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Recent advancements in e-mobility have made it more convenient to use battery electric ve-
hicles for long-distance travel. The increasing number of electric vehicles along popular
holiday routes is expected to result in higher power demand peaks at high-power DC charg-
ing stations. Based on the mobility patterns of the electric vehicle fleet, local electricity
networks experience a more spatio-temporal variation in electricity demand, which could,
in the worst case, impose stress on local electricity networks. To identify which areas in
the DC charging infrastructure experience the highest power peaks due to holiday traffic,
spatio-temporal analyzes are needed.

This thesis proposes a new open data-based, data-driven approach, which models spatio-
temporal DC charging demand during the winter holidays (22.2.2025-23.3.2025) in Fin-
land. The charging demand is modeled in selected 20 x 20 km hexagonal areas, in which all
charging stations within a hexagon are clustered into a single virtual charging station. In each
hexagon, a reference charging station is selected, which represents the charging demand in
the area. To estimate charging demand in each hexagon, the usage rate of the selected charg-
ing station is evaluated using data from TomTom’s charging station availability API. Within
the framework of open data, the model managed to estimate the demand for DC charging
in 17 different areas, which were selected along the TEN-T road network. The results im-
ply that the effects of charging demand during the holiday season vary significantly between
selected areas, suggesting high increase in areas located especially along main highways,
while in some other areas no significant change was observed. The charging power peaked
especially along major highways during the first weekend of the winter holidays, which is
expected to be mainly driven by returning holiday traffic from the capital region.
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Sdhkoisen litkenteen viimeaikaisten kehitysaskeleiden myotéd pitkédn matkan liikkkumisesta
sdahkoautolla on tullut entistd sujuvampaa. Loma-aikoina liikenne kasvaa etenkin suosituilla
lomareiteilld. Sen odotetaan vaikuttavan suurteholatausasemien huipputehon kasvuun. Ta-
min myotd sihkoverkot kokevat yhd enemmén alueellista ja ajallista tehon vaihtelua, mikd
voi pahimmillaan aiheuttaa sihkoverkoissa paikallista kuormitusta. Lomaliikenteen aiheut-
tamien tehokuormien vaikutusten arvioimiseksi lataustehon alueellinen ja ajallinen mallin-
taminen on tarpeen.

Diplomity6 esittdd uuden, avoimeen dataan perustuvan ja dataldhtoisen laskentatavan. Las-
kentatavalla on mallinnettu suurteholatausasemien tehon tarvetta alueellisesti ja ajallisesti
Suomessa vietettdvin talvilomajakson aikana (22.2.2025-23.3.2025). Latausteho mallinne-
taan 20 x 20 km:n kokoisille kuusikulmioalueille, joissa kaikki alueen latausasemat yhdiste-
tddn yhdeksi virtuaaliseksi latausasemaksi. Jokaiselta alueelta valitaan yksi latausasema, jo-
ka edustaa alueen lataustarvetta. Latausteho arvioidaan valitun aseman kéyttoasteesta, hyo-
dyntden TomTomin API-rajapinnasta haettua latausasemien saatavuusdataa. Avoimen datan
puitteissa tdssd tyOssd arvioitiin 17 TEN-T tieverkon ldheisyyteen sijoittuvan alueen latauste-
hoa. Tulokset osoittavat, ettd lomakauden vaikutukset lataustehoon vaihtelevat merkittdviasti
eri alueiden vililla: joillakin alueilla tehontarve kasvaa huomattavasti lomakaudella, kun taas
toisaalla ei havaittu merkittivid muutoksia. Tuloksista havaitaan my0s se, ettéd latausteho oli
suurimmillaan juuri suurien valtateiden varrella talviloman ensimméisend viikonloppuna,
jonka oletetaan johtuneen péddasiassa padkaupunkiseudulle palaavasta lomaliikenteesti.
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Symbols and abbreviations

Latin characters

E Electric Energy
f Charging station usage rate

| Electric Current

n Total number of time steps

Na Number of available charging points

Nhex Total number of charging points in hexagon

No Number of occupied charging points

No:hex:t Number of occupied charging points in hexagon at given time step
Nos Number of Out-Of-Service charging points

Nr Number of reserved charging points

Nu Number of unknown charging points

P Electric Power

P Power change between holiday and reference weekend
PcaPhex Total charging power capacity in hexagon

Phext Charging power in hexagon at given time step

Re Relative power change between holiday and reference week
t Hourly time step

U Electric Voltage

Whet Charging power demand in reference week

Abbreviations

AC Alternating Current Charging Technology

AFID Alternative Fuels Infrastructure Directive 2019/94/EU
AFIR Alternative Fuels Infrastructure Regulation (EU) 2023/1804
ANN Artificial Neural Network method

ARIMA Auto Regressive Integrated Moving Average

BEV Battery Electric Vehicle

BMS Battery Management System

BPNN Back-Propagation Neural Network
CAISO Californian Independent System Operator
CHAdeMO Official Japanese DC charging standard
CPO Charging Power Operator

DC Direct Current Charging Technology

Wh

kW

%

kW



DSO Distribution System Operator
ER-EV Extended Range Electric Vehicle

EV Electric Vehicle

FCEV Fuel Cell Electric Vehicle

GNN Graph Neural Network

HA Historic Average

HD Heavy Duty vehicle

HEV Hybrid Electric Vehicle

HPC High Power Charging technology
HV High Voltage lines

ICEV Internal Combustion Engine Vehicle
IRF Improved Random Forest
LA-RCNN Luong Attention — Residual Convolutional Neural Network
LD Light Duty vehicle

LGBM Light Gradient Boosting Machine algorithm
LM Linear Model

LSTM Long Short-Term Memory method

MAPE Mean Absolute Percentage Error

MCS Monte Carlo Simulation method
MD Medium Duty vehicle

MDP Markov Decision Process

MIC Maximum Information Coefficient
MV Medium Voltage lines

NTS National Travel Survey

PDF Probability Density Function
PHEV Plug-in Hybrid Electric Vehicle

RF Random Forest

SARIMA  Seasonal Auto Regressive Integrated Moving Average
SoC State of Charge

SVM Support Vector Machine

TEN-T Trans-European Transport Network
TOU Time-Of-Use

TSO Transmission System Operator

WLTC Worldwide Harmonized Light Vehicles Test Cycles
WLTP Worldwide Harmonized Light Vehicle Test Procedure
XGBoost  Extreme Gradient Boosting
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1 Introduction

Recent advancements in both increased driving range (European Commission, 2025) and
comprehensive and sufficiently powerful charging infrastructure (E-Mobility, 2025) have
made battery electric vehicles (BEVs) increasingly more practical to be used in long-distance
travels. When BEV users travel beyond the driving range of their home and workplace charg-
ers, they must rely on public charging infrastructure. During holiday seasons, traffic volumes
on major roads typically surge, which is likely to result in increased charging demand along
these routes. Unlike other electricity consumers in electricity network, EVs introduce spatio-
temporal variability in electricity demand, as charging locations and times vary based on the
EV users mobility patterns and energy demand. This phenomena presents a new challenge
for distribution system operators (DSOs), who must ensure that local power grids can accom-
modate sudden and localized peaks in demand (EEA, 2022). To identify which areas may
experience the highest peak loads during peak seasons and possibly impose stress on the
local electricity network, further analysis and modeling of spatio-temporal electric vehicle

(EV) charging demand are required.

Recent studies have mainly focused to estimate spatio-temporal charging demand in urban
areas during typical weeks. Mobility in urban areas during typical weeks follows rather
easily predictable and statistical patterns. Additionally, based on the literature, it is believed
that in urban areas, people tend to follow consistent charging habits, such as charging at home
in the evening or at work in the morning, which makes the majority of charging sessions
predictable. Since multiple factors affecting on EV charging demand in urban areas are
typically well known, recent studies have relied mainly on statistical and stochastic methods,

since these methods can simulate reality very effectively in this environment.

However, as the use of EVs expands beyond urban areas and EVs are being used increas-
ingly for long-distance travels, there is increasing interest to extend spatio-temporal charging
demand estimation in fast DC charging stations. Compared to urban areas, in long-distance
travels along highways the travel distances are typically much longer, and charging stations
are more sparsely located. As the distance between charging stations increases, the EV user
choice of the next station becomes a critical factor in estimating spatio-temporal EV charg-
ing demand. If the decision process behind selecting the next charging station is not fully
understood, poorly chosen assumptions in the model could result in inaccurate predictions of
charging demand. Since the decision process is suggested to be related closely to individual
user preferences EPSI Rating (2023), modeling of spatio-temporal charging demand with

previously used methods could be quite complex to implement.
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As an alternative approach, the objective of this thesis is to explore whether the spatio-
temporal charging demand at DC charging stations during the holiday season can be effec-
tively modeled using primarily open-data sources. Additionally, this thesis aims to examine

how holiday seasons effect on the charging demand.

In this thesis guiding research questions are:

What is the state-of-art in spatio-temporal EV charging power demand estimation?

Which open data-based method would most efficiently describe EV charging demand
during holiday season and what might be the limitations in this method?

How the results can be visualized?

How holiday seasons effect on spatio-temporal DC charging demand?

This thesis 1s limited to estimate spatio-temporal DC charging demand along the TEN-T
network in Finland. The focus on this network is based on the assumption that these roads
experience high traffic peaks during the holiday season, which is expected to be reflected
in increased DC charging demand. As the thesis considers only DC charging stations, the
analysis include only charging demand from BEVs. The peak season analyzed in this study
is the winter holiday period, which is part of the school holidays in Finland. Winter holidays
take place over three different weeks, each designated for different regions across the country.
This period is expected to affect DC charging demand, as it is a popular time for families
from Southern Finland to travel longer distances to holiday destinations in the North. The
dataset used for modeling and analysis covers the period from from 22.2.2025 to 23.3.2025,
including the first weekend and the two following weeks of the winter holidays. The last two
weeks are considered to represent typical weeks and are used as a baseline in the comparison

to evaluate the effect of the holiday season on spatio-temporal EV charging demand.

This thesis begins with an introduction to electric transportation in Chapter 2, where electric
vehicles and charging infrastructure are briefly described. Chapter 3 focuses on the Finnish
electricity network and discusses how electric transportation can impact it, emphasizing the
network’s crucial role in transport electrification. In Chapter 4, previous methodologies for
estimating spatio-temporal EV charging demand are reviewed through a literature review,
outlining how the topic has been approached in earlier research and justifying the need for
a new method in this thesis. Chapter 5 introduces the proposed methodology and considers
its potential limitations. In Chapter 6, the results of the spatio-temporal charging demand
analysis are presented, with particular attention to the effects of the holiday season on DC
charging station usage. Finally, the conclusions reflect on how the study contributes to the

broader field and suggest possible directions for future research.
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2 Electric transportation

Electric vehicles, charging infrastructure, and electric grid are all closely connected to elec-
tric transportation. For everyday operation, electric vehicles need a charging infrastructure
that is suf ciently extensive and powerful. Provided power in charging stations is supplied
via electricity grid. As the number of electric vehicles increases, more charging stations must
be connected to the grid. This is why electricity grids represent the backbone of the elec-
tricity system (IEA, 2023) and are crucial when transportation is electri ed. The following
subsections give an introduction to electric transportation and it's development in Finland.

2.1 Electric vehicles

Electric vehicle is a vehicle, which propulsion is fully or partly powered by electricity (IPCC,
2024). Study by Sanguesa et al. (2021) classi es electric vehicles into ve different types
based on their drivetrain technology. In gure 1 these types are introduced.

Figure 1. EV types based on their engine technology, representing battery electric vehicle
(BEV), extended-range electric vehicle (ER-EV), plug-in hybrid electric vehicle (PHEV),
hybrid electric vehicle (HEV), and fuel cell electric vehicle (FCEV). (Adapted from Spath
etal., 2011)

Figure 1 shows that in principle electric vehicles can be classi ed into two groups. There
are vehicles which are powered by electricity stored in batteries and vehicles which are
powered by fuel cells. Fuel cell electric vehicles (FCEVs) use hydrogen as energy source to
power fuel cells (Herrmann & Rothfuss, 2015). To continue with vehicles including battery,
these can be classi ed, whether they can be recharged externally or not. From these types
battery electric vehicles (BEVs), plug-in hybrid electric vehicles (PHEVsS) and extended-
range electric vehicles (ER-EVs) are externally rechargeable and hybrid electric vehicles
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Figure 2: Basic structure of BEV. (Adapted from Tektronix, 2024, and EXRO, 2024)

(HEVS) are not. All EVs, including HEVs have recuperative function, where battery can
be charged through regenerative braking (Teasdale et al., 2024). Because this thesis aims
to illustrate EVs charging demand during holiday season in Finland, it focuses speci cally
on vehicles that are being recharged from the electricity network. This thesis is limited to
BEVs, as most of them support fast DC charging, whereas other types of EV (e.g., PHEV)
typically do not (EVgo, 2024). External charging unit in fast DC charging station allows
higher charging powers, which means higher power peaks and therefore it has more potential
to stress local electricity grid more (Brenna et al., 2020).

To understand more about BEV and it's charging demand, basic principles of BEVs are
introduced. First BEV technology is introduced by it's common components. After that

driving range and basic factors effecting to it are introduced. In gure 2 BEVs main structure
and it's common components are presented.

In principle EVResource (2024) lists, that BEVs contain six main components to operate:

a high voltage battery pack, a AC/DC power inverter, an electric motor and generator, an
onboard battery charger, Battery Management System (BMS) and charging port. In terms of
ef ciency and driving range, it is worth to mention few words of auxiliaries.

A high voltage battery is constructed commonly with pack-module-cell technique (Zwicker
et al., 2020). The design and used battery materials in the battery pack vary between man-
ufacturers. The battery voltage level varies between 280 V and 800 V (Inmotion, 2024).
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Currently, most manufacturers produce BEVs with 400 V system, but it is notable that there
is growing interest on 800 V and even higher voltage systems, because this would increase
battery capacity and allow for higher charging power (Pradhan, Keshmiri & Emadi, 2023).
Continuing by SEAI (2024), battery is charged with direct current (DC) to store electric po-
tential into the battery. When the battery releases electric potential as a direct current (DC)
it is rst converted to alternating current (AC) via AC/DC power inverter, since the electric
motors uses electricity as AC. Important feature in electric motors is that they can be used
as generators during deceleration, converting part of the vehicle's kinetic energy into elec-
tricity through regenerative braking (Vasiljevic et al., 2022). This means, that electricity is
constantly owing between battery and electric motor and the energy needed for traction
is consumed ef ciently. When vehicle needs to be charged, electricity is supplied through
charging port either directly as DC to battery packs or as AC through vehicles onboard bat-
tery charger, which convert electricity from AC to DC. Further information about charging
types is provided in subsection 2.1.3.

Continuing by Brown (2022) and Inmotion (2024), electricity is also needed for auxiliaries,
such as air conditioning and lighting. Some auxiliaries work in lower voltage level, which
iIs why most BEVs have additional low voltage battery. This battery is charged by high
voltage battery pack through DC-DC converter. In BEVs energy demand in auxiliaries is
very important to point out. This is because all energy in vehicle operations is provided
by high voltage battery pack, and hence energy consumption in auxiliaries, especially air
conditioning has direct impact on BEVs driving range (Cvok, Ratkovic & Deur, 2020).

In terms of safety, reliability and ef ciency, high voltage battery is important to operate in
most optimal conditions. In order to ensure this, BEVs include battery management system
(BMS). According to Schartel et al. (2022), BMS main tasks are to monitor cell voltage and
battery temperature, control charge and discharge currents, make estimations of battery state
(e.g., State of Charge i.e. SoC), balance cell charge in the battery pack, ensure safety features
and communicate with other vehicle systems and external devices (e.g., charging stations).

Despite all BEVs are built from these main components, the technical variation between
models can be signi cant. For long travel distances, main technical factors between models
are the driving range on a single charge and the charging time to meet suf cient state of
charge (SoC).

Total driving range is calculated by dividing battery capacity (kwWh) by total average energy
consumption (kWh/km) on a single charge. In order to achieve suf cient driving range,
vehicle needs to be both energy-ef cient and capable to carry battery with suf cient capacity.
By it's technological nature BEVs are extremely energy-ef cient compared to conventional
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internal combustion engine vehicles (ICEVs). According to US. Department of Energy
(2024b) normal conditions in combined city and highway driving ICEVs turn fuel energy to
wheel power with 16 % - 25 % ef ciency and BEVs turn electrical energy to wheel power
with total ef ciency of 87 % - 91 %. In addition 22 % of this is expected to become from
regenerative braking.

In order to compare different EV model driving range, they need to be tested in same oper-
ating conditions. By Electric Vehicle Database (2025a) article, maximum driving range in
Europe is estimated in a standardized test environment called Worldwide Harmonised Light
Vehicles Test Procedure (WLTP). In this test, the ambient temperature is set to 23 °C, and the
vehicle is driven from full of charge until battery depletion in a speci ¢ patterns under deter-
mined (WLTC) test cycles. These driving patterns include both constant speed in 100 km/h
and varying speed between 56.5 — 131.3 km/h with constant accelerations and decelerations.
After vehicle's battery is drained, the amount of energy needed for full charge is measured,
including charging losses. The aim of this standard is to allow consumers compare energy
costs, which is why charging losses are included into this test. More detailed test procedures
are presented in gure 3.

Figure 3: WLTP test procedure. ((EU) 2017/1151)

BEVs are very ef cient in terms of energy consumption compared to conventional com-
bustion engines, however, the down side of high energy-ef ciency in BEVs is that small
increase in power consumption compared to ideal consumption can have signi cant effect
on total driving range. This is why so-called real world range can vary from WLTP, based
on vehicle driving environment, such as average speed, topography and ambient temperature
(Szumska & Jurecki, 2021; Li et al., 2016). As previously mentioned, for example high
power demand in air conditioning in cabin and battery pack temperature optimization dur-
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ing hot and cold weathers increases power consumption and thus, reduces available driving
range. However, WLTP gives good estimation of driving range in ideal situation and allow
consumers compare vehicles in same test conditions.

Since operation conditions effect signi cantly on driving range, WLTP range does not serve
well this thesis and it is important to consider how much different factors affect on driving
range. Fortunately there are increasing amount of test data available about multiple vehicles
and many models giving understanding of real world range in different operating conditions.
One example database is by Electric Vehicle Database (2025a), which states that their data
is based on real world values, giving understanding about real range in different conditions.
From this database, an average BEV has usable battery capacity of 71.3 kwh (Electric Ve-
hicle Database, 2025d), its energy consumption is 189 Wh/km (Electric Vehicle Database,
2025b) and with this consumption and battery capacity its range is around 378 km (Electric
Vehicle Database, 2025c). These numbers are aligned with European Alternative Fuels Ob-
servatory (2025a) data, which states that in 2022 average range of European BEV models
was around 345 km and average battery capacity was around 74 kWh. In recent years au-
tomakers have been able to increase both the range and battery capacity, indicating a trend
to continue so in the future (European Alternative Fuels Observatory, 2025a).

Another important technical factor in longer travel distances is the charging time with fast
DC charging during the travel. By Osprey (2024), in DC charging, amount of supplied
power varies during the charging session. Typically, when SoC is low, the vehicle can reach
peak power. When battery temperature is optimal for high charging power, peak is typi-
cally reached at 10 % — 20 % SoC (Quirk, 2023). As the SoC increases, the power starts to
decrease gradually. Typically around 80 % SoC, the power decreases steeply or is already
fairly low in order to protect the battery (Quirk, 2023; Osprey, 2024). However, every charg-
ing session is different and total charging time can vary based on several vehicle-related and
user-related factors. According to Tyynela (2021) vehicle-related factors are related to total
battery capacity, it's chemistry and depending on vehicles technology, it's available maxi-
mum charging speed (Shin & Skowron, 2022). These factors explain brie y, why the power
variation during charging session is unigue to each EV model. By knowing these factors in
each EV model the power variation can be simpli ed into charging curve. Charging curves
are studied more deeply by Hackmann et al. (2024), who analyzed fast charging capabilities
of 22 different EV models. The models were divided into two categories, luxury and pre-
mium classes, determined by German gross list price of the model. Figure 4 below expresses
an example list of charging curves of 11 different EV models. The charging powers between
different EV models were tested as vehicles were recharged from 10 % to 80 % of SoC level.
What notable to add to this gure is that not all same models share exactly same technical
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details, meaning that the charging power curves in some same models can vary from the
presented curves. As an example, Inside EVs (2025) suggests that the charging curves with
Tesla Model 3 might be slightly different based on the manufacturing year.

Figure 4. Fast charging curves of 11 different selected EV models. (Source: Hackmann
etal., 2024)

As in gure 4 can be seen, that the charging curves vary between tested EV models by the
peak power and the shape of the charging curve. However, it can be observed in all vehicle
models in this test follow same path, in which peak power is typically met with low SoC
values and after battery SoC increases, the charging power decreases. For example Tesla
Model 3 achieves to reach peak power of 255 kW with SoC level of 10 %, but right after this

is reached, the charging power decreases steadily, allowing charging power less than 100 kW
with higher than 60 % SoC levels. This means that average charging power with tested Tesla
Model 3 is about 150 kW as battery SoC is recharged from 10 % to 80 %. As comparison
to other models in this gure, very rough estimate for average charging power from 10 % to

80 % with these models is something between 100 - 150 kW.

The charging time (h) is calculated by dividing the amount of charged energy (kWh) by
average charging power (kW) during the charging session. The average charging power is
estimated from the charging curve as discussed above. The amount of charged energy de-
pends on user preferences, what is adequate SoC to continue travel before next charging
session. Hence, the charging time can be estimated by knowing the SoC target and charac-
teristics of the charging curve. Under vehicle-related factors, the user is able to maximize
it's average charging power by several decisions. By Tyynela (2021), user can decrease the
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total charging time by choosing the charger type with suf cient available charging power,
charging with optimal SoC range and if possible, optimizing the battery pack temperature
before the charging session starts.

2.2 Finnish BEV eet

According to Finnish Information Centre of Automobile Sector (2024) in 10 years, between
2014 and 2024 the number of BEVs in Finland has increased from a few hundred of vehicles
to almost 120 000 vehicles. Figure 5 represents how the amount of BEVs has increased
in these years. In this gure, data values from 2014 to 2023 were collected at the end of
each year on December 31, while in 2024, the most recent data was on December 2. Figure
5 shows that BEV eet was growing very slowly in the beginning, until in 2019 the eet
started to increase rapidly.

Figure 5: The development in the number of BEVs in Finnish traf ¢c between 2014 and 2024.
(Adapted from Finnish Information Centre of Automobile Sector, 2024)

Figure 5 shows that the amount of BEVs has increased exponentially in recent ve years.
Rapid growth is expected to continue in the near future. According to Markkanen, Lauhko-
nen & Niemi (2023) scenarios, total BEV eet in Finland could exceed 0.5 million vehicle
milestone by 2030.

As the BEV adoption is only in the early stage, adoption rate of BEVs varies spatially. Rea-
son for the spatial distribution is based on several factors. According to Rahman & Thill
(2024) socio-economical features have signi cant in uence in the BEV adoption. BEVs
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have high purchase cost and most commonly they are charged at home, meaning that BEV
adoption is rst seen people with higher income and access to home charging (Rahman &
Thill, 2024). As an example, in Tikka et al. (2022) research paper, early stage spatial distri-
bution of EVs in Finland was estimated by using socio-economical factors in convolutional
neural network-based modeling method. This phenomenon raises high importance to ana-
lyze spatial distribution of BEV eet in Finland and consider it, when charging demand is
estimated. In this thesis, level of accuracy is at municipality level, highlighting spatial distri-
bution between them. The amount of BEVs is based on Tra com's data about passenger cars
in traf c on 30.09.2024 by municipality (Tra com, 2024). In gure 6 spatial distribution is
presented at the municipality level for the years 2020, 2022 and 2024 as the cumulative sum
starting from 2010.

Figure 6: BEVs spatial distribution in Finnish municipalities as cumulative sum in years
2020, 2022 and 2024. (Data: Tra com, 2024; Vaylavirasto, 2025; OpenStreetMap contribu-
tors, 2025; Statistics Finland, 2025)

From gure 6 it can be seen, that most of BEVs are located in southern Finland, especially
in Helsinki and and it's nearby municipalities. In addition, BEV eet is centered in and
around major cities in Finland. In gure 7 same data is analyzed more deeply by selecting
10 municipalities with highest total amount of BEVs.
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Figure 7: Top 10 municipalities with the highest total amount of BEVs. (Data: Tra com,
2024)

From gure 7 it can be seen, that Helsinki, Espoo and Vantaa covers over one third (35.8 %
/ 38 800 vehicles) from total BEV eet. Other major municipalities are Tampere, covering
4.2 % with approximately 4 600 vehicles, Oulu, covering 3.5 % with 3 800 vehicles and
Turku covering 3.3 % with approximately 3 500 vehicles. Municipalities, that have less than
3 000 BEVs are mostly found either from Southern Finland municipalities with middle-sized
cities (e.g. Jyvaskyla, Kuopio and Lahti) or as Kirkkonummi are located nearby bigger cities
in Finland.

In addition to the number of BEVs in municipality, it is important to analyze what is the share
of BEVs from total eet in municipalities. Because the EV transition is happening different
pace in every municipality, the amount of BEVs does not tell the whole story. To understand
the transition speed in each municipality, it is important to analyze, how the BEVs eet
has developed compared to total passenger vehicle eet in municipality. In gure 8 recent
development on share of BEVs in total eet in municipalities is presented below.
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Figure 8: Recent development on share of BEVs in total eet for municipalities between
2020 and 2024. (Data: Tra com, 2024; Tieto.Tra com, 2024; Vaylavirasto, 2025; Open-
StreetMap contributors, 2025; Statistics Finland, 2025)

Figure 8 shows, that in 2020, share of BEVs from total eet was very low, showing only low
shares (0 — 2 %) in capital area, Tampere and Oulu. Coming to 2022, the share continued
increasing in major cities, resulting to shares of (2 — 5 %) in capital area, Turku, Tampere,
Jyvaskyld, Kuopio and Oulu. In 2024, the share of BEVs are not only growing in major
cities, but also in other cities, which are not expressed in this gure. Still eet is centered
mostly in and around capital region, Turku, Tampere, Jyvaskyld, Kuopio and Oulu. In bottom
right of gure 8, capital region is zoomed to understand more speci cally the development
in this area. In this area highest share of BEVs, coloured in violet, is in Kauniainen (10.8 %),
small municipality located around Espoo. Second highest share is in Espoo (9.2 %) and
third highest share is in Helsinki (8.3 %). To bring more perspective to these numbers,
whole capital region of Uusimaa results in total 52 000 BEVs in Finland, covering 6.8 %
share of total eet (Tra com, 2024; Tieto.Tra com, 2024). Since EV eets are primarily
concentrated in major cities, especially in the capital region, it is important to estimate the
impact of holiday season charging demand in areas with lower EV adoption rates.

2.3 Charging infrastructure

Suf ciently comprehensive and powerful charging infrastructure ensures carefree movement
for EVs. This chapter covers information of EV charging modes, types, and connectors. In
addition, it covers the information what are common EV charging control methods and how
these can affect charging loads. Finally, Finnish infrastructure is introduced and discussed in
more detalil.
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2.3.1 EV charging modes

EV charging can be divided to 4 charging modes, listed by SESKO (2025). Charging modes
are speci ed in standard SFS-EN IEC 61851-1:2019 Electric vehicle conductive charging
system — Part 1: General requirements. In modes 1-3 EV is charged through vehicles own
on-board charger as AC, called AC charging. In mode 4 an external charger supplies DC
directly to battery pack and the vehicle controls the charging process, called DC charging.
Within categories of AC and DC, there are several sub-categories based on the maximum
power output (European Alternative Fuels Observatory, 2025c).

In the following section charging modes are explained, using SESKO (2025) guide. Mode
1 means charging with AC power using standardized socket maximum current rate of 16 A
and maximum voltage rating in single-phase 250 V or 480 V three-phase, along with power
supply conductors and protective grounding conductors. Mode 1 is mainly used for charging
light EVs. Mode 2 is in other features the same as mode 1, but maximum current rate is 32 A
and the charging unit includes additionally control functions and a residual current device
for personal protection, integrated into the cable protection device housing. Important note
is that regular grounded household socket (Schuko socket) is mode 2 charging, generally
called slow charging, as the charging current is typically limited to 8 A. Mode 2 does not
consider whether the charging device is permanently installed or not - as long as charging
device receives power from socket rather than directly from a xed supply line. Mode 3

is using AC power supplied from dedicated electric vehicle charging system, where control
functions extend to the electric vehicle charging device permanently connected to the power
grid. Regarding to AC charging with mode 3, it is important to add that charging According

to SESKO (2025) mode 3 is recommended charging mode for EVs, used in detached houses,
housing companies, shopping centers and parking garages. In mode 4 EV is charged as DC
by using external charger, where control functions extend to devices permanently connected
to the grid, meaning that the power supply is controlled by the charging unit. DC charging is
used for long-distance travel, where EV is charged at the service station during break.

2.3.2 EV charging types

In Finland, electricity is supplied to domestic end users in three-phase at voltage level
400 V and in single-phase 230 V. Electric powé?) (s the product of electric voltage

(U) and electric currentl}, therefore AC charging power in mode 1(830V;1 16A)

3:7KW or (400V;" 3 16A) 11kW and in modes 2 and @30V:1 32A) 7:4kW or
400V, P 3 32A) 22kW. If an EV is charged by a Schuko socket and electric current is
limited to 8 A, maximum power is:8kW. In DC charging, the charging power can be
increased very high powers compared to AC, achieving as high as 400kW of peak powers
(CURRENT, 2025). According to Hackmann et al. (2024), maximum DC charging power is
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based on maximum voltage level, which can be up to 920 V, and maximum electricity cur-
rent, of 500 A, which is determined by CCS standard Maximum electric current of 500 A sets
200 kW maximum charging power for vehicles, that have 400 V battery system and 400 kW
maximum charging power for vehicles, that have 800 V battery system. With an exception
to this, Hackmann et al. (2024) adds that according to Tesla's own standards, Tesla super-
chargers allow charging with 600 A, which allows Tesla models to recharge higher charging
power at Tesla superchargers. However, it is worth to mention here is that currently most EV
models limit the maximum charging speed themselves instead of the charger (EVDB, 2025).

As an example, if a 75kWh vehicle battery needs to be charged from 20 % to 80 %, it requires
45kWh of electricity. In this case, with Schuko sockeBH®W), recharging takes 25 hours,

AC charging in typical shopping center (11 kW) takes around 4 hours and DC charging with
average charging power of (100kW) takes around half an hour.

Charging types are categorized also by EU, which are worth to mention. In the Alternative
Fuels Infrastructure Regulation (Regulation (EU) 2023/1804) so that AC charging is under
category 1 and DC charging is under category 2 (European Alternative Fuels Observatory,
2025c). These two categories can be divided into several sub-categories. AC charging can
be divided into slom(P < 7:4kW), medium-speed7:4kwW P 22kW), and fast(P >

22kW) charging sub-categories. DC charging can be divided into $Rw 50kW), fast

(50kW P < 150kW), level 1 — Ultra-fas{150kW P < 350kW), and level 2 — Ultra-fast

(P 350kW) DC charging sub-categories.

2.3.3 EV charging connectors

Currently there are several charging connector and vehicle inlet types varying across geogra-
phies and EV models (European Alternative Fuels Observatory, 2025c). To enable accessible
charging infrastructure for all EVs in Europe, the Alternative Fuels Infrastructure Directive
2019/94/EU (AFID) currently requires that all charging points needs to be equipped with
Type 2 socket outlet or vehicle connector in AC and with CCS / Combo 2 connectors in DC
(European Alternative Fuels Observatory, 2025c). Additionally, related to CCS itis common
to encounter the term HPC, which means High Power Charging Technology (CharIN, 2025).
In the following gure 9 these connector and inlet types of CCS are presented.
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Figure 9: Charging types of CCS / Type 2, which are used in Europe. (Source: European
Alternative Fuels Observatory, 2025c)

What is notable in AFID is that it is not prohibiting adding other connectors to charging point.
For example some DC charging points are equipped with additional 50 kW CHAdeMO
connector, which is the of cial Japanese DC charging standard (European Alternative Fuels
Observatory, 2025c). However it is expected that importance of CHAdeMO in Europe is
fading as increasing amount of new stations are equipped only with CCS / Type 2 connectors
(European Alternative Fuels Observatory, 2025c).

2.3.4 Control methods of EV charging

The charging events can be divided to two categories, controlled charging, which can be ex-
pressed as smart charging, and uncontrolled charging, which is typically expressed as dump
charging. This topic is covered by Tikka (2024) dissertation, where this topic discussed
more speci cally. In dump charging, vehicle is simply recharged with constant power with
primary goal to recharge vehicle battery to acceptable state of charge (SoC) before next
driving session. In addition to primary goal in dump charging, smart charging can be con-
trolled based on the users preferences, what factors are wanted to be optimized. Possible
factors to be optimized in smart charging are dynamic load control, ancillary service smart
charging, SPOT-price-based cost optimization, and so-called TOU tariff control based on
timer-controlled charging for certain time of the day. Control methods are very bene cial
especially in home charging, where vehicle typically stays longer time than whole charging
event really needs. In addition to the control methods, so-called bidirectional charging is ex-
pected to come common technology in the near future. In bidirectional charging, a charging
unit is able to recharge and discharge vehicle battery, meaning that the vehicle could work
as a battery storage and provide electricity to local electricity network. The control methods
are typically used in slow power AC charging, where the charging time is not very important
factor. What comes in DC charging along the main roads, the primary goal is typically to
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recharge vehicle to acceptable state of charge (SoC) to next stop as short charging time as
possible. In this thesis, the focus is to estimate power demand on holiday season traf ¢ and
since the power demand is expected to concentrate on high DC charging stations along main
highways, control methods are not needed to be considered.

What is notable in DC charging, peak powers are not always reached. Charging power can be
limited by either EVs maximum charging power, which is based on the individual charging
curve of each EV model, or limited by maximum total charging power capacity, what is
available in the station. If the power demand with peak power value for all charging points
exceeds determined power capacity in charging station, typically a load balancing technology
is used. In load balancing, charging power is delivered where it is mostly needed, and at the
same time keep total power level inside prede ned level (ACDI, 2025). In this thesis, total
charging power in the station is estimated as a product of occupied charging points and peak
power in charging point as long as total value does not exceed the power capacity limit of
this charging station.

2.3.5 Overview of Finnish charging infrastructure

Charging infrastructure can be divided to two categories, private and public. Public charging
infrastructure data used in this overview is based on Sahko6autoilijat Ry (2025) data, which
was acquired on November 2024. According to Sahkdautoilijat Ry (2025) data, in Finland
there were in total of 2 951 different charging stations in the end of October 2024. In fol-

lowing tables, charging station size distribution is presented for AC in table 1 and for DC in

table 2.

Table 1: AC charging station size distribution in Finnish charging infrastructure. (Data:
Sahkoautoilijat Ry, 2025)

| Charging points per station (bin§)AC charging stations AC charging points

1-5 2 258 5774
6-10 285 2 200
11-20 67 1012
21-30 17 471
31-50 24 941

51-100 5 301
101 - 200 2 310

> 200 1 236

In total 2 606 11 245

In table 1 the distribution of AC charging station sizes are presented. In total, there where
around 11 250 AC charging points located in 2 606 different charging stations. As it can be
seen from the table, majority of AC charging stations are provided up to 5 charging points,
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located very widely in many different places, such as sport centers, libraries, schools etc.
Largest charging stations are typically located in airports or shopping center parking lots
being able to support charging needs for hundreds of EVs at the same time.

Table 2: DC charging station size distribution in Finnish charging infrastructure (Data:
Sahkoautoilijat Ry, 2025)

| Charging points per station (bin§)DC charging stations DC charging points

1-5 902 2826
6-10 163 1079
11-20 33 454
21-30 0 0
31-50 1 40
In total 1044 4 399

In DC charging infrastructure, there were around 4 400 DC charging points located in 1 044
different charging stations. From DC charging infrastructure, roughly 85 % of charging
stations are provided with up to 5 charging points, located in many different places, such as
grocery stores and smaller service stations along the road. What is worth to mention is that
in some places, such as grocery stores it very common that have both AC and DC charging,
providing recharging for long and short duration visits. As the data was acquired, largest
charging stations were supported by 10 to 40 charging points, located typically in service
stations along main highways and additionally in Helsinki-Vantaa airport, mainly supporting
e-taxis.

Following gures 10 and 11 express public charging infrastructure, visualized spatially in
map. Data is organized by location and constructed by 20 x 20 km and 5 x 5 km hexagonal
grid, where number of charging points and maximum available charging power is calculated
for each hexagon. From center of each hexagon, point feature is created and visualized
by size in number of charging points and coloured by maximum available charging power.
Since charging points are clustered into hexagonal shape with 20 x 20 km and 5 x 5 km grid,
locations in map, doesn't perfectly represent exact location of charging points. In gures 10
and 11 left side map shows charging infrastructure distribution in whole Finland and right
side maps show snaps shots of selected locations in Finland. Figure 10 shows AC charging
infrastructure.
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Figure 10: AC charging infrastructure in clustered grid (Data: Sahkdautoilijat Ry, 2025;
Vaylavirasto, 2025; OpenStreetMap contributors, 2025)

Figure 10 shows that AC charging is concentrated mostly in cities, highlighting high shares
of chargers and available capacity in major cities, such as capital area, Tampere and Turku.
In left gures these three cities are zoomed in to see how charging points are distributed in
the city. In capital area, highest number of charging points are located in center of Helsinki
in shopping center car parks and also to car parks in Helsinki-Vantaa airport. In Tampere,
charging infrastructure is mostly located in city center. In Turku, AC charging is distributed
more evenly, largest shares still located in the city center. As people move between different
cities and they need to recharge their vehicle, public AC chargers in shopping center car
park may be very convenient way to recharge vehicle with slower power as time spend there
typically is more than an hour. In gure 11 DC charging infrastructure is presented.
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