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Abstract: The integration of photovoltaic (PV) and electric vehicle (EV) charging in residential
buildings has increased in recent years. At high latitudes, both pose new challenges to the residential
power systems due to the negative correlation between household load and PV power production
and the increase in household peak load by EV charging. EV smart charging schemes can be an option
to overcome these challenges. This paper presents a distributed and a centralized EV smart charging
scheme for residential buildings based on installed photovoltaic (PV) power output and household
electricity consumption. The proposed smart charging schemes are designed to determine the optimal
EV charging schedules with the objective to minimize the net load variability or to flatten the net
load profile. Minimizing the net load variability implies both increasing the PV self-consumption
and reducing the peak loads. The charging scheduling problems are formulated and solved with
quadratic programming approaches. The departure and arrival time and the distance covered by
vehicles in each trip are specifically modeled based on available statistical data from the Swedish
travel survey. The schemes are applied on simulated typical Swedish detached houses without
electric heating. Results show that both improved PV self-consumption and peak load reduction are
achieved. The aggregation of distributed smart charging in multiple households is conducted, and
the results are compared to the smart charging for a single household. On the community level, both
results from distributed and centralized charging approaches are compared.

Keywords: electric vehicles; photovoltaics; electricity consumption; smart charging; self-consumption;
residential buildings

1. Introduction

The increase of greenhouse gas emissions due to human activity has been a root cause of climate
change [1]. Two of the biggest greenhouse gas emitters are the transport and power sectors, which
account for 14% and 25% of global emission, respectively [2]. The environmental awareness in both
sectors has expedited the adoption of electric vehicles (EVs) and renewable energy sources (RESs),
such as photovoltaic (PV) power generation [3,4]. However, both EVs and PV pose challenges to the
power grids. A high penetration of PV power generation and EV charging load in the power grids
can lead to several disadvantages such as high load variability, voltage fluctuations, high peak loads,
power loss increases, and component overloading [5,6].

Besides into the power grids, both EV and PV can also be integrated into buildings, such
as at workplace offices or residential houses where they will interact with other electrical loads.
The integration of PV systems in buildings has increased in recent years due to the trend of transforming
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buildings into net zero energy buildings (NZEBs) [7]. In an NZEB, the yearly energy consumption
should be matched by local or on-site energy production [8]. With the addition of an EV charging
load in the building, the integration of on-site RES such as PV becomes more crucial in achieving the
NZEB criteria.

However, NZEBs might have unfavorable mismatches between power consumption and power
production since the NZEB concept only considers the yearly energy balance, not the instantaneous
power matching. The mismatch between power consumption and production is one of the main
sources of problems in the distribution grid. Specifically for residential buildings at high latitudes,
such as in Sweden, PV power production and residential electricity consumption are negatively
correlated on both an annual and diurnal basis. Several techniques such as building demand side
management (DSM) and battery energy storage have been proposed to improve the load matching
and prevent potential problems in the distribution grid [9]. Time-shifting EV charging load, which is
often called the EV smart charging scheme, is an example of the DSM strategy that has the potential to
improve the matching between load and production [10,11].

1.1. Related Work and Motivation

Assessing self-consumption of PV power production within buildings has been a major topic
within solar energy system studies in recent years. Considerable amounts of research on the
improvement of PV self-consumption at residential buildings by battery and DSM have been carried
out. The works in [12–14] presented PV self-consumption improvements using residential battery
storage. Applying DSM schemes to improve PV self-consumption was studied in [15–17]. The schemes
were mainly based on shifting flexible household loads to times when solar power production was
high. For example, controlling heat pumps has been one of the most common DSM schemes for
residential buildings [8].

Adding EV charging load to household load to improve PV self-consumption has also been
assessed. The work in [18] quantified the improvement of PV self-consumption in residential buildings
with the inclusion of opportunistic EV charging for a case study in Sweden. From the paper, it was
concluded that uncontrolled charging barely increased PV self-consumption due to the negative
correlation between EV charging behavior and PV power generation. In fact, the work in [19] showed
that the high penetration of uncoordinated EV charging in residential areas increased the peak loads
and could potentially lead to a significant decrease of the expected transformer life. Another study
in [8] showed that both high penetration of PV power generation and uncoordinated EV charging led
to voltage problems, but that overvoltage problems due to unconsumed high PV power production
were more significant.

Recent research has shown that the load matching, or the synergies between EV charging load and
PV power production, could decrease the burden on power grids and increase the benefits for users,
building owners, and grid operators [20]. These include increasing PV self-consumption and reducing
peak loads. While PV power production is naturally uncontrollable and cannot be shifted in time,
it is possible to control and shift EV charging load in time due to the long parking duration of EVs.
Based on mobility surveys in six European countries, vehicles are parked 22 hours on average with 16
hours of uninterrupted parking [21]. The survey also found that most of the uninterrupted parking
took place in residential areas. This flexibility potential has attracted many stakeholders to propose
EV smart charging schemes for residential buildings. Furthermore, the EV battery can also act as an
energy storage device, which can discharge power when needed if bi-directional power flow from and
to an EV is enabled. This scheme is called vehicle-to-anything (V2X), which includes vehicle-to-grid
(V2G), vehicle-to-home (V2H), and vehicle-to-building (V2B) [22].

Until now, avoiding the increase in household peak loads has been one of the most common
objectives for smart charging schemes for residential buildings. The works in [23,24] proposed
rule-based smart charging schemes to reduce the peak loads in residential distribution grids. The works
in [25,26] proposed smart charging schemes with a quadratic programming approach and objectives to
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reduce the peak loads and load variability at residential buildings. The work in [27] proposed a smart
charging and discharging control employing a V2G scheme with a quadratic programming approach,
which extended the utilization of the EV flexibility not only to avoid peak load increases, but also for
peak shaving purposes. However, these papers did not include PV power production in their studies.

Most of the PV related smart charging schemes were designed for non-residential buildings
such as workplaces and universities. This is reasonable as most of the cars are expected to be parked
there during the midday when the solar power peaks. In [28], a mixed-integer linear programming
was employed for a smart charging scheme with the objective to increase PV self-consumption in a
workplace. In [29], smart charging schemes to improve PV self-consumption in commercial buildings
with different optimization methods, i.e., the genetic algorithm, particle swarm optimization, and
the real-time decision making algorithm, were proposed and compared. In [30], a rule-based smart
charging approach with the objective to increase the solar-to-vehicle ratio at a university was proposed.

To the best knowledge of the authors, there are no studies that have assessed the improvement
of PV self-consumption at residential buildings by employing EV smart charging schemes. Smart
charging in residential areas is expected to be different from, e.g., workplace smart charging, mainly
since the parking pattern is expected to be different [31].

Smart charging schemes could be divided into two categories based on the approach: centralized
and distributed. In this paper, both distributed and centralized charging approaches are developed
and evaluated. In the centralized charging approach, a central unit decides the charging rate and time
of the EV fleet, while in the distributed charging approach, the charging of each EV is decided on the
user level [5]. The centralized charging approach utilizes the grid capacity more efficiently. However,
it is more complex and requires an advanced communication infrastructure. The distributed charging
approach is comparatively less complex, has low communication requirements, and has low privacy
violations [32].

1.2. Aim and Structure of the Paper

This paper aims to complement previous research by assessing the self-consumption improvement
by EV smart charging schemes for residential buildings with PV systems. In this study, as a limitation,
no V2X scheme is considered. The objective of the smart charging is to minimize the net load variability.
Minimizing the net load (load minus local RES production) variability also implies increasing the
self-consumption of RES, as well as reducing the peak loads. The decrease in load variability will lead
to fewer voltage fluctuations and lower peak loads and power losses [5]. The following topics will be
investigated in this study:

1. The potential of improved synergy between PV generation and household load, including
EV home-charging, by smart charging schemes quantified by self-consumption and
self-sufficiency metrics.

2. The impact of the aggregation of multiple households with smart charging schemes on
energy performances.

3. A comparison between centralized smart charging and aggregation of distributed smart charging
on energy performances.

4. The impact on different PV power shares relative to self-consumption and self-sufficiency
improvements by smart charging schemes.

This paper is organized as follows: Section 2 presents the proposed smart charging schemes,
simulation data, assumptions, as well as definitions and measures. Section 3 presents the results for
self-consumption and peak load reduction improvements by smart charging schemes compared to
the uncontrolled charging scheme. In Section 4, the highlight of the results is discussed, and the main
conclusions are presented.
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2. Methodologies

In this section, the details of the models, data, and assumptions used in this study are described.
The simulations in this study were mainly based on the conditions for Sweden.

2.1. EV Charging Schemes

This section describes the uncontrolled and two smart charging schemes simulated in this study.
All the schemes assumed that all EVs would only charge once a day, and the charging would only
take place at residential buildings. Simulations were made based on users’ usual mobility patterns,
which implied that the user did not have to change their mobility behavior for the charging schemes.
Another assumption was that each simulated household had one EV, which was expected to be most
common [33]. The maximum charging power rate was set to 3.7 kW, and the charging efficiency
was set to 90%, which referred to the average of Level 2 charging efficiency [34]. It was assumed
that the charging efficiency was constant regardless of the charging power. The simulations had a
15 min resolution, which was one of the most common temporal resolutions for DSM schemes and
self-consumption studies; see [9,35,36]. Furthermore, even though a perfect forecast was assumed in
this study, the practical side on the forecast horizon was also considered. Higher forecast resolution,
e.g., 1 min, was not so common for two of the main variables in this study, i.e., solar power production
and electricity consumption, especially for electricity consumption [37]. In the end, the smart charging
scheme would rely on the forecast resolution since the scheduling time step resolution would also
have the same time step resolution as the forecast. In other words, the car could arrive at any time,
but if the resolution of the optimization input, i.e., the forecast, was 15 min, the optimal charging
schedule would have a 15 min resolution. It is understandable that there might be a vast amount of
arrival-departure behavior happening instant-by-instant. In this case, if a car arrived at e.g., the 125th
minute of the day, the car would be assigned to the 7th time step of the day, since floor (125/15) + 1 = 7.

In this study, all the simulations were conducted within the MATLAB simulation environment
using a computer with an Intel i7-8650U processor and installed RAM of 16.0 GB. The optimization
problems in both distributed and centralized smart charging schemes were solved using MATLAB
quadprog with the interior-point-convex algorithm [38]. Each simulated charging scheme in this study
is further described in detail in the following subsections.

2.1.1. Uncontrolled Charging

In the uncontrolled charging scheme, the charging was opportunistic and always started upon
arrival with the maximum charging rate. The charging scheme did not consider the household
electricity consumption nor PV power production. The charging finished when the battery state of
charge (SoC) met the targeted SoC.

2.1.2. Distributed/Local Smart Charging

In the distributed or local smart charging scheme, the charging did not always start immediately
upon arrival nor did it always use the maximum charging rate. The charging scheme considered a
perfect forecast of local (i.e., single household) power consumption and PV production. Since the
simulations used a perfect forecast of load and PV generation, results from the smart charging scheme
would be a best-case approximation. The charging scheme also used information about the parking
period duration and the EV energy demand. From these data inputs, the smart charging scheme
would minimize the net load variability of a single household with the constraints of targeted SoC
and maximum charging rate. Minimizing the load variability in each individual household could
contribute to the decrease in the load variability of the distribution grid or even the regional grid [25].
The smart charging scheme would determine the charging rate in each time-slot during the parking
period. Figure 1 shows an overview of the proposed distributed/local smart charging scheme.
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Figure 1. Overview of the smart charging scheme.

The population variance equation was used to represent net load variability. However, in the
optimization formulation, only the numerator part was taken into account since the denominator was
a constant and would not affect the optimization result. Thus, the optimization problem of the smart
charging scheme can be defined as:

min
tdep

∑
t=tarr

(xt + nt − µtpark)
2, (1)

s.t. ηx

tdep

∑
t=tarr

xt = SoCtarget − SoCarr,

0 ≤ xt ≤ xmax,

(2)

where tarr and tdep are the arrival and departure times of the car, respectively, xt is the charging power
rate at time t, nt is the net load at time t, and µtpark is the mean net load during the parking period
including EV charging. In the constraint, ηx is the charging efficiency, SoCtarget is the state of charge
targeted in the battery, SoCarr is the state of charge in the battery on arrival, and xmax is the maximum
charging power rate. The net load nt is obtained from:

nt = lt − st, (3)

where lt is the household load at time t and st is the solar power production at time t. The mean net
load during the parking period µtpark is obtained from:

µtpark =
(∑

tdep
t=tarr

nt) + SoCtarget − SoCarr

tdep − tarr
. (4)

Note that the charging scheduling for the whole scheduled parking period was conducted only
at the arrival time tarr, and the output of the optimization was a vector containing xtarr , xtarr+1 , . . . ,
xtdep−2 , xtdep−1 .

2.1.3. Centralized Smart Charging

In the centralized smart charging scheme, the charging control was done by a central unit instead
of at the individual user level. Figure 2 illustrates the difference between distributed/local and
centralized charging schemes in the control architecture. The centralized smart charging scheme
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used the same variables as the distributed smart charging. However, the power consumption and
production on the community level were considered instead of the information from a single household
level. In other words, the centralized charging scheme would minimize the net load variability of
the whole community. The community power consumption Lt, PV generation St, and net load Nt at
time-slot t with K number of households respectively can be written as:

Lt =
K

∑
k=1

lt,k, (5)

St =
K

∑
k=1

st,k, (6)

Nt = Lt − St. (7)

Thus, the objective function of the centralized smart charging scheme can be written as:

min
tdep

∑
t=tarr

(xt + Nt − Mtpark)
2, (8)

where the new variable Mtpark is introduced as the mean community net load during the parking
period, taking into account the charging demand of the EV that is being scheduled. The new variable
Mtpark is obtained from:

Mtpark =
(∑

tdep
t=tarr

Nt) + SoCtarget − SoCarr

tdep − tarr
. (9)

(a) (b)

Home charging box Centralized energy controller Communication network

Figure 2. The architecture of (a) distributed/local and (b) centralized smart charging.

The constraints of this quadratic programming model are identical to the constraints in the
distributed/local smart charging scheme, which are defined in Equation (2).
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After each time the charging schedule of one EV is defined, the community net load profile
between the arrival time tarr and the departure time tdep is updated by adding the charging load profile
to the old net load profile, which can be defined as:

Nt = Nt + xt. (10)

With this update, the next EV charging scheduling considers the changes of the load profile due
to previously scheduled EV charging load.

If more than one car arrives at time step t, the order of the charging scheduling is done based on
the future departure time. The charging scheduling of the car that will depart earlier will be executed
earlier, since the cars that park longer have a higher flexibility.

2.2. Data and Case Study

2.2.1. Residential Household Load

In this study, the residential household load was generated from the Widén model for generating
synthetic electricity consumption profiles [39,40]. It is a Markov chain based model that generates the
electricity use profile in one minute resolution based on occupant activity patterns. The model was
trained on Swedish electricity use profiles and set to simulate a detached house without electric heating
with two adult inhabitants per household. In this study, the synthetic data were averaged to 15 min
resolution in order to match the resolution of the simulation setup. There were two different scenarios
that were simulated in this study: a single household load and the aggregation of 100 households,
which represented a small-sized community.

2.2.2. Mobility Patterns and Daily Charging Demands

This study utilized user mobility data from the Swedish travel survey in 2006 [41]. The time of
arrival and departure of trips made by cars, the distance traveled, as well as the origin and destination
locations of these trips were available in the survey. The arrival and departure time of EVs were
randomly sampled with a Monte Carlo method using the survey data with an assumption that each
EV made one round trip per day. Home-work-home mobility patterns were used for the simulation on
weekdays, while home-other-home patterns were used for the simulation on weekends. The arrival
and departure time data originally had one minute resolution, but in this study were averaged to
15 min resolution in order to match the resolution of the simulation setup. Figure 3a,b shows the
histogram of the time of home-arrival and home-departure and the fraction of vehicles parked at home
in this study, respectively.

Daily energy demand of EVs was also estimated with a Monte Carlo method using the survey data.
The daily charging requirement E (kWh) is estimated by:

E = η × D, (11)

where η is the specific consumption of EVs (kWh/km) and D is the daily driving distance. In this study,
η was assumed to be 0.15 kWh/km, and the maximum usable energy in the battery was set to 30 kWh.
This was assuming that the battery was able to provide sufficient energy for the trips within a city.
The daily driving distance D was calculated by doubling the trip distance sampled randomly from the
trip distances of the recorded trips arriving at home [41]. This was assuming that each EV was driven
in two equally long trips a day, such as a trip from home to the workplace and back to home again.
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Figure 3. User mobility statistics: (a) time of home-arrival and home-departure and (b) mean daily
fraction of vehicles parked at home. In (b), the light green area represents the weekday fraction, the
light red area the weekend fraction, and the brown area just the intersection area between the two
fractions.

2.2.3. Solar PV Power Production

The PV power production profiles were based on the data of global horizontal irradiation (GHI) in
2018 in Stockholm with latitude 59.3◦ N and longitude 18.0◦ E, recorded by the Swedish Meteorological
and Hydrological Institute (SMHI) [42]. The data originally had a one hour resolution, but was
interpolated to 15 min resolution in order to match the resolution of the simulation setup. The PV
system in this study was not specifically sized with kWp metrics; instead, it was scaled relative to the
total yearly electricity demands, as a conversion could be made when that was suitable. The yearly PV
production to the yearly household electricity demands R is defined as:

R = Pannual/Lannual , (12)

where Pannual is the yearly solar electricity production and Lannual is the yearly household electricity
demand including EV charging for each household. R = 1 means that the households produce the same
amount of electricity as they consume, making them NZEBs. In this study, a number of scenarios with
different R were conducted to see the impact from the amount of PV power production, i.e., R = 0.10,
0.25, 0.50, 0.75, 1.00, 1.25, and 1.50, in order to reflect both undersized and oversized PV systems.

2.3. Definitions and Measures

2.3.1. PV Self-Consumption and Self-Sufficiency

This section describes the self-consumption and self-sufficiency metrics, which are two of the
most common load matching indicators for buildings with PV systems [9]. Figure 4 shows a schematic
outline of residential daily electricity net demand represented by Area A and PV net generation
represented by Area B. The overlapping part in Area C is the PV electricity directly utilized within the
building. Self-consumption SC is defined as the fraction of the self-consumed PV electricity to the total
PV electricity production. Based on the illustration in Figure 4, it can be defined as:

SC =
C

B + C
. (13)
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Self-sufficiency SS is defined as the fraction of the load supplied by local PV energy to the total
load. Based on the illustration in Figure 4, it can be defined as:

SS =
C

A + C
. (14)

06.00 12.00 18.00 24.00

time of the day

P
ow

er

A

B

AC

Figure 4. Schematic outline of daily load (A + C), PV generation (B + C), and self-consumed
electricity (C).

A high self-consumption means that a large share of the PV production is self-consumed to supply
the load. A high self-sufficiency means that the load is mostly supplied from the locally produced
PV electricity.

2.3.2. Peak Load Reduction

In this paper, the peak load reduction was calculated by comparing daily peak load with the
uncontrolled charging scheme to peak load with smart charging schemes. Figure 5 shows a schematic
outline of daily load profiles and their peak loads with the uncontrolled charging scheme (UCS) and
the smart charging schemes (SCS). Based on the illustration in Figure 5, the daily peak load reduction
can be defined as:

daily peak load reduction =
UCS peak load - SCS peak load

UCS peak load
. (15)

In Section 3, the daily load production in a year is averaged in order to observe the annual
energy performance.
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Figure 5. Schematic outline of daily load profiles with and without shifting EV charging load in time.
The arrows point out peak loads. The difference between the pointed out peak loads is the amount of
peak power reduced.

2.3.3. Net Load Variability

Since the objective function is to minimize the net load variability, it is important to assess how
well the smart charging performance is with a variability measure. In this paper, the variability was
measured by calculating the standard deviation or the square-root of the variance between the values
of the net load profiles. The net load variability is a useful indicator, as it relates to voltage fluctuations
in distribution grids, and on a larger scale, it relates to grid frequency fluctuations [5,26].

3. Results

Figure 6 shows the net load profiles with uncontrolled charging, smart distributed charging,
and smart centralized charging schemes for different seasons for a community with 100 households
and one EV in each household. With respect to the smart distributed charging, the optimization was
conducted for each of the households. Then, the net load of each household was summed up to obtain
the community net load profile, which is shown with red-dotted lines. The mean daily load profile
and solar power production are shown in Figure 7. In both figures, the ratio of the yearly PV electricity
production to the yearly electricity consumption is R = 0.50.

By visual inspection, it can be seen from Figure 6 that the net load with uncontrolled charging was
easily distinguishable from net loads with smart charging schemes. Furthermore, it can be observed
that the net load with the distributed smart charging scheme was similar to the net load with the
centralized smart charging scheme. The major difference between the two was that the net load with
the centralized smart charging scheme was smoother, while the net load with the distributed smart
charging scheme had more ripples, which was a result from the charging control not being coordinated
by one central unit.

As can be seen from Figure 6c, the peak load reduction by the smart charging schemes was clearly
visible for winter. During this season, the solar power production was low; thus, the smart charging
schemes were significantly more important in decreasing the peak loads. In summer, the impact of
the smart charging schemes was not as significant as it was in winter, as can be seen in Figure 6b.
However, a flatter net load profile was still achieved with the smart charging schemes. The net load
was often negative during the midday in summer due to the peaks of solar power production. The
smart charging schemes barely compensated for the high negative net load problems in the summer
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since the fraction of EVs at home was low during midday when the solar production peaked, as shown
in Figure 3b. In spring, shown in Figure 6a, the peak load reduction by the smart charging schemes
could be noticed more easily than in the summer. However, it still had similar problems with negative
net loads.

81 82 83 84 85 86 87 88 89 90 91
-200

-100

0

100

200

kW

(a)

uncontrolled charging distributed smart charging centralized smart charging

171 172 173 174 175 176 177 178 179 180 181
-200

-100

0

100

kW

(b)

351 352 353 354 355 356 357 358 359 360 361
day of the year

0

50

100

150

200

kW

(c)

Figure 6. Net-load profile of the aggregation of 100 households with R = 0.5 in (a) spring, (b) summer,
and (c) winter.
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Figure 7. Mean daily load profile for 100 households with R = 0.5 with the (a) uncontrolled charging
scheme, (b) distributed smart charging scheme, and (c) centralized charging scheme.

Based on daily average shown in Figure 7, it can be seen that in the smart charging schemes,
the peak load was significantly lower. In this figure, the intersection area between the load and the PV
generation is increased with the smart charging schemes, even though it is not as clear as the peak
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load reduction. This indicated that the PV self-consumption increased. It can also be seen that there
was more daytime charging with centralized charging than with distributed charging.

The following sections present quantified numerical results on self-consumption, self-sufficiency,
peak load reduction, as well as net load variability.

3.1. PV Self-Consumption and Self-Sufficiency

The PV self-consumption and the self-sufficiency in the simulated scenarios are shown in Figure 8.
In these figures, black lines represent the uncontrolled charging scheme, red lines the distributed
smart charging scheme, blue lines the centralized charging scheme, thinner lines schemes with a single
household, and thicker lines represent with 100 households aggregated.
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Figure 8. (a) Self-consumption (SC) and (b) self-sufficiency (SS) compared with production-to-
consumption ratio R for a single household and an aggregation of 100 households with the uncontrolled
charging scheme and the distributed and centralized smart charging schemes.

From these figures, it can be seen that if the share of PV production was higher, then the
self-consumption was lower and the self-sufficiency higher. It could also be concluded that regardless
of the charging scheme, both the self-consumption and the self-sufficiency were improved when
multiple residential net load profiles were aggregated.

In terms of the impact from the distributed or local smart charging scheme, smart charging
schemes in a single household achieved more prominent improvements in both the self-consumption
and the self-sufficiency compared to the one on the community level. This was because the aggregation
of net load profiles already improved the performance of both indicators, thus leaving only smaller
room for improvements for the proposed local smart charging scheme. However, with the centralized
smart charging approach, self-consumption and self-sufficiency improvements on the community level
were higher than the ones with local smart charging and close to the improvement made by the local
smart charging for a single household. Tables 1 and 2 present the changes in self-consumption and
self-sufficiency from the proposed smart charging schemes. In Tables 1 and 2, the averaged increases
in self-consumption and self-sufficiency per household by the centralized smart charging scheme are
also shown. It could be concluded that the self-consumption in each household was not penalized by
the implementation of the centralized smart charging scheme. Instead, the self-consumption on the
single household level increased with the centralized smart charging scheme, even though improving
self-consumption in each household was not the main objective. However, the increases were not as
significant as the ones with the local smart charging scheme.
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Table 1. Self-consumption improvements by smart charging schemes for a single household and on
the community level with both distributed and centralized charging approaches.

R
Self-Consumption Increase

Distributed Charging Centralized Charging

Single Household Community Averaged Per Household Community

0.10 1.3% 0.1% 0.4% 0.2%
0.25 7.3% 2.9% 2.8% 8.1%
0.50 8.7% 3.7% 3.8% 8.5%
0.75 7.4% 3.0% 3.5% 6.4%
1.00 6.0% 2.5% 3.4% 4.9%
1.25 5.0% 2.1% 3.0% 3.9%
1.50 4.3% 1.9% 2.7% 3.2%

Table 2. Self-sufficiency improvements by smart charging schemes for a single household and on the
community level with both distributed and centralized charging approaches.

R
Self-Sufficiency Increase

Distributed Charging Centralized Charging

Single Household Community Averaged Per Household Community

0.10 0.2% 0.1% 0.2% 0.2%
0.25 2.0% 0.9% 1.0% 2.3%
0.50 4.6% 2.1% 2.3% 4.7%
0.75 5.9% 2.6% 3.3% 5.3%
1.00 6.4% 2.9% 3.8% 5.4%
1.25 6.7% 3.1% 4.7% 5.4%
1.50 6.9% 3.2% 4.7% 5.5%

Among the simulated scenarios, the scenario where the production-to-consumption ratio R was
0.50 had the highest self-consumption improvements with an 8.7% increase on the single household
level with distributed charging, a 3.7% increase on the community level with distributed charging,
a 3.8% increase on average on the single household level with centralized charging, and an 8.5%
increase on the community level with centralized charging. For the self-sufficiency, the scenario with
the highest R = 1.5 had the highest self-sufficiency improvements with a 6.9% increase on the single
household level with distributed charging, a 2.8% increase on the community level with distributed
charging, a 4.7% increase on average on the single household level with centralized charging, and a
5.5% increase on the community level with centralized charging.

Ideally, the charging time was shifted to the time when the solar power peaked, which would
likely lead to the self-consumption and the self-sufficiency increasing more. However, that is not always
possible with unchanged driving patterns, which was an assumption in this study. The improvements
in both self-consumption and self-sufficiency by the smart charging schemes were limited by the low
fraction of vehicles at residential buildings during the peaks of solar power production.

3.2. Peak Load Reduction

Since the charging loads in the uncontrolled charging scheme often coincided with the household
peak loads, smart charging schemes have a significant potential to reduce the peak loads. Peak load
reduction was achieved by shifting and distributing the EV charging load to the time when the
household electricity consumption was lower, as long as it is still within the parking period. Table 3
provides the information on the average of daily peak load reduction in a year by the smart charging
schemes compared to the uncontrolled charging scheme in several scenarios

In general, with the distributed/local smart charging scheme, the peak load reduction was higher
on the single household level than on the community level. The reason was because the peak loads
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of each household did not always coincide with each other. Thus, when multiple load profiles were
aggregated, the increase in the peak loads might not be linear with the number of the aggregated load
profiles. Consequently, the peak loads relative to the mean load were most probably lower on the
community level than on the single household level, which was likely beneficial for the power grid.
However, it left less room for improvement in terms of peak load reduction on the community level
for the proposed smart charging scheme.

On the community level, the peak load reduction was higher with the centralized charging
scheme than with the distributed/local charging scheme. The peak load reductions on the community
level with centralized charging were close to the one achieved in the single household with a local
charging scheme.

Table 3. Peak load reduction with different production-to-consumption ratios R in a single household
and on the community level with both distributed and centralized charging approaches.

R Peak Load Reduction

Single Household Community: Distributed Community: Centralized

0.10 52.8% 36.1% 48.6%
0.25 53.6% 34.9% 47.3%
0.50 53.7% 32.7% 44.1%
0.75 52.4% 32.4% 42.6%
1.00 49.2% 32.3% 41.8%
1.25 46.6% 32.5% 41.3%
1.50 44.9% 32.7% 41.0%

3.3. Net Load Variability

Figure 9 shows the net load standard deviation per household in the simulated scenarios compared
with yearly production-to-consumption ratio R. Based on the figure, it can be seen that the aggregation
of multiple households would decrease the net load variability.

From the figure, it can also be concluded that the higher the share of PV power production,
the higher the net load variability. In these cases, the high value in variability was due to unconsumed
PV power during the day. Overall, the proposed smart charging schemes decreased the net load
variability, and with centralized smart charging, the performance was slightly better than with the
distributed/local smart charging. However, the difference in net load variability between uncontrolled
and smart charging schemes was lower with a higher share of PV power.

Since the smart charging schemes were programmed to minimize the net load variability,
the net load variability improvements reflected the effectiveness of the smart charging. From the
results, it could be concluded that the effectiveness of the smart charging schemes, approach-wise,
was decreased when the PV power share was higher.
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Figure 9. Net load standard deviation per household against production-to-consumption ratio R.

4. Concluding Discussion

In this paper, a distributed and a centralized EV smart charging scheme with the objective of
minimizing the net load variability of residential buildings were presented. The proposed smart
charging schemes considered EV energy demands, arrival and departure times, and forecasts of
both PV power production and electricity consumption, which in the study were perfect forecasts.
By minimizing the net load variability, the PV self-consumption was increased, and the peak loads
were reduced.

Results showed that with a distributed/local smart charging scheme in a single household,
the self-consumption and the self-sufficiency could be increased up to 8.7% and 6.9%, respectively,
depending on the share of PV power production. Even though the distributed smart charging scheme
for a single household provided improvements in terms of self-consumption and self-sufficiency,
it should be noted that the simulations in this study were based on perfect forecasts of PV production
and load and thereby represented an identified upper limit case. In practice, the forecast of PV
production and load for a single building level is less reliable than for an aggregated level [43].
Less reliable forecasts are expected to negatively impact the smart charging scheme’s effectiveness, but
be more realistic, and this is left for future studies.

Regardless of the EV charging schemes, the aggregation of multiple household net loads improved
self-consumption since the PV power that was not self-consumed at one household could be consumed
by neighbors. If the distributed/local smart charging scheme was employed on a community level,
the self-consumption increase in the community level by the scheme was not as high as for a single
household. This was due to less room for improvement for the distributed smart charging scheme since
the aggregation already increased the self-consumption. On the community level, the centralized smart
charging scheme performed better than the distributed smart charging scheme in terms of increasing
self-consumption. However, it should be noted that in practice, centralized charging schemes need a
more complex communication infrastructure. Overall, the increase in self-consumption was limited by
the low fraction of vehicles parked during the peaks of solar power production.

In terms of the smart charging performance with respect to its main objective (i.e., minimizing
net load variability), the smart charging schemes reduced net load variability to a large extent when
the PV power share was low, and that the performance was lower when the share of PV power was
higher. Since the number of EVs was the same for different scenarios of PV power share, as the PV
power share was higher, the number of EVs became less significant compared to the PV power share.
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Considering higher PV power share led to higher net load variability, the smart charging schemes with
unchanged number of EVs would not have a significant impact on lowering the net load variability.

We could also see from the results that the smart charging schemes could decrease household
peak loads to a large extent. However, the PV power production excess that was not self-consumed
would still be difficult to match with EV smart charging if the share of PV power was high.

Several conclusions can be drawn from this study:

1. Self-consumption and self-sufficiency in residential buildings could be improved with EV
charging schemes; however, the improvements were limited by low vehicle occupancy adjacent
to the buildings during the period of high solar power production.

2. Self-consumption and self-sufficiency improvements by the distributed smart charging scheme
on the aggregate level were lower than for a single household. This was due to the fact that
the aggregation of multiple households already improved self-consumption and self-sufficiency,
leaving less room for the smart charging scheme to improve the performance.

3. On the community level, the centralized charging scheme was superior at improving
self-consumption and self-sufficiency compared with the distributed charging scheme.

4. The higher the PV power share, the higher the load variability due to unconsumed PV power.
The improvement in load variability by the smart charging schemes became less significant with
higher PV power share.

The computational burden of the proposed smart charging schemes is an important aspect for
practical implementations. In the proposed distributed smart charging scheme, the optimization was
conducted on an individual level; thus, the computation burden was distributed among users. In the
proposed centralized smart charging scheme, a central unit would need to execute the optimization of
each car. Even though the optimization problem in the smart charging schemes was convex, which
made it relatively fast to solve, the computation could be demanding when many of the cars arrive at
the same time. In the simulation environment used in this study, the optimization time on average
by MATLAB quadprog was 0.004 s per car. In the centralized charging, the computation time at
time step t was linear with the number of cars arriving at time step t. In further research, practical
implementations of the proposed smart charging schemes and analysis of their computational burden
are encouraged. The computation time of the optimization process was expected to be higher when
the smart charging scheme resolution was higher. Even though the studies in [9,35] showed that 15
min resolution was sufficient for a self-consumption study, future studies using a higher resolution are
recommended in order to find out the trade-offs between the computation speed and the accuracy.

In further research, it would also be interesting to include realistic load and PV generation
forecasts to the schemes and investigate how forecast reliability will impact the performance of the
schemes. In addition, future studies should also combine EV smart charging schemes with other
energy management strategies, such as PV curtailment, home energy storage, or smart control of other
flexible household loads, in order to reduce PV power production excess. Furthermore, it is interesting
to investigate the impacts of smart charging schemes on city-scale energy performances, which should
include mobility patterns and power production and consumption, not only in residential buildings,
but also in workplaces and other locations.

Author Contributions: Conceptualization, R.F. and J.M.; methodology, R.F. and J.M.; formal analysis, R.F. writing,
original draft preparation, R.F.; writing, review and editing, J.M.; visualization, R.F.; supervision, J.M.; funding
acquisition, J.M. All authors read and agreed to the published version of the manuscript.

Funding: This project was funded by the Swedish Electromobility Centre Project “Modeling and implementation
of smart-charging using the Annex D standard: Initial study”.

Acknowledgments: This work also forms part of the Swedish strategic research program StandUp for Energy.

Conflicts of Interest: The authors declare no conflict of interest.



Energies 2020, 13, 1153 17 of 19

References

1. Intergovernmental Panel on Climate Change (IPCC). Global Warming of 1.5 ◦ C; Technical report;
Intergovernmental Panel on Climate Change: Geneva, Switzerland, 2019.

2. Intergovernmental Panel on Climate Change (IPCC). Climate Change 2014 Mitigation of Climate Change;
Technical report; Intergovernmental Panel on Climate Change: Geneva, Switzerland, 2014.

3. Tran, M.; Banister, D.; Bishop, J.D.; McCulloch, M.D. Realizing the electric-vehicle revolution.
Nat. Clim. Chang. 2012, 2, 328–333. doi:10.1038/nclimate1429. [CrossRef]

4. International Energy Agency. Global Energy & CO2 Status Report; Technical report; International Energy
Agency: Paris, France, 2017.

5. García-Villalobos, J.; Zamora, I.; San Martín, J.I.; Asensio, F.J.; Aperribay, V. Plug-in electric vehicles in
electric distribution networks: A review of smart charging approaches. Renew. Sustain. Energy Rev. 2014,
38, 717–731. doi:10.1016/j.rser.2014.07.040. [CrossRef]

6. Luthander, R.; Shepero, M.; Munkhammar, J.; Widén, J. Photovoltaics and opportunistic electric vehicle
charging in the power system – a case study on a Swedish distribution grid. IET Renew. Power Gener. 2019,
13, 710–716. doi:10.1049/iet-rpg.2018.5082. [CrossRef]

7. Barone, G.; Buonomano, A.; Calise, F.; Forzano, C.; Palombo, A. Building to vehicle to building concept
toward a novel zero energy paradigm: Modelling and case studies. Renew. Sustain. Energy Rev. 2019,
101, 625–648. doi:10.1016/j.rser.2018.11.003. [CrossRef]

8. Luthander, R.; Nilsson, A.M.; Widén, J.; Åberg, M. Graphical analysis of photovoltaic generation and load
matching in buildings: A novel way of studying self-consumption and self-sufficiency. Appl. Energy 2019,
250, 748–759. doi:10.1016/j.apenergy.2019.05.058. [CrossRef]

9. Luthander, R.; Widén, J.; Nilsson, D.; Palm, J. Photovoltaic self-consumption in buildings: A review.
Appl. Energy 2015, 142, 80–94. doi:10.1016/j.apenergy.2014.12.028. [CrossRef]

10. Finn, P.; Fitzpatrick, C.; Connolly, D. Demand side management of electric car charging: Benefits for
consumer and grid. Energy 2012, 42, 358–363. doi:10.1016/j.energy.2012.03.042. [CrossRef]

11. Rinaldi, S.; Pasetti, M.; Sisinni, E.; Bonafini, F.; Ferrari, P.; Rizzi, M.; Flammini, A. On the mobile
communication requirements for the demand-side management of electric vehicles. Energies 2018, 11,
1220. doi:10.3390/en11051220. [CrossRef]

12. Nyholm, E.; Goop, J.; Odenberger, M.; Johnsson, F. Solar photovoltaic-battery systems in Swedish households
– Self-consumption and self-sufficiency. Appl. Energy 2016, 183, 148–159. doi:10.1016/j.apenergy.2016.08.172.
[CrossRef]

13. Parra, D.; Walker, G.S.; Gillott, M. Modeling of PV generation, battery and hydrogen storage to investigate the
benefits of energy storage for single dwelling. Sustain. Cities Soc. 2014, 10, 1–10. doi:10.1016/j.scs.2013.04.006.
[CrossRef]

14. Gustafsson, M.; Karlsson, B.; Rönnelid, M. How the electric meter configuration affect the monitored amount
of self-consumed and produced excess electricity from PV systems—Case study in Sweden. Energy Build.
2017, 138, 60–68. doi:10.1016/j.enbuild.2016.11.010. [CrossRef]

15. Widén, J. Improved photovoltaic self-consumption with appliance scheduling in 200 single-family buildings.
Appl. Energy 2014, 126, 199–212. doi:10.1016/j.apenergy.2014.04.008. [CrossRef]

16. Vanhoudt, D.; Geysen, D.; Claessens, B.; Leemans, F.; Jespers, L.; Van Bael, J. An actively controlled
residential heat pump: Potential on peak shaving and maximization of self-consumption of renewable
energy. Renew. Energy 2014, 63, 531–543. doi:10.1016/j.renene.2013.10.021. [CrossRef]

17. Castillo-Cagigal, M.; Caamaño-Martín, E.; Matallanas, E.; Masa-Bote, D.; Gutiérrez, A.; Monasterio-Huelin, F.;
Jiménez-Leube, J. PV self-consumption optimization with storage and Active DSM for the residential sector.
Sol. Energy 2011, 85, 2338–2348. doi:10.1016/j.solener.2011.06.028. [CrossRef]

18. Munkhammar, J.; Grahn, P.; Widén, J. Quantifying self-consumption of on-site photovoltaic power
generation in households with electric vehicle home charging. Sol. Energy 2013, 97, 208–216.
doi:10.1016/j.solener.2013.08.015. [CrossRef]

19. Muratori, M. Impact of uncoordinated plug-in electric vehicle charging on residential power demand.
Nat. Energy 2018, 3, 193–201. doi:10.1038/s41560-017-0074-z. [CrossRef]

20. Hoarau, Q.; Perez, Y. Interactions between electric mobility and photovoltaic generation: A review.
Renew. Sustain. Energy Rev. 2018, 94, 510–522. doi:10.1016/J.RSER.2018.06.039. [CrossRef]

https://doi.org/10.1038/nclimate1429
http://dx.doi.org/10.1038/nclimate1429
https://doi.org/10.1016/j.rser.2014.07.040
http://dx.doi.org/10.1016/j.rser.2014.07.040
https://doi.org/10.1049/iet-rpg.2018.5082
http://dx.doi.org/10.1049/iet-rpg.2018.5082
https://doi.org/10.1016/j.rser.2018.11.003
http://dx.doi.org/10.1016/j.rser.2018.11.003
https://doi.org/10.1016/j.apenergy.2019.05.058
http://dx.doi.org/10.1016/j.apenergy.2019.05.058
https://doi.org/10.1016/j.apenergy.2014.12.028
http://dx.doi.org/10.1016/j.apenergy.2014.12.028
https://doi.org/10.1016/j.energy.2012.03.042
http://dx.doi.org/10.1016/j.energy.2012.03.042
https://doi.org/10.3390/en11051220
http://dx.doi.org/10.3390/en11051220
https://doi.org/10.1016/j.apenergy.2016.08.172
http://dx.doi.org/10.1016/j.apenergy.2016.08.172
https://doi.org/10.1016/j.scs.2013.04.006
http://dx.doi.org/10.1016/j.scs.2013.04.006
https://doi.org/10.1016/j.enbuild.2016.11.010
http://dx.doi.org/10.1016/j.enbuild.2016.11.010
https://doi.org/10.1016/j.apenergy.2014.04.008
http://dx.doi.org/10.1016/j.apenergy.2014.04.008
https://doi.org/10.1016/j.renene.2013.10.021
http://dx.doi.org/10.1016/j.renene.2013.10.021
https://doi.org/10.1016/j.solener.2011.06.028
http://dx.doi.org/10.1016/j.solener.2011.06.028
https://doi.org/10.1016/j.solener.2013.08.015
http://dx.doi.org/10.1016/j.solener.2013.08.015
https://doi.org/10.1038/s41560-017-0074-z
http://dx.doi.org/10.1038/s41560-017-0074-z
https://doi.org/10.1016/J.RSER.2018.06.039
http://dx.doi.org/10.1016/j.rser.2018.06.039


Energies 2020, 13, 1153 18 of 19

21. Pasaoglu, G.; Fiorello, D.; Martino, A.; Zani, L.; Zubaryeva, A.; Thiel, C. Travel patterns and the potential
use of electric cars - Results from a direct survey in six European countries. Technol. Forecast. Soc. Chang.
2014, 87, 51–59. doi:10.1016/j.techfore.2013.10.018. [CrossRef]

22. Pearre, N.S.; Ribberink, H. Review of research on V2X technologies, strategies, and operations. Renew. Sustain.
Energy Rev. 2019, 105, 61–70. doi:10.1016/j.rser.2019.01.047. [CrossRef]

23. Turker, H.; Hably, A.; Bacha, S.; Chatroux, D. Rule based algorithm for Plug-in Hybrid Electric
Vehicles (PHEVs) integration in residential electric grid areas. In Proceedings of the 2012 IEEE PES
Innovative Smart Grid Technologies (ISGT), Washington, DC, USA, 16–20 January 2012; pp. 1–7.
doi:10.1109/ISGT.2012.6175816. [CrossRef]

24. Turker, H.; Hably, A.; Bacha, S. Smart charging of plug-in hybrid electric vehicles (PHEVs) on the
residential electric grid regarding the voltage plan. In Proceedings of the 2013 IEEE International
Electric Vehicle Conference (IEVC), Santa Clara, CA, USA, 23–25 October 2013; pp. 5173–5178.
doi:10.1109/ECCE.2013.6647400. [CrossRef]

25. Jian, L.; Xue, H.; Xu, G.; Zhu, X.; Zhao, D.; Shao, Z.Y. Regulated charging of plug-in hybrid electric vehicles
for minimizing load variance in household smart microgrid. IEEE Trans. Ind. Electron. 2013, 60, 3218–3226.
doi:10.1109/TIE.2012.2198037. [CrossRef]

26. Mets, K.; Verschueren, T.; Haerick, W.; Develder, C.; De Turck, F. Optimizing smart energy control
strategies for plug-in hybrid electric vehicle charging. In Proceedings of the 2010 IEEE/IFIP Network
Operations and Management Symposium Workshops, Osaka, Japan, 19–23 April 2010; pp. 293–299.
doi:10.1109/NOMSW.2010.5486561. [CrossRef]

27. Mets, K.; Verschueren, T.; De Turck, F.; Develder, C. Exploiting V2G to optimize residential energy
consumption with electrical vehicle (dis)charging. In Proceedings of the 2011 IEEE First International
Workshop on Smart Grid Modeling and Simulation (SGMS), Brussels, Belgium, 17 October 2011; pp. 7–12.
doi:10.1109/SGMS.2011.6089203. [CrossRef]

28. Van Der Meer, D.; Mouli, G.R.C.; Mouli, G.M.E.; Elizondo, L.R.; Bauer, P. Energy Management System with
PV Power Forecast to Optimally Charge EVs at the Workplace. IEEE Trans. Ind. Inform. 2018, 14, 311–320.
doi:10.1109/TII.2016.2634624. [CrossRef]

29. Liu, N.; Chen, Q.; Liu, J.; Lu, X.; Li, P.; Lei, J.; Zhang, J. A Heuristic Operation Strategy for Commercial
Building Microgrids Containing EVs and PV System. IEEE Trans. Ind. Electron. 2015, 62, 2560–2570.
doi:10.1109/TIE.2014.2364553. [CrossRef]

30. Zhang, T.; Chu, C.C.; Gadh, R. A two-tier energy management system for smart electric vehicle charging
in UCLA: A Solar-To-Vehicle (S2V) case study. In Proceedings of the 2016 IEEE Innovative Smart Grid
Technologies - Asia (ISGT-Asia), Melbourne, Australia, 28 November–1 December 2016; pp. 288–293.
doi:10.1109/ISGT-Asia.2016.7796400. [CrossRef]

31. Galus, M.D.; Vayá, M.G.; Krause, T.; Andersson, G. The role of electric vehicles in smart grids. Wiley
Interdiscip. Rev. Energy Environ. 2013, 2, 384–400. doi:10.1002/wene.56. [CrossRef]

32. Amjad, M.; Ahmad, A.; Rehmani, M.H.; Umer, T. A review of EVs charging: From the perspective of energy
optimization, optimization approaches, and charging techniques. Transp. Res. Part D Transp. Environ. 2018,
62, 386–417. doi:10.1016/j.trd.2018.03.006. [CrossRef]

33. Jakobsson, N.; Gnann, T.; Plötz, P.; Sprei, F.; Karlsson, S. Are multi-car households better suited for
battery electric vehicles? - Driving patterns and economics in Sweden and Germany. Transp. Res. Part C
Emerg. Technol. 2016, 65, 1–15. doi:10.1016/j.trc.2016.01.018. [CrossRef]

34. Sears, J.; Roberts, D.; Glitman, K. A comparison of electric vehicle Level 1 and Level 2 charging efficiency.
In Proceedings of the 2014 IEEE Conference on Technologies for Sustainability (SusTech), Portland, OR, USA,
24–26 July 2014; pp. 255–258. doi:10.1109/SusTech.2014.7046253. [CrossRef]

35. Luthander, R. Self-Consumption of Photovoltaic Electricity in Residential Buildings; Uppsala University: Uppsala,
Sweden, 29 November 2018.

36. Jordehi, A.R. Optimisation of demand response in electric power systems, a review. Renew. Sustain.
Energy Rev. 2019, 103, 308–319. doi:10.1016/j.rser.2018.12.054. [CrossRef]

37. van der Meer, D.W.; Widén, J.; Munkhammar, J. Review on probabilistic forecasting of photovoltaic
power production and electricity consumption. Renew. Sustain. Energy Rev. 2018, 81, 1484–1512.
doi:10.1016/j.rser.2017.05.212. [CrossRef]

https://doi.org/10.1016/j.techfore.2013.10.018
http://dx.doi.org/10.1016/j.techfore.2013.10.018
https://doi.org/10.1016/j.rser.2019.01.047
http://dx.doi.org/10.1016/j.rser.2019.01.047
https://doi.org/10.1109/ISGT.2012.6175816
http://dx.doi.org/10.1109/ISGT.2012.6175816
https://doi.org/10.1109/ECCE.2013.6647400
http://dx.doi.org/10.1109/ECCE.2013.6647400
https://doi.org/10.1109/TIE.2012.2198037
http://dx.doi.org/10.1109/TIE.2012.2198037
https://doi.org/10.1109/NOMSW.2010.5486561
http://dx.doi.org/10.1109/NOMSW.2010.5486561
https://doi.org/10.1109/SGMS.2011.6089203
http://dx.doi.org/10.1109/SGMS.2011.6089203
https://doi.org/10.1109/TII.2016.2634624
http://dx.doi.org/10.1109/TII.2016.2634624
https://doi.org/10.1109/TIE.2014.2364553
http://dx.doi.org/10.1109/TIE.2014.2364553
https://doi.org/10.1109/ISGT-Asia.2016.7796400
http://dx.doi.org/10.1109/ISGT-Asia.2016.7796400
https://doi.org/10.1002/wene.56
http://dx.doi.org/10.1002/wene.56
https://doi.org/10.1016/j.trd.2018.03.006
http://dx.doi.org/10.1016/j.trd.2018.03.006
https://doi.org/10.1016/j.trc.2016.01.018
http://dx.doi.org/10.1016/j.trc.2016.01.018
https://doi.org/10.1109/SusTech.2014.7046253
http://dx.doi.org/10.1109/SusTech.2014.7046253
https://doi.org/10.1016/j.rser.2018.12.054
http://dx.doi.org/10.1016/j.rser.2018.12.054
https://doi.org/10.1016/j.rser.2017.05.212
http://dx.doi.org/10.1016/j.rser.2017.05.212


Energies 2020, 13, 1153 19 of 19

38. Quadratic Programming- MATLAB Quadprog- MathWorks Nordic. Available online: https://se.mathworks.
com/help/optim/ug/quadprog.html (accessed on 20 February 2020).

39. Widén, J.; Lundh, M.; Vassileva, I.; Dahlquist, E.; Ellegård, K.; Wäckelgård, E. Constructing load profiles for
household electricity and hot water from time-use data–Modelling approach and validation. Energy Build.
2009, 41, 753–768. doi:10.1016/j.enbuild.2009.02.013. [CrossRef]

40. Widén, J.; Wäckelgård, E. A high-resolution stochastic model of domestic activity patterns and electricity
demand. Appl. Energy 2010, 87, 1880–1892. doi:10.1016/j.apenergy.2009.11.006. [CrossRef]

41. RES 2005 – 2006 The National Travel Survey;Technical Report No. 2007:19; Swedish Institute for Transport and
Communications Analysis, SIKA: Stockholm 2007.

42. Swedish Meteorology and Hydrology Institute. 2018. Available online: https://www.smhi.se/data/
meteorologi/ladda-ner-meteorologiska-observationer#param=globalIrradians,stations=all,stationid=
98735 (accessed on 10 March 2019).

43. van der Meer, D.W.; Munkhammar, J.; Widén, J. Probabilistic forecasting of solar power, electricity
consumption and net load: Investigating the effect of seasons, aggregation and penetration on prediction
intervals. Sol. Energy 2018, 171, 397–413. doi:10.1016/j.solener.2018.06.103. [CrossRef]

c© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

https://se.mathworks.com/help/optim/ug/quadprog.html
https://se.mathworks.com/help/optim/ug/quadprog.html
https://doi.org/10.1016/j.enbuild.2009.02.013
http://dx.doi.org/10.1016/j.enbuild.2009.02.013
https://doi.org/10.1016/j.apenergy.2009.11.006
http://dx.doi.org/10.1016/j.apenergy.2009.11.006
https://www.smhi.se/data/meteorologi/ladda-ner-meteorologiska-observationer#param=globalIrradians,stations=all,stationid=98735
https://www.smhi.se/data/meteorologi/ladda-ner-meteorologiska-observationer#param=globalIrradians,stations=all,stationid=98735
https://www.smhi.se/data/meteorologi/ladda-ner-meteorologiska-observationer#param=globalIrradians,stations=all,stationid=98735
https://doi.org/10.1016/j.solener.2018.06.103
http://dx.doi.org/10.1016/j.solener.2018.06.103
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction
	Related Work and Motivation
	Aim and Structure of the Paper

	Methodologies
	EV Charging Schemes
	Uncontrolled Charging
	Distributed/Local Smart Charging
	Centralized Smart Charging

	Data and Case Study
	Residential Household Load
	Mobility Patterns and Daily Charging Demands
	Solar PV Power Production

	Definitions and Measures
	PV Self-Consumption and Self-Sufficiency
	Peak Load Reduction
	Net Load Variability


	Results
	PV Self-Consumption and Self-Sufficiency
	Peak Load Reduction
	Net Load Variability

	Concluding Discussion
	References

