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Abstract 

Rapid development of electric vehicles could eventually expand to sparsely populated areas, 

where power loads are relatively low. A vast portion of rural distribution networks was built 

at the time when the expected power load was significantly lower than what the cumulation 

of modern electric appliances might require. Therefore, electric vehicle charging bears a 

potential risk to the distribution network systems in terms of reliable power flow.  

The purpose of this thesis is to identify the most impactful electric vehicle charging related 

parameters. Several scenarios among the normal distribution curves on people's behavior 

were developed to analyze impact of each parameter. These scenarios were directed into a 

designed MATLAB model. Simulations depicted charging activity and identified charging 

load confidence intervals along with other desired results. Documented outcomes were 

afterwards compared to discuss whether it is possible to predict potential risks related to EV 

charging load given location, electric vehicle characteristics and people behavior. 

 

 

 

 



 

 

 

 

TABLE OF CONTENTS 

 

1. Introduction .................................................................................................................. 5 

1.1 Objectives and structure of the work ..................................................................... 6 
1.2 Research methodology ........................................................................................... 8 

2. Transition to electric driving .................................................................................... 10 

2.1 Description of Electric vehicles ........................................................................... 12 

2.2 Battery characteristics in EVs .............................................................................. 14 
2.2.1 Charging efficiency .......................................................................................... 15 
2.2.2 Battery degradation .......................................................................................... 17 

2.2.3 Cabin heating and cooling ............................................................................... 18 
3. Charging of electric vehicles ..................................................................................... 20 

3.1 EV charging standardization ................................................................................ 21 
3.2 Mode 2 charging .................................................................................................. 22 
3.3 Mode 3 charging .................................................................................................. 23 
3.4 Mode 4 charging .................................................................................................. 24 

3.5 Alternative charging technologies ....................................................................... 25 
4. Electric power grid .................................................................................................... 27 

4.1 Electricity grid structure ...................................................................................... 27 
4.2 Low voltage and distribution network ................................................................. 28 

5. Human behavior ........................................................................................................ 30 

5.1 Driving pattern ..................................................................................................... 30 
5.2 Household electricity consumption ..................................................................... 34 
5.3 Charging experience and behavior ...................................................................... 36 

5.3.1 Charging experience in Nordic countries ........................................................ 37 
5.3.2 Charging experience in the US ........................................................................ 38 

6. Electric vehicle charging methods ............................................................................ 39 

6.1 Uncoordinated charging ....................................................................................... 40 

6.2 Time-of-Use charging .......................................................................................... 41 
6.3 Smart charging ..................................................................................................... 42 

7. Model Description ...................................................................................................... 44 

7.1 Vehicle arrival and departure ............................................................................... 44 

7.2 Load profile of a rural distribution network ........................................................ 46 

7.3 Scenarios .............................................................................................................. 49 
7.3.1 Reference scenarios ......................................................................................... 49 

7.3.2 Parameter scenarios ......................................................................................... 51 
7.3.3 Vehicles at household scenarios ...................................................................... 53 

8. Model Results ............................................................................................................. 55 

8.1 Verification of a working simulation ................................................................... 55 
8.2 Reference scenarios results .................................................................................. 58 
8.3 Parameter scenarios results .................................................................................. 62 

8.3.1 Impact of normal distribution .......................................................................... 62 
8.3.2 Quantity scenarios ............................................................................................ 63 

8.3.3 Charge power scenarios ................................................................................... 66 
8.3.4 Driven distance scenarios ................................................................................ 71 



 

 

 

 

8.3.5 Capacity Scenario ............................................................................................ 75 
8.4 Alternative scenarios results ................................................................................ 77 

8.4.1 Two vehicles at a single household ................................................................. 77 

8.4.2 Charging load compared to energy consumption in remote areas ................... 82 
9. Conclusion .................................................................................................................. 84 

References ........................................................................................................................... 86 

Appendices .......................................................................................................................... 90 

Appendix 1. Reference scenario 1. Uncoordinated charging scenario ............................ 90 
Appendix 2. Reference scenario 1. Time-of-Use charging scenario ................................ 91 

Appendix 3. Reference scenario 1. Quantity charging scenario ...................................... 91 
Appendix 4. Reference scenario 1. Battery capacity charging scenario ......................... 92 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

ABBREVIATIONS 

 

AC  Alternating Current 

DC  Direct Current 

BEV  Battery electric vehicle 

COP  Conference of the Parties 

DNO  Distribution Network Operator 

EU  European Union 

EV  Electric vehicle 

EVSE  Electric Vehicle Supply Equipment 

GHG  Greenhouse Gas 

HEV  Hybrid Electric Vehicle 

IEC  International Electrotechnical Commission 

LEV  Light Electric Vehicles 

LV  Low Voltage 

NTS  National Travel Survey 

PHEV  Plug-in Hybrid Vehicle 

PV  Photovoltaic 

SOC  State of Charge 

TOU  Time-Of-Use 

TSO  Transmission System Operator 

UNFCCC United Nations Framework Convention on Climate Change 

V2G  Vehicle to Grid 

 

 

 

 

 

 



5 

 

 

 

1. INTRODUCTION 

Ambitious greenhouse gas emission reduction targets led to the promotion of electric 

vehicles among several UNFCCC member states, offering incentives for customers and 

indirect support for the vehicle manufacturers. Electric vehicle uptake has been encouraged 

by political climate and energy targets, among which are EU energy packages for 2020 and 

2030 and the international Paris Climate Agreement. Various direct and indirect fiscal 

incentives support the growing electric vehicle market. While battery electric vehicles lack 

tailpipe emissions, thus theoretically improve urban air quality, electric vehicle uptake brings 

new challenges that must be dealt with. As the market is getting stronger, thus providing 

better vehicle models to the market with enhanced capabilities, electric vehicles can be 

expected to expand towards sparsely populated areas eventually. These areas are often 

surrounded by old distribution networks that were built to serve lower power loads than what 

electric vehicles may bring with them. 

This thesis addresses the impact of electric vehicle charging on low- and medium-voltage 

grids considering crucial parameters. Paper will be separated into two parts: recognition of 

electric vehicle charging related parameters affecting distribution network power load and 

implementing some of these parameters in modeling power load under several scenarios. A 

model was created to analyze the impact of increasing electric vehicle quantity with different 

vehicle and distribution grid characteristics in sparsely populated areas. The thesis discusses 

challenges of sparsely populated distribution network areas when the transportation sector 

is partially or fully independent from conventional fuels.  

A substantial portion of existing sparsely populated low- and medium voltage grids in 

Finland were built at the time when household energy consumption and power load were 

recognizably lower than what current regular households require. Distribution system 

operators have been pushed to improve the reliability of power distribution by lowering 

density and duration of power failures through compensations. Modernization of existing 

grids is a costly activity, especially in areas where energy consumption is low or seasonal. 

Designers of distribution power networks must consider power load in the following years 

that may result from the electrification of local transportation while considering overall 

investment costs that play a crucial role. Momentary operation of distribution grid 
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components above rated values results in a significant burden on components lifespan and 

operational reliability of a local distribution grid. 

The main complication of electric vehicles is stochastic charging activity and increased 

power load during peak hours. Implementation of smart charging is necessary when a 

cumulative number of electric vehicles in a distribution network can theoretically affect the 

reliability of power flow if uncoordinated charging was applied. Charging must be 

performed in a way, where three main parties: transmission system operator, distribution 

grid operator and customer remain satisfied. There are multiple studies on implementing 

smart charging systems. However, numerous smart charging strategies serve primarily one 

of these parties or exclude various parameters leaving the system untrustworthy. 

1.1 Objectives and structure of the work 

This thesis aims to recognize and evaluate the impact of electrification of road transport in 

sparsely populated areas under different circumstances. Found impactful parameters were 

applied in a created model to analyze the potential impact on existing electricity distribution 

grids and to identify the most impactful parameters. Evaluation of electric vehicle uptake 

must be performed to analyze the impact on existing rural distribution networks. Recognition 

of the most impactful parameters is the crucial part of the literature review: However, 

evaluating the magnitude of each under certain conditions and including all of them in the 

model will lead to a significant error in overall results. Thus, only the most impactful 

parameters will be put into the model itself. Unfortunately, there is little to none of the 

existing and reliable data that can be applied in evaluating grid durability. The purpose of 

the created model was to vaguely illustrate potential power load that may be a result of the 

electrification of a rural distribution network. The model can be separated into a few main 

sections, as it is shown in figure 1. These sections are further discussed in this paper.  
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Figure 1. Main parts of the model. 

The thesis consists of a literature review and modeling of a distribution network under 

different electric vehicle numbers while applying various conditions illustrated in the figure 

above. A literature review involves a description of existing electric vehicles, charging 

options, Finnish distribution network, driver behavior and charging methods applied in the 

model. Modeling of electric vehicle uptake in a distribution network requires consideration 

of different plug-in hybrid and battery electric vehicle quantities with a variable vehicle and 

battery characteristics. Battery capacity, vehicle consumption, driving range and charge 

power are the primary vehicle related parameters considered in the later presented model. In 

addition to those, other aspects will be included, such as type of charging, power of charging 

unit, number of vehicles at a single household and several driver habit related factors. The 

distribution network power system plays a massive role when durability and reliability of 

power flow are considered after the introduction of electric vehicles. However, in the model 

distribution network characteristics will not be compared to the power load caused by 

electric vehicles uptake. Only challenges related to electric vehicle uptake in sparsely 

populated areas will be discussed in the literature review. The thesis will also shortly discuss 

the necessity of the Vehicle-to-Grid (V2G) system, which provides bidirectional power flow. 

The system technology has been considered crucial for providing system balancing services, 

such as demand shifting, peak shaving and frequency regulation as share of renewable 

energy increases in pursuit of decarbonization the energy generation. It is well acknowledged 

that at the current state, V2G is not yet profitable, because of battery degradation constraints. 

• Number of vehicles
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• Vehicle characteristics
Electric vehicles

• Time of departure and arrival

• Place of charging

• Driven distance

• Number of charged vehicles at a single household

Driver habits

• Charging power

• Type of charging

• Ambient temperature

• Battery degradation

Charging activity



8 

 

 

 

Furthermore, the electric vehicle market shares are yet to be significant enough to apply 

state-of-art bidirectional power flow technology. The growing market will increase energy 

demand as well as peak power load unless optimized charging solutions are applied. The 

electrification of other sectors inspires the implementation of storage systems such as the 

aforementioned V2G as well as stationary batteries.  

Typically, vehicles are parked for over 95% of the time. Since charging is a decentralized 

activity, electric vehicles can be assumed to be connected to the grid for the most part of that 

time. Drivers can be expected to plug in their vehicles immediately after finishing a trip, 

which takes place more often after rush hours, in the morning and in the afternoon. A vehicle 

can be connected to the power network through specifically dedicated charging cable at the 

household, workplace or public charging station. In case uncoordinated charging is applied, 

a large number of vehicles are charged during typical peak load hours, thus increasing said 

load even further. Presumably, the most significant impact on the distribution network would 

be in the afternoon, when in addition to an electric vehicle other household appliances, such 

as stove, oven, electric sauna and heating system are active. With high probability it is 

possible to state that all sparsely populated vehicles will not be connected to the same 

network simultaneously, but even a slight chance must be considered since it may wound 

distribution network equipment.  

1.2 Research methodology 

Modeling will be performed on a MATLAB software that was developed by MathWorks 

corporation. While the software was created initially for numerical computing purposes, 

there have been significant extensions serving a much broader spectrum of users. In 

principle, an exemplary numerical computing file consists of numerous calculation formulas 

that are processed in the desired order. The model itself consists of those calculation 

formulas with input data gathered from the literature. Energy consumption data for several 

households was provided to the university by a distribution network operator. Applied data 

of which model will consist can be divided into two groups: constant and variable input data. 

The role of the latter is to provide observation of network resilience under different 

circumstances, while constant values are solely there to create study boundaries. Since each 

one of the further discussed factors affects charging activity, all parameters cannot be 



9 

 

 

 

included or be variable values in a single model. Such simplification is made to avoid 

undesirably high uncertainty in overall results.  
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2. TRANSITION TO ELECTRIC DRIVING 

Future climate warming of the atmosphere depends strongly on the cumulative greenhouse 

gas (GHG) emissions released by the end of this century that are emitted through various 

activities (Vavilov, 2017). During the 21st Conference of Parties (COP21), representatives 

from state parties signed the Paris Agreement, pledged to bring forward efforts to electrify 

20 % of road transport including cars, 2- and 3-wheelers, trucks, and buses by 2030 

(UNFCCC, 2015). Presently the transportation sector represents a large portion of global 

GHG emissions, while primary pollutants from urban traffic are NOx, PM10, PM2.5 and 

CO (Soret, 2014). From the environmental perspective, the impact from the EV transition 

on environmental targets must be evaluated in the long term, since the short-term impact is 

insignificant (Biomeri Oy, 2009). Electric vehicles (EV) can decrease on-site produced 

GHGs by relocating a significant share of produced emissions to the energy generation 

sector. Accordingly, EV emissions are directly correlated with the energy mix. Energy 

generation differs from country to country, which results in a disparity in the national carbon 

intensity of the electricity mix. Recognition of electricity carbon intensity allows a 

comparison between emissions related to the usage of EVs with an internal combustion 

engine (ICE) vehicles. Based on the average EU member states electricity mix, GHG savings 

from shifting to EV are 60 % and 50 % for gasoline and diesel, respectively (Moro & Lonza, 

2017). Neglecting emissions generated by braking activity EV driving can be considered 

clean when used energy is generated from renewable sources. Recent penetration of 

renewable energy has further decreased average electricity carbon intensity, providing better 

GHG savings despite the emission improvement of new ICE vehicles. However, 

uncoordinated charging of a significant fleet is more likely to result in a higher momentary 

power load. That, in accordance, would directly increase operational hours of the most 

emitting power generation stations, hence reducing the benefits of electric driving. 

A single electric vehicle (EV) has an insignificant impact on the power load. However, large 

quantities can substantially increase peak power load and harm distribution network 

transformers, cables, and other components. Uncoordinated charging can shorten the lifetime 

of distribution network equipment, thus increase maintenance and investment costs for 

distribution network operators (DNO). Direct investments into a distribution network 

equipment do not resolve the issue of being a costly solution. For distribution networks to 

operate safely under increased power load, DNOs are required to increase power capacity, 
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resulting in high expenses, directly affecting customers through service fees. Avoidance of 

smart charging would, in most cases, require power shifting among appliances as household 

power connection may appear insufficient to provide rated charge power when operating 

other necessary household electric appliances on a given time. Light flickering, burnt 

sockets, and breakage of frequency sensitive devices are just some detectable impacts of 

uncoordinated charging that a single customer will be able to detect in case of a poor 

connection. Consequently, a specific charging strategy must be developed or chosen from 

the literature to serve in DNO's best interest while also considering customers driving 

behavior and preferences. 

Transition to electric vehicles delivers an opportunity for the UNFCCC member states to 

release from oil-related challenges, such as single energy resource dependence, price 

fluctuation and urban air quality worsening (Biomeri Oy, 2009). EVs have been believed to 

provide also a positive effect on noise nuisance. However, several studies found out that 

there is a negligible difference between ICEs and EVs at typical urban speed limits. The 

study found out that the dominant noise factor is a type of tire used by vehicles. Numerous 

European municipalities have achieved noise improvement by prohibiting ICEs in certain 

city areas, hence result coming mainly from decreased vehicle traffic (Maffel & Masullo, 

2014).  

Regardless of excellent performance and low to zero tailpipe emissions, uptake of EVs face 

multiple difficulties that must be coped with. Increasing production of batteries requires an 

enormous amount of raw materials, such as lithium, cobalt, manganese and nickel. These are 

the main components of the lithium-ion battery, which price may increase significantly in 

the future. According to the performed study, cobalt price is sensitive to battery production 

quantity. Moreover, the increase in renewable energy would require substantial production 

of stationary batteries (Wooyoung & Mo, 2018) in case V2G is not fully implemented. 

Non-renewable resources being finite, there will be high demand for battery recycling and 

recycling facilities, which to this date are only a few (Zhang, et al., 2018). Furthermore, 

manufacture of EV batteries requires lots of energy, which can lead to significant GHG 

emissions if electricity mix carbon intensity is high. According to the study, GHG emissions 

from battery manufacture in the US including replacement battery can represent up to 

20 – 30 % of emission share of EV throughout a vehicle's lifecycle (Arthur D. Little, 2016). 

Decarbonization of the electricity generation provides a significant solution to decrease 
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vehicle manufacture and usage related emissions. That can be achieved by at least two 

means: phasing out coal power generation (Crown, 2017) and supporting renewable energy 

through political climate change agreements. One such agreement is the 2030 climate and 

energy framework, which requires all EU member states to increase renewable energy shares 

to at least 27 %. The framework is built on a similar 2020 climate and energy package 

(European Comission, 2018). 

2.1 Description of Electric vehicles 

The deterioration of urban air quality led governments as well as city authorities to form 

greenhouse gas emission reduction targets, which through incentives support alternative 

vehicles. A vehicle that runs wholly or partly on an electric motor is called an electric vehicle 

that is further subcategorized into a hybrid (HEV), plug-in hybrid (PHEV) and battery 

electric vehicle (BEV).  Batteries store electric energy that is released to wheels via the 

onboard electric motor. In this study, all further mentions of electric vehicles will refer to 

PHEVs and BEVs, unless otherwise specified. Since HEVs operate mainly on the internal 

combustion engine (ICE), they are excluded from the study. HEV onboard electric motor is 

charged by regenerative braking. Better fuel economy is achieved by applying short power 

bursts for vehicle start-up and acceleration. (Vavilov, 2017) 

Electric vehicles can be distinguished from traditional ICE vehicles from the presence of an 

electric motor, which transforms electrical energy into mechanical energy causing the 

vehicle to accelerate. Shortly PHEV is an upgraded version of HEV that can be charged with 

external electricity source. Charging from regenerative braking applies to PHEVs as well, 

but its role in overall battery charging is minor. The presence of an internal combustion 

engine allows drivers to perform longer trips without refueling a vehicle, thus eliminating 

BEV related range anxiety problem. Increased battery capacity and performance allow fully 

electric driving for short trips while also avoiding the production of tailpipe emissions 

(Biomeri Oy, 2009). This is a crucial benefit, especially for driving in urban areas, where 

driving speed is limited. Thus, the operation of a combustion engine is not required. 

Depending on the conditions, battery capacity and driving behavior PHEVs can drive up to 

50 km on the electric motor alone (Electric Vehicle Database, 2018). This range should be 

satisfactory for most daily driving events (Liikennevirasto, 2018). 



13 

 

 

 

BEV operates only on an electric motor and requires a larger battery capacity to provide a 

reasonable driving range. Charging of BEV follows the same principle as PHEV, but there 

are minor differences in charging power characteristics, as will be discussed further in the 

paper. Figure 2 shows power flow in an EV as wells as indicates key differences of power 

flow between a BEV and PHEV. The fully electric driving concept is also spreading to public 

transport and logistic sectors (ZeEUS, 2016), while before it was mainly implemented in 

small machines. Electric energy required for BEV charging must be generated with low 

carbon intensity (Biomeri Oy, 2009), otherwise environmental benefits from EV penetration 

are negligible (Canals Casals, et al., 2016). The carbon intensity of electricity generation 

among EU member states was analyzed in (Moro & Lonza, 2017). Results indicate that 

several countries ought to increase renewable energy shares to achieve notable emission 

reduction from EV uptake. BEVs are also associated with the range anxiety problem, which 

is believed to be more of a psychological rather than a physical challenge (Kley, et al., 2011). 

However, that misconception could be a determining factor for a customer to purchase a 

vehicle (Kim, et al., 2017).  

 

 

 

 

 

 

 

 

 

 

 

 

 

  Applicable for PHEVs propulsion systems 

Figure 2.  Overall power flow in BEV and PHEV (Wu, 2013). 

Fuel-cell electric vehicles (FCEV) are another type of electric vehicle. Their key difference 

from the above discussed electric vehicles is that they run on hydrogen, which is converted 
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to electricity in fuel cells. Hydrogen is stored in the tank under high pressure in accordance 

with the ISO 17268:2012 standardization (OECD/IEA, 2018a). Refueling of hydrogen is 

performed at a dedicated hydrogen station, which availability is yet very limited 

(Technology Collaboration Programme on Advanced Fuel Cells, 2017). The potential of 

FCEVs is well acknowledged, but they are left out of the study boundaries for not meeting 

the paper objective. At this time cumulative number of FCEVs barely reaches 10 thousand 

units and their presence is focused on a few areas (OECD/IEA, 2018a). Several countries 

have set goals to expand the FCEV market (Technology Collaboration Programme on 

Advanced Fuel Cells, 2017). 

2.2 Battery characteristics in EVs 

The ICE vehicle market offers a wide range of models with different characteristics, in this 

sense the EV market is similar. From this study perspective, vital vehicle aspects are battery 

capacity (kWh), consumption (kWh/km), charge power for "normal" and fast charging (kW). 

Typically, depending on the vehicle, battery capacities range from 16 kWh to 90 kWh for 

passenger cars (Battery University, 2018) and can reach up to 324 and 300 kWh for 

all-electric busses (ZeEUS, 2016) and trucks (AB Volvo, 2018), respectively. There is a 

notable difference between BEVs and PHEVs in terms of energy consumption. The typical 

values for BEVs are 15-20 kWh/100km, whereas PHEVs consumption can reach up to 

35 kWh/100km (Electric Vehicle Database, 2018). The maximum charge power that a single 

vehicle can receive depends strongly on the considered model. These values are expected to 

grow, hence charge power will be limited by the electric vehicle supply equipment (EVSE). 

In this paper, it is assumed that the charge power of a rural household EVSE will not exceed 

11 kW. Most users will rely on significantly smaller charge power. This is highly apparent 

for residents living in the sparsely populated distribution network, where the simultaneous 

charging of several vehicles may lead to undesired peak loads.    

In this paper, the impact on a sparsely populated distribution network from passenger EVs 

uptake will be analyzed. Large vehicles, such as buses and trucks are left out of the study 

boundaries. Various EV models with their characteristics that will be applied in the modeling 

are shown in table 1. Vehicles listed below are among the most popular EVs in the current 

European market.   
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Table 1. Technical characteristics of the most common EVs in the European market (Electric Vehicle Database, 

2018). 

 
Nissan 

Leaf 

Renault 

Zoe 
BMW i3 

Tesla 

Model 3 

VW Golf 

GTE 

Mitsubishi 

Outlander 

Electric vehicle type BEV BEV BEV BEV PHEV PHEV 

Battery capacity (kWh); 

(useable capacity) 

40 

(38) 

41 

(37) 

42,2 

(37,9) 

55,0 

(50,0) 

8,7 

(7,0) 

13,8 

(11,0) 

Real range1 (km) 240 225 235 340 402 372 

Charge power AC (kW) 6,6 22 11 11 3,7 3,7 

Fast charge power DC 

(kW) 
50 43 50 70 - 22 

Consumption 

(kWh/100km) 
19,5 19,3 19,0 18,2 25,9 34,2 

1 Real range indicates the average driving range in different driving conditions. 

2 Driving range only on an electric motor. 

The most significant difference between BEVs and PHEVs that stands out in table 1 is 

battery capacity, which directly affects the driving range of the vehicle. Battery capacity is 

a crucial factor on the potential driving range among with driving behavior, speed and use 

of cabin heating and cooling. Presented driving ranges are average values under different 

driving conditions. Besides, it appears to be common for PHEVs to have a strictly limited 

maximum charge power for regular as well as fast charging, which must be considered when 

modeling various scenarios.  

2.2.1 Charging efficiency 

Analysis of distribution network resilience after EV uptake requires the inclusion of losses 

appearing between the grid connection point and the EV battery. These losses vary upon a 

state of charge (SOC) of the battery and current when charging. Thus, compromised fixed 

loss factor must be defined. Losses can occur in EVSE, breakers, transformer, battery and 

power electronics units. Losses occurring in EVSE and breakers are further divided into 

standby and Joule heating losses. Overall, these tend to be low (0,10 - 4,28 %) and are 

supposedly resistive losses that increase with the current. On the contrary, losses occurring 

in distribution transformers are more than twofold (3,33 – 14,60 %) and increase with low 

current. Likewise, these are categorized as no-load and copper losses, the latter of which 

relates to the heat produced by electrical currents. Battery round-trip losses increase with 
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current, but the impact related to SOC was not found. Discharging losses are always higher 

than charging losses. Of all the mentioned losses, EVSE appears to be the highest in case 

distribution network transformers are neglected (Apostolaki-Iosifidou, et al., 2017).  

 

Figure 3. Power loss in relation to applied power (Apostolaki-Iosifidou, et al., 2017) 

 

At low charging and discharging power, battery losses are equal, while at higher power 

discharging losses are approximately 10 % more compared to charging losses. Charging at 

low power requires lower capital cost, but leads to higher energy cost, while also reducing 

drivers flexibility (Apostolaki-Iosifidou, et al., 2017). As shown in figure 3, EV is not 

capable of storing 100 % of electric energy directed to the battery due to occurring heating 

losses as well as undesired electrochemical reactions. It can be assumed that overall charging 

efficiency is roughly 90 % (Dubey & Santoso, 2015). Losses occurring in the transformer 

are excluded from the study since EVs are just a portion of all loads.   

The study found out that ambient temperature has an undeniable impact on EV charging 

efficiency. Even though the experiment was performed until 0 degrees Celsius, the relation 

of high and cold temperatures in terms of charging efficiency is visible. Under cold 

temperatures, the charging period was documented to be longer (Deb, et al., 2018). This is a 

drastic factor especially for Nordic countries where the yearly average ambient temperature 

is only a few degrees Celsius. Unfortunately, there is a very little amount of data on the 

matter, and the proper benchmark to apply in the modeling was not found. Moreover, a 

notable portion of EV users may charge their vehicles in a garage, thus avoiding the negative 

impact of ambient temperature.  
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2.2.2 Battery degradation  

Battery aging depends on multiple stress factors, such as ambient temperature, depth of 

discharge (DOD), state of charge, voltage and the intensity during charge and discharge 

(Uddin, et al., 2018). EVs are supplied with Battery Management System (BMS) that limits 

the voltage range under which charging and discharging are performed. This approach limits 

useful battery capacity, but in return drivers' capability to enhance battery fade is decreased. 

Thus, BMS prevents battery from reaching the instability zone when driving, reducing 

drivers' capability to affect battery degradation (Canals Casals, et al., 2016). Battery 

degradation is one of the main concerns regarding the introduction of V2G since an increased 

number of charging cycles can be detrimental to the lifetime of the battery (Uddin, et al., 

2018). As the degradation of the battery progresses, the usable amount of energy decreases, 

directly affecting a single charge driving range. The issue is referred to as capacity fade. The 

solution has been limiting the battery charging range of a new vehicle to a certain degree 

and enhancing it as battery capacity fade progress (Battery University, 2018), as is depicted 

in figure 4. From this study perspective, capacity fade may prolong vehicle charging period 

for a broader number of residents, leading to a higher probability of simultaneous charging. 

The usage of smart charging could theoretically reduce overlapping hours but will not 

necessarily completely avoid them. 

 

Figure 4. Driving range as a function of capacity fade. Over time battery will require more charge to perform 

an identical driving trip (Battery University, 2018). 

Another explanation for usage of such a concept is to prevent EV drivers from real-time 

observation of battery degradation as it may affect a portion of customers from switching to 

electric driving. Throughout a lifetime, EV battery is supposed to guarantee a range of 

160 000 km, but extreme temperatures and usage patterns may negatively affect the number 

of life cycles (Battery University, 2018). 
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Battery degradation can be separated into power fade and capacity fade. First relates to 

power capacity that can be directed to or from the battery, whereas the latter is in clear 

relation with EV driving range. Additional cycling of battery in terms of V2G degrades the 

battery by increasing capacity loss, which could make such implementation unprofitable 

(Dubarry, M., Devie, A. and McKenzie, K., 2017). However, another study pointed out that 

the implementation of V2G contrariwise can prolong the lifetime of a battery (Uddin, et al., 

2018). Nonetheless, in the near future, when the overall number of EV increases, the V2G 

system will have an essential role at least in frequency control operations. One of the ways 

to delay battery degradation is charging at lower state-of-charge (SoC), which can be 

achieved over time as customers become more experienced with the use of EV. With 

increased battery capacity, charging can be done once in two days or even less frequently, 

but also the consideration of drivers' habits is important. Most studies implementing any sort 

of modeling assume that the initial SOC of a battery before charging is 20 %. In this report, 

that value was chosen to serve only in a reference scenario, as it is highly unlikely that the 

vast majority of vehicles will be charged at such a low initial SOC.  

Over time battery's internal resistance increases, causing higher power and heat losses, 

resulting in lower charging and discharging efficiencies.  The battery is expected to be at the 

end of life when 20 % of initial battery capacity has faded out. Cold temperature reduces an 

achievable driving range, but there is no impact on battery degradation (Casals & Garcia, 

2016). It can be assumed that over time customers would consider these parameters, as they 

directly impact the cost of battery degradation. For example, frequent depth of discharge 

would considerably accelerate battery degradation and shall be avoided in the long run. 

Likewise, increased cycling in terms of V2G is yet unprofitable when the cost of degradation 

outperforms financial gains from load shifting (Calvillo, et al., 2016).  

2.2.3 Cabin heating and cooling 

It has been recognized that cabin heating and cooling require a fair share of stored energy, 

limiting EVs potential driving distance. Cabin heating is provided by battery power or 

fuel-powered heater. In the case of the former, the driver may experience range anxiety due 

to high energy consumption. According to performed experiments, EV cabin heater can limit 

potential urban driving range by up to 67 %. The relative impact on highways is smaller due 

to high battery-to-wheel energy consumption at high speeds (Haakana, et al., 2013). Some 
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drivers have adopted this constraint by limiting or turning off cabin heating and cooling 

systems, hence decreasing driving comfort in order to extend a driving range (Figenbaum, 

et al., 2014). The following table describes results gathered by "RekkEVidde" project 

authors.   

Table 2. Estimated EV consumption at +23ºC and -20ºC with and without a cabin heating system (Haakana, et 

al., 2013).   

 

Experiment results in table 2 were performed for Citroen C-Zero BEV installed with a 

4,5 kW PTC-type cabin heater. In the project mentioned above, the heater constantly 

operated at nominal capacity when in realistic conditions, heaters adjust power based on the 

cabin temperature. Therefore, in this experiment, the cabin heater's energy consumption is 

not dependent on the driven speed or distance. High energy consumption per driven 

kilometer can be seen in urban areas due to lower speed limits. Automakers are introducing 

cabin heaters with heat-pump functionality reducing the energy consumption of a vehicle. 

In principle, the heat-pump heater utilizes the difference between ambient temperature and 

a refrigerant (Nissan, 2019). Project results are interesting when driving energy consumption 

at different ambient temperatures are compared. Results indicate that cold temperature has a 

relatively small impact on energy consumption when the cabin heater is not used. 
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3. CHARGING OF ELECTRIC VEHICLES  

Onboard battery storage is charged when a vehicle is connected to the grid or through the 

braking process. The latter of the two can be neglected in the modeling since it has a minor 

impact on overall charging. Initial SOC indicates the share of electric energy stored in the 

battery in relation to battery capacity. The SOC of a battery depends on a given moment of 

a charging or discharging activity. It must be noted that even when a vehicle is not actively 

used, self-discharging is present. Though in upcoming model vehicles are assumed to be 

used daily, thus the impact of self-discharging is neglected. Discharging of the battery 

depends on discharging efficiency and vehicle consumption. Likewise, energy stored during 

charging activity depends on charging efficiency and charge power. Wireless charging offers 

a convenient way of charging with slightly worse charging efficiency compared to regular 

charging. Nevertheless, the implementation of said technology is not necessary for vehicle 

uptake in rural areas.  

EVs function as a load that utilize electric energy when connected to the distribution 

network. There are multiple options on which charge power and location vehicles are 

charged. Charging event can occur at the household or workplace as well as a charging 

station that can be either private, public or semi-public. Fast chargers, which availability 

remains yet low, are commonly seen as a solution to long charging periods between 

long-distance trips (OECD/IEA, 2018a). Numerous studies have been performed to 

investigate the importance of public charging infrastructure, especially in the sense of fast 

charging. At this point, there is no clear benchmark on whether the existence of a charging 

infrastructure is a crucial parameter for EV uptake (Kim, et al., 2017). The case of Denmark 

has demonstrated that buildup of charging infrastructure alone does not necessarily 

encourage electrification of road transport (OECD/IEA, 2018b). This utterly demonstrates 

that uptake depends on multiple factors. 

Charging of EVs can be divided into several categories according to the charging mode and 

charging type. There are four different charging modes. Since mode 1 is not appropriate for 

EV charging, it is excluded from the study analysis. Mode 1 is a suitable option only for 

light electric vehicles (LEV), such as electric 2-wheeler, lawnmower or other similar kinds 

of machines (REXEL, 2018). The LEV is supplied with alternative current (AC) from a 

standard grounded 230 V household power outlet that is protected by a 30 mA earth-leakage 
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circuit breaker (SESKO, 2018). International requirements regarding LEV charging are 

described in IEC 61851-3. 

In the future electric trucks and buses will be equipped with significantly larger battery 

capacities than passenger cars, thus requiring significant power and energy to deliver a full 

charge. It is assumed that charging such vehicles will take place at the dedicated depots, 

hence focusing on charging to several high-power charging spots (European Union, 2018). 

The power load for public transport and logistic vehicles is excluded from the study 

boundaries. 

3.1 EV charging standardization 

International Electrotechnical Commission (IEC) is a global standardization organization 

responsible for electrotechnology as well as electric vehicle charging. Most of the European 

standards are based on IEC-standards and are defined by the European Committee for 

Electrotechnical Standardization (CENELEC), which standards are referred to as EN. 

European standards give only necessary requirements for safety, health, environment and 

consumer protection. Their task is to take care that standards are identical in all member 

states while avoiding conflicting national standards. In Finland, standards are further defined 

by SESKO (SFS) to correspond to Finnish realities. Most commonly, there are no changes 

from EN standards when it comes to EVs. In case the standard is identical, it is referred to 

as SFS-EN standard. Homegrown standards are a revision of old national standards, where 

EN-standards do not exist and are referred to as SFS. This study is performed respecting 

Finnish EV charging requirements.  

Before describing the existing charging options, it is necessary to distinguish between the 

charging point and the charging station. The charging point is a single port to which only 

one vehicle is able to connect. Charging stations are often supplied with two or more 

charging points and can provide charge to several vehicles simultaneously. In some cases, 

the charging station may be supplied with two different charging type connectors, but only 

one of them will be active. In other words, of two vehicles connected to a single charging 

station, only one will receive power (European Union, 2018). Charge power to multiple 

vehicles may depend on dimensioning of supply lines, provided that the dimensioning is 

sufficient; it is possible to charge connected EVs without reduced power factor (SESKO, 
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2018). Household private charging stations are typically supplied with a single regular 

mode 3 charging point or in rare cases with additional mode 2 Schuko socket-outlet (Motiva 

Oy, 2018). 

3.2 Mode 2 charging 

Mode 2 is often described as a slow charging option, where a vehicle is connected to AC 

supply with a regular grounded 230 V household (SFS 5610) or 400 V industrial (SFS-EN 

60309) outlet with a dedicated charging cable. Schuko plug meets safety requirements as it 

is equipped with a charging current limiting control unit (Motiva Oy, 2018). The vehicle is 

charged with 1-, 2- or 3-phase charging with an AC with up to 32 A (IEC 61851-1, Ed. 2.0). 

Single-phase current varies between 10 – 16 A, enabling maximum charging power of 

2,3 – 3,6 kW. In several hours lasting charging event at the household current is limited to 

8 A, providing mentioned rated current of 16 A only for two consecutive hours (SESKO, 

2018). Mentioned dedicated cable is installed with in-cable control and protection device 

(IC-CPD) that could for safety reasons restrict current to 10 A. Hence preventing higher 

charge power of the first two charging hours  (Rautiainen, et al., 2013). Typically charging 

power remains at 2 kW (SESKO, 2015), therefore charging with respective charging mode 

is suitable for PHEVs by virtue of being equipped with relatively small batteries.  

 

Figure 5. EV charging from a household outlet with a dedicated Schuko cable (SESKO, 2018). 

Mode 2 charging is advised to be a temporal option and upgrade to mode 3 is advised. Recent 

experience has shown that household outlets are not ideally suited for charging an EV as 

customers are occasionally facing issues with burnt outlets (Lorentzen, et al., 2017). Mode 

2 chargers can be upgraded by installing standardized socket, power supply conductors and 

protective earth conductors that allow usage of current up to 32A on the supply side (SFS, 

2017). Several companies have entered the market, providing EV users with private home 

charging stations. Additional terms related to the upgrade are described in SFS-EN 61851-1. 
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Household socket charging characteristics among different countries are described in IEC 

60083:2015 (SFS, 2015).  

Finnish infrastructure is prepared to receive EV uptake since a significant share of apartment 

building parking lots are equipped with block heaters. With minor changes, a notable number 

could be turned into slow charging points, providing charging access to the population living 

in apartment buildings. Besides, Nordic power networks are built to tolerate high power 

loads that appear primarily in the winter season due to electric heating, electric sauna and 

domestic hot water heating (Biomeri Oy, 2009). The addition of EVs into a distribution 

network system may require a power alteration between the mentioned loads.    

3.3 Mode 3 charging 

In mode 3, a vehicle is connected to an electric vehicle supply equipment, often referred to 

as a charging unit. In principle, EVSE ensures safe power flow between the grid and a battery 

providing single or bi-directional flow. Latter is implemented for a vehicle-to-grid system 

(Apostolaki-Iosifidou, et al., 2017). Mode 3 is compared to others as the most favorable 

charging option in terms of efficiency, battery lifetime, costs and safety. The battery can be 

supplied with a 1-, 2- or -3 phase current with up to 63 A, achieving maximum charging 

power of 43 kW (Rautiainen, et al., 2013).  

 

Figure 6. Charging EV with a detachable and built-in charging cables from EVSE charging unit (SESKO, 

2018). 

Current will depend on the capacity of an installed EVSE charging unit, size of which should 

depend on the fuse size, household capacity and EV charging capabilities. Generally 

charging current will be (1 x 16 A), (2 x 16 A) or (3 x 32 A), which provide charge power 

of 3,7 kW, 7,4 kW and 22 kW, respectively (Motiva Oy, 2018). However, EVSE is often 

limited to 11 kW due to limited connection capacity to the household. For modeling 

purposes, charge power will be limited to 11 kW. Thus said, purchase of a large charging 

unit may appear inconvenient if a household fuse is not capable of withstanding high power 

load during the temporary charging events (Plugit, 2013). EVSE should allow 
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implementation of smart charging, which is advised by the act on the distribution of 

alternative fuels for transport (SESKO, 2018). Smart charging can provide energy savings 

for the customer, but also shave peak loads in the local distribution power network. 

3.4 Mode 4 charging 

Charging points with power output above 22 kW are classified as high-power charging 

points (European Union, 2018). Direct current fast charging (DCFC) or better known as 

quick charging, is probably the most discussed EV charging option in the literature for 

multiple reasons. Unlike the previous two, DCFC is applied only for public use. While 

connected to the DCFC station vehicle is supplied with direct current (DC) and high voltage 

through the charging station. Current DCFC stations provide over a hundred amps, and 

charging power varies typically between 22-118 kW (SESKO, 2018). Even more powerful 

chargers are being presented (European Union, 2018). Fast charging is believed to have a 

direct impact on battery lifetime, but according to some performed experiments, emerging 

capacity fade has appeared to be insignificant with a 2 – 4 % difference compared to mode 

3 charging (Idaho National Laboratory, 2014). The experience of Norway, where existence 

of quick chargers is noteworthy, has shown that their usage is irregular and rare (Lorentzen, 

et al., 2017). This study neglects the existence of quick chargers or public chargers in general 

to illustrate a situation where distribution network EV users rely primarily on home charging 

options.  

Quick charging gives the impression of being a necessity for the EV market uptake because 

it is strongly believed to be a solution for the range anxiety of a BEV. Despite being more a 

psychological rather than a physical problem. At an early stage of EV penetration, it is better 

to consider fast EVSE as a long-distance driving solution (Kim, et al., 2017). Nonetheless, 

public charging infrastructure is strongly linked with the growing EV market (Hall & Lutsey, 

2017). The moment EVs share rises to a significant level, the need for DCFCs will increase. 

DCFCs placement should take into consideration customers' behavior in terms of driving 

pathways and vehicle consumption as well as traffic. While it is less expensive to install 

additional outlets to a single charging station (Sebastiani, et al., 2014), high loads can harm 

weak buses (Deb, et al., 2018). A significant share of EV drivers will charge their vehicles 

at their households or workplace (Sebastiani, et al., 2014).  
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3.5 Alternative charging technologies 

Overall, current charging technologies are satisfactory to serve today's EV market. However, 

shortcomings of current charging technologies, such as the length of charging time, have 

stimulated a growing interest in developing alternative battery charging technologies. 

Leading developing technologies are battery swapping, wireless charging, rapid bus 

charging and supercapacitors. None of these is yet widely commercialized for individual 

reasons.  

Battery swapping allows a quick way of exchanging drained battery for a full one. Lack of 

unified standardization for easy battery access has appeared to be problematic. Moreover, 

battery swapping stations are costly, especially in relation to developing battery technology. 

Despite these constraints, Chinese automakers and Tesla have been developing battery 

swapping technologies for several years (European Union, 2018). At this point, future 

implementation of battery swapping in EVs is challenging to predict as it seems a more 

suitable option for large transportation vehicles, such as buses and trucks. 

Wireless charging has been promoted due to ease of use. Main advantages are that driver 

does not need to plug in their vehicle, and lack of cords at the public stations could be 

beneficial. In brief, the vehicle is charged when parked on the dedicated ground pad from 

which power is transmitted to the battery. The main constraints of wireless charging are high 

investment costs and slightly lower efficiency compared to current cord technology. It can 

be assumed that the commercialization of this technology solution will take place in the 

following years, but it does not have a noteworthy impact on this study, due to being more 

of a substitute solution for existing technology (European Union, 2018). 

Rapid bus charging technology is a solution for overcoming existing electric public transport 

range anxiety and the duration of charging barriers. The idea behind this charging solution 

is to charge the battery at the route rest point in seconds with extremely high power output 

(>450 kW). However, the most significant barrier to implement this technology has appeared 

to be the agreement on technical standards (European Union, 2018).  

Supercapacitors have been seen as an alternative option for existing battery technologies by 

offering high power density, long life without degradation and good performance over a 

wide range of temperatures. In comparison with existing battery technologies, 
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supercapacitors lack energy storage. Therefore, they are better suited for mid-range PHEVs. 

(European Union, 2018). 
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4. ELECTRIC POWER GRID 

The Finnish power grid is operated by Fingrid, which task is to provide constant and secure 

energy flow in all situations. While disruptions in power grid occur, their existence is 

extremely rare compared to sparsely populated distribution networks. Unless reliability of 

constant power flow is not improved, EV uptake in sparsely populated areas can not be 

expected. However, due to changes in legislation, DNOs are required to upgrade existing 

distribution networks to reduce power flow disruptions. That is crucial for BEV penetration 

into sparsely populated areas. In this chapter, the Finnish power grid, as well as distribution 

networks, are briefly discussed.   

4.1 Electricity grid structure 

Generating stations, transmission lines and distribution systems together form an electricity 

network, where electricity is transmitted from generators to distribution systems through 

transmission lines. The Finnish power network is divided into high-voltage power 

transmission (110-400 kV), medium-voltage (1-70 kV) and low-voltage (>1 kV) networks 

that operate under set conditions (Finnish Energy, 2018). Large generating stations 

(>25 MVA) are connected to transmission lines (Fingrid, 2018) that are suitable for 

transporting bulk electric energy over long distances (Kothari & Nagrath, 2008). Smaller 

generating stations, such as wind farms are typically connected to the medium-voltage 

network (Motiva, 2012). Household photovoltaic solar panels (PV) are connected to the low-

voltage network. 

 

Figure 7. Finnish electricity distribution network structure (Caruna, 2018).  

Electricity is gained by conventional means through the thermal utilization of fossil fuels, 

such as coal, natural gas or oil (Kothari & Nagrath, 2008). Political climate change targets 

have encouraged the development of renewable energy technologies, such as wind and solar 
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(European Comission, 2018), that have gained substantial growth due to wide 

commercializing, rapid cost reduction and increasing energy efficiency (IRENA, 2017). 

Large-scale EV uptake would increase Europe's total electricity consumption by 5-15 %, 

depending on the country (European Environment Agency, 2016). EU's "2030 climate & 

energy framework" requires all member states to improve energy efficiency and increase the 

share of renewables by at least 35,5 % and 32 %, respectively (European Comission, 2018). 

Thus, EV penetration will not necessarily increase energy consumption over time when 

compared to energy consumption figures from the early 2010s. From energy consumption 

perspective EVs bring a manageable challenge. Though the most significant challenges lie 

in power load, as a large number of vehicles will be charged in a short period of time 

increasing peak power load. This is especially a concern for rural distribution networks.  

4.2 Low voltage and distribution network 

In Finland, medium-voltage 20 kV is typically converted to 400V at a distribution substation, 

which consists of medium-voltage rail, one or a few residential distribution transformers, 

low voltage output and auxiliary voltage system. The low-voltage network is connected to 

small-scale electricity users, such as households, schools and small commercial buildings. 

The capacity of residential distribution transformers depends on location as well as served 

customers load profiles. Most commonly their capacity is 50 or 100 kVA. In sparsely 

populated areas distribution transformers are occasionally just 16 kVA, transferring over 

relatively long distance just a few kilowatts. Distribution transformers are designed to 

withstand overloads for short periods of time (Lakervi & Partanen, 2008), however 

prolonged and recurring operation above nominal capacity will impact the expected lifetime 

of the transformer (Muratori, 2018). 

Due to recent changes in legislation (Finlex, 2013), a substantial share of overhead lines in 

the Finnish distribution network will be replaced with underground cables in the following 

years. Nevertheless, their existence in peripheries will remain noteworthy. Used overhead 

lines are AMKA aerial bundled cables and underground lines are AXMK cables, both having 

variable cross-section variations. The maximum thermal load capacity depends on the cable 

type, cross-section and residential distribution transformer distance from the households. 

The first two are selected respecting local power distribution utility's strategy and 
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measurements. In spread-out areas, low-voltage network cables length can reach up to a few 

kilometers, but their power transmission capacity is substantially reduced. Power can be 

transferred without a notable voltage drop until 120 to 250 meters depending on cable 

characteristics. Consequently, power capacity decreases in relation to cable distance. 

(Lakervi & Partanen, 2008). Since cables are installed to operate for decades, EV uptake 

among growth of other electrification must be considered when installing new distribution 

lines. 
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5. HUMAN BEHAVIOR 

While cities all over the world act to promote public transportation and reduce traffic on 

privately owned vehicles in order to reduce environmental emissions, in rural areas road 

transportation will most likely remain unchanged. Various incentives in terms of tax 

reduction on sustainable vehicle purchase or taxation of traditional fuels are applied in most 

of the European countries to promote EV uptake. These will eventually impact rural areas 

road transportation at some point in the future. Modern EVs provide reasonable driving 

capabilities to maintain drivers' habits unchanged. Transition to alternative vehicles must be 

performed respecting people driving behavior, which for rural areas means secure energy 

flow. In principle, refueling tradition is going to change since the vast majority of traditional 

refueling stations will be substituted partly and for some drivers wholly by household 

charging possibility. For that reason, long power cuts may strongly impact attitude towards 

EVs and therefore curtail uptake rate. 

5.1 Driving pattern 

Driving habits portray essential information on vehicle usage that is used for modeling 

purposes. Vehicles are usually parked for 95 % of the time, though charging opportunity is 

not always present (Koreneff, et al., 2009). As for the modeling, it can be assumed that 

households in rural areas are supplied with charging capabilities. Otherwise purchase of EV 

would not be justified. The most prolonged parking period takes place at the household 

during the night, which is also the most common charging period. People perform several 

individual trips in a single day, which in-between time interval varies. Therefore, charging 

can be assumed to take place also at a workplace, public chargers or other households. While 

that is admittedly possible, the mentioned assumption would work in favor of this study. 

Therefore, all charging activities are modeled to take place at home. There are days during 

which driven distance will be longer than what a single BEV battery charge can provide. In 

around a quarter of these cases, drivers have a stop at home for about 1 – 5 hours, which 

allows them to charge their vehicle partly or even fully depending on the charging 

capabilities (Hjorthol, et al., 2014). However, in the case of rural areas, that share must be 

significantly lower and consequently will be neglected in the modeling. In reality, these 

vehicles will implement charging possibilities elsewhere. For the sake of modeling, EVs 

performing longer distances than a single charge can provide are expected to be out of charge 
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at the time of arrival. Since EV does not allow a driver to drain their battery fully, the SOC 

of the vehicle will be equal to 20 % of the battery capacity.  

Despite the fact that an individual day-to-day driving differs substantially, some 

generalization can be made, giving vague ideas on driving patterns. The following data was 

gathered from the Finnish transport agency's national travel survey (NTS) and Norwegian 

Centre for Transport Research on electromobility report. Roughly two-thirds of the 

performed trips start from or end at home. Usual driving trip purposes are work, business, 

shopping, leisure or visit related (Liikennevirasto, 2018; Hjorthol, et al., 2014). During 

weekends passenger cars are driven considerably less compared to week average 

(Figenbaum, et al., 2014). Interestingly, this also applies to Wednesdays (Liikennevirasto, 

2018). Figure 8 illustrates the estimated share of customers connected to the power network, 

where it is assumed that 20 % of the vehicles will be plugged in at a workplace.   

 

Figure 8. The estimated proportion of EVs connected to the power network during a typical week (Koreneff, 

et al., 2009). 

In Nordic countries a single vehicle is driven daily on average for approximately 52 

kilometers and three individual trips (Koreneff, et al., 2009). Average single trip distance for 

Denmark, Finland and Norway are 17.3, 18.9 and 19.5 kilometers, respectively. Typically 

driving consists of several individual trips creating a travel chain, which can be characterized 

as a car-based chain that starts and ends at home. Therefore, a single trip is not necessarily a 

relevant factor for analyzing charging behavior, because it may be part of a travel chain 

event, where charging opportunity is not present. Trip distances, as well as overall daily 

driving, tend to increase with increasing living distance from an inner-city. In Norway, 85 % 
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of car based travel chains are shorter than 50 km, in Finland that share is 79 % and in 

Denmark 75 % (Hjorthol, et al., 2014). Figure 9 illustrates the average distribution of a single 

trip distance performed by passenger cars in Finland. Passenger cars' daily travel distance is 

reduced in the winter compared to other seasons. Furthermore, car sharing is most common 

in the summer, which could be explained by vacation related trips (Liikennevirasto, 2018). 

Seasonal variation of driving patterns impacts EV charging behavior as well as charging 

loads (Zhao, et al., 2018).  

 

Figure 9. Vehicle trip distance distribution in Finland (Liikennevirasto, 2018). 

The experience of Norway has shown that EVs are driven practically the same amount as 

new combustion motor vehicles (Figenbaum, et al., 2014). Therefore, it can be assumed that 

overall EVs are not limiting or shifting driving patterns when normal driving is considered. 

On the contrary, currently BEVs are preferably used as city vehicles that are driven daily 

between 20 to 40 km, lacking well behind national average driving range (OECD/IEA, 

2018b). Furthermore, in Nordic countries quarter of the families possess two or more 

vehicles, which allows an assumption that small battery capacity BEVs will be used 

primarily for urban driving. However, such consideration is not acceptable for long term 

modeling and will be studied only as a reference point. Moreover, short-distance urban 

driving cannot be considered when modeling is performed for a rural area, where distances 

are considerably longer.  

In general, people tend to drive less during a weekend and most on Fridays, since it is the 

beginning of many weekend journeys. Traffic is the busiest between 15:00 and 17:00 since 
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that is usually the end of a working day and the start of many leisure and shopping related 

activities. School and work related trips usually start at 07:00 and last until 9:00, resulting in 

increased traffic in the morning (Liikennevirasto, 2018). Figure 10 illustrates the time of 

departure probability during weekdays and weekends.  

 

Figure 10. Hourly variations in departing (Liikennevirasto, 2018). 

From the figure, it can be pointed out that despite of the aforementioned busiest weekday 

departure hours, the probability of departing throughout the day is somewhat constant. On 

the weekend, departing hours are shifted a couple of hours closer to the noon, but there is 

not a noticeable difference to weekdays when evening departing hours are looked 

considered. Driving can be regarded as a randomly determined activity. Hence it is necessary 

to use a probability method to model not only arrival and departure time but also daily driven 

distance (Zhao, et al., 2018) while also respecting survey based gathered data. In the 

modeling it must be assumed that there are going to be days when most of the distribution 

network area's residents avoid vehicle usage, but also days when a large share of vehicles is 

used for long trips. In realistic conditions, drivers will occasionally charge their vehicles at 

public, private and semipublic chargers. However, this assumption works in favor of this 

study and will not be considered. Furthermore, the study will include scenarios where the 

number of EVs will substantially exceed the number of households in the area. This can be 

considered due to possible local events or national holidays resulting in visiting the area or 

just abnormally high EV uptake. 
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Possession or access to a summer cottage is common in Nordic countries. Occasionally their 

location is beyond 100 km, resulting in people performing in Norway yearly on average 12 

over 100 km car trips (Hjorthol, et al., 2014). A similar distance in Finland is driven on 

average 19 times, often including one-night stay (Liikennevirasto, 2018), allowing some sort 

of charging opportunity in case a connection to the distribution network is present. In fact, 

many summer cottages are not connected to the electricity power network (Hjorthol, et al., 

2014). Drivers performing long trips may recharge their vehicles at charging stations along 

the way. Despite that possibility, a scenario will be created, where several BEVs equipped 

with large batteries and low SOC will return to the area during the same given day. The 

purpose of this scenario is to analyze whether charging several vehicles throughout the whole 

evening and night will show any significant impact on the power load and grid durability.  

5.2 Household electricity consumption 

Electricity users are often linked to predefined load profiles based on power consumption 

and initial customer information, such as customer type, heating solution or tariff. The 

customer load profile might change in case of a switched heating solution, addition of a large 

electric device or EV (Mutanen, et al., 2011). On an individual level, each load profile 

differs, but some generalization can be made. In general, as discussed above, people leave 

their household in the morning, which results in noticeable power load increase during that 

period as lights and coffee makers are turned on. By the time EV driver leaves, the vehicle 

is expected to have the required charge to achieve a desired driving range before the 

following charging event. The most extensive power peak occurs in the afternoon, when 

people return home and start preparing food, clean, use electronic appliances and turn on an 

electric sauna. This is also a moment when most EVs will be plugged in. Simply put, 

charging events must happen between the time of arrival and the following departure without 

stressing distribution network components and harm driving flexibility. 

The household power load profile depends strongly on the season as well as the type of a 

household and implemented heating solution. As can be expected, in Nordic countries power 

consumption is strongly dependent on the ambient temperature since heating is a major 

energy consumer, when any type of electric heating is applied. Household peak power load 

is in strong relation with the applied heating solution. For instance, households supplied with 

electric heating experience peak power typically at night when the water heater is on, 
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whereas regular apartment buildings' peak power is in the evening. A rural distribution 

network consisting of different building types would most likely settle a common peak in 

the evening, which is the most sensitive time period for EV charging. (Lakervi & Partanen, 

2008). Finnish Electricity Association (Sener) gathered data on energy consumption for 

different household types throughout various seasons. Figure 11 illustrates the average 

power load of a regular detached house during different seasons. While the data is old, peak 

hours are identical to those described above.   

 

Figure 11. Average daily power load for residential buildings (Sähkön käytön kuormitustutkimus 1992, 

1992). 

According to the figure above, the peak power load during a regular weekday appears from 

22:00 to 23:00. That is also a time when EVs are expected to be charged. Power shifting 

between the electric sauna and electric heating is a typical solution to prevent the occurrence 

of high instantaneous power peaks. Usage of a similar approach combined with smart 

charging provides an opportunity to shave potential power peaks resulted from charging 

activity (Biomeri Oy, 2009). The rapid development of smart technologies along with an 

increasing number of solar panels and heat pumps will mold current household load profiles. 

A growing number of heat pumps and shifting to electric heating could noticeably increase 

power load during peak load hours in rural areas when households are switched from the oil 

heating system. Thus, EV charging must be handled in the way that impact on peak load is 

preferably minimal. Figure 12 illustrates the power load throughout the day when electric 

heating and heat pumps are applied in detached buildings.  
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Figure 12. Power relation on average power for four types of houses with various heating systems (Koreneff, 

et al., 2009). 

Rural areas consist more often out of detached houses with and without electric heating. 

According to the figure above, detached houses experience a high power load after 20:00. 

That applies to both types of detached houses. Addition of electric vehicles to an area might 

increase already high power load in the areas where average power load acts as depicted in 

the figure. Distribution network resilience depends strongly on emerging changes in the local 

network in terms of EV uptake as well as the appearance of other electric appliances, local 

migration, demand response, roof solar panels, heat pumps and household storage systems 

that are gaining popularity.  

5.3 Charging experience and behavior 

Observation on charging behavior is essential to create a trustworthy model after an EV 

uptake in the region. This section will bring up recent charging experience study results 

performed for Sweden and Norway, which are assumed to represent all Nordic countries 

decently. Besides, the EV user experience for the US will be brought forward. Public 

chargers are excluded from this section as well as overall study for being used seldom and 

holding different challenges not relevant for this study analysis. Moreover, most sparsely 

populated residents will rely primarily on home charging and workplace charging. 
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5.3.1 Charging experience in Nordic countries 

The Norwegian and Swedish EV markets are growing promptly with relatively substantial 

market share (OECD/IEA, 2018a). Norwegian BEV fleet is two-fold compared to the PHEV 

fleet, while in Sweden BEV fleet is substantially smaller than the PHEV fleet (OECD/IEA, 

2018b). This difference provides an opportunity to analyze whether the difference in EV 

fleet has a noticeable impact on charging behavior or experience. Norway allows an excellent 

opportunity to examine EV driver charging behavior as well as overall customer experience 

as a result of a relatively high market share. Consequently, multiple studies have been 

conducted in Norway as well as Sweden and other Nordic countries to study EV drivers 

charging behavior and experience. 

Charging behavior can be categorized based on the type of a household, whether it is a 

detached house or an apartment building. Users who reside in detached buildings tend to 

charge their vehicles daily at the households. Others likewise rely predominantly on home 

charging options but are occasionally required to use public chargers. There is no significant 

difference among groups that utilize workplace charging (Lorentzen, et al., 2017). 

Interestingly, workplace charging is losing popularity in Norway. For various reasons, only 

a fraction of EV users charges their vehicles at public chargers (Norsk elbilforening, 2018). 

Even though charging of the household outlet has been advised to be temporal (SESKO, 

2018), two-third of surveyed Norwegian BEV users rely mainly on that charging mode when 

home charging is considered. Household EVSEs with a power output of 3,7 kW and 

7 ‒ 22 kW were used by 19 % and 12 % users, respectively (Lorentzen, et al., 2017). Another 

survey indicates that in all Nordic countries, including Norway and Sweden, lack of charging 

opportunity at home, workplace or elsewhere is a crucial barrier for further EV penetration 

(Norsk elbilforening, 2018). This must be considered since a substantial portion of EV users 

reside in detached houses, where home charging is almost certain (OECD/IEA, 2018b). 

Overall, EV users charge their vehicles mainly overnight at home, but some charge also at 

their workplace. Other charging locations and options are seldom used. It is important not to 

overestimate charging possibilities at the workplace. Therefore, in the model charging at the 

workplace will not be considered.   
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5.3.2 Charging experience in the US 

National Idaho Laboratory performed a study on user experience with Nissan Leaf BEV and 

Chevrolet Volt PHEV. The study came to similar results as in Norway and Sweden. 

According to the study, vehicles' initial SOC depended on the vehicle type. Typically, initial 

SOC was around 50 %, which is similar to what was experienced in Nordic counties. A 

significant portion of all charging events took place at home. Charging was most commonly 

conducted during the weekday and less frequently on the weekend, which goes along with 

driving behavior discussed above. According to the study, EV users drove on average more 

than regular ICE vehicles in Nordic countries. On average, studied EV drivers exceeded 

national average annual driven distance by 25 %. Only a quarter of the users had to charge 

daily to satisfy their car based trip chain on the following day. Residents who had access to 

home and workplace charging followed Nordic charging behavior tendencies. During non-

working days charging occurred only at home or in some rarer cases other options were 

applied. Home charging was often performed at various initial SOC levels. For instance, for 

Volt the most common SOC was around 10 %, but for BEV Leaf it was around 50 %. 

Assumably PHEV batteries were driven to depletion since drivers were covered by the 

combustion engine. Nissan Leaf drivers charged more often. BEVs were always charged at 

a workplace or after a trip-chain with no in-between charging capability. Studied Leaf and 

Volt drivers most commonly relied on the home charging option. Users who charged 

elsewhere took advantage of workplace charging (Francfort, 2016).  
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6. ELECTRIC VEHICLE CHARGING METHODS 

Charging by itself is a stochastic activity, while customers' behavior and preferences must 

be respected when applying an optimal charging strategy. In other words, a single customer's 

driving activity varies from day-to-day, making predictions of driving habits merely 

impossible. Charging strategies allow shifting the charging period to the time when there is 

less potential negative impact on the grid, which can be a time-of-use, tariff-based or smart 

charging system. Overall, the latter option must take into consideration customers' 

preferences on whether a vehicle should be able to fulfill a specific driving range by the 

beginning of the next trip. However, the corresponding charging requirement must be 

charged with a higher fee in case charging takes place during peak load hours.  

Vehicle charging activity depends on an initial state of charge, charging power, battery 

capacity, required charge, technical restrictions, among other factors. A rather crucial 

parameter on charge demand is vehicle consumption, driven distance, ambient temperature, 

use of heating or cooling systems and driving behavior. Impacts on distribution networks 

from high EV uptake in the region due to local temporal events or increased electric driving 

on national holidays should be considered.  

The charging strategy must be carefully planned to avoid a negative impact on the growing 

EV market. Electrification of road transport will impact the electric power system in terms 

of additional power load, increasing the complexity of managing power generation, 

transmission and distribution. However, EVs are seen as storage that can be used to provide 

power balance and frequency control. Extensive penetration would have a minor effect on 

annual energy consumption (The Finnish Climate Change Panel, 2018). The objective of 

Article 194 and Article 114 of the Treaty on the Functioning of the European Union requires 

enhancing interconnection to adequate levels supporting cross-border power flow. Thus, the 

overall power load is not necessarily the biggest challenge to receive a large EV fleet. The 

biggest challenges for distribution network operators are high EV concentrations in rural 

areas, where also internal congestions are present. High EV concertation in a rural area in 

combination with poor charging methods could be detrimental for a distribution network 

when transformer and cable sizing capacity is inadequate. 

An area with low EV number may at some point struggle with temporal high EV 

concentration in the areas. The reason for that can be a weekend, national holiday or public 
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event in the area. There are multiple studies in the literature that propose various optimized 

charging solutions on avoiding an increase of peak power or the creation of second peak 

time. Charging strategy can have a severe impact on peak power load. However, a significant 

number of proposed strategies do not include residential load profiles. Reference strategy is 

usually uncoordinated charging, where EV starts charging immediately after being plugged 

in.  

6.1 Uncoordinated charging 

A situation where a vehicle starts charging at rated charge capacity immediately after being 

plugged in is called uncoordinated or dumb charging. In simplicity, this charging method 

functions similarly to a mobile phone that is plugged in. From the customers’ perspective, 

this method is the most pleasant way of charging, because at any given moment, SOC of the 

battery is at the highest possible level. Uncoordinated charging offers a good reference point 

to identify the worst case scenarios for distribution network renovation purposes 

(Rautiainen, et al., 2013). The issue with the dumb charging method is that a vast number of 

EVs would start charging in a short time period, which usually occurs during traditional peak 

hours (Wei, et al., 2016). A situation where a large portion of residents plugs in their vehicles 

during peak hours is highly likely to happen, resulting in increased peak power. Thus, the 

application of optimized charging is necessary by the time number of vehicles reaches 

impactful size. Simultaneous charging can lead to a breakdown of the power supply system 

(Davydova, et al., 2013). Consequently, an increased EV fleet would produce a burden on 

the distribution network as well as the whole power grid. It could also lead to higher power 

load variability as well as decreased average demand in relation to peak demand, resulting 

in enormous power fluctuation. Uncoordinated charging is simple, at the same time a 

customer respectful charging method under which the main modeling will be conducted to 

recognize the most impactful EV parameters leading to the aforementioned worst-case 

scenario.  

The impact from EVs uptake under uncoordinated charging was studied in (Koreneff, et al., 

2009) and it was found out that replacing half of the active Nordic car fleet with EVs would 

move daily peak power from morning to the afternoon, but power load would increase at 

worst by 4 500 MW. A similar claim was provided by (Zhao, et al., 2018), in which it was 

stated that a significant portion of the fleet would arrive home in a narrow time window. It 



41 

 

 

 

is highly likely that most of these drivers would plug in their vehicles during that time. The 

predicted impact from 1 million EVs to the Finnish energy system was presented by 

(Koreneff, et al., 2009) and study results are shown in the figure below.    

 

 

Figure 13. Increase of energy demand due to uncoordinated EV charging in Finland during mid-January 

(Koreneff, et al., 2009). 

In the figure above, the dark blue area represents increased energy demand resulted from 

charging EVs. It must be noted that the charging period in the figure applies to urban areas. 

Results for sparsely populated areas are more likely to differ, due to lack of charging during 

daytime and notably longer driving distances. The appliance of uncoordinated charging on 

a large scale would shift peak load from morning (8:00-9:00) to evening (17:00-18:00) as 

well as raise peak load by approximately 700 MW (Koreneff, et al., 2009). The number of 

simultaneously charged vehicles in the distribution network depends strongly on fleet size, 

battery capacity, given moment, charge power, driven daily distance and the initial state of 

charge. Dominantly slow charging strategy would lead to a larger share of vehicles being 

charged simultaneously, stacking up power load. Whereas preferable mode 3 charging, 

would lead to a higher power load during shorter periods of time. When there is a tendency 

that EV users start charging in a short time period, DNOs would more likely prefer smaller 

charge power to be applied.  

6.2 Time-of-Use charging 

Time-of-use (TOU) charging relies on the idea that charging will occur at night when the 

overall power load is at the lowest. Presumably, this time is from 23:00 to 7:00 (Dubey & 
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Santoso, 2015). Finnish customers are offered a time-of-day electricity product, which 

allows customers to consume electricity cheaper from 22:00 to 07:00. For that reason, it 

makes more sense to implement these charging hours than what was demonstrated by Dubey 

and Santoso. Implementation of this strategy would lead to an instantaneously significant 

increase in power when charging hours are activated, resulting in a potentially massive 

voltage drop. Ideally, this strategy should be performed in steps. Automatically predefined 

charging time neglects driver’s preferences, as one may need to perform an unexpected trip. 

TOU charging neglects customers’ needs, harming the EV market growth. In some literature 

proposals, TOU charging hours are dependent on electricity market spot price. That type of 

charging strategy is often referred to as Spot market-based charging. However, that does not 

tackle the previously described frailties.  

While Time-Of-Use and Spot market-based charging strategies differ on paper, their so-

called active charging hours are practically identical. Looking at the spot price for the Nordic 

or Finnish areas, one can see that the cheapest spot price hours start at around 22:00 and last 

until the very next morning. Thus, there is no significant reason to model both strategies, 

since results can be expected to be somewhat similar. Moreover, the purpose of this paper is 

not to find the best possible charging solution but to analyze the most impactful EV 

parameters when trivial charging methods are implemented. 

6.3 Smart charging 

Smart charging, also referred to as optimized charging, is a widely discussed topic in the 

literature, and multiple charging strategies are developed. Smart charging technology could 

detect undesirably high loads in the network and consequently deny vehicles from charging 

until the present risk has surpassed. That would be done to maintain the network power load 

under desirable conditions. However, that must be done so that the batteries' SOC has 

reached the desired level by the time of departure, or DNO's interest will prevail customers 

needs and behavior. Besides, postponing charging activity will cumulate the number of 

vehicles being charged simultaneously; this especially applies to the networks where the 

number of EVs is significant. Often these strategies ignore customer convenience as they are 

performed mainly from a utility perspective. 
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Optimized vehicle charging must be applied to avoid a negative impact on the distribution 

network located in a sparsely populated area after EV uptake. Three key factors must be 

respected when it comes to EV battery charging: time period of charging, required SOC and 

present loads in the distribution network. The moment vehicle is connected to the household 

charging station, charging does not occur immediately unless the charging strategy allows 

it. EV owner may require that vehicle to be charged during the peak load hours (Grahn, 

2013). In realistic conditions that should be made possible and some sort of tariff-based 

system needs to be applied. By optimizing charger power levels and ensuring SOC of the 

batteries are sufficient before the following trip, voltage variability can be kept low.  Despite 

being potentially a good method there are risks that it could harm EV uptake.  

 

The charging power of a large number of vehicles could depend on unsteady power 

production from wind and solar. As the share of renewables increases, hours with a 

significant surplus are expected to occur more often. The best example was observed on the 

10th and 11th of February in 2020 when spot-market experienced several hours of the 

negative spot price for the first time in Finnish energy market history. One of the main 

reasons for that was the high wind energy yield across Nordic countries. The appliance of 

smart charging could benefit from said hours while also support TSO to balance the power 

system.   

Smart charging in the same manner as V2G technology is actively discussed in the literature. 

The implementation of such technology for large EV fleet can support balancing power 

systems and reducing challenges related to power regulation. However, charging must be 

performed in a way to avoid transformer overloading by leaving reserve capacity. 

Furthermore, EVs can operate as reserve loads for the power network to balance power 

systems in case of power transmission failure, lack of power in the system or sudden power 

plant shutdown (Koreneff, et al., 2009).  
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7. MODEL DESCRIPTION 

The study models impact of different electric vehicle charging related factors that may affect 

distribution network resilience in rural areas. However, including all of them would be 

difficult and unnecessary, due to the lack of reliable benchmarks. Besides, the inclusion of 

those would also complicate achieving the primary target of this paper. That was to recognize 

the most impactful charging parameter on the power load in the distribution network. The 

primary unreliable yet crucial implemented variable was normal distribution on vehicle time 

of arrival and departure, which were created based on the national travel survey described in 

the literature review. Several model scenarios were developed to compare peak loads under 

different conditions. Moreover, energy consumption data of two low voltage distribution 

networks across one year were analyzed and combined with the power load caused by 

charging vehicles. 

7.1 Vehicle arrival and departure 

Based on chapter 5. Human behavior normal distribution curves were created to illustrate 

the probability of EV time of arrival and departure. Probability distribution curves were 

applied to each vehicle individually. They also remained as a variable in each simulation. It 

was assumed that all vehicles return within a time horizon of 12 hours after departure. In 

other words, a vehicle that left the household at 8:00 is expected to return before 20:00. The 

same way vehicles are expected to depart in a similar time period. Distribution curves were 

used to model somewhat realistic typical weekday and weekend yet applying previously 

mentioned conditions. Figures 14 and 15 illustrate the probability of vehicle time of arrival 

and departure during typical weekday and weekend.  
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Figure 14. Applied probability for vehicle time of arrival (blue) and departure (red) during a typical weekday. 

In figure 14, the red curve represents the time of departure, while the blue curve indicates 

the time of arrival. People in sparsely populated areas perform on average longer trips 

compared to urban drivers. Thus, it can be assumed that leads on average to earlier departure 

compared to urban habitats. Applying the Finnish transport agency’s NTS report results and 

mentioned assumption, it was decided to use 7:30 as a median for departure hour. During a 

regular weekday, people are expected to leave their households in a narrow time window. 

Whereas their time of return is less predictable, therefore normal distribution covers a 

broader period. As it comes for a weekend, drivers tend to leave households at later hours. 

Therefore, 10:00 was chosen as a median time of departure. According to NTS, there is no 

significant difference in time of arrival between regular weekdays and weekends. For that 

reason, normal distribution for arrival times during typical weekend remained unchanged, 

as can be seen in figure 15. 
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Figure 15. Applied probability for vehicle time of arrival (blue) and departure (red) during a typical weekend. 

Between a weekday and a weekend, there is a significant difference in terms of the time of 

departure. This is explained by early working or studying hours. However, a shorter period 

away from home does not necessarily correlate with daily driven distance. Provided figures 

represent a 30-hour period, where the x-axis starts from midnight and ends at 06:00 the very 

next day. In contrast, the y-axis represents probability in decimals, and in order to get a 

percentage, one has to multiply a given number by a hundred.  

7.2 Load profile of a rural distribution network 

Each household load profile data is vital to observe EVs impact on the distribution network 

power load. It is highly desirable to have data across several years and locations to perform 

a more accurate result analysis. However, some household load profiles may have recently 

changed or will change in the following years due to the implementation of a different 

heating solution, the addition of PV panels or an electric sauna. Also, it can be caused simply 

by a change in behavior. While usage of historical data is necessary to perform discussed 

analysis, load profile has a significant chance of shaping in upcoming years. Hence, the sole 

purpose of this is chapter is to illustrate a potential change in power load when only one 

electric technology is introduced to the distribution network. Data provided by a DNO does 

not contain any valid information about the nature of electricity use. For that reason, 

appliance of demand response is problematic to include in the model. 
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Gathered data consists of households' hourly energy consumption. Therefore, it does not 

demonstrate temporal power peaks caused by various electric appliances. Two individual 

LV networks were chosen for modeling purposes. Area one (1) consists out of 7 households, 

whereas area two (2) includes 13 households. Figures 16 and 17 demonstrate energy 

consumption for these two areas over a calendar year, allowing a reader to witness periods 

with the highest energy consumption.  

 

Figure 16. Energy consumption profile for area 1 without an introduction of electric vehicles. 

 

 
Figure 17. Energy consumption profile for area 2 without an introduction of electric vehicles. 

It is self-evident that hours with the highest energy consumption occur during the coldest 

months, which are January and February. High peaks in the energy consumption profiles are 
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more likely caused by space heating and simultaneous use of power-intensive electric 

appliances that take place usually in the evening, as has been discussed in the chapters above. 

From the presented energy consumption profiles for areas 1 and 2, we are able to conclude 

that the EV impact on the distribution network will be highest during previously mentioned 

winter months. Therefore, these were chosen to distinguish the period with the highest daily 

energy consumption. One of the main public holidays takes place in December, thus during 

that time number of EVs in the area may substantially increase. The last two weeks of the 

year were also considered for modeling purposes.  

It was decided to create a small distribution network consisting of 20 households to observe 

the impact of EVs on local energy consumption. The areas mentioned above were combined, 

and the period with the highest energy consumption was selected for further comparison. 

Figure 18 demonstrates a 40-hour energy consumption period of the mentioned 20 

households. Figure values start on the 5th of January at midnight and end the very next day 

at 16:00. 

 

Figure 18. Combined energy consumption of areas 1 and 2 on the 5th of January. 

The power load caused by electric vehicles will be compared to the energy consumption 

profile presented above. EVs will at most occupy one vehicle per household. Simulations 

are therefore performed for 5, 10, 15 and 20 vehicles.  
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7.3 Scenarios 

As has been already discussed in this paper, in all model scenarios, charging will be 

performed solely at households. The created model consists of several main scenarios and 

their subsidiary scenarios that will include different EV charging related characteristics. 

These are expected to affect peak power load. Main parameters that must be considered and 

applied when implementing said model are: 

• Number of vehicles in the area 

• Type of an EV 

• Battery capacity 

• Driven distance and consequently the state of charge 

• Applied charge power 

• Implemented charging method 

• Number of vehicles at a single household 

The writer of this paper recognizes that ambient temperature and battery degradation affect 

potential driven distance and duration of charging. Unfortunately, there is a limited amount 

of reliable data on the topic and implementing the existing one in the created model was 

found rather complicated. The model was created to analyze which of the main discussed 

parameters bear the highest potential burden on distribution networks in rural areas. 

7.3.1 Reference scenarios  

The reference scenario was created to solely demonstrate vehicle charging without 

considering local households. The primary purpose of subsidiary scenarios is to demonstrate 

impact from low EV uptake on peak load when probability functions are applied. The 

reference point scenario will work as an EV penetration starting point and will only include 

those vehicles that allow short-distance electric driving. The model is desired to consist of 

vehicles incapable of providing a fully electric driving experience when drivers are assumed 

to perform daily more than a national average driving distance. To meet the mentioned 

requirements, PHEV is an ideal option for the first simulations. As it comes to the type of a 

vehicle type, Volkswagen Golf PHEV was chosen, due to low battery capacity, yet sufficient 

overall driving distance to satisfy most drivers’ needs. Since the model is made for a rural 

area, where driven distance is more likely to be higher than the national average, SOC of a 

PHEV at the end of the car based travel chain can be expected to be low. Simulations were 
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done with each vehicle SOC at the time of arrival being 20 %, which in terms of energy 

requirement corresponds for each vehicle to be approximately 7,0 kWh. Each vehicle is 

assumed to be charged with a Schuko cable, hence charge power of 3,7 kW can be reached 

as vehicle’s characteristics suggest. With given charge power vehicle is expected to be fully 

charged within 2 hours, when battery degradation and impact of ambient temperature are 

neglected. Simulations are to be performed at most with 20 vehicles. It can be expected that 

the number of vehicles in the simulation will determine peak power, despite of the applied 

probability curve and other parameters.  

Similarly to other scenarios, the reference scenario will consist of several subsidiary 

scenarios. These differ for instance in terms of vehicle quantity, applied charging method 

and charge power respecting vehicle restrictions unless stated otherwise. Charging will be 

performed with a 90 % efficiency rate. As for the charging strategy, the regular 

uncoordinated charging and Time-of-Use or Spot market-based charging strategies were 

applied. Table 3 illustrates the primary variables applied in the reference point scenario. 

Table 3. The reference point scenario variables of each subsidiary scenario.  

Scenario Battery 

capacity, kWh 

Number of 

vehicles 

Charge 

power, kW 

SOC, % Time of arrival 

and departure 

Charging 

method 

1. Unc 8,7 10 3,7 20 % Normal 

distribution 

Uncoordinated 

1. TOU 8,7 10 3,7 20 % Normal 

distribution 

Time-of-Use 

1. Chg 8,7 20 3,7 20 % Normal 

distribution 

Uncoordinated 

1. Dist 8,7 10 7,0 20 % Normal 

distribution 

Uncoordinated 

1. Cap 17,4 10 3,7 20 % Normal 

distribution 

Uncoordinated 

 

Number one in the scenario column indicates a reference scenario and three syllables at the 

end describe a subsidiary scenario. From first to last, these scenarios focus on uncoordinated 

charging, TOU charging, charge power, driven distance and battery capacity. The name of a 

scenario suggests which input value was adjusted. One may note that in the subsidiary 

scenario 1. Cap battery capacity of a vehicle is doubled, while described technical 

characteristics implicit that battery capacity is only 8,7 kW. This adjustment was made to 

simulate the impact of potentially improved PHEVs.      
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7.3.2 Parameter scenarios 

In order to perform the desired analysis, several scenarios were created to illustrate possible 

real-world outcomes. With new vehicle technologies coming to the market and with yet 

existing gasoline and diesel ICE vehicles, every household in the distribution grid will not 

be supplied with EVs. Nonetheless, it is highly likely that EVs may wholly or largely occupy 

some LV networks in terms of PHEVs or BEVs. However, it is not only the number of 

vehicles that may impact the local distribution network components but also their properties 

as well as household charging capabilities and other used electric appliances. Since each EV 

has different characteristics, the most popular models in Europe were chosen for the 

modeling. Several rules were set when creating a model to a small number of vehicles: 

• Vehicle models are spread out between households evenly, but their restrictions will 

be taken into consideration by the model itself unless stated otherwise.  

• When several EVs are connected to the same household, the first vehicle to arrive 

charges with rated charge power (considering vehicle charge power restrictions) until 

the latter vehicle arrives. After that power is divided evenly among the two.  

• Simulations must guarantee a fully charged vehicle at the beginning of the next car-

based travel chain. This is checked using the normal distribution probability curve 

on time of departure. 

Parameter scenarios are the primary part of the model. These are divided into four distinct 

categories, which are: Quantity, Charge Power, Driven distance and Capacity. However, 

said scenarios might overlap, because the impact of a specific parameter can be analyzed 

only by changing another parameter as well. For example, in several simulations vehicle 

quantity will be changed to examine the impact of another parameter. The impact is about 

to be inspected by comparing Quantity scenario results to simulations, where the number of 

vehicles will play a role. Simulations will consist at most of 50 vehicles, and each simulation 

consists out of 30 loops. Table 4 depicts the spread of the main parameters used in the 

parameter scenarios. 
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Table 4. The parameter scenario variables of each subsidiary scenario.  

Scenario Type of EV Vehicle 

quantity 

Charge 

power, kW 

Driven 

distance / SOC 

Battery 

capacity, kWh 

min max min max min max min Max 

Quantity 
BEV and 

PHEV 

10 50 3,7 3,7 20 % 60 km 8,7 50  

Charge 
BEV 10 50 3,7 11 60 km 60 km 50 50 

Distance 
BEV 10 50 7 7 45 km 20 % 50 50 

Capacity 
BEV 10 30 3,7 7 20 % 20 % 10 50 

Most scenario simulations will be performed for 10, 20, 30, 40 and 50 vehicles, but the main 

scope on impact from vehicle quantity will be executed in the Qnt scenario. Driven 

distance/SOC column values may appear incorrect, but there is a logic behind demonstrated 

values. The Qnt scenario simulations include PHEVs with completely depleted batteries, 

which energy requirement is lower than BEVs performing 60 km. On the contrary, in the 

Dist scenario, BEV with a driven distance of 45 km leads to lower energy requirement than 

a wholly depleted battery. The Cap scenario is created using alternative EVs without 

technical restrictions. In this scenario, battery capacity will be adjusted from 10 kWh to up 

to 50 kWh. In these simulations, batteries are fully depleted. It was decided to perform these 

simulations at most for 30 vehicles. Overall, there will be dozens of simulations, which 

primary results will be documented and presented further in this paper. 

An additional scenario was created to analyze the impact of created normal distribution. In 

said scenario, the normal distribution probability curve on vehicle time of arrival was 

adjusted. That was done by maintaining all parameters at the same level but tweaking a 

deviation value. In this scenario probability of arrival at 19:00 decreases, and vehicles are 

expected to start charging over a wider time window. Simulation is added to demonstrate 

uncertainties within study results. Under this scenario, simulations will be done with 

identical input values, as in reference scenarios. Simulation results will enable an analysis 

of uncertainty that comes from the implementation of the probability curve that was based 

purely on the NTS report and personal assumptions. Scenario specific parameters are 

described in table 5.  

 



53 

 

 

 

Table 5. The adjusted normal distribution probability curve scenario variables of each subsidiary scenario. 

Scenario Battery 

capacity, kWh 

Number of 

vehicles 

Charge 

power, kW 

SOC, % Time of arrival 

and departure 

Charging 

method 

2. Unc 8,7 10 3,7 20 % Normal 

distribution 

Uncoordinated 

2. TOU 8,7 10 3,7 20 % Normal 

distribution 

Time-of-Use 

2. Chg 8,7 20 3,7 20 % Normal 

distribution 

Uncoordinated 

2. Dist 8,7 10 7,0 20 % Normal 

distribution 

Uncoordinated 

2. Cap 17,4 10 3,7 20 % Normal 

distribution 

Uncoordinated 

 

It is well acknowledged that at this point number of EVs in Finland remains low and 

insignificant. Especially that applies to rural areas, as it has been discussed in the literature 

review of this thesis. However, the future may introduce surprises that current distribution 

networks might not be able to cope with. It must be kept in mind that distribution networks 

are built to serve for a few tens of years, a period that may bring significant changes. High 

power charging capabilities are a relatively rare commodity at households, especially in rural 

areas. However, the future is uncertain and household high power EVSE units can become 

a standard option. Of course, there is a chance that high power charging units in such areas 

will likely be restricted by legislation as they may harm the distribution network resilience.  

7.3.3 Vehicles at household scenarios 

This scenario illustrates a radical situation where the number of EVs exceeds expected 

numbers and is caused by the arrival of other EVs outside of the analyzed distribution 

network. That can be a cause of a national holiday, which also results in abnormal driving 

as well as charging behavior. Depicting said situation is rather challenging because 

significant uncertainties would be involved. On the other hand, it is quite common in the 

Nordic countries for a single household residents to own two or more vehicles. Therefore, 

in the near future, several electric vehicles per single household may become a standard 

view. Since the reason for EV uptake cannot be predicted, the normal distribution curve will 

not be adjusted. In this scenario, it is assumed that each household that has EVs, is supplied 

with two of them. The simulation considers that vehicles perform similar distances, but their 

time of arrival depends on the aforementioned created normal distribution probability curve. 

At the moment, when both vehicles require a charge, power is divided among the two 
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equally. Some minor incorrections in energy consumption are present due to the model’s 

feature of dividing one hour into ten equal 6-minute slots. Unless a vehicle arrived later than 

the first minute of a slot, the former vehicle to arrive charges mentioned slot at full charge 

capacity. At the same time, the latter vehicle to arrive received half of the charge capacity. 

Described oddity does not affect energy consumption or results in a significant way. 

Simulations will be performed for 10 to 50 BEVs with three charge power levels. The 

scenario is further divided into a typical driving and long-distance driving days, which in 

terms of driven distance is 60 km and 100 km, respectively. Scenario related information is 

summarized in table 6. 

Table 6. Two vehicles per household scenario parameter values. 

Scenario 

input 

parameters 

Type of 

EV 

Vehicle 

quantity 

Charge 

power, kW 

Driven 

distance, km 

Battery 

capacity, kWh 

min max min max min max min Max 

BEV 10 50 3,7 11 60 100 50 50 

 

At a higher driven distance, charge power will be at minimum 7,0 kW. At lower charge 

power there is a risk that by the beginning of a next trip, batteries will not be fully charged. 

Simulations with 60 km are assumed to be for the case, where a substantial portion of EVs 

in the area is due to general EV popularity. On the other hand, simulations with 100 km are 

more likely caused by a national holiday or other local events that led to temporal EV uptake 

in the area. 
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8. MODEL RESULTS 

The following results are based on the scenarios described in the previous chapter. The 

model can be separated into three distinct categories: primary scenarios, several vehicles at 

the household and the addition of EVs to LV network scenarios. Simulations are a crucial 

part of this report. Therefore, figures and tables will be presented from different scenarios to 

perform a comparison between implemented parameters. Each simulation was documented 

individually. A single simulation depicts the charging activity of a single day.  

8.1 Verification of a working simulation 

Before proceeding to final simulations, model outcomes must be tested to verify that gained 

results are accurate and consistent. Therefore, several calculations within the model were 

added to check whether the obtained results were correct in terms of energy consumption 

and time. One of the ways to test whether simulation results were consistent was to run 

several test scenarios with 30, 50 and 100 loops. Gained results of each loop were brought 

to the same graph for visual comparison. One of these tests is illustrated in figure 19, where 

results for 30, 50 and 100 loops are illustrated in blue, yellow and green, respectively. These 

simulations were performed for 10 PHEVs with depleted batteries. With an increasing 

number of loops, 95 % confidence interval area narrows as more simulations follow the 

normal distribution probability curve on time of arrival. In over thirty loop simulations 

influence of rare extreme exemptions on confidence interval diminish. With fewer 

simulations, the confidence interval area would be less consistent because extreme cases 

might significantly affect the confidence interval area. All of the following simulations were 

performed using only 30 loops per simulation. Moreover, data from the figure below was 

not used in further analysis and is there solely to demonstrate simulation consistency.  
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Figure 19. Confidence interval of test simulation after 30 (blue), 50 (yellow) and 100 (green) loops.  

According to the simulation results presented in the figure above, the peak load is present at 

approximately 19:00. This is an hour after a median time of arrival and can be explained as 

the number of charging vehicles cumulate. In all of the presented simulations, each vehicle 

had a full battery before the following departure, which is essential when benefits of electric 

driving are considered. In order to create a 95 % confidence interval area, data of each loop 

was collected. From every loop, an instantaneous power load of each charging vehicle is 

saved to a dedicated file. After the simulation has been successfully run, the mentioned folder 

consists of data for each loop and vehicle. Moreover, a loop with the highest peak load is 

marked for further analysis. The model is constructed in a way that each vehicle is attached 

to an individual household. In some simulations, there are two vehicles attached to the same 

household. In that case, charge power is divided among those two vehicles when both require 

a charge. Figure 20 illustrates simulation results for a similar test scenario as described above 

but with some additional data. The simulation was performed with 30 loops and 10 PHEVs. 
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Figure 20. Charging activity of 10 PHEVs, where confidence interval (blue area), time of arrival probability 

curve (orange) and power load of a loop with the highest peak load (dark blue) are presented. 

The orange curve in the figure describes the normal distribution probability curve on time of 

arrival, which values are presented on the right y-axis. The dark blue line represents the 

power load of a loop with the highest peak load. In that loop, eight vehicles were charging 

simultaneously at 18:40. According to the peak load curve, the first vehicle began charging 

just before 15:00, while the last vehicle completed charging activity around 21:00. Thus, in 

that loop, all ten vehicles charged within a 6-hour time window. The blue curve that splits 

the confidence interval area into two halves indicates an average load of all 30 loops. Based 

on that curve, the charging period window is usually 13 hours long. According to the same 

curve, the average peak load is somewhat 15 kW, which is significantly lower than the 

experienced highest peak load.     

To verify that the energy consumption of each loop was correct, a calculation was created to 

check energy demand using vehicles SOC and charge power at each moment. A single hour 

is divided into ten 6-minute portions. Thus, if a vehicle required only 4 minutes of charge, 

in the model it would be handled as a 6-minute long charging period. Therefore, some minor 

incorrections are present. The charged energy of all vehicles is summed and compared to 

theoretical energy demand. The realistic charging period is most likely to be longer than 

what is simulated due to several factors described in the literature review, but the inclusion 

of those would require many assumptions and lead to higher uncertainties. As an example, 

there is no clear benchmark on the correlation between ambient temperature and vehicle 

charging efficiency. Some EV users may keep their vehicles in the garage during the winter, 
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thus avoiding impact from the ambient temperature on charging efficiency. Battery 

degradation can work as another example. Over time aging would lead to decreased useful 

battery capacity, affecting initial consumption used in the model.  

8.2 Reference scenarios results 

Results from five reference subsidiary scenarios worked as a starting point to support the 

impact analysis of other parameters. As has been discussed, the primary comparison 

indicator will be the power load. A single simulation depicts a charging event of several 

PHEVs under the uncoordinated charging method using the normal distribution curve on 

vehicle time of arrival during a typical weekday. Despite the vehicle characteristics and 

applied probability curve, it was expected that applied charge power in a simulation would 

determine peak power.  

Increased charge power capacity bears a risk that at some moment, several vehicles will be 

charged simultaneously, resulting in an enormous peak load compared to an average load. 

The probability of said situation also depends on initial SOC, required energy, time of 

charging and technical restrictions of a vehicle. In the reference scenario, simulations were 

performed using Volkswagen Golf GTE plug-in hybrid electric vehicle characteristics with 

each vehicle's initial SOC at the time of arrival being 20 %. Neglecting charging efficiency, 

this corresponds to approximately 7 kWh of the required energy. Each vehicle is assumed to 

be charged with a Schuko-cable, with which the charge power of 7,4 kW can be reached as 

vehicle's technical characteristics suggest. With given charge power vehicle is expected to 

be fully charged within an hour, when battery degradation and impact of ambient 

temperature are neglected. Simulations were performed for 10, 20, 30, 40 and 50 PHEVs. 

Figure 21 illustrates results for 1. Chg subsidiary scenario, while similar figures for other 

reference scenarios are presented in appendices. Figures containing 95 % confidence 

interval, average power load and loop with the highest power load of other scenarios are 

illustrated in appendices. 
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Figure 21. 1. Chg. scenario simulation results.  

The figure consists of several indicators: a 95 % confidence interval, an average power load 

of all 30 loops, and a simulation with the highest peak load. In the presented simulation, the 

charge power was increased to 7,4 kW, while it was only 3,7 kW in other subsidiary 

scenarios. There are a few things that can be noted from the figure. In the loop with the 

highest peak load, two vehicles charged, when no other vehicle was connected to the local 

network during their time of charging. Despite of that, experienced peak load in that 

simulation lags behind power charge capacity by 28 kW. During the peak load, six out of 

ten vehicles were charging at the same time resulting in significant power load. In 

comparison, the average power load at the same moment was just about 15 kW. According 

to these results, charging peak load is usually present after the time when people are expected 

to return home with the highest probability. This is relatively consistent across most 

simulations and is explained by the cumulation of vehicles. Exceptions are expected when 

charge power and initial SOC are low. According to the simulation results, all vehicles are 

expected to be fully charged before midnight.   

Performing the same simulation with additional loops would increase the probability of 

finding a loop with more vehicles charging simultaneously. Values shown in table 7 are 

results for each reference subsidiary scenario, where only the most important indicators are 

presented. These indicators are: 

• The peak load of the whole simulation  

• Time of the peak load 
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• Peak power on average load profile  

• Time of average peak load  

• Peak load and average peak load ratio  

• Peak load and average load profile ratio at the time of the highest peak load  

• The highest and lowest power load on a 95 % confidence interval graph 

• Energy consumption of charging vehicles including 90 % charging efficiency  

Characteristics of each of the five reference subsidiary scenarios parameters are depicted in 

table 3. The simulation was modeled to loop the script 30 times while saving data of each 

loop. Simulation handles each vehicle individually, with each having its own fixed and 

variable parameters. In order to simplify the simulation, an hour was divided into ten equal 

six-minute slots. Therefore, the SOC level of a battery was checked every 6 minutes to 

consider whether charging should be stopped or continued. Several types of data were 

gathered from each simulation. It has to be pointed out that time of arrival was the only initial 

variable that remained random for every scenario, loop and vehicle. Time indicator informs 

only about the first moment when the peak load was experienced and therefore neglects 

longevity of that demand. Moreover, the model does not inform the number of times the 

peak load was experienced. Simulation results for reference subsidiary scenarios are 

presented in table 7. 

Table 7. Reference scenario results. 

Scenario 1.Unc 1. TOU 1. Qnt 1. Chg 1. Cap 

The peak load of the whole simulation, kW 29,4 36,8 51,5 42,0 36,8 

Time of the peak load 19:00 22:06 19:00 17:42 20:12 

Peak power on average load profile, kW 16,8 36,6 28,6 16,3 26,4 

Time of average peak load  19:30 00:06 19:06 18:00 20:12 

Peak load and average peak load ratio, % 75 - 80 157 40 

Peak load and average power profile ratio, % 98 5 83 181 40 

Confidence interval maximum, kW 20,8 37,2 35,4 23,3 30,7 

Confidence interval minimum, kW 12,8 35,9 21,8 9,4 22,0 

Energy consumption, kWh 77 77 155 77 146 

 

The highest power load in all scenarios was usually experienced after 18:00, which is after 

the normal distribution time of arrival probability peak. That is realistic during any weekday 

and often recurs in every simulation. Scenario 1. Unc had all initial parameters at the lowest 

level and consequently led to the lowest peak load compared to other scenarios. The lowest 

peak load in 1. Unc did not come as a surprise because of low input values. Interestingly, in 

the 1. Chg charge power was doubled compared to other simulations, though it resulted in 
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the lowest average power load and the second-highest peak load. A short charging event is 

the most probable reason for the low average peak load. Experienced peak loads spread out 

to a broader period of time. Results are expected to increase substantially with higher energy 

requirement. At the charge power of 7,4 kW simulated vehicle charges in a single hour, 

therefore in mentioned scenario time with the highest power load can occur earlier compared 

to other scenarios. The peak load and average peak load ratio is a crucial factor and only 

in 1. Chg scenario simulation said ratio was more than twofold. The highest peak load and 

second-highest average power load were documented in scenario 1. Qnt simulation. This is 

partly caused by the normal distribution probability curve and relatively high energy 

demand, which compared to other scenarios except 1. Cap was doubled. Results from these 

two scenarios differ significantly because their potential peak powers are too different. 

Scenario 1. Qnt simulation's potential power capacity is 74 kW, which is two-fold compared 

to the simulation focusing on battery capacity. With an increasing quantity of PHEVs, the 

probability of most of them being charged simultaneously decreases when the charging 

period is no more than 2 hours. In 1. Cap simulation energy requirement for a single vehicle 

was approximately 14 kWh, which in terms of time corresponds to almost four hours of 

charging when 3,7 kW charge power is applied. Due to a long charging event, the peak load 

was experienced after 20:00. In scenarios 1. Cap and 1. TOU peak power capacity of 

36,8 kWh was reached. However, in the latter of the two, the peak power and average power 

load ratio was the lowest among all reviewed scenarios. Under the TOU the highest power 

load would be in correlation with the number of vehicles, charge power and battery capacity. 

The time-of-use or Spot market-based charging method proved to be an undesirable option 

for charging. Therefore, the TOU charging was left out from further simulations, as it is 

expected to lead to the highest power load. Moreover, under TOU vehicles will not 

necessarily charge to their full capacity until a next trip when charge power and initial SOC 

are low. With just 10 PHEVs in a simulation, 1. Chg led to the most extensive spread in the 

confidence interval. It means that peak load varies greatly from one simulation to another. 

Undeniably gained results are expected to vary each time simulation is run, yet some 

tendencies were witnessed. 
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8.3 Parameter scenarios results 

8.3.1 Impact of normal distribution 

In this scenario, the normal distribution was adjusted to inquire whether flattening 

probability of time of arrival significantly impacts reference scenario simulations. In an 

adjusted normal distribution the deviation value was changed from 2,3 to 3,0. The median 

on time of arrival was kept at 18:00. Table 8 depicts reference scenario simulation results 

when the time window of arrival period is spread out across the day. In order to forbid 

vehicles from arriving too early, normal distribution was set to start from 10:00. That was 

done despite of a very low charging probability before the mentioned hour. Scenarios are 

named after the reference scenarios as they bear the same input values. The number in 

scenario names was changed to 2, to illustrate simulations with an adjusted normal 

distribution.  

Table 8. Reference scenario results after the adjustment of normal distribution. 

Scenario 2.Unc 2. TOU 2. Qnt 2. Chg 2. Cap 

The peak load of the whole simulation, kW 25,8 36,8 44,2 35,0 33,1 

Time of the peak load 19:12 22:06 18:24 18:12 21:54 

Peak power on average load profile, kW 12,6 35,9 23,9 13,3 22,1 

Time of average peak load  19:12 24:00 19:48 20:00 20:24 

Peak load and average peak load ratio, % 104 2 85 163 50 

Peak load and average power profile ratio, % 104 8 109 317 86 

Confidence interval maximum, kW 17,2 37,3 29,3 18,9 25,7 

Confidence interval minimum, kW 8,0 34,6 18,6 7,7 18,4 

Energy consumption, kWh 77 77 155 77 146 

Scenario 2. Chg experienced some change in terms of the peak load that appeared in all 30 

loops. With the adjusted normal distribution, the peak load decreased by 7 kW. However, 

the peak load in the average load profile decreased only by 3 kW. That can be claimed to be 

an abnormal or coincidental outcome, 2. Chg simulation was run several times to verify that 

the depicted results are relatively consistent. In the examined scenario, the peak and average 

power load ratio rose to a very high level due to even broader charging probability and lower 

average load profile. It is evident that the risk of extreme cases is present, while it is surely 

lower under the adjusted normal distribution curve. 

The highest momentary peak load was examined in 2. Qnt scenario, where the number of 

vehicles was increased by ten compared to other scenarios. In comparison to reference 
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scenario results, adjusting the normal distribution curve led to notably lower peak and 

average peak loads. The spread in the confidence interval decreased substantially. For 

instance, the maximum value in the confidence interval was almost at the level of the average 

peak load when normal distribution was not adjusted. The adjustment of normal distribution 

had a significant impact on vehicle quantity based simulations.  

It is noteworthy that in all scenarios, the confidence interval was narrower during peak loads 

compared to former simulations. With an increased battery capacity, driven distance and low 

charge capacity confidence interval during peak loads can be expected to be slimmer. When 

those parameters are applied, the peak load is most likely limited by the number of vehicles 

present in a simulation. In those simulations, undesirably long peak loads are expected.      

Adjusting the normal distribution curve has a significant impact on reference scenario 

results. In all simulations except in 2. TOU, some change was observed. It has been stated 

earlier that TOU or Spot market-based charging methods prevent any type of analysis and 

therefore are removed from all further simulations. Gained results indicate that under the 

adjusted probability of arrival time, the risk of the extreme case is still present. It is rather 

tricky to confidentially state which normal distribution on time of arrival represents realistic 

conditions better. Normal distribution applied in all further simulations is unbiasedly based 

on national travel survey. Since charging is a stochastic activity, an ideal distribution curve 

cannot be created. Implementing the created probability curve may support parameter 

analysis affecting peak load and possibly depict realistic outcomes.  

8.3.2 Quantity scenarios 

 

The number of electric vehicles in a sparsely populated distribution network is somewhat 

limited by the number of households and their residents. It is highly unlikely that rural areas 

will be supplied with more than two EVs per household in the near future. Even two BEVs 

in a single household may be rare a few years from today. Though, distribution networks are 

built to serve for a few decades. Therefore, local car fleet might drastically change over that 

time. Quantity scenario simulations were performed for PHEVs and BEVs with up to 50 

vehicles. In these simulations, vehicles were divided evenly among households. Hence each 

charging vehicle received full charge power. 
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Table 9 portrays simulation results for several PHEVs charged with 3,7 kW charge power 

and initial SOC being 20 %. From these results, it was pointed out that when the number of 

vehicles accumulates, other indicators increase proportionally. Peak load in all cases was 

experienced around 19:30. Quantity based scenarios will be referred to in the following 

fashion: Qnt [number of vehicles]:[type of EV].  

Table 9. Quantity simulation results for PHEV. 

Number of vehicles 10 20 30 40 50 

The peak load of the whole simulation, kW 33,1 51,5 66,2 81,0 103,0 

Time of the peak load 19:48 19:24 19:48 19:42 19:00 

Peak power on average load profile, kW 16,3 28,3 42,1 58,0 72,0 

Time of average peak load  19:30 18:48 19:30 19:48 19:00 

Peak load and average peak load ratio, % 103 82 57 40 43 

Peak load and average power profile ratio, % 109 86 61 40 43 

Confidence interval maximum, kW 21,0 33,7 47,9 68,3 81,7 

Confidence interval minimum, kW 11,6 23,0 36,2 47,7 62,3 

Energy consumption, kWh 77 155 232 309 386 

 

First of all, scenarios 1. Unc and Qnt 10:PHEV as well as 1. Qnt and Qnt 20:PHEV are 

identical in terms of input values, but due to the implemented normal distribution curve, 

results are different. The disparity in results between said simulations verifies that simulation 

outcomes are consistent. With more vehicles are introduced to the simulation, the probability 

of disparity in results increases. In the Qnt 10:PHEV simulation, the average peak load was 

44 % of charge capacity, while in Qnt 50:PHEV same ratio decreased to 39 %. With every 

ten additional vehicles introduced to a simulation, the average peak load rose by 

approximately 14 kW, which corresponds to almost four charging vehicles under 3,7 kW 

charge power. Therefore, introducing the distribution network of 10 vehicles with an 

additional 40 PHEVs increased peak load by 14 vehicles, which corresponds to 51,8 kW. 

Hence in simulation with 50 vehicles, at the time of a peak load 28 vehicles were charging. 

While this can be argued as a coincidental loop, other simulations demonstrate similar 

outcomes. The peak load of the whole simulation increased approximately by 17 kW with 

every ten vehicles introduced to the network. At the time of peak load, there is a noticeable 

risk that half of the distribution network EVs are being charged simultaneously. Moreover, 

in all simulations, the confidence interval's peak load was more than 40 % of charge capacity 

but decreased as more vehicles were introduced to the simulation.  
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A significant difference was experienced in the ratio between the peak load and potential 

charge capacity. In Qnt 10:PHEV simulation said ratio was as high as 90 %, while in 

Qnt 50:PHEV simulation that same ratio was only 55 %. With an increased number of 

vehicles, the theoretical probability of simultaneous charging decreases drastically. 

In the following simulations, vehicles were changed to correspond Nissan Leaf 

characteristics, which for instance, is equipped with a 40 kWh battery. Simulations were 

performed to illustrate realistic conditions. The national average daily driven distance is 

somewhat 45 km. However, considering the NTS results, the driven distance was tweaked 

to 60 km, which portrays rural areas in a much better way. After performing the mentioned 

driven distance, a single vehicle requires approximately 11 kWh of charge. That is without 

considering charging efficiency and is approximately 4 kWh more compared to what PHEV 

required in previous simulations. At 3,7 kW charge power, it takes a little over 3 hours to 

charge a vehicle. Table 10 shows results for Qnt BEV simulations, which appear to be quite 

identical to the previous results. 

Table 10. Quantity simulation results for BEV, 60 km. 

Number of vehicles 10 20 30 40 50 

The highest instantaneous power load, kW 36,8 62,6 88,3 121,4 143,5 

Time with the highest instantaneous power load 19:54 19:18 20:18 19:12 19:48 

Peak power on average load profile, kW 22,0 44,0 66,2 91,0 112,0 

Time with the peak power on average load profile 19:54 20:12 20:06 19:36 20:00 

Instantaneous and average peak load ratio, % 68 42 33 33 28 

Instantaneous and average load ratio, % 68 55 34 38 29 

Confidence interval maximum, kW 26,0 49,9 74,0 99,4 122,4 

Confidence interval minimum, kW 17,9 38,2 58,4 82,6 101,6 

Energy consumption, kWh 133 265 397 530 662 

 

While there seems to be linearity in some of the presented results, a few differences were 

noticed. In all Qnt BEV simulations, the average peak load was 59 % of overall charge 

capacity. It was documented that when the number of vehicles accumulated by ten units, the 

average peak load rises by approximately 22 kW. This is 8 kW more compared to the 

increase documented in Qnt PHEV simulations. In Qnt 50:BEV, the average peak load was 

as high as 112 kW, which is 60 % more compared to Qnt 50:PHEV simulation. On the other 

hand, when vehicle quantity is identical, energy demand is approximately 60 % higher 

in Qnt BEV simulations than in the former Qnt PHEV simulations. Thus, gained results are 

linear and depend on energy demand and vehicle quantity.  
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In Qnt PHEV simulations, peak load and average load profile ratio were higher, but both 

decreased as more vehicles were introduced to the network. Peak loads stand out when 

results from performed simulations are compared. The highest experienced peak load among 

all loops in Qnt BEV simulations increased on average by 26 kW. That is 9 kW more 

compared to what was documented in Qnt PHEV simulations. At lower vehicle 

quantities, Qnt PHEV and Qnt BEV simulation results are similar. As more vehicles are 

introduced to a simulation, the difference in peak loads grows. 

Simulations Qnt 30:BEV and Qnt 50:PHEV, which are similar in terms of energy demand, 

lead to interesting results. Purely based on the required energy, it seems preferable to have 

fewer vehicles with higher energy requirement than the other way around. Reviewed 

simulations were run several times to verify said statement.  

With a slightly prolonged charging period, peak load was often experienced at 20:00. 

Charging BEVs under described conditions shifts time when peak load is experienced in a 

direction towards midnight. That was noted, especially when charging vehicles cumulate. 

Based on these results, peak load is expected to be experienced later if a simulation is 

introduced with vehicles that bear bigger batteries and lower SOC. However, simulations 

with high battery capacities, low SOC and 3,7 kW charge power are not considered in this 

paper. The model avoids simulations, where vehicles may experience a lack of charge by the 

beginning of a next trip.  

8.3.3 Charge power scenarios 

In these simulations, households were assumed to be equipped with EVSEs capable of 

providing charge power of up to 11 kW. Before running Chg simulations, it was assumed 

that vehicle charge power would have a crucial impact on a peak load. Vehicles were set to 

correspond to Tesla Model 3 technical characteristics. That was decided since it has decent 

battery capacity and more importantly, allowed charge power of up to 22 kW. As 

in Qnt BEV simulations, the driven distance was set to 60 km for each Chg simulation. 

Neglecting charging efficiency said distance equals around 11 kWh of the required energy 

for each vehicle. Table 11 lists Chg simulation results when charge power is 3,7 kW, 7,4 kW 

and 11 kW. A single vehicle is expected to be fully charged in one to three hours, depending 

on the implemented charge power. The distribution network was supplied at most with 50 

vehicles. The first row in the table informs about a vehicle quantity in the simulation and 
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implemented charge power. Simulations Chg 3,7 and Qnt BEV are almost identical in terms 

of input values and similarities in results are easy to spot. Results 

from Qnt BEV simulations were not used in the following table to prove model consistency 

in the result analysis process.  

From below presented results, several things were noted. Charge power was not found to 

have a clear impact on the time of the peak load. At 11 kW charge power, the time of average 

peak load was commonly present before 19:00. Whereas at other charge power levels, that 

time was usually after 19:00. At 11 kW simulated vehicle charges to full capacity in merely 

one hour, therefore charging vehicles do not cumulate.  

The average peak load is not necessarily affected by the charge power when the driven 

distance is slightly above the national daily average. The difference in terms of average peak 

load in Chg 50:3,7 and Chg 50:11 simulations was just 11 kW. At lower vehicle quantities, 

the difference was even smaller. In most Chg 7 simulations, experienced average peak loads 

were higher than in Chg 11. In truth, discussed differences can be neglected because running 

simulations again might lead to slightly different results that in terms of average peak load 

might favor Chg 11. In conclusion, when charge power is above 3,7 kW, the average peak 

load depends primarily on vehicle quantity, driven distance and initial SOC.  

As it comes to the peak load, simulations with 11 kW charger lead to significantly higher 

peak load. Despite of short charging activity, there is a relatively high probability that 

vehicles would arrive at their households in a few hour time period. Tremendous peak loads 

in Chg 11 simulations indicate that the risk of harming rural distribution networks is present 

when EV quantity increases and charge power is above 7,4 kW.    
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Table 11. Charge power simulation results. 

Number of vehicles 

Charge power, kW 

10 

3,7 

20 

3,7 

30 

3,7 

40   

3,7 

50  

3,7 

10  

7 

20  

7 

30  

7 

40  

7 

50 

7 

10 

11 

20 

11 

30  

11 

40 

11 

50 

11 

The peak load of the whole 

simulation, kW 
37 59 85 107 136 56 84 112 154 189 66 99 154 176 198 

Time of the peak load 18:48 19:30 19:42 19:24 20:36 19:48 18:54 19:30 19:00 18:42 18:30 19:48 18:06 19:30 18:00 

Peak power on average load 

profile, kW 
22 41 59 84 103 22 49 69 95 130 24 45 69 93 114 

Time of average peak load  19:48 20:18 19:48 19:36 19:54 20:12 19:12 18:54 19:48 19:00 18:30 18:48 18:18 19:00 18:48 

Peak load and average peak 

load ratio, % 
67 45 43 26 33 150 73 62 63 45 177 118 122 90 73 

Peak load and average power 

profile ratio, % 
90 50 45 30 42 161 87 70 65 51 177 167 127 94 88 

Confidence interval 

maximum, kW 
26 46 67 93 113 30 60 82 111 147 36 61 91 113 138 

Confidence interval 

minimum, kW 
18 36 52 75 92 14 37 57 78 113 12 30 48 72 91 

Energy consumption, kWh 121 243 364 486 607 126 252 378 504 630 121 242 363 484 605 



69 

 

Documented simulations of Chg 7 and Chg 11 scenarios led to fascinating results. In 

Chg 50:7 the average peak load was 130 kW, which is 16 kW more compared to what was 

gained in Chg 50:11. Converting load to the number of charging vehicles depicts a clear 

difference. At the time of high load, there were on average 19 simultaneously charging 

vehicles when charge power was 7,4 kW. At 11 kW charge power, that number was just 10 

vehicles. Simulation results for Chg 50:11 indicate that there is a lack of consistency when 

charge power and initial SOC are high. The difference in the confidence interval at the time 

of peak load is almost 50 kW. In other words, results for Chg 50:11 indicate that peak loads 

are often higher than the average peak load, but due to short charging activity, they occur at 

a very broad period of time. As it was assumed, Chg 11 simulations experienced peak load 

was always higher. For example, in discussed simulations peak loads were 136 kW and 

198 kW, respectively.  

Based on documented data, the difference in terms of peak load in Chg 50:7 and Chg 50:11 

is negligible compared to the difference in Chg 50:3,7 and Chg 50:7 simulation results. 

Moreover, the difference in terms of average peak load between Chg 3,7 and Chg 11 was on 

average only 9 kW. According to the simulation results, when charge power remains at         

3,7 kW, around half of EVs are charging simultaneously at the time of average daily peak 

load. That appeared at all vehicle quantities. Upgrading all households charging units to     

7,4 kW resulted in 35 % of all EVs charging simultaneously at the same time. In simulations, 

where charge power was further increased to up to 11 kW, led to 20 % vehicles being 

charged simultaneously at the same time. Considering the charging load capacity, the 11 kW 

charge power bears the highest risk towards distribution network resilience. Though, in 

Chg 11 simulations, peak loads were far from reaching potential charging loads. The 

increase in peak load was primarily due to the number of vehicles in a simulation. The 

average peak load of each simulation is depicted in figure 23. 
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Figure 22. The average peak load of each charge related simulation. 

The average peak load in each simulation depended primarily on vehicle quantity, though at 

a 3,7 kW charge power, the lowest loads were experienced. Based on the average load, there 

is no difference whether 7,4 kW or 11 kW charge power was applied. In Chg 50:3,7 peak 

load exceeded the average peak load by 33 kW, hence 32 %. On the contrary, in Chg 50:11 

simulation, the same difference was as high as 88 kW, which corresponds to 73 %. 

Simulations Chg 50:3,7 and Chg 20:11 were compared since their energy consumption was 

fairly similar. In simulation Chg 50:3,7, the charge capacity is 35 kW lower than in              

Chg 20:11, despite drastic difference in vehicle quantity. Simulation with fewer vehicles and 

higher charge power resulted in a significantly lower average peak load and momentary peak 

load. 

Vehicle quantity has a crucial impact on the average peak load and overall peak load. The 

difference between minimum and maximum in confidence interval during average peak 

loads is largest in Chg 11 simulations. In simulations with 30 vehicles, the said difference 

was 43 kW, and uptake to 50 vehicles led to the same difference being 47 kW. The 

confidence interval is also broad in Chg 7 simulations, which is due to a quick charging 

event. It is assumed that lowering initial SOC would lead to a significantly higher peak load. 

Decreasing SOC further will accumulate the number of charging vehicles, thus resulting in 

spikes in power load.  
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8.3.4 Driven distance scenarios 

In these simulations, it is observed if driving distance has a great impact on peak load when 

battery capacity is not limited. In rural areas, it is difficult to predict the average daily driven 

distance. Therefore, a corresponding scenario was created, where vehicle quantity and their 

driven distance were adjusted. Following Dist simulations were performed using 7,4 kW 

charge power and vehicles were set to correspond to 50 kWh Tesla BEV. Charge power of 

3,7 kW was left out of a simulation scenario as some vehicles experienced a lack of charge 

by the beginning of the next trip. Input values can be put into two categories: those that 

represent daily driving and those that depict rare cases. Simulations for 100 km and SOC of 

20 % are believed to be rare, because in those it is assumed that all analyzed vehicles’ 

batteries are completely or almost completely depleted. Table 12 depicts results for 10, 30 

and 50 electric vehicles, but data was also documented for 20 and 40 vehicles. These missing 

results among those presented in the table below are shown in figure 24. The first row in the 

table below illustrates the number of vehicles in a simulation and driven distance or initial 

SOC of each vehicle.  

At a driven distance of 45 km, 60 km, 75 km, 100 km, a single vehicle neglecting charging 

efficiency requires 8,5 kWh, 11 kWh, 14 kWh and 19 kWh of energy, respectively. At 

SOC of 20 %, the energy requirement is 40 kWh. Including charging efficiency, with 7,4 kW 

charge power it takes somewhat 6 hours to fully charge depleted 50 kWh battery. It was 

expected that driven distance and consequently state of charge affects time when the peak 

power load is experienced as the number of charging vehicles cumulates. Before looking at 

the following results, it is important to stress the difference in terms of required energy 

between performed simulations. In Dist 50:20% simulation overall energy requirement is 

approximately 2000 kWh, while in Dist 10:45 simulation energy requirement was only 

85 kWh. In terms of required energy, a fair comparison can be made between Dist 50:45 and 

Dist 10:20% simulations.  

It has to be said that Dist :60 simulations are identical to Chg 7 simulations in terms of input 

values and therefore similarities are observed. As stated in previous chapters, these 

repetitions are added to verify simulation result consistency. 
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Table 12. Driven distance simulation results. 

Number of vehicles 

Driven distance, km / SOC 

10 

45 

30 

45 

50 

45 

10 

60 

30 

60 

50 

60 

10 

75 

30 

75 

50 

75 

10 

100 

30 

100 

50 

100 

10 

20 % 

30 

20 % 

50 

20 % 

The peak load of the whole 

simulation, kW 
42 98 140 49 112 189 49 154 203 63 161 231 70 210 322 

Time of the peak load 18:24 18:42 19:36 19:36 18:54 19:48 18:54 17:54 18:18 18:42 19:54 18:30 19:12 20:24 21:12 

Peak power on average load 

profile, kW 
20 51 87 24 73 121 30 90 142 37 109 178 58 171 289 

Time of average peak load 18:06 18:54 19:24 19:24 19:18 19:06 19:06 18:48 19:18 19:36 19:24 19:24 21:12 21:12 21:00 

Peak load and average peak 

load ratio, % 
107 91 61 102 54 56 65 71 43 70 48 30 20 23 11 

Peak load and average power 

profile ratio, % 
112 102 61 102 67 63 69 102 60 84 49 46 49 24 13 

Confidence interval 

maximum, kW 
27 65 105 32 87 139 37 104 161 47 122 190 63 182 299 

Confidence interval 

minimum, kW 
14 38 69 16 58 103 22 76 122 27 95 166 53 159 279 

Energy consumption, kWh 91 273 455 126 378 630 154 462 770 203 609 1015 406 1218 2030 
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Correlation between performed driven distance and time when the peak load appeared was 

not identified, when driven distance remained at 100 km and lower. As more vehicles are 

introduced into the network, the disparity among different simulation results grows. As noted 

above, the difference between Dist 10:45 and Dist 50:20% scenarios is drastic in terms of 

input values, which is also seen in the results. Energy demand in the latter simulation is 22 

times higher. Though the peak load and average peak load exceeded by 8 and 14 times, 

respectively. Besides, in Dist 50:100 simulation, the peak load exceeded substantially results 

documented in Dist 50:45. Since these simulations depict two completely different 

situations, these results will not be further compared.  

The peak load was reached or one vehicle short from reaching charge capacity in several 

simulations. That typically appeared in simulations where energy demand per vehicle was 

significant. Obviously these are simulations in which driven distance is 100 km or 

SOC 20 %.  

Peak load and average peak load ratio decreased as more vehicles were introduced into a 

simulation. This trend has been experienced in every simulation discussed above. The driven 

distance was found to have a crucial impact on the average peak load. With an additional 

15 km to every simulation, the average peak load increased approximately by 23 kW when 

the driven distance was less than 100 km. On the other hand, in discussed rare cases, the 

average peak load rose on average by 46 kW, but even 59 kW increase was documented. 

Figure 23 visualizes the average peak load experienced in every simulation. 



74 

 

 

 

 

Figure 23. The average peak load in driven distance related simulations 

From the presented figure, one may note that the average peak load is clearly correlated with 

the driven distance and vehicle quantity when charge power is 7,4 kW. At the national 

average daily driving distance said growth is not that clear.   

Comparing Dist simulation results to those gained in Chg simulations might show which 

parameter has a more significant impact on the peak load. The Dist 

:75 and Chg 11 simulation results were compared. In both of these scenarios, the primary 

parameter is tweaked to the next level. In Dist :75 driven distance was 15 km more compared 

to Chg 11, but in the latter charge power was 11 kW. Results indicate that despite the number 

of vehicles, peak load is practically identical. In not one simulation, charge capacity was 

reached. However, due to long charging activity, the average peak load was notably larger 

in Dist simulations. Besides, the spread in confidence interval at the time of peak load was 

also narrower in the distance related simulations.  

Simulations, where charge power and driven distance were 7,4 kW and 45 km were 

compared to Chg 3,7 simulations. In the latter, driven distance remained at 60 km, but 

analyzed vehicles charged with 3,7 kW charge power. Interestingly similar observations 

were made as discussed above. Peak load in all simulations was fairly identical at the same 

vehicle quantities. As for the average peak load, higher results were depicted 

in Chg 3,7 simulations due to longer charging activity. The created probability curve appears 

to have a significant impact on the gained results.   
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8.3.5 Capacity Scenario 

In the battery capacity related scenarios, vehicles were set to correspond to Tesla Model 3 

with some adjustments to the battery capacity. The Cap scenario simulations were performed 

for vehicles with a battery capacity of 10, 20, 30, 40 and 50 kWh. At the time of arrival, each 

vehicles’ battery was assumed to be depleted to observe the impact on the charging load 

when required energy per vehicle was increased. Initial SOC was in each scenario 20 %, 

which corresponding to required energy for mentioned batteries neglecting charging 

efficiency is 8, 16, 24, 32 and 40 kWh. Simulations with 3,7 kW charge power and over 

30 kWh battery capacity resulted in undesirably long charging periods. In most of these 

simulations, a large portion of vehicles was not fully charged by the time of departure. For 

that reason, 7,4 kW charge power was chosen for analysis and results are depicted in table 

13. In described Cap simulations, it was decided to use only 10, 20 and 30 vehicles. Thus, 

for each of the mentioned battery capacities, three simulations were run. 

It must be said that energy demand in Cap 30:50 is fifteen times greater than what is required 

in Cap 10:10. Though the average peak load was only three times greater. With an increased 

battery capacity and the number of vehicles, the time of peak load shifted further towards 

midnight. In Cap :10 simulations, the peak load was often experienced at 19:00 and in some 

simulations even earlier. Increasing battery capacity resulted in a longer charging period, 

therefore in Cap :50 simulations peak load was often around 20:00. The time of peak load 

would be experienced even later if charge power was decreased to 3,7 kW. It was observed 

that an increasing battery capacity leads to a proportionally higher peak load. 

Presented results in the table below indicate that high energy requirement and 

correspondingly long charging activity may lead to charge capacity. Charge capacity was 

reached in Cap 10:40, all Cap :50 simulations, and was one vehicle short in Cap 10:20 and 

Cap 10:30 simulations. It was discussed earlier that when the number of vehicles in a 

simulation increases, the probability of simultaneous charging decreases. However, due to a 

high energy requirement, that statement does not hold up. On average at the time of peak 

load 80 % of the simulated vehicles were charging. The reason for that is quite simple. Under 

7,4 kW charge power, it takes around 6 hours to charge a vehicle simulated in Cap :50.
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Table 13. Capacity scenario simulation results. 

Battery capacity 

Number of vehicles 

10 kWh 20 kWh 30 kWh 40 kWh 50 kWh 

10 20 30 10 20 30 10 20 30 10 20 30 10 20 30 

The peak load of the whole 

simulation, kW 
42 77 98 63 112 140 63 112 168 70 126 196 70 140 210 

Time of the peak load 18:36 17:42 19:48 18:24 19:00 19:42 19:48 19:54 19:00 19:48 19:48 20:30 19:24 20:00 20:48 

Peak power on average load 

profile, kW 
19 32 50 28 60 85 42 81 126 53 99 153 58 118 175 

Time of average peak load  19:06 18:12 19:00 19:24 18:42 19:18 20:24 19:54 19:36 20:18 19:48 20:42 20:24 20:30 20:48 

Peak load and average peak 

load ratio, % 
125 137 94 125 88 64 51 38 33 33 27 28 21 19 20 

Peak load and average power 

profile ratio, % 
161 166 127 148 95 72 62 38 42 38 27 30 36 27 20 

Confidence interval 

maximum, kW 
26 42 62 35 70 97 48 93 142 60 111 167 65 126 187 

Confidence interval 

minimum, kW 
11 23 39 21 50 73 35 69 111 45 87 138 50 109 163 

Energy consumption, kWh 91 182 273 161 322 483 245 490 735 322 644 966 406 812 1218 
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From documented results it was observed that ten additional vehicles raise average peak load 

by 13‒30 kW when battery capacity is low. On the contrary, when battery capacity is high, 

ten additional vehicles increase the average peak load at most by 60 kW. The potential 

increase in the average peak load depends strongly on the battery capacity. When capacity 

is high, the accumulation might raise the number of simultaneously charging vehicles at the 

time of average peak load by 8 vehicles. At lower battery capacities discussed potential is 

only 2‒4 vehicles. The difference in confidence interval at the time of peak load depended 

on the vehicle quantity. Battery capacity was not found to have any impact on a spread in 

confidence intervals. Since charging takes place over a relatively long period of time, the 

number of charging vehicles at the time of peak load is always quite high. In all three Cap:50 

simulations, the peak load and average peak load ratio was always under 25 %. Results from 

Cap :40 and Cap :50 scenarios should not be used for any further analysis as they differ 

substantially in terms of required energy compared to any other scenario presented in this 

report. Moreover, to experience a fully depleted battery, one should drive more than 150 km. 

The probability that several vehicles of one sparsely populated area would have depleted 

batteries is remarkably low. 

Cap simulations are obviously similar to Dist scenarios, but they illustrate different 

situations. Cap scenario was created to review peak load when battery capacity works as a 

bottleneck. In Dist simulations, vehicles are limited by the driven distance. In both scenarios, 

charge power was set to 7,4 kW. With a larger battery, there is more chance that a single 

vehicle would require charge less frequently, thus charging might happen only a few times 

a week. In its entirety, high energy requirement for a single charge is undesired when the 

present load from other appliances is above average. Based on these results, the potential 

risk of the peak load is present, when an area is supplied with fewer vehicles performing 

longer trips and vice versa. On the contrary, the average peak load was often lower in these 

cases.  

8.4 Alternative scenarios results 

8.4.1 Two vehicles at a single household 

It was decided to simulate a situation where each household accepts two vehicles to be 

charged simultaneously. Additional electric vehicle at the household may be a cause of 

positive experience from the first EV or other people visiting a local distribution network 



78 

 

 

 

area. In this chapter, simulations will be addressed in the following format: Two [number of 

vehicles]:[charge power]:[driven distance]. In these simulations, vehicles were set to 

correspond to Tesla Model 3 BEV characteristics, as was done in several parameter related 

scenarios. Simulations were performed for 10, 20, 30, 40 and 50 vehicles and hence these 

were divided among 5, 10, 15, 20 and 25 households, respectively. First simulations were 

run charging vehicles with 3,7 kW charge power, but that was further increased to 7,4 and 

11 kW. At each number of vehicles, simulations were run with driven distance being 60 km 

and 100 km. Simulations with 3,7 kW charge power were not documented at vehicle driven 

distance being 100 km, because some vehicles were not fully charged by the next morning. 

At the beginning of each simulation, every pair of vehicles was dedicated to a specific 

household. When both of these were at the same household and required a charge, the power 

was divided evenly among the two. At 3,7 kW charge power both vehicles received only 

1,8 kW of charge, while in the latter simulations charge power was equal to 3,7 and 5,5 kW 

depending on the initial charge power. The potential difference in terms of charge power 

between Two 50:11:100 and Two 50:3,7:60 simulations was as high as 182,5 kW. Results 

from these simulations are compared to those gained in simulations where only one vehicle 

was connected to each household.  

Table 14 illustrates results for simulations where two vehicles were connected to the same 

household. Documented results in the table below present only those simulations where the 

number of vehicles was 10, 30 and 50. However, primary results from simulations with 20 

and 40 vehicles are presented in further figures. The first row in the table informs about 

scenario input parameters: vehicle quantity, charge power and driven distance. Some 

incorrections in the results table are present. It can be noticed that energy demand does not 

appear to be consistent from one simulation to another. While these incorrections are minor, 

they must be pointed out. It was earlier discussed that each hour is divided into 6-minute 

slots. Therefore, vehicle might have charged for a single minute, but it was documented as 

a 6-minute long charging activity. However, in the simulation only 1 minute of charge was 

directed to the battery. Moreover, power splitting was performed at the moment when the 

second charging vehicle arrived at the household. When that happened in the middle of a 

6-minute slot, the currently charging vehicle received full charge power, while the latter 

charged with only half of that. Therefore, documented energy consumption slightly exceeds 

theoretical energy demand.
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Table 14. Two vehicles per household simulation results.   

Number of vehicles 

Charge power 

Driven distance 

10  

3,7 

60 

30  

3,7 

60 

50  

3,7 

60 

10 

7,4 

60 

30  

7,4 

60 

50  

7,4 

60 

10  

11 

60 

30  

11 

60 

50  

11 

60 

10 

7,4 

100 

30 

7,4 

100 

50 

7,4 

100 

10  

11 

100 

30 

11 

100 

50 

11 

100 

The peak load of the whole 

simulation, kW 19 56 93 41 104 159 50 132 209 37 111 178 55 154 242 

Time of the peak load 
21:18 18:54 20:12 19:24 19:30 19:24 18:42 18:42 18:48 21:18 20:18 19:54 18:54 19:30 19:30 

Peak power on average load 

profile, kW 17 50 83 23 71 110 24 69 113 32 94 152 37 102 183 

Time of average peak load  
20:42 20:42 21:00 18:48 19:18 19:36 18:12 18:48 18:48 21:06 20:18 20:48 19:00 19:12 19:36 

Peak load and average peak 

load ratio, % 20 15 11 73 45 43 107 90 84 26 24 17 79 51 32 

Peak load and average power 

profile ratio, % 26 30 12 90 50 45 130 97 84 30 24 19 81 54 35 

Confidence interval 

maximum, kW 19 53 87 30 82 128 32 86 135 36 102 163 47 119 203 

Confidence interval 

minimum, kW 15 47 79 17 60 93 16 52 91 29 87 141 27 84 162 

Energy consumption, kWh 
123 368 611 124 376 624 122 365 613 205 617 1027 207 623 1038 
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Charge power was not found to have a distinct impact on the time of experienced peak load. 

In Two 50:3,7:60 simulation, the peak load was 93 kW, which implies that at least in one 

simulation the charge capacity was reached. In the same simulation average peak load was 

as high as 83 kW, which is only 10 kW short of the charge capacity. Besides, at the time of 

the average peak load, the confidence interval maximum was as high as 87 kW. Practically 

identical results are seen in other simulations in which charge power was just 3,7 kW. At 

named charge power, the charging period might be as long as 6 hours when both vehicles 

arrived simultaneously at the same household. Due to quite a long charging activity, there is 

a clear risk that vehicles would lack charge at the beginning of a next trip when required 

energy was high enough. At 100 km driven distance described risk is inevitable since it 

would at most take 10 hours to charge a vehicle. Implementation of power splitting, when 

two or more vehicles are connected to the same household is highly undesired if charge 

power is only 3,7 kW. At that charge power there is a high probability that local charge 

capacity would be reached. 

At 11 kW charge power and driven distance being 100 km potential charging period is 

3,5 hours long when there are two vehicles connected to the household. With a 7,4 kW 

charger, that period is over 5 hours. Considerably long charging period due to low initial 

SOC cumulates the number of charging vehicles resulting in high peak loads. Every ten 

vehicles added to a simulation increased average peak load on average by 30 kW and 36 kW 

for simulations with 7,4 kW and 11 kW charge power, respectively. At the same time, 

experienced peak load increased on average by 35 kW and 47 kW. In Two :7:100 

simulations charge capacity was reached in every simulation, while the average number of 

charging vehicles increased by 8,5 vehicles. In Two :11:100 simulations that same addition 

resulted in an average increase of 6,5 vehicles.     

In simulations where driven distance was 100 km, peak loads often reached charge capacity. 

As an exception were simulations, where charge power was 11 kW and the number of 

vehicles remained over 20 units. Also, in Two :7:60 and Two :11:60 simulations peak load 

was reached or one vehicle short from reaching in every second simulation. It was noted that 

at the higher charge power and vehicle quantity, the peak load was experienced less 

commonly. Though, in Two 50:11:100 simulation, the peak load was 242 kW, which is just 

33 kW short from reaching charging power capacity. On the other hand, the average peak 

load in that simulation was 183 kW, and the confidence interval maximum barely scratched 
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the 200 kW mark. Interestingly, the average peak loads and peak loads experienced in 

Two :11:100 simulations are practically identical to those gained in Dist :100. That utterly 

demonstrates that splitting power between two vehicles does notably affect the charging 

load. That also applies to the confidential intervals at the time of peak loads.  

Apart from directing two vehicles to a single household, Two simulation inputs are similar 

to those in the Dist scenario. Therefore table 15 was created to examine documented 

outcomes. The comparison was made for simulations Dist :60 and Two :7:60. Results were 

compared in terms of peak load and difference in confidence interval at the time of average 

peak load. Values under power difference columns portray the difference in confidence 

intervals.  

Table 15. Result comparison of driven distance and two vehicles per household simulations. 

The difference in confidence interval and peak load, kW 

Vehicle 

quantity 

Dist :60  Two :7:60 

Power difference Peak load Power difference Peak load 

10 16 ‒ 32 56 17 ‒ 30 41  

20 37 ‒ 60 84 37 ‒ 52 74 

30 58 ‒ 87 112 60 ‒ 82 105 

40 78 ‒ 111 154 79 ‒ 96 118 

50 103 ‒ 139 189 93 ‒ 128 159 

 

Even though in Two :7:60 charge power was divided evenly among two vehicles charging 

at the same household, differences in results were not found drastic. In every Dist :60 

simulation, the peak load was higher. Though, the difference in experienced peak loads was 

on average equivalent to 2-3 charging vehicles. In simulations with 40 vehicles, the said 

difference was as high as 36 kW. On the other side, in simulations with 30 vehicles that 

difference was just 7 kW. While these can be argued as a fortuitous simulation, the difference 

in repeated simulations appeared to be between described limits. Dividing charge power 

leads to narrower confidence interval during the time of average peak load but subsequently 

cumulates the number of simultaneously charging vehicles. Reducing charge power 

minimizes the risk of peak loads, hence prolonging charging activity for multiple vehicles. 

Contrarily, due to longer trips vehicles may experience a lack of charge to perform the 

following day trip chain. It highly unlikely that drivers living in rural areas that are 
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performing daily more than 60 km would implement 3,7 kW charge power. That is 

especially doubtful when residents of one household possess two electric vehicles. 

8.4.2 Charging load compared to energy consumption in remote areas 

The impact of several vehicles charging in a LV network was analyzed. Two individual 

networks were combined and the most energy consuming day was picked for analysis. The 

simulation was done for 5, 10, 15 and 20 battery electric vehicles. These vehicles were 

divided evenly among households. Gathered data for 20 households consists of hourly 

energy consumption of each household across one year. As it has been discussed, the model 

calculates power load for every 6-minute period. Therefore, peak loads in a confidence 

interval of each hour were collected to illustrate a potential charging load across the day. In 

these simulations, vehicles were set to correspond to Tesla Model 3 BEV with driven 

distance being 60 km. BEVs were charged with 7,4 kW charge power. These simulations 

were performed solely to demonstrate EV charging related risks in sparsely populated areas. 

One of such simulations is presented in figure 24, where the red line indicates energy 

consumption of 20 households, while the blue area illustrates the power load with a 95 % 

confidence interval.  

 

Figure 24. Potential energy consumption of sparsely populated area with introduction of 20 EVs.  

  

In the presented figure, each vehicle is assumed to perform 60 km and to arrive respecting 

earlier presented normal distribution curve. Introduction of twenty vehicles to the described 

LV network consisting of 20 households has a significant impact on power load and 



83 

 

 

 

consequently local energy demand. According to performed simulations, peak load from 

vehicle charging may exceed former power load by over three times. In case only five 

vehicles are introduced to the network, the peak in the confidence interval was about 50 % 

of the local load without EV uptake. At 11 kW charge power, similar results can be observed 

as simulations in previous chapters would suggest.    

 

Despite this is just a single case, it can be stated that introduction of battery electric vehicles 

to rural areas bear enormous risk for network components and the reliability of constant 

energy flow. In case a rural area has the potential to be supplied with EVs in the near future, 

impact from EV charging must be thoroughly considered. Results from these simulations do 

not state how rural distribution networks should be upgraded but solely demonstrate 

potential risks caused by the introduction of EVs to a sparsely populated area. It is debatable, 

which charge power EV owners should apply in such areas due to numerous factors in play. 

It is advised to consider all aspects affecting the distribution network resilience of which 

electric vehicles are only just one.   
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9. CONCLUSION 

As a result of increasing GHG emissions, various environmental targets were set to achieve 

the electrification of road transport. In addition to environmental benefits, EVs are 

technically competitive. Due to great efficiency and a low number of moving parts, EV user 

enjoys low operating costs. At present, EVs are primarily concentrated in several dozen 

cities. However, over time they are expected to expand towards sparsely populated areas, 

where their charging activity may harm the distribution network system unless a smart 

charging strategy is not implemented. In rural areas, each household is supposed to be 

supplied with a charging capability, hence electrification road transport in remote areas is 

technically possible.     

This thesis attempted to analyze the primary charging related factors that might affect the 

distribution network peak load in rural areas when uncoordinated and Time-of-Use or 

Market-based charging strategies are applied. Electric vehicle and human driving behavior 

related literature was studied to detect variable factors that affect the charging load of several 

vehicles. Some charging related parameters were found, but inclusion of each for further 

evaluation was found complicated. It was acknowledged that battery degradation, ambient 

temperature and use of cabin heating affect the charging activity, but due to lack of proper 

benchmarks, these could not be included. Implemented primary charging related parameters 

were vehicle quantity, charging power, driven distance and battery capacity. For each of 

these, a corresponding scenario was developed to inquire about their influence on the 

charging load. Besides, a few alternative scenarios were developed to illustrate realistic 

conditions. In order to perform the desired analysis, a MATLAB model was designed, which 

simulated charging activity of a certain number of vehicles under different conditions. Based 

on performed simulations, the Time-of-use or Spot market-based charging strategies 

appeared to be highly undesired as they are expected to lead to overall charging capacity 

regardless of EVs type and normal distribution on time of arrival and departure.  

Created scenarios were developed and simulated in the model to compare the weight of 

charging related parameters. It was found that with 7,4 kW and 11 kW charge power load 

profiles are similar, though the latter typically resulted in considerably higher peak loads. It 

was assumed that gained similarities in performed simulations were due to compensation of 

factors. Simply put, high charge power resulted in shorter charging period, thus reducing 
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cumulation of charging vehicles. Under 7,4 kW charge power number of simultaneously 

charging vehicles was higher, but their overall load was typically tolerable. The simulations 

with 3,7 kW charge power often caused the highest peak loads in relation to overall charging 

load capacity. Rather long charging activity resulted in cumulation of charging vehicles. 

Dividing power among vehicles was not found to have a significant impact on the charging 

load. Large battery capacities in combination with long driving distances would theoretically 

result in undesirably high average loads. Designers of distribution networks should consider 

driving habits of local residents given the location and nature of the area.  

With the applied normal distribution curve, the most impactful parameter affecting the 

charging load was found to be vehicle quantity. Additional vehicles often led to a 

considerably higher load than in simulations where another parameter was adjusted. 

However, that applies primarily to simulations where charge power was above 3,7 kW. 

Purely based on these results, the 7,4 kW charge power was found the most desirable for 

remote areas. However, household related restrictions discussed in the literature may prevent 

installation of EVSE with 7,4 kW or higher charge power. EVs were found to significantly 

increase power load of sparsely populated distribution networks, thus other charge power 

related barriers could be present. Moreover, on an individual level EV user might require 

higher charge power to satisfy their needs and hence any limitation could potentially slow 

down EV penetration. Though EV uptake in sparsely populated areas was not main objective 

of this paper.  

The limitation of the thesis is that only several parameters affecting vehicle charging load 

were discussed and applied in the model. In the model each of the applied parameters have 

significant impact on performed simulations, thus gained results depict only potential 

charging load from EV uptake. For further research, it would be highly desired to apply 

benchmarks for ambient temperature, battery degradation and use of cabin heating along 

with parameters that were not discussed in this paper. A more sophisticated model should be 

created to compare various scenarios on existing remote distribution network system 

characteristics. Thus, enabling detection of potential risks in the existing distribution 

networks.  
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APPENDICES 

Appendix 1. Reference scenario 1. Uncoordinated charging scenario  

 

 

 

Figure 25. 1. Unc scenario simulation results. 

Appendix 2. Reference scenario 1. Time-of-Use charging scenario  

 

 

Figure 26. 1. TOU scenario simulation results. 
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Appendix 3. Reference scenario 1. Quantity charging scenario  

 

 

Figure 27. 1. Quantity simulation results. 

Appendix 4. Reference scenario 1. Battery capacity charging scenario  

 

 

Figure 28. 1. Battery Capacity simulation results 

 

 


