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I. INTRODUCTION 

 

Currently, there are over 250 million registered vehicles [1] in the US, the majority of 

which are powered by fossil fuels. Vehicles powered by fossil fuel not only deplete 

nonrenewable resources but also have an adverse impact on the environment. As the price 

of oil goes up, alternative fuels begin to look more attractive to consumers. Many options 

have been proposed, ranging from fuel cells to compress air. In the past decade auto 

manufactures have introduced hybrid vehicles. These vehicles are propelled by an electric 

engine to travel 30 to 50 miles whereas the co-existing conventional gasoline engine in the 

vehicles covers a much greater distance. This type of vehicles has been well received by 

consumers with over 2 million vehicles being sold by the end of 2010 (as exemplified in 

Figure 1.1) 

 

 

 
FIGURE 1.1 Examples of Hybrid Cars 

 

Recent years have witnessed a rising amount of interest in vehicles powered exclusively by 

electricity. This option relies upon a power source readily available in every American 

family. This option not only provides economic advantages from the reduced cost per mile 

traveled but also environmental benefits especially for major urban cities from using clean 

energy. This option has gained an increasing amount of support from the government as 

well. 

 

Compared with hybrid electric vehicles (HEV) or plug-in hybrid electric vehicles (PHEV), 

a plug-in electric vehicle (PEV), also known as battery electric vehicles (BEV), is 

equipped with higher capacity batteries and has longer drive ranges before battery 

depletion (Figure 1.2). However, both PHEVs and PEVs rely on charging stations to 

charge the batteries at or outside homes. 
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FIGURE 1.2 Examples of PHEVs and PEVs 

 

The electric vehicle charging stations are commonly referred to as electric vehicle supply 

equipment (EVSE) by manufactures. EVSE comes in various configurations and levels of 

power delivery based upon manufacture’s specifications. Specifically, EVSE is classified 

as one of three levels as shown in Table 1.1, where the current and voltage levels are 

subject to change according to manufactures specifications and the charging times vary due 

to the capacity of the battery. 

  

 

Table 1.1 EVSE Equipment Types 

Level I II DC 

Voltage 120 v 240 v 440 v 

Current 16 amps 30 amp 125 amps 

Charging Times 8-12 hours 4-6 hours 15-30 min 

Power Equivalent Hair Dryer Clothing Dryer Electric Welder 

 

 

Among the three levels of charging, Level I charging is ideal for home due to the charging 

time. An advantage this level offers is that many models plug into standard household 

outlets. Level II can be either used for commercial/business use or home use. Wiring 

capable of handling the larger electrical load may need to be installed if it is not installed 

already. The reduced charging time would ideal for locations that consumers would be 

spending a considerable amount of time but not as much as they would at home. Examples 

of these locations would be work place or a parking deck.   

 

Consumers tend to lead busy lives and don’t want to be stuck at one location for extended 

periods of time. This has led to the development of DC charging station. The greatest 

advantage of this level of charging over the other two levels is the drastically reduced 

charging time. This would be ideal for shopping locations and rest areas where consumers 

would be spending limited amounts of time and connectivity between cities is required. 

Examples of the EVSE are shown in Figure 1.3. 
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FIGURE 1.3 Models of EVSE Equipment 

 

There are many issues associated with the development of the electric vehicle technologies. 

Major problems concerning PEVs are related to the vehicle’s drive range per charge and 

the convenience of charging (placement of charging stations). Consumers at large and 

many people in industry as well as the government entities have raised the question of how 

well these vehicles will really fit consumer needs.  

 

The successful deployment of PEVs will rely on the development of effective supporting 

infrastructure. The needed scope of the supporting infrastructure, in turn, is dependent on 

the level of consumer acceptance in the mass market. This interconnection is not only 

critical to estimating the level of required charging infrastructure but also the reliability of 

projected economic and environmental benefits. The University of Akron has recently 

conducted a study that looks into the relationship between PEV demand and the charging 

infrastructure.  

 

The UA team’s study includes two parts, PEV demand estimation and charging station 

location selection. This study uses the greater Akron-Cleveland area as a test bed because 

of its geographic and demographic features in support of the PEV market. Specifically, this 

area has a relatively higher population density than other parts of Ohio because it includes 

many medium-sized cities. In addition, those cities are closely located from each other and 

the average commuting distance in the area is 40 to 50 miles, as can be seen in Figures 1.4 

and 1.5.  
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Figure 1.4  The Greater Akron-Cleveland Area 

 

 
 

Figure 1.5  Intercity Travel Time in the Greater Akron-Cleveland Area 
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The objectives of the UA study are as follows. 

 

Objective one:  To study PEV demand by examining consumer behavior and 

purchasing habits. A diffusion model has been proposed to address 

the interconnections between consumer choice and market 

conditions (value fulfillment for consumers) using data from similar 

products with mature sales history.  Through parameter estimation 

using available data, we calibrated a new product sales growth 

projection model, and used this model to simulate the effects of 

different market conditions and the consumer response along with 

mass market acceptance of the PEVs. The output of this work is a 

projected growth rate of the PEV market.  

 

Objective two:  To estimate the distribution of the PEV demand in the greater 

Akron-Cleveland area using local sales data and the projected PEV 

growth rate. A regression model has been used to help estimate the 

PEV demand from Census tract based socioeconomic and 

demographic data. The outcome of this work is a model which 

estimates PEVs to be owned in each Census tract in a projection 

year.  

    

Objective three:  To identify locations for building the charging infrastructure to meet 

the charging demand. We have looked at both Level II and DC 

charging options by investigating potential sites. Recent market 

surveys showed that owners of a PEV would like to and can install a 

Level II charger at home because the required electricity does not 

impose a huge load burden on the power grid. On the other hand, 

most people would like to have the convenience of fast charging to 

shorten the charging time and increase the coverage area in support 

of more daily activities.  

 

However, because of the power requirement of fast charging on the 

electric grid, the locations of fast charging stations need to be 

selected where the power grid can afford the added electricity load 

imposed by the PEVs. Therefore, in our study, we have focused on 

DC charging and, by considering various influencing factors to 

people’s decision to select where to charge their vehicles, we 

endeavor to develop a methodology which can be followed by other 

parts of the region to identify proper locations for the fast chargers.  
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II. PEV MARKET ACCEPTANCE AND GROWTH ESTIMATION  

 

Among different methods for market projection, we used the diffusion modeling approach 

to study the PEV market acceptance and growth due to reported reliability of the method to 

predict a variety of consumer products. In addition, this approach is selected because it is 

adaptable to a variety of product diffusion rates and market sizes. Further, the diffusion 

model requires relatively less information than more complex data intensive models. 

 

Our proposed model divides the consumer market into innovators (early adopters) and 

imitators (followers). The defining theory is built on the premise that once innovator 

market starts to become saturated the imitator market will begin adopting the technology 

and drive the majority of sales when sales reach their peak. The timing of peak adoption is 

determined by the rate of adoption.  

  

The rate of adoption is determined through the coefficients of innovation (α) and imitation 

(β).  The coefficient of innovation determines the number of initial consumers and is based 

on a number of different factors. The coefficient of imitation determines the rate of mass 

market adoption and ultimate market saturation percentage. This is expressed in Equation 

2.1. 

 

A'(t) = ατ + (β-α)A(t) - (β⁄τ) [A(t)]^2                    (2.1) 

 

Where  A’ = number of vehicles sold 

 A(t) = cumulative number of vehicle sold 

 τ = market potential 

 

The first term of the equation (  ) explains the initial adoption of a new technology by the 

innovator group. Since this group is a much smaller portion of the market, the early sales 

years of the new product will not be as robust as in the successive years. The consumers 

who adopt the new product in the early are not as easily influenced by social pressure to 

adopt the new product because of limited or no sales. This has been shown in many 

technologies that gained mass market acceptance such as color television, air conditioners, 

and microwaves [2].  

 

The second term ((   ) ( )) explains the rate that the imitation group adopts the new 

technology. As the number of adoptions increases, the rate of adoption increases. This rate 

is determined by   and the cumulative number of previous adopters ( ( )).  This is due to 

increasing social pressure for consumers who have not yet adopted the technology to adopt 

the technology. The timing of the peak adoption is expressed in equations 2.2. 

  

  
 

   
    (

 

 
)                (2.2) 
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As the market approaches the full potential ( ) , A’(t) begins to decline as the number of 

previous adopters A(t) increases till the market reaches equilibrium which is shown in the 

third term of the equation ((  ⁄ )[ ( )] ). After this point any sales of the product are 

from repeat customers or just the natural growth of the market with time.  

 

2.1 Parameter Estimation 

It is necessary to examine the effects of different factors on the overall market growth. 

Before the analysis can be undertaken, coefficients   and   will need to be estimated. This 

is accomplished though the implementation of the consumer value matrix by means of 

computing a composite index for each coefficient.  

 

The matrix formulation is shown in Equation 2.3 (or 2.4), which features three terms: Vi, 

Xij, and αj (or βj). Vi presents differently weighted values (Vi) such as price, function or 

safety that influence a consumer’s decision to purchase a product. These weights can 

change based upon the importance a consumer places on a value i. These values can be 

determined through consumer survey towards the product j. Xij reflects market reality and 

it determines how well product j fulfills value i and can be estimated by using the existing 

market data. Several similar products are generally chosen for the estimation of α’ and β’. 

This is done in order to isolate the effects of anomalies in the coefficients.  These 

coefficients (α’ and β’) will be representative of the baseline market conditions that market 

acceptance scenarios will be simulated through. 

 

 

  '=[     ] [
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It should be noted that Xij used in Equations 2.3 and 2.4 can differ because it applies to 

different groups of consumers (innovators vs. imitators) whose purchase decision may be 

influenced by different factors.  

 

To study the future market for PEVs we propose to examine new models of PEVs using 

the same methodology by which the previous products were examined. We adopted    and 

   estimated from Equations 2.3 and 2.4 and used them to represent the market response to 

new technology based on historical data. In addition, the effects of changes in the market 

factors (Xjk) can be shown by applying Equations 2.3 and 2.4, where Equation 2.3 shows 

the effects of changes in consumer value fulfillment in the early stages of product sales by 

modifying    and Equation 2.4 shows similar effects in the later stages of product sales by 
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modifying   . Then, sale projections for the new product can be made by substituting 

                                 s 2.5 and 2.6 respectively 

 

 

         [                             ]           (2.5) 

 

         [                             ]           (2.6) 

 

           (Xjk refers to market data for PEV)  

 

 

In order to implement the proposed model for the PEV/PHEV market growth study, we 

selected hybrid cars in the test because they are considered to have the greatest similarity 

to PEV and maturity in the consumer market. Electric vehicles were not chosen because 

lack of available data and limited attempts for mass market integration. We believe making 

such selections is acceptable since our focus is methodology study. 

 

We obtained sales data from the Department of Energy[3], which include many domestic 

and foreign models. We further used Toyota Prius, Honda Civic Hybrid and Ford Escape 

Hybrid for this study based upon market maturity and availability of data from 2000 to 

2010. These vehicles were chosen based upon the similarity in configuration to models of 

PHEVs and PEVs currently entering the market. 

 

2.2 Model Implementation 

The implementation begins by analyzing the sales data to estimate α, β and τ. This 

mathematical process is long and complex so it is not described here. The results obtained 

together with the coefficient of determination are shown in Table 2.1.  

 

 

TABLE 2.1 Diffusion Model Coefficients for Hybrid Cars 

 

 

 

 

 

 

 

Next, consumer values were examined for consumers likely and not likely to purchase an 

electric vehicle at present time. The consumers likely to purchase an electric vehicle in the 

near future will be representative of the innovation group and the consumer not likely to 

purchase an electric vehicle in the near future will be representative of imitation group due 

to their reluctance to purchase an electric vehicle till the technology is better established. 

We studied the factors that affect a consumer’s choice to purchase a vehicle in a consumer 

study report[4], where consumers are separated into the two groups in the survey based on 

Model Τ (Vehicles) α β 

Toyota Prius 2875826 0.001645368 1.455182 

Civic Hybrid 3685991 0.003437559 0.631287 

Ford Escape 368377 0.03673027 0.432231 
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their preference of purchasing an electric vehicle. The reason for this division of 

consumers was due to reported observations by other researchers about consumer values.   

 

We summarized the findings from the top 5 consumer values that are shared by and 

differentiate the two consumer groups in Table 2.2. It can be seen that even the first three 

values are similar; the last two are what separates the two groups. This distinction for 

values in the two groups is critical. The innovation group is focused more on the latest 

improvements in technology for addressing the concerns such as operation reliability or 

reducing their carbon footprint, whereas the imitation group cares more about the long 

term effects of their purchase such as safety and future tax rebates. Then, the values were 

normalized (to percentages) based upon the frequency of response and adapted as Vi in 

Table 2.2.  

 

TABLE 2.2 Consumer Purchase Values 

 V1 V2 V3 V4 V5 

Innovation Vehicle 

Price 

(66.8%) 

 Gas 

Saving 

(51.6%) 

Price of Gas 

(36.7%) 

Amount of 

emissions 

produced (36.7%) 

Operation 

Reliability 

(34%) 

Imitation Vehicle 

Price 

(63.3%) 

Gas Saving 

(49.6%) 

 

Price of Gas 

(29.1%) 

Availability of 

Future Tax 

benefits (25.4%) 

Vehicle 

crash record 

(23.6%) 

 

Our study uses these values in the table in the model implementation. The basis for this 

decision was due to the similarities that major auto manufactures advertise in order to 

entice consumers to purchase their product. In addition, information in order to measure 

these factors are easily available to consumers and can be updated based on the market 

development.  

  

In order to demonstrate the effectiveness and feasibility of the model we proposed 3 

different scenarios of market conditions.  In each test scenario, we used Equations 2.5 and 

2.6 to calculate  ’’ and  ’’, where Xik are determined from the market data for PEV shown 

in Table 2.3. Note that we used “able to charge at home” to replace “operation reliability” 

in because they address very similar issues from the consumer’s prospective. Further, we 

gave a good rating for safety but the model can easily adopt any PEV market data in the 

future. Then,  ’’ and  ’’ were put into the diffusion model in place of   and   and sales 

were forecasted for 10 years after product introduction. 

 

 The sales are expressed as percentage of ultimate market potential. Even though this 

model is designed for individual products, general trends of the market acceptance factors 

will become evident regardless of the specific brand name or the advertising efforts from 

manufactures. The first test scenario approximates the current situation of the market. This 

scenario represents the current efforts to make this technology available for widespread use. 

The second scenario represents an ideal market and surrounding conditions. What defines 

an “ideal” market depends on several factors that influence a consumer to purchase a 

vehicle. The first factor would be price. This could influence by the manufactures lowering 
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the cost of the vehicle through improved production techniques or government subsidies 

offered to manufacturers for the offset of emissions. Another factor is the price of gasoline. 

This factor is harder to control because oil is a commodity that is subject to fluctuation 

based upon demand. The only way it could positively influence sales would be if gasoline 

prices were near their historical high. This also affects gas savings as well. This one offers 

more ability for control because gas savings can be amplified through investments in 

technology advancement and battery management. 

 

The last case is representative of negative market. These market factors are opposite of 

those in the ideal case. There are a variety causes that would lead to this market scenario. 

The first would be a dramatic increase of the price of the vehicle. This could be caused by 

the discontinuation of the current tax credit, increasing cost of battery supplies and other 

cost components. Another cause could be small gains in gas saving. This would be the 

result of poor vehicle performance or improvements in conventional ICE vehicles. 

 

TABLE 2.3  Proposed Market Test Scenarios 

Scenario 

Price of 

vehicle 

Price of 

Gas 

Able to 

charge 

at home 

Emission 

score 

Tax 

Rebate 

Safety 

Rating           

1  $28,500  $3.50/gal Yes 10 yes good 0.02 0.243 

2  $14,250  $4.05/gal yes 10 yes good 0.025 0.313 

3  $57,000  $2.00/gal no 10 no good 0.005 0.047 

 

 

2.3 Growth Rate Estimation 

The sales projections for all three scenarios are shown in Figure 2.1.The growth for all 

three scenarios was languid in the first several years, which is to be expected as the 

majority of consumers wait for the technology to become more proven. In scenario 3 the 

sales for the vehicles failed to reach the exponential growth that successful products 

experience in the consumer market. This is a result of the product failing to fulfill 

consumer values. This is shown in the market increases peaking at 0.75%, and it can be 

due to many reasons. The first is the cost to the consumer which has direct and indirect 

parts. The direct cost is the high price of the vehicle which is exacerbated by the 

unavailability of a tax benefits.  The indirect cost to the consumer can be caused by the 

decline in gasoline savings. The final reason for the poor performance in scenario 3 is the 

inability to charge at home.  

 

In scenarios 1 and 2, vehicle sales began to show fast increases in sales which are an 

indication of mass market acceptance. This is validated by the market increases peaking at 

7.01% for scenario 1 and 9.14% for scenario 2. This can be attributed to the electric 

vehicle adequately fitting consumer demands. In addition to the direct influences, outside 
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influences such as the price of gasoline and the consumers social network provided 

justification for consumers to purchase an electric vehicle. 

 

 
FIGURE 2.1 Market Projections in Three Test Scenarios 

 

 

The proposed model has the potential of remaining effective in the future due to the 

adaptability in its design. The product relation matrix has been employed to estimate the 

coefficients of the diffusion model. This matrix is able to adjust the diffusion model in the 

future when factors that affect the consumer’s choice to purchase an electric vehicle 

change. The results are based upon model calibration using market data from similar but 

established products to PEVs, and the three test scenarios are based on today’s market 

information and projection at the time of the research. When the actual market data 

gradually becomes available in the years to come, the coefficients used in the model can be 

adjusted accordingly in the fine tuning process to reflect the dynamics of the market. In 

addition, the selection of each consumer value and the values themselves can be changed 

to accommodate market evolutions while perpetuating the primary principals of 

technology diffusion.  
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III. GEOGRAPHIC DISTRIBUTION OF PEV OWNERSHIPS 

To help recommend locations for installing the charging stations it is necessary to estimate 

the PEV charging demand and the future PEV ownership distribution is essential to this 

problem. However, due to limited sales data and privacy concerns, such distribution data is 

not readily available. Understanding the difficulty and complexity involved in such a study, 

in this part of the work we try to build an estimation model which links the PEV ownership 

to the socioeconomic and demographic characteristics for different communities. 

The strong correlation between PEV ownership and socioeconomic characteristics is 

discussed in in the previous section of this report. Needless to mention, that the 

affordability is critically important to the ability to own a PEV. However, other factors 

such as preference choices as well as the demographic data of individual households may 

also play a vital role to the decision of buying a PEV.  

 

Further, it is known that travel time from home to work and to shop is a major factor when 

it comes to the decision to use a PEV due to the limited drive range with current battery 

technology. Those families who have more than one vehicle are more likely to buy a PEV 

than those who own only one or do not own any vehicle yet because of the heavy  

dependency on the vehicle; age and education level could be other factors that correlate to 

the decision. Knowing this, we proposed to use the following function to model the 

number of PEVs,  

 

  ∑ (  
 
    )                           (3.1) 

  

Where    N is the predicted number of PEVs 

   represents socioeconomic and demographic variables, as exemplified by the    

following variables - 

    - average household income, and/or  

     - number of households owning multiple vehicles, and/or  

      numbers of households with normal trip time shorter than a certain limit;  

   and/or the average age of the residents, etc.                 

 

ai in Equation 3.1 is the coefficients to be  determined and k is the total number of 

variables included in the equation.  

 

Next, we used the above model to make PEV geographic ownership estimation for the 

greater Akron-Cleveland area. Since very limited PEV data is available today we have 

acquired the POLK (R. L. Polk & Co ) data to construct the model.  The POLK dataset 

covers the entire State of Ohio and it includes all the vehicle sales data. In the study we 

used only the information on Hybrid/Electric Vehicles to approximate the PEV market. 

While this is not the ideal dataset to use in the testing, future improvements can be made 

when more PEV data becomes available.  
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Most data we used in the test is on census tracts basis, all the social characteristic data for 

same study area was obtain from U.S. Census Bureau. The POLK data includes sales data 

for up to the year of 2010. An illustration of the dataset is shown in Figure 3.1. 

 

  
   

Figure 3.1  Sample POLK Data 

 

 

To estimate the PEVs we adopted the regression analysis to find out what socioeconomic 

and demographic characteristics can be used to most effectively correlate with the number 

of registered Hybrid/Electric Vehicles in Ohio. Specifically, we tested the linear form of 

the regression model, in which the number of PEVs, N, was assumed to be a related to the 

following variables: household income, households with multiple vehicles, Wm, where m is 

the number of cars; households with trip time not to exceed a certain limits because of the 

limited driving range of the PEVs. The average age of the residents were also considered, 

together with the average education level. After many trails the final regression equation 

was obtained by stepwise eliminating the (statistically) non-significant variables and 

setting the intercept to 0:  

 

                                                        (3.2) 

 

Where W3 is the number of households owning 3 or more vehicles and HH35 represents the 

number of households for which the normal trip time does not exceed 35 minutes. 

The regression equation captures the relationship between the number of PEVs and the 

characteristics of W3 and HH35 very well (R square = 0.97), and both variables are 

significant (P-value <0.05) as shown in Table 3.1.  Using this equation, we generated a 3-

year PEV distribution for the Summit County as shown in Figure 3.2.  
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 Table 3.1  Regressional Analysis for Equation 3.2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 3.2  PEV Ownership Distribution from Regression Model 
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IV.  LOCATING FAST CHARGING STATIONS  

 

We assume that every household owning a new PEV will soon be able to do Level II 

charging at home and public Level II charging will be mostly in work places due to the 

relatively long charging time needed. Therefore, in this study we have limited our effort on 

DC fast chargers only. In addition, our study is focused on home-based charging demand 

by assuming that DC fast charging is not available at home.  

 

Apparently, the ideal locations for DC fast charging stations in an urban setting are where 

people would visit frequently and stay for a short time long enough to have their PEVs 

recharged. These locations may include shopping centers, restaurants, movie theaters, etc. 

Needless to mention, the rest areas along the Interstate roads are the best locations to 

recharge their vehicles for distance travelers.   

 

Travel time affects people’s trip decision. This is true especially in the case of PEVs 

because of their drive range limitation. We try to estimate the charging demand to be 

covered from each potential location of DC charger in two portions: short travel time based 

demand and long travel time based demand. It is assumed that PEV owners are most likely 

to go for charging their PEVs within short travel time although they are willing to go for 

charging when the travel time is between short and long when it is combined with other 

trip purposes. Most of the drivers would not go when travel time exceeds the long travel 

time limit perceived due to the possibility of battery depletion. The charging demand 

coverage by areas that people can reach one charging station from within certain travel 

time from home is determined using “Service Area Analysis” by ArcGIS. 

 

Mathematically, the PEV charging demand of a travel time (service area) is calculated by 

the proportion of each census tract covered by the service area: 

 

    ∑ (     )
 
                                    (4.1) 

 

Where      is the PEV charging demand coverage reachable by a certain travel time 

                is the area within the given travel time of j location in Census Tract i 

                is the area of Census Tract i 

                is the predicted PEV demand in Census Tract i 

             n is the total number of census tracts covered 

 

 

The proportion of each census track covered by the reachable service area is illustrated in 

Figure 4.1, where two rings show different coverage areas by different travel times 

measured from the location of the charging station. 
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FIGURE 4.1  Coverage of Service Area 

 

 

After obtaining the PEV demand coverage by the short and long travel time rings, the total 

demand coverage of location j is calculated: 

 

        (     )                       (4.2)      

 

Where       is the demand coverage by location j 

                 is demand coverage by short travel time  

                 is demand coverage by long travel time  

                and   are confidents to be determined  

 

Since DC charging requires a much higher level of power (480V, 160A), we have also 

looked into the impact of PEV charging on the power grid. The purpose is to limit the total 

power rate from exceeding the maximum allowed by the power grid. Considering all the 

above, a math model for maximizing the PEV charging demand coverage while under a 

cost constraint is formulated: 

 

Max  ∑   
 
    (       )                               (4.3) 

 

s.t.    ∑         
                                    (4.4) 

                     ∑   
    

                                  (4.5) 

 

Where         m is the number of potential locations to install DC charging stations 

                       is the PEV demand coverage by location j 

                       equals 1 if location j is selected, otherwise, 0 

         nj and nmax are the location and maximum allowed charging connectors   

                       is the cost of building charging station at location j                                                 

                      is the total project budget 
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To implement the DC fast charging station selection model, we chose 5 minutes and 15 

minutes to represent the short vs. long travel time rings. The 5 minutes selection closely 

resembles consumers’ choices today for fueling their vehicles at the gas station. Similarly, 

the 15 minutes travel time will allow anybody to get to a shopping center, restaurant, or a 

movie theater.  

 

Next, we identified the potential locations in the greater Akron-Cleveland area to install the 

DC fast charging stations in Figure 4.2.  Using the ArcGIS software, we then computed the 

demand coverage of 5 and 15 minutes travel time,     and    . Figure 4.3 shows the 

resultant coverage map, where it can be clearly seen that a 15 minutes travel time from the 

possible charging stations locations can cover almost the entire area.   
 

 

 
 

Figure 4.2   Possible DC Fast Charger Locations 
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FIGURE 4.3  Accessibility by Travel Time 

 

The power grid’s substation information is then acquired in support of the charging station 

location selection calculations.  When all the aspects are considered, the estimation model 

(Equations 4.3 to 4.5) can be used to selection locations. As a demonstration of using the 

model, we formulated a case study in which a total amount of $500,000 is available to 

install DC fast charging stations in this area. When a randomly selected unit cost of the DC 

fast chargers in the market today is used in the model, the resultant charging stations 

locations have been identified as shown in Figure 4.4. Realizing the randomness of the 

different pricing and the availability to charge, we conducted additional runs of the model 

to investigate how the results from the model would change accordingly in the next section.   
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Figure 4.4  Selected DC Fast Charging Stations in a Case Study 

 

V. IMPACT OF ASSUMPTIONS 

Because the proposed method works with some model assumptions, we further examined 

the influence of several key assumptions to better understand the performance of the model. 

Specifically, we have looked into how changes in distance preference, charging station’s 

time restriction, power grid constraint and the budget constraint would affect the output the 

model.  

Distance Preference  

People’s decision of going to which charging station to charge their vehicles can be 

affected by many factors. It is reasonable to assume that in general people will go to the 

nearest charging station but some are willing to go a little further if combined with other 

reasons. In this test, we considered three different scenarios to examine the demand 

coverage variations at each location, including 

 

Scenario 1 

95% of charging demand covered when travel time is less than 5 min 

85% of charging demand covered when travel time is between 5 min and 15 min 

 

Scenario 2 

90% of charging demand covered when travel time is less than 5 min 

70% of charging demand covered when travel time is between 5 min and 15 min 

 

Scenario 3 

90% of charging demand covered when travel time is less than 5 min 

60% of charging demand covered when travel time is between 5 min and 15 min 
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The results are shown in Table 5.1, where the total demand at each of the 15 charging 

stations changes in different scenarios. It can be seen that the dropping in the estimated 

demand accompanies the gradual reduction in the assumed demand coverage from 

Scenarios 1 to 3. The losses in the estimated demand at different locations may be gains by 

other nearby stations not included in this test configuration. However, the general demand 

coverage pattern has experienced little change and we think that is primarily determined by 

the transportation network governing the travel time.  

 

 

  

     

 

 

Time Restriction  

In the objective function of our model, we used a value of 1.0 if there is no time restriction 

by the charging station; otherwise, 0.5 is used to reflect the perceived impact on people’s 

choice to select the lesser available stations. In this test, all other variables are kept 

unchanged and three scenarios are used with different combinations of time restrictions at 

each location. Because many possibilities exist over the changes, including the values (0.5 

and 1) and their distributions among the stations, we kept those variations in a simple way 

just to see how the model react in the three scenarios.   

 

The results of the test are shown in Table 5.2. It can be seen that when time restrictions 

apply, the system select different combinations of charging stations to accommodate the 

charging demand. Time restriction discourages people from selecting certain charging 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Scenario 1 404 186 471 771 828 808 745 712 865 812 909 853 599 671 813

Scenario 2 334 155 391 642 690 674 617 591 721 677 758 708 497 557 674

Scenario 3 291 138 343 569 612 600 539 517 638 601 672 621 436 489 589
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Table 5.1  Charging Demand Coverage Due to Distance Preference 
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stations, which will lead to a demand coverage reduction. We noticed that those changes 

are moderate but will not further comment on this case because of the limited testing effort.  
 

Scenario 1 (no restriction) 

Locations 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Time 

restriction 
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 

Scenario 2 (minor restriction - random) 

Locations 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Time 

restriction 
1 0.5 0.5 1 1 0.5 1 1 1 0.5 1 0.5 1 0.5 1 

 

Scenario 3 (heavy restriction - random) 

Locations 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Time 

restriction 
0.5 1 1 0.5 0.5 1 0.5 0.5 0.5 1 0.5 1 0.5 1 0.5 

 

Model Output 

 Locations 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Scenario 

1 

selected by 

system 
N N N Y Y N N N Y Y Y Y N Y Y 

chargers 

needed 
0 0 0 2 2 0 0 0 3 2 5 2 0 2 2 

Scenario 

2 

selected by 

system 
Y N N Y Y N N Y Y N Y N Y N Y 

chargers 

needed 
2 0 0 2 2 0 0 2 3 0 5 0 2 0 2 

Scenario 

3 

selected by 

system 
N N Y Y N Y N N Y Y Y Y N Y N 

chargers 

needed 
0 0 2 2 0 2 0 0 3 2 5 2 0 2 0 

 

 

 

Table 5.2   Impact of Charging Station Time Availability 
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Power Grid Restriction and Budget Constraint  

We designed two scenarios to test how the power grid constraints and budget will affect 

the model output, while keeping other variables such as charging station time restriction 

and unit cost to build the charging station the same. 
 

Scenario 1 

Locations 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

 Allowable  

chargers 
4 3 5 6 4 4 5 3 4 7 5 4 4 3 5 

Total 

allowable by 

power grid 

20 

Cost ($) 
60

k 
80k 70k 55k 65k 60k 80k 70k 55k 65k 60k 80k 70k 55k 65k 

Budget($) 500k 

Demand 

coverage 

(Vehicle) 

40

5 
186 472 771 827 808 745 713 866 813 910 853 599 672 813 

Time 

restriction 
1 0.5 0.5 1 1 0.5 1 1 1 0.5 1 0.5 1 0.5 1 

 

Scenario 1 Output 

Locations 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

selected by 

system 
Y N N Y Y N N Y Y N Y N Y N Y 

chargers 

needed 
2 0 0 2 2 0 0 2 3 0 5 0 2 0 2 

Total 

chargers 
20 

Cost  ($) 
60

k 
0 0 

55

k 
65k 0 0 

70

k 

55

k 
0 

60

k 
0 

70

k 
0 65k 

Total cost ($) 500k 
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Scenario 2 

Locations 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Allowable 

chargers  
2 3 3 4 4 2 3 4 2 3 5 4 3 3 2 

Total 

allowable by 

power grid 

16 

Cost ($) 
60

k 
80k 70k 55k 65k 60k 80k 70k 55k 65k 60k 80k 70k 55k 65k 

Budget($) 400k 

Demand 

coverage 

(Vehicle) 

40

5 
186 472 771 827 808 745 713 866 813 910 853 599 672 813 

Time 

restriction 
1 0.5 0.5 1 1 0.5 1 1 1 0.5 1 0.5 1 0.5 1 

 

Scenario 2 Output 

Locations 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Selected by 

system 
N N N Y Y N Y N Y N Y N N N Y 

chargers 

needed 
0 0 0 2 3 0 2 0 2 0 5 0 0 0 2 

Total 

chargers 
16 

Cost  ($) 0 0 0 
55

k 
65k 0 80K 0 

55

k 
0 

60

k 
0 0 0 65k 

Total cost ($) 380k 

 

 

 

Table 5.3   Impact from Power Grid and Budget Constraints 
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The objective function utilizes the budget and total chargers allowed in the area ensure the 

total demand coverage is maximized under the constraints. The test results in Table 5.3 

show that power grid and budget constraints have the most significant impact on the 

recommended location selection and number of chargers at each selected locations.  

 

SUMMARY  

This study developed the PEV demand estimation model and charging station location 

selection model and tested the two models in the greater Akron-Cleveland area. The 

diffusion modeling approach used to estimate the growth rate of the PEV market is able to 

integrate choices and preferences of the consumers with changes in the market conditions. 

The PEV market growth projection model can be further improved and results fine-tuned 

as more PEV sales data becomes available in the next few years. The projected growth rate 

can be affected by several factors, if the current market conditions shall change drastically 

leading to changes to consumers’ decision whether to buy PEVs. Those factors may 

include gasoline price, cost of ICE vehicle, battery technology, price of PEV and 

incentives offered by the government towards purchasing PEVs. The diffusion model, 

however, is flexible to address the changes in the market conditions and consumers’ 

choices when new data is used in the modeling.  

The location selection model for DC fast charging stations combines GIS applications and 

mathematical modeling to optimize user utility. Similarly, many conditions, such as census 

tract based PEV ownership distributions, average driving distance of PEVs, and substation 

capacity limitation of the power grid, can impact the results of its applications. Our 

analysis showed that, among the different model parameters, the model is most sensitive to 

the power grid and budget constraints and moderately to time restrictions at different 

charging stations from based on limited testing. Additional studies are needed to gain 

further and more in-depth understanding of the interrelationship among the different model 

parameter. However, this study has demonstrated that the modeling process is feasible and 

the methodology is promising. Future work in this area is also needed to look into the cost 

and benefits of the charging stations.  
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