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a b s t r a c t

Photovoltaic (PV) systems and electric vehicles (EVs) integrated in local distribution systems are
considered to be two of the keys to a sustainable future built environment. However, large-scale
integration of PV generation and EV charging loads poses technical challenges for the distribution grid.
Each grid has a specific hosting capacity limiting the allowable PV and EV share. This paper presents a
combined PV–EV grid integration and hosting capacity assessment for a residential LV distribution grid
with four different energy management system (EMS) scenarios: (1) without EMS, (2) with EV smart
charging only, (3) with PV curtailment only, and (4) with both EV smart charging and PV curtailment.
The combined PV–EV hosting capacity is presented using a novel graphical approach so that both
PV and EV hosting capacity can be analyzed within the same framework. Results show that the EV
smart charging can improve the hosting capacity for EVs significantly and for PV slightly. While the
PV curtailment can improve the hosting capacity for PV significantly, it cannot improve the hosting
capacity for EVs at all. From the graphical analysis, it can be concluded that there is a slight positive
correlation between PV and EV hosting capacity in the case of residential areas.

© 2021 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

The power and transport sectors have been two of the major
reenhouse gas emitters since the industrial revolution era [1].
he transition towards cleaner and more sustainable technologies
n these sectors has been promoted globally in recent years [2].
enewable energy sources (RES) such as photovoltaic (PV) sys-
ems and electric transportation, including electric vehicles (EVs),
ntegrated in the built environment are considered two of the
eys to a sustainable future in the power and transport sectors [3,
]. As a result, the adoption of both PV systems and EVs has
ncreased significantly in recent years [2,5].

However, large-scale integration of PV systems and EVs poses
echnical challenges for the local power grids. Large-scale ad-
ition of PV systems can lead to large surplus generation and
vervoltage problems [6]. On the other hand, the addition of
arge-scale EV charging can lead to high loads and undervoltage
roblems [7]. Furthermore, both surplus generation and increased
oads can lead to component overloading and an increase in
ystem losses [8,9]. A power grid has a specific hosting capacity
or each type of added new generation such as PV systems, and
or loads such as EVs, below which the mentioned problems can
e avoided. By definition, the hosting capacity is the maximum
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E-mail address: reza.fachrizal@angstrom.uu.se (R. Fachrizal).
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352-4677/© 2021 The Author(s). Published by Elsevier Ltd. This is an open access a
amount of new generation or load that can be connected without
endangering the reliability or quality for other customers [10].
There are several performance indices that can be used to de-
fine the hosting capacity, such as voltage deviations, component
overloading, losses and harmonics. In recent studies, voltage de-
viations and component loading have been the most common
performance indices for evaluating the hosting capacity [11].

An increased synergy between local generation and load is
able to reduce the net load on the grid, and thereby increase the
hosting capacity. In the case of residential buildings, deploying
battery energy storage systems (BESS) has the potential to im-
prove the synergy between PV generation and EV charging [12].
However, it can be very costly and not economically feasible [13].
Deploying energy management systems (EMS) is another option
to improve the synergy between generation and load [14].

Supply side management (SSM) has been the most common
EMS used in the electric power grid, since commonly the majority
of electricity delivered to the customers comes from centralized
generation plants. In that case, the generation is operated to
follow the load patterns. However, such SSM is impractical for
PV systems without battery storage since they are not fully dis-
patchable power sources. They cannot adjust their power output
to follow the load at all times due to the variable nature of the
solar irradiance. However, the generation from PV systems can
still be dispatched downward, i.e., curtailed, when there is surplus
generation. Thus, PV curtailment using a smart inverter is still
useful to increase the power grid hosting capacity for PV [15,16].
rticle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Nomenclature

Abbreviations

BESS Battery Energy Storage Systems
DSM Demand side management
DSO Distribution System Operator
EMS Energy management systems
EV Electric vehicle
GHI Global horizontal irradiance
LV Low voltage
PV Photovoltaics
RES Renewable energy sources
SSM Supply side management
V2G Vehicle-to-grid

Variables

ηEV EV specific consumption factor
(kWh/km)

ηPV PV system efficiency factor times array
area (m2)

ηx EV charging efficiency
µtpark Mean net-load during the parking pe-

riod (W)
D Daily EV driving distance (km)
EEV Daily EV charging demand (kWh)
It Solar irradiance at time t (W/m2)
LEV Annual EV charging demand (kWh)
LH Annual household electricity consump-

tion (kWh)
lt Household load at time t (W)
PPV Annual PV electricity production (kWh)
REV Annual EV charging demand per annual

existing household electricity consump-
tion (%)

RPV Annual PV generation per annual exist-
ing household electricity consumption
(%)

str,max Maximum allowed PV power transfer
from a household to the grid

st Solar PV generation at time t (W)
SoCarr State of charge on arrival (kWh)
SoCtarget Targeted state of charge (kWh)
tarr Arrival time (h)
tdep Departure time (h)
xmax Maximum EV charging rate (W)
xt EV charging load at time t (W)

With the increased share of intermittent decentralized RES
uch as local PV plants, demand side management (DSM) is be-
oming more common [17,18]. In this case, the load is operated to
ollow the generation patterns. In the case of EVs in a residential
istribution grid, the EV charging will have the greatest impact
n the grid when the peak charging demand coincides with the
eak household demand which usually happens between 6 and
pm [19]. Thus, a DSM scenario for EVs, a so-called EV smart

harging scheme, which shifts the EV charging load in time to the
on-peak load periods will be beneficial for avoiding overloading
roblems [20]. Furthermore, several studies have shown that EV
mart charging schemes can improve the synergy between PV
eneration and EV charging load [21]. A smart charging scheme
2

for a residential area with a financial objective was proposed
in [22]. It was shown that such a smart charging scheme can re-
duce the peak loads. In [23], a smart charging scheme to minimize
the net-load variability at residential buildings with PV systems
was proposed. In that paper, it was shown that reduced net-load
variability led to both an increase in PV self-consumption and a
peak load reduction. Reduced peak loads will likely lead to higher
EV hosting capacity and improved PV self-consumption will likely
lead to higher PV hosting capacity.

1.1. Related works and motivation

PV and EV integration in the distribution grid has been a
major topic within the research on energy systems in the built
environment in recent years. Considerable amounts of research
on the grid impacts of both PV and EV penetration in the distri-
bution grid have been carried out. For example, the impacts of
residential PV penetration in distribution grids was studied and
presented in [24,25]. The impacts of a large share of EV loads
in residential distribution grids were investigated in [26–28].
Most of the studies presented the grid impacts from individual
technologies, i.e., from PV only or from EV only. There were
more limited numbers of existing papers presenting the grid
impacts by both PV and EV together. For example, combined PV–
EV grid integration studies were conducted with case studies of
a Swedish distribution grid in [29] and a Italian distribution grid
in [30].

Studies explicitly focusing on determining the grid hosting
capacity are comparatively more recent and are currently gaining
a high interest from both researchers and practitioners in the field
of power systems engineering. Considerable amounts of research
related to grid hosting capacity for PV and EV have been carried
out in recent years. For example, in [31,32], PV hosting capacity
assessments of Swedish distribution grids were investigated with
the voltage deviation level as the performance index. In [33,34],
different PV hosting capacity assessment methodologies were
proposed and discussed. The enhancement of PV hosting capacity
using EMS schemes was simulated in [24,35].

A few review papers have summarized the existing research
in the area. For example, the state of the art within hosting
capacity assessments for distributed generation, from historical
development to enhancement strategies, was reviewed in [16].
The strategies to improve the PV hosting capacity were recently
reviewed in [15]. In [11], the PV hosting capacity quantification
was reviewed comprehensively and it was concluded that volt-
age deviations and component loading are the most common
performance indices.

The concept of hosting capacity is not as commonly used for
EV integration as it is for PV. EV hosting capacity was investigated
in [32] for a case study in a Swedish grid, in [36] for a case study
in a Macedonian grid, and in [37] for a case study using IEEE 33-
node network. These three papers used voltage deviation level
as the performance index. In [32], a hosting capacity assessment
method for new large power-consuming equipment was intro-
duced, with EV charging load as one of the case studies. In [36], a
sensitivity analysis of the hosting capacity of a LV urban grid for
single-phase EV chargers was presented. In [37], an analytical-
based probabilistic approach to estimate the hosting capacity in
a distribution for EV was proposed.

It is important to note that studies of hosting capacity and grid
impact can utilize either a time-series approach, as in [31,38], or
a probability distribution approach, as in [32,36]. Detailed time
series for both consumption and generation can be obtained from
historical data or from stochastic models. Historical time series
are close to reality, but these data are often difficult to get access
to and have low flexibility to introduce a new technology or
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scheme. Methods for generating stochastic time series are able
to introduce new scenarios but may require complex modeling
efforts. The probability distribution approach is the simplest one,
but the accuracy of this method should be further evaluated [32].

Generally, combined hosting capacity assessments for two dif-
erent technologies are comparatively scarce. A combined hosting
apacity assessment for PV and wind power, i.e., two different
eneration technologies, has been conducted in [39]. In [32], both
V and EV hosting capacity assessments were conducted indi-
idually for the same distribution grid; however, the impact of
ne technology on the other’s hosting capacity was not included.
either was an assessment of the possible hosting capacity en-
ancements with EMS strategies such as smart charging schemes
nd curtailment methods included in the mentioned study.

.2. Aims and structure of the paper

Following the research gaps discussed in Section 1.1, this pa-
er aims to complement previous research by assessing the grid
mpacts and hosting capacity of combined PV–EV integration with
ifferent combinations of two EMS strategies; smart charging of
Vs and PV curtailment. Four scenarios with respect to the use
f EMS are simulated in this paper: (1) without EMS, (2) with
V smart charging only, (3) with PV curtailment only, and (4)
ith both EV smart charging and PV curtailment. The EV smart
harging scheme developed in [23] is used, in which the objec-
ive is to minimize the net-load variability. As a limitation, no
ehicle-to-grid (V2G) scheme is included in the charging scheme.
t has been shown that the proposed smart charging scheme
an increase the PV self-consumption and reduce the peak load.
owever, the scheme has not been tested for grid integration and
osting capacity assessments. In the case of PV curtailment, when
he PV hosting capacity without curtailment has been estimated,
he optimal curtailment strategy will be later defined. This is in
rder to make the voltage still within the tolerable limit without
urtailing a large share of the electricity. The following topics are
nvestigated in this study:

1. The impact of the integration of PV and EVs in a distribu-
tion grid, with various annual PV and EV shares, and with
the four EMS scenarios (1)-(4) defined above.

2. The grid hosting capacity for PV and EVs with the four EMS
deployment scenarios, assessed by considering undervolt-
age and overvoltage occurrences.

3. The trade-offs between voltage rise and PV electricity uti-
lization with respect to PV curtailment.

The combined hosting capacity for PV and EVs is presented
ith a novel graphical analysis approach. This enables assess-
ent of the combined PV–EV hosting capacity within the same

ramework, which has not been done in previous studies.
This paper is organized as follows: Section 2 presents the

ethodology, including case studies, EV smart charging and cur-
ailment algorithms, simulation scenarios and hosting capacity
easures. Section 3 presents the results for the grid impact
tudies, the combined PV–EV hosting capacity assessments and
he optimal curtailment analysis. In Section 4, highlights of the
esults are discussed, and the main conclusions are presented.

. Methodology

.1. Data and case studies

For this study, the authors have chosen to utilize detailed
tochastic time series for both generation and consumption, in-
tead of probability distributions or historical time series. The
ain advantage of using stochastic time series is that it allows

ntroducing several different scenarios. Stochastic household load,
V generation, and EV charging demand, are explained below,
ollowed by the LV grid information.
 t

3

2.1.1. Household electric load
The Widén Markov-chain stochastic model was used for gen-

erating synthetic household electricity use profiles. The model
was developed in [40], and was trained on Swedish occupant ac-
tivity patterns and validated against Swedish electricity use data.
The model was set to generate electricity profiles without electric
heating for a detached house with two inhabitants per household,
The number of inhabitants is based on the mean value of the
number of inhabitants in Swedish single-family buildings [41].
The household load in this study was assumed to have a constant
power factor of 0.95.

2.1.2. PV power generation
PV power generation was modeled based on solar irradiance

time-series data for 2018 from Stockholm, Sweden, with latitude
59.3◦ N and longitude 18.0◦ E, recorded by the Swedish Meteoro-
ogical and Hydrological Institute (SMHI) [42]. The PV generation
as modeled as

st = ηPV × It , (1)

where st is solar PV generation (W) at time t , ηPV is the PV system
efficiency factor times array area (m2), and It is the incident
solar radiation (W/m2) at time t . The PV power generation was
assumed to have a constant power factor of 1. GHI data are used
as the incident solar radiation profile for simplicity reasons, as
the exact generation profile is not crucial. The PV systems were
scaled relative to the total annual household electricity demand,
based on the ratio of the total annual PV generation to the annual
household electricity demand RPV , which can be defined as

RPV =
PPV
LH

, (2)

where PPV is the annual PV electricity production and LH is annual
household electricity consumption. Thus, the PV system efficiency
factor times array area ηPV was calculated so that the annual PV
electricity production PPV satisfied the given RPV ratios, which is a
parameter that is used to define the PV hosting capacity. A list of
RPV ratios used is included in Section 2.4. The PV system efficiency
factor times array area ηPV can be defined as

ηPV =
LH × RPV

(
∑tend

t=1 It∆t)
. (3)

2.1.3. Mobility patterns and charging demand
The charging demand was modeled based on Swedish mobility

data for 2006, obtained from the Swedish travel survey [43]. The
times of arrival and departure, the origin and the destination
locations of the trips, and the distance traveled were available in
the survey data. Home–work–home mobility patterns were used
to define the times of arrival and departure and the charging de-
mands in weekdays, while home–other–home mobility patterns
were used for weekends. More information about trips that were
considered ending at the categories work and other can be found
in [44]. From this survey data, a Monte Carlo method was used to
generate user mobility patterns, which were then used as inputs
for the simulations. Fig. 1 shows the histogram of the time of
home-arrival and home-departure and the fraction of vehicles
parked at home in this study, respectively.

The daily charging demands EEV were calculated as

EEV = ηEV × D, (4)

where ηEV is the specific consumption of EVs (kWh/km) and D
is the daily driving distance (km). ηEV was set to 0.16 kWh/km,
hile D was calculated by doubling a randomly sampled distance

rom the travel survey data. This distance represents the round-
rips from and to home, with an assumption that each EV travels



R. Fachrizal, U.H. Ramadhani, J. Munkhammar et al. Sustainable Energy, Grids and Networks 26 (2021) 100445

w
a

h

2

i
E
s
d
c
f
B
s
a
f
i
t

Fig. 1. Statistics of user mobility from [43]: (a) histogram showing time of arrival at home and departure from home, (b) mean daily fraction of vehicles parked at
home.
I
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in two equally long trips a day, such as from home to office to
home again. The maximum usable energy in the EV battery was
set to 30 kWh. This was assuming that the EV battery capacity
was sufficient to be used for trips within a city. The maximum
charging power was set to 3.7 kW which was based on the
power of typical home charger [36]. The charging efficiency was
set to 90%, which conforms to the average of Level 2 charging
efficiency [45]. It was assumed that the charging efficiency was
constant regardless of the charging power. The EV charger was
assumed to have a constant power factor of 1. With these mo-
bility and charging demand models, if each household hosts one
EV, the annual charging demand will be equivalent to 50% of the
household load. The ratio of the annual charging demand to the
annual household electricity use REV , which is a parameter that
as used to define the EV hosting capacity in this study, is defined
s

REV =
LEV
LH

, (5)

where LEV is the annual charging demand and LH is the annual
ousehold electricity use.

.1.4. LV distribution grid
The power flow computation and hosting capacity assessment

n the simulated case studies was performed using the IEEE
uropean LV Test Feeder [46]. The grid is operated in a radial
tructure and has 55 household loads in total. The LV network
istribution area is approximately 0.023 km2, while the total
onnection length of the network excluding individual connection
rom the main grid to each customer is approximately 600 m.
ased on several quantitative indicators of electricity distribution
ystems in Europe [47], the studied network can be classified
s a small LV network in a highly dense neighborhood, typically
ound in major cities. The number of LV customers per unit area
n the network is approximately 2700 consumers/km2, compared
o median and mean values of 400 and 50 consumers/km2 re-
spectively. It has an LV circuit length per LV consumer of 0.01
km/consumer, compared to median and mean values of 0.025
and 0.03 km/consumer. The circuit length per unit area of the
network is approximately 27 km/km2, compared to median and
mean values of 5 and 1 km/km2 respectively.

Even though the grid has three-phase connections, each cus-
tomer only has a single-phase connection. Thus, the grid is by
default unbalanced. The grid is supplied by a 800 kVA 11 kV/0.416
kV transformer. The grid topology is shown in Fig. 2. The voltage
in the substation was by default set to 1.04 pu all the time.
The power flow was simulated in OpenDSS using a fixed-point
iterative method known as normal mode in OpenDSS.
4

2.2. EV charging schemes

2.2.1. Uncontrolled charging
In the uncontrolled charging scheme, the charging always

starts upon the arrival of the EV at home, with the rated charging
power (3.7 kW). Since the charging scheme is uncontrolled, it
does not consider the household load and PV generation. The
charging is stopped when the EV battery state of charge (SoC)
meets the targeted SoC, which in this case corresponds to the
battery being fully charged with 30 kWh. If the EV should depart
from home when it has not met the targeted SoC, the charging is
stopped at the departure time. From this scheme, a time-series of
uncontrolled EV charging loads over a full year is generated.

2.2.2. Distributed smart charging
The smart charging scheme used in this study was based on

a distributed smart charging scheme presented in [23]. In this
smart charging scheme, the charging does not always start upon
the arrival of an EV at home nor always with the rated charging
power. The charging can be delayed and the charging rate can be
adjusted considering the EV charging demand and the forecast
of household load and PV generation within the parking peri-
ods. Since the simulations in this study used a perfect forecast,
results from the smart charging scheme would be a best-case
approximation. It should be noted that the charging scheme is
distributed and not centralized. Thus, the smart charging scheme
only considers the local or single household parameters, not the
neighborhood or grid parameters. From these inputs, the charging
scheme will minimize the net-load variability of a single house-
hold with the constraints of targeted SoC and maximum charging
rate. Minimizing the net-load variability implies reducing both
peak loads and excess generation, in other words, making the
net-load flatter. The net-load variability is represented with a
population variance equation. However, the denominator part is
not included as it is constant and will not affect the optimiza-
tion results. The optimization formulation of the smart charging
scheme can be written as

min
x

tdep∑
t=tarr

(xt + lt − st − µtpark)2, (6)

s.t. ηx

tdep∑
t=tarr

xt · ∆t = SoCtarget − SoCarr ,

0 ≤ xt ≤ xmax.

(7)

n the objective function (Eq. (6)), tarr and tdep are the arrival and
eparture times of the car, respectively, xt is the charging power
ate at time t , lt is the household load at time t , st is the solar
ower production at time t , µ is the mean net-load during the
tpark
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parking period including the EV charging load. In the constraint
(Eq. (7)), ηx is the charging efficiency, ∆t is the time step, which in
his case is 15 min, SoCtarget is the state of charge (kWh) targeted
n the battery, SoCarr is the state of charge (kWh) in the battery on
rrival and xmax is the maximum charging power rate. The mean
et-load during the parking period µtpark is defined as

µtpark =
(
∑tdep

t=tarr (lt − st ) · ∆t) + SoCtarget − SoCarr

tdep − tarr
. (8)

It should be noted that the charging scheduling for the scheduled
parking period is conducted only at the time of arrival tarr . The
ptimization output is a vector containing xtarr , xtarr+1 , . . . , xtdep−1 ,
tdep which is the time-series of the smart EV charging load.

.3. PV curtailment

The power curtailment method was based on the PV power
eneration and load at each customer. The full curtailment was
sed as the benchmark, which represented the best-case scenario
f maximum voltage at the customer and PV hosting capacity.
n the full curtailment, no excess PV electricity transfer from the
ousehold to the grid was allowed. The generated PV power after
ull curtailment scurt,t can be defined as

scurt,t = min(st , lt + xt ). (9)

Simulation results from the scenario with full curtailment
ere compared to the results from other scenarios, i.e., without
MS and with smart charging. After the PV hosting capacity in the
cenario without curtailment was obtained, partial curtailment
as introduced to find out the trade-offs between voltage rise
nd PV electricity utilization. In the case of partial curtailment,
xcess PV electricity transfer from the household to the grid was
llowed but limited. The limitation was based on the maximum
ransferred power that did not violate the maximum voltage
imit. When the PV power excess was not higher than the power
ransfer limit, no power was curtailed. The curtailment started if
he excess PV power exceeded the power transfer limit. The gen-
rated PV power after optimal curtailment sopt,t can be defined
s

sopt,t = lt + xt + min(st − (lt + xt ), str,max), (10)

where str,max is the maximum allowed PV power transfer from
a household to the grid. This value was obtained after the PV
hosting capacity was estimated.

2.4. Simulation scenarios

In this section, the simulation scenarios and algorithms used
in this study are described. Full-year time-series simulations with
different PV–EV shares and EMS strategies were conducted.

2.4.1. PV and EV shares
Several PV and EV share scenarios were simulated. The PV and

EV shares were quantified with the ratio of PV annual electricity
and EV annual charging demand to the existing annual household
electricity consumption, RPV and REV , which were defined earlier
in Eqs. (2) and (5). The annual existing electricity consumption
was 228 MWh. This yields 11.4 kWh per household per day
on average. Both RPV and REV simulated in this study were 0%,
25%, 50%, 75% and 100%. Thus, there were 25 combined PV–
EV scenarios. Evenly distributed PV and EVs were assumed in
the network in order not to underestimate nor overestimate the
hosting capacity.

Given the heterogeneous distribution of social groups in a

geographical area and the nature of the diffusion process, the

5

Fig. 2. IEEE European LV test case used in this study. White-starred customers
are customers which have one EV in 25% EV share scenario while the others
have none, and have two EVs in 75% EV share scenario while the others have
one.

adoption dynamics of PV and EVs can result in complex pat-
terns [48,49]. Previous research found that the adoption was
heterogeneously distributed at higher voltage levels [50]. Differ-
ent PV and EVs allocation schemes will have different impacts on
the grid. In a large grid, there can be a phenomenon of concen-
trated pockets, where integration of PV and EVs are concentrated
among customers at a certain spot [51]. Based on the previous
study [50], the factors which are considered significant in PV and
EV adoption were peer effects, income, household age, and house-
hold composition. In this study, however, household income, age,
and composition were not varied between customers. In terms of
peer effects, concentrated pockets due to peer effects were found
under 1 mile (1.6 km) in [52], and within 100 meters in [50].
Hence, as the total grid area in this study is smaller than 150
m × 150 m and, thus, the largest spatial separation between
two buildings is only around 150 m, the peer effects might be
less relevant. Based on these considerations, evenly distributed
PV and EVs were assumed in the grid. The possible impacts of
this assumption are discussed further in the discussion part in
Section 4.

While an even distribution for PV was straightforwardly ob-
tained due to the scalability of PV systems, an even distribution
for EVs was not as easy to achieve since two customers could
not divide one EV load equally in the case of low EV penetration.
As mentioned earlier in Section 2.1, one EV annual charging
demand equals 50% of the annual electricity consumption of one
household. Thus, one EV load per two households yields 25% EV
share penetration in the grid. Three EV loads per two household
yields 75% EV share penetration in the grid. Fig. 2 shows the
studied grid and the EV allocations to make the EV distribution
as even as possible.

2.4.2. Energy management systems
Four scenarios with respect to the use of two different EMS,

i.e., smart charging of EVs and PV curtailment, were simulated
in this paper. The four scenarios are: (1) without EMS, (2) with
EV smart charging only which was described in Section 2.2.2, (3)
with PV curtailment only which was described in Section 2.3, and
(4) with both EV smart charging and PV curtailment. All combined
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PV–EV shares were applied to the scenario without EMS. The sce-
nario with 0% EV cannot be applied to the scenario with EV smart
charging since there were no EVs to be charged. The scenario with
0% PV cannot be applied to the scenario with PV curtailment since
there was no PV power to be curtailed. Likewise, the scenario
with both 0% PV and 0% EV cannot be applied to the scenario
with both EV smart charging and PV curtailment. In total, there
were 81 simulation scenarios combining PV–EV shares and EMS
scenarios.

2.4.3. Simulation algorithms
Flowcharts of the simulation in the four different EMS scenar-

os are shown in Fig. 3. As can be seen in Fig. 3(a) and (c), mobility
rofiles and vehicle-specific consumption were the inputs for the
V uncontrolled charging model which generates EV uncontrolled
harging profiles, while for the smart charging model, two ad-
itional inputs, i.e., household electric load and PV generation
rofiles, were needed to generate smart charging load profiles,
s shown in Fig. 3(b) and (d). The PV curtailment took into
ccount three inputs, i.e., household load, EV charging load and PV
eneration profiles, as shown in Fig. 3(c) and (d). That implies that
he curtailment process was conducted in real-time after final
V charging load was defined, whereas EV smart charging was
lanned hours ahead and considered the PV generation forecast
efore curtailment. The final household load, EV charging, and PV
eneration profiles were then used as the inputs for the load flow
alculation to generate power system profiles such as voltages
nd system losses.

.5. Hosting capacity quantification

Voltage violation is considered the main problem for high
enetration of distributed generation or load [16]. Thus, the volt-
ge deviation level was chosen as hosting capacity performance
ndex in this study, being one of the most common measures, and
sually the most relevant one, for defining the grid hosting capac-
ty [11]. According to the European standard [53], rms voltages
n a LV distribution system must be within the range of 0.90 –
.10 pu during 95% of the time, on a weekly basis. Voltage levels
utside this range are considered voltage violations.
Three allowed voltage deviation levels were used in this study.

he first one was 10% allowed voltage deviation which means
hat the voltage at the customer level must be within 0.90–1.10
u. This range conforms to the commonly used standard [53].
he second one was 9% allowed voltage deviation which means
hat the voltage at the customer level must be within 0.91–
.09 pu, representing a somewhat safer voltage range. The third
ne was 10% allowed voltage deviation but with the lowest and
ighest 0.01% of voltage population excluded; in other words,
nly the range between the 0.01th and 99.99th percentiles of
he voltage population was included. The interpretation of this
ast case should be that the grid tolerates very rare occurrences
f overvoltage and undervoltage, but still conforms to the stan-
ard [53].
It is important to note that the probability distribution of the

esulting voltage in this study represents the probability distribu-
ion of all time-series and not the probability distribution of the
orst-case voltage magnitude that has sometimes been used in
ther studies, e.g., in [32].
To evaluate whether the performance limit has been reached

r not, the number of PV systems and EVs should be increased
tep by step. The resolution of the increment, however, can
ary greatly between studies. In this study, as described in Sec-
ion 2.4.1, the resolution is 25%. The maximum and minimum
oltages between selected PV and EV shares were estimated with
linear regression fitting method. To evaluate the combined EV
nd PV hosting capacity, a graphical-based method is proposed.
6

3. Results

As mentioned earlier, high net loads and surplus generation
lead to systems losses and voltage violations. The voltage vio-
lations define the hosting capacity of the grid. In this section,
load profiles, system losses and voltage profiles obtained from the
simulations with several PV and EV shares are presented. Then
the grid hosting capacity and the optimal levels of curtailment are
estimated. As described in Section 2.4.1, the PV and EV shares in
this study are based on the ratios of annual PV generation and EV
charging demand to the total annual existing household load. It
should be noted that the present analysis is based on a small LV
network in a highly dense neighborhood typically found in major
cities as described in Section 2.1.4 [47].

3.1. Load profiles

Fig. 4 shows the net-load profiles in different EMS scenarios
with 50% PV and 50% EV shares. In the daily net-load profiles
shown in Fig. 4(a), it can be seen that the daily peak loads
increased significantly when EVs were introduced in the house-
holds. However, with the smart charging, the peak loads were
significantly lower than with the uncontrolled charging scheme.

In the scenarios without EMS and with EV smart charging only,
there were negative net loads, indicating surplus PV generation.
The surplus generation in the scenario with smart charging was
slightly lower than the one without EMS. This surplus could be
handled by the PV curtailment strategy. As can be seen, the
scenarios that included PV curtailment did not have the negative
net-loads. The annual peak load and generation values can be
obtained by observing the full-year net-load duration curves,
which are shown in Fig. 4(b). It can be seen that when both
EV smart charging and PV curtailment were deployed, both peak
loads and peak surplus generation were reduced.

3.2. System losses

Fig. 5 shows the annual electrical losses in different combined
PV–EV shares and EMS strategies. As it is already known that
the electrical losses are proportional to the square of the current
flowing in the line [54], both higher net load and higher net
generation lead to higher electrical losses. Thus, the scenarios
with the net load close to zero had less electrical losses and
indicate a more favorable balance between the local generation
and load.

By observing Fig. 5(a)–(d), it can be concluded that the higher
the EV share, the higher the electrical losses, since the overall
electricity consumption was higher. By comparing Fig. 5(a) and
(b), it can be seen that the EV smart charging scheme reduced
losses due to lower peak loads. In the scenarios without PV
curtailment shown in Fig. 5(a) and (b), the curves of annual losses
are convex-shaped with respect to the PV shares. This implies
that the losses decreased when a low PV capacity was initially
integrated in the grid, but that the losses started to increase when
the PV share reached higher levels. It can also be seen that when
the EV share was higher, the optimum PV share in terms of losses
was shifted to higher values. For example, the optimum PV share
was around 25% for the scenario without EV loads, while the
optimum PV share was between 50% and 75% for the scenario
with 100% EV load additions.

When PV curtailment was included, the higher the installed
PV share, the lower the electrical losses. This is because in the
case of peak PV production, the net-load did not reach below
zero since the production was curtailed. However, it should be
noted that generally the curtailed electricity is actually energy
losses and it can be much higher than the electrical losses. In
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Fig. 3. Simulation algorithms for scenario (a) without EMS, (b) with EV smart charging only, (c) with PV curtailment only, (d) with both EV smart charging and PV
curtailment.

Fig. 4. Net-load profiles with 50% PV and 50% EV shares in different EMS strategies compared to the one without PV and EV penetration: (a) daily net-load profiles
in selected spring days, (b) net-load duration curves. Positive values indicate net-load and negative values indicate net-generation.

7
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Fig. 5. Annual electrical system losses in different PV and EV integration scenarios: (a) without EMS, (b) EV smart charging only, (c) PV curtailment only, (d) EV
smart charging + PV curtailment.
case the customers do not have a battery energy storage systems
and do not get any compensation from transferring excess PV
power to the grid, they will not be negatively affected by the full
curtailment and the DSO (Distribution System Operator) will have
fewer voltage rise problems. When the customers are allowed to
transfer the excess PV power and get compensation from that,
the full curtailment will be a wasteful option if the voltage at
the customers is still far from the upper prescribed limit. In
that case, an optimal level of curtailment should be identified.
The voltage profiles from different scenarios in relation to the
optimal curtailment are discussed in more detail in Section 3.3
and Section 3.5 respectively.

3.3. Voltage profiles

Before proceeding to the results from the combined PV–EV
ntegration assessment, the integration of PV only and EVs only
as simulated to see the individual impacts of PV and EVs as well
s of the relevant EMS strategies, i.e., PV curtailment for PV and
mart charging for EVs. It should be noted in the test grid used
s case study, the voltage in the substation was by default kept
t 1.04 p.u. all the time.
The voltage medians and ranges with PV addition only and

V addition only are presented in Fig. 6(a) and (b), respectively.
t can be seen that the PV curtailment gave lower maximum
oltages when the installed PV share was increased. However,
he median values were approximately the same regardless of the
urtailment. As for EV impacts on the voltage profiles, it can be
een that compared to the voltages in the uncontrolled charging
cheme, both minimum and maximum voltages in the smart
harging scheme were further from the prescribed voltage limits.
owever, the smart charging scheme had a more significant
8

impact on keeping the minimum voltage above the lower limit
than on keeping the maximum voltage below the upper limit.

In Fig. 7, violin plots show the probability distributions of
the customer voltage in the different EMS scenarios and with
different combinations of PV–EV shares. Each row corresponds to
a specific PV share and each column corresponds to a specific EV
share. From the figures, it can be seen that PV curtailment re-
duced the voltage rise problems and EV smart charging schemes
reduced the voltage drop problems.

It can also be seen that the minimum voltages in the scenarios
with only PV curtailment were similar to the ones in the scenarios
without EMS, which is the worst scenario in terms of voltage
range. On the other hand, the maximum voltages in the scenarios
with only EV smart charging were similar to the ones in the
scenarios without EMS. However, there were some exceptions in
the scenarios with 25% PV share, especially when the EV share
is higher. In those cases the maximum voltages were lower. This
indicates that the EV smart charging was able to also reduce the
voltage rise due to PV power production, but only if the installed
PV share was low. In higher PV share scenarios, the voltage rise
problems could not be solved by the smart charging alone with
driving patterns unchanged, which was an assumption in this
study. The driving patterns are limiting in this sense due to the
low fraction of vehicles present at residential buildings during
peak solar power production, which can be excessively high for
high PV shares.

In an unbalanced three-phase distribution system, higher load
in one phase leads to a voltage drop in that phase but induces
voltage rise in the other two phases. Similarly, higher generation
in one phase leads to a voltage rise in that phase but induces
voltage drop in the other two phases [32]. In the case of EV
charging, the magnitude of the load for uncontrolled charging
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Fig. 6. Median, minimum, maximum voltages in (a) different PV share scenarios without EVs and (b) different EV share scenarios without PV.
Fig. 7. Voltage probability distributions in different EMS scenarios and with combined PV–EV shares.
was generally higher than for smart charging, and lowering it
thus has an impact both on the voltage rise and the voltage drop.
This is why the maximum voltages in the scenarios with both EV
smart charging and PV curtailment are lower than the ones with
PV curtailment only. In the case of PV generation in this study,
the effect is less visible since PV systems were evenly distributed
among customers and there is high generation coincidence in
different phases. Thus, when the generated PV power was high
at one of the customers with a certain phase, it was also high
at other nearby customers connected to the other two phases.
This is why, in the scenarios with both EV smart charging and PV
curtailment, the minimum voltages are similar to the ones with
smart charging only. In these scenarios voltage drops are mainly

affected by the EV smart charging scheme.

9

From Fig. 7 it can be seen that, in the scenarios with 100%
PV share, there were times when the voltage at customers ex-
ceeded the upper tolerable limit (overvoltages) if no EMS or
only the smart charging scheme was deployed. In the 100% EV
share scenarios, there were times when the voltage exceeded the
lower tolerable limit (undervoltages) if no EMS or only the PV
curtailment strategy was deployed. These results were used as
the basis to estimate the combined hosting capacity, which is
presented and discussed in more detail in Section 3.4.

3.4. Graphical analysis of combined PV–EV hosting capacity

In this section, the grid hosting capacity for combined PV–
EV integration was estimated from the voltage profiles. In order

to estimate the hosting capacity, the minimum and maximum
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voltages should be obtained or at least estimated. In this study,
the minimum and maximum voltages as functions of PV and EV
shares were estimated using linear regression models. Fig. 8(a)
and (b) show the maximum and minimum voltages from the sim-
ulated PV and EV shares and their linear estimations in scenarios
without EMS and with EV smart charging only. From Fig. 8, it can
be seen that the linear estimations are close enough with the val-
ues from full power flow simulations, especially the ones near the
prescribed voltage limits. By observing Fig. 8, it can be estimated
that the hosting capacity for EVs in the scenario without EMS was
between 80% and 100%, while with smart charging the grid could
host more than 100% EVs. Both scenarios without and with smart
charging had similar estimated PV hosting capacity, the one for
the smart charging scenario being slightly better.

With these linear models, the combined PV–EV hosting ca-
acity was estimated, with a resulting graphical analysis shown
n Fig. 9. Fig. 9(a) shows the combined hosting capacity estima-
ions with a 10% allowed voltage deviation, which means that
he grid could tolerate a voltage variation within 0.90–1.10 pu.
ig. 9(b) shows the combined hosting capacity estimations with
9% allowed voltage deviation (0.91–1.09 pu), which represents a
afer voltage range. Fig. 9(c) shows the combined hosting capacity
stimations with the 10% allowed voltage deviation (0.90–1.10
u), but with the lowest and highest 0.01% of the voltage popu-
ation excluded, or, in other words, only including the part of the
oltage population between the 0.01th and 99.99th percentiles.
his implies that the grid would tolerate a few very rare oc-
urrences of overvoltage and undervoltage. The exclusion of the
owest and highest 0.01% voltage can also be seen as a way not
o underestimate the hosting capacity, since the probability is low
or the lowest and highest 0.01% voltages to occur.

The filled areas are the tolerable PV–EV shares considering
he prescribed upper and lower voltage limits. Different colors
epresent different EMS strategies. Blue colors are for the scenario
ithout EMS (scenario 1), red colors are for the scenario with EV
mart charging only (scenario 2), green colors are for the scenario
ith PV curtailment only (scenario 3) and yellow colors are for
he scenario with both EV smart charging and PV curtailment
scenario 4). The venn diagram color legend and the guide on the
hown colors in the figure are included since there are intersec-
ions between different colors. The area of PV–EV shares which is
ot covered by a certain color, is beyond the hosting capacity of
he EMS strategy represented by that certain color.

It can be seen from Fig. 9(a)–(c) that the areas for scenario 1
ithout EMS are also covered by all other scenarios (scenarios
–4). All areas in scenarios 1–3 are also covered by scenario 4,
hile part of the area for scenario 4 in the higher ranges of
V and EV shares is not covered by any other scenario. This
eans that the combined PV–EV hosting capacity was very high

n scenario 4 (both EV smart charging and PV curtailment). Com-
ared to scenario 1 without EMS, scenario 2 (EV smart charging
nly) increased the hosting capacity for EVs significantly (signifi-
antly larger coverage of the area horizontally) and for PV slightly
slightly larger coverage of the area vertically). Scenario 3 (PV
urtailment only) increased the PV hosting capacity significantly
significantly larger coverage of the area vertically) but did not
ncrease the EV hosting capacity (no change of coverage of the
rea horizontally).
In scenario 1, it can be seen that when all the voltage popu-

ation was included, the increased share of PV did not increase
V hosting capacity and vice versa, as shown in Fig. 9(a) and (b)
here the edges of area (1) are vertically and horizontally flat.
owever, if the lowest and highest 0.01% of the voltages were
xcluded, as shown in Fig. 9(c), a correlation between the shares
f PV and EVs and the hosting capacity of the opposite technology

an be seen. That is, the edge of the area is shifted towards higher

10
Fig. 8. (a) Maximum and (b) minimum voltages from the simulated PV and EV
shares and fitted linear models.

PV share when the EV share is higher and vice versa. This implies
that the increased PV share improved the EV hosting capacity
and the increased EV share improved the PV hosting capacity.
It can also be seen in Fig. 9(c) that the exclusion made the EV
hosting capacity higher, exceeding 100%, while for PV there was
almost no difference. This means that the simulated minimum
voltages shown in Fig. 7 for 100% EV share were uncommon,
being entirely part of the excluded values, while the simulated
maximum voltages for the 100% PV share represented the ex-
pected conditions. This is because the irradiance data that the PV
profiles were based on were the same for all customers, which is a
reasonable assumption due to the high PV generation coincidence
at the neighborhood level (cf. [55]). Thus, when the PV power was
high at one of the customers, it was also high at other nearby
customers. For the EVs, however, it was unlikely that all the users
charged their EVs at the same time. The lowest voltage in the grid
therefore likely happened due to the coincidence of many EVs
charging at nearby customers far from the substation, which is
a rare occasion.

As mentioned earlier, EV smart charging can improve the EV
hosting capacity significantly. However, it should be noted that
the EV smart charging was simulated based on perfect forecasts
of PV production and load. Thus, the minimum voltage in scenario
2 with EV smart charging represented an identified upper limit
case for the minimum voltage. In the case of PV curtailment,
the full curtailment made the maximum voltage similar to the
scenario without the addition of PV, which resulted in very high
PV hosting capacity. The maximum voltage in scenario 3 with full
PV curtailment represented an identified lower limit case for the
maximum voltage. However, it should be noted that in this case
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Fig. 9. Graphical analysis of combined PV–EV grid hosting capacity with (a) 10% allowed voltage deviation, (b) 9% allowed voltage deviation, (c) 10% allowed voltage
eviation within 0.01th and 99.99th percentiles.
Fig. 10. Voltage distributions in different curtailment scenarios.

he PV hosting capacity is in terms of installed quantity, not the
mount of PV power flowing within the grid, since the hosting
apacity is improved by curtailing the excess power.

.5. Optimal curtailment and PV electricity utilization

When the customers are allowed to transfer some of the
xcess electricity to the grid, the maximum voltage will increase
ut the utilization of the PV systems will be higher. As long as the
oltage does not exceed the prescribed limit, full curtailment can
e avoided. The trade-offs between PV electricity utilization and
oltage rise are presented and discussed in this section.
Fig. 10 shows the voltage probability distribution with a 100%

V share in three different curtailment scenarios: without PV
urtailment (export of all the generated electricity is allowed
11
and not limited), with full PV curtailment (no electricity export
allowed), and with partial curtailment (electricity export allowed
but limited). As discussed in Section 2.3, Eqs. (9) and (10) were
used to generate the PV profiles for full and partial curtailment,
respectively. In the case of partial curtailment, the maximum
transferred PV power str,max in Eq. (10) was chosen from the sim-
ulation result on the maximum PV power transfer in the scenario
without curtailment with 75% PV share. This is motivated by the
fact that in that scenario there was no occurrence of overvoltage
yet, as shown in Figs. 6 and 7. In the scenario without curtailment,
there were overvoltage occurrences when 100% PV share was
simulated. By implementing the partial curtailment strategy, the
prescribed upper voltage limit was not violated when a 100% PV
share was simulated, as shown in Fig. 10.

Fig. 11 shows the PV electricity relative to the existing load
in different curtailment scenarios. In Fig. 11(a), system annual
consumed PV electricity per total load or so-called self-sufficiency
is shown. In Fig. 11(b) and (c), the exported and curtailed PV
electricity per total load are shown. The sum of consumed, ex-
ported and curtailed PV electricity is equal to the PV share, which
is shown on the x-axis of Fig. 11. The sum of consumed and
exported PV electricity can be considered as the utilized electric-
ity, while the curtailed PV electricity can be considered as the
wasted electricity. While the full curtailment excelled in terms
of maximum voltage, it was much poorer in terms of utilized
electricity.

In Fig. 11(a), it can be seen that the grid self-sufficiency in the
full curtailment scenario was lower than the ones in the no and
partial curtailment scenarios, which were identical. The lower
grid self-sufficiency is a drawback since the excess electricity
from a customer could actually be used by the other nearby cus-
tomers within the distribution grid. Thus, the partial curtailment
was beneficial in not decreasing the grid self-sufficiency.
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Fig. 11. Different PV electricity utilization relative to the existing load: (a) system annual consumed PV electricity per total load, i.e., self-sufficiency, (b) system
nnual exported PV electricity per total load, (c) system annual curtailed PV electricity per total load. Results from different curtailment strategies are shown in each
ubfigure.
In the scenario with full curtailment, there was no exported
xcess electricity as shown in Fig. 11(b). The exported excess
lectricity in the scenario with partial curtailment was slightly
ower than one in the scenario without full curtailment when the
nstalled PV share was higher than 75%. However, the difference
as very insignificant. In the full curtailment scenario, starting

rom 25% PV share, the curtailed electricity was linearly propor-
ional to the installed PV share as shown in Fig. 11(c). More than
0% of PV electricity was curtailed when the installed PV share
as around 80%. In the scenario with partial curtailment, there
as no curtailment except from the 75% to higher installed PV
hare. The curtailed electricity with 100% PV share in the partial
urtailment scenario was very small and much lower than the
ne with the full curtailment scenario. From these results, it can
e concluded that the PV electricity utilization could be close
o the scenario without PV curtailment, but in this case without
iolating the upper voltage limit.

. Discussion

With the proposed combined hosting capacity approach, the
osting capacity of both PV and EVs can be assessed together
ithin the same framework. With this approach, it is also possible
o analyze the impact of PV integration on the EV hosting capacity
nd vice versa. Furthermore, the framework can also illustrate
he combined PV–EV hosting capacity enhancement with various
pplied EMS strategies. The framework can be used by DSOs
r other relevant stakeholders to analyze the impact of grid
ntegration of one technology on another one, as well as the
mpact of various EMS deployments. This might be useful for
rid operation, grid reinforcement planning or asset management,
ince it illustrates how much new distributed generation and/or
oads can be integrated into the network, and which EMS scenario
ill be suitable, so that grid reinforcement can be avoided.
In the case study in this paper, results show that in the

cenario without EMS, there was a slightly positive correlation
etween the PV and EV shares and the opposite hosting capacity.
n that case, the addition of PV increased the EV hosting capac-
ty and the addition of EVs increased the PV hosting capacity.
owever, the increases were not significant due to low vehicle
vailability in the midday when the solar power peaked.
Results also show that with the simulated smart charging

cheme, the voltage drops due to EVs could be significantly re-
uced following reduced peak loads. The voltage rises could also
e slightly reduced following an improved PV–EV synergy by the
mart charging scheme, despite the low vehicle availability at
omes at midday when the PV power production peaked. This
12
led to a significantly improved EV hosting capacity and a slightly
improved PV hosting capacity when the smart charging was
deployed. However, it should be noted that the simulated smart
charging scheme in this study was based on perfect forecasts.
Less reliable forecasts are expected to reduce the smart charging
scheme’s effectiveness. To which extent is left for future studies
to investigate. It is also recommended for future studies to deploy
different smart charging objectives such as smart charging with
a financial objective, which can be more beneficial and practical
for the customers.

As discussed in Section 3, PV curtailment can improve the PV
hosting capacity in terms of installed capacity. However, PV cur-
tailment cannot improve PV utilization in terms of self-consumed
electricity.In the full curtailment scenario, when the installed PV
capacity is high, the majority of the PV electricity is curtailed.
This is indeed an economical disadvantage, since the idea of
installing a PV system on the building is commonly to utilize
the PV electricity within the building and reduce the electricity
purchase from the grid. When an optimal curtailment strategy
was deployed instead of full curtailment, a large share of the
curtailment can be avoided, without violating the upper volt-
age limit. However, it still does not improve the self-consumed
electricity; instead the excess electricity is fed into the grid, as
in the scenario without curtailment. If the users get a compen-
sation by feeding in electricity, the economical disadvantage of
having excess PV electricity can be minimized. If there is no
such compensation, the economical disadvantage can be reduced
only by improving the PV self-consumption. This can be achieved
with BESS and DSM [14]. Future studies on PV hosting capacity
involving BESS and DSM strategies other than EV smart charging
are recommended. Including the economic aspect is encouraged,
especially for studies involving BESS, due to their high cost. In that
case, the economical trade-offs between curtailment and BESS
investment should be analyzed.

As mentioned previously, the hosting capacity of a given net-
work depends on several conditions [16,32]. Details such as at
which location the PV or EVs will be integrated, whether the
connection is single-phase or three-phase, and to which phase the
PV or EVs are connected in case of a single-phase connection, are
all examples of conditions that affect the hosting capacity. Most
of the time these details are unknown. Thus, hosting capacity
assessments are usually subject to several uncertainties [32]. The
temporal uncertainty was covered in this study since full-year
stochastic simulations were conducted. However, in terms of PV–
EV allocation, this study relied on the simplification of having an
even PV–EV distribution among the customers.
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In reality, there are numerous possible and more or less likely
ombinations of PV and EV allocation. For example, as mentioned
reviously, PV–EV adoption might be concentrated to one spot
ue to peer effects or just random allocation, and this would
ndeed alter the hosting capacity shown in Fig. 9. The change
ould, theoretically, depend on the location of the concentrated
llocation. If the concentrated allocation of PV and EVs occurred
n a bus with a higher electrical distance from the substation,
he PV–EV tolerable areas in Fig. 9 are expected to be shifted to
he left and bottom, resulting in lower combined PV–EV hosting
apacity. In the future, probabilistic impact analysis within this
roposed framework, taking also the spatial uncertainty of the
llocation method into account, would be interesting.
In this paper, only home-charging is considered. This is mo-

ivated by the finding in a recent survey in [56], which states
hat more than 80% of EV users in Europe charge their EVs at
ome due to the lack of charging infrastructure in other locations
nd the fact that many EVs can be charged using a regular home
ocket. In another study in [57], it was shown that the EV charging
eak load occurred in the evening, indicating that most private EV
sers charge their EVs at home after they arrive from work. This
s reasonable since the longest inactive parking period usually
ccurs at home [58]. Given the current trend, the DSOs should
ay closer attention to the residential grid in terms of EV charging
emand increase. However, the trend might change and alter the
harging behaviors in the future. Based on that, further studies
hould also consider the potential changes of occupancy and
obility patterns in the future, for example possible behavioral
hanges due to the global pandemic in 2020, which might change
obility patterns and choice of transportation as well as future
V and EV adoption due to impacts on the global economy.
The validity of a PV–EV hosting capacity study will always

epend on how representative the data or the models compared
o the real conditions. Other conditions could be studied with the
se of stochastic models for mobility and EV charging, such as
he models in [44], with parameters updated to represent altered
onditions. With altered mobility patterns, it is expected that the
harging profile will change as well. This will lead to different
ower flow computation results for the hosting capacity perfor-
ance indices, such as voltage and component loading profiles.
urthermore, the impact of EVs to PV hosting capacity and vice
ersa, as well as the impact of the smart charging application on
oth hosting capacities are expected to change.
In this paper, the studied network is based on the IEEE Euro-

ean LV Test Feeder, which can be categorized as a distribution
etwork in a dense neighborhood. Thus, the results from this
aper might give insights on PV–EV hosting capacity in other
imilar networks with similar set-ups. However, regardless of the
imilarity of this network to other networks, it should be noted
hat a hosting capacity assessment in a specific network with
ertain assumptions, will only be valid for that specific network
ith those specific assumptions [16,32]. Therefore, in such host-

ng capacity assessment, DSOs should use the data from their
wn network in order to have a valid result for their distribution
ystem planning [32]. Regardless of the scenario or the network
tudied, as long as the required data are available, the proposed
ramework and approach could be used by DSOs or other stake-
olders to assess the combined PV–EV hosting capacity in their
etworks.
Even though this paper is focused on a specific case study, the

ame framework has a broader applicability and could be used for
ther types of combined hosting capacity assessments. In future
tudies, it would be interesting to assess the combined hosting
apacity for other technologies other than PV–EV within the same
ramework using this approach. This includes other generation–
oad technologies such as wind–EV or PV–heat pump, generation–
eneration technologies such as PV–wind, load–load technologies
13
such as EV–heat pump, and generation–load–storage technolo-
gies such as PV–EV-battery. It should be noted that the proposed
framework is most effective in assessing the hosting capacity of
two technologies of generation and/or load at the same time since
it is based on a two-dimensional figure. Having more than two
dimensions is a problem from a visualization perspective. How-
ever, the inclusion of energy storage will not need an additional
dimension, since its role is similar to DSM such as EV smart
charging. Different storage sizes will rather require using different
colors in the figure.

In addition to assessments for different technologies, future
grid studies and hosting capacity assessments for different parts
of the built environment, e.g., non-residential distribution grids,
or city-scale grids, are also recommended. In that case, the mo-
bility and occupancy patterns will not be limited to residential
buildings.

5. Conclusions

This paper presented a combined PV–EV integration and host-
ing capacity assessment in a residential distribution grid with EV
smart charging and PV curtailment. The hosting capacity assess-
ment was conducted with a novel framework that allows both PV
and EV hosting capacity to be assessed together within the same
framework. With this approach, the impact of PV penetration on
the EV hosting capacity and the impact of EV penetration on the
PV hosting capacity can be analyzed. In this study the framework
was used to analyze a case study for a residential distribution grid
with PV generation, household electricity use and EV charging
profile for Swedish conditions.

The results show that with the PV curtailment, the hosting
capacity for PV system increased, but it did not have an impact on
the EV hosting capacity. The results also show that with the EV
smart charging scheme, peak loads were significantly decreased
and surplus generation was also slightly decreased. This led to a
significantly higher EV hosting capacity, and a slightly higher PV
hosting capacity. The insignificant impacts from smart charging
on increasing PV hosting capacity was due to the low vehicle
availability at homes at midday when the PV power production
peaks. The combination of smart charging and PV curtailment
resulted in low peak loads and low surplus generation led to the
highest combined PV–EV hosting capacity among the simulated
scenarios. It is expected that improved synergy between PV and
EVs can make both PV and EV hosting capacity increase even
more. This can be achieved, for example, by deploying BESS or
changing the mobility behavior.

The proposed framework allows the DSO or other relevant
stakeholders to analyze the impact of grid integration of different
technologies with various EMS strategies, which might be useful
for grid operation or grid reinforcement planning. Although this
paper presents a specific case study for PV–EV hosting capac-
ity, the framework can be used for other combined technology
deployments. This includes generation–generation technologies,
e.g., PV–wind, or generation–load technologies, e.g., wind–EV and
PV–heat pump, or generation–load–storage technologies such as
PV–EV-battery.
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