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1 Introduction

As technology advances and the world be-
comes more environmentally conscious, elec-
tric vehicles (EVs) are becoming more
widespread as personal vehicles and as pub-
lic transport. To encourage EV use and to
keep up with the growing number of EVs,
charging stations must be available to in-
crease the range of EVs and therefore their
appeal. Countries who are moving to en-
courage more EVs will need to understand
the impact of charging stations on consumers,
and put careful consideration into the place-
ment of these stations. If a country better
understands how the charging stations affect
drivers, the switch to EVs will be smoother
and quicker, and allow the country to em-
brace the next step in transportation.

1.1 Background

The shift in the paradigm surrounding trans-
portation is one of great interest to re-
searchers. Previous work in the area of EV
charging stations primarily deals with node-
based or flow-based algorithms. Node-based
models determine placement by social fac-
tors, such as where people work or live, or
determine how many chargers there should
be per station. In flow-based algorithms, the
station locations are determined using the
routes drivers take, following research that
most EV drivers refuel on their way to des-
tinations[1]. These two methods also lead
to important distinctions between different
types of EV chargers. EV chargers come in
two types: destination chargers, which take a
long time to charge, and superchargers, which
can charge a vehicle in a half hour. Other
researchers have found that node-based mod-
els work better for destination chargers, while
flow-based are more useful for the super-
chargers[2]. This is supported by the charg-
ing habits of people who already have EVs

and the fueling habits of people in general-
EV owners tend to recharge on the way to
their destination, instead of when they ar-
rive[l], while people in general tend to fuel
at their destinations, especially close to work
or home[3]. While models used vary greatly,
genetic algorithms have not been widely used
to find the best locations. Research has found
that genetic algorithms can be useful in find-
ing locations[4], and genetic algorithms allow
for more theoretical modelling that explores
different dynamics in a very flexible way. In
this paper, we will expand on this work by
using genetic algorithms to approximate best
locations for superchargers.

2 Tesla
States

in the United

2.1 Existing Infrastructure

Tesla charging stations already exist across
much of the United States, in addition to
the other EV charging stations available. A
huge number of cities already have destina-
tion charging, and supercharging stations are
already evenly distributed across many ma-
jor highways. Tesla is also working to create
supercharging stations within urban spaces,
although they do encourage owners to install
home charging for convenience. With the in-
crease in interest and the high sales of Tesla’s
new model 3, it seems like consumers want to
buy EVs. However, the price of these cars
and the lack of charging stations could be
holding back many buyers.

2.2 Distribution of Charging
Stations

The current map of Tesla charging stations
is similar to a population map - the areas
of the country with a high population den-
sity, like the east coast and California, have



Control # 83858

Page 3 of 15

a higher density of charging stations than
the less-populated plains states. There is a
big difference between the slower destination
charging stations and the quick supercharg-
ing stations. Destination charging stations
exist in or near cities, while the superchargers
cover the highways in addition to urban cen-
ters. There are supercharging stations exist-
ing or planned at regular intervals along ma-
jor highways, to allow drivers to make major
treks without having to worry about where
they can charge. The existing system seems
to assume that destination chargers will be
used when drivers reach their destinations,
while the supercharger stations allow them
to fill up on the way. Tesla’ website claims to
be working on building urban infrastructure,
so owners can charge anywhere. However,
they also emphasize that buyers should install
home-charging rather than depending solely
on supercharging. With the current distribu-
tion and the plans they have for future sites,
it seems Tesla is well on the way to creat-
ing a vast and reliable world-wide network of
charging stations. However, when looking at
a closer scale to much of the US, it becomes
clear that even in major cities, there are only
a few places for users to charge their vehicles.
Although a Tesla thrives close to home, where
charging is easily available, once the owner
wants to travel a bit further it becomes in-
convenient. In addition, electric cars are still
very much a luxury car. The vast majority of
the US is unable or unwilling to spend over
$35,000 on a Tesla. However, with the Model
3, Tesla is transitioning to a more accessible
car. The average cost of a 2017 model car
was $33,000, meaning the Tesla is in range for
people looking to buy new cars. Increasingly,
the saved cost of using electricity instead
of gas and government subsidies are making
the cost of EVs less of a concern. Analysis
of EV sales show that government subsidies
can increase the rate of change-over to EVs
from fossil-fuel cars. By creating ” Demand-

focused” subsidies, governments can increase
consumer interest in EVs. Norway, the cur-
rent world leader in EV market share, has
many incentives to encourage consumers, in-
cluding purchase subsidies and other incen-
tives like exemption from toll roads and free
parking. They had a EV market share of
22% in 2015.[5] There is also the option of
"supply-focused” incentives, which encourage
car manufactures to increase availability and
improve research of EVs. With these incen-
tives, it is possible to greatly increase the
adoption rate of electric vehicles, and once
enough of the market share has accepted the
difficulties that come along with early adop-
tion of new technology, the infrastructure re-
quired for wide-spread adoption will follow.
With support from the US government, 100%
EV ownership in the US could occur much
more quickly, but judging from the sales of
Tesla’s electric cars, the country is still on
track for 100% adoption.
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Figure 1: Model of EV adoption with Policy
Support|5]

2.2.1 Methods for Rolling Out Charg-
ing Stations

One roadblock to widespread adoption of EVs
is the requirement for charging stations. Al-
though most EV owners charge their vehicles
at home, making it possible to own an elec-
tric car without access to nearby chargers,
the fact remains that any long journey re-
quires widespread charging infrastructure to
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complete. This infrastructure is not yet in
place, although it is becoming increasingly
common to see stations for charging EVs.
Many consumers could be reluctant to buy
a car that they can’t drive anywhere, par-
ticularly one as pricey as an EV. Therefore,
it seems that infrastructure must be in place
before any sort of wide-spread adoption of
EVs. However, despite the popularity of the
model 3, there are only 100,000 Teslas in the
United States, and around 700 supercharging
stations[6]. Although electric vehicles are a
promising technology, there still isn’t a high
demand for charging stations for the aver-
age consumer. It’s a chicken-and-egg prob-
lem: until there are enough charging stations,
consumers will inevitably shy away from pur-
chasing EVs, particularly since most electric
cars still have a range that leaves much to be
desired. Yet without increased demand for
EVs, the demand for infrastructure is low.
Another way of encouraging consumers to
purchase EVs is to increase the number of
charging stations to ensure that an EV isn’t
limited to its range. We propose following
Tesla’s lead and emphasizing the placement
of superchargers along major highways, while
increasing the number of destination chargers
within urban areas. This would allow owners
to make long trips and stay in other cities,
away from their home chargers. Since desti-
nation chargers are primarily built by owners
of hotels or other places where people would
be staying, this kind of charger should ex-
ist primarily in Urban areas. It is expected
that more drivers will be going to and stay-
ing in high-population areas, so this should
be the priority for destination chargers. Su-
perchargers, on the other hand, are more for
fast charging. Although these would be use-
ful near shopping centers and other areas for
congregation in urban centers, is is prefer-
able to have fast charging along areas where
cars will be going from one place to another,
not in places that drivers are usually staying.

Therefore, these should primarily exist in ru-
ral areas. Finally, we have to consider subur-
ban areas, where there is a denser population
than rural areas, but also more space than ur-
ban ones. These areas are most likely where
the drivers will be living, and therefore close
to the home chargers they have installed. We
argue that these areas don’t need chargers as
much as rural or urban centers - but there is
still a niche for superchargers as an extra con-
venience for people visiting stores in the area.
Overall, the primary goal should be breadth
over depth - it is more important to have reg-
ular spacing along major highways than it is
to have lots of stations in one place.

2.3 Switching to Entirely EV in
the US

Should the entire US make the switch to en-
tirely EVs, more stations will follow. In the
case of every car in the US switching, with
equal numbers of transference, there will be
247 million EVs on the road in 2030. How-
ever, due to dropping need for transporta-
tion and in increase in ride-sharing and self-
driving technologies, it’s been predicted that
there will only be 44 million cars on the road
by 2030[7]. If this is the case, of course less
charging stations will be needed. The Euro-
pean Clean Power for Transport directive rec-
ommends 1 charging station for every 10 EVs
by 2020. If this is the case, with 44 million
cars, there will have to be 4.4 million charging
stations to support them, in a well-organized
network. If each charging station includes 10
spots for charging, there will have to be a net-
work of 440,000 charging stations to support
every EV in the US[8].

2.4 Applying our Model

If we wanted to explore where most of these
stations would reside, we could run a large-
scale model on a graph of US major highways
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and cities to discover where charging stations
could be placed. It would likely look like
the current map of charging stations in the
US, with stations spaced evenly across major
highways and clustered in cities. More spe-
cific placement would have to occur on a place
by place basis.

3 The Model

We used a genetic algorithm to determine the
best positions for each supercharger. This
allowed us to use a flow-based model where
nodes were intersections of major roads. This
was the best way to model this in terms of
time, accuracy, and allowed for the best way
to understand differences in parameters. This
algorithm allowed us to quickly vary param-
eters and explore the impacts of weighting
parameters differently, while still having the
freedom to investigate unexplored elements.

3.1 Thesis

By generating car movement data based on
population information and mapping, we cre-
ated an algorithm to explore the best places
for EV charging stations without costly data
gathering. Our methods for estimating this
information allows researchers to quickly ex-
plore different elements that come along with
different areas. By working solely from map-
ping and population data, our model can
quickly explore different ideas for countries
large and small, with largely rural or largely
urban populations, and anything in between.

3.2 Assumptions

First, we assume that any car going from one
place to another will choose the shortest path
to get there.

Next, we are not including the cost of
building the chargers in our model. We look

at where the optimal placement would be for
different numbers of chargers, but we do not
include price in our solution.

Next, we assume that the traffic to and
from an area is directly proportional to the
population of that area. This is based on the
census data from Ireland, which also included
the number of cars in a location.

We assume that once we have determined
a location, the number of charging stations at
that location can handle any cars that come
through. This simplifies the problem to two
steps, determining where the supercharger
should go, and then determining how many
charging stations should be at that location.
This also serves to split our problem into flow-
based (location) and node-based (number of
stations.)

We also assume that the range of EVs are
350km (220mi) on a single charge, which is
the accepted value for current high-end elec-
tric cars like the Tesla.[6]

3.3 Data

The data used in our model includes cen-
sus data and geographical data of Ireland[9].
This comes from the 2011 census, and in-
cludes the population of towns and counts
of car ownership. In addition, we used cen-
sus data from Singapore to analyze the use
of our model on different scenarios, such as a
country with primarily urban population as
opposed to primarily rural.

3.4 Generating a Graph

First, the graph was generated from a map of
the major roads within Ireland. We converted
OpenStreetMap[10] data into a graph with
roads as edges and intersections as nodes.
This process is straightforward, as Open-
StreetMap’s internal structure is highly sim-
ilar to a directed graph. To account for our
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limited computation power and time, we re-
stricted the roads included in our map to mo-
torways, major highways, and primary roads.
This means the scale of our model is larger,
without getting caught up in the differences
between streets in a city. Given the location
of current Tesla superchargers, including only
these roads should result in our model pro-
ducing a similar distribution to a model with
every road included, because the range of EVs
is on the order of hundreds of kilometers.

3.5 Generating Cars

In order to simulate traffic through a country,
we generated cars to drive along the roads to
see where most people would need to refuel.
Each town node generated cars, which would
then "drive” through the graph by selecting
an end destination and finding the shortest
path there. The towns we used were found
in the Irish census data, which included 824
cities and towns. Of these, we determined
the latitude and longitude of each town and
used this to align them with the closest node
in the graph. This resulted in 725 nodes that
aligned with towns in Ireland that we could
use to run our car model. In addition, a
number of randomly-chosen nodes sent off set
numbers of cars to ensure a more even cov-
erage, and to account for general travel to
and from rural areas. For each of these lo-
cations, we then generated destinations from
the other saved towns, with probability pro-
portional to the population according to the
census data for the town. Randomly cho-
sen nodes had a small but non-zero chance
for choice, meaning they could be chosen as
a destination, but rarely. For each pair of
(source, destination) nodes, the shortest path
was determined and every node along that
path had the following information added to
it: Car count: The number of cars passing
through the town was recorded to determine
the popularity of the destination. Total dis-

tance: The distance travelled by each car to
get to the given node was recorded. The idea
behind this is that areas on longer stretches
of road, or where it takes longer to get from
area to area, would need charging stations
more than areas where most journeys were
shorter than the range of the car. Type of
town: This was a way of classifying places as
rural, suburban, or urban without having to
separately go through each node in the graph.
As the algorithm passes through each node,
the population is examined and a ruling is
made about the type of town.

This information is all saved as part of
the graph. We generated data this way to
closely reflect the actual number of cars go-
ing through each town. Simply looking at the
census data for number of cars in each town
wouldn’t take into account towns that are on
major routes of travel and therefore see a lot
of temporary traffic. These locations could
be key spots for analysis, and therefore, this
method is crucial for determining not only
which spots are the most populous, but also
the spots which are key to many journeys. We
then use this data in the evaluation step of
our genetic algorithm. One good thing about
this system is how simple it is to generalize. It
isn’t geared to Ireland specifically, although
one could imagine that for larger countries
with higher populations, the runtime com-
plexity would increase a great deal. It might
not be easy to generate enough data to be
meaningful for areas with a lot of towns, or,
alternatively, for extremely rural areas with-
out a lot of population. However, this data
allows us to theorize about different popula-
tions. For example, if there are a lot of ran-
dom nodes, the population is more spread out
in its movements, and if different percentages
of the car population is moving around, it can
simulate a population with different percent-
ages of electric cars.
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3.6 Determining Best Loca-

tions for Superchargers

Once we have data on the estimated num-
ber of cars visiting a given node, we use this
model to determine the best placements for
the superchargers. This is where we took
into account parameters such as distance be-
tween nodes, number of cars that would be
serviced there, and what area it was in. A
sample of locations were chosen as potential
supercharging positions. Then, each loca-
tion received a weight based on the param-
eters. Once the locations were scored, we ei-
ther kept them, discarded them, or generated
new nodes from them, using the score to de-
termine how good the placement was. Each
round, a number of random nodes would be
generated to keep the total number of nodes
steady, and to allow for additional variation
that could lead to a better spot for a station.
With the following variables, we can define a
function for the score.

v; =Total Number of Vehicles
Through Node
d; =Total Distance Each Car
Traveled to Get to the Node
m =Max Distance a Car Could Travel
C =The Set of Nodes Classified as City
S =The Set of Nodes Classified as Suburban
R =The Set of Nodes Classified as Rural
n =The Current Node
¢, =The Weight Given to City Nodes
s, =The Weight Given to Suburban Nodes
r, =The Weight Given to Rural Nodes
l,, =Location of Current Node
l,, =Location of Nearest Node
to Current Node

The score function was defined as follows:

d, 1 2"
v e m |(ly — L) T:

This score is driven in first iterations by
how much the driver would want to charge
given by the Uf%m term. In successive itera-
tions, the distance between nodes would be
the largest term, meaning once it has found
good nodes, it will create a lattice of good
nodes to fill the necessary area.

neC
nes
neckR

3.6.1 Distance Between Supercharg-
ers

The distances between superchargers were
weighted based on an ideal distance. The
ideal distance was determined from findings
that drivers using alternative fuels would re-
fuel with more left in their tank than other
drivers[l]. So, ideal distance was given by
how far a driver could go on 3/4 of a charge.
However, with more research into the driv-
ing habits of EV owners, particularly as the
number of charging stations increase, this pa-
rameter could change. It could be that anxi-
ety about finding a place to charge their EV
is what drives EV owners to fuel earlier - if

there are more stations, it could change these
habits.

3.6.2 Number of Cars Serviced

The number of cars serviced was based on
how many cars went through the node and
how ready they were for charging. This was
determined by finding the ratio of the aver-
age distance a car had travelled to the total
range of an EV.

3.6.3 City, Suburban, or Rural

This number gave a weight to try to offset the
population differences between the different
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types of locations and to determine whether
focusing building in certain types of places
would be better than others. This was de-
termined using the population of the town
during the car model generation, for the fol-
lowing values:

Population < 1500 Rural
1500 < Population < 4000 Suburban
Population > 4000 Urban

3.6.4 Generating New Nodes

One key element of any genetic algorithm is
the generation of additional superchargers.
Once the best stations are determined, addi-
tional stations are created to try and improve
the solution. The low-scoring superchargers
are removed, and additional ones are created.
In addition, if the charger was within some
threshold distance of another, the higher per-
forming charger was kept. This allows for
more spread-out superchargers and reduces
redundancy in our solution. Since we were
looking for the best locations for the super-
chargers and not the number of charging sta-
tions at each location, combining nodes like
this helped determine the best locations for
superchargers. If a supercharging station was
far away from other stations, but its score was
high enough to keep, the station would gen-
erate new superchargers around it. This al-
lows us to investigate if the position is the
best place for an area that requires a sta-
tion. This would also mitigate the potential
for superchargers to die out if they were in
an area with no other superchargers around
it, but still served a needed community. Fi-
nally, stations are generated in randomly-
chosen nodes, to give other areas the oppor-
tunity to shine. The generation of these su-
perchargers addresses the particular needs of
the model, while still allowing for random cre-
ation. In this way, we have adapted the tra-
ditional genetic algorithm methods of breed-

ing and mutation to create a system that ad-
dresses goals specific to the problem.

4 Electric Vehicles in Ire-
land

4.1 Optimal Locations

Although our simulations did not converge
to a single solution, the solutions given by
our model could be used to determine the
best supercharger locations for the country.
The reason for these multiple solutions was
how a good solution from our model de-
pended on distance to other superchargers.
Two locations very close together could score
highly, but since they were close, the model
would choose only one of these. So the so-
lutions could vary to get both a spread and
good locations. The graph below shows the
most common places that were chosen by our
model.

Figure 2: Frequently Chosen Locations

Note these points are some that came up
most often, this is not a solution graph.

The solution iterations worked toward a
good solution. Since the fitness value of a su-
percharger depended on the distance to other
superchargers, the model did not converge to
a single best solution. However, this works in
our favor since we can generate many good
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maps and then choose the one that fits which
communities have more electric cars, or where
it would be easiest to build. The first itera-
tion of the algorithm and the last are shown
below.

I Stable Locations
Potential Locations
B Removed Locations

Figure 3: Superchargers after the first itera-
tion

[ Stable Locations
Potential Locations
M Removed Locations

Figure 4: Superchargers after the last itera-
tion

4.2 Rural, Suburban, or Urban

One thing that came up as we ran many sim-
ulations was that cities were not chosen for a

supercharger very often. When supercharger
locations were chosen near Dublin, for exam-
ple, they were often moved to a location far-
ther away from the city on subsequent iter-
ations. This implies that a rural or subur-
ban area would be a better location for su-
perchargers. Many successive runs also gave
a statistically significant proportion of rural
or suburban to city. Most runs only chose
about 0.1% cities and kept the rest as subur-
ban or rural. This fits a social argument as
well; a city is most likely an origin or desti-
nation, a place where a driver would want a
longer charger. Within a city, a node-based
or other flow-based model could be applied
to determine the best locations for chargers
within a city. Changing some of the parame-
ters of our model could find solutions in the
city, an argument laid out below with Singa-
pore. Models such as that laid out by Xi [11]
for maximizing use of chargers could be used
to determine how many and where chargers
should be located within a city.

4.3 Optimal Number

We found that the optimal number of charg-
ers was between 15 and 30. When the model
was run on numbers less than 15, the model
would not come to a conclusion because the
chargers were too spread out. When the
model was run with more than 30, the charg-
ers would get too close and would not come
to a conclusion. Since we were looking for
a good cover, and not an eventual solution
that would want more chargers, we found this
number of superchargers to provide the best
range.

4.4 Timeline to Charging Net-
work

Building a supercharger station takes be-
tween 12 and 20 weeks to build, and a cost

of $100,000 to $175,000 (USD) to build.[12]
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Consequently, it would be unrealistic for a
government to build all 15-30 supercharger
stations at once. Based on the results from
our model, we have identified four tiers of su-
perchargers based on their usefulness values.
Note that these are approximations of loca-
tions.

M Tier 1
B Tier 2
M Tier 3
M Tier 4

Figure 5: Tiers of Supercharger Locations

Ideally, Ireland would build the tier 1 sta-
tions first, followed by the tier 2 stations, and
so on. Given an aggressive push by the gov-
ernment to build out supercharger infrastruc-
ture, all 30 charging stations could be built in
as little as 2 years.

Other research shows that policy, along-
side infrastructure, is very important in mov-
ing forward with EVs. Researchers have
found that with policies such as subsidies,
increased access to home chargers, and in-
creased variety and availability of EVs, the
market share of EVs could increase by up to
49% by 2030 [5].

5 Expanding the Model
to other Countries

Since EV adoption is mostly determined by
availability and less by socioeconomic factors

[13], our model expands well to countries with
different wealth distributions.

5.1 Model in Singapore

As a case study, we used Singapore to explore
how our model could be used at a different
scale. The most significant change was the
ideal distance between nodes. Because Ire-
land was much larger, nodes could be spaced
in relation to the EVs’ range. Singapore,
however, is much smaller and so the range did
not matter as much. The distances were then
found by approximating how many charging
stations were wanted and how how far apart
they should be, based on the area of Singa-
pore.

B Stable Locations
Potential Locations

B Removed Locations

Figure 6: Locations for Superchargers in Sin-
gapore

The model is not able to determine an es-
timate for the best number of superchargers
in Singapore, because it is so small, so it can-
not use the distance a fully charged EV can
go as a metric.

Looking at the order in which the super-
chargers should be built, we notice an inter-
esting pattern. The nodes to be built first
form a good cover of the city while those in
later tiers fit between them.
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Figure 7: Tiers of Supercharger Building

5.2 Model in Other Places

If we were in a country that included mostly
rural areas, such as Australia, our model may
be skewed towards the areas with less people.
In a large country, our model should weight
towards the locations with a higher popula-
tion. The downside is that our model seeks to
create a cover of nodes, which might not be
feasible in a large country, especially in areas
that might not even have vehicle traffic.

A country whose roads did not create a
connected graph would also be challenging for
this model. In this case, we would have to run
the model on each island or be very careful
about how the distance parameters are de-
fined.

6 Sensitivity Analysis

Our model worked in general terms. Each
solution could vary wildly from others, espe-
cially if the parameters were not set well. The
distance between each supercharger affected
the final solutions a good deal. When run on
smaller areas, if the distance is set too high,
the algorithm will not settle on an optimal
solution. When run on larger areas, if the
distance is set too small, the algorithm will
find a good solution in a small area but might
disregard large sections of the country.

Our model runs from generated car tours,
if car tour data was available as it is in some

cities, this map could give more accurate so-
lutions.

Our model also looks only at a subset of
roads. This gives only solutions along ma-
jor roads and could be improved with longer
runtimes.

Since our model created these car paths,
if done on a larger graph, the runtime will
grow in terms of O(E + Nlog(N)), where E
is the number of edges in the graph and N
is the number of vertices. For larger graphs,
the runtimes could be costly, especially when
generating multiple solutions.

7 Alternative Technolo-

gies

While the shift towards EVs from gas-
powered cars seems inevitable, we should also
consider other developing technologies that
could affect how a country builds out its in-
frastructure. For example, the growing ride-
sharing industry could indicate that the con-
cept of car ownership could become a thing of
the past, greatly reducing the number of cars
(and therefore needed charging stations) on
the roads. Paradigm shifts in transportation
like the Hyperloop would significantly change
our analysis as well, as the usage of roads that
our model takes into account would be very
different with these technologies than they
are currently.[14]

8 Conclusion

Electric vehicle charging stations are increas-
ingly important to encourage EV use and
support those who already own EVs. It is
necessary to position the charging stations to
relieve range anxiety and supply EV drivers.

To help find the best charging station lo-
cations, we created a genetic algorithm to it-
erate and find solutions. The basic parame-
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ters we used were the drivers’ want to charge,
the distance from other chargers, and the lo-
cation.

Further work could be done to determine
other parameters to include, such as cost
in building them, distance from the short-
est path, including the drivers’ willingness to

drive up to 9 minutes to recharge[1].

EV use is primarily dependent on access
to charging stations[13] and incentive pro-
grams [8]. Countries that wish to encour-
age electric vehicles should plan infrastruc-
ture and incentives to prompt consumers to
make the switch.
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To the Attendees of the International Energy Summit

When the steam engine was first created, it started the globalization that continues to this
day. When Ford first created the Model T, it increased mobility of the individual to the
astonishing degree that we currently enjoy. Now, we approach an exciting new frontier in
transportation technology.

Electric vehicles are becoming a clear next step in our goals to decrease dependence on fossil
fuels and mitigate climate change. With the support of government subsidies and incen-
tives, the number of electric vehicles will quickly grow until a country no longer depends
on gasoline. One needs only to look at Norway to see how quickly consumers switch to
electric vehicles with the support of government policies. Norway has aggressive policies to
encourage electric vehicle purchasing, and as a result, in 2015 22% of the market share was
dominated by electric vehicles.

To support electric vehicles, careful consideration must also be placed on charging stations.
As demand for charging stations increases, the demand for gasoline decreases. By under-
standing the different kinds of charging stations and the multitude of research going into
placement of these stations, countries can develop infrastructure and remove one of the
largest barriers to widespread adoption. Each country will have to analyze the different
needs for the population to determine the placement, number, and kind of charging stations
they will need. These will depend on population, density, and size.

Another key factor to the adoption of electric vehicles is home charging. For people to switch
to an electric vehicle, they must have a system within their home to charge their vehicles.
These systems are costly to install, and would benefit greatly from policies to incentive their
adoption.

Any county on the forefront of this revolution will be well-prepared for the eventual domina-
tion of electric vehicles on the market. With proper consideration, gasoline cars could cease
to exist within a century of their creation, and we could move forward to a brighter, cleaner

future.
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