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Abstract
In this thesis, the EV charging load modelling is studied as a literature review. The
study subject is narrowed to the uncontrolled charging of passenger cars, so the effects
of electricity prices and controlled charging schemes are excluded. The study reviews
90 documents about EV charging load modelling and compares and discusses their
results. As a result, the adequacy of power is not the first problem on a large scale,
but instead problems will arise in the power grid infrastructure such as powerlines
and substations and they are caused by the rise in the local peak power consumption.
Additionally, power quality issues might arise. More localized modelling should be
done to identify the parts of the distribution grid and the specific substations that
will need an upgrade when the EV penetration rate rises. Smart charging mechanisms
should mitigate these problems well, but this study does not focus on them.
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Tiivistelmä
Tässä työssä tutkitaan sähköautojen latauskuorman mallintamista kirjallisuuskat-
sauksena. Tutkimus on rajattu vapaaseen sähköauton lataukseen, joten hinnan ja
kontrolloinnin vaikutukset latauskuormaan on rajattu ulos. Tutkimuksessa käydään
läpi 90 artikkelia latauskuorman mallintamisesta ja vertaillaan tutkimuksia ja niiden
tuloksia. Lopputuloksena huomataan, että kokonaiskuorma pysyy pitkään maltil-
lisella tasolla, joten energian riittävyyteen ei tule suurta vaikutusta. Sen sijaan
muuntajat ja sähköverkko voivat kuormittua paikallisesti sekä hetkellisesti hyvin
paljon. Paikallisempaa mallinnusta tulisi tehdä, jotta saadaan ajoissa varauduttua
kasvavaan kuormaan oikeissa paikoissa ja päivitettyä laitteisto, joka on vaarassa
hajota. Myös älykkäät latausmekanismit voivat auttaa näihin ongelmiin, mutta niihin
tämä tutkimus ei kuitenkaan keskity.

Avainsanat Sähköauto, sähköauton lataus, kuorman mallintaminen
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1 Introduction
The world is facing an existential crisis with climate change and greenhouse gas
(GHG) emissions and there is a lot of work being done to stop that crisis. Sustainable
energy production methods are taken into use with haste, and fossil fuels are being
phased out. Energy savings are considered more than ever in buildings and processes,
and the transportation field is being electrified. The transportation sector covers
17% of global GHG emissions and 20% of global CO2 emissions [1], and the best way
to lower those emissions is to change into electric vehicles (EV) or hydrogen-powered
vehicles. Producing green hydrogen is still quite inefficient [2], so EVs are likely to
be the most common transportation technology in the near future.

The transportation emissions and problems with hydrogen-powered vehicles
cause incentives to rapidly raise the share of EVs in the traffic system. Politically it
is hoped that EVs would penetrate the market even faster [3], but this raises concerns
about the effects of EVs on the infrastructure. Since EVs run on electricity, their
charging will influence the energy system by increasing energy consumption and
its fluctuation as well as causing additional stress to power infrastructure. These
affecting factors can be estimated by modelling the usage and charging of EVs, those
models can be then used to mitigate the problems that are coming. The aim is to
create models that can accurately find upcoming problems, which can then be solved
before they even occur.

This thesis is a study of the EV charging load modelling and it is conducted
through a literature review. The literature for this study is collected from the
SCOPUS database (www.scopus.com), by searching "EV (or electric vehicle) charging
load modelling" and limiting the search to abstract. The search will result in 493
documents, so the list is then narrowed down by evaluating if the document’s focus is
on the modelling or not. The study subject is also narrowed down to the modelling
of uncontrolled charging of passenger cars. The uncontrolled charging models give
an estimation of the worst-case scenario with EVs and emphasize the importance of
grid planning, smart charging, and other charging control methods. The final list for
this review is 90 documents, and the studies are done in the years 2008 to 2022. The
list of reviewed documents can be seen in table 2.

Modelling of EV charging load has been studied a lot. The subject has
economical, societal, and individual values, which makes it a popular and interesting
topic. Distribution system operators (DSO) and companies offering EV charging
gain economical value when they can better plan the grid and charging stations
with accurate estimates of the load and usage, for example. Society benefits from
noticing the problems before they arise, and solving them before they cause damage.
Individuals benefit from having clear models to estimate the needed chargers and
other infrastructure for a neighbourhood charging system, for instance. Most of the
studies have focused on explaining how a specific model works, in which cases it
works accurately and what are the results for the studied case according to the used
model. There are also documents comparing models together but usually in a specific
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way. They either compare the existing models to the one researched to justify a new
model like [4] or assess the models with new base data like [5] and [6].

This literature review gives a coherent summary of different ways to model
uncontrolled EV charging loads. It discusses how the models work, in what cases
they work well or poorly, and what information about the future of EV charging load
the models are providing. Section 2 will provide background information about EV
charging and its load modelling. Section 3 will discuss different modelling types and
base data used in the studies. In section 4 modelling differences between different
EV usage and city areas are explained. In section 5 the results of this review are
discussed and review material is presented. Section 6 concludes the thesis.
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2 Background
EVs are vehicles that can operate on electric power. This study includes full-electric
passenger cars (BEV) and plug-in hybrid passenger cars (PHEV) in the modelling
and discards all other kinds of EVs. EVs work with battery power, so they need to be
charged. EV charging can be done with a home charger or at a charging station. The
charging equipment in general is called electric vehicle supply equipment (EVSE).
EVs can be charged with different powers depending on the car and the charger.
A standard home charging power is around 2kW, a standard charging station is
between 6kW and 50kW, and fast-charging (FC) stations can go even over 300kW
powers. This is an important variable when determining the load that one EV will
cause when charging. Fig. 1 shows two different EV charging profiles, which both
have time on the x-axis and power and state of charge (SoC) on the y-axis. Fig. 1a
shows a 7kW alternating current (AC) EVSE’s charging curve, which represents well
most AC chargers. It has ramp-up, constant power and ramp-down phases, and it is
sometimes modelled just with a constant power phase. Fig. 1b has a direct current
(DC) FC EVSE’s charging curve. The DC FC EVSE’s loading curves are often EV
specific. This curve is from Volkswagen ID.4, which has a maximum charging power
of 130kW. The DC FC EVSE charges at the maximum power that the EV allows
only for a short while, and then the power starts to decrease. In Fig. 1a the time is
in hours and in Fig. 1b in minutes. Studies should decide which kind of EVSEs they
use in the modelling and use the appropriate charging profile.

(a) Charging profile of a 7kW AC charger. [7]
(b) DC Fast charging profile for Volkswagen ID.4.
Source: Kempower Oyj / Kempower ChargEye

Figure 1: Charging profiles of different chargers.

An EV charging load can be modelled with different functions, which have
varying characteristics. The functions can be categorized into statistical models,
like Gaussian, Weibull, and kernel density function (KDE), stochastic models, like
Monte Carlo and queue models, and machine learning or artificial intelligence (AI)
models. [6] Certain ways of simulating and modelling the usage of EV loads are
more popular. The Monte Carlo method is the most used, it is used in at least 49 of
the studies reviewed, like in [8]–[12]. Monte Carlo simulation is used to model the
probabilities of different outcomes when a process has random variables that are hard
to predict. The Monte Carlo method takes a problem equation or simulation with
random variables and runs the equation many times with random values in those
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variables to achieve an estimation of how much those variables affect the problem
and what are the most probable outcomes. [13] Many studies use statistical models
to create a probability density function (PDF) and then use stochastic models to
simulate the load with the created probabilities, like [14].

Fig. 2 shows a rough flow chart of the modelling of EV charging load. First
is the base data gathering. The base data can be driving data statistics like a
national travel survey, charging data statistics from a charging station company,
or a combination of these like in EV trials. More info about the base data is in
section 3. After base data is gathered, it usually needs to be checked and filtered.
Unusable and erroneous data points should be removed, and data should be filtered
to answer the wanted research question. For example, the whole U.S. travel data is
not needed for a use case in California. Then the data should be fitted for further
analysis. Statistical models like Gaussian curves can be used for fitting, and often
many functions are tested, and the best ones are used. Data can also be clustered,
which can be done with clustering functions like the k-means, or just by choosing
the clusters. A common way of choosing the clusters is by the usage of the vehicle
and by day types, like workdays and holidays. More info about the use cases is in
section 4. At this point at the latest, the rest of the needed data should be acquired.
This needed data contains the EVs’ technical data, the amount of EVs modelled,
and used EVSEs’ charging profiles. Studies should have specified a battery capacity
and consumption for the modelled EVs, and if many different EVs are modelled, the
share of those should be decided. All these choices should also be justified. Then the
correlations between the data parameters should be checked and taken into account,
for example with Copula functions. After the steps mentioned above, the load can
be simulated. Simulating is usually done by picking parameters from the fitted data
while taking the correlations into account. Simulation needs to be run enough times
to make the result robust, and the Monte Carlo method is commonly used for this
purpose. Then the result should be presented and analysed to answer the research
questions.
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Figure 2: A rough flowchart of EV charging load modelling.

Many things that affect EV charging loads are not always considered. The
battery temperature is rarely simulated, and it has some effect on the charging need.
Battery degradation is not often considered, but it has more effect in vehicle-to-grid
type studies than in charging load [15]. Furthermore, the temporal resolution affects
a lot in the error of the simulation, and it is not always stated which resolution the
study uses and even more infrequently this is justified. Using a one-hour resolution
might have over 30% error in charged energy and over 10% error in the peak load.
[16] Ambient temperature affects the consumption of the EV. If it is very cold or
very hot, the air conditioning is most likely on, which increases the consumption.
Driving speed influences consumption as well and is often estimated in the average
consumption. [17] Range anxiety brings its effect to the modelling. Range anxiety
means the driver’s feeling that their EV does not have enough charge left to complete
the possible trips they want, even if it has. Some of the studies take range anxiety
into account by assuming that drivers do not want to go under 20% or 30% of SoC,
and if they do, they will charge right away. [9], [18] How many times the EV is
charged during the day also affects the temporal load. Some drivers charge multiple
times lower amounts while others charge their EVs only nightly. Many studies do
not take this into account and assume that EVs are charged once or twice per day,
or only every other day instead. [19]
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3 Base data for modelling
The EV charging load modelling methods should be classified to compare the differ-
ences between them. In this study, the classification is done according to the base
data used for the load modelling. Most studies use historical traffic data and traffic
surveys as base data, which are categorized as travel data. Travel data is used in
45 out of 90 studies reviewed. With the travel data, the usage of the EVs can be
simulated and then the possible charging patterns can be calculated. Other popular
base data for the modelling is the actual charging data, which can be obtained from
charging stations. Enough historical charging data is a good base to estimate future
charging, but there are not yet many places that have enough charging station data
to use for analysis. There have also been a few EV trials, which gather the charging
and travel data of the cars in the study. The combined data produces very good base
data for future modelling at the locations where these trials have been conducted
[18], [20], [21].

It is important to be aware of the information that the base data has, what
assumptions are made in the process, and how the assumptions can affect the result.
When using travel data, the process needs more modelling and assumptions, but it
can take different kinds of situations better into account. With charging data, the
modelling is more data handling and it can be more accurate but does not work in
every situation.

3.1 Charging data
Some charging stations have collected enough historical charging data so that it
can be used to model the future charging load. Depending on the company, they
might collect different kinds of charging data such as charging power, start and end
times of charging, amount of energy charged, initial SoC of the EV, end SoC of
the EV, location of the charging station and even area of residence of the driver.
The data can then be used to fit PDF curves for example, of charging times and
energies charged, which are the most important variables for the temporal charging
load model. This temporal load curve can be made for different areas to get spatial
analysis, which can then be used to analyze the stress that EVs cause for the grid
infrastructure. This way the most vulnerable parts of the grid can be identified and
upgrades can be made where they are needed. Additionally, driving patterns can be
modelled from the drivers’ residence areas, stations’ locations, initial and end SoC of
the cars and the charging times. These driving patterns can then be used to make
better spatiotemporal models of the charging load. [6], [22] However, spatiotemporal
models are more commonly done with travel data.

Charging station data usually loses accuracy when data from all of the studied
area’s charging stations cannot be acquired for the study. For example, there can be
multiple companies providing charging services in a metropolitan area, so it might
be difficult to get charging data from all companies for a long enough period. This
causes studies to settle for most of the area’s stations and assume the others are used
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the same amount, or to filter some of the data. The lack of data can cause problems
for spatial load analysis. Also, it is hard to estimate the charging load of the stations
from which data was not acquired, should their prices differ from the ones used in
the study. [23]

Fig. 3 is a charging load curve made from charging station data including
work and residential area charging stations in Finland. The curve shows how drivers
rather use work charging and most likely normal home charging instead of charging
stations to save money. It is also seen in the curve that it is typical to go to work
around 9 o’clock in Finland, causing the highest peak. The plot is a simulated load
of 10000 EVs. [24]

Figure 3: Load curve from charging station data [24]

3.2 Travel data
The travel data can be obtained from census, traffic surveys, road usage data, or
GPS tracking. This kind of data has been collected for a long time for combustion
vehicles. There have also been surveys only for EV users, which has helped the
creation of EV driving models in different areas [25], but most studies just assume
that EVs would be used like combustion cars and use the traffic data as it is. This is
a reasonable assumption according to [26].

From travel data, the times of charging are hard to simulate. Thus, different
data or scenarios with different assumptions are needed to simulate charging times.
For example, the scenarios can be that people only charge their cars at home at
night or only at work. These scenarios are essentially the assumed use case, which is
discussed more in Sec. 4. It can then be assumed from travel data that the first trip
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of the day is to work, so for a workplace charging scenario, the charging starts at the
end of the first trip. Another assumption would be that the last trip of the day is
to home and the charging starts after that. [7] Some studies model more complex
charging scenarios by setting probabilities for charging according to SoC, travel plans
and locations. Then the SoC and the chance of charging are calculated during the
trip and the charging type and location depend on the destination. For example, if
SoC goes under 40% and there’s a long trip coming ahead, the chance is high that
the driver will charge at a fast-charging station, but if the trip is back home, then
they will wait for overnight charging at home. [17], [27] When studies are simulating
the traffic with a real network instead of statistical driving distances, they often use
the Dijkstra shortest path algorithm to simulate the trips. [8], [28] However, when
the trip choices were studied, it was noticed that drivers do not usually take the
shortest route and that drivers do not take the fastest route either, but something in
between those. So the assumptions of the shortest route might cause errors. [29]

The location of the base data is important to note, the same data might not
work for different countries, because they might have different habits. Commuting is
the most common reason for driving, and different cultures have different working
times and customs. [30] Fig. 4 is a comparison of models made with Swiss data
"Simulations - This study" and with U.S. data "The EV project measurements".
There can be seen a little peak around 13 o’clock on a weekday in the Swiss model,
which is caused by the lunch break. In Switzerland, there is a habit to drive home
for lunch breaks and it is assumed that they would charge EVs during that time as
well. [26]

Figure 4: Comparison of two charging load models. [26]

One of Travel data’s advantages is modelling the spatial distribution of the
load. Fig. 5 shows a map of a studied area with modelled charging load at 10
am. The spatial distribution is an important factor to consider when studying the
stress caused for the power infrastructure and the planning of new charging station
locations. [29]
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Figure 5: Spatial distribution of load at 10 am. [29]

3.3 Other data
Some articles do not classify what data is used for the creation of the EV usage
model, and some use charging load estimates or known software as it is. [31] Certain
studies [18], [20], [21] are done with the data from existing EVs where specific EVs’
data is collected, which are called EV trials. They usually have a small amount of
EVs of which driving data is acquired from GPS and charging data from charging
stations. Unfortunately, trials do not take home charging into account, and can thus
reliably model only charging station load. [18], [20], [21] A few reviewed studies are
not trying to make models for multiple cars at all, but instead check the effect of
a few cars on the power quality and then multiply the effects to be more accurate
for the fleet. [32] This way, the worst-case scenarios are studied for different power
quality issues and potential problems regarding them are estimated. [33]
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4 Using of the models
A common assumption is that private EV owners charge at public charging stations
only when they must, and rather charge at work or home. It is a fair assumption since
it is often cheaper, but work or home charging might not be available for everyone,
making the combination harder to model accurately. Charging station data shows
that public charging stations are used, which concurs with the assumption that all
urban residents do not have other charging possibilities. Some studies take e-taxis
into account in the modelling, and those are assumed to use only public and FC
stations [34], [35].

Even though the base data has a lot of effect on the model outcome, and
often this is caused by the chosen use case already affecting the needed base data. For
example, modelling of the residential wall-plug charging needs traffic data as a base
data, since that can be used to estimate home charging from the driving patterns.
This makes the use case an important aspect to note in the charging load modelling.
Most studies are focusing only on a specific use case, and it seems that residential
is the most common, 42 studies focus at least partly on residential charging load
modelling. From the reviewed articles 85 can be categorized by usage, and the rest 5
study possible harmonics and other effects on power quality or have another main
focus so that they cannot be categorized by the modelled usage. More information
about the reviewed papers is in Sec. 5.2.

The models are used in various ways and in this thesis the use cases are
divided into five categories: residential, commercial, industrial, fast charging stations,
and others. Most of the reviewed articles define their study in one or many of these
categories. Some studies define the usage as metropolitan or whole country usage,
and in these cases, they are categorized depending on the results of the study. The
categories define the charging power and charging times of the EVs accurately, and
the distribution grids and base consumption are different in these categories, thus
the effects of EV charging will also differ [7]. Dividing into use cases is important in
order to get accurate results since the usage and charging behaviour of vehicles are
very different in them. Fig. 6 shows the temporal energy usage curves of different
use cases. The energy usage curves are not directly comparable to charging load
curves but can be used to estimate the charging needs. [36]
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Figure 6: Energy usage of EVs in different use cases. [36]

4.1 Residential
Residential usage takes into account wall-plug charging at home and charging stations
in residential areas or apartment parking lots. This is the most studied usage, most
likely because home charging is estimated to be the most popular method to charge
private EVs. Charging at home during the night saves money and time for the driver,
which makes it more attractive than charging at stations. [26] Residential charging
needs to be also modelled because it is assumed to cause load at the same time as
residential peak consumption, rising the peak power consumption even more. If the
time-of-use (TOU) price is considered, it is noted that the charging might create a
new peak consumption to the residential grids. [14]

Fig. 7 shows the typical U.S. residential load curve and the effect of EV
charging on that. The rise of the peak load between 17 and 21 o’clock might cause
problems with the power infrastructure. [37] The study is done with only PHEVs,
but similar load curves can be seen with BEV studies. The usage of EVs produces the
load curve since the EVs are in use or parked elsewhere during the daytime, and are
not charged until coming home after work. If the EV is driven long distances during
the day, the charging will continue long into the night. This is why the highest peak
is when most people start to charge, and the EVs that are driven less are charged
fully earlier causing the cumulated load to lower slowly.
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Figure 7: Typical residential load curve with different EV penetrations. [37]

4.2 Commercial
Commercial usage means charging at office buildings, public parking lots, shopping
malls, and other places where people would go even if there is no EV charging
opportunity. In these places, the EVs are charged while the driver is at work,
shopping, or visiting the city. In commercial areas, the amount of charging points
affects the charging load drastically. Since people go to these places often without
the need of charging, they charge if there is a charging point available. For example,
if there are assumed to be 50 charging events in a day, 16 charging points are needed
for a 90% success rate for the charging events. [38] If an office building offers EV
charging for its workers, it needs more charging points, since people are going there
to charge. This kind of perk might also cause drastic load peaks in the morning
when drivers do not charge at home if they have free charging at the office. [39] A
huge effect on the load is also the charging power. With DC fast chargers the loads
are much higher but shorter than with slower AC chargers. [24], [40]

In Fig. 8 can be seen a typical workplace charging load curve. The curve
would be similar in other commercial areas during weekdays. At weekends the
charging load in commercial areas is lower and more evenly divided. [41] Similar to
residential charging, the charging load in commercial areas is at its highest during
the peak hours of the area, causing even higher peak power consumption. [7]
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Figure 8: Typical workplace EV charging load curve. [41]

4.3 Industrial
Industrial use cases are modelled only for charging at work -scenarios, since industrial
areas are commonly used only by cargo transport and the people working there, and
cargo transport is not in the scope of this study. The reviewed studies that focused
on industrial area EV charging only have daytime usage, so they do not consider
three-shift work which is more common in industries compared to commercial areas.
A study with three-shift industrial work might be interesting research. It could tell
whether the charging loads would peak during the same hours as the industry’s base
load, like in current studies, or be more evenly divided.

Fig. 9 shows a typical industrial area’s charging load curve, which is similar
to the commercial curve as both have all charging loads during the day. [42]
Industrial areas have the charging load slightly earlier, between 6 and 17 o’clock,
while commercial areas have it between 9 and 20 o’clock. The most notable difference
between industrial and commercial areas is in the weekend and holiday loads. During
holidays there is almost no charging load in industrial areas, as in commercial areas,
there is still a significant load. [29]
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Figure 9: Typical industrial EV charging load curve. [10]

4.4 Fast Charging station
Fast charging stations can be used anywhere, but in this use case, the "Gas station"
or roadside charging stations are considered. These FC stations are located at current
gas stations or on the side of highways and other common roads, where people
want fast charging in order to continue their trip. These are assumed to be used by
professional drivers, and people who are driving longer trips than their EVs can go
with one charge. FC stations are usually working with DC, which lets them charge
with much higher powers as told in section 2. High powers can cause problems
already with lower EV penetrations. Already with 90 charging points and a 42% EV
penetration rate, the voltage can go down to 0.93 p.u. on some buses during peak
hours, because of the FC station [43]. In [32] it is studied with IEEE43 test grid that
already 25 FC stations start to cause problems in the grid: bus voltage drops to 0.89
p.u. and some cables are at 99% load.

In Fig. 10 can be seen a typical fast charging station load curve. They are
mostly used when travelling longer distances since they are more expensive than
charging at basic charging stations or at home, which causes the two peaks and almost
no load during the night. [44], [45] This curve is modelled with the assumption that
there are enough charging points. If a station has too few charging points compared
to the amount of usage, the load is high almost constantly, since the charging points
are constantly occupied and queued for. [9]
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Figure 10: Typical fast charging station load curve. [44]

4.5 Other
Other includes the rest of the use cases reviewed that did not fit properly into
residential, commercial, industrial, or FC station use. In this category, the studies
that model the whole metropolitan area or country, without separating how different
charging cases are affecting the resulting model, and the studies of electric taxis are
discussed. E-taxis were studied in a few papers and their load curve has multiple
peaks. The taxis are used the whole day and driven a lot, so they need to be charged
multiple times. The charging times easily get packed to the same hours, when there
are fewer customers or when it is time for a break for drivers. An e-taxi charging
curve is shown in Fig. 13. Additionally, the taxis often have a GPS and their driving
patterns can be well monitored, thus a spatiotemporal charging model is often done.
[35], [42]

In Fig. 11 can be seen the metropolitan charging load curves for weekdays
and weekends. The study is done in China and takes into account the usage of private
and public EVs as well as electric taxis and considers different kinds of charging
methods. In this study, there are 98 private EVs, 63 e-taxis, and 44 public EVs.
E-taxis are used the most during weekends because their share of the load is the
highest, even when there are more private EVs. [28]



23

(a) Weekdays (b) Weekends

Figure 11: Metropolitan charging load curves [28]
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5 Results
In Fig. 12 are the EV charging load curves of the reviewed studies. The x-axis
is the hour of the day and the y-axis is the percentage of the model’s peak power
consumption, so this figure is suitable for temporal analysis, similarly to [19]. This
figure has the temporal load curves from 32 studies [7], [14]–[17], [21], [24]–[29],
[34]–[36], [40], [41], [43], [44], [46]–[59] as one plot, which makes it a bit messy. Most
of the models estimate peak load to be between 18 and 20 o’clock, and the least of
the models estimate it between 1 and 4 o’clock. Similarly, most studies estimate the
load valley to be between 1 and 6 o’clock and the least estimate it between 16 and
20 o’clock. These are marked with ellipses in the figure. The ones that have a peak
load around midnight are most likely modelling with TOU pricing, like [50].

[50]

Figure 12: All plots of EV charging loads, % of peak power.

Fig. 13 shows five example EV charging load curves with the same axes as
Fig. 12. There is chosen a residential [15], a workplace [41], an electric taxi [35],
and two DC FC stations’ [40], [43] load curves to show the different charging load
times. The DC FC curves are very different from each other, likely because of the
temporal resolution. The study [40] does the simulation in a 5-minute resolution
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while [43] has a 1-hour resolution. Otherwise, the simulations are quite similar: [43]
has 464 EVs, 6 charging stations with 15 charging points each, charging power of
30kW, and results to 230kW peak demand. [40] has 500 EVs, 24 charging stations,
charging power of 40kW, and results in 367,7kW peak demand. This observation is
in line with [16], which studies the effect of temporal resolution. The e-taxi curve
[35] is also modelled as FC station charging, but the use case makes the curve very
different. The multiple peaks are on hours when there are not so many customers or
when drivers are having a break. The study also states that the e-taxis charging load
is similar on all days. The original load curve does not present the consumed power,
but instead the percentage of taxis charging, which is 10% at the lowest point and
70% at the highest. The working place curve [41] shows well that the office is closed
between 21 and 6 o’clock, so no charging is happening at that time, and the highest
peak of 110kW is happening around 10 o’clock when most drivers have arrived to
work and started charging. This curve is modelled with 50 charging sessions during
the day. The residential curve [15] is very typical, having almost no load during the
small hours and peak load between 18 and 21 after drivers get home and plug in their
EVs. In this study, the peak load is around 400kW and it is modelled with 396 EVs.

[40][43] [15][41]
[35]

Figure 13: Example plots of EV charging loads, % of peak power.
Purple: e-taxi, Black: DC FC, Blue: workplace, Red: DC FC, Green: residential
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Fig. 14 shows all the reviewed articles’ residential load curves. Most of the
curves are very similar: peak load is between 17 and 21 o’clock, and the lowest load
is between 5 and 7 o’clock. The different curves are from the study [59], where the
brown and peach plots have peak loads close to midnight and the lowest load between
9 and 11 o’clock. Those curves are for Monday (brown) and Saturday (peach), and
they are both modelled with 3,7kW charging and a Swiss travel survey as base data.
The blue curve has a high load around midnight as well, and it is a Saturday load
from the study [58], which is done with Norwegian private charging stations’ data.
However, this curve also has a peak load at around 17 o’clock, like other residential
curves. The pink curve from the study [55] also sticks out, since it has a low off-peak
load and a very steep rise in the load at 19 o’clock. The data for this curve is from
Indonesia. It includes motorcycles and EVs and makes multiple assumptions, which
is a likely reason for the load curve looking different. Other studies, that had as
steep rises in load curves as [55], study the effects of TOU pricing, like [10], [47]. The
last observations are the smaller peaks between 10 and 13 o’clock in the pink [55],
orange [54], black ([26] weekday), and grey ([26] weekend) curves. In the [26] weekday
curve this is explained as the lunchtime when people go home to eat and charge, [55]
studies 80% of residential and 20% of commercial charging, so the midday peak is
caused by the commercial usage, and [54] does not explain the small midday peak.

[59]S

[59]M
[58]S

[26]WE

[26]W
[54]

[55]

[55]

Figure 14: All residential EV charging loads, % of peak power.
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5.1 Problems raised by the studies
The studies analyse future problems that EV charging might cause to the power
infrastructure. It was noted that the addition to energy consumption on a large
scale should not be a problem. There are many ways to produce more energy if
needed, but problems arise from other aspects. It might seem that a country-level
production can handle the increasing load of EV charging, but smaller-scale areas
need to be studied independently. EVs are unevenly divided between regions, so even
low overall penetrations can cause high penetrations in some areas. Usually, the EV
charging times are correlating with the area’s other loads, as was explained in Sec.
4, causing the peak power consumption to rise in all city areas. [7], [60]

More problems arise in smaller-scale studies. The distribution grid cables and
substations have limits on power transfer and the limits are usually lower than the
peak power production capability. The charging power has a big effect on the load,
with higher charging powers the load is more fluctuating and has higher peaks and
lower valleys, causing more stress to the grid. It was also noted that load imbalance
might become a problem very quickly if it is not considered. Already with a 20% load
difference between phases, the voltage unbalance factor can go over the limit, and
with a 35% imbalance, the neutral cables’ loading limits might exceed. On the other
hand, this problem is easy to mitigate when installing phase selector technology in
charging stations. [22], [56] The study about under- and overvoltage in the cables
found that in the worst case, the bus voltage was over 30% of the time under 0.95 p.u.
and over 3% of the time under 0.9 p.u. It also noticed problems with overvoltage
as the bus was over 3% of the time over 1.02 p.u. This study was done with 50%
EV penetration. [56] When the effects on the high voltage (HV) grid were studied,
it was noted that some of the transmission transformers can get a 13% rise in the
peak load with 10,5% EV penetration. This might cause the transformers that are
already having high loads to go over the limits. [61] The study of EV charging
harmonics found that the harmonics are measurable up to the 40th harmonic, but the
magnitude is high enough to cause disturbance only up to the 11th harmonic. The
3rd harmonic was found to cause the highest currents, up to 7A with 6 EVs charging
at the same time. The mean charging current of about 20A per EV causes 5,8%
distortion in the load. [33] Furthermore, [22] estimated that load harmonics could
cause problems with higher charging powers, but found no risks that the harmonic
emissions would cause to power quality. The study [62] studies the loss of life of the
transformers caused by the EV charging load, but the results indicate that ambient
temperature has a bigger effect than the added load.

Table 1: Table of the problems found by the EV load models.

Ref. EV pen. Problem Mitigation
[56] 50% Bus over- and undervoltage Controlled charging and re-

active power provisions
[7] - Raise in peak power con-

sumption
Smart charging
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[22] 100% Load imbalance between
phases

Phase selector

[61] 10,5% Transmission transformer’s
peak load rise

Smart charging and upgrade
of the transformers

[33] - Harmonic currents -

5.2 Review material
Table 2 gives basic information about all the papers studied for this thesis. It has
citing number (Ref.), base data, use case, country of base data, functions, year of
the base data, and temporal resolution (Res.) information. The base data can be
charging data, travel data, other data, as introduced in Sec. 3, or data from an EV
trial, or if the study has compared multiple base data it is marked as "many". The
use case can be any of the ones introduced in Sec. 4, or if the study has compared
multiple use cases it is marked as "many". The country where the base data is from is
marked as "self" for self-measured base data. The functions means the main functions,
mechanisms, or software that the study has used. These can be fitting or clustering
functions, a specific software, or the use of AI for instance. If a study has not stated
some of the variables, they are marked with "-" in the table.

Notes about the reviewed papers: The most used base data is travel data
(45/90). The most studied use case is residential (44/90). The most used country
for base data is the U.S. (27/90). The most used functions for the modelling are
Gaussian and Gaussian mixture models (GMM) (13/90). The most used year for
base data is 2009 (13/90), and the most used temporal resolution is 1 hour (26/90).

Table 2: Notes of studies on EV load modelling.

Ref. Base data Use case Country Functions Year Res.
[4] Charge Station China Diffuse

estimation
2018
2019

15min

[5] Many Many U.S. UK
France

Many1 - -

[6] Many Many U.S. UK
France

Many1 - -

[7] Travel Residential
Commercial
Industrial

UK Gaussian fit 2008
2009

1h

[8] Travel Residential
Commercial
Station

Iran - - -

[9] Travel Station Brazil Queue - -
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[10] Travel
Charge

Residential
Commercial
Station

U.S. - - -

[11] Travel Residential Netherlands Normal copula 2008 1h
[12] - Metropolitan - Many2 - -
[14] Travel Residential Netherlands Normal copula 2008 1h
[15] Travel Residential U.S. Lognormal and

Fuzzy-logic
2009 1h

[16] Charge Residential
Commercial

Finland - 2020 1s

[17] Travel Residential
Commercial

U.S. - 2009 1min

[18] Trial Many UK GMM3 2013 -
2015

15min

[19] Charge - UK Gaussian copula 2015 -
[20] Trial Station Australia Weibull 2010-

2014
1h

[21] Trial Station UK k-means and
Fuzzy-logic
model

2012-
2013

1h

[22] Travel Residential Germany - - -
[23] Charge Commercial

Residential
U.S. GMM3

and Clustering
2019 1min

[24] Charge Station
Commercial

Finland Student’s
t-Copula

2018-
2019

1min

[25] Travel Country New Zealand Lognormal and
Gaussian

2018 -

[26] Travel Residential Switzerland DUOATS4 2015 1h
[27] Travel Station U.S. - 2009 1h
[28] Travel Residential

Commercial
China k-means 2017 -

[29] Other Metropolitan China - 2019 1h
[30] Travel Residential

Commercial
Finland Gaussian 2004-

2005
1h

[31] Other - U.S. NEMS5 - -
[32] Other Station Self - 2012 -
[33] Other Station Self - 2020 -
[34] Travel Station China Multi-agent and

JADE
- -

[35] Trial Station China GMM3 2014-
2015

15min

[36] Travel Country Austria Markov Chain 2016 15min
[37] Travel Residential U.S. - 2009 1h
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[38] Charge Station Finland - 2019 1min
[39] Travel Commercial China Trip chain 2021 1h
[40] Travel Station - ADAPTS and

DTALite
- 5min

[41] Charge Residential
Commercial

U.S. Machine learning 2019 1min

[42] - Residential
Station

China - - 15min

[43] Travel Station U.S. ZIP model6 2009 1h
[44] Travel Station Canada non-homogenous

Poisson and
Queue

2011 1h

[45] Travel Station U.S. DSM and PDSM7 2017 15min
[46] Travel Residential

Station
U.S. - 2009 1h

[47] Travel Residential U.S. Dagum, Burr,
and Lognormal

2009 1h

[48] Travel Residential U.S. k-means 2009 1h
[49] Charge Station - KDE8 - 15min
[50] - Residential - - - -
[51] Travel Residential

Commercial
France
Germany

- 2008 15min

[52] Travel Residential U.S. Queue 1995
2009

1h

[53] Charge Metropolitan China GMM3 - -
[54] Travel Residential U.S. Lognormal 2018 1h
[55] Travel Residential

Commercial
Indonesia Fuzzy logic 2018 -

[56] Travel Residential Ireland ZIP model6 2009 1min
[57] Travel Residential Brazil Poisson 2017 -
[58] Charge Residential

Commercial
Norway - 2019 1h

[59] Travel Residential Switzerland - 2017 -
[60] Other Metropolitan Canada k-means - -
[61] Charge Metropolitan Mexico PSS/E9 - -
[66] Charge Station U.S. Machine learning 2013-

2017
1min

[63] Travel Residential U.S. Many2 2009 1h
[67] Charge Residential U.S. - 2017 1min
[68] Other Residential Self ZIP model6 2016 -
[69] Other Residential U.S. NILM10 and

Neural network
- 1min
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[70] Travel Residential U.S. Gaussian and
Lognormal

2009 1h

[71] Travel Residential Germany VencoPY 2008
2017

-

[72] Charge Residential
Commercial

U.S. Beta distribution 2011
2013

-

[73] Travel Residential U.S. Truncated
Gaussian

- -

[74] Travel Metropolitan Sweden k-means 2010-
2012

-

[64] Review Review Review Many2 - -
[75] Charge Residential

Commercial
Netherlands GMM3 2012 -

2018
1min

[76] Charge Station China GBF, PNGV,
NSCPM, and
AIM11

2010 30min

[62] Travel Residential UK - 2008 30min
[77] Charge Station U.S. Student’s

t-copula
2011-
2013

15min

[78] Charge Station - Tabu search - -
[79] Other Other Thailand Queue 2019 -
[80] Travel Commercial

Residential
Iran MILP12 - 1h

[81] Charge Metropolitan U.S. FDA13 2014-
2019

1min

[82] Travel Residential
Station

China Gaussian - 1min

[83] Charge Residential
Commercial

China Copulas 2016-
2017

1min

[84] Travel
Charge

Residential China Kantorovich 2011 1h

[85] Charge Commercial China KDE8 and
t-Copula

2016 -
2017

-

[86] Travel Residential
Commercial

Germany - 2018 15min

[87] Travel Commercial South Korea Gaussian and In-
ternal Arithmetic

2018 1h

[88] Travel Commercial South Korea Gaussian and In-
ternal Arithmetic

2018 1h

[65] Travel Commercial Turkey Density estimator14 - 1min
[89] Other Residential

Commercial
- - - -

[90] - Metropolitan U.S. - - -
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[91] Other - Self DYNAST 2020 -
[92] Other Commercial - Assumption - -
[93] Charge Other - - - -
[94] - - - - - -
[95] - - - - - -

1 Papers [5] and [6] study differences in functions and in used base data.
2 Papers [63], [12] and [64] test different fitting functions to find the best.
3 GMM = Gaussian mixture model
4 DUOATS = Direct Use of Observed Activity-Travel Schedules
5 NEMS = National (U.S.) Energy Modelling System
6 ZIP model = modelling impedance (Z), current (I), and power (P)
7 DSM = Sampling from base data, PDSM = Syntethic data made from the probabilities of base data
8 KDE = Kernel Density Estimation
9 PSS/E = Power System Simulator for Engineering Software
10 NILM = Non-intrusive Load Monitoring
11 GBF = Generalized Bayesian Filtering, PNGV = "a partnership for a new generation vehicle"

-model, NSCPM = Number of EVs starting to charge predict model, AIM = Aggregation impedance
model

12 MILP = Mixed integer linear programming
13 FDA = Functional data analysis
14 Paper [65] models a single office’s EV charging load, and uses their working quota as base data.

Fig. 15 shows a citation map of the studied articles. It shows the dependencies
between the studied articles and helps to understand the flow of ideas in this study
area. The map has the publication year on the x-axis, the oldest on the left and the
newest on the right. The arrow also shows the direction of citing, since in some cases
even the same year’s studies are cited. From the map can be seen that the most
quoted paper is [7] from 2011, the oldest study is [31] from 2008, and studies [14],
[21], [52] are cited a lot as well, they are from 2012, 2015, and 2016.
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Figure 15: Citation map of studied articles.
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6 Conclusion
There are many different ways to estimate the future load caused by EV charging
because there is no universal modelling tool for this. This is why the modelling
method should be chosen well according to the research questions. Already the base
data used has a drastic effect on the model and the result. Most studies use travel
data as the base data and model residential or multiple types of charging scenarios.
Most of the studies have load peaks around 19 o’clock, and load valleys around 4
o’clock. More importantly, the specific studies about different urban areas have their
load peaks at the same time as the area’s consumption peak, thus increasing the
peak load.

The rising peak consumption power causes many problems to the grid unless
they are mitigated early. In most cases, smart charging would solve the problems
or at least delay them significantly. With uncontrolled charging, problems might
arise already at 10% EV penetration in some areas. The problems caused by EV
load are mostly under- and overvoltage and substation and cable overloads. One
option to mitigate the problems is to recognize the most vulnerable substations and
transmission lines and upgrade them early enough. Future studies on uncontrolled
charging of EVs might not be valuable, because the electricity prices will likely affect
EV charging in the future. There was no research on rural areas, which might be an
interesting area of study.



35

References
[1] Statista Research Department. Transportation emissions worldwide - statis-

tics & facts. 2022. url: https : / / www . statista . com / topics / 7476 /
transportation-emissions-worldwide/#dossierKeyfigures (visited on
10/12/2022).

[2] A. Escamilla, D. Sánchez, and L. García-Rodríguez. “Assessment of power-to-
power renewable energy storage based on the smart integration of hydrogen and
micro gas turbine technologies”. In: International Journal of Hydrogen Energy
47.40 (2022), pp. 17505–17525. issn: 0360-3199. doi: https://doi.org/10.
1016/j.ijhydene.2022.03.238. url: https://www.sciencedirect.com/
science/article/pii/S036031992201388X.

[3] European Parliament. CO2 emission standards for cars and vans. 2022. url:
https://oeil.secure.europarl.europa.eu/oeil/popups/summary.do?
id=1706841&t=d&l=en (visited on 10/12/2022).

[4] S. Huang, C. Ye, Y. Ding, et al. “Estimation of EV Charging Profiles Based
on the Diffusion Estimator”. In: 2019, pp. 2293–2297. doi: 10 . 1109 /
iSPEC48194.2019.8975372. url: https://www.scopus.com/inward/
record.uri?eid=2-s2.0-85079487929&doi=10.1109%2fiSPEC48194.2019.
8975372&partnerID=40&md5=f2471a29e7b77413c0e6119de13ce1d2.

[5] Y. Amara-Ouali, P. Massart, J.-M. Poggi, et al. “A review of electric vehicle
charging session open data: Poster”. In: 2021, pp. 278–279. doi: 10.1145/
3447555.3466568. url: https://www.scopus.com/inward/record.uri?
eid=2-s2.0-85109280068&doi=10.1145%2f3447555.3466568&partnerID=
40&md5=ea26de9a1719b1bd502c381b857edb0c.

[6] Y. Amara-Ouali, Y. Goude, P. Massart, et al. “A review of electric vehicle
load open data and models”. In: Energies 14.8 (2021). doi: 10.3390/
en14082233. url: https://www.scopus.com/inward/record.uri?eid=2-
s2.0- 85106447055&doi=10 .3390%2fen14082233&partnerID=40&md5=
27ca15c1a6686f99a44618c5fff2c1c8.

[7] K. Qian, C. Zhou, M. Allan, et al. “Modeling of load demand due to EV
battery charging in distribution systems”. In: IEEE Transactions on Power
Systems 26.2 (2011), pp. 802–810. doi: 10.1109/TPWRS.2010.2057456.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
79955526632&doi=10.1109%2fTPWRS.2010.2057456&partnerID=40&md5=
8dbeb75b14e153ca81c9d4ece6088e7b.

[8] M. Afshar, M. R. Mohammadi, and M. Abedini. “A novel spatial–temporal
model for charging plug hybrid electrical vehicles based on traffic-flow analysis
and Monte Carlo method”. In: ISA Transactions 114 (2021), pp. 263–276.
doi: 10.1016/j.isatra.2020.12.051. url: https://www.scopus.com/
inward/record.uri?eid=2-s2.0-85098594357&doi=10.1016%2fj.isatra.
2020.12.051&partnerID=40&md5=20daed339b17086cf6b77d182acb9dcc.

[9] L. Da Silva, A. A. Abaide, J. P. Sausen, et al. “Proposal of a load curve
modeling applied to highway EV Fast charging stations”. In: 2021. doi: 10.
1109/UPEC50034.2021.9548220. url: https://www.scopus.com/inward/

https://www.statista.com/topics/7476/transportation-emissions-worldwide/#dossierKeyfigures
https://www.statista.com/topics/7476/transportation-emissions-worldwide/#dossierKeyfigures
https://doi.org/https://doi.org/10.1016/j.ijhydene.2022.03.238
https://doi.org/https://doi.org/10.1016/j.ijhydene.2022.03.238
https://www.sciencedirect.com/science/article/pii/S036031992201388X
https://www.sciencedirect.com/science/article/pii/S036031992201388X
https://oeil.secure.europarl.europa.eu/oeil/popups/summary.do?id=1706841&t=d&l=en
https://oeil.secure.europarl.europa.eu/oeil/popups/summary.do?id=1706841&t=d&l=en
https://doi.org/10.1109/iSPEC48194.2019.8975372
https://doi.org/10.1109/iSPEC48194.2019.8975372
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85079487929&doi=10.1109%2fiSPEC48194.2019.8975372&partnerID=40&md5=f2471a29e7b77413c0e6119de13ce1d2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85079487929&doi=10.1109%2fiSPEC48194.2019.8975372&partnerID=40&md5=f2471a29e7b77413c0e6119de13ce1d2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85079487929&doi=10.1109%2fiSPEC48194.2019.8975372&partnerID=40&md5=f2471a29e7b77413c0e6119de13ce1d2
https://doi.org/10.1145/3447555.3466568
https://doi.org/10.1145/3447555.3466568
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85109280068&doi=10.1145%2f3447555.3466568&partnerID=40&md5=ea26de9a1719b1bd502c381b857edb0c
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85109280068&doi=10.1145%2f3447555.3466568&partnerID=40&md5=ea26de9a1719b1bd502c381b857edb0c
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85109280068&doi=10.1145%2f3447555.3466568&partnerID=40&md5=ea26de9a1719b1bd502c381b857edb0c
https://doi.org/10.3390/en14082233
https://doi.org/10.3390/en14082233
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85106447055&doi=10.3390%2fen14082233&partnerID=40&md5=27ca15c1a6686f99a44618c5fff2c1c8
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85106447055&doi=10.3390%2fen14082233&partnerID=40&md5=27ca15c1a6686f99a44618c5fff2c1c8
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85106447055&doi=10.3390%2fen14082233&partnerID=40&md5=27ca15c1a6686f99a44618c5fff2c1c8
https://doi.org/10.1109/TPWRS.2010.2057456
https://www.scopus.com/inward/record.uri?eid=2-s2.0-79955526632&doi=10.1109%2fTPWRS.2010.2057456&partnerID=40&md5=8dbeb75b14e153ca81c9d4ece6088e7b
https://www.scopus.com/inward/record.uri?eid=2-s2.0-79955526632&doi=10.1109%2fTPWRS.2010.2057456&partnerID=40&md5=8dbeb75b14e153ca81c9d4ece6088e7b
https://www.scopus.com/inward/record.uri?eid=2-s2.0-79955526632&doi=10.1109%2fTPWRS.2010.2057456&partnerID=40&md5=8dbeb75b14e153ca81c9d4ece6088e7b
https://doi.org/10.1016/j.isatra.2020.12.051
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85098594357&doi=10.1016%2fj.isatra.2020.12.051&partnerID=40&md5=20daed339b17086cf6b77d182acb9dcc
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85098594357&doi=10.1016%2fj.isatra.2020.12.051&partnerID=40&md5=20daed339b17086cf6b77d182acb9dcc
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85098594357&doi=10.1016%2fj.isatra.2020.12.051&partnerID=40&md5=20daed339b17086cf6b77d182acb9dcc
https://doi.org/10.1109/UPEC50034.2021.9548220
https://doi.org/10.1109/UPEC50034.2021.9548220
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116683318&doi=10.1109%2fUPEC50034.2021.9548220&partnerID=40&md5=369daafc73a0a7d01c5a1b4f954f77eb


36

record.uri?eid=2-s2.0-85116683318&doi=10.1109%2fUPEC50034.2021.
9548220&partnerID=40&md5=369daafc73a0a7d01c5a1b4f954f77eb.

[10] Z. Jiang and H. Zou. “Modeling of Electric Vehicle Charging Load in Different
Areas of Distribution Network”. In: vol. 261. 2021. doi: 10.1051/e3sconf/
202126101007. url: https://www.scopus.com/inward/record.uri?
eid=2- s2.0- 85107684208&doi=10.1051%2fe3sconf%2f202126101007&
partnerID=40&md5=057e1d1a44009ccb8b0dc0887f7df09a.

[11] A. Lojowska, D. Kurowicka, G. Papaefthymiou, et al. “From transportation
patterns to power demand: Stochastic modeling of uncontrolled domestic
charging of electric vehicles”. In: 2011. doi: 10.1109/PES.2011.6039187.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
82855181081&doi=10.1109%2fPES.2011.6039187&partnerID=40&md5=
66ae971b1fa1564513e5bef0fd0da63e.

[12] Y. Xiang, S. Hu, Y. Liu, et al. “Electric vehicles in smart grid: A survey
on charging load modelling”. In: IET Smart Grid 2.1 (2019), pp. 25–33.
doi: 10.1049/iet- stg.2018.0053. url: https://www.scopus.com/
inward/record.uri?eid=2- s2.0- 85067586850&doi=10.1049%2fiet-
stg.2018.0053&partnerID=40&md5=da9dd247728f27332d568881811257ad.

[13] A. Johansen. “Monte Carlo Methods”. In: International Encyclopedia of
Education (Third Edition). Ed. by P. Peterson, E. Baker, and B. McGaw. Third
Edition. Oxford: Elsevier, 2010, pp. 296–303. isbn: 978-0-08-044894-7. doi:
https://doi.org/10.1016/B978-0-08-044894-7.01543-8. url: https://
www.sciencedirect.com/science/article/pii/B9780080448947015438.

[14] A. Lojowska, D. Kurowicka, G. Papaefthymiou, et al. “Stochastic modeling of
power demand due to EVs using copula”. In: IEEE Transactions on Power
Systems 27.4 (2012), pp. 1960–1968. doi: 10.1109/TPWRS.2012.2192139.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
84867985792&doi=10.1109%2fTPWRS.2012.2192139&partnerID=40&md5=
d43334192ebbfbe199c0fbfd86d1185e.

[15] J. Tan and L. Wang. “Integration of plug-in hybrid electric vehicles into
residential distribution grid based on two-layer intelligent optimization”. In:
IEEE Transactions on Smart Grid 5.4 (2014), pp. 1774–1784. doi: 10.1109/
TSG.2014.2313617. url: https://www.scopus.com/inward/record.uri?
eid=2-s2.0-84903162557&doi=10.1109%2fTSG.2014.2313617&partnerID=
40&md5=04994c6b3bd57277ab943b8bdc8e57c3.

[16] T. Simolin, K. Rauma, A. Rautiainen, et al. “Assessing the influence of the
temporal resolution on the electric vehicle charging load modeling accuracy”.
In: Electric Power Systems Research 208 (2022). doi: 10.1016/j.epsr.2022.
107913. url: https://www.scopus.com/inward/record.uri?eid=2-s2.0-
85126128831&doi=10.1016%2fj.epsr.2022.107913&partnerID=40&md5=
1ca9e52cfad4b586f57af3980092d987.

[17] X. Long, J. Yang, Y. Wang, et al. “A Prediction Method of Electric Vehicle
Charging Load Considering Traffic Network and Travel Rules”. In: 2019,
pp. 930–937. doi: 10.1109/POWERCON.2018.8601805. url: https://www.

https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116683318&doi=10.1109%2fUPEC50034.2021.9548220&partnerID=40&md5=369daafc73a0a7d01c5a1b4f954f77eb
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116683318&doi=10.1109%2fUPEC50034.2021.9548220&partnerID=40&md5=369daafc73a0a7d01c5a1b4f954f77eb
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116683318&doi=10.1109%2fUPEC50034.2021.9548220&partnerID=40&md5=369daafc73a0a7d01c5a1b4f954f77eb
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116683318&doi=10.1109%2fUPEC50034.2021.9548220&partnerID=40&md5=369daafc73a0a7d01c5a1b4f954f77eb
https://doi.org/10.1051/e3sconf/202126101007
https://doi.org/10.1051/e3sconf/202126101007
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85107684208&doi=10.1051%2fe3sconf%2f202126101007&partnerID=40&md5=057e1d1a44009ccb8b0dc0887f7df09a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85107684208&doi=10.1051%2fe3sconf%2f202126101007&partnerID=40&md5=057e1d1a44009ccb8b0dc0887f7df09a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85107684208&doi=10.1051%2fe3sconf%2f202126101007&partnerID=40&md5=057e1d1a44009ccb8b0dc0887f7df09a
https://doi.org/10.1109/PES.2011.6039187
https://www.scopus.com/inward/record.uri?eid=2-s2.0-82855181081&doi=10.1109%2fPES.2011.6039187&partnerID=40&md5=66ae971b1fa1564513e5bef0fd0da63e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-82855181081&doi=10.1109%2fPES.2011.6039187&partnerID=40&md5=66ae971b1fa1564513e5bef0fd0da63e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-82855181081&doi=10.1109%2fPES.2011.6039187&partnerID=40&md5=66ae971b1fa1564513e5bef0fd0da63e
https://doi.org/10.1049/iet-stg.2018.0053
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85067586850&doi=10.1049%2fiet-stg.2018.0053&partnerID=40&md5=da9dd247728f27332d568881811257ad
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85067586850&doi=10.1049%2fiet-stg.2018.0053&partnerID=40&md5=da9dd247728f27332d568881811257ad
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85067586850&doi=10.1049%2fiet-stg.2018.0053&partnerID=40&md5=da9dd247728f27332d568881811257ad
https://doi.org/https://doi.org/10.1016/B978-0-08-044894-7.01543-8
https://www.sciencedirect.com/science/article/pii/B9780080448947015438
https://www.sciencedirect.com/science/article/pii/B9780080448947015438
https://doi.org/10.1109/TPWRS.2012.2192139
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84867985792&doi=10.1109%2fTPWRS.2012.2192139&partnerID=40&md5=d43334192ebbfbe199c0fbfd86d1185e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84867985792&doi=10.1109%2fTPWRS.2012.2192139&partnerID=40&md5=d43334192ebbfbe199c0fbfd86d1185e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84867985792&doi=10.1109%2fTPWRS.2012.2192139&partnerID=40&md5=d43334192ebbfbe199c0fbfd86d1185e
https://doi.org/10.1109/TSG.2014.2313617
https://doi.org/10.1109/TSG.2014.2313617
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84903162557&doi=10.1109%2fTSG.2014.2313617&partnerID=40&md5=04994c6b3bd57277ab943b8bdc8e57c3
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84903162557&doi=10.1109%2fTSG.2014.2313617&partnerID=40&md5=04994c6b3bd57277ab943b8bdc8e57c3
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84903162557&doi=10.1109%2fTSG.2014.2313617&partnerID=40&md5=04994c6b3bd57277ab943b8bdc8e57c3
https://doi.org/10.1016/j.epsr.2022.107913
https://doi.org/10.1016/j.epsr.2022.107913
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85126128831&doi=10.1016%2fj.epsr.2022.107913&partnerID=40&md5=1ca9e52cfad4b586f57af3980092d987
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85126128831&doi=10.1016%2fj.epsr.2022.107913&partnerID=40&md5=1ca9e52cfad4b586f57af3980092d987
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85126128831&doi=10.1016%2fj.epsr.2022.107913&partnerID=40&md5=1ca9e52cfad4b586f57af3980092d987
https://doi.org/10.1109/POWERCON.2018.8601805
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85061737565&doi=10.1109%2fPOWERCON.2018.8601805&partnerID=40&md5=0ea54e649824395fe7445f3afa0f8855


37

scopus.com/inward/record.uri?eid=2-s2.0-85061737565&doi=10.1109%
2fPOWERCON.2018.8601805&partnerID=40&md5=0ea54e649824395fe7445f3afa0f8855.

[18] J. Quiros-Tortos, A. Navarro-Espinosa, L. Ochoa, et al. “Statistical represen-
tation of EV charging: Data analysis and applications”. In: June 2018. doi:
10.23919/PSCC.2018.8442988.

[19] S. Yang, W. Fan, Y. Zhao, et al. “Research on load modelling of new infras-
tructure of power system-a case study of electric vehicle”. In: vol. 233. 2021.
doi: 10.1051/e3sconf/202123301022. url: https://www.scopus.com/
inward/record.uri?eid=2-s2.0-85100427187&doi=10.1051%2fe3sconf%
2f202123301022&partnerID=40&md5=df5a6d7bb8c23b900a089f388f6e6a61.

[20] Y. Khoo, C.-H. Wang, P. Paevere, et al. “Statistical modeling of Electric
Vehicle electricity consumption in the Victorian EV Trial, Australia”. In:
Transportation Research Part D: Transport and Environment 32 (2014), pp. 263–
277. doi: 10.1016/j.trd.2014.08.017. url: https://www.scopus.com/
inward/record.uri?eid=2-s2.0-84908059532&doi=10.1016%2fj.trd.
2014.08.017&partnerID=40&md5=48745dbbfae7ea92344c77e173e68232.

[21] E. Xydas, C. Marmaras, L. Cipcigan, et al. “A data-driven approach for
characterising the charging demand of electric vehicles: A UK case study”. In:
Applied Energy 162 (2016), pp. 763–771. doi: 10.1016/j.apenergy.2015.
10.151. url: https://www.scopus.com/inward/record.uri?eid=2-s2.0-
84946615957&doi=10.1016%2fj.apenergy.2015.10.151&partnerID=40&
md5=b33a3bd40d20494ba85793a394cfc3e4.

[22] M. Draz, M. Vob, D. Freund, et al. “The impact of electric vehicles on low
voltage grids: A case study of Berlin”. In: 2018. doi: 10.23919/PSCC.2018.
8442757. url: https://www.scopus.com/inward/record.uri?eid=2-
s2.0-85054016523&doi=10.23919%2fPSCC.2018.8442757&partnerID=40&
md5=e22d5ba166a4d38139dd9d975aa58b5a.

[23] S. Powell, G. Cezar, and R. Rajagopal. “Scalable probabilistic estimates of
electric vehicle charging given observed driver behavior”. In: Applied Energy
309 (2022). doi: 10.1016/j.apenergy.2021.118382. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85122558295&doi=10.1016%
2fj.apenergy.2021.118382&partnerID=40&md5=a9a3cf599e50794a6247b18d2466c97b.

[24] J. Einolander and R. Lahdelma. “Multivariate copula procedure for electric
vehicle charging event simulation”. In: Energy 238 (2022). doi: 10.1016/
j.energy.2021.121718. url: https://www.scopus.com/inward/record.
uri?eid=2-s2.0-85112824727&doi=10.1016%2fj.energy.2021.121718&
partnerID=40&md5=a23d625c054e33e442bb40631ae21272.

[25] J. Su, T. Lie, and R. Zamora. “Modelling of large-scale electric vehicles
charging demand: A New Zealand case study”. In: Electric Power Systems
Research 167 (2019), pp. 171–182. doi: 10.1016/j.epsr.2018.10.030.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85056219764&doi=10.1016%2fj.epsr.2018.10.030&partnerID=40&md5=
c46bcf05d1746e5cf5f0b6b03dd033c5.

[26] G. Pareschi, L. Küng, G. Georges, et al. “Are travel surveys a good basis for
EV models? Validation of simulated charging profiles against empirical data”.

https://www.scopus.com/inward/record.uri?eid=2-s2.0-85061737565&doi=10.1109%2fPOWERCON.2018.8601805&partnerID=40&md5=0ea54e649824395fe7445f3afa0f8855
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85061737565&doi=10.1109%2fPOWERCON.2018.8601805&partnerID=40&md5=0ea54e649824395fe7445f3afa0f8855
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85061737565&doi=10.1109%2fPOWERCON.2018.8601805&partnerID=40&md5=0ea54e649824395fe7445f3afa0f8855
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85061737565&doi=10.1109%2fPOWERCON.2018.8601805&partnerID=40&md5=0ea54e649824395fe7445f3afa0f8855
https://doi.org/10.23919/PSCC.2018.8442988
https://doi.org/10.1051/e3sconf/202123301022
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85100427187&doi=10.1051%2fe3sconf%2f202123301022&partnerID=40&md5=df5a6d7bb8c23b900a089f388f6e6a61
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85100427187&doi=10.1051%2fe3sconf%2f202123301022&partnerID=40&md5=df5a6d7bb8c23b900a089f388f6e6a61
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85100427187&doi=10.1051%2fe3sconf%2f202123301022&partnerID=40&md5=df5a6d7bb8c23b900a089f388f6e6a61
https://doi.org/10.1016/j.trd.2014.08.017
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84908059532&doi=10.1016%2fj.trd.2014.08.017&partnerID=40&md5=48745dbbfae7ea92344c77e173e68232
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84908059532&doi=10.1016%2fj.trd.2014.08.017&partnerID=40&md5=48745dbbfae7ea92344c77e173e68232
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84908059532&doi=10.1016%2fj.trd.2014.08.017&partnerID=40&md5=48745dbbfae7ea92344c77e173e68232
https://doi.org/10.1016/j.apenergy.2015.10.151
https://doi.org/10.1016/j.apenergy.2015.10.151
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84946615957&doi=10.1016%2fj.apenergy.2015.10.151&partnerID=40&md5=b33a3bd40d20494ba85793a394cfc3e4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84946615957&doi=10.1016%2fj.apenergy.2015.10.151&partnerID=40&md5=b33a3bd40d20494ba85793a394cfc3e4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84946615957&doi=10.1016%2fj.apenergy.2015.10.151&partnerID=40&md5=b33a3bd40d20494ba85793a394cfc3e4
https://doi.org/10.23919/PSCC.2018.8442757
https://doi.org/10.23919/PSCC.2018.8442757
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85054016523&doi=10.23919%2fPSCC.2018.8442757&partnerID=40&md5=e22d5ba166a4d38139dd9d975aa58b5a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85054016523&doi=10.23919%2fPSCC.2018.8442757&partnerID=40&md5=e22d5ba166a4d38139dd9d975aa58b5a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85054016523&doi=10.23919%2fPSCC.2018.8442757&partnerID=40&md5=e22d5ba166a4d38139dd9d975aa58b5a
https://doi.org/10.1016/j.apenergy.2021.118382
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85122558295&doi=10.1016%2fj.apenergy.2021.118382&partnerID=40&md5=a9a3cf599e50794a6247b18d2466c97b
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85122558295&doi=10.1016%2fj.apenergy.2021.118382&partnerID=40&md5=a9a3cf599e50794a6247b18d2466c97b
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85122558295&doi=10.1016%2fj.apenergy.2021.118382&partnerID=40&md5=a9a3cf599e50794a6247b18d2466c97b
https://doi.org/10.1016/j.energy.2021.121718
https://doi.org/10.1016/j.energy.2021.121718
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85112824727&doi=10.1016%2fj.energy.2021.121718&partnerID=40&md5=a23d625c054e33e442bb40631ae21272
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85112824727&doi=10.1016%2fj.energy.2021.121718&partnerID=40&md5=a23d625c054e33e442bb40631ae21272
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85112824727&doi=10.1016%2fj.energy.2021.121718&partnerID=40&md5=a23d625c054e33e442bb40631ae21272
https://doi.org/10.1016/j.epsr.2018.10.030
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85056219764&doi=10.1016%2fj.epsr.2018.10.030&partnerID=40&md5=c46bcf05d1746e5cf5f0b6b03dd033c5
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85056219764&doi=10.1016%2fj.epsr.2018.10.030&partnerID=40&md5=c46bcf05d1746e5cf5f0b6b03dd033c5
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85056219764&doi=10.1016%2fj.epsr.2018.10.030&partnerID=40&md5=c46bcf05d1746e5cf5f0b6b03dd033c5


38

In: Applied Energy 275 (2020). doi: 10.1016/j.apenergy.2020.115318.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85087369266&doi=10.1016%2fj.apenergy.2020.115318&partnerID=40&
md5=a4ead0b79d530722f657f94f42d200c3.

[27] X. Ni and K. Lo. “A Methodology to Model Daily Charging Load in the EV
Charging Stations Based on Monte Carlo Simulation”. In: 2020, pp. 125–
130. doi: 10.1109/ICSGCE49177.2020.9275644. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85098848208&doi=10.1109%
2fICSGCE49177.2020.9275644&partnerID=40&md5=a5e00f11a9cedccbf97bf843711d177a.

[28] X. Li, D. Sun, W. Li, et al. “Data-Driven Mobility on Demand Fleets Charging
Demand Modeling”. In: 2020, pp. 76–81. doi: 10.1109/ICPSAsia48933.
2020.9208406. url: https://www.scopus.com/inward/record.uri?eid=
2- s2.0- 85093919055&doi=10.1109%2fICPSAsia48933.2020.9208406&
partnerID=40&md5=d1bf853264663ecf93c54585d3a099f2.

[29] Q. Xing, Z. Chen, Z. Zhang, et al. “Charging demand forecasting model
for electric vehicles based on online ride-hailing trip data”. In: IEEE Ac-
cess 7 (2019), pp. 137390–137409. doi: 10.1109/ACCESS.2019.2940597.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85077965707&doi=10.1109%2fACCESS.2019.2940597&partnerID=40&md5=
f4ebff204c6d8eebaaf05fa5e6083f69.

[30] A. Rautiainen, S. Repo, P. Järventausta, et al. “Statistical charging load
modeling of PHEVs in electricity distribution networks using National Travel
Survey data”. In: IEEE Transactions on Smart Grid 3.4 (2012), pp. 1650–
1659. doi: 10.1109/TSG.2012.2206411. url: https://www.scopus.com/
inward/record.uri?eid=2-s2.0-84872059628&doi=10.1109%2fTSG.2012.
2206411&partnerID=40&md5=96b636a7ed9fdfa0010c64c675e98d29.

[31] X. Yu. “Impacts assessment of PHEV charge profiles on generation expansion
using national energy modeling system”. In: 2008. doi: 10.1109/PES.2008.
4596189. url: https://www.scopus.com/inward/record.uri?eid=2-
s2.0-52349096095&doi=10.1109%2fPES.2008.4596189&partnerID=40&
md5=fbf84fec250b3424b340718878123e10.

[32] C. Dharmakeerthi, N. Mithulananthan, and T. Saha. “Modeling and planning of
EV fast charging station in power grid”. In: 2012. doi: 10.1109/PESGM.2012.
6345008. url: https://www.scopus.com/inward/record.uri?eid=2-
s2.0-84870626388&doi=10.1109%2fPESGM.2012.6345008&partnerID=40&
md5=3f734e9b1c8b948300e4e0c05151ff48.

[33] G. Foskolos. “Measurement-based current-harmonics modeling of aggregated
electric-vehicle loads using power-exponential functions”. In: World Electric Ve-
hicle Journal 11.3 (2020). doi: 10.3390/WEVJ11030051. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85089491136&doi=10.3390%
2fWEVJ11030051&partnerID=40&md5=ecdda4ba3a68e01ad22b719be73da9e7.

[34] C. Jiang, Z. Jing, X. Cui, et al. “Multiple agents and reinforcement learning
for modelling charging loads of electric taxis”. In: Applied Energy 222 (2018),
pp. 158–168. doi: 10.1016/j.apenergy.2018.03.164. url: https://www.

https://doi.org/10.1016/j.apenergy.2020.115318
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85087369266&doi=10.1016%2fj.apenergy.2020.115318&partnerID=40&md5=a4ead0b79d530722f657f94f42d200c3
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85087369266&doi=10.1016%2fj.apenergy.2020.115318&partnerID=40&md5=a4ead0b79d530722f657f94f42d200c3
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85087369266&doi=10.1016%2fj.apenergy.2020.115318&partnerID=40&md5=a4ead0b79d530722f657f94f42d200c3
https://doi.org/10.1109/ICSGCE49177.2020.9275644
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85098848208&doi=10.1109%2fICSGCE49177.2020.9275644&partnerID=40&md5=a5e00f11a9cedccbf97bf843711d177a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85098848208&doi=10.1109%2fICSGCE49177.2020.9275644&partnerID=40&md5=a5e00f11a9cedccbf97bf843711d177a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85098848208&doi=10.1109%2fICSGCE49177.2020.9275644&partnerID=40&md5=a5e00f11a9cedccbf97bf843711d177a
https://doi.org/10.1109/ICPSAsia48933.2020.9208406
https://doi.org/10.1109/ICPSAsia48933.2020.9208406
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85093919055&doi=10.1109%2fICPSAsia48933.2020.9208406&partnerID=40&md5=d1bf853264663ecf93c54585d3a099f2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85093919055&doi=10.1109%2fICPSAsia48933.2020.9208406&partnerID=40&md5=d1bf853264663ecf93c54585d3a099f2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85093919055&doi=10.1109%2fICPSAsia48933.2020.9208406&partnerID=40&md5=d1bf853264663ecf93c54585d3a099f2
https://doi.org/10.1109/ACCESS.2019.2940597
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85077965707&doi=10.1109%2fACCESS.2019.2940597&partnerID=40&md5=f4ebff204c6d8eebaaf05fa5e6083f69
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85077965707&doi=10.1109%2fACCESS.2019.2940597&partnerID=40&md5=f4ebff204c6d8eebaaf05fa5e6083f69
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85077965707&doi=10.1109%2fACCESS.2019.2940597&partnerID=40&md5=f4ebff204c6d8eebaaf05fa5e6083f69
https://doi.org/10.1109/TSG.2012.2206411
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84872059628&doi=10.1109%2fTSG.2012.2206411&partnerID=40&md5=96b636a7ed9fdfa0010c64c675e98d29
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84872059628&doi=10.1109%2fTSG.2012.2206411&partnerID=40&md5=96b636a7ed9fdfa0010c64c675e98d29
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84872059628&doi=10.1109%2fTSG.2012.2206411&partnerID=40&md5=96b636a7ed9fdfa0010c64c675e98d29
https://doi.org/10.1109/PES.2008.4596189
https://doi.org/10.1109/PES.2008.4596189
https://www.scopus.com/inward/record.uri?eid=2-s2.0-52349096095&doi=10.1109%2fPES.2008.4596189&partnerID=40&md5=fbf84fec250b3424b340718878123e10
https://www.scopus.com/inward/record.uri?eid=2-s2.0-52349096095&doi=10.1109%2fPES.2008.4596189&partnerID=40&md5=fbf84fec250b3424b340718878123e10
https://www.scopus.com/inward/record.uri?eid=2-s2.0-52349096095&doi=10.1109%2fPES.2008.4596189&partnerID=40&md5=fbf84fec250b3424b340718878123e10
https://doi.org/10.1109/PESGM.2012.6345008
https://doi.org/10.1109/PESGM.2012.6345008
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84870626388&doi=10.1109%2fPESGM.2012.6345008&partnerID=40&md5=3f734e9b1c8b948300e4e0c05151ff48
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84870626388&doi=10.1109%2fPESGM.2012.6345008&partnerID=40&md5=3f734e9b1c8b948300e4e0c05151ff48
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84870626388&doi=10.1109%2fPESGM.2012.6345008&partnerID=40&md5=3f734e9b1c8b948300e4e0c05151ff48
https://doi.org/10.3390/WEVJ11030051
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85089491136&doi=10.3390%2fWEVJ11030051&partnerID=40&md5=ecdda4ba3a68e01ad22b719be73da9e7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85089491136&doi=10.3390%2fWEVJ11030051&partnerID=40&md5=ecdda4ba3a68e01ad22b719be73da9e7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85089491136&doi=10.3390%2fWEVJ11030051&partnerID=40&md5=ecdda4ba3a68e01ad22b719be73da9e7
https://doi.org/10.1016/j.apenergy.2018.03.164
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85045101634&doi=10.1016%2fj.apenergy.2018.03.164&partnerID=40&md5=43d89c9b5d4c1cf13fb0876055e381a4


39

scopus.com/inward/record.uri?eid=2-s2.0-85045101634&doi=10.1016%
2fj.apenergy.2018.03.164&partnerID=40&md5=43d89c9b5d4c1cf13fb0876055e381a4.

[35] R. Rao, H. Cai, and M. Xu. “Modeling electric taxis’ charging behavior
using real-world data”. In: International Journal of Sustainable Transporta-
tion 12.6 (2018), pp. 452–460. doi: 10.1080/15568318.2017.1388887.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85040983683&doi=10.1080%2f15568318.2017.1388887&partnerID=40&
md5=f5e19e29669215301ba04c4987ed745e.

[36] A. Hiesl, J. Ramsebner, and R. Haas. “Modelling stochastic electricity demand
of electric vehicles based on traffic surveys—the case of austria”. In: Energies
14.6 (2021). doi: 10 . 3390 / en14061577. url: https : / / www . scopus .
com / inward / record . uri ? eid = 2 - s2 . 0 - 85106653216 & doi = 10 . 3390 %
2fen14061577&partnerID=40&md5=f2a40b42ecbf8eb2735aa94a8fea2944.

[37] J. Pouladi, M. Bannae Sharifian, and S. Soleymani. “A New Model of Charging
Demand Related to Plug-in Hybrid Electric Vehicles Aggregation”. In: Electric
Power Components and Systems 45.9 (2017), pp. 964–979. doi: 10.1080/
15325008.2017.1312719. url: https://www.scopus.com/inward/record.
uri?eid=2-s2.0-85020713933&doi=10.1080%2f15325008.2017.1312719&
partnerID=40&md5=45d654ef84c8cc5af7590cbdcfe73786.

[38] S. Uimonen and M. Lehtonen. “Simulation of electric vehicle charging stations
load profiles in office buildings based on occupancy data”. In: Energies 13.21
(2020). doi: 10.3390/en13215700. url: https://www.scopus.com/inward/
record.uri?eid=2- s2.0- 85101579788&doi=10.3390%2fen13215700&
partnerID=40&md5=3f2c754c30107656e3569ba4fb86989f.

[39] D. Yu, X. Huang, and X. Yuan. “A Two-Layer Trip Chain Model for Commuting
Electric Vehicles”. In: 2021. doi: 10.1109/CIEEC50170.2021.9510659.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85114197534&doi=10.1109%2fCIEEC50170.2021.9510659&partnerID=40&
md5=3219dff854c33d176e61db36c1f5aeb5.

[40] J. Xiong, K. Zhang, Y. Guo, et al. “Investigate the Impacts of PEV Charging
Facilities on Integrated Electric Distribution System and Electrified Transporta-
tion System”. In: IEEE Transactions on Transportation Electrification 1.2
(2015), pp. 178–187. doi: 10.1109/TTE.2015.2443798. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-84973606972&doi=10.1109%
2fTTE.2015.2443798&partnerID=40&md5=a1f70e1f04b39a3fa3a77c98407878c2.

[41] S. Powell, G. Vianna Cezar, E. Apostolaki-Iosifidou, et al. “Large-scale scenar-
ios of electric vehicle charging with a data-driven model of control”. In: Energy
248 (2022). doi: 10.1016/j.energy.2022.123592. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85125898017&doi=10.1016%
2fj.energy.2022.123592&partnerID=40&md5=3e1a39b718e1a3b942c0c12d33ed98d8.

[42] H. Jiang, H. Ren, C. Sun, et al. “The temporal-spatial stochastic model of
plug-in hybrid electric vehicles”. In: vol. 2018-January. 2017, pp. 1–6. doi: 10.
1109/ISGTEurope.2017.8260233. url: https://www.scopus.com/inward/
record.uri?eid=2-s2.0-85046253401&doi=10.1109%2fISGTEurope.2017.
8260233&partnerID=40&md5=0e77f6f094c2b81224e0afd9bae1926e.

https://www.scopus.com/inward/record.uri?eid=2-s2.0-85045101634&doi=10.1016%2fj.apenergy.2018.03.164&partnerID=40&md5=43d89c9b5d4c1cf13fb0876055e381a4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85045101634&doi=10.1016%2fj.apenergy.2018.03.164&partnerID=40&md5=43d89c9b5d4c1cf13fb0876055e381a4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85045101634&doi=10.1016%2fj.apenergy.2018.03.164&partnerID=40&md5=43d89c9b5d4c1cf13fb0876055e381a4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85045101634&doi=10.1016%2fj.apenergy.2018.03.164&partnerID=40&md5=43d89c9b5d4c1cf13fb0876055e381a4
https://doi.org/10.1080/15568318.2017.1388887
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85040983683&doi=10.1080%2f15568318.2017.1388887&partnerID=40&md5=f5e19e29669215301ba04c4987ed745e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85040983683&doi=10.1080%2f15568318.2017.1388887&partnerID=40&md5=f5e19e29669215301ba04c4987ed745e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85040983683&doi=10.1080%2f15568318.2017.1388887&partnerID=40&md5=f5e19e29669215301ba04c4987ed745e
https://doi.org/10.3390/en14061577
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85106653216&doi=10.3390%2fen14061577&partnerID=40&md5=f2a40b42ecbf8eb2735aa94a8fea2944
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85106653216&doi=10.3390%2fen14061577&partnerID=40&md5=f2a40b42ecbf8eb2735aa94a8fea2944
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85106653216&doi=10.3390%2fen14061577&partnerID=40&md5=f2a40b42ecbf8eb2735aa94a8fea2944
https://doi.org/10.1080/15325008.2017.1312719
https://doi.org/10.1080/15325008.2017.1312719
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85020713933&doi=10.1080%2f15325008.2017.1312719&partnerID=40&md5=45d654ef84c8cc5af7590cbdcfe73786
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85020713933&doi=10.1080%2f15325008.2017.1312719&partnerID=40&md5=45d654ef84c8cc5af7590cbdcfe73786
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85020713933&doi=10.1080%2f15325008.2017.1312719&partnerID=40&md5=45d654ef84c8cc5af7590cbdcfe73786
https://doi.org/10.3390/en13215700
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85101579788&doi=10.3390%2fen13215700&partnerID=40&md5=3f2c754c30107656e3569ba4fb86989f
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85101579788&doi=10.3390%2fen13215700&partnerID=40&md5=3f2c754c30107656e3569ba4fb86989f
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85101579788&doi=10.3390%2fen13215700&partnerID=40&md5=3f2c754c30107656e3569ba4fb86989f
https://doi.org/10.1109/CIEEC50170.2021.9510659
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85114197534&doi=10.1109%2fCIEEC50170.2021.9510659&partnerID=40&md5=3219dff854c33d176e61db36c1f5aeb5
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85114197534&doi=10.1109%2fCIEEC50170.2021.9510659&partnerID=40&md5=3219dff854c33d176e61db36c1f5aeb5
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85114197534&doi=10.1109%2fCIEEC50170.2021.9510659&partnerID=40&md5=3219dff854c33d176e61db36c1f5aeb5
https://doi.org/10.1109/TTE.2015.2443798
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84973606972&doi=10.1109%2fTTE.2015.2443798&partnerID=40&md5=a1f70e1f04b39a3fa3a77c98407878c2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84973606972&doi=10.1109%2fTTE.2015.2443798&partnerID=40&md5=a1f70e1f04b39a3fa3a77c98407878c2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84973606972&doi=10.1109%2fTTE.2015.2443798&partnerID=40&md5=a1f70e1f04b39a3fa3a77c98407878c2
https://doi.org/10.1016/j.energy.2022.123592
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85125898017&doi=10.1016%2fj.energy.2022.123592&partnerID=40&md5=3e1a39b718e1a3b942c0c12d33ed98d8
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85125898017&doi=10.1016%2fj.energy.2022.123592&partnerID=40&md5=3e1a39b718e1a3b942c0c12d33ed98d8
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85125898017&doi=10.1016%2fj.energy.2022.123592&partnerID=40&md5=3e1a39b718e1a3b942c0c12d33ed98d8
https://doi.org/10.1109/ISGTEurope.2017.8260233
https://doi.org/10.1109/ISGTEurope.2017.8260233
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046253401&doi=10.1109%2fISGTEurope.2017.8260233&partnerID=40&md5=0e77f6f094c2b81224e0afd9bae1926e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046253401&doi=10.1109%2fISGTEurope.2017.8260233&partnerID=40&md5=0e77f6f094c2b81224e0afd9bae1926e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046253401&doi=10.1109%2fISGTEurope.2017.8260233&partnerID=40&md5=0e77f6f094c2b81224e0afd9bae1926e


40

[43] A. Shukla, K. Verma, and R. Kumar. “Voltage-dependent modelling of fast
charging electric vehicle load considering battery characteristics”. In: IET
Electrical Systems in Transportation 8.4 (2018), pp. 221–230. doi: 10.1049/
iet- est.2017.0096. url: https://www.scopus.com/inward/record.
uri?eid=2- s2.0- 85057770942&doi=10.1049%2fiet- est.2017.0096&
partnerID=40&md5=e2803d5e16de1fcfbd5c525284fc1a14.

[44] O. Hafez and K. Bhattacharya. “Queuing analysis based PEV load modeling
considering battery charging behavior and their impact on distribution system
operation”. In: IEEE Transactions on Smart Grid 9.1 (2018), pp. 261–273.
doi: 10 . 1109 / TSG . 2016 . 2550219. url: https : / / www . scopus . com /
inward/record.uri?eid=2-s2.0-85048935488&doi=10.1109%2fTSG.2016.
2550219&partnerID=40&md5=645897afb5bbca3fe6b65d0d5007c951.

[45] Q. Deng, S. Tripathy, D. Tylavsky, et al. “Demand Modeling of a dc Fast Charg-
ing Station”. In: 2019. doi: 10.1109/NAPS.2018.8600618. url: https://
www.scopus.com/inward/record.uri?eid=2-s2.0-85061802017&doi=10.
1109%2fNAPS.2018.8600618&partnerID=40&md5=8b12fcf36a0404d089cad9e65a55f3ea.

[46] W. Alharbi and K. Bhattacharya. “Impact of mixed charging requests of PEVs
on a charging facility load and a distribution grid”. In: vol. 2017-November.
2018, pp. 1–5. doi: 10.1109/IGESC.2017.8283457. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85050408546&doi=10.1109%
2fIGESC.2017.8283457&partnerID=40&md5=aa6769b9cde4cee6eace987eec57a6f1.

[47] A. Almutairi and M. Salama. “Assessment and Enhancement Frameworks for
System Reliability Performance Using Different PEV Charging Models”. In:
IEEE Transactions on Sustainable Energy 9.4 (2018), pp. 1969–1984. doi:
10.1109/TSTE.2018.2820696. url: https://www.scopus.com/inward/
record . uri ? eid = 2 - s2 . 0 - 85044714922 & doi = 10 . 1109 % 2fTSTE . 2018 .
2820696&partnerID=40&md5=41a1f3780e3f3d6d04889378756f68a1.

[48] A. Almutairi and S. Alyami. “Load Profile Modeling of Plug-In Electric
Vehicles: Realistic and Ready-to-Use Benchmark Test Data”. In: IEEE
Access 9 (2021), pp. 59637–59648. doi: 10.1109/ACCESS.2021.3072982.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85104269841&doi=10.1109%2fACCESS.2021.3072982&partnerID=40&md5=
cba594330b8d885c9d106d780c9ebff4.

[49] E. Blasius and Z. Wang. “Effects of charging battery electric vehicles on local
grid regarding standardized load profile in administration sector”. In: Applied
Energy 224 (2018), pp. 330–339. doi: 10.1016/j.apenergy.2018.04.073.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85046655459&doi=10.1016%2fj.apenergy.2018.04.073&partnerID=40&
md5=3f006a1cd78dbd5500fe4f58161716d9.

[50] M. De Nigris, I. Gianinoni, S. Grillo, et al. “Impact evaluation of plug-in
electric vehicles (PEV) on electric distribution networks”. In: 2010. doi:
10.1109/ICHQP.2010.5625433. url: https://www.scopus.com/inward/
record.uri?eid=2- s2.0- 78650569483&doi=10.1109%2fICHQP.2010.
5625433&partnerID=40&md5=6d876e0251145a82351c94484f82b594.

https://doi.org/10.1049/iet-est.2017.0096
https://doi.org/10.1049/iet-est.2017.0096
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85057770942&doi=10.1049%2fiet-est.2017.0096&partnerID=40&md5=e2803d5e16de1fcfbd5c525284fc1a14
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85057770942&doi=10.1049%2fiet-est.2017.0096&partnerID=40&md5=e2803d5e16de1fcfbd5c525284fc1a14
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85057770942&doi=10.1049%2fiet-est.2017.0096&partnerID=40&md5=e2803d5e16de1fcfbd5c525284fc1a14
https://doi.org/10.1109/TSG.2016.2550219
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85048935488&doi=10.1109%2fTSG.2016.2550219&partnerID=40&md5=645897afb5bbca3fe6b65d0d5007c951
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85048935488&doi=10.1109%2fTSG.2016.2550219&partnerID=40&md5=645897afb5bbca3fe6b65d0d5007c951
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85048935488&doi=10.1109%2fTSG.2016.2550219&partnerID=40&md5=645897afb5bbca3fe6b65d0d5007c951
https://doi.org/10.1109/NAPS.2018.8600618
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85061802017&doi=10.1109%2fNAPS.2018.8600618&partnerID=40&md5=8b12fcf36a0404d089cad9e65a55f3ea
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85061802017&doi=10.1109%2fNAPS.2018.8600618&partnerID=40&md5=8b12fcf36a0404d089cad9e65a55f3ea
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85061802017&doi=10.1109%2fNAPS.2018.8600618&partnerID=40&md5=8b12fcf36a0404d089cad9e65a55f3ea
https://doi.org/10.1109/IGESC.2017.8283457
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85050408546&doi=10.1109%2fIGESC.2017.8283457&partnerID=40&md5=aa6769b9cde4cee6eace987eec57a6f1
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85050408546&doi=10.1109%2fIGESC.2017.8283457&partnerID=40&md5=aa6769b9cde4cee6eace987eec57a6f1
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85050408546&doi=10.1109%2fIGESC.2017.8283457&partnerID=40&md5=aa6769b9cde4cee6eace987eec57a6f1
https://doi.org/10.1109/TSTE.2018.2820696
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85044714922&doi=10.1109%2fTSTE.2018.2820696&partnerID=40&md5=41a1f3780e3f3d6d04889378756f68a1
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85044714922&doi=10.1109%2fTSTE.2018.2820696&partnerID=40&md5=41a1f3780e3f3d6d04889378756f68a1
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85044714922&doi=10.1109%2fTSTE.2018.2820696&partnerID=40&md5=41a1f3780e3f3d6d04889378756f68a1
https://doi.org/10.1109/ACCESS.2021.3072982
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85104269841&doi=10.1109%2fACCESS.2021.3072982&partnerID=40&md5=cba594330b8d885c9d106d780c9ebff4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85104269841&doi=10.1109%2fACCESS.2021.3072982&partnerID=40&md5=cba594330b8d885c9d106d780c9ebff4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85104269841&doi=10.1109%2fACCESS.2021.3072982&partnerID=40&md5=cba594330b8d885c9d106d780c9ebff4
https://doi.org/10.1016/j.apenergy.2018.04.073
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046655459&doi=10.1016%2fj.apenergy.2018.04.073&partnerID=40&md5=3f006a1cd78dbd5500fe4f58161716d9
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046655459&doi=10.1016%2fj.apenergy.2018.04.073&partnerID=40&md5=3f006a1cd78dbd5500fe4f58161716d9
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046655459&doi=10.1016%2fj.apenergy.2018.04.073&partnerID=40&md5=3f006a1cd78dbd5500fe4f58161716d9
https://doi.org/10.1109/ICHQP.2010.5625433
https://www.scopus.com/inward/record.uri?eid=2-s2.0-78650569483&doi=10.1109%2fICHQP.2010.5625433&partnerID=40&md5=6d876e0251145a82351c94484f82b594
https://www.scopus.com/inward/record.uri?eid=2-s2.0-78650569483&doi=10.1109%2fICHQP.2010.5625433&partnerID=40&md5=6d876e0251145a82351c94484f82b594
https://www.scopus.com/inward/record.uri?eid=2-s2.0-78650569483&doi=10.1109%2fICHQP.2010.5625433&partnerID=40&md5=6d876e0251145a82351c94484f82b594


41

[51] A. Ensslen, C. Will, and P. Jochem. “Simulating electric vehicle diffusion
and charging activities in France and Germany”. In: World Electric Vehicle
Journal 10.4 (2019). doi: 10.3390/wevj10040073. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85078709029&doi=10.3390%
2fwevj10040073&partnerID=40&md5=7487fdbe3a00843bb5e2bb7d8faf0f10.

[52] N. Tehrani and P. Wang. “Probabilistic estimation of plug-in electric vehicles
charging load profile”. In: Electric Power Systems Research 124 (2015), pp. 133–
143. doi: 10.1016/j.epsr.2015.03.010. url: https://www.scopus.com/
inward/record.uri?eid=2-s2.0-84925772708&doi=10.1016%2fj.epsr.
2015.03.010&partnerID=40&md5=b108f89f1210be03651b89df89f7d66a.

[53] K. Feng, Y. Zhong, B. Hong, et al. “The Impact of Plug-in Electric Vehicles on
Distribution Network”. In: 2020. doi: 10.1109/ISC251055.2020.9239073.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85097174237&doi=10.1109%2fISC251055.2020.9239073&partnerID=40&
md5=b853da22f2694621a53ccd32db9bc1bb.

[54] C. Guo, D. Liu, W. Geng, et al. “Modeling and Analysis of Electric Vehicle
Charging Load in Residential Area”. In: 2019, pp. 394–402. doi: 10.1109/
ICPRE48497.2019.9034848. url: https://www.scopus.com/inward/
record.uri?eid=2-s2.0-85083083899&doi=10.1109%2fICPRE48497.2019.
9034848&partnerID=40&md5=4f5850da8cccaf82e909df412f6bcdf2.

[55] T. Kurniawan, C. Baguley, U. Madawala, et al. “An electric vehicle charge
scheduling approach suited to local and supplying distribution transformers”.
In: Energies 13.13 (2020). doi: 10.3390/en13133486. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85090035359&doi=10.3390%
2fen13133486&partnerID=40&md5=dd5b53eb2cbf8082f6e66316651cb50a.

[56] A. Melhorn, K. McKenna, A. Keane, et al. “Autonomous plug and play
electric vehicle charging scenarios including reactive power provision: A prob-
abilistic load flow analysis”. In: IET Generation, Transmission and Dis-
tribution 11.3 (2017), pp. 768–775. doi: 10.1049/iet- gtd.2016.0652.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85012066482&doi=10.1049%2fiet-gtd.2016.0652&partnerID=40&md5=
17e83f98c5d2b9ebd5b9e4f83fea7c9c.

[57] J. Sausen, A. Abaide, O. Adeyanju, et al. “EV Demand Forecasting Model
Based on Travel Survey: A Brazilian Case Study”. In: 2019. doi: 10.1109/
ISGT-LA.2019.8894955. url: https://www.scopus.com/inward/record.
uri?eid=2-s2.0-85075752898&doi=10.1109%2fISGT-LA.2019.8894955&
partnerID=40&md5=ba8f5ea41f2761bd45bb0ef8aff31419.

[58] Å. Sørensen, K. Lindberg, I. Sartori, et al. “Residential electric vehicle charging
datasets from apartment buildings”. In: Data in Brief 36 (2021). doi:
10.1016/j.dib.2021.107105. url: https://www.scopus.com/inward/
record.uri?eid=2- s2.0- 85107781943&doi=10.1016%2fj.dib.2021.
107105&partnerID=40&md5=0f2d52644f33041c22a5e6d5fe6e5ab3.

[59] J. Stiasny, T. Zufferey, G. Pareschi, et al. “Sensitivity analysis of electric vehicle
impact on low-voltage distribution grids”. In: Electric Power Systems Research
191 (2021). doi: 10.1016/j.epsr.2020.106696. url: https://www.scopus.

https://doi.org/10.3390/wevj10040073
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85078709029&doi=10.3390%2fwevj10040073&partnerID=40&md5=7487fdbe3a00843bb5e2bb7d8faf0f10
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85078709029&doi=10.3390%2fwevj10040073&partnerID=40&md5=7487fdbe3a00843bb5e2bb7d8faf0f10
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85078709029&doi=10.3390%2fwevj10040073&partnerID=40&md5=7487fdbe3a00843bb5e2bb7d8faf0f10
https://doi.org/10.1016/j.epsr.2015.03.010
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84925772708&doi=10.1016%2fj.epsr.2015.03.010&partnerID=40&md5=b108f89f1210be03651b89df89f7d66a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84925772708&doi=10.1016%2fj.epsr.2015.03.010&partnerID=40&md5=b108f89f1210be03651b89df89f7d66a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84925772708&doi=10.1016%2fj.epsr.2015.03.010&partnerID=40&md5=b108f89f1210be03651b89df89f7d66a
https://doi.org/10.1109/ISC251055.2020.9239073
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85097174237&doi=10.1109%2fISC251055.2020.9239073&partnerID=40&md5=b853da22f2694621a53ccd32db9bc1bb
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85097174237&doi=10.1109%2fISC251055.2020.9239073&partnerID=40&md5=b853da22f2694621a53ccd32db9bc1bb
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85097174237&doi=10.1109%2fISC251055.2020.9239073&partnerID=40&md5=b853da22f2694621a53ccd32db9bc1bb
https://doi.org/10.1109/ICPRE48497.2019.9034848
https://doi.org/10.1109/ICPRE48497.2019.9034848
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85083083899&doi=10.1109%2fICPRE48497.2019.9034848&partnerID=40&md5=4f5850da8cccaf82e909df412f6bcdf2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85083083899&doi=10.1109%2fICPRE48497.2019.9034848&partnerID=40&md5=4f5850da8cccaf82e909df412f6bcdf2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85083083899&doi=10.1109%2fICPRE48497.2019.9034848&partnerID=40&md5=4f5850da8cccaf82e909df412f6bcdf2
https://doi.org/10.3390/en13133486
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85090035359&doi=10.3390%2fen13133486&partnerID=40&md5=dd5b53eb2cbf8082f6e66316651cb50a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85090035359&doi=10.3390%2fen13133486&partnerID=40&md5=dd5b53eb2cbf8082f6e66316651cb50a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85090035359&doi=10.3390%2fen13133486&partnerID=40&md5=dd5b53eb2cbf8082f6e66316651cb50a
https://doi.org/10.1049/iet-gtd.2016.0652
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85012066482&doi=10.1049%2fiet-gtd.2016.0652&partnerID=40&md5=17e83f98c5d2b9ebd5b9e4f83fea7c9c
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85012066482&doi=10.1049%2fiet-gtd.2016.0652&partnerID=40&md5=17e83f98c5d2b9ebd5b9e4f83fea7c9c
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85012066482&doi=10.1049%2fiet-gtd.2016.0652&partnerID=40&md5=17e83f98c5d2b9ebd5b9e4f83fea7c9c
https://doi.org/10.1109/ISGT-LA.2019.8894955
https://doi.org/10.1109/ISGT-LA.2019.8894955
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85075752898&doi=10.1109%2fISGT-LA.2019.8894955&partnerID=40&md5=ba8f5ea41f2761bd45bb0ef8aff31419
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85075752898&doi=10.1109%2fISGT-LA.2019.8894955&partnerID=40&md5=ba8f5ea41f2761bd45bb0ef8aff31419
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85075752898&doi=10.1109%2fISGT-LA.2019.8894955&partnerID=40&md5=ba8f5ea41f2761bd45bb0ef8aff31419
https://doi.org/10.1016/j.dib.2021.107105
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85107781943&doi=10.1016%2fj.dib.2021.107105&partnerID=40&md5=0f2d52644f33041c22a5e6d5fe6e5ab3
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85107781943&doi=10.1016%2fj.dib.2021.107105&partnerID=40&md5=0f2d52644f33041c22a5e6d5fe6e5ab3
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85107781943&doi=10.1016%2fj.dib.2021.107105&partnerID=40&md5=0f2d52644f33041c22a5e6d5fe6e5ab3
https://doi.org/10.1016/j.epsr.2020.106696
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85092705850&doi=10.1016%2fj.epsr.2020.106696&partnerID=40&md5=7ef7d273f86bcc22860488634c53e00d


42

com/inward/record.uri?eid=2-s2.0-85092705850&doi=10.1016%2fj.
epsr.2020.106696&partnerID=40&md5=7ef7d273f86bcc22860488634c53e00d.

[60] N. MacMackin, L. Miller, and R. Carriveau. “Investigating distribution systems
impacts with clustered technology penetration and customer load patterns”.
In: International Journal of Electrical Power and Energy Systems 128 (2021).
doi: 10.1016/j.ijepes.2020.106758. url: https://www.scopus.com/
inward/record.uri?eid=2-s2.0-85100151062&doi=10.1016%2fj.ijepes.
2020.106758&partnerID=40&md5=f6be568855b5074a8594ec53bd246f5c.

[61] H. E. V. Ayala and N. G. Barriga. “Study of the impact of electric vehicles
fleets in HV electric power grids based on an uncontrolled charging strategy”.
In: vol. 2018-January. 2017, pp. 1–6. doi: 10.1109/ROPEC.2017.8261680.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85046289019&doi=10.1109%2fROPEC.2017.8261680&partnerID=40&md5=
d42869d530ac6a551a1081861f9f3dde.

[62] K. Qian, C. Zhou, and Y. Yuan. “Impacts of high penetration level of
fully electric vehicles charging loads on the thermal ageing of power trans-
formers”. In: International Journal of Electrical Power and Energy Sys-
tems 65 (2015), pp. 102–112. doi: 10 . 1016 / j . ijepes . 2014 . 09 . 040.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
84908253419&doi=10.1016%2fj.ijepes.2014.09.040&partnerID=40&md5=
383422963cda6f2082eb974f0a1ac2b6.

[63] A. Almutairi, M. Alotaibi, and M. Salama. “Goodness of Fit Statistical Analysis
for Different Variables of PEV Driver Behaviour”. In: vol. 2018-May. 2018.
doi: 10.1109/CCECE.2018.8447806. url: https://www.scopus.com/
inward/record.uri?eid=2-s2.0-85053593704&doi=10.1109%2fCCECE.
2018.8447806&partnerID=40&md5=37859df2616a7a78a7880877f2f4df9e.

[64] U. Ramadhani, M. Shepero, J. Munkhammar, et al. “Review of probabilistic
load flow approaches for power distribution systems with photovoltaic generation
and electric vehicle charging”. In: International Journal of Electrical Power
and Energy Systems 120 (2020). doi: 10.1016/j.ijepes.2020.106003.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85082594060&doi=10.1016%2fj.ijepes.2020.106003&partnerID=40&md5=
995a98420106dbc3bcdc1e3d8d9480e8.

[65] I. Guzel and M. Gol. “Plug-in electric vehicle load modeling for smart charging
strategies in microgrids”. In: 2021. doi: 10.1109/SEST50973.2021.9543261.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85116697230&doi=10.1109%2fSEST50973.2021.9543261&partnerID=40&
md5=caad815f73ed71db62a2b6c0686f91d4.

[66] Y. Xiong, B. Wang, C.-C. Chu, et al. “Electric Vehicle Driver Clustering
using Statistical Model and Machine Learning”. In: vol. 2018-August. 2018.
doi: 10.1109/PESGM.2018.8586132. url: https://www.scopus.com/
inward/record.uri?eid=2-s2.0-85060794557&doi=10.1109%2fPESGM.
2018.8586132&partnerID=40&md5=c1a499985e78ec1c005e68d2928d7e83.

[67] Q. Dang and Y. Huo. “Modeling EV fleet Load in Distribution Grids: A Data-
Driven Approach”. In: 2018, pp. 851–857. doi: 10.1109/ITEC.2018.8450195.

https://www.scopus.com/inward/record.uri?eid=2-s2.0-85092705850&doi=10.1016%2fj.epsr.2020.106696&partnerID=40&md5=7ef7d273f86bcc22860488634c53e00d
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85092705850&doi=10.1016%2fj.epsr.2020.106696&partnerID=40&md5=7ef7d273f86bcc22860488634c53e00d
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85092705850&doi=10.1016%2fj.epsr.2020.106696&partnerID=40&md5=7ef7d273f86bcc22860488634c53e00d
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85092705850&doi=10.1016%2fj.epsr.2020.106696&partnerID=40&md5=7ef7d273f86bcc22860488634c53e00d
https://doi.org/10.1016/j.ijepes.2020.106758
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85100151062&doi=10.1016%2fj.ijepes.2020.106758&partnerID=40&md5=f6be568855b5074a8594ec53bd246f5c
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85100151062&doi=10.1016%2fj.ijepes.2020.106758&partnerID=40&md5=f6be568855b5074a8594ec53bd246f5c
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85100151062&doi=10.1016%2fj.ijepes.2020.106758&partnerID=40&md5=f6be568855b5074a8594ec53bd246f5c
https://doi.org/10.1109/ROPEC.2017.8261680
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046289019&doi=10.1109%2fROPEC.2017.8261680&partnerID=40&md5=d42869d530ac6a551a1081861f9f3dde
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046289019&doi=10.1109%2fROPEC.2017.8261680&partnerID=40&md5=d42869d530ac6a551a1081861f9f3dde
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046289019&doi=10.1109%2fROPEC.2017.8261680&partnerID=40&md5=d42869d530ac6a551a1081861f9f3dde
https://doi.org/10.1016/j.ijepes.2014.09.040
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84908253419&doi=10.1016%2fj.ijepes.2014.09.040&partnerID=40&md5=383422963cda6f2082eb974f0a1ac2b6
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84908253419&doi=10.1016%2fj.ijepes.2014.09.040&partnerID=40&md5=383422963cda6f2082eb974f0a1ac2b6
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84908253419&doi=10.1016%2fj.ijepes.2014.09.040&partnerID=40&md5=383422963cda6f2082eb974f0a1ac2b6
https://doi.org/10.1109/CCECE.2018.8447806
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053593704&doi=10.1109%2fCCECE.2018.8447806&partnerID=40&md5=37859df2616a7a78a7880877f2f4df9e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053593704&doi=10.1109%2fCCECE.2018.8447806&partnerID=40&md5=37859df2616a7a78a7880877f2f4df9e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053593704&doi=10.1109%2fCCECE.2018.8447806&partnerID=40&md5=37859df2616a7a78a7880877f2f4df9e
https://doi.org/10.1016/j.ijepes.2020.106003
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85082594060&doi=10.1016%2fj.ijepes.2020.106003&partnerID=40&md5=995a98420106dbc3bcdc1e3d8d9480e8
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85082594060&doi=10.1016%2fj.ijepes.2020.106003&partnerID=40&md5=995a98420106dbc3bcdc1e3d8d9480e8
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85082594060&doi=10.1016%2fj.ijepes.2020.106003&partnerID=40&md5=995a98420106dbc3bcdc1e3d8d9480e8
https://doi.org/10.1109/SEST50973.2021.9543261
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116697230&doi=10.1109%2fSEST50973.2021.9543261&partnerID=40&md5=caad815f73ed71db62a2b6c0686f91d4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116697230&doi=10.1109%2fSEST50973.2021.9543261&partnerID=40&md5=caad815f73ed71db62a2b6c0686f91d4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116697230&doi=10.1109%2fSEST50973.2021.9543261&partnerID=40&md5=caad815f73ed71db62a2b6c0686f91d4
https://doi.org/10.1109/PESGM.2018.8586132
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85060794557&doi=10.1109%2fPESGM.2018.8586132&partnerID=40&md5=c1a499985e78ec1c005e68d2928d7e83
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85060794557&doi=10.1109%2fPESGM.2018.8586132&partnerID=40&md5=c1a499985e78ec1c005e68d2928d7e83
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85060794557&doi=10.1109%2fPESGM.2018.8586132&partnerID=40&md5=c1a499985e78ec1c005e68d2928d7e83
https://doi.org/10.1109/ITEC.2018.8450195


43

url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85053848670&doi=10.1109%2fITEC.2018.8450195&partnerID=40&md5=
234d9add068224e0d5f351e1d2606b54.

[68] A. Haidar and K. Muttaqi. “Behavioral characterization of electric vehicle
charging loads in a distribution power grid through modeling of battery charg-
ers”. In: IEEE Transactions on Industry Applications 52.1 (2016), pp. 483–
492. doi: 10.1109/TIA.2015.2483705. url: https://www.scopus.com/
inward/record.uri?eid=2-s2.0-84962239372&doi=10.1109%2fTIA.2015.
2483705&partnerID=40&md5=60cc603660fae346992ccf55bc6c8029.

[69] S. Wang, L. Du, J. Ye, et al. “Robust Identification of EV Charging Profiles”. In:
2018, pp. 418–423. doi: 10.1109/ITEC.2018.8450086. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85053846124&doi=10.1109%
2fITEC.2018.8450086&partnerID=40&md5=106b030985963880a94dbc30f5b5f619.

[70] L. Bitencourt, B. Dias, T. Abud, et al. “Electric vehicles charging optimization
considering EVs and load uncertainties”. In: 2019. doi: 10.1109/PTC.2019.
8810538. url: https://www.scopus.com/inward/record.uri?eid=2-
s2.0-85072328936&doi=10.1109%2fPTC.2019.8810538&partnerID=40&
md5=80c8b95fb6b229e8014f9788694c4b65.

[71] N. Wulff, F. Miorelli, H. Gils, et al. “Vehicle energy consumption in python
(Vencopy): Presenting and demonstrating an open-source tool to calculate
electric vehicle charging flexibility”. In: Energies 14.14 (2021). doi: 10.3390/
en14144349. url: https://www.scopus.com/inward/record.uri?eid=2-
s2.0 - 85111356892& doi=10.3390% 2fen14144349 &partnerID=40&md5 =
b6e1d6391f7479235d141fa16e87c9f6.

[72] J. Guerrero, B. Bhattarai, R. Shrestha, et al. “Integrating electric vehicles into
power system operation production cost models”. In: World Electric Vehicle
Journal 12.4 (2021). doi: 10.3390/wevj12040263. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85121321587&doi=10.3390%
2fwevj12040263&partnerID=40&md5=18c0e2ecc2c88ecb031a3937d9c5432e.

[73] I. Anselmo and H. Mahmood. “Modeling and simulation of EV unsched-
uled charging and its impact on distribution systems”. In: 2021. doi:
10.1109/ISGTLatinAmerica52371.2021.9543054. url: https://www.
scopus . com / inward / record . uri ? eid = 2 - s2 . 0 - 85117608854 & doi =
10.1109%2fISGTLatinAmerica52371.2021.9543054&partnerID=40&md5=
5ab110a4b4f3f83485dd9073cd9b7ba7.

[74] M. Taljegard, L. Göransson, M. Odenberger, et al. “Impacts of electric vehicles
on the electricity generation portfolio – A Scandinavian-German case study”.
In: Applied Energy 235 (2019), pp. 1637–1650. doi: 10.1016/j.apenergy.
2018.10.133. url: https://www.scopus.com/inward/record.uri?eid=2-
s2.0-85058041348&doi=10.1016%2fj.apenergy.2018.10.133&partnerID=
40&md5=5c19b36f542b26b07ce3c00c2918d60f.

[75] M. Lahariya, D. Benoit, and C. Develder. “Synthetic data generator for electric
vehicle charging sessions: modeling and evaluation using real-world data”.
In: Energies 13.6 (2020). doi: 10.3390/en13164211. url: https://www.

https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053848670&doi=10.1109%2fITEC.2018.8450195&partnerID=40&md5=234d9add068224e0d5f351e1d2606b54
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053848670&doi=10.1109%2fITEC.2018.8450195&partnerID=40&md5=234d9add068224e0d5f351e1d2606b54
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053848670&doi=10.1109%2fITEC.2018.8450195&partnerID=40&md5=234d9add068224e0d5f351e1d2606b54
https://doi.org/10.1109/TIA.2015.2483705
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84962239372&doi=10.1109%2fTIA.2015.2483705&partnerID=40&md5=60cc603660fae346992ccf55bc6c8029
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84962239372&doi=10.1109%2fTIA.2015.2483705&partnerID=40&md5=60cc603660fae346992ccf55bc6c8029
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84962239372&doi=10.1109%2fTIA.2015.2483705&partnerID=40&md5=60cc603660fae346992ccf55bc6c8029
https://doi.org/10.1109/ITEC.2018.8450086
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053846124&doi=10.1109%2fITEC.2018.8450086&partnerID=40&md5=106b030985963880a94dbc30f5b5f619
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053846124&doi=10.1109%2fITEC.2018.8450086&partnerID=40&md5=106b030985963880a94dbc30f5b5f619
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053846124&doi=10.1109%2fITEC.2018.8450086&partnerID=40&md5=106b030985963880a94dbc30f5b5f619
https://doi.org/10.1109/PTC.2019.8810538
https://doi.org/10.1109/PTC.2019.8810538
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85072328936&doi=10.1109%2fPTC.2019.8810538&partnerID=40&md5=80c8b95fb6b229e8014f9788694c4b65
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85072328936&doi=10.1109%2fPTC.2019.8810538&partnerID=40&md5=80c8b95fb6b229e8014f9788694c4b65
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85072328936&doi=10.1109%2fPTC.2019.8810538&partnerID=40&md5=80c8b95fb6b229e8014f9788694c4b65
https://doi.org/10.3390/en14144349
https://doi.org/10.3390/en14144349
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85111356892&doi=10.3390%2fen14144349&partnerID=40&md5=b6e1d6391f7479235d141fa16e87c9f6
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85111356892&doi=10.3390%2fen14144349&partnerID=40&md5=b6e1d6391f7479235d141fa16e87c9f6
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85111356892&doi=10.3390%2fen14144349&partnerID=40&md5=b6e1d6391f7479235d141fa16e87c9f6
https://doi.org/10.3390/wevj12040263
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85121321587&doi=10.3390%2fwevj12040263&partnerID=40&md5=18c0e2ecc2c88ecb031a3937d9c5432e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85121321587&doi=10.3390%2fwevj12040263&partnerID=40&md5=18c0e2ecc2c88ecb031a3937d9c5432e
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85121321587&doi=10.3390%2fwevj12040263&partnerID=40&md5=18c0e2ecc2c88ecb031a3937d9c5432e
https://doi.org/10.1109/ISGTLatinAmerica52371.2021.9543054
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85117608854&doi=10.1109%2fISGTLatinAmerica52371.2021.9543054&partnerID=40&md5=5ab110a4b4f3f83485dd9073cd9b7ba7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85117608854&doi=10.1109%2fISGTLatinAmerica52371.2021.9543054&partnerID=40&md5=5ab110a4b4f3f83485dd9073cd9b7ba7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85117608854&doi=10.1109%2fISGTLatinAmerica52371.2021.9543054&partnerID=40&md5=5ab110a4b4f3f83485dd9073cd9b7ba7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85117608854&doi=10.1109%2fISGTLatinAmerica52371.2021.9543054&partnerID=40&md5=5ab110a4b4f3f83485dd9073cd9b7ba7
https://doi.org/10.1016/j.apenergy.2018.10.133
https://doi.org/10.1016/j.apenergy.2018.10.133
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85058041348&doi=10.1016%2fj.apenergy.2018.10.133&partnerID=40&md5=5c19b36f542b26b07ce3c00c2918d60f
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85058041348&doi=10.1016%2fj.apenergy.2018.10.133&partnerID=40&md5=5c19b36f542b26b07ce3c00c2918d60f
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85058041348&doi=10.1016%2fj.apenergy.2018.10.133&partnerID=40&md5=5c19b36f542b26b07ce3c00c2918d60f
https://doi.org/10.3390/en13164211
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85090911090&doi=10.3390%2fen13164211&partnerID=40&md5=9f390f761f0f5c6d89de82639f5b73b1


44

scopus.com/inward/record.uri?eid=2-s2.0-85090911090&doi=10.3390%
2fen13164211&partnerID=40&md5=9f390f761f0f5c6d89de82639f5b73b1.

[76] A. Tian, W. Li, and W. Hao. “An adaptive aggregation impedance model
for EV charging load”. In: 2016. doi: 10.1109/CONTROL.2016.7737649.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85003781910&doi=10.1109%2fCONTROL.2016.7737649&partnerID=40&md5=
dc5266424bcd69c8429009b2a9dc4f15.

[77] H. Louie. “Time-Series Modeling of Aggregated Electric Vehicle Charging
Station Load”. In: Electric Power Components and Systems 45.14 (2017),
pp. 1498–1511. doi: 10.1080/15325008.2017.1336583. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85038607113&doi=10.1080%
2f15325008.2017.1336583&partnerID=40&md5=1488e56d1d01c671f44c7a2305887092.

[78] J. Gil-Aguirre, S. Perez-Londoño, and J. Mora-Flórez. “A measurement-based
load modelling methodology for electric vehicle fast-charging stations”. In:
Electric Power Systems Research 176 (2019). doi: 10.1016/j.epsr.2019.
105934. url: https://www.scopus.com/inward/record.uri?eid=2-s2.0-
85068578163&doi=10.1016%2fj.epsr.2019.105934&partnerID=40&md5=
15bdf80514188b271fbbc7d882ae4e49.

[79] P. Pao-la-or and B. Boribun. “Modeling and analysis of the plug-in electric
vehicles charging in the unbalanced radial distribution system”. In: Inter-
national Journal of Electrical and Electronic Engineering and Telecommuni-
cations 8.3 (2019), pp. 133–138. doi: 10.18178/ijeetc.8.3.133- 138.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85065236882&doi=10.18178%2fijeetc.8.3.133-138&partnerID=40&md5=
ecb47ece878d31457a4863ba0a53b44d.

[80] B. Hashemi, P. Baboli, S. Taheri, et al. “Contribution of Coordinated
Charging of Plug-in Electric Vehicles to Urban Medium Voltage Distribu-
tion Grid”. In: 2019, pp. 274–278. doi: 10.1109/SEGE.2019.8859931.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85074109628&doi=10.1109%2fSEGE.2019.8859931&partnerID=40&md5=
9e010f69e9cee87444142c24b4691623.

[81] C. Chen, Y. Song, X. Hu, et al. “Analysis of electric vehicle charging behavior
patterns with function principal component analysis approach”. In: Jour-
nal of Advanced Transportation 2020 (2020). doi: 10.1155/2020/8850654.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85097579401 & doi = 10 . 1155 % 2f2020 % 2f8850654 & partnerID = 40 & md5 =
268dd8aa3fbb6b24c9d9c0f4ed5802bb.

[82] Q. Li, Z. Liu, F. Wen, et al. “Temporal and Spatial Distribution of Charging
Loads of Electric Vehicles with Road Information Employed”. In: 2021. doi: 10.
1109/GUCON50781.2021.9573632. url: https://www.scopus.com/inward/
record.uri?eid=2-s2.0-85119094488&doi=10.1109%2fGUCON50781.2021.
9573632&partnerID=40&md5=6c71c90f467e69e5975bc46b758aefeb.

[83] Z. Chen, Z. Zhang, J. Zhao, et al. “An Analysis of the Charging Characteristics
of Electric Vehicles Based on Measured Data and Its Application”. In: IEEE
Access 6 (2018), pp. 24475–24487. doi: 10.1109/ACCESS.2018.2835825.

https://www.scopus.com/inward/record.uri?eid=2-s2.0-85090911090&doi=10.3390%2fen13164211&partnerID=40&md5=9f390f761f0f5c6d89de82639f5b73b1
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85090911090&doi=10.3390%2fen13164211&partnerID=40&md5=9f390f761f0f5c6d89de82639f5b73b1
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85090911090&doi=10.3390%2fen13164211&partnerID=40&md5=9f390f761f0f5c6d89de82639f5b73b1
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85090911090&doi=10.3390%2fen13164211&partnerID=40&md5=9f390f761f0f5c6d89de82639f5b73b1
https://doi.org/10.1109/CONTROL.2016.7737649
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85003781910&doi=10.1109%2fCONTROL.2016.7737649&partnerID=40&md5=dc5266424bcd69c8429009b2a9dc4f15
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85003781910&doi=10.1109%2fCONTROL.2016.7737649&partnerID=40&md5=dc5266424bcd69c8429009b2a9dc4f15
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85003781910&doi=10.1109%2fCONTROL.2016.7737649&partnerID=40&md5=dc5266424bcd69c8429009b2a9dc4f15
https://doi.org/10.1080/15325008.2017.1336583
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85038607113&doi=10.1080%2f15325008.2017.1336583&partnerID=40&md5=1488e56d1d01c671f44c7a2305887092
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85038607113&doi=10.1080%2f15325008.2017.1336583&partnerID=40&md5=1488e56d1d01c671f44c7a2305887092
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85038607113&doi=10.1080%2f15325008.2017.1336583&partnerID=40&md5=1488e56d1d01c671f44c7a2305887092
https://doi.org/10.1016/j.epsr.2019.105934
https://doi.org/10.1016/j.epsr.2019.105934
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85068578163&doi=10.1016%2fj.epsr.2019.105934&partnerID=40&md5=15bdf80514188b271fbbc7d882ae4e49
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85068578163&doi=10.1016%2fj.epsr.2019.105934&partnerID=40&md5=15bdf80514188b271fbbc7d882ae4e49
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85068578163&doi=10.1016%2fj.epsr.2019.105934&partnerID=40&md5=15bdf80514188b271fbbc7d882ae4e49
https://doi.org/10.18178/ijeetc.8.3.133-138
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85065236882&doi=10.18178%2fijeetc.8.3.133-138&partnerID=40&md5=ecb47ece878d31457a4863ba0a53b44d
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85065236882&doi=10.18178%2fijeetc.8.3.133-138&partnerID=40&md5=ecb47ece878d31457a4863ba0a53b44d
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85065236882&doi=10.18178%2fijeetc.8.3.133-138&partnerID=40&md5=ecb47ece878d31457a4863ba0a53b44d
https://doi.org/10.1109/SEGE.2019.8859931
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85074109628&doi=10.1109%2fSEGE.2019.8859931&partnerID=40&md5=9e010f69e9cee87444142c24b4691623
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85074109628&doi=10.1109%2fSEGE.2019.8859931&partnerID=40&md5=9e010f69e9cee87444142c24b4691623
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85074109628&doi=10.1109%2fSEGE.2019.8859931&partnerID=40&md5=9e010f69e9cee87444142c24b4691623
https://doi.org/10.1155/2020/8850654
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85097579401&doi=10.1155%2f2020%2f8850654&partnerID=40&md5=268dd8aa3fbb6b24c9d9c0f4ed5802bb
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85097579401&doi=10.1155%2f2020%2f8850654&partnerID=40&md5=268dd8aa3fbb6b24c9d9c0f4ed5802bb
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85097579401&doi=10.1155%2f2020%2f8850654&partnerID=40&md5=268dd8aa3fbb6b24c9d9c0f4ed5802bb
https://doi.org/10.1109/GUCON50781.2021.9573632
https://doi.org/10.1109/GUCON50781.2021.9573632
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85119094488&doi=10.1109%2fGUCON50781.2021.9573632&partnerID=40&md5=6c71c90f467e69e5975bc46b758aefeb
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85119094488&doi=10.1109%2fGUCON50781.2021.9573632&partnerID=40&md5=6c71c90f467e69e5975bc46b758aefeb
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85119094488&doi=10.1109%2fGUCON50781.2021.9573632&partnerID=40&md5=6c71c90f467e69e5975bc46b758aefeb
https://doi.org/10.1109/ACCESS.2018.2835825


45

url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85046772357&doi=10.1109%2fACCESS.2018.2835825&partnerID=40&md5=
14fe3850d02c67ea0c0bb51fc0245b66.

[84] R.-C. Leou, C.-L. Su, and C.-N. Lu. “Stochastic analyses of electric vehicle
charging impacts on distribution network”. In: IEEE Transactions on Power
Systems 29.3 (2014), pp. 1055–1063. doi: 10.1109/TPWRS.2013.2291556.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
84899651466&doi=10.1109%2fTPWRS.2013.2291556&partnerID=40&md5=
97fcfd3b4f3a0344754ce0fec8bb02c7.

[85] L. Chen, X. Huang, and H. Zhang. “Modeling the charging behaviors for
electric vehicles based on ternary symmetric kernel density estimation”. In:
Energies 13.7 (2020). doi: 10.3390/en13071551. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85082928814&doi=10.3390%
2fen13071551&partnerID=40&md5=e8a068afb5946be7d9454b3f2e081357.

[86] M. Tayyab, S. Helm, I. Hauer, et al. “Infrastructure linking for placement of
charging stations using monte carlo simulation”. In: vol. 2020-June. 2020,
pp. 436–441. doi: 10.1109/CiSt49399.2021.9357172. url: https://www.
scopus.com/inward/record.uri?eid=2-s2.0-85103813609&doi=10.1109%
2fCiSt49399.2021.9357172&partnerID=40&md5=8baaa83e357039a634b2ffed011a45a4.

[87] T.-H. Kim, D. Kim, and S.-I. Moon. “Evaluation of Electric Vehicle Hosting
Capacity in Campus Microgrid Using Monte Carlo Simulation”. In: 2021,
pp. 2329–2332. doi: 10.23919/ICEMS52562.2021.9634250. url: https://
www.scopus.com/inward/record.uri?eid=2-s2.0-85123952074&doi=10.
23919%2fICEMS52562.2021.9634250&partnerID=40&md5=034f6fba7f7ed5243a5a95f0c536cb9d.

[88] T.-H. Kim, D. Kim, and S.-I. Moon. “Evaluation of Electric Vehicles Hosting Ca-
pacity Based on Interval Undervoltage Probability in a Distribution Network”.
In: IEEE Access 9 (2021), pp. 140147–140155. doi: 10.1109/ACCESS.2021.
3116465. url: https://www.scopus.com/inward/record.uri?eid=2-
s2.0-85116860522&doi=10.1109%2fACCESS.2021.3116465&partnerID=40&
md5=b32efae6a3d5dbea2388d8354de1b8a9.

[89] A. Purvins, C.-F. Covrig, and G. Lempidis. “Electric vehicle charging system
model for accurate electricity system planning”. In: IET Generation, Trans-
mission and Distribution 12.17 (2018), pp. 4053–4059. doi: 10.1049/iet-
gtd.2018.5580. url: https://www.scopus.com/inward/record.uri?eid=
2-s2.0-85053638113&doi=10.1049%2fiet-gtd.2018.5580&partnerID=40&
md5=fac51d2f6eb5cab1f5dfcea11b653a6c.

[90] B. Wang, D. Zhao, P. Dehghanian, et al. “Aggregated Electric Vehicle Load
Modeling in Large-Scale Electric Power Systems”. In: IEEE Transactions on
Industry Applications 56.5 (2020), pp. 5796–5810. doi: 10.1109/TIA.2020.
2988019. url: https://www.scopus.com/inward/record.uri?eid=2-
s2.0-85085180486&doi=10.1109%2fTIA.2020.2988019&partnerID=40&
md5=7bde16e5e67ef98a149b17c07ff6a530.

[91] V. Síťař, L. Raková, T. Hruška, et al. “The usage of the power load as a physical
diagram for electric vehicle charging modelling”. In: vol. 99. 1. 2020, pp. 429–
440. doi: 10.1149/09901.0429ecst. url: https://www.scopus.com/

https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046772357&doi=10.1109%2fACCESS.2018.2835825&partnerID=40&md5=14fe3850d02c67ea0c0bb51fc0245b66
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046772357&doi=10.1109%2fACCESS.2018.2835825&partnerID=40&md5=14fe3850d02c67ea0c0bb51fc0245b66
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85046772357&doi=10.1109%2fACCESS.2018.2835825&partnerID=40&md5=14fe3850d02c67ea0c0bb51fc0245b66
https://doi.org/10.1109/TPWRS.2013.2291556
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84899651466&doi=10.1109%2fTPWRS.2013.2291556&partnerID=40&md5=97fcfd3b4f3a0344754ce0fec8bb02c7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84899651466&doi=10.1109%2fTPWRS.2013.2291556&partnerID=40&md5=97fcfd3b4f3a0344754ce0fec8bb02c7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84899651466&doi=10.1109%2fTPWRS.2013.2291556&partnerID=40&md5=97fcfd3b4f3a0344754ce0fec8bb02c7
https://doi.org/10.3390/en13071551
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85082928814&doi=10.3390%2fen13071551&partnerID=40&md5=e8a068afb5946be7d9454b3f2e081357
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85082928814&doi=10.3390%2fen13071551&partnerID=40&md5=e8a068afb5946be7d9454b3f2e081357
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85082928814&doi=10.3390%2fen13071551&partnerID=40&md5=e8a068afb5946be7d9454b3f2e081357
https://doi.org/10.1109/CiSt49399.2021.9357172
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85103813609&doi=10.1109%2fCiSt49399.2021.9357172&partnerID=40&md5=8baaa83e357039a634b2ffed011a45a4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85103813609&doi=10.1109%2fCiSt49399.2021.9357172&partnerID=40&md5=8baaa83e357039a634b2ffed011a45a4
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85103813609&doi=10.1109%2fCiSt49399.2021.9357172&partnerID=40&md5=8baaa83e357039a634b2ffed011a45a4
https://doi.org/10.23919/ICEMS52562.2021.9634250
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85123952074&doi=10.23919%2fICEMS52562.2021.9634250&partnerID=40&md5=034f6fba7f7ed5243a5a95f0c536cb9d
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85123952074&doi=10.23919%2fICEMS52562.2021.9634250&partnerID=40&md5=034f6fba7f7ed5243a5a95f0c536cb9d
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85123952074&doi=10.23919%2fICEMS52562.2021.9634250&partnerID=40&md5=034f6fba7f7ed5243a5a95f0c536cb9d
https://doi.org/10.1109/ACCESS.2021.3116465
https://doi.org/10.1109/ACCESS.2021.3116465
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116860522&doi=10.1109%2fACCESS.2021.3116465&partnerID=40&md5=b32efae6a3d5dbea2388d8354de1b8a9
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116860522&doi=10.1109%2fACCESS.2021.3116465&partnerID=40&md5=b32efae6a3d5dbea2388d8354de1b8a9
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85116860522&doi=10.1109%2fACCESS.2021.3116465&partnerID=40&md5=b32efae6a3d5dbea2388d8354de1b8a9
https://doi.org/10.1049/iet-gtd.2018.5580
https://doi.org/10.1049/iet-gtd.2018.5580
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053638113&doi=10.1049%2fiet-gtd.2018.5580&partnerID=40&md5=fac51d2f6eb5cab1f5dfcea11b653a6c
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053638113&doi=10.1049%2fiet-gtd.2018.5580&partnerID=40&md5=fac51d2f6eb5cab1f5dfcea11b653a6c
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85053638113&doi=10.1049%2fiet-gtd.2018.5580&partnerID=40&md5=fac51d2f6eb5cab1f5dfcea11b653a6c
https://doi.org/10.1109/TIA.2020.2988019
https://doi.org/10.1109/TIA.2020.2988019
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85085180486&doi=10.1109%2fTIA.2020.2988019&partnerID=40&md5=7bde16e5e67ef98a149b17c07ff6a530
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85085180486&doi=10.1109%2fTIA.2020.2988019&partnerID=40&md5=7bde16e5e67ef98a149b17c07ff6a530
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85085180486&doi=10.1109%2fTIA.2020.2988019&partnerID=40&md5=7bde16e5e67ef98a149b17c07ff6a530
https://doi.org/10.1149/09901.0429ecst
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85099261825&doi=10.1149%2f09901.0429ecst&partnerID=40&md5=cff5b8623ba31a2a82d777c160f4dfd7


46

inward/record.uri?eid=2-s2.0-85099261825&doi=10.1149%2f09901.
0429ecst&partnerID=40&md5=cff5b8623ba31a2a82d777c160f4dfd7.

[92] E. Hadian, H. Akbari, M. Farzinfar, et al. “Optimal allocation of electric vehicle
charging stations with adopted smart charging/discharging schedule”. In: IEEE
Access 8 (2020), pp. 196908–196919. doi: 10.1109/ACCESS.2020.3033662.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85102820618&doi=10.1109%2fACCESS.2020.3033662&partnerID=40&md5=
7012d6b2119c8fd31c0feb1a572a2be2.

[93] D. Wang, F. Locment, and M. Sechilariu. “Modelling, simulation, and man-
agement strategy of an electric vehicle charging station based on a DC mi-
crogrid”. In: Applied Sciences (Switzerland) 10.6 (2020). doi: 10.3390/
app10062053. url: https://www.scopus.com/inward/record.uri?eid=2-
s2.0- 85082652765&doi=10.3390%2fapp10062053&partnerID=40&md5=
f3233fc2a1052bcfe919b0e22c7d5c31.

[94] F. Ahmad, A. Iqbal, I. Ashraf, et al. “Optimal location of electric vehicle
charging station and its impact on distribution network: A review”. In: Energy
Reports 8 (2022), pp. 2314–2333. doi: 10.1016/j.egyr.2022.01.180.
url: https : / / www . scopus . com / inward / record . uri ? eid = 2 - s2 . 0 -
85123929072&doi=10.1016%2fj.egyr.2022.01.180&partnerID=40&md5=
5dd326f6cba00e2bd0d8201e6c3d3b28.

[95] M. Zhang, J. Zheng, W. Wang, et al. “Research on static voltage stability
based on EV charging station load modeling”. In: vol. 2. 2011, pp. 1094–1099.
doi: 10.1109/APAP.2011.6180969. url: https://www.scopus.com/
inward/record.uri?eid=2- s2.0- 84860674548&doi=10.1109%2fAPAP.
2011.6180969&partnerID=40&md5=6bbefcaa49de89acc02dfef49877b453.

https://www.scopus.com/inward/record.uri?eid=2-s2.0-85099261825&doi=10.1149%2f09901.0429ecst&partnerID=40&md5=cff5b8623ba31a2a82d777c160f4dfd7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85099261825&doi=10.1149%2f09901.0429ecst&partnerID=40&md5=cff5b8623ba31a2a82d777c160f4dfd7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85099261825&doi=10.1149%2f09901.0429ecst&partnerID=40&md5=cff5b8623ba31a2a82d777c160f4dfd7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85099261825&doi=10.1149%2f09901.0429ecst&partnerID=40&md5=cff5b8623ba31a2a82d777c160f4dfd7
https://doi.org/10.1109/ACCESS.2020.3033662
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85102820618&doi=10.1109%2fACCESS.2020.3033662&partnerID=40&md5=7012d6b2119c8fd31c0feb1a572a2be2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85102820618&doi=10.1109%2fACCESS.2020.3033662&partnerID=40&md5=7012d6b2119c8fd31c0feb1a572a2be2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85102820618&doi=10.1109%2fACCESS.2020.3033662&partnerID=40&md5=7012d6b2119c8fd31c0feb1a572a2be2
https://doi.org/10.3390/app10062053
https://doi.org/10.3390/app10062053
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85082652765&doi=10.3390%2fapp10062053&partnerID=40&md5=f3233fc2a1052bcfe919b0e22c7d5c31
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85082652765&doi=10.3390%2fapp10062053&partnerID=40&md5=f3233fc2a1052bcfe919b0e22c7d5c31
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85082652765&doi=10.3390%2fapp10062053&partnerID=40&md5=f3233fc2a1052bcfe919b0e22c7d5c31
https://doi.org/10.1016/j.egyr.2022.01.180
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85123929072&doi=10.1016%2fj.egyr.2022.01.180&partnerID=40&md5=5dd326f6cba00e2bd0d8201e6c3d3b28
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85123929072&doi=10.1016%2fj.egyr.2022.01.180&partnerID=40&md5=5dd326f6cba00e2bd0d8201e6c3d3b28
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85123929072&doi=10.1016%2fj.egyr.2022.01.180&partnerID=40&md5=5dd326f6cba00e2bd0d8201e6c3d3b28
https://doi.org/10.1109/APAP.2011.6180969
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84860674548&doi=10.1109%2fAPAP.2011.6180969&partnerID=40&md5=6bbefcaa49de89acc02dfef49877b453
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84860674548&doi=10.1109%2fAPAP.2011.6180969&partnerID=40&md5=6bbefcaa49de89acc02dfef49877b453
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84860674548&doi=10.1109%2fAPAP.2011.6180969&partnerID=40&md5=6bbefcaa49de89acc02dfef49877b453

	Abstract 
	Abstract (in Finnish)
	Preface
	Contents
	Abbreviations
	1 Introduction
	2 Background
	3 Base data for modelling
	3.1 Charging data
	3.2 Travel data
	3.3 Other data

	4 Using of the models
	4.1 Residential
	4.2 Commercial
	4.3 Industrial
	4.4 Fast Charging station
	4.5 Other

	5 Results
	5.1 Problems raised by the studies
	5.2 Review material

	6 Conclusion

