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Abstract

The growing adoption of electric vehicles (EVs) is driving the expansion of charging
networks. Local photovoltaic (PV) systems combined with battery energy storage systems
(BESS) have emerged as promising solutions to mitigate the impact of charging demand
on the grid and reduce the environmental impact of EV charging. In this context, proper
sizing of PV-BESS systems is crucial to maximize their integration with charging hubs
(CHs) and ensure optimal performance. This paper proposes a multi-objective sizing
method to optimize the energy and economic performance of PV-BESS systems in EV
charging hubs. Sizing optimization is performed using a Non-Dominated Sorting Genetic
Algorithm-II. The method is applied to four CH scenarios characterized by variations in
energy demand, user behavior, and location. Results indicate that while optimal PV size
remains relatively consistent across scenarios, the ideal BESS configuration varies with each
scenario’s characteristics. Optimized PV-BESS integration significantly improves energy
performance, increasing system self-sufficiency by up to +72%. From an economic point
of view, results show that in some cases, smaller BESS capacities are more advantageous
due to lower capital costs, while in others, larger BESS sizes reduce overall costs by up to
−50%, significantly cutting utility expenses despite higher initial investment.

Keywords: photovoltaic systems; battery energy storage systems; electric vehicles; charging
stations; sizing optimization; multi-objective optimization

1. Introduction
The number of electric vehicles (EVs) is expected to grow significantly in the coming

years as the transition to cleaner and more sustainable transportation accelerates. In Europe,
according to [1], the share of electric vehicles is expected to rise to up to 38% by 2035. While
EV represent a concrete solution for reducing pollutants and greenhouse gas emissions, this
growth in EV share will lead to an increase in the number of charging hubs (CHs) needed
to support EV load demand. However, the energy provided by the grid for EV charging is
predominantly generated from fossil fuels rather than renewable sources [2]. The reliance
on fossil-fuel-based grid power for charging undermines the potential of EVs to completely
eliminate carbon emissions. Moreover, as reported in [3], the increasing number of charging
stations may lead to higher peak demand in the coming years, potentially causing line and
transformer overloads and stability problems within the distribution grid.

To mitigate these issues, the integration of local photovoltaic (PV) systems has proven
to be a promising option, although it also presents certain challenges. Due to the inherent
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intermittency of PV production, there may be a mismatch between energy generation and
EV charging demands. This mismatch between production and load forces reliance on the
grid to meet the load. For this reason, the integration of a battery energy storage system
(BESS) with PV system can help reduce grid dependency by serving as an energy buffer,
storing excess energy generated during the day and releasing it when the load exceeds
generation, thereby reducing the environmental impact of EV charging and relieving stress
on the distribution grid [3]. Moreover, the growing demand for clean transportation
further emphasizes the need for sustainable energy solutions, especially when considering
that some European countries are already moving towards mandatory installation of
photovoltaic panels even for small-/medium-sized car parks [4]. For these reasons, it is
essential to optimize the energy performance of the CHs, by minimizing the reliance on grid
energy [5]. Moreover, ensuring the economic viability of the PV-BESS system is crucial for
adoption by CHs stakeholders, making it important to consider both energy performance
and financial feasibility. In this context, proper sizing of the PV-BESS system is crucial.
It ensures optimal utilization of the PV-generated energy while minimizing operational
costs. In fact, oversizing the system can lead to increased capital expenditures and reduced
profitability, whereas undersizing risks system inefficiencies and potential failure [6].

Several studies have explored the optimal sizing of PV–BESS systems integrated with
EV charging hubs. The optimal system size is determined by considering one or more
objective functions. Among these, many works have employed cost-based indicators such
as the Levelized Cost of Energy (LCOE) to evaluate system performance, representing the
average cost of the energy supplied to EVs. For instance, Khawaja et al. [6] proposed an
optimal cost-based model for grid-connected PV–BESS sizing, while Dai et al. [7] applied a
particle swarm optimization approach to minimize LCOE. Other studies assessed economic
performance through the annualized system cost: Liu et al. [8] analyzed PV–BESS integra-
tion in fast charging stations, including battery degradation, and Zhou et al. [9] proposed an
optimization framework for smart households under different price mechanisms. Finally,
Yan et al. [10] and Nafeh et al. [11] minimized the total system cost, which accounts for both
investment and operating expenses over the system lifetime. On the other hand, energy
performance has not been sufficiently explored. In fact, only a small number of studies
have addressed this, but they do not take into account the specific load caused by EV
charging. In ref. [12], an energy-based optimization approach to size integrated PV-BESS
systems for residential and commercial settings is proposed. The target is to properly
size the system to minimize buying and selling energy from/to the grid. The proposed
methodology evaluates various PV and BESS configurations based on real annual load
data, optimizing the amount of energy stored into the battery to reduce energy exchanged
with the grid. The results demonstrate that PV-BESS systems can significantly reduce gross
energy consumption, achieving reductions of approximately 80% for residential users and
40% for commercial users. However, this approach focuses only on energy optimization,
without considering the system’s economic performance. To achieve this, in ref. [13] the
authors developed a sizing tool for hybrid PV-BESS systems aimed at optimizing both
the energy and economic performance by minimizing both the degree of energy exchange
with the grid and the cost of the investment. The study focuses on a building scenario and
employs a particle swarm optimization algorithm to reduce computational time while pro-
viding efficient solutions. However, this study, like the previous one, does not specifically
account for the load associated with electric vehicle charging, which is more variable and
fluctuating than traditional building loads. In conclusion, none of the studies reviewed
above has addressed the optimal sizing of PV-BESS systems integrated with EV charging
hubs to optimize both energy and economic performance.
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In addition, studies in the literature addressing the sizing of PV-BESS systems for EV
charging hubs often fail to consider the specific characteristics of the CH location. Instead,
most of these studies model the load of charging hubs as generic, without accounting
for location specific factors that influence energy demand. For instance, Liu et al. [8] and
Yan et al. [10] optimized photovoltaic and battery capacities for fast charging stations using
predefined or stochastic EV arrival patterns, without distinguishing between different hub
typologies. Similarly, Nafeh et al. [11] and Fang et al. [14] proposed techno-economic opti-
mization models for PV–BESS systems, yet based their analysis on synthetic or generalized
EV demand profiles instead of measured data representative of specific locations. This
simplification ignores important factors, such as vehicle type, arrival time, charging power,
and duration, which significantly impact energy demand [15]. To overcome this limitation,
sizing of PV-BESS systems for CH integration must consider the unique load characteristics
determined by the station’s location. In this sense, in ref. [16], the authors proposed a
multi-objective optimization approach aimed at reducing both the system cost and the
pollutant emissions for the optimal sizing of PV-BESS system in a ultra-fast charging station
of EVs, designed to serve EVs during medium- or long-distance travels, typically installed
along motorways. The authors in ref. [17] focused on the optimal sizing of a PV-BESS
system and its power management to minimize the overall energy cost. The effectiveness
of the proposed model was demonstrated by considering as the load a charging hub with
three EV chargers located at an office building. However, these studies consider only a
single location, without comparing multiple scenarios that would allow an analysis of how
the specific charging hub scenario impacts the optimal PV-BESS sizing. This gap highlights
the need for a comparative approach to evaluate the influence of varying locations and
operational conditions on optimal system configurations.

In the context of PV-BESS optimal sizing, accurately assessing the system’s economic
performance requires a precise calculation of the battery’s lifetime, based on its characteris-
tics and operation, as BESS related costs represent a significant portion of the system’s total
cost. However, many studies often overlook this or use simplified models. For instance,
Leone et al. [16], Dai et al. [7], Islam et al. [18], and Alshammari et al. [19] assumed fixed
battery lifetimes of 20, 10, 4, and 25 years, respectively, irrespective of the actual operating
conditions. While this approach simplifies the analysis, it is sub-optimal because it does
not take into account the actual effects of operating conditions. The latter have a significant
impact on the actual life of a battery and therefore on its economics and replacement sched-
ule. By using a fixed lifetime assumption, the analysis may overestimate or underestimate
the economic performance of the system, leading to inaccurate conclusions and potentially
suboptimal system designs. In the literature, battery lifetime estimation models were
proposed. In [6], battery degradation is modeled using a simple annual percentage factor,
applied uniformly to calculate the available capacity over time. However, this approach
does not account for key operational variables such as charge/discharge cycles, depth
of discharge, thereby limiting its accuracy. In ref. [20], the battery lifetime is estimated
using a simplified approach that calculates the number of cycles based on cumulative SOC
variations and a fixed depth of discharge of 80%. The battery is considered exhausted
once the number of cycles reaches 3000, while this method is computationally efficient, it
lacks accuracy as it does not account for variations in depth of discharge across different
cycles, which have a varying impact on the overall battery lifetime. The model calculates
cyclical degradation, but in addition to usage cycles, battery degradation is also influenced
by periods of inactivity during which the battery is not in use. This type of degradation is
known as calendar aging, and it is influenced by factors such as temperature, downtime
duration, and state of charge during downtimes, further impacting the overall battery life.
In this sense, the authors in ref. [17], in addition to cyclic degradation, propose a model
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where calendar degradation is treated as a fixed parameter, set at 2% per year, while this
approach simplifies the analysis, it overlooks the potential fluctuations in calendar degra-
dation that may arise from operational factors, thus failing to capture its variability over
time. In conclusion, generally, BESS lifetime loss is ignored or simplified in several studies
concerning the sizing of PV-BESS systems integrated with EV charging hubs. However,
since the BESS replacement cost represents a significant expense over the system’s lifetime,
it is necessary to establish a precise BESS model that takes into account this loss.

To the best of the author’s knowledge, none of the reviewed papers addresses the
multi-objective sizing optimization of PV-BESS systems combined with EV charging hubs,
considering both energy and economic performance. Furthermore, the papers analyzed in
this context consider either a generic CH load or a single CH site load, but do not consider
multiple CH sites simultaneously. Finally, the literature review revealed that papers often
fail to accurately estimate the lifetime of BESS, taking into account its characteristics
and operation. To address these current limitations regarding the sizing optimization
of PV-BESS systems integrated with EV charging hubs aiming to maximize both energy
and economic performance, this paper proposes a framework to maximize, on one side,
the energy independence of the CH from the grid, and on the other side, to maximize
the economic profitability for the CH’s stakeholders by minimizing the cost of the energy
supplied to EVs. Furthermore, various charging locations are evaluated to explore a wider
range of scenarios in various real-world contexts enabling an assessment of the impact
on system sizing and performance across different scenarios. The EV power demand
is calculated using a probabilistic approach based on real-world data on vehicle arrival
and departure times from four different car parks, specifically, a paid public car park,
a workplace car park, a municipal car park, and a mall car park. Finally, to improve the
accuracy of BESS lifespan estimation compared to previous studies, a BESS degradation
model is proposed that estimates battery life by considering both cyclic and calendar
degradation based on real operating conditions. Photovoltaic power production data were
sourced from the Photovoltaic Geographical Information System (PVGIS) to obtain realistic
solar generation with a time resolution of 15 min. To simulate the power exchange between
the system components, a battery power flows model has been developed. This model
aims for evaluating the performance of the PV-BESS system, as it enables the calculation
of energy flows and SOC variations. Finally, the resulting multi-objective optimization
problem is solved using a metaheuristic approach. To identify the most suitable method
for this class of problems, three state-of-the-art multi-objective algorithms are compared:
Non-dominated Sorting Genetic Algorithm II (NSGA-II), Multi-Objective Evolutionary
Algorithm based on Decomposition (MOEA/D), and Multi-Objective Particle Swarm
Optimization (MOPSO). A comprehensive statistical analysis demonstrates that NSGA-II
achieves superior stability and computational efficiency while maintaining equivalent
Pareto front quality to competing approaches, making it the reference algorithm for system
sizing across all scenarios.

The rest of the paper is organized as follows. Section 2 presents the data used for
the simulation, the battery power flows model, and the degradation model. In Section 3
the objective functions are presented and the multi-objective problem is defined. Energy
and economic results are presented and described in Section 4. Finally, Section 5 presents
the conclusions.

2. System Modeling
In this section, the system under study is introduced, providing a full overview of

the key components involved. Figure 1 shows the system under analysis that comprises
a photovoltaic plant, generating the PV power PPV, a charging hub with multiple EV
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charging points, consuming the load power PEV, and a battery storage system, which can
provide the power PB as a buffer between generation and load. The system elements are
connected and exchange power with the external grid, designated as PG. The following
balance equation holds:

PPV − PEV + PB = PG (1)

where PB is defined as negative during charging and positive during discharging of
the BESS. PG is assumed negative when the power is injected to the grid and positive
when consumed.

The objective of this section is to present a method for modeling each element of the
system in terms of power flows. In order to accurately assess the variability of the photo-
voltaic source, it is essential to consider both seasonal and daily fluctuations. Consequently,
a minimum time horizon of one year is required for analysis. To also take into account the
intermittency of both load and production, a 15-min resolution is adopted. In the following,
Section 2.1 models and calculates the PV production, Section 2.2 focuses on the EV load,
and Section 2.3 addresses the BESS operation with 15-min resolution for a one-year time
range. In addition to analyzing power flows, it is essential to examine the price values of
the energy exchanged with the external grid in order to conduct a comprehensive economic
assessment. Finally, to obtain meaningful economic results from the optimization algo-
rithm, the energy price profiles and consequently the grid energy cost model are developed
in Section 2.4.

𝑃!

Local
PV system

Battery Energy 
Storage (BESS)

EV Charging Hub

𝑃"

𝑃#$

𝑃%$

Electrical Grid

Figure 1. Reference scenario and nomenclature of the power flow for each element.

2.1. PV Power Profile Modeling

The PV power profile PPV(t), can be calculated using the following equation:

PPV(t) = SPVP̄PV(t) (2)

where SPV represents the peak power of the system, which is equivalent to the PV size in
kWp. The variable P̄PV(t) is the normalized power profile, expressed as a function of its
peak power (kW/kWp). In other words, P̄PV(t) denotes the power profile of a 1 kWp PV
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system. By employing Equation (2), it is possible to assess the power profile of PV plants
with different sizes by varying SPV, but nevertheless keeping P̄PV(t) unchanged.

The normalized power profile can be calculated from environmental data, such as
irradiance and temperature. One of the most commonly used models for calculating
photovoltaic output is expressed in Equation (3) [21]:

P̄PV(t) =
G(t)
GSTC

[1 + γ(Tcell(t)− TSTC)]ηloss (3)

where G(t) is the global irradiance profile (W/m2) on the PV-array plane (inclined plane),
Tcell is the operating temperature of the PV cell (◦C), GSTC and TSTC are the irradiance
and cell temperature under standard test condition, respectively, 1000 W/m2 and 25 ◦C.
The temperature coefficient γ represents how much the nominal power varies with respect
to cell temperature, and is usually between −0.3%/◦C and −0.5%/◦C for many silicon
photovoltaic modules. Furthermore, the ηloss-coefficient take into account the conversion
losses from the DC to AC side of the system.

The cell temperature is related to the ambient temperature (Tamb ) and can be estimated
using the following formula:

Tcell(t) = Tamb(t) +
G(t)

GNOCT

(TNOCT − 20 ◦C) (4)

where TNOCT is the Nominal Operating Cell Temperature (NOCT), which is a standard
measure describing the cell temperature under irradiance of GNOCT = 800 W/m2 and
ambient temperature of 20 ◦C. The values of both γ and TNOCT can be readily derived
from the module data sheet. It is worth noting that non-optimal operating conditions, such
as module mismatch, partial shading, or hotspot effects, were not explicitly modeled in
this work. Their influence could be represented by introducing a correction factor into
Equation (3), modifying the overall PV efficiency to account for additional losses.

In order to conduct a one-year analysis with a sufficient level of resolution, data from
the Photovoltaic Geographical Information System [22] are retrieved. PVGIS is a free and
open-access tool that allows the assessment of photovoltaic output based on historical
meteorological data. All PVGIS tools can be accessed via web APIs, and the information
required for Equation (3) model can be retrieved by setting the PV system parameters, such
as the location of the plant, the tilt angle of the PV arrays, the PV system losses, and so
forth. Table 1 shows the setting of the main parameters used to calculate the normalized
PV profile. The TNOCT and γ parameters are retrieved from ref. [23], whereas the system
losses are set in accordance with ref. [24].

Table 1. Setting of the PV model parameters.

Parameter Value

Location Bologna, Italy
Tilt angle 30°

Azimuthal orientation South
Weather database PVGIS-SARAH2
PV-cell technology Crystalline Silicon

NOCT temperature (TNOCT) 45 ◦C
Temperature coeff. (γ) −0.45%/◦C

Percentage system losses 14%

Finally, Figure 2 illustrates one year of the P̄PV profile with 15-min resolution, taking
into account the weather historical data from 2023 and the settings outlined in Table 1.
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The figure demonstrates the incorporation of both seasonal and daily power variability in
the proposed PV model.

Gen Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Months

0.0

0.2

0.4

0.6

0.8

1.0

(k
W

/k
W

p)

Normalized PV profile

Figure 2. One-year P̄PV power profile with 15-min resolution based on historical weather data from 2023.

2.2. EV Charging Demand Modeling

A reasonable prediction of the load profile is necessary to accurately address the sizing
optimization problem. EV demand profile may depend on multiple factors such as the number
of daily users and their behavior in terms of arrival, departure and parking time. The power
rating of the charging infrastructure may affect the peak power and the charging session
duration, as well as the characteristics of the EV models in terms of maximum charging rate.
The objective of this Section is to calculate the power demand of a charging hub, designated
as PEV, over one-year period with a resolution of 15 min. For this purpose, the algorithm
developed in ref. [15] is adapted and employed in this work. The algorithm uses a probabilistic
approach to generate realistic load profiles by analyzing real-world data on vehicle arrival
and departure times for various parking scenarios. These patterns are reconstructed based
on probabilities to reflect typical user behavior. A similar approach is employed to estimate
the initial SOC of EVs upon their arrival at the charging hub and their energy demand.
Additionally, an EV battery charging behavioral model is also implemented in ref. [15] to
account for the different charging characteristics of various EV models.

As reported in ref. [15], users’ behavior can significantly change depending on the
parking scenario. These differences in arrival and parking times are reflected in the charging
hub’s load profile. Starting from a data collection campaign carried out on several parking
lots located in the urban area of Bologna, some of the most common urban scenarios are
analyzed and described below:

• Paid public car park: in urban contexts, such as city center car parks, the distribution
of arrival and departure times is more concentrated during daytime hours. Users may
arrive at different times of the day, either for work activities or for leisure or shopping
purposes. However, data indicate a slight increase in users’ arrivals during the morning
and evening peak hours. The average parking time is approximately 120 min.

• Working place car park: this scenario refers to typical parking lots in company or
office areas, where usage follows a routine aligned with standard working hours.
Consequently, arrival and departure time presents a well-defined pattern. Most
arrivals are concentrated in the early morning hours, with the majority of departures
in the late afternoon. The average parking time is about 6 h.

• Municipal car park: this scenario concerns a municipal public car park, with users
arriving at different times of the day. It presents similar arrival and departure profiles
to the previous city car park, with user numbers increasing during traffic peak hours.
However, the data set presents a higher variance and longer parking times, with an
average duration of 140 min.

• Mall car park: in this scenario, there is a high flow of users during the daytime, with a
moderate increase in the evening hours. The average parking duration is shorter than
in previous scenarios, around 60 min, as users tend to park for shopping or brief visits.
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The input settings of the EV load demand model proposed in ref. [15] are as follows:
the number of users per day (NEV), i.e., the number of daily charging sessions; the car park
scenario; and the maximum power rating available at the charging point (PCP). It should
be noted that the resulting CH load profile, given by the sum of each charging session
power, can present significant changes as the input settings change. For each scenario,
a trade-off value of PCP is determined to ensure users have an adequate SOC at departure,
while preventing oversizing of the charging infrastructure’s power capacity. This value
is evidently higher for scenarios with a lower average parking time. The characteristics
of the charging point infrastructure are then set according to reference [15] and reported
in Table 2.

The algorithm permits the calculation of EVs’ load profile on a daily basis; however,
the analysis proposed in this paper is on an annual basis. Consequently, a typical week is
reconstructed from the daily profiles, which are then repeated to generate the annual profile.
In a typical week, the number of daily users entering the parking facilities is distributed
according to weekdays and weekends. On weekends, entrance data shows an increase of
4% and 51% for the paid public car park and mall car park scenarios, respectively, while a
decrease of 33% is found for the municipal car park. With regard to working place car park,
it is assumed that the company is closed during the weekend, and therefore no charging
is recorded.

The number of daily charging sessions is determined according to the size and traffic
of the car park in terms of daily entrances. Three cases are considered in this work.
In the small-size case, a car park with an average of 100 users/day is considered, while
200 users/day and 400 users/day are considered in the medium- and large-size cases. The
number of EV users is obtained by considering an EV penetration share of 7%. This value
corresponds to the projected share of EVs in Europe in 2025, as analyzed in ref. [1]. This
results in NEV = 7, 14 and 28 charging sessions per day on a weekly average for the small-,
medium- and large-case, respectively. The weekly charging load profiles for the different
parking scenarios and sizes are shown in Figure 3.
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Figure 3. Weekly EV charging load profiles for different parking scenarios and lot sizes.
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Table 2. Description of the reference CH scenario as a function of the car park scenario, the charging
points power rating, the number of charging sessions per day, and average daily energy demand.

Car Park
Scenario Scenario PCP

(kW)
NEV

(Daily)

Energy
Demand

(kWh/Day)

small 22 7 197
Paid public medium 22 14 393

large 22 28 603

small 22 7 197
Working place medium 22 14 355

large 22 28 661

small 22 7 203
Municipal medium 22 14 410

large 22 28 602

small 50 7 182
Mall car park medium 50 14 417

large 50 28 654

2.3. BESS Modeling

The BESS acts as a buffer between generation and load. When PV generation is higher
than the load demand, the BESS can store excess power (charging phase); conversely,
the BESS can provide energy to the load in the case of low PV power availability or
higher demand (discharging phase). Considering Equation (5), the ideal BESS operation is
achieved when there is no power sharing with the external grid, or, in other words, when:

P∗
B(t) = PEV(t)− PPV(t) (5)

where P∗
B is the ideal battery power. However, in BESS modeling, it is essential to account

for the constraints imposed by the maximum power rating of the storage system during
both the charging and discharging phases, i.e., −Pmax

B ≤ PB ≤ Pmax
B . Furthermore, it is

crucial to consider the limitations related to the maximum state of charge (SOCmax) during
charging and the minimum state of charge (SOCmin) during discharging. Then Equation (5),
which represents the ideal buffer operation, is modified as follows.

PB =


min(P∗

B , Pmax
B ) if P∗

B > 0 and SOC > SOCmin

max(P∗
B ,−Pmax

B ) if P∗
B < 0 and SOC < SOCmax

0 otherwise

(6)

The maximum power rating is calculated as a function of the maximum charging rate
(CR) and the nominal capacity of BESS (SB in kWh). CR indicates the maximum charging
and discharge rate (in h−1) related to the nominal battery capacity. The maximum power
of the system is obtained as follows: Pmax

B = CRSB. The typical CR for stationary storage
applications ranges between 0.2C and 1C [25]. According to ref. [20], in this paper CR = 0.5
is assumed, which indicates that the battery can be fully charged or discharged in two hours.
The usable capacity of the battery is typically limited by the manufacturer to prevent effects
and damage due to overcharging and over-discharging events as described in ref. [26].
Equation (6) allows the SOC to remain within the permissible values, i.e., SOCmin = 5%
and SOCmax = 95%.
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The SOC used in Equation (6) is obtained through time-step integration of the battery
power, as shown in Equation (7):

SOC(t + 1) = SOC(t) +
PB(t)∆t

SB
(7)

where ∆t is the simulation time step, set to 15 min in this study.
Finally, in order to integrate conversion losses into the BESS model, this work employs

the approach proposed in ref. [27]. The losses associated with the round-trip efficiency of
the battery are modeled as follows. Let PB be the power measured at the DC terminals of
the BESS, and ηB the battery efficiency during the charging or discharging phase, the power
ideally measured inside the battery cell (Pins

B ) is given by the following equation.
Pins

B =
1

ηB
PB if PB > 0 (discharging)

Pins
B = ηBPB if PB < 0 (charging)

(8)

Due to battery losses, the model expressed by Equation (8) results in a higher internal
energy consumption during the discharge phase and a lower energy incoming during the
charging phase compared to the energy measured at the battery terminals. In practice, this
has an impact on the SOC trend, which demonstrates a reduction in growth during the
charging phase and an increased rate of reduction during the discharging phase compared
to the ideal case. In this paper, it is assumed that the battery efficiency is the same for
both charging and discharging. The parameter ηB is derived from the battery’s round-trip
efficiency, designed as ηB−RT, which measures the energy losses occurring throughout
a complete charge-discharge cycle. For a stationary battery system operating at 0.5 C,
the round-trip efficiency is typically around 90% [27,28]. Since the round-trip efficiency
reflects the performance over a complete charge-discharge cycle, it can be assumed to be the
product of the individual efficiencies of the charge and discharge processes, then efficiency
used in Equation (8) is obtained from ηB =

√
ηB−RT.

BESS Degradation Model

A precise calculation of the battery’s lifetime, based on its characteristics and operation,
allows a more accurate assessment of the system’s economic performance. During its use,
the battery is subject to a reduction in its usable capacity. In general, the BESS is considered
to have reached the end of its useful life when its usable capacity is reduced by 20% of its
nominal value [29]. The lifetime of a BESS (yB) is highly dependent on battery usage and
cell technology. In this study, a LiFePO4 battery storage is considered as it is one of the
most widely used technologies for stationary energy storage due to its excellent chemical
and thermal stability and low cost [30].

For the same load demand and generation, the size of the BESS will have a signifi-
cant impact on the battery’s cycling and consequently its degradation rate. For example,
a smaller capacity BESS is likely to experience more frequent cycling with higher depths of
discharge compared to a larger capacity system. Therefore, a battery degradation model
is proposed below to incorporate BESS lifetime considerations into the sizing optimiza-
tion problem. The proposed degradation model is adapted from ref. [29] and consists of
two components:

CD = Ccal
D + Ccyc

D (9)

where CD is the total capacity degradation expressed as a percentage of the nominal
capacity, Ccal

D is the calendar capacity degradation and Ccyc
D the cyclical capacity degradation.
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The algorithm used to calculate the capacity degradation, and thus to estimate the BESS
lifetime, is summarized in Figure 4.
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Figure 4. BESS degradation model flowchart.

Starting from the annual SOC profile obtained from the BESS model described in
Section 2.3, the proposed algorithm calculates the parameters required to estimate the
two degradation components. Using Equation (9), it evaluates the degradation accumu-
lated during the y-th year. The iteration is repeated for subsequent years until the total
degradation exceeds 20%. At this point, the algorithm stops and records both the level of
degradation achieved and the time taken to reach it, which defines the operational lifetime
of the system.

Figure 4 summarizes the 2 main branches of the degradation. The right branch
shows the calculation of Ccal

D , which represents the loss of battery capacity that occurs
during extended downtime. The downtime tdw is defined as the time that the battery
remains unused at a constant state of charge (SOCdw). Calendar degradation increases
with high temperatures, elevated SOCdw, and extended tdw durations [29]. To simplify the
degradation model, a constant temperature of 25 ◦C is considered, as reported in ref. [29].
On the other hand, the dependence on SOCdw and tdw is derived via Equation (10).

Ccal
D =

Ncal

∑
n=1

Kcal · e0.0074·SOCdw,n · (tdw,n + teq
dw,n−1)

0.8 (10)

Equation (10) allows summing the n-th calendar degradation events that occur with differ-
ent SOCdw and tdw (expressed in months). Ncal represents the total number of calendar
degradation events, while Kcal = 0.1723 month−1 is a coefficient that depends on the
operating temperature of the battery [31]. Since battery degradation is a non-linear pro-
cess, simply adding up the capacity degradation of successive events leads to significant
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discrepancies with respect to the actual degradation behavior of the battery. To overcome
this limitation, this paper employs the superposition method, as proposed in ref. [32]. This
method consists of considering the capacity degradation obtained in previous events (i.e.,
up to n − 1) as an equivalent downtime. The equivalent downtime teq

dw,n−1 is then added to
the downtime of the n-th event in Equation (10).

The individual SOCdw,n and tdw,n values are obtained by processing the state of charge
profile through two filtering steps. The first step employs a hysteresis filter that removes
small variations in SOC values (less than 5%) by smoothing them to the previous value.
The second step applies a binning process, discretizing the SOC values into predefined
intervals, such as increments of 5%. The algorithm calculates each value of tdw,n and its
relative SOCdw,n, explicitly excluding instants when the SOC changes. Finally, the total
Ccal

D is obtained by Equation (10).
On the other hand, Ccyc

D is directly related to the BESS cyclic operation, i.e., the charge
and discharge phase that occurs during battery usage. A charge/discharge cycle is defined
as a process in which the SOC starts from an initial value SOCi, reaches a final value SOCj,
and returns to the same initial value SOCi. Each cycle represents a degradation event
Ccyc

D,ij, whose intensity depends on the cycle depth of discharge DODij = |SOCj − SOCi|,
the average state of charge of the cycle SOCavr

ij , and the temperature. According to ref. [32]
the total cyclical capacity degradation is obtained by Equation (11):

Ccyc
D = ∑

ij
Kcyc · e−0.019·SOCavr

ij · DOD0.716
ij · (ncij + nceq

i−1,j−1)
0.5 (11)

where Kcyc is a cyclic temperature coefficient and is equal to 0.021 considering an operating
temperature of 25 ◦C [29]. For each pair SOCi and SOCj that characterizes the cycle,
the total number of cycles, called ncij, is calculated. As for the calendar aging, the cyclical
degradation accumulated from previous events (i.e., up to i − 1, j − 1) is considered
by adding up an equivalent number of cycles nceq

i−1,j−1 to the current number of cycles
in Equation (11).

The cyclic capacity degradation calculation is summarized in the left branch of the
flowchart in Figure 4. The number of cycles ncij is obtained by the Rain-Flow Counting
(RFC) method. The battery’s SOC profile undergoes pre-processing before applying the
RFC algorithm: an hysteresis filter removes small SOC fluctuations (<5%) to reduce noise;
then a peak detector algorithm identifies maximum and minimum SOC values to mark
transitions; finally, a binning process groups detected peaks into 5% SOC intervals for
better cycle classification.

After this pre-processing step, the RFC method is employed. This method is generally
used to calculate the number of cycles as reported in refs. [33–35]. The RFC algorithm
processes four consecutive SOC points to detect cycles. If the two middle points fall between
the first and last points, a valid cycle is identified. For a valid cycle, start and end SOC
values, i.e., SOCi and SOCj, are recorded and the two middle points are removed from the
SOC profile. If not valid, the next group is analyzed. The process continues until there are
not enough points to form a loop.

All identified cycles are recorded in the RFC matrix, which is organized as follows:
the rows identify the SOC levels at the start of the cycle (i.e., SOCi ∈ [5 − 95%]), while the
columns identify the SOC levels at the end of the cycle (i.e., SOCj ∈ [5 − 95%]). Each cell
of the RFC matrix indicates the number of cycles ncij between specific SOC start and end
levels. Starting from the RFC matrix, it is possible to obtain the element of Equation (11)
for each pair ij. Figure 5 provides an example of the RFC matrix, along with a graphical
explanation of the method used to determine the parameters in Equation (11) for calculating
cyclical capacity degradation.



Batteries 2025, 11, 422 13 of 27

24

𝑆𝑂𝐶! = 80%

	𝑆𝑂𝐶" = 90%

𝑛𝑐!" = 24

	𝐷𝑂𝐷!" = 90 − 80 = 10%

	𝑆𝑂𝐶!"
#$% = 85%

𝐶!"#
$%$

t

SO
C

 (%
)

85 

80

90 
1

2

3

4

2’
𝑆𝑂𝐶!

𝑆𝑂𝐶"

Figure 5. Example of RFC matrix and cycle parameter extraction. The color scale indicates the number
of cycles (ncij ) in each matrix cell, while the red line represents an example of a charge–discharge
trajectory.

It should be noted that only battery capacity degradation is considered in this study.
Although the increase in internal resistance also contributes to battery aging by reduc-
ing the maximum deliverable power, previous works on LiFePO4 cells have shown that
when the capacity fade reaches 20% (end of life), the corresponding power fade remains
below 5% [31]. Therefore, internal resistance growth was neglected to limit model complex-
ity and computation time. However, this phenomenon can be modeled as a progressive
decrease of Pmax

B , as formulated in ref. [31].

2.4. Grid Economic Exchange Modeling

In addition to the energy aspects discussed in the previous sections, this paper also
addresses optimization from an economic perspective. Starting from the energy flows, it is
therefore necessary to develop a model that takes into account the costs associated with
the exchange of energy with the grid, including the costs of imported energy (purchased
from the grid) and the revenue from injected energy (sold to the grid). Considering a
one-year analysis, Equations (12) and (13) represent the calculation of the energy cost (C+

G )
and revenue (C−

G ), respectively:

C+
G =

∫
T=1 year

cbuy(t) · P+
G (t) dt (12)

C−
G =

∫
T=1 year

csell(t) · P−
G (t) dt (13)

where cbuy and csell are the specific price of the imported and injected energy in EUR/kWh,
while P+

G (t) and P−
G (t) are the profile of the grid imported and injected power, respectively.

The specific price cbuy is obtained from the data provided by the Italian Power
Exchange—IPEX [36]. In this paper, we consider a purchase price based on the National Sin-
gle Price (NSP) following Time-Of-Use (TOU) tariffs. The TOU tariffs typically have higher
prices during peak hours, when demand is high and the grid is overloaded, and lower
prices during off-peak hours, when demand decreases. In Italy, the energy market follows
this structure by dividing the day into different price bands, such as “peak hours”, “interme-
diate hours”, and “off-peak hours”. These bands correspond to specific time windows and
days of the week. Additional costs, including network charges, taxes, and levies (e.g., value
added tax, renewable, capacity, and environmental taxes), are included in cbuy according
to refs. [37,38]. Fixed costs associated with contractual power were not included, as they
are constant with respect to the optimization variables and thus do not affect the results.
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On the other hand, the csell price depends on the adopted market mechanism. In Italy,
it is generally managed by the national energy services operator, which applies either a
fixed or a variable tariff depending on the market mechanism. The variable tariff is linked
to the NSP for each geographical zone and follows TOU pricing. To ensure methodological
generality and alignment with real market-based remuneration mechanisms, this study
adopted a zonal NSP-based dynamic price.

In this paper, the annual variation of the price profiles is considered, with a 15-min
resolution to match that adopted for the power profiles. Figure 6 shows the cbuy and csell

price profiles for 2023. The annual view illustrates the monthly price variations, while a
detailed weekly view highlights the daily fluctuations, showing that the purchase price
follows the TOU tariff and the NSP varies on an hourly basis.
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Figure 6. Annual and weekly energy price profiles.

3. PV-BESS Sizing Optimization Problem
Figure 7 shows an example of the power flow profiles of each element of the system

over a one week period. A preliminary size setting of SPV=100 kWp and SB = 100 kWh is
selected to support the EV charging load of the paid “public car park” (medium size) scenario.
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Figure 7. System power flow profiles: at the top is the PV power and the load. In the middle is the
SOC and BESS power, and below is the power exchanged with the grid.

The top frame in Figure 7 shows the PV power profile in orange and the total EV
load profile in blue. The output of the BESS model is shown in the middle frame: the
green profile depicts the BESS power, while the red line shows the BESS SOC evolution.
According to the BESS model of Equations (5) and (6), the BESS power is negative/positive
during the charging/discharging phase and depends on the balance between generation
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and load. The SOC profile shows that its cyclicity is highly dependent on the balance
between PPV and PEV. Under conditions of abundant production or low demand, it can
reach high values. Conversely, under conditions of low production, it can remain at low
values for long periods. The parameters that affect BESS degradation, such as charge-
discharge cycles and downtime periods, are highly dependent on on the PV and BESS size,
highlighting therefore the need for a detailed analysis of their impact during the sizing
optimization process.

Finally, the bottom frame in Figure 7 shows the power exchanged with the grid.
According to Equation (1), positive values indicate power consumption (e.g., last 3 days in
Figure 7), while negative values indicate power injected into the grid, i.e., when the battery
cannot store the surplus of generation (e.g., first 4 days in the figure). As evident from
these patterns, the sizing of the PV-BESS system has a significant impact on the exchange
of power with the grid and thus on the economic performance of the system.

Based on the system model described in Section 2, it is essential to define quantitative
performance parameters that not only take into account both energy and economic aspects,
but also allow a direct evaluation of the system performance.

3.1. System Performance Parameters

System energy performance evaluation is based on two parameters: self-consumption
(λSC) and self-sufficiency (λSS). Self-consumption is the share of the total PV-generated
energy that is directly consumed locally. In other words, λSC quantifies the amount of PV
energy utilized on-site rather than exported to the grid on annual basis. Self-sufficiency,
on the other hand, refers to the degree to which the on-site PV generation satisfies the load
energy demand. λSS indicates how much of the total energy demand is covered by the PV
system. The related formulas are reported in Equations (14) and (15):

λSC = 1 −
E−

G
EPV

(14)

λSS = 1 −
E+

G
EEV

(15)

where E+
G and E−

G are the annual energy purchased from and supplied to the grid, respec-
tively. EPV is the energy produced by the PV system and EEV is the energy absorbed by the
charging station on annual basis.

Self-consumption and self-sufficiency vary in the range [0, 1] and exhibit complemen-
tary behavior: λSC = 1 only if the system does not export energy to the grid, while λSS = 1
if the system does not import energy from the grid (totally grid-independent). The value
of these parameters is influenced by the sizing of the system. For example, increasing PV
size has a positive impact on self-sufficiency by reducing the amount of energy absorbed
from the grid. However, PV-oversizing results in a higher amount of energy being injected
into the grid, which ultimately reduces self-consumption. On the other hand, since BESS
operations reduce grid power exchanges (both E+

G and E−
G ), increasing battery size results

in higher values of both λSC and λSS.
The economic performance of the system is assessed through the levelized cost of

energy. The LCOE (θLCOE) represents the average cost of energy incurred by the charging
infrastructure operator delivering energy to EV users, over the lifetime of the system. The
greater the reduction in LCOE due to the introduction of the PV-BESS system, the greater
the economic benefit of the system. As defined in ref. [39], the LCOE is calculated as follows:

θLCOE =
θNPC

EEV
θCRF (16)
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The parameter θCRF in Equation (16) represent the Capital Recovery Factor—CRF that
is a financial parameter used to determine the annualized cost of an investment over its
lifetime. It converts the total cost of a system (EUR) into an equivalent annual payment
(EUR/year) and is obtained by Equation (17):

θCRF =
r(1 + r)ysys

(1 + r)ysys − 1
(17)

where r is the discount rate, representing the rate used to discount future cost to their
present value, and ysys is the system lifetime, which is chosen equivalent to the PV system
lifetime because, after a certain period, the photovoltaic components reach the end of their
functional life, making it economically unfeasible to maintain the system [40].

In Equation (16), θNPC is the Net Present Cost—NPC and represents the total present
value of all costs associated with the system over its lifetime, including capital and operative
costs. The NPC is given by:

θNPC = CPV + CB +
C+

G − C−
G

θCRF
(18)

where CPV and CB are the PV and the BESS cost, respectively:

CPV = CCAP
PV + COM

PV (19)

CB = CCAP
B + COM

B + CR
B (20)

The capital cost and operation & maintenance (O&M) costs are included in the PV and BESS
cost. The BESS cost also takes into account the replacement cost, as BESS typically have
shorter lifetimes than PV. Therefore, to accurately account for all costs incurred over the
entire system lifetime, the additional costs associated with BESS replacements are included.
The therm C+

G − C−
G represents the balance between the cost of energy purchased from the

grid and the revenue from energy sold back to the grid, as calculated in Section 2.4. The
θNPC of the system is thus the sum of the PV and BESS costs, plus the difference between the
cost of energy purchased and the revenue from energy sold. Revenues from EV charging
were not included in the optimization, as the user charging price is assumed to be constant
and independent of the PV–BESS configuration.

The capital costs CCAP
PV and CCAP

B are calculated in Equations (21) and (22) considering
the PV-BESS size, and their specific cost, i.e., cPV in EUR/kWp and cB in EUR/kWh,
respectively, for PV and BESS:

CCAP
PV = cPV · SPV (21)

CCAP
B = cB · SB (22)

The operation and maintenance costs for both the PV and BESS systems are calculated
by considering the discount rate and the system lifetime. The COM

PV is given by:

COM
PV = cOM

PV SPV ·
ysys

∑
n=1

(
1

1 + r

)n
(23)

where cOM
PV is the annual O&M cost (EUR/kWp/year) of the PV plant. Similarly, the O&M

cost for the BESS is calculated as:

COM
B = cOM

B ·
ysys

∑
n=1

(
1

1 + r

)n
(24)
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where cOM
B is the annual O&M cost of the battery system (EUR/year).

The replacement cost of the BESS is obtained by determining how many replacements
are required during the system’s lifetime, which is obtained by dividing the total system
lifetime by the battery’s lifetime yB, obtained as described in the BESS Degradation Model
Section, and calculating the cost of each replacement. Since the resulting number of
replacements is typically not an integer, it includes both complete replacements and a
fractional replacement at the end of the system’s lifetime. The formula for the replacements
cost is:

CR
B = CCAP

B ·
m−1

∑
i=1

1
(1 + r)i·yB

(25)

where m is the number of battery replacements during the system’s lifetime.
The parameters relevant to the PV-BESS system’s economic analysis are summarized

in Table 3.

Table 3. System economic parameters and lifetime.

Parameter Value Reference

cOM
PV 7.7 EUR/kWp/year [41]

cOM
B 60 EUR/year [42]

cPV 1100 EUR/kWp [43]
cB 350 EUR/kWh [44]
r 3.4% [45]
y 25 years [40]

Economic performance is strongly influenced by the PV-BESS system size. Larger
PV systems increase the overall system cost but help lower the expenses associated with
purchasing energy from the grid. Similarly, larger BESS size raise the system’s cost but
increases economic independence from network, reducing system operating costs. The chal-
lenge of this work is to provide a method to optimize the performance of the system from
both an energy and economic point of view.

3.2. Multi-Objective Optimization

The goal of the sizing optimization process is to determine the pair (SPV , SBESS) that
maximizes the system performances. It is possible to consider the previous performance
parameters and define two different objective functions. From the energy point of view,
the information provided by the parameters λSC and λSS are included within the energy
objective function, defined as follows:

Λ = λSC · λSS (26)

As described in Section 3.1, λSC and λSS are two parameters that range from 0 to 1 and
exhibit complementary behavior with respect to system size. When analyzed individually,
λSC is only indicative of system over-sizing, while λSS is only indicative of under-sizing.
The objective Λ in Equation (26) also varies between 0 and 1, but only reaches high values
when both λSC and λSS are high. This property allows Λ to encapsulate the performance
aspects of both λSC and λSS, providing a unified measure of both over-sizing and under-
sizing of the system. In other words, Λ = 1 is only achieved when the system does not
export or import power to/from the grid.

On the other side, the LCOE is employed to assess the economic performance of the
system. This parameter is expressed in relative terms by normalizing it with respect to
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the average annual energy purchase price, cav
buy. The corresponding economic objective

function is defined in Equation (27):

Θ =
θLCOE

cav
buy

(27)

If Θ < 1, it indicates that the PV-BESS system is economically advantageous, as the cost
of energy is lower than the standard case, i.e., without PV-BESS, where the energy cost is
equal to cav

buy.
To prevent negative values of Θ, which would correspond to a gain rather than an

energy cost, the selling price is set csell = 0. This approach avoid that the objective function
may favor over-sizing the PV system to maximize revenue from energy sales, thereby
deviating from the study’s primary goal.

The target of the PV-BESS sizing optimization is to find the solutions (SPV , SBESS)

that maximize Λ and minimize Θ. The multi-objective optimization (MOO) problem is
described in Equation (28): 

min
SPV,SB

F(SPV, SB) = [−Λ, Θ]

SPV ∈ ΩPV

SB ∈ ΩB

(28)

In order to explore PV-BESS combination compatible with the usual car park size, the range
of feasible solutions are ΩPV ∈ [0, 500] kWp for PV and ΩB ∈ [0, 500] kWh for BESS size.

MOO is a branch of optimization focused on solving problems that require the simulta-
neous optimization of multiple objectives. The two objective functions are often in conflict
with each other. For example, higher values of SPV and SB improve Λ but increase capital
costs, thereby negatively impacting Θ. As a result, there is typically no single optimal
solution, but rather a set of optimal solutions. This set is known as “Pareto front” and
consists of all the [SPV ,SB] pairs for which Θ cannot be decreased without reducing Λ,
and vice versa.

MOO problems can be addressed using various algorithms to find solutions belong-
ing to the Pareto front, identified with ε. In this work, three of the most widely adopted
metaheuristic methods for MOO were considered and compared: NSGA-II, MOEA/D,
and MOPSO. These algorithms were selected as they represent three distinct paradigms of
multi-objective search: evolutionary selection (NSGA-II), decomposition-based optimiza-
tion (MOEA/D), and swarm intelligence (MOPSO).

To perform the comparison, each algorithm underwent a preliminary parameter
tuning phase to identify algorithm-specific optimal configurations. The optimization prob-
lem was then solved using each algorithm implemented in the pymoo Python library
(version 0.6.1.5), with all algorithms executed under identical structural conditions (popula-
tion size, number of generations, random seed management) to ensure reproducibility and
fair comparison. The resulting main parameter configurations are summarized in Table 4.

A population size of 100 and 20 generations was selected as a trade-off between explo-
ration capability and computational cost. Preliminary convergence tests confirmed that fit-
ness stabilization was achieved after approximately 10–15 generations, with 20 generations
providing a safety margin for robust convergence. Each algorithm was executed for ten
independent runs using different random seeds to account for stochastic variability. The
performance of each algorithm was evaluated by computing the Hypervolume (HV) indica-
tor, which quantifies both convergence and diversity of the Pareto front. Since the problem
is formulated in minimization mode as [−Λ, Θ], the nadir point (worst-case scenario) is
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(0, 1). The reference point was set to (0, 1.1), scaling the nadir by a factor of 1.1 to ensure
numerical robustness and prevent boundary effects [46]. For each algorithm, the mean and
standard deviation of the HV across the ten runs were calculated, together with the average
execution time.

Table 4. Parameters adopted for the three multi-objective algorithms.

Parameter NSGA-II MOEA/D MOPSO

Population Size 1 100 100 100
Number of Generations 20 20 20
Crossover Probability 0.98 0.92 -
Crossover Distribution Index 15 15 -
Mutation Probability 0.2 0.2 -
Mutation Distribution Index 20 20 -
Inertia Weight (w) - - 0.7
Acceleration Coefficients (c1, c2) - - 1.5, 1.5
1 For MOEA/D, the population size corresponds to the number of reference directions.

A Kruskal–Wallis H-test was performed on the HV distributions across the three
algorithms (n = 10 runs each, α = 0.05). The test yielded H = 19.42, p < 0.001, indicat-
ing statistically significant differences. Pairwise Mann–Whitney U tests with Bonferroni
correction (αcorrected = 0.0167) revealed that NSGA-II and MOPSO achieve statistically
equivalent HV values (p = 0.734), with mean values of 0.3552 ± 0.0002 and 0.3556 ± 0.0007,
respectively. Conversely, MOEA/D exhibited significantly lower performance (p < 0.001
against both NSGA-II and MOPSO), with mean HV of 0.3533 ± 0.0012. Despite compara-
ble Pareto front quality between NSGA-II and MOPSO, NSGA-II demonstrated superior
stability across runs (lower standard deviation) and required 5.6% less computation time.
Therefore, NSGA-II was selected as the reference algorithm for all subsequent analyses.

Having established NSGA-II as the optimal algorithm, the analysis now focuses on
identifying the best design solution from the resulting Pareto front. By means of the Pareto
front, it is possible to identify three significant points: εΛ = [Λ∗, Θ], which represents the
Pareto solution with the highest energy performance Λ; εΘ = [Λ, Θ∗], which is the Pareto
solution with the best economic performance Θ. The third is the ideal point ε∗ΛΘ = [Λ∗, Θ∗],
which can be obtained by the intersection of εΛ and εΘ. The ideal point is, therefore,
a non-feasible solution that represents the best possible values for each objective, meaning
that it achieves the highest performance for both energy and economic objective functions.
However, this point cannot be realized in practice because it lies outside the feasible
solution space.

Since the goal of this study is to determine the optimal size of the PV+BESS system
that simultaneously maximizes energy performance and economic profitability, the optimal
point between the Pareto front was chosen by finding the Pareto point that minimizes the
Euclidean distances from the ideal point [47]. Euclidean distance is a geometric distance
measure that quantifies the distance between two points in a multidimensional space. In the
context of this study, the Euclidean distance d∗ between the ε∗ΛΘ and the closest point on
the Pareto front εΛΘ is calculated in Equation (29):

d∗ = min
√
(Λj − Λ∗)2 + (Θj − Θ∗)2, j = 1, 2, . . . , m (29)

where Λj and Θj are the values of the objective functions for the j-th point on the Pareto
front and m is the number of solution composing the Pareto front.
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4. Result and Discussion
This section outlines the economic and energy benefits of integrating the PV-BESS

system with EV charging infrastructure, highlighting the difference across the various
locations and park sizes. Figure 8 presents the Pareto fronts for the four different parking
locations under the three sizes, small, medium, and large, arranged from left to right.
The points of interest on the Pareto front, such as εΛ, εΘ, ε∗ΛΘ, and εΛΘ, are highlighted in
each graph. The PV-BESS sizing results and the economic and energy performances of each
point of interest are also summarized in Table 5.

Figure 8. Pareto fronts for different car park locations and footfall scenarios: paid public car park,
workplace car park, municipal car park, and mall car park.

As can be seen, the charging location, and therefore the charging power profile, have a
significant impact on the energy independency and the economic effectiveness of the PV
system with storage. Furthermore, the car park size also impacts the system’s performance.
For each scenarios, as the size of the car park increase, the spread of the Pareto front
decrease. Since the same domain is considered across all scenarios, oversized PV-BESS
systems in smaller car parks are economically less attractive. This is because the additional
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costs associated with larger systems outweigh the benefits of reducing the share of energy
absorbed from the grid. As a result, the front is vertically extended. Furthermore, since
larger PV-BESS systems enhance the energy efficiency of the system, the front also extends
horizontally. Conversely, larger loads within the same domain lead to a tighter Pareto front.

Table 5. Sizing and performance results for the best solution point, best economic performance point,
and best energy performance point, for each location and size.

Location Scenario
εΛΘ SPV

(kWp)
SB

(kWh)
εΘ SPV

(kWp)
SB

(kWh)
εΛ SPV

(kWp)
SB

(kWh)Λ Θ Λ Θ∗ Λ∗ Θ

small 0.72 0.63 49 127 0.60 0.58 59 86 0.80 1.21 49 500
Public car park medium 0.72 0.58 95 202 0.60 0.55 115 139 0.77 0.82 93 500

large 0.72 0.54 144 268 0.63 0.51 172 186 0.76 0.67 140 500

small 0.72 0.48 45 54 0.57 0.42 60 17 0.80 1.18 46 500
Workplace car park medium 0.56 0.63 110 176 0.34 0.54 164 18 0.69 0.9 93 500

large 0.53 0.56 211 212 0.38 0.49 268 8 0.60 0.70 188 500

small 0.72 0.75 52 180 0.58 0.69 62 128 0.80 1.24 51 500
Municipal car park medium 0.70 0.66 100 279 0.60 0.62 123 214 0.76 0.82 100 500

large 0.70 0.68 151 427 0.61 0.65 175 346 0.73 0.72 143 500

small 0.69 0.75 47 163 0.53 0.67 51 91 0.79 1.32 46 500
Mall car park medium 0.66 0.77 114 388 0.57 0.74 133 301 0.70 0.86 107 500

large 0.70 0.64 164 423 0.61 0.62 196 356 0.72 0.69 156 500

As reported in Table 5, among the considered locations, the best energy performance
result is obtained for the paid public car park. This result can be explained as, in this loca-
tion, the load distribution is more concentrated during daytime hours and well-balanced
throughout the day. This allows for good self-sufficiency of the system, with no exces-
sive peak demands that would require additional energy from the grid. Furthermore,
the unchanged load between weekdays and weekends, allows for a well-sized system
that performs efficiently throughout the entire week, avoiding over- or under-sizing due
to fluctuations in demand between weekdays and weekends. With regard to economic
effectiveness, for all the considered sizes of the public car park, the chosen solution on
the Pareto front εΛΘ results to present an high energy cost saving, 37%, 42%, and 46% for
small, medium, and large park sizes, respectively. Despite the peak load occurring in the
evening, when PV power is no longer available and a larger BESS is required, there remains
a substantial energy cost saving, as most of the load is concentrated during daylight hours.

The workplace car park scenario, at the εΛΘ point, achieves similar economic perfor-
mance, with energy cost savings of 52%, 37%, and 44% for the low, medium, and high
scenarios, respectively. This is due to the alignment of the charging time slot with working
hours, featuring a peak demand in the morning when PV production is available and no
load during the evening. As a result, a large PV size and a very small BESS capacity are
sufficient, leading to a more cost-effective system. With regard to system energy indepen-
dency, the medium and large scenarios exhibit the worst results among all the considered
cases. These low performances can be attributed to two factors: the sharp and sustained
morning peak load and the absence of load during weekend. The morning peak, which PV
generation and the small BESS capacity cannot fully cover, leading to a higher reliance on
grid energy. The second factor is that during the weekend, since the load is absent, once
the battery storage is full, all the energy produced by the PV system is fed into the grid,
reducing the system self-consumption. However, the small car park scenario achieves good
energy performance. In fact, as shown in Figure 3, the peak load in this scenario is modest,
since the number of vehicles daily charged is small. In this case, the PV and BESS systems
are more effective in meeting the demand, as the smaller battery is better suited to support
the load, compensating for the reduced self-consumption during the weekends.
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Lower economic performance is observed in the last two parking scenarios: the
municipal car park and the mall car park. Regarding the municipal parking, at the εΛΘ

point, under the three size scenarios, the economic performance never exceeds a cost saving
of 34%, while the energy performance is similar to that of the public car park. The charging
hub load profile in this scenario is characterized by a high variance in parking times,
including late evenings and peaks during peak traffic hours. The evening load, due to the
lack of PV production, negatively impacts economic performance as it must be covered
by the BESS energy supply. This requires a larger storage capacity, which increases the
overall system cost, while since the BESS size required to meet the load is high, this helps
to have high energy performance. Moreover, the reduction in load during the weekend,
amounting to −33% compared to weekdays, slightly contributes to the reduction in energy
performance. In fact, during weekdays, the higher load decreases self-sufficiency, as grid
energy is required to meet demand. Conversely, during the weekend, the lower load
reduces self-consumption, as the surplus energy must be injected into the grid.

Finally, in the mall car park scenario, the poorest overall performance was observed.
Economic performance was the weakest among all scenarios, and energy performance was
also suboptimal, surpassed only by the lower results observed in the workplace scenario.
This scenario is characterized by a high flow of users during the daytime, with a moderate
increase in the evening hours. In particular, the evening load increase, as observed in the
municipal scenario, necessitates a larger battery capacity to supply the load required by
the CH, resulting in higher system costs. Evidence of this is the fact that, for both the
municipal and mall scenarios, the selected best solution on the Pareto front, εΛΘ, results
in BESS capacities of 279 kWh and 388 kWh, respectively, which are significantly larger
than those required for the first two locations. As far as energy performance is concerned,
as shown in the load profile in Figure 3, there are no significant load peaks during the
day. However, the reduction in energy efficiency across all scenarios can be attributed to
the substantial increase in load during the weekends, i.e., 51% compared to weekdays.
This increase impacts not only energy performance but also economic performance, as the
higher weekend load necessitates a larger PV-BESS system to accommodate the demand,
leading to increased system costs. Furthermore, during the weekdays, when the load is
smaller, there is a reduction in the system’s self-consumption, while at weekends, when the
load is greater, self-sufficiency decreases.

The results discussed above are corroborated by the heat maps in Figure 9. The figure
presents energy performance on the left and economic performance on the right, illustrating
the outcomes across the optimization domain for the medium car park size scenario at the
considered locations.

The energy performance heat maps clearly show that system energy independency
improves as the BESS size increases, as larger systems can store and supply greater amounts
of energy during operation. On the other hand, regarding the optimal PV size, similar PV
sizes were obtained for all scenarios. This is because the PV size primarily depends on
the energy required to meet the load, and the energy differences between the scenarios
are minimal, as the same number of vehicles is considered. Consequently, the PV sizes
remain comparable across scenarios, with the load profile having no significant impact in
this regard. This means that, in accordance with Figure 9, the PV system with a capacity of
approximately 100 kWp supply an amount of energy equivalent to that required by the
charging station in the medium scenario.

As for the economic performance heat maps, the optimal PV size is consistent with
that seen in the energy performance heat maps, as oversizing the PV leads to higher costs
without any corresponding benefit, since the sale of surplus energy to the grid is not
considered. Notably, only in the workplace scenario is the optimal PV size slightly larger
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than in the others, as the peak load aligns with the peak PV production, as previously
mentioned. The BESS size, however, depends on the specific load profile. The greater the
deviation between the load profile and the PV production profile, the larger the battery
capacity required, as observed in the municipal and mall car park scenarios.

Figure 9. Heat maps showing the energy and economic performance results within the domain of the
considered location for the large car park scenario.

Heat maps in Figure 9 confirm that, the overall best performance are achieved by the
paid public car park. High energy performance are achieved for a wider range of BESS
sizes, as indicated by the broad green area. In the economic heat map, low energy costs are
achieved, while overall economic efficiency is maintained across almost the entire domain,
as Θ stays below 1 in nearly all areas, indicated by the region within the dashed line. It may
also be noted that, even without an energy storage, the economic effectiveness is achieved
in almost the entire PV size domain.
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With regard to the workplace car park, energy performance turn out to be not high as
the previous location but still quite spread for greater values of BESS size. The economic
performance clearly shows that, since the load profile match the PV production profile,
the minimum value of the cost of energy is achieved with almost no battery storage.
Moreover, Θ is below 1 for all the domain of PV when SB is equal to 0.

In the considered domain, municipal car park location, achieved similar energy per-
formance with respect to public car park but has lower energy performance since the BESS
required is higher, as evidenced by the economic performance heat map.

Finally, the mall car park scenario demonstrates a relatively high maximum energy
performance within the domain, outperforming the workplace scenario, but with a nar-
rower range of good energy performance values, confined mainly to larger BESS sizes. This
results in poor energy performance for the PV system without battery storage, highlighting
once again the poor match between the PV profile and the load profile in this scenario. As a
consequence, a significantly large BESS storage capacity is required, leading to higher Θ,
as shown by the economic performance heat map.

The results obtained can be summarized as follows. The paid public par park achieves
the best overall performance, with economic savings of up to 46%. The system is highly
self-sufficient, minimizing grid reliance, and its consistent load profile throughout the
week leads to efficient system sizing. The workplace car park also demonstrates excellent
economic savings, up to 52%, but low energy performance, especially in medium and
large scenarios due to the high peak load in the morning and the lack of load at weekends.
The municipal car park has lower economic savings, never exceeding 34%, despite having
similar energy performance to the public car park. This is because more battery storage
is required to meet evening load demands, increasing costs and reducing performance.
Finally, the mall par park shows the weakest overall performance, while it achieves good
energy performance, it requires a significantly larger battery to cover evening peak loads,
leading to higher costs.

5. Conclusions
This study proposed a multi-objective optimization method for the optimal sizing of

PV-BESS systems to support EV charging hubs. The framework aimed to maximize both
energy and economic system performance. The energy objective function, defined as the
product of system self-consumption and self-sufficiency, represent the energy independency
of the CH from the grid. Economic objective function, on the other hand, was defined as
the LCOE, relativized to the average energy purchase price. Four distinct charging station
locations, representing different urban and functional contexts, specifically, public car park,
workplace car park, municipal car park, and mall car park, were analyzed to evaluate
the impact of location and CH size (small, medium, and large) on system performance.
A battery degradation model was implemented for realistic lifetime estimations. The
resulting multi-objective problem was solved using the NSGA-II algorithm, selected after
comparative testing with MOEA/D and MOPSO demonstrated its superior stability and
computational efficiency while maintaining equivalent Pareto front quality.

The achieved results revealed that locations with well-aligned load distributions, such
as the paid public car park, demonstrate superior overall performance due to efficient
utilization of PV energy and reduced storage requirements. Specifically, for the paid public
car park scenario, an average energy cost saving of 42% was obtained, while the energy in-
dependency (εΛΘ) was 0.72 for each CH size. Conversely, scenarios with mismatched load
and generation profiles, like the mall car park, require larger battery systems to achieve
comparable energy performance, with an average εΛΘ of 0.68, leading to higher costs.
For the mall car park scenario, in fact, the average energy cost saving obtained was 28%,
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which is 33% lower compared to the paid public car park. Finally, pronounced load peaks
were identified as the primary cause of the poor energy performance in the analyzed scenar-
ios. Specifically, the workplace scenario, characterized by a significant morning load peak,
achieved the lowest performance, with an average εΛΘ of 0.6 across the three considered
sizes. With regard to the PV-BESS system sizes among the considered scenarios, while the
PV size depends more on the energy required by the specific load than on the daily load
profile, the BESS size is strongly correlated with the load profile. The smallest BESS sizes
were found for the paid public and workplace parking lot scenarios, with PV-BESS system
sizes of 144 kWp–268 kWh and 211 kWp–212 kWh, respectively, for the large parking lot.
In contrast, for the municipal and mall parking scenarios, the optimal system sizes for
the large car park are 151 kWp–427 kWh and 164 kWp–423 kWh, with BESS capacities
approximately double those of the previous scenarios.

These findings underscore the importance of tailored system sizing to maximize
efficiency, sustainability and cost-effectiveness in EV charging infrastructures. Future de-
velopments of this work could include the implementation of Vehicle-to-Grid functionality.
In such a scenario, EVs would operate as distributed energy storage units, providing bidi-
rectional power exchange with the grid and enhancing system flexibility. This capability
could reduce the required size of the stationary BESS or alter its optimal operation strategy.
In addition, future work will include the modeling of the battery internal resistance growth,
represented as a progressive reduction of the battery maximum deliverable power Pmax

B , to
capture the effects of power fade associated with battery aging.
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