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Abstract—Renewable distributed generation and electric ve-
hicles (EVs) are two important components in the transitions
to a more sustainable society. However, both distributed gen-
eration and EV charging pose new challenges to the power
system due to intermittent generation and high-power EV
charging. In this case study, a power system consisting of a
low- and medium-voltage distribution grid with more than 5000
customers, high penetration of roof-top mounted photovoltaic
(PV) power systems and a fully electrified car fleet is used to
assess the impact of the intermittent PV generation and high-
power EV charging loads. Two summer weeks and two winter
weeks with and without EV charging and a PV penetration
varying between 0% and 100% of the annual electricity
consumption are examined using measured and simulated data.
Results show that the electricity consumption increases with 9%
and 18% during the studied periods, and that EV charging only
marginally can contribute to lowering the risk of overvoltage
for customers resulting from PV overproduction. The most
significant result is the increase in undervoltage in the winter
when EV charging is introduced. The share of customers
affected by undervoltage increases from 0% to close to 1.5%
for all PV penetration levels.

I. INTRODUCTION

The global market for photovoltaic (PV) power production
has increased rapidly in recent years. Although the contri-
bution of PV power production in 2016 was merely 1.8% of
the global electricity demand, the share of PV is significantly
higher in several countries and regions [1]. Traditionally,
the power production from large centralized power plants
could be regulated to match the intermittent load in the
power system. With introduction of intermittent generation
such as wind and PV power, new challenges for the power
system arise [2]. At the same time, the recently started
transformation of the transportation sector from fossil-fueled
to electric vehicles (EVs) will also affect the power system
due to the high charging power [3].

PV systems are mainly connected to low- or medium-
voltage distribution grids, which are designed to handle
unidirectional power flows from the high-voltage transmis-
sion grid to customers. This distribution grid is therefore
dimensioned to handle the voltage drop along the distribu-
tion feeders before reaching the customer [2]. Large extra
loads such as EV charging leads to higher currents in the
feeders and thus larger voltage drops [4]. On the other hand,
consumers with roof-top mounted PV systems can also be
micro-producers, so called prosumers [5]. The intermittent
PV power generation makes it necessary for the distribution
grid to handle bidirectional power flows. For customers far
away from substations, high generation and low load might
lead to voltage levels exceeding the acceptable limit, and
low or zero generation and high load might lead to too

low voltage [2], [6], [7]. The contribution of PV and EV
charging might however also be beneficial if the charging
takes place at the same place and time as the PV power
generation, in which case the voltage might stay within the
limits. Therefore, a case study on a real distribution grid with
both high penetration of PV and EVs is relevant to assess
how possible voltage violations are affected.

A. Aim and limitations

The aim of this paper is to study the hosting capacity
of PV power in a large distribution grid and how this is
influenced by adding EV charging to the existing customer
load. A distribution grid in the municipality of Herrljunga,
Sweden, with 5174 customers is used for the case study.

This paper continues two previous studies on the same
distribution system, which addressed the problem with over-
voltage due to high PV power generation [8], [9]. The aim
of these studies was to develop a methodology to determine
the required storage capacity and need of power curtailment
of PV systems to avoid overvoltage. In this study, however,
no storage and power curtailment are considered. Instead,
EV charging is added to the loads to study its impact on the
voltage variation.

The paper is organized as follows: Section II presents the
data of the power grid, PV power production, electricity
consumption and EV charging used in this study. Section
III presents the results for under- and overvoltage and how
these scenarios are affected by PV power production and EV
charging. In Section IV the consequences and limitations are
discussed, and Section V presents the main conclusions of
the study.

II. METHODOLOGY AND DATA

This section includes the design and data of the power
grid in the municipality of Herrljunga, Sweden, descriptions
of the electricity consumption, the PV power production and
scenarios and the EV charging data.

A. Power grid data

The power grid in Herrljunga municipality consists of
a three-phase medium- and low-voltage grid with 5174
customers, distributed over 3891 grid connections in 338
low-voltage grids. A scheme can be found in Figure 1.

The power grid covers both a rural area as well as a two
small city areas. Hourly power consumption data is available
for each customer during a whole year. However, only two
weeks in the winter and two weeks in the summer with large
mismatch between load and generation will be considered
due to the available EV charging data, see Section II-E. All
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Fig. 1. Diagram of the MV grid with all feeders. The two city areas are
in the upper right and lower left corners.

grid preferences such as wire thickness and material, length
of the lines and impedance are known. The rural part of the
power grid has a radial structure, whereas the power grid
in urban areas has more interconnections. A scheme of the
medium-voltage grid is presented in Figure 1.

With the impedance for every feeder in the system, it is
possible to calculate the voltage and current in every part of
the grid. According to the power-quality standard EN 50160,
the voltage at the customer should be within ±10% of the
rated voltage [10]. According to the standard the mean 10
minutes rms of voltage magnitude variation must be within
±10% for 95% of the time. However, a number of countries
have national requirements that deviate from EN 50160, for
example Sweden with the same allowed voltage range but
for 100% of the time [11]. The per-unit (pu) system is used
in this study, which means that a line voltage in the LV grid
of 400 V is defined as 1 pu. The overvoltage limit is thus at
1.10 pu and undervoltage at 0.90 pu.

B. Electricity consumption data

Electricity consumption for the whole year 2014 for all
customers, such as detached houses, apartments, offices,
small industries and farms, were obtained from the dis-
tribution system operator Herrljunga Elektriska. All except
four customers are connected to any of the 338 low-voltage
grids in the medium-voltage grid area. The studied periods
were Monday January 13th to Sunday January 26th and the
Monday July 21st to Sunday August 3rd 2014. These two
periods are chosen to examine a period of high electricity
consumption (winter) and low electricity consumption (sum-
mer).

C. PV power production data and scenarios

The PV power production data was calculated on an
hourly basis with irradiance data for 2014 from the STRÅNG
model, which is developed by SMHI (Swedish Meteorolog-
ical and Hydrological Institute) [12]. The methodology for
calculating the PV power production used for this study is
thoroughly presented in [13], [14]. LiDAR (Light Detection
And Ranging) was used to create a digital surface model

(DSM) of the roof tops in the studied area with a pixel size
of 2 × 2 m2. The annual solar irradiance of the building
DSM was then computed using the built-in tool Solar
Analyst in ArcGIS [15]. Rooftop segments with irradiation
exceeding 800 kWh m-2 yr-1 are considered suitable for PV
installations.

For each category the hourly solar irradiation is computed
using standard methods for conversion of horizontal to in-
plane irradiation, including the Hay and Davies model for
diffuse radiation [16]. A constant albedo of 0.2 is assumed
and a constant PV system efficiency of 15% is used.

If all the identified rooftops of high irradiation would be
covered by PV panels, the yearly PV penetration would
be close to 160%. The PV penetration is defined as the
yearly accumulated PV electric energy production as share
of the yearly electric energy consumption within the grid
area. For the PV penetration estimation, the extra electricity
consumption due to EV charging data is not included.

Rooftops suitable for PV installations are selected ran-
domly until the PV penetration reaches 10%, and thereafter
additionally PV systems are added until 20%, 30%, 40%,
50%, 60%, 70%, 80%, 90% and 100% penetration are
reached, in total 10 simulations. One simulation contains
the two winter weeks and the two summer weeks chosen
for the study. This was done 10 times, each of them with a
different selection of rooftops, to get a more representative
result for different distributions of the PV systems than if
only one distribution would have been considered.

D. Power flow solution

The voltage for each customer in the low-voltage grid was
calculated using the Newton-Raphson power flow solution.
This is an iterative method to calculate voltage magnitudes
and phase angles in a power system [17]. The power flow
model assumes a perfectly balanced three-phase power grid
where the current and voltage magnitudes are the same in all
three phases, since power consumption and production data
per phase is not available [18]. The power flow solution was
simulated in MATLAB.

Hourly values of PV power production and load are used
for the power flow simulations, which means that shorter
periods of even higher or lower voltage levels might exist on
shorter time scales. However, the hourly aggregate household
loads are already smoothed from random coincidence and the
variations are therefore smaller than for individual household
loads [19]. The highest voltage levels occur during times
with the highest irradiance, i.e. clear sky irradiance during
noon, and low demand. During these periods, the generation
is already close to maximum potential and the load is low,
and the risk of significant sub-hourly voltage spikes due
to lower load or higher generation might therefore not be
overwhelming. This means that hourly data for a large
distribution grid gives a satisfactory overview of the voltage
fluctuations.

E. Electric vehicle charging model

The EV charging model was used to calculate time series
of power consumption at each customer bus in the power
grid. The model is based on a non-homogeneous Markov,
which is a stochastic process {Xt}∞t=0 where the probability



of transitioning from one state to another does not depend
on the history of previous states [20]:

P (Xt+1 = j|Xt = i, ...,X2, X1) =

P (Xt+1 = j|Xt = i) = pij(δ), (1)

where pij(δ) is the the probability to transition from state
i to state j at time group δ. Both i, j belong to state
space S = {1, 2, 3, ...,M} with M states. Depending on
type of customer, each of them was assigned as residential,
workplace or public. In the EV charging model, the states
of the Markov process represented the parking locations,
which were defined as S = {“Home”, “Work”, “Other”}.
The state “Other” refers to public parking lots. All transition
probabilities, between the three states S, could be written in
the form of matrices T (δ) = (pij(δ))3×3 with a time step
of one minute. The time group δ varied based on the minute
of the day during which the transition was taking place and
whether the day was a weekday or a weekend. The model
[21] was used here to provide the charging load for EVs in
two seasons: winter and summer, each was modelled for
two weeks. Thus in total there were 1440 × 2 transition
matrices. Transition probabilities were estimated using the
methodology presented in [22] and using the data from [23].
Since the load data for the customers was only available with
an hourly resolution, the EV charging data was averaged over
each hour.

Charging at each parking state S represented charging
profiles for residential, workplace, and public, arranged
respectively with the states. The public charging profile
represented the charging profile in the city centre. The
municipality of Herrljunga contained 5295 vehicles as of the
year 2016 [24]. The city was assumed to contain 5377, 4138
and 3060 “Home”, “Work” and “Other” parking spaces,
respectively. To the best of the authors’ knowledge there
are no official statistics on the number of parking spaces
in the city. Therefore it was assumed that there were 1.7
and 1 parking spaces per detached house and apartment,
respectively. Some of the residential customers were summer
houses, and they were assumed to be occupied only during
the summer by one vehicle each. Thus, the number of
vehicles in the city, 5295 vehicles as of the year 2016 [24],
increased by 333, one EV per summer house, only during the
summer weeks. In addition, the number of parking spaces
in each state increased by 333 in summer. The authors
assumed an EV penetration level of 100%, representing a
future scenario, in order to study the most severe impact
induced by charging EVs on the electricity grid.

A decision was made to proportionally distribute the num-
ber of parking spaces for both “Work” and “Other” states
based on each customer’s yearly electricity consumption
compared with the total yearly electricity consumption of the
category. For example, the number of “Work” parking spaces
were distributed on the customers belonging to the ”Work”
state proportional with their yearly electricity consumption.
In total there were 2.37 parking spaces per vehicle in the
city. For comparison, in [25] the authors estimated that on
average there are 2.2 parking spaces per vehicle in the US
cities.

One charging port in this study is assumed to have a power
of 3.7 kW, and they were then assigned to the same busbar as

their corresponding customer. As a simplification, detached
houses with 1.7 parking spaces per house are assumed to
have one charging port each but with 70% higher power
than the rest.

Vehicles were randomly assigned to parking lots that
corresponded to the states they occupy at every time step t.
Each vehicle, nonetheless, occupied the same parking space
until a change in state occured, i.e., EVs changed parking
lots only when changing the parking state Xt 6= Xt−1 and
then EVs occupied the new parking lot until the next change
in state.

In this paper, opportunistic charging from the grid was
assumed, i.e., vehicles charged whenever parked until fully
charged. The the change of battery charge E (kWh) for
vehicle n at time t was defined as:

Ent =


Ent−1 + 3.7×∆t if charging,

Ent−1 − η ×D if driving,

Ent−1 else,

(2)

where η was the AC consumption rate (kWh/km), and D was
the distance in (km) driven by the vehicle. η was assumed in
this paper to be 0.25 kWh/km in winter and 0.15 kWh/km
in summer. The travelled distance D was randomly sampled
from the travel survey between respective states. It was
assumed to occur instantaneously when a change in state
S occurred, similar to [26]. The charging load P (kW) of
station ψ at time t was estimated to be:

Pψt = 3.7×Nψ
t , (3)

where Nψ
t is the number of charging vehicles in station ψ

at time t.
For more information regarding the EV charging model,

the reader is directed to [21].

III. RESULTS

This section contains the results of the power flow simu-
lations with PV power and EV charging.

A. Electricity consumption and production

The electricity consumption was in total 5.5 GWh during
the two winter weeks and 1.8 GWh during the two summer
weeks. The additional electricity consumption due to EV
charging during the winter and summer weeks were 500
MWh and 330 MWh, respectively. This means that the
electricity consumption was increased with 9% in the winter
and 18% in the summer due to EV charging. The electricity
demand shows a seasonal and daily variation, see Fig. 2. The
EV charging load has two peaks at 9 am and 18 pm both in
the winter and in the summer.

B. Over- and undervoltage

How the overvoltage, i.e. higher than 1.1 pu for the
customers, varies with the PV penetration in the winter and
summer is shown in Fig. 3. The number of affected cus-
tomers is approximately 10 times higher in the summer than
in the winter for every PV penetration level (Fig. 3a and b).
With a PV penetration of 100% on a yearly basis, nearly
every second customer is affected by overvoltage during the
summer weeks (Fig. 3b). When adding EV charging, this
number is only decreased with less than one percentage
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Fig. 2. Average daily electric load with PV power generation and with and without EV charging load in the two winter weeks and the two summer
weeks. A yearly PV power penetration of 100% of the electricity consumption is used for the illustration

point. This relatively small reduction is also the case in the
winter, although starting from a much lower share of affected
customers. The same patterns with only small reductions
when adding EV charging also holds for the aggregated
hours with overvoltage for all customers (Fig. 3c and d).

How the PV penetration relates to the undervoltage, i.e.
less than 0.9 pu, is shown in Fig. 4. Without EV charging,
there are almost no customers affected by undervoltage in
the winter (Fig. 4a). When the EV charging is added, the
share increases to approximately 1.5% and only slightly
decreases with increasing PV penetration. The share of
affected customers and aggregated hours with overvoltage
for the scenario without EV charging is higher in the summer
than in the winter, although the share is still relatively
low (Fig. 4b). Both when it comes to share of affected
customers and aggregated hours for all customers, the values
are decreasing much faster in the summer than in the winter
with higher PV penetration. This is due to the short sunny
period in the winter, cf. Fig. 2.

IV. DISCUSSION

This study indicates that EV charging, both at work and at
home, does not significantly reduce the number of customers
affected by overvoltage in a distribution system with high
PV penetration levels. Even though the EV charging power
is much higher during the day than during the night, the
often short period of very high PV power production cannot
be met by the extra EV charging load. One way to solve
this is to use smart charging of the EVs, including the
vehicle-to-grid concept where the EVs can be used as energy
storage, and scheduling of the charging of the EVs to periods
with high PV generation and low demand. In order to
make either vehicle-to-grid or scheduled charging attractive,
pricing schemes with high intra-day price variability or extra

revenues are most certainly needed. Neither of these are used
in Sweden as of today.

If the for example the customer loads and the PV systems
are switched off when the voltage goes below 0.9 pu or
exceeds 1.1 pu, the number of affected customers of both
over- and undervoltage will be lower than in these simula-
tions. This is especially true for high PV penetration levels.
To model a large power grid where individual households or
PV system are switched off as soon as the voltage limits
are violated is however difficult with only hourly data.
These kind of calculations would require continuous of high-
resolution PV power and load data in order to know when
each system will switch off.

V. CONCLUSION

The findings of this paper are that (i) a fully electrified
car fleet within the distribution system area increases the
electricity consumption with 9% and 18% during the studied
period, (ii) 50% of the customers are affected by overvoltage
in a scenario of 100% PV penetration on a yearly basis,
(iii) EV charging can only marginally reduce the number
of customers affected by overvoltage, (iv) the number of
customer hours decreases faster in the summer than in the
winter when the PV penetration is increased, and (v) the
share of customers affected by undervoltage increases from
0% to 1.5% in the winter when EV charging is introduced.
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Fig. 3. Share of customers affected by overvoltage in the winter (a) and in the summer (b), and aggregated hours with overvoltage for all customers in
the winter (c) and in the summer (d). Mean values of 10 simulations with different PV system dispersions per penetration level.
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