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Introduction 
The objective of this paper is to find those types of socio-demographic, economic, and infrastructural 
factors that are most effective in increasing (Plug-in Electric Vehicle) PEV adoption rates in California 
counties, and to quantify the life-cycle emission reductions and cost savings that could be achieved by 
expanding PEV charging infrastructure in each county. We first develop a set of regression models to 
explore the effect of the charging station infrastructure and other potential cost-related and socio-
economic factors on PEV adoption rates in California. Next, we estimate the life-cycle emissions that 
could be achieved from a charging station expansion scenario that would incentivize PEV adoption. 
 
Multiple regression models 
To quantify the influence of infrastructure, cost-related and socio-demographic variables on PEV 
adoption rates in California, we run a multiple regression model using county-level data. We selected 
regression analysis as it provides a simple outline to investigate the relationship among a set of variables. 
In general, the model can be expressed as equation (1) where n is the sample size, y is the dependent 
variable, X is the explanatory variable, β is the unknown regression coefficients, and 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, which calculate coefficients values to minimize sum of squared 
residuals as indicated in equation (3) (Javid, 2017).  
To test for multi-collinearity, we employ correlation coefficient matrix and variance inflation factor (VIF) 
tests (Salari & Javid, 2017). VIFs are a calculated using equation (4), where Rj is xj’s multiple correlation 
coefficient. 

𝑉𝐼𝐹! =
!

!!!!
!        (4) 

In case xj does not have any correlation with the remaining independent variables, then Rj equals zero and 
VIFj equals to 1. A VIF value less than 10 shows there is no potential multi-colinearity problem (Javid & 
Jahanbakhsh Javid, 2017).  
 
Twelve variables were used to develop a multiple regression model to assess the PEV adoption rate in 
each county. The PEV adoption rate is our dependent variable (y, as described in equation (1)), and the 
rest of the variables listed in Table 1 are the explanatory (independent) variables. 
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Table 1. PEV adoption model and variables’ VIFs. 

Variables Proposed Model  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 0.033 (0.106) 1.213 

Elecmil 0.167 (0.114) 1.392 

Comt 0.090 (0.110) 1.295 

Char 0.545*** (0.141) 2.129 

 Constant 0.000 (0.095)  
Observations 58  
R2 0.555  
Adjusted R2 0.471  
Residual Std. Error 0.73 (df = 48)  
F Statistic 6.65*** (df = 9; 48)  
  

 
According to the proposed model, if other variables are held constant, in a given county, for every added 
charging station per 10,000 capita, the PEV adoption rate increases by 1.35%. 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 Emission Analysis 
To explore the environmental and economic impacts of PEVs, we develop a (Life Cycle Analysis) LCA 
using the Alternative Fuel Life-Cycle Environmental and Economic Transportation tool (AFLEET, 2016). 
Specifically, we calculate the environmental and economic impacts that would be resulted from a base 
case (BC) scenario and an infrastructure expansion (IE) scenario. The BC scenario describes the variables 
as they were observed in 2012, while in the IE scenario, for each one million daily miles travelled in each 
county, 2 charging stations would be added, in order to expand the infrastructure in proportion to how 
much people drive in each county. 
The IE scenario reduces emissions and petroleum use, associated with the combined effects of number of 
PEVs, trip distance, and number of public charging stations in each county. Fig. 1 shows the percentage 
reduction in life-cycle GHG and air pollutant emissions as well as petroleum use for IE scenario 
compared to BC scenario.  
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Fig. 1. Percentage reduction in life-cycle GHG and air pollutant emissions as well as petroleum use for IE scenario 
compared to BC scenario. 

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 to PEVs including Shasta, Alpine, Del 
Norte, and King counties have reductions averaging around zero percent, implying the incompatibility of 
this strategy in these counties. 
Next, we performed a benefit-cost analysis is to incorporate direct and indirect impacts of PEV 
penetration. The results of this analysis show that for the majority of the counties the benefit-cost ratio is 
greater than 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, the benefit-cost ratio is less than one, indicating the benefit of this 
policy does not compensate the costs due to combined effect of number of vehicles, driving distance, 
energy and charging infrastructure costs.  
For future research we plan to integrate the impact of different level of charging including fast charging 
equipment, which will result in different level of costs and benefits. Moreover, providing fast home 
charging stations could be motivational and definitely and interesting topic to explore. As the related data 
becomes available, we hope to include that factor in future analyses. Also, considering different growth 
function for the IE scenario would be an interesting idea to examine lower or higher estimates and help 
experts analyze the impacts associated with the uncertain future market.  
The proposed model could be used by policy makers and transportation planners to identify the level of 
benefits that can be achieved from expanding public charging station infrastructure in each county and 
prioritize their infrastructural investments.  
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