0.082 -0.140 0.367 0.005 1 -0.051 -0.136 -0.003 0.029 -0.228 

Inc -0.043 0.181 0.024 -0.123 0.592 -0.051 1 0.266 0.177 0.272 0.734 

Gasmil 0.020 0.148 0.051 -0.097 0.178 -0.136 0.266 1 -0.125 -0.162 0.305 

Elecmil -0.174 -0.200 0.059 0.205 0.114 -0.003 0.177 -0.125 1 0.350 0.148 

Comt -0.099 0.055 0.140 -0.104 0.096 0.029 0.272 -0.162 0.350 1 0.221 

Char -0.056 0.114 -0.016 -0.348 0.612 -0.228 0.734 0.305 0.148 0.221 1 

 

 

Table C-2. Final Correlation Matrix for Final Set of Variables 
 Age Gen NoVeh MEdu Own Gasmil Elecmil Comt Char 

Age 1 0.061 0.074 0.096 0.350 0.020 -0.174 -0.099 -0.056 

Gen 0.061 1 -0.098 0.093 0.082 0.148 -0.200 0.055 0.114 

NoVeh 0.074 -0.098 1 -0.167 0.367 -0.097 0.205 -0.104 -0.348 

MEdu 0.096 0.093 -0.167 1 0.005 0.178 0.114 0.096 0.612 

Own 0.350 0.082 0.367 0.005 1 -0.136 -0.003 0.029 -0.228 

Gasmil 0.020 0.148 -0.097 0.178 -0.136 1 -0.125 -0.162 0.305 

Elecmil -0.174 -0.200 0.205 0.114 -0.003 -0.125 1 0.350 0.148 

Comt -0.099 0.055 -0.104 0.096 0.029 -0.162 0.350 1 0.221 

Char -0.056 0.114 -0.348 0.612 -0.228 0.305 0.148 0.221 1 
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Table C-3. California BAU and Alternative Scenario by County 
  BAU scenario  Alternative scenario 

County 
Annual  
km per 
vehicle 

No. of 
CVs 

No. of 
PHEVs 

No. of 
BEVs 

No. of 
charging 
station 

No. of CVs No. of 
PHEVs 

No. of 
BEVs 

No. of 
charging 
station 

Alameda 21621 973840 255 520 82 973684 306 625 167 
Alpine 62136 1064 0 1 0 1064 0 1 0 
Amador 14736 26509 1 2 0 26508 1 3 2 
Butte 15765 119089 6 7 5 119080 11 11 14 
Calaveras 12210 34304 1 3 0 34303 1 4 2 
Colusa 49412 11392 0 0 0 11388 0 4 3 
Contra Costa 15542 696867 169 243 74 696814 191 274 118 
Del Norte 18452 13625 1 0 0 13625 1 0 1 
El Dorado 16023 121926 24 44 6 121901 32 61 15 
Fresno 20649 444701 13 54 7 444532 47 189 50 
Glenn 31149 14956 0 0 0 14953 0 3 3 
Humboldt 17176 74783 7 5 7 74773 14 8 14 
Imperial 21358 97560 1 0 0 97554 5 2 10 
Inyo 38833 13045 1 0 0 13043 3 0 3 
Kern 22550 388721 23 33 5 388683 38 56 49 
Kings 24880 60523 0 1 0 60523 0 1 7 
Lake 15577 43527 7 4 0 43523 10 5 3 
Lassen 33886 15092 0 1 0 15090 0 3 3 
Los Angeles 18038 5902219 1190 1438 434 5901662 1442 1743 863 
Madera 22982 69092 3 5 1 69089 4 7 9 
Marin 19984 186681 44 133 33 186664 48 146 48 
Mariposa 17763 13171 1 0 1 13169 2 1 2 
Mendocino 21173 55137 5 6 4 55135 6 7 10 
Merced 24608 119907 9 8 2 119903 12 9 16 
Modoc 33639 4859 0 0 0 4856 0 3 1 
Mono 40002 8416 0 0 0 8413 0 3 2 
Monterey 19277 234792 19 24 34 234782 23 30 54 
Napa 15903 87828 15 25 18 87818 18 32 24 
Nevada 18769 67710 2 10 2 67702 3 17 8 
Orange 18054 1981662 531 598 135 1981368 670 753 281 
Placer 17468 249664 47 80 17 249597 72 122 36 
Plumas 20739 14473 0 0 0 14470 0 3 2 
Riverside 21217 1183877 164 137 62 1183765 225 188 173 
Sacramento 19074 814138 123 198 79 814003 175 281 145 
San Benito 17685 32636 6 3 4 32632 9 4 7 
San Bernardino 24356 1096219 106 87 41 1096130 154 128 159 
San Diego 18311 1970647 346 642 192 1970445 416 774 343 
San Francisco 11508 403031 58 157 119 403015 62 169 137 
San Joaquin 21270 362005 21 39 9 361981 29 55 44 
San Luis Obispo 19419 169491 29 51 13 169429 52 90 28 
San Mateo 17545 560094 117 340 78 560022 135 394 117 
Santa Barbara 16869 248307 40 57 29 248273 54 77 48 
Santa Clara 17038 1235679 513 1031 175 1235482 578 1163 258 
Santa Cruz 14496 163534 49 104 21 163518 54 115 31 
Shasta 19219 103486 8 9 3 103483 10 10 13 
Sierra 40881 2458 0 1 0 2457 0 2 1 
Siskiyou 30227 29088 1 3 0 29084 3 5 5 
Solano 21284 271319 37 31 32 271248 76 63 57 
Sonoma 15089 311613 98 134 50 311581 112 152 71 
Stanislaus 17408 265323 11 13 3 265314 15 18 25 
Sutter 18566 50119 3 1 0 50117 4 2 5 
Tehama 28868 31022 2 1 0 31021 2 2 5 
Trinity 18910 8524 0 0 0 8521 0 3 1 
Tulare 19489 199147 4 7 6 199141 7 10 25 
Tuolumne 16069 37047 1 0 0 37045 2 1 3 
Ventura 16219 540783 119 141 46 540683 164 196 83 
Yolo 23973 105506 29 42 22 105493 34 50 33 
Yuba 20447 35470 3 2 0 35468 4 3 4 

 


