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A B S T R A C T

The integration of photovoltaic (PV) systems and electric vehicles (EVs) in the built environment, including
at workplaces, has increased significantly in the recent decade and has posed new technical challenges for the
power system, such as increased peak loads and component overloading. Several studies show that improved
matching between PV generation and EV load through both optimal sizing and operation of PV-EV systems
can minimize these challenges. This paper presents an optimal PV-EV sizing framework for workplace solar
powered charging stations considering load matching performances. The proposed optimal sizing framework
in this study uses a novel score, called self-consumption-sufficiency balance (SCSB), which conveys the balance
between self-consumption (SC) and self-sufficiency (SS), based on a similar principle as the F1-score in machine
learning. A high SCSB score implies that the system is close to being self-sufficient without exporting or
curtailing a large share of local production. The results show that the SCSB performance tends to be higher
with a larger combined PV-EV size. In addition to presenting PV-EV optimal sizing at the workplace charging
station, this study also assesses a potential SC and SS enhancement with optimal operation through smart
charging schemes. The results show that smart charging schemes can significantly improve the load matching
performances by up to 42.6 and 40.8 percentage points for SC and SS, respectively. The smart charging scheme
will also shift the combined optimal PV-EV sizes. Due to its simplicity and universality, the optimal sizing based
on SCSB score proposed in this study can be a benchmark for future studies on optimal sizing of PV-EV system,
or distributed generation-load in general.
1. Introduction

Since the beginning of the industrial era, the power and transport
sectors have been two of the largest sources of greenhouse gas (GHG)
emissions, which have been one of the main causes of the global
warming [1]. This is due to the fact these two sectors have been mainly
relying on fossil fuels [1]. The transition towards more sustainable
energy and transportation systems have been promoted globally in the
recent years [2]. This has led to a significant growth in the adoption
of both renewable energy sources (RESs), such as photovoltaic (PV)
systems, and electric transportation, such as electric vehicles (EVs), in
the recent decades [3].

However, the integration of both PV and EVs comes with potential
technical challenges for the power system due to intermittent gener-
ation [4] and increased system load [5]. Furthermore, large scale PV
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integration can lead to overgeneration [6], while large scale EV integra-
tion can lead to overload [7,8]. These conditions lead to several power
system problems such as voltage and frequency deviation and fluctu-
ation [6], component overloading and increased system losses [9]. A
costly and time-consuming grid reinforcement will need to be done if
such problems are not handled properly [10]. The problems arising
from both PV and EV integration can be mitigated by improving
the temporal matching between the PV production and EV charging
load. Beside mitigating the potential technical problems in the grid,
improved PV-EV matching will also lead to economical benefits, such
as improved profitability of the PV systems [11], and environmental
benefits such as reduced CO2 emissions,Litjens2018. For these reasons,
many researchers are doing research on this topic [12,13].
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Nomenclature

Abbreviations

EV Electric vehicle
DG Distributed generation
AC Alternating current
DC Direct current
PV Photovoltaics
SC Self-consumption
SS Self-sufficiency
SCSB Self-consumption-sufficiency balance
EMS Energy management system
EVCS Electric vehicle charging station
RES Renewable energy sources
BESS Battery energy storage system
V2G Vehicle-to-grid
DSM Demand side management
LCOE Levelized cost of energy

Variables

𝛥𝑡 Temporal resolution (15-min)
𝑆𝑃𝑉 PV system size (kWp)
𝐴 PV system area (m2)
𝑆𝑜𝐶𝑡𝑎𝑟𝑔𝑒𝑡 Targeted state of charge (kWh)
𝑆𝑜𝐶𝑎𝑟𝑟 State of charge on arrival (kWh)
𝑃𝑃𝑉 ,𝑡 Solar PV generation at time 𝑡 (W)
𝑃𝐸𝑉 ,𝑡 EV charging load at time 𝑡 (W)
𝑃𝐸𝑉 ,𝑚𝑎𝑥 Maximum EV charging rate (W)
𝑀𝑡 Self-consumed power at time 𝑡 (W)
𝜂𝑃𝑉 PV cell efficiency (p.u.)
𝜙𝑆𝐶 Self-consumption (p.u.)
𝜙𝑆𝑆 Self-sufficiency (p.u.)
𝜙𝑆𝐶𝑆𝐵 Self-consumption-sufficiency balance (p.u.)
𝜂𝑖𝑛𝑣 PV inverter efficiency (p.u.)
𝜂𝐸𝑉 EV specific consumption factor (kWh/km)
𝜂𝑐ℎ EV charging efficiency (p.u.)
𝐼𝑡 Solar irradiance at time 𝑡 (W/m2)
𝐼𝑆𝑇𝐶 Solar irradiance at standard test condition

(1000 W/m2)
𝐷 Daily EV driving distance (km)
𝐸𝐸𝑉 ,𝑑𝑎𝑦 Daily EV charging demand (kWh)
𝜇𝑡𝑝𝑎𝑟𝑘 Mean net-load during the parking period

(W)
𝑡𝑎𝑟𝑟 Arrival time (h)
𝑡𝑑𝑒𝑝 Departure time (h)
𝑇 Time steps within the parking period (h)

The PV-EV synergy can be achieved by deploying smart energy
anagement systems (EMS) [13]. Recent studies show that the negative

mpacts on the low voltage grid from PV and EV can be reduced
y the implementation of demand side management (DSM) schemes,
uch as EV smart charging schemes, both with distributed control [14]
nd/or with centralized control [15,16]. Consequently, with an im-
roved synergy between PV and EV, the power grid hosting capacity
or both PV and EVs can be enhanced as shown in [17] for a case
tudy and in U.K., in [18] for a case study in Sweden, and in [19] for
case study on several test grids. Ref. [20] shows that smart charging

chemes can also improve a city scale energy system performance. On
2

the environmental aspect, a study in [21] shows that an improved PV-
EV synergy has a potential to significantly decrease the GHG emission.
Beside the technical and environmental advantages, an improved PV-
EV synergy potentially adds economic benefits for related stakeholders,
such as charging cost reductions for EV owners [22] and increased
revenues for PV systems owners and EV aggregators [23].

The potential of PV-EV synergy varies depending on the spatial
configuration [24]. At residential buildings, EVs are most commonly
parked from evening to morning next day [25]. On the other hand, at
workplaces, EVs are most commonly parked from morning to evening
within the same day [26]. Thus, the potential PV-EV synergy at the
workplace is comparatively higher than at home. With a more promis-
ing PV-EV synergy, studies on PV system integration at the workplaces
has been common in the recent years, for example in Refs. [27–29].

The temporal load matching for a distributed generation (DG) such
as local PV systems is often quantified with self-consumption (SC) and
self-sufficiency (SS) measures [30]. A local system with a high SC
ratio a high share of local generation self-consumed within the system,
regardless of its sufficiency to cover the load. We also have that a local
system with a high SS ratio has a high share of the load covered by
the local generation, which means that the system relies less on the
power grid [31]. This implies that an undersized PV system tends to
achieve a higher SC ratio, while an oversized PV system will lead to
higher SS. It should be noted that in an undersized PV system, the local
generation will contribute very little in covering the load. On the other
hand, in an oversized PV system, the majority of the local generation
most likely would not be self-consumed and might need to be curtailed,
unless the main grid is robust enough to handle the overgeneration [6].
Consequently, besides having an optimal operation via EMS, it becomes
important to define the optimal size for PV and EVs in a PV powered
electric vehicle charging station (EVCS), or new generation and load in
buildings or public facilities in general, so that the local generation is
enough to cover the majority of the load without wasting a large share
of the generation. Such condition is achieved when both the SC and the
SS are high and balanced.

1.1. Related work and motivation

Integration of PV and EVs in the built environment has been a
major topic within the power and energy system research field in
the recent years. This includes PV-EV integration at workplaces. A
considerable number of studies on EV integration at workplaces with
different focuses has been carried out. For example, in [32], the impact
of EV charging demand on distribution transformers in an office area
was assessed. A system design for solar powered EVCS at workplaces
with a case study in the Netherlands was presented in [28]. In [33],
integration of EVs in an office building located in southern Italy to
increase PV SC was studied. Recent research in [34] studied the ef-
fectiveness of an off-grid solar powered charging system at long-term
parking locations.

The EV integration studies are often extended to system perfor-
mance enhancements utilizing the flexibility of the EVs, e.g., with smart
charging and vehicle-to-grid (V2G) schemes. In [35], a smart charging
architecture for PV powered EVCS based on DC voltage sensing was
proposed. The smart charging objective of the mentioned work was
to increase PV utilization and avoid charging during the peak load
periods. A smart charging scheme to increase solar-to-vehicle (S2V)
ratio with a case study of a charging station in a university was pre-
sented in [27]. In [36], a real time smart charging scheme involving PV
generation for an EVCS at workplace area was proposed. The objective
of the smart charging in that paper was to minimize the charging cost.
Ref. [29] presented a smart charging scheme based on PV forecast at
the workplace, also with an objective of charging cost minimization.
Smart charging and V2G schemes at EVCS equipped with a PV-battery
energy storage system (BESS) also with a cost minimization objective

was proposed in [37]. Ref. [38] presented a charging management



Applied Energy 307 (2022) 118139R. Fachrizal et al.
strategy for portable charging stations in EV charging networks in
Washington, U.S. in order to reduce both peak loads and charging
queue time. A charging management strategy for large scale fast charg-
ing stations to avoid under-voltage problems in the medium voltage
grid was recently proposed in [16]. The charging management scheme
in the mentioned study used an algorithm called pre-centralized voltage
regulation. In [39], a cyber–physical co-modeling of a real world
system simulating smart V2G schemes was conducted. The objective
of the mentioned study was load flattening and PV utilization. A deep
reinforcement learning method for EV smart charging in the presence
of PV generation was used in a recent research in [40]. The control
objective of the smart charging scheme in the mentioned paper was to
increase the PV utilization.

Considerable amounts of previous research also studied the optimal
sizing of PV in different parts of the built environment. The recent
trend shows that the optimal sizing of PV systems is often assessed
together with BESS sizing. Ref. [41] presented a framework to define
the optimal PV-BESS sizing in residential buildings considering techno-
economic aspects, i.e., SC and frequency regulation participation. This
approach was also later used in another study on optimal household
PV-BESS sizing in [42]. In [43], the optimal PV sizing and operation in
a residential building which also includes household load, EV charging
load, BESS was presented. The approach in the mentioned paper was
also based on techno-economic aspects. The cost-optimal PV-BESS siz-
ing in an EVCS was studied in [44] considering a dynamic electricity
pricing and in [45] considering stochastic nature of both PV generation
and EV charging behavior. Ref. [46] presented optimal PV-BESS sizing
considering the implementation of a smart EMS with the objective to
cover residential EVCS loads.

The studies on the optimal EVCS sizing in terms of the number of
charging ports is comparatively more scarce than studies on PV-BESS
sizing. An example of such studies is [47], where an optimal EVCS
sizes powered by commercial PV systems considering reactive power
support was determined. Ref. [48] also presented a study on EVCS
optimal sizing in terms of the number of charging ports together with
the integrated PV-BESS sizing considering economic aspects. In [49],
a dynamic approach for cost-optimal planning for EVCS construction,
which includes optimal capacity of the EVCS, was proposed. The inte-
gration of rooftop PV system was also included in the mentioned study.
Recently, Ref. [50] proposed an optimal sizing method of EVCS in cities
considering urban traffic flow. An extensive urban study and traffic
flow simulations were used to define the optimal sizing of the EVCS.

As reviewed, the economic aspects have been the most common
considerations in defining the optimal system size of solar powered
buildings or infrastructures in the previous studies. Even though the
economic aspect is a big interest for the building/infrastructure owners,
economic aspects in defining the optimal PV size will be subject to local
policies and regulations [51]. The local policies and regulations related
to PV, which are likely to be different between regions and countries,
are including but not limited to levelized cost of energy (LCOE), feed
in tariffs, tax and subsidy related to RES and CO2 emissions [52]. Thus,
different case studies will likely require different formulation for cost
optimal sizing.

In comparison to the economic aspects, the formulation of SC and SS
are universal for any local RES powered buildings or infrastructure as
shown in several studies, for example in [30,53,54]. Thus, optimal siz-
ing framework based on these parameters has the potential to become
a universal benchmark. To the best knowledge of the authors, there
has not been any study which proposed a framework which consider
the balance between SC and SS for optimal PV-EV sizing at an EVCS
or for optimal PV-load sizing in general, and that can be considered
a research gap. Furthermore, the impact of smart charging schemes
to such optimal PV-EV sizing in the workplace EVCS has not been
conducted previously.

The balance between SC and SS is important because as discussed
3

earlier, an oversized DG will lead to a low SC despite the high SS
achieved. On the other hand, an undersized DG will lead to a low
SS despite the high SC achieved. In order to achieve an optimal DG
utilization, a novel measure combining both SC and SS measures are
needed. Several references, e.g., [55–57], have previously presented a
measure combining both SC and SS, albeit there only for load matching
assessment purposes, and not for PV-load sizing purposes. However,
this measure did not represent accurately the actual load matching
performance for buildings with lower middle SC and SS performance.
A measure combining the SC and SS that accurately represent the load
matching performance is another research gap. A novel formulation
combining SC and SS in order to quantify the performance of PV pow-
ered buildings/infrastructures in a more representative way is proposed
in this study. The measure is also used to define the optimal PV-EV
size in the workplace charging stations. The comparison between the
previous measures and the novel measure proposed in this study is
discussed comprehensively in Section 3.2.

1.2. Aims and structure of the paper

This paper aims to complement previous research by proposing an
optimal PV-EV sizing framework considering the balance between SC
and SS as well as assessing the optimal operation for EVCS with smart
charging schemes with an objective of flattening the net-load profile.
The framework is tested on Swedish conditions for travel behavior and
solar irradiance. In addition, it is also tested for irradiance on Oahu,
Hawaii, to determine the effect of the modeling with two different
climatic regions on the results. The following topics are investigated:

1. The potential of improved synergy between PV generation and
EV charging in the workplace charging station by smart charging
schemes quantified by SC and SS measures.

2. The optimal PV-EV sizing for the workplace charging station us-
ing a novel framework and measure which considers the balance
between SC and SS.

3. The impact of the deployment of EV smart charging schemes to
the optimal PV-EV sizing for the workplace charging station.

4. The sensitivity analysis of optimal PV-EV sizing and operation
for the workplace charging station in different climatic regions
to test the universality of the proposed framework.

This paper is organized as follows: Section 2 presents the simulation
data, assumptions, scenarios, EV charging schemes used in this study as
well as the load matching measures and the framework proposed in this
study. Section 3 presents the results for generation-load profiles, load
matching performance enhancement by the smart charging schemes,
optimal PV-EV sizing in the workplace charging station and sensitivity
analysis of the models and the framework with different irradiance
profiles. In Section 4, the highlights of the results and possible future
work are discussed. Section 5 presents the main conclusions of the
paper.

2. Methods

This section describes the methods used in the study. Fig. 1 shows a
flowchart depicting the workflow of the conducted studies in this paper.
The details of data, the case study, models, scenarios, assumptions used
in this paper as well as the load matching measures and the framework
proposed in this paper are further described in Sections 2.1–2.4. In this
paper, the simulations are based on the conditions for Sweden, with a
wide applicability for high latitude regions. Other than that, this paper
also utilized Hawaii solar irradiance profile for sensitivity analysis of

the models in lower latitude climatic regions.
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Fig. 1. Flowchart of the conducted studies in this paper.
2.1. Data and case study

2.1.1. Solar PV power production
The solar power production profiles for the Swedish conditions

in this study are based on a synthetic yearly irradiation profile in
Stockholm, Sweden, with latitude 59.3◦ N and longitude 18.0◦ E from
Meteonorm [58]. The simulated PV system at Stockholm site was tilted
42◦ to the south to maximize the yearly energy yield. Apart from
Stockholm profile, this study also utilized global horizontal irradiance
(GHI) data for Oahu, Hawaii, USA, from Oahu Solar Measurement Grid
with latitude 21.3◦ N and longitude 158.1◦ W [59].
4

Commonly, the PV generation at time 𝑡, 𝑃𝑃𝑉 ,𝑡 (W), can be written
as [60]

𝑃𝑃𝑉 ,𝑡 = 𝜂𝑖𝑛𝑣 × 𝜂𝑃𝑉 × 𝐴 × 𝐼𝑡, (1)

where 𝜂𝑖𝑛𝑣 is the inverter efficiency which in this study was set to 0.95,
𝜂𝑃𝑉 is the PV cell efficiency, 𝐴 is the PV area (m2), and 𝐼𝑡 is the incident
solar radiation on the tilted place (W/m2) at time 𝑡. For the simulations
in this study, PV system size in kWp is of interest rather than the PV
area. The PV system size in kWp for this study referred to one of the
silicon-based PV system offered in the Swedish market, with 𝜂𝑃𝑉 of
0.167 [61]. In the referred system, 1 kWp system will have a PV area
of 6 m2.
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Fig. 2. EV user workplace mobility statistics for this study: (a) time arrival at and departure from the workplace and (b) mean daily occupancy of workplace parking spaces for
weekdays and weekends.
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2.1.2. Mobility patterns and daily charging demands
This study utilized Swedish travel survey data in 2006 obtained

from [62] to model user mobility patterns and the EV charging de-
mands. This approach is motivated by the finding in [25], which
showed and validated that modeling the EV charging demand based on
mobility and travel survey data is an appropriate way to resemble the
real EV charging demand. The arrival and departure times, the origin
and destination locations, and the distance traveled in each trip were
available in the used survey data. In this study, home to work mobility
patterns were used to define the arrival times at the workplace, while
work to home mobility patterns were used for the departure times. It
should be noted that the home-work-home mobility patterns, both in
histogram shapes and magnitudes, are different between weekdays and
weekends, as illustrated in Fig. 2. Based on the data used in this study,
only around 7% of the users go to office on the weekend and with
irregular and shorter parking periods. From this survey data, the user
mobility patterns were generated with a Monte Carlo sampling method.
Fig. 2(a) and (b) shows the histogram of users’ workplace arrival and
departure times, and the mean daily fraction of the vehicles at the
workplace parking lot respectively. From Fig. 2, it can be seen that most
of the cars arrive at the workplace between 06.00 and 10.00 and leave
from the workplace between 15.00 and 18.00. This results in a very
high parking lot occupancy during the day.

The daily EV energy use was also modeled with a Monte Carlo
method by randomly sampling the distance traveled for home to work
trips from the survey data [62]. According to [60], the daily EV energy
demand for charging can be defined as

𝐸𝐸𝑉 ,𝑑𝑎𝑦 = 𝜂𝐸𝑉 ×𝐷, (2)

where 𝐷 is the daily driving distance, and 𝜂𝐸𝑉 is the EVs specific
onsumption (kWh/km). In this study, 𝜂𝐸𝑉 is subjected to the air
emperature condition to represent the seasonal EV energy needs as EVs
equire more energy for passengers’ comfort heating in colder weather.
he daily average temperature over the year was taken into account to
efine 𝜂𝐸𝑉 in each day of the year. The 𝜂𝐸𝑉 was set to 0.25 kWh/km
n a day with a mean daily temperature of −10oC, which was the
ay with the lowest mean daily temperature in this data set. On days
ithout the need for a comfort heating system on, which was assumed

o be the days with mean daily temperature higher than 10oC, 𝜂𝐸𝑉
as set to 0.15 kWh/km. The 𝜂𝐸𝑉 s on other days were set between
.15–0.25 kWh/km depending on the mean daily temperature in those
ays. The mean daily temperature for Stockholm was obtained from
he Swedish Meteorological and Hydrological Institute (SMHI) [63].
or the case study in Hawaii, the 𝜂𝐸𝑉 was set to 0.20 kWh/km all the
ear [64]. This is in order to represent the cooling needs for vehicle
5

hermal comfort in warm Hawaii climate [64]. t
In this study, the maximum usable energy in the battery is set to 30
Wh. This is assuming that the battery can provide enough energy for
he daily trips within a city. The daily driving distance 𝐷 is calculated
y doubling the randomly sampled home-workplace trip distance. The
ssumption is that each EV performs two equally long trips a day,
uch as a trip from work to home and back to work again in the next
orning. It should be noted that in this case, it is assumed that EV only

harge once in a day and in the workplace charging station to fulfill its
aily energy demand. The motivation behind this is to have best-case
pproximation of the workplace EVCS utilization.

The maximum charging power was set to 11 kW, which is a common
ower rating for AC chargers at public charging stations [65]. In this
tudy, it is worth mentioning that the schemes do not require a fast
harging with high charging power for at least two reasons. First,
ost of the EVs stay parked for a long period, i.e., during working
ours, thus the EV energy demand can still be fulfilled with slow
harging. Second, the utilization of the local PV system integrated at
he EVCS will be higher with slow charging. In this study, the charging
fficiency was set to 90%, which referred to the average of Level 2
harging efficiency [66]. Additionally, it was assumed that the charging
fficiency was constant regardless of the charging power.

.2. EV charging schemes

This section describes the uncontrolled charging, the distributed
mart charging and the centralized smart charging schemes simulated
n this study. The simulated smart charging schemes were based on the
esidential EV smart charging schemes presented in [67], with some
equired modifications to represent the workplace EVCS condition. In
his study, as a major assumption, the model for smart charging does
ot alter the mobility patterns of the driver.

.2.1. Uncontrolled charging
In the uncontrolled charging scheme, EVs charge opportunistically.

his implies that EVs start charging with the maximum charging power
11 kW) as soon as they are parked at the workplace. The scheme
oes not consider surrounding parameters, e.g., local PV generation or
lectricity price. The charging is stopped when the targeted SoC is met,
hich corresponds to a full charge of usable battery capacity (30 kWh).

f the parking duration is not long enough to make the EV fully charged,
he charging is stopped at the departure time. From this scheme, a full
ear time-series of uncontrolled EV charging load was generated for

his study.
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Fig. 3. Overview of the smart charging scheme in this study.

.2.2. Smart charging
The smart charging scheme in this study is adapted from [67].

n the smart charging scheme, the charging does not always start
mmediately upon arrival at the workplace and nor does it always
se the maximum charging power. The charging scheme considers a
V production forecast within the parking period. The smart charging
cheme in the mentioned paper has an objective of minimizing the
esidential building net-load variability with constraints of targeted
tate of charge (SoC) and maximum charging rate. In this study, no
esidential nor office building load was considered, since the main
bjective of installing PV system is to cover the EV charging load in
he EVCS. Thus, only net-load between EV load and PV generation is
onsidered. Minimizing the net-load variability will lead to a flatter
et-load profile, which will consequently increase the local generation
C and decrease the peak loads. Fig. 3 shows an overview of the
roposed smart charging scheme. It should be noted that the perfect
orecasts of PV generation were used for the smart charging simulations
n this study, since one of the objectives of this study was to define the
ighest possible PV-EV load matching potential at workplaces using the
mart charging schemes. The objective function of the smart charging
s represented by a population variance equation, which is expressed
s
in

∑

𝑡∈𝑇
(𝑃𝐸𝑉 ,𝑡 − 𝑃𝑃𝑉 ,𝑡 − 𝜇𝑡𝑝𝑎𝑟𝑘)2. (3)

he denominator part of the variance equation, which is a constant, is
ot taken into account in the objective function as it will not change
he optimization result. The constraints of the optimization are defined
s
.t. 𝜂𝑐ℎ

∑

𝑡∈𝑇
𝑃𝐸𝑉 ,𝑡𝛥𝑡 = 𝑆𝑜𝐶𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑆𝑜𝐶𝑎𝑟𝑟,

0 ≤ 𝑃𝐸𝑉 ,𝑡 ≤ 𝑃𝐸𝑉 ,𝑚𝑎𝑥, ∀𝑡 ∈ 𝑇 .
(4)

here 𝑇 is the time steps within the parking period from arrival time
𝑎𝑟𝑟 and departure time 𝑡𝑑𝑒𝑝 of the car, 𝑃𝐸𝑉 ,𝑡 is the charging power rate
t time 𝑡, 𝑃𝑃𝑉 ,𝑡 is the solar power production at time 𝑡, 𝜇𝑡𝑝𝑎𝑟𝑘 is the

mean net-load during the parking period considering the EV charging
load. In the constraint, 𝜂𝑐ℎ is the charging efficiency, 𝑆𝑜𝐶𝑡𝑎𝑟𝑔𝑒𝑡 is the
state of charge targeted in the battery in kWh, 𝑆𝑜𝐶𝑎𝑟𝑟 is the state of
charge in the battery on arrival in kWh, and 𝑃𝐸𝑉 ,𝑚𝑎𝑥 is the maximum
charging power rate. The mean net-load during the parking period
𝜇𝑡𝑝𝑎𝑟𝑘 is defined as

𝜇𝑡𝑝𝑎𝑟𝑘 =
(𝑆𝑜𝐶𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑆𝑜𝐶𝑎𝑟𝑟)∕𝜂𝑐ℎ −

∑

𝑡∈𝑇 𝑃𝑃𝑉 ,𝑡 ⋅ 𝛥𝑡
𝑡𝑑𝑒𝑝 − 𝑡𝑎𝑟𝑟

. (5)

ith this formulation, the scheme will attempt to make the net-load at
ach time step to be as close as possible to value of 𝜇𝑡𝑝𝑎𝑟𝑘, resulting a
aximally flat net-load profile. Since the formulation has a quadratic
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objective function, a quadratic programming approach was needed for
this charging optimization.

Both distributed and centralized smart charging were simulated in
this study. The formulations of distributed and centralized charging
schemes in this study are essentially the same, as was studied for
residential-charging in [67]. The only differences between the schemes
are the coordination scopes and the share of PV generation consid-
ered for the optimization input. In the distributed smart charging, the
control in each port is conducted considering only the individual EV.
The other EVs in the EVCS are not considered. In addition the PV
generation input to the optimization formulation is scaled down based
on the number of EV charging ports. For example, in an EVCS with 𝑛
charging ports, each charging port will only consider 1/𝑛 of the total
generated power from the whole installed PV systems at the EVCS. This
strategy is needed for the particular smart charging scheme to avoid
the avalanche effect, where all EVs charge simultaneously during the
peak of PV generation without coordination [68]. The avalanche effect
can lead to a new high net-load in the solar peak hours, while the PV
generation in other hours will not be well-utilized [69].

In the centralized charging, the coordination scope is for the whole
EVCS and with all the PV generation in the EVCS considered for the
optimization input. The difference between the distributed and the
centralized charging schemes is illustrated in Fig. 4. There are some
additional rules in the presented centralized smart charging scheme
to avoid avalanche effect. The first one is that, if more than one EVs
arrive at time step 𝑡, the charging scheduling of the EV that will depart
earlier will be executed earlier since the EVs which park longer have a
higher flexibility to make the total net-load profile flatter. The second
one is that the forecast of PV net-generation in the scheduled horizon
is always updated after a charging schedule of an EV is defined. The
update of PV net-generation forecast is defined as

𝑃𝑃𝑉 ,𝑡 = 𝑃 ′
𝑃𝑉 ,𝑡 − 𝑃𝐸𝑉 ,𝑡, (6)

where 𝑃 ′
𝑃𝑉 ,𝑡 is the perfect forecast of PV net-generation at time 𝑡 before

the latest EV scheduling is defined. With this update, the next EV
charging scheduling considers the change of PV net-generation profile
due to the allocation for the previously scheduled EV charging load.

2.3. Load matching measures and framework

This section describes SC and SS measures which are two of the
most common load matching indicators for PV systems integrated in
buildings or public facilities [30]. In addition, the score on the balance
between SC and SS is proposed here. Fig. 5 shows a schematic outline
of workplace EVCS 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 EVCS. SC is
defined as the fraction of the self-consumed PV electricity to the total
PV electricity production, while SS is defined as the fraction of self-
consumed PV electricity to the total PV electricity production. Based
on the illustration in Fig. 5, SC and SS can be defined as [30]

SC = C
B+C , (7)

SS = C
A+C . (8)

For the case of PV power used for EV charging only, the self consumed
power at time 𝑡, can be defined as [30]

𝑀𝑡 = min(𝑃𝐸𝑉 ,𝑡, 𝑃𝑃𝑉 ,𝑡). (9)

Also, it can be shown that the SC and SS can be defined mathematically
as [30]

𝜙𝑆𝐶 =
∫ 𝑀𝑡𝑑𝑡
∫ 𝑃𝑃𝑉 ,𝑡𝑑𝑡

, (10)

𝑆𝑆 =
∫ 𝑀𝑡𝑑𝑡 . (11)

∫ 𝑃𝐸𝑉 ,𝑡𝑑𝑡
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Fig. 4. The architecture of (a) distributed and (b) centralized smart charging.
Fig. 5. Schematic outline of daily EV charging load (A + C), PV generation (B + C),
self-consumed electricity (C) for the workplace charging.

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

As mentioned earlier, an undersized PV system tends to achieve
a higher SC ratio, yet the contribution of the PV system will be too
small in covering the load. On the other hand, an oversized PV system
lead to higher SS, yet a large share of the local generation most likely
would not be self-consumed and in most common scenarios should be
curtailed, except if the power grid is robust enough to deal with the
surplus generation [6]. Thus, SC alone or SS alone will barely represent
how well the PV-load synergy. In fact, increasing the PV size to increase
SS will lower SC in cases without BESS and/or EMS. Therefore, both
measures should be taken into account when assessing the performance
of a local PV system integrated in buildings or infrastructures.
7

Table 1
Comparison of SC, SS and SCSB of three example systems with the same arithmetic
mean of SC and SS: 0.5.

Case SC SS SCSB

a 0.80 0.20 0.32
b 0.50 0.50 0.50
c 0.20 0.80 0.32

In order to have a viable score that combines SC and SS, we
introduce a novel metric called self-consumption-sufficiency balance
(SCSB), which is defined as

𝜙𝑆𝐶𝑆𝐵 =
2𝜙𝑆𝐶𝜙𝑆𝑆
𝜙𝑆𝐶 + 𝜙𝑆𝑆

. (12)

The score is intended to convey the balance between the SC and SS by
combining the two measures in a single metric. The SCSB score is based
on harmonic mean formula which is one of the Pythagorean means
along with arithmetic and geometric means [70].

The SCSB score ranges between 0 and 1. A high SCSB score can
only be achieved if both the SC and the SS are high. The SCSB scores
for different SC and SS values are illustrated in Fig. 6. The score gives
a low score if either of the SC or the SS is too low, regardless of the
high value of the other parameter. In Fig. 6 and Table 1, three example
cases system: a, b, c, are compared. The three cases have the same SC-
SS arithmetic mean of 0.5. However the SCSB scores of case a and c are
lower than the score of case b. This is because the SC and SS in case b
are balanced. On the other hand, in case a, the SS is significantly lower
than the SC indicating an undersized PV system, and in case c, the SC
is significantly lower than the SS indication an oversized PV system.
In conclusion, the SCSB score will reward the balance between SC and
SS instead of a very high value of one of the parameters if the other
parameter is too low.

Other measures combining both SC and SS measures in a single
measure have been presented in [55] as Behavior Ratio and in [56,57]
as Renewable Energy Use, albeit there only for building performance
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Fig. 6. SCSB scores for different SC and SS values. Point a, b and c are three example
cases where the arithmetic mean of SC and SS is 0.5.

assessment purposes, and not for PV-load sizing purposes. In both of
those measures, the annual SC is multiplied by the annual SS. Similarly
to the SCSB score proposed here, those measures range between 0 and
1, and the perfect score of 1 can be achieved if both of the SC and the
SS are 1. The Behavior Ratio/Renewable Energy Use scores for different
SC and SS values are illustrated in Fig. 7(a). From Fig. 7(a), it can
be seen that those measures will give a significantly lower score for
lower middle SC and SS performances. For instance, in the example
cases presented in table Table 1, both of those measures will give case
a, b and c a score of 0.16, 0.25 and 0.16, respectively, while both
the actual SC and SS are significantly higher. Thus, those measures
did not represent accurately the actual load matching performance for
buildings with lower middle SC and SS performance.

The square root of Behavior Ratio/Renewable Energy Use score is the
geometric mean of the SC and the SS, and can represent the actual load
matching performance more accurately than Behavior Ratio/Renewable
Energy Use. The geometric means for different SC and SS values are
illustrated in Fig. 7(b), and it can be seen the pattern has a high
similarity with the proposed SCSB score pattern using the harmonic
mean. However, we opted to choose the harmonic mean over the
geometric mean because, among the pythagorean means, the harmonic
mean is an appropriate mean score for the data in which the values are
rates or ratios [70,71], like the SC and the SS.

Other than that, a similar principle using harmonic mean is already
proven to be useful in other field, i.e., machine learning, for a similar
problem. In the machine learning field, the principle using harmonic
mean is used for an important score, specifically for classification
problems, called F1-score or F-score [71]. The F1-score is intended to
convey the balance between two important parameters: precision and
recall [71]. Like SC and SS, both precision and recall are ratios. The
F1-score is primarily used to compare the overall performance of two
or more classification models and can helps to define the most suitable
model for a certain classification problem. [71]. Similarly, using SCSB
score to assess the load matching performance can be a framework
that helps to define the suitable system size of a certain RES powered
building or infrastructure, such as PV powered EVCS.

2.4. Simulation scenarios

In order to investigate the scores for a wide variety of scenarios,
several scenarios on the number of EV charging ports were simulated,
i.e., 5, 10, 20, 40, 60, 80 and 100. Similarly for the PV sizes, several
scenarios were simulated, they are: 5 kWp, 10 kWp, 20 kWp, 40 kWp,
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60 kWp, 80 kWp and 100 kWp which corresponding to 30 m2, 60 m2,
120 m2, 240 m2, 360 m2, 480 m2 and 600 m2, respectively.

Beside the scenarios from the combination between PV and EV
sizes, three charging scenarios were simulated: uncontrolled charging,
distributed smart charging and centralized smart charging. These three
scenarios were also simulated in a sensitivity analysis where Hawai-
ian irradiation data was used. The sensitivity analysis aims to test
the framework for a different climate zone with different irradiation
profiles.

3. Results

3.1. Generation-load profiles

Fig. 8 shows the PV power production and EV charging load pro-
files with different charging schemes at the charging station for the
Stockholm case in three different weeks, i.e., a full-week in each of
March, June and December. These months were chosen to cover a wide
variety of seasons. The mean daily generation-load profile in March,
June and December are shown in Fig. 9. In both figures, the size of
the PV system was 40 kWp and the number of charging ports was set
to 40. The generation and load profiles in March, June and December
represents the profiles in the days with average, longest and shortest
daylight hours in Sweden respectively. This is intended to show the
generation-load profile variability among seasons. By visual inspection
of Figs. 8 and 9, it can be seen that the uncontrolled charging profile
can be easily distinguishable from the smart charging profiles. The
uncontrolled charging load profile has daily peaks between 08.00–
10.00, while the smart charging load profiles have daily peaks between
12.00–13.00 following the solar generation diurnal patterns. As a re-
sult, the temporal matching between the PV generation and smart
charging loads are significantly higher compared to the one between
PV generation and uncontrolled charging load. The distributed smart
charging load profile is similar to the centralized smart charging load
profile. The only difference between the two is that the centralized
smart charging was slightly flatter, while the distributed smart charging
profile has more ripples since the charging was not coordinated by
single central unit.

By comparing each subfigure in Figs. 8 and 9, the seasonality
of the PV generation can be observed. With this particular case of
combined PV-EV size, the PV contribution for EV charging in December
is very low, even with smart charging schemes. However, the smart
charging schemes in winter still gave important advantages by avoiding
high peak charging load and making the load profile flatter. On the
other hand, in June, there was more PV electricity generated than
EV charging energy demand. With perfect forecast smart charging
schemes, there would still be electricity surplus at the EVCS in June.
This seasonal variability would be a limitation for reaching a perfect
load matching on annual basis.

Beside PV seasonality, the user mobility behavior from and to the
workplace would also be a limitation to the load matching potential. As
can be seen in Fig. 8, the charging load on weekends was significantly
lower than on weekdays, since only a very few users visited the work-
place on weekends. However, it should be noted that the assumption
in this study was that the EVCS was strictly for workplaces only,
with workplace mobility patterns. Other parts of the built environment
combining residential, workplace and commercial buildings such as
malls, are expected to have different weekday and weekend charging
profiles.

3.2. Load matching performances

In this section, the results in load matching performances, i.e., SC,
SS and SCSB, from this study is presented. Fig. 10 shows the load
matching performances for the Stockholm case, i.e., (a) SC, (b) SS and
(c) SCSB, in some combined PV-EV size examples simulated in this
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Fig. 7. (a) Behavior Ratio [55] or Renewable Energy Use [56] scores and (b) geometric means of SC and SS for different SC and SS values.
Fig. 8. Example of PV power production and EV charging load profiles with different charging schemes at the charging station with 40 kWp PV system and 40 charging ports in
the third full-week of (a) March, (b) June and (c) December: Stockholm case.
study. In the figure, black lines represent scenarios with uncontrolled
charging, red lines represent scenarios with distributed smart charging
and blue lines represent scenarios with centralized smart charging. Dot-
ted lines represent scenarios with 20 chargers, dashed lines represent
scenarios with 40 chargers and solid lines represent scenarios with
60 chargers. By comparing the results, it can be seen that the smart
charging improved SC and SS regardless of the combined PV-EV sizes.
The exact numerical estimates of the improvements in the SC and the
SS are presented in Section 3.2.1.
9

From Fig. 10, it can also be seen by comparing the results for
different combined PV-EV sizes, that the SC was lower when the PV
size was higher and the number of EV charger ports was lower. On the
other hand, the SS was higher for the same reasons. Unlike the SC and
SS with consistent trends when the PV and EV sizes were increased or
decreased, the SCSB plots are concave-shaped which implies that the
maximum is neither obtained from the lowest nor the highest value of
the independent variable. Because of the concavity of the SCSB curve, it
allows for finding and optimal configuration of number of EV charging
ports and PV size. For example, based on Fig. 10(c), the maximum SCSB
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Fig. 9. Daily average of PV power production and EV charging load profiles with different charging schemes at the charging station with 40 kWp PV system and 40 charging
ports in (a) March, (b) June and (c) December: Stockholm case.
Fig. 10. (a) SC, (b) SS and (c) SCSB in the workplace charging station for selected PV sizes and numbers of EV charging ports: Stockholm case.
or an EVCS with 20 charging ports with smart charging capability is
btained when the PV system size is 20 kWp. A more comprehensive
resentation and analysis on configuration of number of EVs and PV
ystem size based on the SCSB metric is presented in Section 3.3.

As discussed earlier, the solar seasonality affects the temporal
atching between the PV and the load in different seasons. This led to

arying SC and SS at different times of the year. Fig. 11 shows the SC,
S and SCSB at the EVCS with a 40 kWp PV system and 40 EV charging
orts in different months of the year. In the figure, it can be seen that
he SC was higher during the winter where the generation was low
hile the SS was higher during the summer where the generation was
igh. The SCSB, as the harmonic mean, was higher during the summer
ompared to during the winter. This was due to an extremely low SS
uring the winter. As mentioned earlier, the annual PV load matching
t high latitude will be limited by its high solar seasonality, unless
easonal storage systems which can store electricity in the summer and
ispatch it in the winter are deployed, which is not investigated in this
tudy.

.2.1. Performance enhancements with smart charging
Tables 2 and 3 show the SC and SS improvements, respectively, in

he distributed and centralized smart charging scenarios compared to
he ones in the uncontrolled charging scheme in different combined
V-EV configurations at the EVCS for the Stockholm case. The improve-
ents were quantified in percentage point increase. It should be noted

hat the smart charging schemes with the perfect forecast simulated in
his study will be a best-case approximation for SC and SS scores using
10

he schemes.
Table 2
SC increases in percentage points at the EVCS with varying combined PV-EV sizes
with distributed charging (D) and centralized charging (C) compared to uncontrolled
charging with a maximum charging power of 11 kW: Stockholm case.

PV system size
(kWp)

Number of EV charging ports

20 40 60 80 100

D C D C D C D C D C

20 40.8 42.6 41.7 43.3 35.2 37.6 30.7 34.2 26.1 30.2
40 25.5 26.9 38.1 40.0 38.4 39.8 35.4 36.9 31.6 33.4
60 17.6 18.9 29.8 31.7 35.9 37.6 37.5 38.7 35.6 36.7
80 13.0 13.9 23.8 25.3 30.5 32.5 35.3 36.8 36.7 37.9
100 10.2 10.9 19.6 20.9 26.0 27.8 31.3 33.2 34.7 36.1

It can be seen in the tables that if smart charging is possible at the
EVCS, the matching performances can be improved quite significantly.
The SC improvement by the smart charging scheme is less significant
when the PV system was undersized or oversized, for example the
improvements with combined PV-EV sizes (kWp — number of chargers)
of 100–20 and 20–100 are lower than with 20–20. As for SS, among the
simulated scenarios, with an exception of the scenario with 20 charging
ports, the improvement potential is always higher when the PV size was
higher. This is due to the fact that more PV generation can be utilized
in an oversized PV system to make the system more self-sufficient.
That being the case, an EVCS with an oversized PV system is more
incentivized to utilize the EV parking time flexibility and deploy smart
charging schemes whenever possible. In the scenario with 20 charging



Applied Energy 307 (2022) 118139R. Fachrizal et al.
Fig. 11. (a) SC, (b) SS and (c) SCSB in different months in the year: Stockholm case.
Table 3
SS increases in percentage points at the EVCS with varying combined PV-EV sizes
with distributed charging (D) and centralized charging (C) compared to uncontrolled
charging with a maximum charging power of 11 kW: Stockholm case.

PV system size
(kWp)

Number of EV charging ports

20 40 60 80 100

D C D C D C D C D C

20 29.4 30.7 15.0 15.6 8.5 9.1 5.6 6.2 3.8 4.4
40 36.8 38.8 27.4 28.8 18.7 19.3 12.8 13.4 9.2 9.7
60 38.0 40.8 32.1 34.1 26.2 27.4 20.4 21.1 15.5 15.9
80 37.5 40.2 34.2 36.3 29.6 31.6 25.6 26.7 21.3 21.9
100 36.8 39.3 35.2 37.6 31.6 33.7 28.4 30.1 25.1 26.1

ports, the highest SS improvement is higher in the scenario with 60
kWp PV system than in the scenario with 100 kWp PV system. It is an
indication that the smart charging scheme contribute less significantly
in improving the SS if the PV system is extremely oversized. This is due
to the fact that the SS will be already high with an extremely oversized
PV system, thus it leaves less room for the smart charging to improve
the SS. As studied in [30], it is more difficult to increase the SC and the
SS if they are already high, e.g., increase from 30% to 50% is counted
as the same increase as from 50% to 70%, but the latter is more difficult
to achieve.

It can also be seen from the tables that the enhancement potentials
with the centralized charging was higher than with the distributed
charging. However, the difference was not that significant, only be-
tween 0.9–3.9 percentage points for the SC and between 0.6–2.8 per-
centage points for the SS depending on the configuration of PV-EV
sizes. Even though the difference was not that significant, it should be
noted that a strategy to avoid the avalanche effect is needed for the
distributed smart charging scheme to obtain performances close to the
11
results from the centralized smart charging scheme. For example, in
the simulated distributed charging scheme, the strategy was that the
PV generation input to the optimization model was scaled down by the
number of charging ports. With the centralized charging scheme, the
avalanche effect is avoided by design of the centralized smart charging
scheme.

3.3. Graphical analysis for optimal PV-EV sizing

This section presents the graphical analysis of SC, SS and SCSB
which can be a framework or a tool to define the optimal PV-EV sizing
in a building or a facility powered by PV systems such as a solar
powered workplace charging station. Figs. 12–14 show colormaps of
SC, SS and SCSB in different PV-EV sizes for the EVCS in this study
with (a) uncontrolled charging, (b) distributed smart charging and (c)
centralized smart charging for the Stockholm case. In the figures, the
estimation of the SC, the SS and the SCSB between the simulated PV-
EV sizes was conducted with a spline interpolation approach. With the
colormap framework of Figs. 12 and 13, it is easier to understand that
the larger the size of PV system, the lower the SC and the higher the
SS; and the larger the number of EV charging ports, the higher the SC
and the lower the SS.

As discussed earlier, the SCSB score can be used to define the
optimal size of the PV system and number of EV charging ports for
a solar powered EVCS. A high SCSB implies that the system is close to
being self-sufficient without wasting a large share of local electricity
production. In Fig. 14, additional lines following the vertices were
added to help pointing out the optimal combined PV-EV sizes. This
framework can help one to properly size the PV-EV system more easily.
For example, with the uncontrolled/opportunistic charging scheme
shown in Fig. 14(a), for an EVCS with 40 charging ports, the optimal
PV size is around 50 kWp. PV sizes larger or lower than that would

result in lower overall load matching performance. Conversely, in a
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Fig. 12. SC at the workplace charging station for (a) uncontrolled charging, (b) distributed smart charging and (c) centralized smart charging scenarios with different PV sizes
and numbers of EV charging ports: Stockholm case.
Fig. 13. SS at the workplace charging station for (a) uncontrolled charging, (b) distributed smart charging and (c) centralized smart charging scenarios with different PV sizes
and numbers of EV charging ports: Stockholm case.
Fig. 14. SCSB at the workplace charging station for (a) uncontrolled charging, (b) distributed smart charging and (c) centralized smart charging scenarios with different PV sizes
and numbers of EV charging ports: Stockholm case. The diagonal line represents the estimation of the optimal SCSB in different PV and EV sizes.
similar fashion, the PV system size can be fixed as a basis for deter-
mining the number of EV charging ports. For example, for an EVCS
with 60 kWp PV systems, the optimal number of charging ports is
around 55. More or fewer ports installed at the EVCS will result in
lower overall load matching performance. It can be seen that with the
uncontrolled/opportunistic charging scheme, the optimal SCSB values
are still low and not significantly higher than the non-optimal values.
12
The smart charging schemes presented in this study can be used
to improve the SCSB since the schemes always maximize the self-
consumed electricity, which is the numerator in both SC and SS formu-
las, see Eqs. (10) and (11). It can be seen in Fig. 14(b) and (c), that the
SCSB values around the optimum are enhanced significantly with the
smart charging schemes. It can also be seen that much larger or smaller
sizes of the PV system compared to the number of charging ports still
have low SCSB values. Low SCSB is the result of an extremely low value
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of either SC or SS or both. That implies that the difference in SCSB
performance between a properly-sized and an undersized/oversized PV
powered EVCS is highly significant.

By comparing the optimal size lines in Fig. 14(a), (b) and (c), it can
be seen that the combined optimal PV-EV sizes with the smart charging
schemes are shifted from the ones with the uncontrolled/opportunistic
charging scheme, while the results for the distributed and centralized
smart charging are almost identical and hardly distinguishable. As it
can be seen, compared to the smart charging, the uncontrolled charging
scheme requires higher PV size to reach optimum in lower EV size,
while it requires lower PV size to reach optimum in higher EV size. This
is due to the lower temporal matching in the uncontrolled charging
scheme. Thus in order to reach the optimum SCSB, compared to the
smart charging scheme, the uncontrolled charging scheme requires
higher PV size in a small EVCS to avoid an extremely low SS due to
a very small generation. Meanwhile, it requires lower PV size in a
large EVCS to avoid an extremely low SC due to massive amount of
unconsumed electricity.

With a highly different EV charging load profiles in uncontrolled
charging and smart charging scenarios, the relevant stakeholder should
take into account the smart charging applicability at the EVCS for PV-
EV sizing, since the optimal sizing with and without smart charging
will be different. Beside having different combined optimal PV-EV sizes,
the optimal SCSB value with the smart charging scheme is significantly
higher than the optimal SCSB value with the uncontrolled charging
scheme. This implies that the implementation of SCSB enhancements
strategies, such as smart charging schemes or BESS deployment, should
be strongly considered before defining the optimal combined PV-EV
size.

It can also be seen from Fig. 14 that regardless of the charging
scenarios, a larger and balanced combined PV-EV size tends to have
higher SCSB values than a smaller and balanced combined PV-EV size.
This is related to the effect of the aggregation of several PV-load
systems where the aggregated SC tends to be higher than a single
system SC, as shown in several previous studies, e.g., in [67,72,73].

3.3.1. Sensitivity analysis with Hawaii irradiance profile
This section presents the SCSB graphical analysis for an EVCS with

the irradiance data from Hawaii in order to show the applicability
of the framework for different climatic regions. As a comparison to
the Stockholm profile shown in Fig. 14, the SCSB graphical analysis
utilizing the Hawaii irradiance data is shown in Fig. 15. It should be
noted that the sensitivity analysis focused only on the solar irradiance
variable, and the simulation still utilized the Swedish mobility profile.
The vehicle specific consumption for Hawaii case was adjusted with
Hawaii local temperature.

Compared to Sweden, Hawaii is much closer to the equator where
the solar seasonality is significantly lower. Furthermore, the annual
PV energy production potential in Hawaii is around 1.8 times higher
than in Stockholm [52]. This makes the solar utilization potential in
Hawaii generally higher than for the Swedish case. As it can be seen in
Fig. 15, the optimal SCSB in Hawaii is higher than the optimal SCSB in
Stockholm, especially when the smart charging schemes are deployed.
It can also be seen that the optimal SCSB improvement with smart
charging schemes in Hawaii is more significant than in Stockholm.

A motivation for investigating the effect of solar irradiance from
a different climatic region is that the optimal sizes could differ in
different climatic regions due to the difference in solar irradiance
profiles. Based on the optimal lines shown in Figs. 14 and 15, the
comparison between the optimal combined PV-EV size at the EVCS
with uncontrolled and centralized smart charging for the two different
irradiance profiles: Stockholm and Hawaii, is shown in Fig. 16. It can
be seen from Fig. 16 that, with the uncontrolled charging scheme, the
optimal PV size for the same number of EV charging ports in Stockholm
is higher than in Hawaii. For example, for an EVCS with 40 EV charging
13

ports, the optimal PV system size is 50 kWp in Stockholm, and 40 in
Hawaii. This is due to the fact that the solar production potential is
smaller in Stockholm, so it needs larger PV size to cover the EV load,
i.e., to make the SS not too low, and make the SC and SS balanced.
For Hawaii, with a higher solar production potential, more EV load is
covered with the same PV size. That implies, the highest SCSB potential
without smart charging in Hawaii is achieved with lower PV size. It
should be noted that the optimal SCSB value in Hawaii is higher than
the optimal SCSB value in Stockholm.

The deployment of the smart charging scheme would shift the
optimal combined PV-EV sizes both in Stockholm and Hawaii. Beside a
more significant SCSB improvement with the smart charging schemes
for the Hawaii profile compared to the Stockholm profile, it can also be
seen from Fig. 16 that the shift of the optimal combined PV-EV size for
the Hawaii profile is more significant than for the Stockholm profile.
This is an indication that the consideration of the smart charging
schemes are more essential for PV-EV sizing for the Hawaii profile than
for the Stockholm profile. Regardless of the superiority of the SCSB
scores in Hawaii compared to in Stockholm, the optimal combined PV-
EV size with smart charging schemes in both Stockholm and Hawaii are
similar.

4. Discussion

The results in Section 3 show that the deployment of smart charging
at a solar powered workplace charging station could improve the
load matching performance. Even though the potential of load match-
ing between PV and EV at the workplaces is comparatively higher
than at other places, e.g., at home, the highest potential cannot be
achieved with an uncontrolled charging scheme in which the charging
is conducted opportunistically. With opportunistic charging behavior,
the charging load at workplaces peaks between 08.00–10.00 in the
morning, whereas the solar power production peaks between 12.00–
13.00 during noon. With smart charging schemes, the daily peak of the
charging load can be shifted to the daily solar peak production period,
and thereby improve the matching.

It should be noted that the smart charging schemes in this study
have a pure technical objective, i.e., flattening the net-load profile,
which also implies maximizing the self-consumed electricity. In addi-
tion, the schemes also utilized perfect forecast of PV generation. Thus,
the SC and SS presented in this study will be best-case approximation
or the highest possible performances that can be achieved with a
smart charging scheme. The same smart charging scheme with a more
realistic forecast, or other smart charging schemes, e.g., schemes with
economic objectives, most likely will have lower SC and SS perfor-
mances. The matching performance assessment using a more realistic
forecast and/or different smart charging schemes are left for future
studies.

The numerical results in this paper show that the SC can be in-
creased up to 42.6 percentage points with the smart charging scheme
for EVCSs in Stockholm. Significant SC improvements in workplaces
were also found in previous research. In [27,39], SC improvements by
smart charging schemes were up to 49.6 and 52.0 percentage points
respectively. In [29,40], the SC improvements were up to 24.5 and 16.5
percentage points respectively. It should be noted that SC improvement
variations by smart charging schemes will be highly dependent on
several conditions, such as the sizes of the installed PV system and
irradiance potentials at the site, the regional user mobility profiles, and
the objectives of the smart charging schemes. For example, in [27], the
case study was in California where the irradiance is comparatively high,
and the main objective of the deployed smart charging scheme was to
directly increase the SC. On the other hand, in [29], the case study
was in the Netherlands where the irradiance is comparatively lower,
and the main objective of the smart charging was to reduce the energy
costs. That is why the SC improvements can vary depending on the

conditions.
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Fig. 15. SCSB at the workplace charging station for (a) uncontrolled charging, (b) distributed smart charging and (c) centralized smart charging scenarios with different PV sizes
and numbers of EV charging ports with Hawaii irradiance data. The diagonal line represents the estimation of the optimal SCSB in different PV and EV sizes.
Fig. 16. Optimal PV-EV sizing at the EVCS based on the SCSB values with un-
controlled/opportunistic and centralized smart charging schemes with Stockholm and
Hawaii irradiance profiles.

Besides optimal daily operations using smart charging schemes,
defining an optimal combined PV-EV size is also important to achieve
desired PV utilization performances. Undersized or oversized PV sys-
tems would lead to lower overall load matching performances. As
discussed earlier, the SCSB score could help relevant stakeholders to
properly size the local PV-EV system configuration, or PV-load match-
ing in general, as the SCSB score conveys the balance between the SC
and SS. This implies that a system with high SCSB will be close to being
self-sufficient without wasting a large share of PV production. Apart for
the EVCS owner, a high SCSB performance will also benefit the power
grid operator since grid interaction is minimized. The SCSB formulation
can also be modified with different weighting factors for each of SC and
SS. This might be needed when either of SC or SS is more important
than the other in specific case studies, but it was not the case for this
paper.

A graphical-based framework to define the optimal size based on
SCSB was presented and proposed in this study. This framework can
help relevant stakeholders to define a proper size of a PV-EV system,
or answer important questions when designing a PV-EV system for an
EVCS, such as how much PV systems should be installed if the EVCS has
a certain number of charging ports? Or conversely, how many charging
ports should be installed if one can install a certain kWp PV system at
the area?
14
The results show that, beside significantly enhancing the load
matching performance, the smart charging would also shift the optimal
combined PV-EV sizes. This is due to the fact that the uncontrolled
and smart charging schemes have different generation-load temporal
matching profiles. Thereby, it is important to take into account the
smart charging scheme applicability at the EVCS, since the optimal
sizing results with and without smart charging will be different. Consid-
ering significantly higher optimal SCSB value with the smart charging
compared to the one with the uncontrolled charging, the relevant
stakeholder should strongly consider deploying smart charging schemes
at the EVCS whenever possible.

The sensitivity analysis utilizing different solar irradiance profiles
was conducted in this study in order to strengthen the universality
claim of this framework. The framework was used to define the optimal
PV-EV sizing at the workplace EVCS with two different irradiance
profiles in two different climatic regions: Hawaii and Stockholm. Due
to the higher solar energy production potentials and lower solar sea-
sonality, the SCSB performance for Hawaii is higher than the one for
Stockholm. The results also show that the optimal combined PV-EV siz-
ing profiles for Hawaii and Stockholm, are significantly different with
the uncontrolled charging scenarios, but similar with the smart charg-
ing scenarios. Future studies should compare the optimal combined
PV-EV sizing, both with uncontrolled and smart charging schemes, in
more climatic regions and with representative mobility profiles.

It should be noted that, the optimal sizing framework based on
SCSB will result in a pure technical optimum. The proposed framework
does not consider other aspects such as economic and environmental
aspects. As discussed earlier in Section 1.1, most studies have focused
on economic objectives, and not technical ones in defining optimal PV
and EV sizes. It is worth bearing in mind that that the cost-optimal
framework will be subject to local policies and regulations. Variables
such as electricity prices, LCOE, feed in tariffs, tax and subsidy related
to RES and CO2 emissions, PV-grid power exchange permission are
among factors which are most likely varying between regions and
countries [52]. That being the case, the cost optimal sizing framework
will most likely require different formulation for different case studies,
thus less suitable to be used a benchmark. On the other hand, the SC
and SS formulation are universal for any local PV systems which makes
the optimal PV-load sizing based on SCSB a simpler and more universal
framework to be a benchmark.

Despite big interests from the EVCS owner in cost-optimal sizing, the
SCSB-optimal sizing will still be highly relevant as technical and eco-
nomic benefits are often strongly correlated [13]. The simple optimal
SCSB framework can be used as a consideration before going to a cost
and revenue calculation in the detailed feasibility study. Future studies
on cost-optimal sizing of local PV systems is encouraged to include
SCSB-optimal sizing as the benchmark for comparison.
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Beside the benefits for the EVCS owner, an SCSB-optimal PV-EV
sizes and operation in the solar powered EVCS will most likely benefit
other relevant stakeholders. For example, the power grid operators
will benefit as the grid interaction of the newly integrated solar pow-
ered EVCS will be minimal. In such conditions, an expensive and
time-consuming grid reinforcement can be avoided. Furthermore, the
application of the proposed optimal framework in the real world sys-
tems can contribute to achieve an optimal RES utilization, which
consequently reduces the energy costs as well as the GHG emissions.
In other words, it can contribute to a more sustainable energy system.

As discussed earlier, the SCSB framework can be used universally
for any RES powered buildings or infrastructures to define a proper
generation-load system size. Therefore, future studies using the same
framework for different parts of the built environment and generation-
load technologies other than PV-EV are recommended. Some exam-
ples of EVCS at different parts of the built environment are EVCS
at residential areas, commercial buildings such as malls, or a cluster
area combining residential, workplace and commercial buildings. Some
examples of other generation-load technologies that can utilize the
framework are the sizing of PV-heat pump, wind-EV, wind-heat pump.

It was shown in this paper that DSM strategies such as smart
charging can enhance the overall SCSB performance. It is expected
that the storage deployment will also improve the SCSB and alter the
optimal combined PV-EV sizes as it is with DSM strategies. Studies
on optimal PV-EV sizing, or generation-load sizing in general, based
on SCSB using different storage sizes are also recommended for future
works.

Beside optimal local generation-load sizing, the correlation between
power grid performances and the SCSB measure is interesting for future
studies. In such studies, it should be noted that, not only the newly
integrated loads, e.g., EVs or heat pumps, but also the existing load
in the distribution system, e.g., existing residential and office building
loads, should be taken into account into the SCSB calculation.

5. Conclusion

This paper presents a study on optimal sizing framework for PV
system and EV charging ports at workplaces with solar powered EVCS.
A case study for Swedish conditions was simulated and a sensitivity
analysis using Hawaii irradiance profile was conducted. A novel score
based on harmonic mean between SC and SS was proposed to define the
optimal combined PV-EV size. The score, which is called SCSB, conveys
the balance between the SC and the SS. A system with high SCSB will be
close to being self-sufficient (high SS) without curtailing or exporting a
large share of local generation (high SC). In addition to optimal sizing,
this paper also assessed the performance enhancement potential using
smart charging schemes at the workplace EVCS. The smart charging
schemes in this study was intended to flatten the net-load profile, which
implies maximizing the self-consumed electricity.

Several conclusions can be drawn from this study:

1. The deployment of the smart charging can significantly improve
the PV-EV load matching at the PV powered EVCS, by up to 42.6
percentage points in SC and up to 40.8 percentage points in SS.

2. The centralized smart charging scheme provides a slightly higher
load matching performance compared to the distributed smart
charging scheme, i.e., up to 1.9 percentage points difference in
SC and 2.8 percentage points different in SS.

3. The optimal framework based on the novel metric SCSB pro-
posed in this study, can be used to define how large PV systems
that should be installed if there are a certain number of charg-
ing ports, and vice versa, how much charging ports should be
installed if there is a certain kWp PV system integrated on-site.

4. Regardless of the charging strategies, the SCSB performance of
the PV powered EVCS tends to be higher in a larger combined
15

PV-EV size compared to in a smaller size.
5. The deployment of the smart charging scheme will shift the
optimal combined PV-EV sizes from the ones in the uncontrolled
charging scheme.

Even though this paper presented a specific case study of PV-EV
sizing at workplace EVCS, the proposed framework can be used to
define a proper generation-load system size for other parts of the built
environment and/or technologies in future studies. For examples, PV-
EV sizing at residential areas or commercial buildings such as malls,
and/or sizing of PV-heat pump, wind-EV or wind-heat pump at rele-
vant locations. Due to its simplicity and universality for RES powered
buildings or infrastructures, the sizing framework based on SCSB metric
presented in this study can be used as a benchmark framework.
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