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Abstract: Fossil fuel depletion, environmental concerns, and energy efficiency initiatives drive the
rapid growth in the adoption of electric vehicles. However, one of the significant challenges to the
widespread deployment of this technology is the lengthy battery charging time. The concept of a
battery swapping station has emerged as a solution to this issue, where depleted electric vehicle
batteries are exchanged for fully charged ones in significantly less time. To this end, this paper
evaluates the technical and economic performance of a grid-connected photovoltaic-wind hybrid
power supply system for an electric vehicle battery swapping station. The objective is to investigate the
viability of the hybrid power supply system as an alternative energy source by assessing its potential
for cost savings and the overall cost-effectiveness of grid-connected systems for electric vehicle battery
swapping stations. This is achieved through an optimal control model designed to minimize the
total life cycle cost of the proposed system and reduce the consumption of electrical energy from the
utility grid while maximizing system reliability, which is defined based on the loss of power supply
probability. The optimal control problem is solved using mixed-integer linear programming, with
decision variables including the power drawn from the utility grid, the number of wind turbines, and
the number of solar photovoltaic panels. The effectiveness of this model is verified through a case study.
Simulation results demonstrate the desirable performance of the proposed system, with the optimal
number of wind turbines and solar photovoltaic panels determined to be 64 and 420, respectively. The
total life cycle cost of the installation, in South African Rand, is estimated at R 1,963,520.12, leading to
energy cost savings of up to 41.58% for the studied case. Additionally, an economic analysis, conducted
through life cycle cost analysis, includes the initial capital investment as well as the maintenance and
operation costs over the system’s lifetime. The LCC analysis results indicate a payback period of 5
years and 6 months, demonstrating that the proposed system is both economically and technically
feasible.

Keywords: electric vehicle battery swapping station; grid-connected hybrid renewable power supply
systems; multi-objective optimisation; mixed integer linear programming; life cycle cost analysis

1. Introduction
The growing concerns about climate change, combined with the need to reduce reliance on fossil

fuels and the imperative to mitigate environmental impacts related to energy, have spurred global
efforts toward transitioning to sustainable energy sources [1,2]. The energy consumption forecast for
years to come only strengthens this trend, especially in light of demographic trends and development
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in many countries around the world [3]. This is highly critical for countries listed as developed
countries where the stakes are high in balancing economic growth with environmental sustainability
[2,3]. For instance, in South Africa, the energy sector grapples with multiple challenges, including
supply constraints, frequent power outages (load shedding), rising electricity costs, and environmental
degradation [4,5]. The current power grid cannot meet the load demand, meaning an additional
burden such as charging the depleted electric vehicles (EVs) battery could be harmful [6–8]. As part
of South Africa’s commitment to sustainable development and energy security, there is a growing
emphasis on diversifying the energy mix and promoting the integration of renewable energy.

The electric vehicle (EV) market has grown exponentially in the past decade. The International
Energy Agency (IEA) predicts that the global EV market could reach 55–72 million units by 2025,
representing approximately 8% of all vehicle sales [9]. The adoption of EVs could reduce fossil fuel
consumption, subsequently decreasing the amount of greenhouse gases (GHGs) and other pollutants
released into the atmosphere during road travel. Besides reducing fossil fuel dependence, EVs emit
considerably less CO2 compared to internal combustion engines (ICEs) [10,11]. With the widespread
adoption of EVs, the demand for EV charging infrastructure is inevitably increasing. Thus, the
success of EV market is closely tied to the availability, efficiency, and accessibility of charging systems.
However, several barriers still hinder the broader adoption of EVs, such as the high cost of EV battery
replacement, the limited driving range, and long charging times. Despite the increasing number of EV
charging stations, charging times often remain excessively long. This situation necessitates using fast
charging methods, which can negatively impact the longevity of EV batteries. A promising solution
to these challenges is the implementation of EV battery swapping stations (BSSs). BSSs offer a more
convenient and efficient way to recharge EV batteries by allowing drivers to exchange their depleted
EV batteries for fully charged ones within minutes. These stations charge the EV batteries according
to a predetermined strategy before making them available for the next swap, effectively alleviating
concerns about energy availability and long charging times. BSSs can also charge the depleted EV
batteries ahead of time, especially during off-peak hours, to meet peak swapping demands, which is
potentially compatible with the peak demand of the power supply system. The depleted EV batteries
being charged can be integrated into the energy management system, where their charging is scheduled
or discharged to supply power to the utility grid. This charging solution is imminent to offer seamless
mobility since swapping a depleted EV battery takes less time than charging it. Moreover, BSSs can be
considered as a demand response resource that benefits both the environment and the power supply
system. BSSs play a crucial role in supporting EV adoption and reducing carbon emissions from
transportation. Nevertheless, integrating BSSs with the existing power utility grid remains a significant
challenge due to the high operating costs associated with generation and maintenance [12–18]. These
challenges can be mitigated by integrating the BSS with renewable energy source systems (RES),
thereby enhancing the stability of the power utility grid.

In light of the growing interest in BSSs, many companies globally are engaging in pilot installations
to develop and implement BSS technology for the EV industry, showing that battery swapping
technology is a promising and cost-effective alternative to traditional plug-in charging method [19–22].
Significant research studies have also focused on developing and optimizing BSSs by integrating
them with RES. These research studies have often investigated different methods to improve the
planning and operation of BSSs, highlighting their potential benefits over traditional plug-in charging
methods. Rao et al. proposed an optimization charging model based on a questionnaire experiment
to investigate and optimize the battery-swapping behaviours of EV users. The authors discovered
that optimizing EV user behaviour in BSS can lead to improved energy efficiency [23]. Xu et al.
concentrated on the mechanism of the smart battery charging and swapping operation service network
for EVs, including their general design and operational mode. Two distinct types of demonstration
installation projects were given, each of which elaborated on the state of EV infrastructure building.
Finally, a performance study of the charging behaviours of electric taxis in fast charging stations based
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on queuing theory was provided. The simulation results revealed that the service duration and the
number of generators affected on the average waiting time and queue length [24]. Yan et al. provided
a real-time energy management strategy for a BSS-based smart community microgrid (SCMG) that
uses fluctuating renewable energy to charge EV batteries and traditional household loads. A novel
Lyapunov optimization framework based on queuing theory was developed to solve the suggested
model. The proposed method reduces complicated energy scheduling to a single optimization problem,
making it suitable for real-time applications. According to simulation studies, BSS employed for dual
purposes might increase overall system economics and enable the incorporation of renewable energy
compared to standalone operations [25]. Mahoor et al. concentrated on developing a mathematical
model for uncertainty constrained in BSSs for the optimal operation that covered both random customer
demand of fully charged batteries and leveraged the available batteries for minimising operation costs
through demand shifting and reselling energy. The authors solved the BSS scheduling problem for
one station using mixed integer linear programming and predicted battery depletion by presenting a
feasible solution. Simulation approaches were also utilised to show the proposed model’s effectiveness
and assess its practicality in reaching the lowest possible operating cost [26]. In [27], Liu et al. achieved
optimal BSCS operation by proposing a closed-loop supply chain-based BSCS model to realise the
combined operation of battery charging stations and battery swap stations. In contrast, a network
calculus-based service model was used to ensure the quality of battery swapping service at BSS. The
simulation results confirmed the practicality of the suggested model and the heuristic solution, which
had small optimal losses and required less computing time. Yang et al. suggested a dynamic operating
model of a BSS in the electricity market. The novel mathematical programming model tries to find the
optimal short-term battery strategy, with 24-hour simulation results demonstrating the methodology’s
practicality and practicability [28]. Zheng et al. developed a battery swap station operation model
for a fleet of electric buses in public transportation. An optimal solution was found by examining
the parameters of the electric city buses and battery leasing mode in order to minimise the charging
impact on the grid while maximising the yearly profit of the battery swap station [29]. Based on
life cycle cost (LCC) minimization, Zheng et al. provided a methodology for the optimal design of
battery charging/swap stations in distribution networks. According to the findings, battery swap
stations are more suited for public transportation in distribution networks [30]. Wu et al. developed an
optimal charging strategy to increase PV-generated power self-consumption and service availability
while accounting for forecast mistakes. After introducing the basic structure and operation model of
PV-based BSS, they offered three indices to measure operational performance. Then, for each time slot,
the PSO algorithm was designed to compute the optimal charging power and minimise the charging
cost. The proposed charging strategy reduces the influence of expected uncertainty on the battery
swapping service’s availability. Finally, a case study was used to simulate a day-ahead operating
plan, a real-time decision-making method, and the proposed PSO charging technique for PV-based
BSS. The simulation results showed that the suggested technique might significantly enhance the
self-consumption of PV-generated electricity while minimising charging costs [31]. Tan et al. developed
a model that included an open-loop queue of electric vehicles and a closed-loop queue of batteries. The
first research stream provided queuing network models as a framework for modelling and building
BSSs with a local charging mode. They experimented on a single battery swap station and used
modelling approaches to give valuable information for the infrastructure development of real battery
swapping services [32]. In [33], Wu et al. presented an optimization model for a BSS to minimize
costs by determining the optimal charging schedule for swapped EV batteries. Three factors were
considered: the number of batteries taken from stock to handle all swapping orders from incoming EVs,
the possibility of charging damage from high-rate chargers, and the electricity cost for different times of
the day. A series of simulation studies are executed to assess the feasibility of the proposed model and
compare the performance between the proposed algorithm and typical evolutionary algorithms. The
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proposed model can determine the optimal charging schedule according to the results. Additionally,
the proposed algorithm performed significantly better than the other optimization algorithms [33].

Previous research has focused on optimizing BSS by exploring various strategies and approaches
to improve efficiency, such as optimal location and sizing of stations, dynamic scheduling and dispatch-
ing of EV batteries, and incorporating renewable energy to reduce carbon footprint and operational
costs. However, these studies often lack a comprehensive analysis of the technical and economic
viability of integrating renewable energy sources like solar and wind power and the development of
smart grid technologies to enhance the overall performance and sustainability of battery swapping
networks within grid-connected hybrid renewable power supply systems.

To the best of the authors’ knowledge, no research has yet examined the grid-connected hybrid
renewable power supply system for EV BSS from the perspective of South Africa. This gap in the
literature motivated the current study. The rapid increase in EV adoption, influenced by new vehicle
brands, infrastructure development, and government initiatives aimed at reducing transport sector
emissions by 5% by 2050, underscores the need for cleaner mobility solutions in South Africa [34–36].
Despite the growing network of public charging stations across the country, inadequate charging
infrastructure remains a significant barrier to widespread EV adoption [36,37]. Effective BSS design
and operation must address complex factors, including the intermittent nature of renewable energy,
EV battery charging patterns, EV battery swapping demand, and utility grid stability. This paper
investigates the technical and economic factors influencing BSS performance and their integration
with the utility grid, thereby filling the gap. Understanding these aspects is essential for maximizing
benefits and ensuring the sustainability of EV BSS.

This paper assesses the techno-economic feasibility and optimal design of a grid-connected hybrid
renewable power generation system to support EV BSS in South Africa. A multi-objective optimization
model is developed to minimize the total life cycle cost (LCCTot) of the proposed system and the
electricity cost purchased from the utility grid (CEg) through optimal power flow control within the
demand-side management framework while maximizing the reliability of the grid-connected wind-
solar system, expressed by the loss of power supply probability (LPSP). This developed multi-objective
optimization model can provide the EV BSS with a continuous power supply at a low cost, and the
scheduling strategy can be implemented for the swapping EV battery so that the swapping demand
must be satisfied at any given time of the day. Designing such a system to effectively minimize
costs and power purchases from the utility grid while meeting reliability requirements is challenging.
Therefore, mixed integer linear programming (MILP) is employed for the multi-objective optimal
sizing, offering advantages over heuristic algorithms due to the quick solvability of linear programming
(LP) sub-problems and the guarantee of obtaining the global optimum through a convex feasible region
[38].

The remaining sections of this paper are organized as follows: Section 2 describes the mathematical
model formulation of the proposed system, including technical and economic parameters. Section 3
presents a case study reflecting real-world conditions. Section 4 discusses the simulation results of the
case study. Finally, conclusions are drawn in Section 5.

2. Mathematical Model Formulation
2.1. Schematic Model Layout

The schematic layout of the proposed grid-connected wind-photovoltaic hybrid power generation
system for the EV BSS is shown in Figure 1. The main components of the proposed system are the
vertical wind turbines (WT), the photovoltaic generator (PV), the inverters, and the battery swapping
station (BSS), which comprises the charging apparatus and swapping service for the depleted EV
batteries. For such a proposed system, the size of the hybrid renewable power generation system
depends on the charging and swapping demand service at the BSS. The BSS uses three distinct sources
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of electrical energy to charge EV batteries. These sources include the electricity generated by vertical
wind turbines, the electricity generated by the photovoltaic generator, and the electricity obtained
from the utility grid. To ensure that the demand for swapping depleted EV batteries is met efficiently,
it is crucial to accurately determine the properties of power sources utilized to charge the depleted EV
batteries. By doing so, the charging process can be optimized to effectively replenish the EV batteries
and meet the needs of the drivers. The depleted EV batteries are charged with the utmost priority
using clean and renewable electricity generated by the vertical wind turbine and solar photovoltaic
panel. However, this charging process is dependent on the availability of adequate resources. In
other words, if the electricity generated by the vertical wind turbine and solar photovoltaic panel
is insufficient, then the electricity from the utility grid is used to charge the depleted EV batteries.
This ensures that the depleted EV batteries are charged optimally and that the use of electricity from
the utility grid is minimized. Suppose the electricity generated by the vertical wind turbine and
the solar photovoltaic panel is more than the charging demand of the depleted EV batteries. In
that case, the surplus electricity generated can be sold to the utility grid. The fluctuating electricity
prices at different times of the day significantly impact the charging process’s overall cost. Effectively
managing this impact is achieved through implementing a time-of-use (TOU) tariff, a critical factor
in determining the power source for recharging depleted EV batteries. The TOU tariff is strategically
designed to incentivize power consumption during off-peak hours when electricity prices are lower.
This approach serves the dual purpose of minimizing stress on the utility grid during peak hours
and optimizing the cost-effectiveness of the charging process. Depending on the prevailing TOU
tariffs, the BSS can be supplied by either hybrid power generation or the utility grid. This flexibility
ensures that the BSS draws power from the utility grid during periods of lower electricity prices,
contributing to cost savings. By doing so, the power flow from the utility grid is managed efficiently
and cost-effectively, maintaining reliability and stability. This strategic utilization of the TOU tariff
and power source selection not only minimizes operational costs but also contributes to the overall
sustainability and resilience of the EV charging infrastructure. The decision to charge the depleted
EV batteries is determined by multiple factors, such as the power flow’s limitations and the TOU
electricity tariff within the utility grid. The power flow’s limitations depend on the available power
capacity and the current power demand in the system. The TOU tariff considers the cost of electricity
at different times of the day, where charging the depleted EV batteries during off-peak hours can be
more cost-effective. On the other hand, the decision to replace the depleted EV batteries with fully
charged ones is determined by the EV driver’s arrival or the swapping service demand at the BSS. The
BSS can offer a convenient solution for EV drivers who want to continue their journey without waiting
for their EV battery to charge. In this paper, the electrical energy generated by the hybrid renewable
power generation system is deliberately not reintegrated into the utility grid.
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2.2. Sub-Models of the Proposed System Components

The following sections provide comprehensive descriptions and mathematical models of the
various components of the proposed system.

2.2.1. Wind Turbine System

In wind energy systems, the air is moved to generate power through its kinetic energy. Wind
energy is a resource that has the potential to be abundant, and that might be easily harvested and
converted into useful energy using standard technology. In addition to allowing for the efficient use of
distributed resources, wind energy systems promise to make energy supply systems more flexible,
robust, secure, stable, and profitable [39]. As a result, it is crucial to have a reliable assessment of the
resources available at a wind farm to generate electricity there. In general, when the wind speed varies
between the "cut-in wind speed" (Vci) and the "rated wind speed" (Vr), the total amount of energy
generated by the wind turbine is proportional to the cube of the wind speed. The model used to
determine the wind turbine’s output power is displayed in Figure 2. The wind turbine cannot generate
electricity when the wind speed is less than the cut-in speed. When the wind speed exceeds the cut-in
speed, the power generated by the wind turbine rises by the cube of the wind speed until it reaches
its maximum value at the rated speed. It is known as the rated power (PrWT), and it is the power for
which the wind turbine is designed. As shown in Figure 2, the wind speed is very high at some given
time, which is dangerous for wind turbines. This is referred to as "cut-out wind speed" (Vco). The
wind turbine operation must stop at this point because it has reached the (Vco). Equation 1 represents
a description of the simplest straightforward model of this behaviour to simulate the output power of
the wind turbine [40]:
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pWT(t) =



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0 V(t) ≤ Vci

PrWT
V(t)− Vci

Vr − Vci
Vci ≤ V(t) ≤ Vr

PrWT Vr ≤ V(t) ≤ Vco

0 V(t) ≥ Vco

(1)

where, V(t) denotes the wind speed at sampling time t, Vr denotes the rated wind speed, Vci denotes
the cut-in wind speed, Vco denotes the cut-out wind speed, and PrWT denotes the rated power of the
wind generator.

If all the wind speeds and rated power are known, Equation 1 can be used to determine the wind
turbine’s power output. Therefore, the rated power of the wind turbine generator can be expressed as

PrWT =
1
2

ηtηg φaCp AWTV3
r (2)
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where ηt and ηg are the gearboxes and generator efficiency, respectively, φa denotes the density of air
(kg/m3), Cp denotes the power coefficient of the wind turbine, which is the ratio of the power output
of the wind generator divided by maximum power, AWT denotes the sweeping area of the turbine
rotor (m2). In contrast, Vr denotes the rated wind speed (m/s).

To maximise the amount of energy available from the wind turbine system, the wind profile may
need to be adjusted based on the height of the wind turbine. The wind speed vertical profiles may
be simulated using two mathematical models, such as the logarithm and power law. As a common
method of analysis in research, power laws will be applied to this research study [41]. When using this
model, the wind speed at the hub height is

V
Vre f

=

(
h

hre f

)α

(3)

where Vre f denotes the wind speed measured at the reference height (hre f ), V denotes the wind speed
measured at the hub height (h), and α denotes the coefficient of ground surface friction, which has a
value of more than 0.25 in forested areas and less than 0.1 in flat or watery areas [41].

Multiple wind turbines can be coupled in parallel to meet the proposed system requirements.
One of the design variables is the number of wind turbines (NWT) when operating in parallel. The
wind turbine size is among the variables that influence the output power of the wind turbine. When
NWT is taken into account as the number of wind turbines, the output power generated by the wind
turbine at sampling time (t) is calculated from

PWT(t) = NWT pWT(t) (4)

Depending on the operation conditions, the net power supply of the wind turbine to the power
system is limited by boundaries, which can vary between zero and the maximum output power
generated. This can be expressed as

0 ≤ PWT(t) ≤ Pmax
WT (t) (5)

where 0 is the minimum capacity of the output power generated by the wind turbine, and Pmax
WT is the

maximum capacity of the output power generated by the wind turbine.
Furthermore, the limited availability number of wind turbines is constrained so that

Nmin
WT ≤ NWT ≤ Nmax

WT (6)

where Nmin
WT is the minimum number of wind turbines taken as zero and Nmax

WT is the maximum number
of wind turbines that can fit into the allocated area as given by

Nmax
WT =

ATWT
AWT

(7)

where ATWT is the total sweeping area available for the wind turbine at the EV BSS, and AWT is the
sweeping area of the wind turbine rotor.

2.2.2. Solar Photovoltaic System

As the name suggests, the principle of the electricity generated by the photovoltaic is related to
photons and voltage. By definition, photovoltaic is a technology that converts the radiant (photon)
energy from sunlight into DC power [42]. A photovoltaic cell is a crucial element in converting light
energy directly into electricity through a chemical and physical process called the photovoltaic effect.
The term describes a device whose electrical properties change when exposed to light, such as voltage,
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current, or resistance. Solar photovoltaic panels, also known as solar photovoltaic modules, comprise
solar photovoltaic cells. A solar photovoltaic module or solar photovoltaic panel comprises several
solar photovoltaic cells arranged in an integrated group, all facing the same direction. In contrast,
an array or solar photovoltaic array comprises the solar photovoltaic module or solar photovoltaic
panel connected in series, parallel, or a combination of the two [43]. The size of the photovoltaic panel,
its efficiency, solar radiation, and the surrounding temperature all affect how much electricity the
photovoltaic system can generate. The output power generated by a solar photovoltaic array is given
by [43]:

pPV = ηPV APV IPV (8)

where pPV is the power output generated by the PV array, APV is the area of the PV array exposed to
solar radiation, IPV is the solar radiation that reaches the PV array, and ηPV is the energy conversion
efficiency of the PV generator.

It is possible to express the solar irradiation according to the time during the day using

IPV(t) = RB[IB(t) + ID(t)] + ID(t) (9)

where, RB is a geometric factor used to indicate the ratio between plane-tilted beams’ irradiation
incident and plane-horizontal beams’ standard irradiation, ID(t) is the diffuse irradiation, and IB(t) is
the hourly global irradiation.

The ambient temperature and hourly isolation impact the solar PV generator energy conversion
efficiency η. It can be stated that

ηPV = ηrηpc

[
1 − β

(
Tc − Tcre f

)]
(10)

where β denotes the temperature factor for PV generator efficiency, which ranges from 0.004 to 0.006
per oC, Tc,re f denotes the reference cell temperature, ηpc denotes the efficiency of power conditioning,
Tc denotes the cell temperature, and ηr denotes the manufacturer-rated efficiency of the solar array
module. The cell temperature is

Tc = Ta +

(
TNOCT − 20

800

)
IPV(t) (11)

where TNOCT is the nominal cell operating temperature, while Ta is the ambient temperature.
The output generated power of a PV array varies with the number of PV panels (NPV) installed.

The variables, such as the size of the panels used and other factors, affect the total output power
generated by the PV system. When NPV is taken into account as the number of solar photovoltaic
panels, the total output power generated by the PV panels at sampling time (t) is calculated from

PPV(t) = NPV pPV(t) (12)

Depending on the operation conditions, the net power supply of the solar photovoltaic panels to
the power system is determined by sizing and optimal positioning, and it can vary between zero and
the maximum output power generated. This can be stated in the following way:

0 ≤ PPV(t) ≤ Pmax
PV (t) (13)

where 0 and Pmax
PV represent the minimum and maximum capacity of the solar PV panel, respectively.

Furthermore, the limited availability number of solar PV arrays is constrained so that

Nmin
PV ≤ NPV ≤ Nmax

PV (14)
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where Nmin
PV is the minimum number of solar PV panels taken as zero and Nmax

PV is the maximum
number of solar PV panels that can fit into the allocated area as given by

Nmax
PV =

ATPV
APV

(15)

where ATPV denotes the total available surface area for the solar PV panel at the EV BSS, and APV

denotes the area of the PV array that is exposed to solar radiation.

2.2.3. Inverter

The inverter is a very important device in grid-connected renewable energy systems. It is used to
synchronize the output power and set the output voltage. Inverters convert DC power sources to AC
power and vice versa. The output power of the wind turbine is in AC electricity, which is transformed
into DC by the inverter for later use. The charging demand is in AC power form, and the output power
from the solar PV system, which is in DC electricity, is converted again by the inverter to AC electricity.
The inverters provide other features to ensure the protection and monitoring of power instability for
the entire system. Therefore, it is essential to have high inverter efficiency. The inverter efficiency is
given by [44]:

ηINV =
Pout(t)
Pin(t)

(16)

where ηINV is the efficiency of the inverter, Pout is the power out from the inverter, Pin is the power
which enters into the inverter. In order to ensure safe operation and efficiency, the inverter’s rated
power should often be oversized by 10% to 30% [45]. Therefore, the inverter-rated power is

PrINV =
N

∑
t=1

Pin(t)KINV (17)

where KINV is the oversized coefficient of the inverter. The inverter lifetime is less than the installation
lifespan. The number of times during the lifetime of the installation that the inverter is required to be
replaced is expressed by:

NRep,INV =
Lp

LINV
− 1 , (18)

where Lp is the lifespan of the installation project, while LINV is the lifespan of the inverter.

2.2.4. Utility Grid Power Supply System

The current utility grid was not designed to meet the demand to charge the depleted EV battery
[46]. In contrast to household loads, the full charge of the depleted EV batteries requires high power
levels and substantial amounts of energy [47,48]. When charging the depleted EV batteries can have a
significant impact on voltages, component loads, and losses depending on the supplied loads and the
design of the utility grid. The impacts on the utility grid are significantly influenced by the charging
power and penetration level of the EVs. The number of EV batteries as a percentage of all EVs at the
BSS is the general definition of the penetration level. The power from the utility grid is modelled as an
all-time available power source charging the depleted EV batteries at the BSS. The energy drawn from
the utility grid is given by

Eg =
N

∑
t=1

PG−BSS(t) ∆t (19)

where PG−CSS is the power flow from the utility grid to charge the depleted EV batteries at the BSS,
and ∆t is the sampling time.
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Therefore, the energy cost that can be extracted from the utility grid is determined by the local
electricity market policy and time of use (TOU) tariff. Two parameters are required for utility grid
modelling: the maximum amount of electricity that can be drawn from the utility grid in kW (the
maximum grid demand) and the price of electricity purchased from the utility grid in ZAR/kWh (the
power price). The energy cost CEg that can be drawn from the utility grid when charging the depleted
EV batteries can be calculated from

CEg = pe(t)
N

∑
t=1

PG−BSS(t) ∆t (20)

where Pe(t) is the TOU electricity price at the t-th sampling interval per kWh. Additionally, the power
flow from the utility grid can be constrained to a limited range using:

0 ≤ PG−BSS(t) ≤ +∞ (21)

2.2.5. Battery Swapping Station Power Demand Mathematical Modelling

An EV BSS is a facility designed for EV owners to efficiently exchange their depleted EV batteries
for fully charged ones within a few minutes. This innovative concept has emerged as a potential
solution to address the challenges associated with traditional plug-in charging methods for EVs [21,22].
A standard EV BSS has one or more battery swapping units, enabling multiple EVs to exchange
their depleted EV batteries simultaneously. The power demand of a BSS is typically influenced by
various factors, including the process of charging and swapping the depleted EV battery, as well as
the characteristics of the EV battery itself. These characteristics encompass parameters such as EV
battery capacity, EV battery technology, and the depleted EV battery’s state of charge (SoC) before
charging [49]. Proper modelling of power demand is essential at the BSS, particularly during the
charging period of depleted EV batteries, in order to meet the swapping demand when the EVs arrive.
Equations (22) and (23) respectively represent the total charged power and total discharged power of
depleted EV batteries at the BSS. These equations calculate the cumulative power by summing the
power contributions or power outputs of all depleted EV batteries present at the BSS [50].

Pc,BSS(t) =
n

∑
EV,b=1

Pc,(EV,b)(t) (22)

Pd,BSS(t) =
n

∑
EV,b=1

Pd,(EV,b)(t) (23)

where n is the total number of the depleted EV batteries at the BSS, Pc,BSS(t) is the total charging power
of the depleted EV batteries at the BSS, Pd,BSS(t) is the total discharging power of the depleted EV
batteries at the BSS, Pc,(EV,b)(t) is the charging power of one depleted EV battery at the BSS, Pd,(EV,b)(t)
is the discharging power of one depleted EV battery at the BSS. Each depleted EV battery undergoes
a charging or discharging process similar to a conventional battery. The charging of these depleted
EV batteries is determined based on their State of Charge (SoC) during specific time intervals, which
quantifies the available capacity relative to the maximum capacity achievable when the EV battery is
fully charged. Taking these factors into account, the SoC of every EV battery at tth sampling interval
inside the BSS can be generally expressed by [26,50]:

SOCEV,b(t) = SOCEV,b(t − 1) +

(
Pc,(EV,b)(t)−

Pd,(EV,b)(t)
ηEV,b

)
× Idur(t) (24)

where Idur(t) is the duration of time interval in minute, ηEV,b is the efficiency of one EV battery (%)
and it given by Equation (25).
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ηEV,b =
∑N

t=1 Pd,(EV,b)(t)× Idur(t)

∑N
t=1 Pc,(EV,b)(t)× Idur(t)

(25)

During the battery swapping process, a fully charged EV battery is swapped for a depleted EV
battery from an arriving EV at the BSS. This swap period prevents the EV battery from being charged
or discharged as the swapping operation progresses. Consequently, during this swapping time period,
the power and SoC of the EV battery are set to zero, as described by Equation (26).





Pc,(EV,b)(t) = 0
Pd,(EV,b)(t) = 0 ∀t = tswap

SOCEV,b(t) = 0
(26)

Before the battery swapping period, the depleted EV battery must be fully charged in preparation
for the next swap. Therefore, the energy management system must ensure that a sufficient number of
fully charged EV batteries are available at each time interval to accommodate the upcoming swaps.
This requirement is articulated in Equation (27).

SOCEV,b(t) = SOCEV,b(t − 1) ∀t = (tswap − 1) (27)

The total power demand at the BSS is based on the power capacity of the charging station. The
discretized charging power demand for each depleted EV battery is added together to determine the
overall charging power demand. In other words, the total expected power demand for all n depleted
EV batteries charged at the BSS at time t can be estimated using the following Equation (28).

PLd,BSS(t) =
n

∑
EV,b=1

(
Pc,(EV,b)(t)− Pd,(EV,b)(t)

)
(28)

where PLd,BSS(t) is the total expected power demand of all depleted EV batteries charged at time (t),
and n is the total number of the depleted EV batteries at the BSS.

2.3. Technical and Economic Parameters of the Proposed System

Before applying the optimisation design, it is necessary to define technical and economic parame-
ters to systematically define the proposed system’s total cost and reliability. The total life cycle cost
(LCCTot) parameter and the loss of power load probability (LPSP) parameter are employed in this
paper to quantify the overall cost and to measure the reliability of the proposed system, respectively.
These two parameters are explained in the following:

2.3.1. Economic Evaluation Parameters of the Proposed System

The economic evaluation indicators are mathematical methods that are used to compare the
cost and benefits of the installations regarding the economic, commercial, and social aspects, and it
has a significant impact on the optimization design of a grid-connected renewable energy system
[51,52]. This paper considers the economic parameter based on the life cycle cost (LCC) concept as
the economic criterion to evaluate the installation financial viability. When using the LCC method, all
future cash flows are discounted to present value cash flows by considering the time value of money
and installation lifespan. In other words, the LCC covers all the cash inflows and outflows into the
proposed system in its entire lifetime [53,54]. It compares initial investment options and identifies
the least cost alternatives for a x period (years). The costs included in the LCC evaluation are the
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initial capital investment (IIVST), operation and maintenance cost (CO&M), replacement cost (CR), and
salvage cost (CS). Mathematically, the LCC is given by [55,56]:

LCC = IIVST + CO&M + CR − CS (29)

The initial capital investment cost is the amount of money required to set up all components in the
proposed system, which includes the cost of purchasing materials, civil work, and the installation
of each component. Meanwhile, the operating and maintenance cost present value indicates the
maintenance costs incurred throughout the proposed system’s lifespan for all components to ensure
proper operation. This represents the total of all yearly planned operation and maintenance costs. The
operator’s wage, inspections, insurance, and any necessary planned maintenance are all included in
the operation and maintenance cost. A general form to express the present value of the operation and
maintenance cost of a hybrid system is [57,58]:

CO&M =





C(O&M)0
× 1 + r

i − r

[
1 −

(
1 + r
1 + i

)LP
]

for i ̸= r

C(O&M)0
× Lp for i = r

(30)

where C(O&M)0
is the operation and maintenance cost in the first year, r is the inflation rate, i is the

interest rate, and LP is the lifespan of the installation. The replacement cost is a cautionary expense
over the lifetime of the proposed system for replacing any components. During the lifespan of the
proposed system, some components, like the inverter, could need to be changed. Again, the price of
these components is liable to change in the future. The present value of the replacement cost may be
calculated by taking into account the real interest rate (i) and the inflation rate (r0) of the component to
be replaced [57,58]. It can be expressed as

CR = Cunit Cnom

Nrep

∑
y=1

[
(1 + r0)

(1 + i)

]
( Ly

Nrep + 1

)

(31)

where Cunit is the capital cost of the component per wh, Cnom is the nominal capacity of the replacement
system component in wh, r0 is the inflation rate of the component replaced taken equal to r, y is the
index of the components, Ly is the lifetime of the components, Nrep is the number of replacement of
each component over the system lifespan period of the installation (Lp). And finally, the cost incurred
at the end of the system’s lifespan is known as the salvage cost. This includes the cost of removal and
disposal and the proposed system’s salvage value.

In order to assess the economic viability of the hybrid system, it is necessary to calculate its overall
life cycle cost. This entails totalling the LCCs of each component so that:

LCCTot = LCCWT + LCCPV + LCCINV (32)

where LCCWT is the life cycle cost of the wind turbine, LCCPV is the life cycle cost of the photovoltaic
generator, and LCCINV is the life cycle cost of all the inverters.

a) LCC of the wind turbine system

The initial capital investment cost of the wind turbine system includes the cost of purchasing and
installing the wind turbine at the BSS. The purchase cost of the wind turbine may vary depending on
its size, efficiency, and brand. In addition, installation costs can vary depending on factors such as the
location and complexity of the installation process. Overall, the initial capital investment cost of the
wind turbine system can be estimated by factoring in the cost of purchasing and installing the wind
turbine, as shown in (33).
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IIVST,WT = ICWT + IINST (33)

where IIVST,WT is the initial capital investment cost of the wind turbine generator system, ICWT is the
initial cost of the wind turbine, and IINST is the installation cost of the wind turbine. Assuming that
the installation cost is considered to be 20% of the initial cost of the wind turbine generator [59,60].
Then, the initial capital investment cost of the wind turbine generator system is given by:

IIVST,WT = 1.2 γ NWT PrWT

N

∑
t=1

PWT(t) (34)

where γ is the capital cost of the wind turbine generator per kW, NWT is the total number of the wind
turbine generator, and PrWT is the power rating of the wind turbine generator. It is assumed that
the operation and maintenance cost of the wind turbine generation system will be 5% of its initial
capital investment cost [59,60]. Considering the annual cost of wind turbine generator increasing at
the inflation rate (r), the net present value of the operation and maintenance cost of the wind turbine
generator (CO&M,WT ) can be calculated using

CO&M,WT = 0.06 γ NWT PrWT

N

∑
t=1

PWT(t)× Γ (35)

with, Γ =

[
1 + r
i − r

(
1 −

(
1 + r
1 + i

)Lp
)]

Assuming that the installation lifespan and the wind turbine generator lifetime are equal, the
replacement cost of the wind turbine generator is zero (CR,WT = 0). The salvage cost is neglected. As a
result, by using (34) and (35), the LCC of the wind power generation system (LCCWT) can be obtained
from

LCCWT = (1.2 + 0.06 Γ)γ NWT PrWT

N

∑
t=1

PWT (36)

b) LCC of the photovoltaic system

The initial capital investment cost of the PV system includes the purchase and installation costs
of the solar panel at the BSS. The purchase cost of the solar panel may vary depending on its size,
efficiency, and brand. Additionally, installation costs may vary based on factors such as the location
and complexity of the installation process. Overall, the initial capital investment cost of solar PV
system can be estimated by factoring in the cost of purchasing and installing the solar panel, as shown
in (37).

IIVST,PV = ICPV + IINST (37)

where IIVST,PV is the initial capital investment cost of the solar PV system, ICPV is the initial cost of the
solar panel, and IINST is the installation cost of the solar panel. Some research studies have suggested
that the installation cost of a solar PV panel is a significant factor that accounts for 40% of the total
initial cost [59,60]. By considering the installation costs along with other associated expenses, the initial
capital investment cost of the solar PV panel system is given by:

IIVST,PV = 1.4 δ NPV PrPV

N

∑
t=1

PPV(t) (38)

where δ is the capital cost of the solar PV panel per kW, NPV is the total number of solar PV panels,
PrPV is the power rating of the solar PV, PPV(t) is the output power generated by the solar PV panel at
each instant t. Solar PV panels’ operation and maintenance cost is assumed to be 1% of its initial capital

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 January 2025 doi:10.20944/preprints202501.1558.v1

https://doi.org/10.20944/preprints202501.1558.v1


14 of 30

investment cost [59,60]. Considering the annual cost of solar PV panels increasing at the inflation rate
(r), the net present value of the operation and maintenance cost (CO&M,PV) can be calculated from

CO&M,PV = 0.014 δ NPV PrPV

N

∑
t=1

PPV(t)× Γ (39)

with Γ =

[
1 + r
i − r

(
1 −

(
1 + r
1 + i

)Lp
)]

If it is assumed that the installation and the solar PV panels have the same lifetime, then the
replacement cost of the solar PV panel is zero (CR,PV = 0). The salvage cost is ignored. By using
equations (38) and (39), the overall LCC of the PV power generation system (LCCPV) is given by:

LCCPV = (1.4 + 0.014 Γ)δ NPV PrPV

N

∑
t=1

PPV(t) (40)

c) LCC of the inverters

The initial capital investment cost of the inverter includes all the expenses incurred in the purchase
and installation of the inverter at the BSS. This includes the cost of the inverter unit, as well as any
additional equipment, parts, and labour required to complete the installation. The initial capital
investment cost IIVST,INV is given by

IIVST,INV = IC,INV + IINST (41)

where IIVST,INV is the initial capital investment cost of the inverter, IC,INV is the initial cost of the
inverter, and IINST is the installation cost of the inverter. This paper doesn’t take into account the
installation cost of the inverters. Then, the initial capital investment cost can be calculated from

IIVST,INV =λKINVηINV×[
NPV PrPV

N

∑
t=1

PPV(t) + NWT PrWT

N

∑
t=1

PWT(t)

]
(42)

where λ is the capital cost of the inverter per kW, KINV is the oversize coefficient of the inverter, and
ηINV is the efficiency of the inverter. The inverter lifespan (LINV) is less than the installation lifespan.
Additional investment is required before the end of the installation project. Then, the net present value
of the replacement cost of the inverter CR,INV is given by

CR,INV =λ KINVηINV×[
NPV PrPV

N

∑
t=1

PPV(t) + NWT PrWT

N

∑
t=1

PWT(t)

]
× Π

(43)

where Π = ∑
Nrep
y=1

(
(1+r0)
(1+i)

)( Ly
Nrep+1

)

.
In this paper, the operation and maintenance cost of the inverter, as well as its salvage cost, have

not been taken into account. The LCC of the inverter (LCCINV), in general terms, is given by

LCCINV = λKINVηINV×[
NPV PrPV

N

∑
t=1

PPV(t) + NWT PrWT

N

∑
t=1

PWT(t)

]
× [1 + Π]

(44)
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2.3.2. Reliability Consideration of the Proposed System

In this paper, the reliability of the proposed system is evaluated by the loss of power supply
probability (LPSP). LPSP is a statistical parameter which indicates a failure of distributed power
systems to meet the charging demand [61]. The reliability of grid-connected renewable energy systems
is sized and evaluated using the LPSP approach as one of the technology-implemented criteria. For
a given period N, the LPSP is defined as the ratio of all the loss of power supply (LPS) values for
that period N to the sum of the charging demand. Due to the proximity of the substation and the
installation area for the proposed system to the EV BSS, wiring losses within the distribution network
are assumed to be insignificant. The LPSP is given by [62,63]:

LPSP =
∑N

t=1 LPS(t)

∑N
t=1 PLd,BSS(t)

(45)

where LPS(t) is the loss of power supply at sampling time ts, and PLd.BSS(t) is the hourly load demand
of the charging demand of depleted EV batteries at the BSS.

Assuming that the LPSP is a value between 0 and 1, the charging demand at the BSS is never
fulfilled when the LPSP is equal to 1. On the other hand, the charging demand is always satisfied
when the LPSP is equal to 0. Therefore, the LPS is given by

LPS = PPV−BSS(t) + PWT−BSS(t) + PG−BSS(t)− PLd,BSS(t) (46)

where PG−BSS is the power flow from the utility grid charging the depleted EV batteries at the BSS,
PPV−BSS is the power flow from the solar PV system charging the depleted EV batteries at the BSS,
and PWT−BSS is the power flow from the wind turbine charging the depleted EV batteries at the BSS.

2.4. Optimisation Problem Formulation and Proposed Algorithm

This section presents the MILP formulation of the proposed optimisation model for the grid-
connected hybrid wind-solar power system designed for the EV BSS. The model determines the
optimal sizing combination and management strategy under the considered TOU electricity tariff, with
the aim of minimizing the overall life cycle cost and the charging cost of the depleted EV batteries from
the utility grid while maximizing its reliability. By integrating both wind and solar energy sources, the
model leverages renewable energy to reduce dependency on the utility grid. However, the inherent
variability and intermittency of wind and solar power introduce challenges in maintaining a consistent
energy supply.

2.4.1. Objective Function

The objective of the optimisation model is to minimize the total life cycle cost (LCCTot) of the
proposed system and the electricity cost purchased from the utility grid (CEG) to charge the depleted
EV batteries at the BSS through optimal power flow control within the demand-side management
framework while maximizing its reliability. The objective function is given in (47), in which the first
part represents the total LCC, and the second part is the cost of the energy consumption from the
utility grid.

min Z = ξ LCCTot + (1 − ξ) CEg (47)

where ξ is a weighting factor. The weighting factor ξ is employed to convert the multi-objective
optimization problem to a single-objective optimization problem for the EV BSS, which should generate
one optimal solution. In this paper, the priority of the total LCC and the cost of the energy consumption
from the utility grid are treated as equally important and are assumed to be balanced. Thus, the
weighting factor is 0.5. The decision variables are the hourly power from the utility grid PG−BSS(t),
the number of wind turbine NWT , and the number of solar PV panels NPV which both depend on the
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total surface area (ATWT) and (ATPV) for the wind turbine and solar photovoltaic panel respectively
available at the EV BSS. The hourly power from the utility grid is a continuous variable, while the
number of WT and solar PV panels must be an integer value. Taking into account these decision
variables, the objective function (47) can therefore be rewritten as

min Z =ξ

{
[1.2 + 0.06Γ]γNWT PrWT

N

∑
t=1

PWT(t) + [1.4 + 0.014Γ]δNPV PrPV

N

∑
t=1

PPV(t)

+ λKINVηINV

(
NWT PrWT

N

∑
t=1

PWT(t) + NPV PrPV

N

∑
t=1

PPV(t)

)}
∆t

+ (1 − ξ)pe(t)
N

∑
t=1

PG−BSS(t)∆t

(48)

where δ denotes the capital cost of the photovoltaic generator per kW, NPV denotes the number of
the solar photovoltaic panel, PPV(t) denotes the output power generated by the photovoltaic panel at
sampling time t, PrPV denotes the power rating of a photovoltaic generator, γ denotes the capital cost
of the wind turbine generator per kW, NWT denotes the number of the wind turbine, PWT(t) denotes
the output power generated by the wind turbine at sampling time t, PrWT denotes the power rating
of a wind turbine, λ denotes the capital cost of the inverter per kW, ηINV denotes the efficient of the
inverter, KINV denotes the oversize coefficient of the inverter, N the sampling period, PG−CS denotes
the power from the grid, ∆t is the sampling time, ξ is the weighting factor.

2.4.2. System Constraints

As a result of power supply generation and charging demand at the EV BSS, the objective function
has some operational, technical, and reliability constraints. These constraints are mathematically
represented as follows:

▶ Reliability: To maximize the reliability of the proposed system, the LPSP is subject to the
following constraints:





LPSP ≥ 0

PPV−BSS(t) + PWT−BSS(t) + PG−BSS(t)− PLd,BSS(t) ≥ 0

PPV−BSS(t) + PWT−BSS(t) + PG−BSS(t) ≥ PLd,BSS(t)

−[PPV−BSS(t) + PWT−BSS(t) + PG−BSS(t)] ≤ −PLd,BSS(t)

(49)

▶ The power flow limits: For safety reasons, all the power flows connected to various components
should be kept within the manufacturer’s requirements. Therefore, at any sampling time t, the power
flows can be within a specific limited range of zero to their rated power, and these can be represented
as follows:

0 ≤ PPV(t) ≤ Pmax
PV (t) (50)

0 ≤ PWT(t) ≤ Pmax
WT (t) (51)

0 ≤ PG−BSS(t) ≤ +∞ (52)

▶ Wind turbine numbers: The limited number of wind turbines is bounded by the maximum and
minimum units of wind turbines considered. The economic constraints define the upper limit, while
the configuration considered determines the lower limit. This means

0 ≤ NWT ≤ Nmax
WT (53)
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▶ Solar photovoltaic panel numbers: The limited number of solar PV panels is bounded by the
maximum and minimum units of solar PV panels considered. The economic constraints define the
upper limit, while the configuration considered determines the lower limit:

0 ≤ NPV ≤ Nmax
PV (54)

2.4.3. Algorithm for Solving the Optimisation Problem

The optimization problem formulated in this paper is a mixed-integer linear programming
problem (MILP). Since the number of wind turbines and PV panels must be an integer and, at the
same time, the power flow from the utility grid must be a continuous value, the optimization problem
is solved using the SCIP (Solving Constraint Integer Programs) solver in the Matlab OPTI Toolbox 1.
The algorithm for solving a MILP problem using the SCIP solver involves several key steps. Initially,
SCIP reads and parses the problem, converting it into an internal representation. This is followed by
preprocessing, where SCIP simplifies the problem by removing redundant constraints and variables,
tightening bounds, and detecting infeasible sub-problems. The core of the algorithm is the branch-
and-bound method, which iteratively divides the problem into smaller sub-problems by branching
on fractional variables. At each node of the branch-and-bound tree, SCIP uses linear programming
(LP) relaxations to obtain bounds and employs cutting planes to improve these bounds. Additionally,
heuristics are applied to find feasible solutions quickly, and primal and dual bounds are updated to
guide the search process. SCIP also integrates constraint propagation techniques to further reduce
the search space. The process continues until all sub-problems are either solved or pruned, resulting
in the optimal solution to the MILP problem [38,64]. A scalarization technique is necessary to solve
multi-objective optimization problems using MILP. This technique employs weight factors to convert
multiple objective functions into a single aggregated objective function [65,66]. Therefore, the objective
function and constraints can be formulated using the canonical form:

min f T(x) (55)

subject to: 



Ax ≤ b ; linear inequality constraint
lb ≤ x ≤ ub ; lower and upper bounds
x; integer decision variables
x = NPV , NWT , PG−BSS(t)
NPV ∈ N
NWT ∈ N
PG−BSS(t) ∈ R

(56)

where f T(x) represents the objective function, x is the vector containing the decision variables rep-
resenting the optimal number of wind turbines and solar panels, as well as the cost of the energy
purchased from the utility grid, A and b are the coefficients associated with inequality constraints, lb
and ub are the lower and upper bounds of the decision variables.

3. General Data
A case study is conducted utilizing real-world data from an operational BSS network to validate

the feasibility and effectiveness of the proposed system, as illustrated in Figure 1. These data provide
reliable and practical input parameters for the analysis and simulations, making them ideal for
addressing this multi-optimization problem. Renewable energy sources demonstrate the applicability
and benefits of the developed model. The charging demand at the EV BSS is met using a combination

1 https://www.mathworks.com/help/optim/ug/intlinprog.html
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of vertical wind turbines, solar PV panels, and the utility grid. This paper doesn’t feed the energy
generated into the utility grid. The subsequent sections present the daily load profile of the EV
BSS power demand, followed by an introduction to the necessary input data used in the model for
simulating hybrid renewable power output and the time-of-use (TOU) electricity tariff for the selected
location.

3.1. EV BSS Power Demand Load Profile

To accurately assess the energy requirements of the EV BSS, a detailed load profile was constructed
using historical data from an operational BSS. The chosen EV BSS is a heavy-duty truck swapping
station situated at a central logistics hub in Shanghai Port, China, where energy consumption patterns
reflect the high and variable demand associated with commercial EV operations. The data was recorded
over a representative period, capturing daily and seasonal demand variation. Figure 3 illustrates
the daily energy consumption at the EV BSS, highlighting peak demand periods that coincide with
high traffic volumes and operational hours. The load profile serves as the basis for sizing the hybrid
renewable energy system and determining the optimal mix of energy sources.
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3.2. Renewable Energy Power Supply

The proposed hybrid renewable power generation system incorporates wind turbines and solar
PV panels as primary energy sources, supplemented by grid electricity to ensure a reliable supply.
The input parameters for WT system power generation, such as the wind speed, and for solar PV
power generation, such as the solar radiation and ambient temperature, are obtained from a typical
day in the low-demand season in Cape Town, South Africa, as referenced in [67]. Figure 4 presents
the hourly average wind speed at 10 m above the ground. The wind speed varies throughout the
day, with a daily average of 2.46 m/s. The windiest period occurs between 2:00 and 3:00 PM, with
an average wind speed of 4.6 m/s, while the calmest period is observed between 1:00 and 2:00 AM,
with an average wind speed of 1.08 m/s. For more information, the average hourly wind speed over
the year is presented in Figure 5. Additionally, the daily average for PV generation is depicted in
Figure 6, indicating that the peak incident short-wave radiation for solar PV power generation reaching
the ground’s surface over a wide area is approximately 0.42 kW/m2 around 12:45 PM. For more
information, the annual short-wave radiation for solar PV power generation reaching the ground’s
surface over a wide area is presented in Figure 7, which gives significant seasonal variation with the
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peak brighter and lowest darker period of the year around December and June, respectively. The
hybrid power system is designed to ensure that the EV BSS power demand is met at any given time,
particularly when electricity from the utility grid is expensive. The sizing of the wind and PV system
is tied to the initial equipment cost and available capital, directly impacting power generation and
reducing energy costs from the utility grid.
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Figure 7. Monthly average shortwave solar power.

3.3. Time-of-use electricity tariff 454

The South African power grid is managed by the national utility, "Eskom", with
electricity tariffs regulated by the National Energy Regulator of South Africa (Nersa).
Eskom’s tariff structure typically includes both flat and dynamic TOU pricing systems.
TOU pricing is a demand-side management strategy that reflects the varying costs of
electricity production throughout the day and is divided into three periods: off-peak
(pe o f f ), standard-peak (pe std), and on-peak (pe pk). These periods correspond to times
when electricity demand and generation costs are low, moderate, and high, respectively. In
the context of the optimization problem, the TOU electricity tariff significantly influences
the energy efficiency of the EV BSS. This paper considers the Eskom Megaflex TOU tariff
scheme, which applies to urban and industrial consumers who both consume energy from
the utility grid and generate energy at the same point of supply. For this case study, the
2023/2024 Eskom Megaflex electricity tariff for high-demand season (from June to August)
weekdays is used as the basis for the TOU electricity tariff analysis given as 2:

pe(t) =





pe o f f = 1.0370 ZAR/kWh ; if t ∈[00 : 00, 06 : 00) ∪ [22 : 00, 24 : 00),
pe std = 1.8991 ZAR/kWh ; if t ∈[09 : 00, 17 : 00) ∪ [19 : 00, 22 : 00),
pe pk = 6.2421 ZAR/kWh ; if t ∈[06 : 00, 09 : 00) ∪ [17 : 00, 19 : 00).

(57)

with ZAR is the South African currency (Rand), and t represents the time of day in hours. 455
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3.3. Time-of-Use Electricity Tariff

The South African power grid is managed by the national utility, "Eskom", with electricity tariffs
regulated by the National Energy Regulator of South Africa (Nersa). Eskom’s tariff structure typically
includes both flat and dynamic TOU pricing systems. TOU pricing is a demand-side management
strategy that reflects the varying costs of electricity production throughout the day and is divided into
three periods: off-peak (pe o f f ), standard-peak (pe std), and on-peak (pe pk). These periods correspond
to times when electricity demand and generation costs are low, moderate, and high, respectively. In
the context of the optimization problem, the TOU electricity tariff significantly influences the energy
efficiency of the EV BSS. This paper considers the Eskom Megaflex TOU tariff scheme, which applies to
urban and industrial consumers who both consume energy from the utility grid and generate energy
at the same point of supply. For this case study, the 2023/2024 Eskom Megaflex electricity tariff for
high-demand season (from June to August) weekdays is used as the basis for the TOU electricity tariff
analysis given as 2:

pe(t) =





pe o f f = 1.0370 ZAR/kWh ; if t ∈[00 : 00, 06 : 00) ∪ [22 : 00, 24 : 00),
pe std = 1.8991 ZAR/kWh ; if t ∈[09 : 00, 17 : 00) ∪ [19 : 00, 22 : 00),
pe pk = 6.2421 ZAR/kWh ; if t ∈[06 : 00, 09 : 00) ∪ [17 : 00, 19 : 00).

(57)

with ZAR is the South African currency (Rand), and t represents the time of day in hours.

4. Simulation Results and Discussion
This section presents the simulation results obtained from the optimization model described in

the previous section. The simulation results regarding the system’s performance, cost-effectiveness,
and reliability are analysed. Additionally, the impact of varying key input parameters, such as the
number of wind turbines, PV panels, and TOU electricity tariffs, is also discussed. The outcomes
provide insights into the optimal design and management strategies for a grid-connected wind-solar
hybrid power generation system for the EV BSS. Furthermore, a comprehensive economic analysis is
conducted by assessing the payback period and cost-effectiveness of installing the proposed system.

2 https://www.eskom.co.za/distribution/wp-content/uploads/2023/03/Schedule-of-standard-prices-2023_24-140323
.pdf
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4.1. Optimal Hybrid Power System Sizing and Management Strategy

The optimization problem is a MILP. Since the number of WTs and solar PV panels must be
integers, and the power flow from the utility grid must be continuous, the optimization problem is
solved using the SCIP solver in MATLAB’s OPTI Toolbox over a 24-hour horizon with a sampling
interval of ∆t = 1h. The technical and economic input parameters used for the simulation based on the
case study and the developed optimization problem in this paper are listed in Table 1. The simulation is
conducted for a specific day with the lowest monthly average wind speed and shortwave solar power,
as shown in Figure 5 and Figure 7, respectively. The objective is to determine the most efficient and
optimal design for the hybrid system, focusing on optimal sizing of the WT and solar PV systems to
ensure energy autonomy and cost efficiency for the EV BSS. In the optimization process, the objective
function’s weighting factor balances the energy sources’ cost and reliability. The number of WTs and
solar PV panels is determined to meet the charging demand at the EV BSS while minimizing reliance
on grid electricity, thereby reducing operational costs. Figure 8 represents the power generated by
hybrid power generation. The power generated by the WT system is provided according to Equation 1,
and the power generated by the solar PV system is provided according to the radiation from Figure 6.
When the weighting factor is set to 0.5, the simulation results indicate that the optimal configuration
for the hybrid power generation systems consists of 64 wind turbines and 402 solar PV panels, with a
total LCC of ZAR 1,963,520.12. The results remain consistent for any weighting factor value within the
range of 0.27 to 0.71. Varying the weighting factor between 0 and 0.27 prioritizes the hybrid power
generation systems over the utility grid, potentially leading to excess energy being absorbed by the
utility grid. Conversely, setting the weighting factor between 0.71 and 1 prioritizes the utility grid,
resulting in all charging power being supplied solely by the power flow from the utility grid, with
the hybrid power generation systems becoming oversized. Figure 9 shows the simulation results of
the charging demand along with the optimal output power flows from each source over a 24-hour
period. It can be seen that the charging demand varies throughout the 24 hours, with peak demand
occurring around 9 AM, 2 PM, and 7 PM. Hybrid power generation systems provide a significant
proportion of the power needed to meet the charging demand, substantially reducing the utility grid
operation cost. From 00:00 to 06:00, the power generated by the hybrid power generation systems is
very low due to minimal wind speeds and the unavailability of solar PV. At this period, the charging
demand is met by power from the utility grid. As wind speeds increase, the power generated by the
WTs also increases, and the charging demand is met by the utility grid and the WTs system. From
06:00 to 09:00, the solar PV system begins to generate power, which, along with the WTs, is prioritized
to meet the charging demand. The utility grid supplements any power deficit. From 09:00 to 17:00 and
17:00 to 19:00, the hybrid power generation systems generate sufficient energy to meet the charging
demand, with the utility grid serving as a backup to supply any remaining deficit power. From 19:00
to 22:00 and 22:00 to 00:00, the charging demand is met by the power from the utility grid and WTs,
which have lower wind speeds resulting in a lower power supply, but at this same time the solar PV
is not available. In general, hybrid power generation systems produce more power during the day
than at night. Applying Eskom’s TOU electricity tariff to the proposed system results in an electricity
cost of R7 676.39 for the charging demand shown in Figure 3. Incorporating the optimization model
reduces this cost to ZAR 4 483.53, representing a cost saving of ZAR 3 192.85, which is 41,6 % of the
daily cost savings. Table 2 and Table 3 summarize the simulation results, showing the number of
WTs, PV panels, the total LCC, and cost savings achieved through optimal control intervention. These
results are based on the average daily cost in the case study, with the daily cost annualized to reflect an
average yearly amount. The results demonstrate the feasibility and effectiveness of integrating wind
and solar energy to power the EV BSS, offering a sustainable and resilient solution for EV charging
and swapping infrastructure.
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Table 1. Simulation parameters used in this paper.

Parameters Symbol Values

Installation lifetime Lp 20 years
Sampling period N 24
Sampling time ∆t 1 h
Weighting factor ξ 0.5
Upper bound ub [481 2802 ∞]
Lower bound lb [0 0 0]
Inflation rate r 4.60%
Interest rate i 8.25%

PHOTOVOLTAIC SYSTEMS
Lifetime of the PV system LPV 25 years
Rated power of the PV panel PrPV 0.545 kW
Conversion efficiency of the PV panel ηPV 19.4%
Rated efficiency of the PV panel ηr 18.1%
Initial cost of the PV panel ICINVT,PV 3 199.99 ZAR
Annual O & M cost of PV CO&M,PV 1% of ICINVT,PV
Capital cost of the solar PV per kW δ 8 220.16 ZAR/kW

WIND TURBINE SYSTEMS
Lifetime of the WT system LWT 25 years
Rated power of the WT generator PrWT 8 kW
Rated WT speed Vr 12 m/s
Cut-in WT speed Vci 2.5 m/s
Cut-out WT speed Vco 25 m/s
WT gearbox efficiency ηT 90%
WT generator efficiency ηg 80%
Air density φa 1.225 kg/m3

WT power coefficient Cp 0.48
Initial cost of the WT ICINVT,WT 10 580,63 ZAR
Annual O & M cost of WT CO&M,WT 5% of ICINVT,WT
Capital cost of the WT per kW γ 15 403 ZAR/kW

INVERTER
Lifetime of the inverter LINV 15 Years
Efficiency of the inverter ηINV 98%
Inverter factor KINV 1.25
Initial cost of the inverter IC,INV 38 860.00 ZAR
Capital cost of inverter per kW λ 3 108.80 ZAR/kW

Table 2. Simulation results of the proposed system.

Number of WTs Number of PV panels Total life cycle cost

64 420 1 963 520.12 ZAR

Table 3. Daily and annual cost savings of the proposed system.

Baseline cost Optimal cost Cost saving

Daily 7 676.39 ZAR 4 483.53 ZAR 3 192.5 ZAR
Annualized 1 165 262.5 ZAR
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Table 2. Simulation results of the proposed system.
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4.2. LCC Analysis for the Payback Period

Economic feasibility is assessed through a cost-benefit analysis of cash outflows and inflows
associated with installing the proposed system. The installation feasibility can be evaluated using
various methods, considering both environmental benefits and economic indicators [68–70]. The LCC
method accounts for the time value of money and installation lifespan by discounting all future cash
flows to their present value. The comparative advantage of LCC is that it covers all the cash inflows

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 January 2025 doi:10.20944/preprints202501.1558.v1

https://doi.org/10.20944/preprints202501.1558.v1


24 of 30

and outflows into the system in its lifetime. Therefore, the discounted present value (DPV) of one cash
flow occurring in a future period (z − th year) can be represented as:

DPV(z) =
FV(z)
(1 + d)z (58)

where DPV represents the discounted present value (discounted cash flow) of the future cash flow,
FV is the nominal value of a cash flow amount in a future period (z − th year), r is the discount rate,
and z is the time in years before the future cash flow occurs. In this LCC analysis, the discount rate
reflects the time value of money or the cost of tying up capital and may also allow for the risk that
the payment may not be received in full. The actual discount rate is given by the difference between
the average interest and inflation rate. The interest rate represents the opportunity value of time; that
is, the compensation should be paid to defer additional expenditure in the current year until a later
year, while the inflation rate is the percentage increase or decrease in prices during a specified period
and usually over a month or a year. The percentage tells you how quickly prices rose during the
period. The interest rate is an essential parameter in the LCC analysis of an installation project, and
thus, the unit cost of generation is an essential parameter. The average interest 3 and inflation rate 4 in
this paper is 8.25% and 4.6%, respectively, indicating the time value of the money in South Africa as
of July 2024. The component prices are based on South African market rates. In this LCC economic
analysis of energy efficiency projects, both operational and maintenance costs, as well as cost savings,
are considered. Once FV (z) is determined, the net present value (cumulative cash flow) is calculated
as follows [70]:

NPVm
z=1 =

m

∑
z=1

DPV(z)− CC (59)

where NPV is the net present value (cumulative cash flow), CC is the total investment capital cost of
the project. Subsequently, the discounted payback period (PBP) can be determined using the following
equation [70]:

PBP = my +
−NPVm

z=1
DPV(my + 1)

(60)

where my denotes the last year with a negative NPV. Table 4 provides the approximate prices of the
various components of the proposed grid-connected wind-photovoltaic hybrid power supply system,
leading to the total investment capital cost (CC).

Table 4. Costs components of the proposed system.

Components Costs (ZAR)
Wind turbines 677 160.32
Solar photovoltaic 1 286 359.80
Inverters 77 720
Installation cost 649 975,98
Accessories 3 000 000
Total investment capital cost 5 691 216.10

Some assumptions are made while carrying out LCC analysis of the proposed system. The annual
operation and maintenance costs are assumed to increase proportionally throughout the installation
service lifetime, along with the annual optimal cost-benefit. The annual cost-benefit represents the
amount the EV BSS owner would have spent each year without implementing the proposed system.

3 https://tradingeconomics.com/south-africa/interest-rate
4 https://tradingeconomics.com/south-africa/inflation-cpi
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Table 5 presents the LCC analysis of the proposed system under the optimal control strategy, with
the salvage cost neglected for the payback period (PBP). From Table 5, the estimated total investment
capital cost is a negative cash flow in the financial statement represented in brackets as (5 691 216.10).
The cash flows and PBP are calculated following the assumptions that the annual optimal cost benefits
and annual operational and maintenance costs will proportionately increase throughout the lifetime of
the proposed system. The cumulative cash flows continue to decrease in negative cash flow until it
crosses to positive cash flows. The payback/break even happens at the point when the cumulative
cash flow equals zero. This is the point at which all the invested capital is recovered. For the proposed
system, the PBP occurs after 5 years and 6 months. Thereafter, the cumulative cash flow goes into
positive values, meaning the total investment capital cost has been fully recovered, and all the revenue
in subsequent years follows is pure benefit or profit. If an installation lifetime is 20 years and PBP
of around 5 years and 6 months, the EV BSS owner can recover his total capital investment within a
reasonable time and will have more than 10 years to generate profit, which is guaranteed.
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Table 5. Life cycle cost analysis and payback period of the proposed system (Total investment capital cost is ZAR 5 691 216.10.). Payback is 5 years plus 6 months (6.45636)

Years Annual O & M cost
(ZAR)

Annual optimal cost
benefit (ZAR) Total Discount factor (1+d)−Lp Discounted cash flows Cumulative cash flows

0 1.00 (5 691 216.10) (5 691 216.10)
1 (46 721.61) 1 165 390.25 1 118 668.64 0.96 1 079 275.10 (4 611 941.01)
2 (47 389.73) 1 182 055.33 1 134 665.60 0.93 1 056 158.93 (3 555 782.07)
3 (48 067.40) 1 198 958.72 1 150 891.32 0.90 1 033 537.87 (2 522 244.20)
4 (48 754.77) 1 216 103.83 1 167 349.07 0.87 1 011 401.32 (1 510 842.89)
5 (49 451.96) 1 233 494.12 1 184 042.16 0.84 989 738.89 (521 104.00)
6 (50 159.12) 1 251 133.08 1 200 973.96 0.81 968 540.43 447 436.43
7 (50 876.40) 1 269 024.29 1 218 147.89 0.78 947 796.00 1 395 232.43
8 (51 603.93) 1 287 171.33 1 235 567.40 0.75 927 495.88 2 322 728.31
9 (52 341.87) 1 305 577.88 1 253 236.02 0.72 907 630.56 3 230 358.87
10 (53 090.35) 1 324 247.65 1 271 157.29 0.70 788 190.71 4 018 549.58
11 (53 849.55) 1 343 184.39 1 289 334.84 0.67 869 167.24 4 887 716.82
12 (54 619.60) 1 362 391.92 1 307 772.33 0.65 850 551.21 5 738 268.03
13 (55 400.66) 1 381 874.13 1 326 473.47 0.63 832 333.90 6 570 601.93
14 (56 192.89) 1 401 634.93 1 345 442.04 0.61 814 506.78 7 385 108.72
15 (56 996.44) 1 421 678.31 1 364 681.86 0.58 797 061.48 8 182 170.20
16 (57 811.49) 1 442 008.31 1 384 196.82 0.56 779 989.84 8 962 160.04
17 (58 638.20) 1 462 629.03 1 403 990.83 0.54 763 283.83 9 725 443.87
18 (59 476.72) 1 483 544.62 1 424 067.90 0.52 746 935.64 10 472 379.50
19 (60 327.24) 1 504 759.31 1 444 432.07 0.51 730 937.60 11 203 317.10
20 (61 189.92) 1 526 277.37 1 465 087.45 0.49 715 282.20 11 918 599.30

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 January 2025 doi:10.20944/preprints202501.1558.v1

https://doi.org/10.20944/preprints202501.1558.v1


27 of 30

5. Conclusions
This paper presents a novel techno-economic evaluation and optimal design approach for a

grid-connected wind-photovoltaic hybrid power supply system tailored for electric vehicle battery
swapping stations. The proposed optimization model, developed using mixed-integer linear program-
ming, aims to minimize the total life cycle cost and the cost of electrical energy consumption from the
utility grid while maximizing system reliability. The decision variables considered include the number
of wind turbines, solar photovoltaic panels, and power drawn from the grid. For the case study, the
results demonstrate that the implementation of energy cost management under a time-of-use (TOU)
electricity tariff yields substantial savings, reducing electricity costs from the grid by 41.58%. The
optimal solution consists of 64 wind turbines and 420 solar photovoltaic panels, resulting in a total life
cycle cost of 1,963,520.12 ZAR. A cost-effectiveness analysis performed using LCC as the economic
performance indicator reveals a payback period of 5 years and 6 months, highlighting the financial
benefits of the proposed hybrid system. Furthermore, this optimization approach not only significantly
reduces energy costs but also ensures high system reliability. This techno-economic feasibility and de-
sign optimisation offers an adaptable solution for various applications. The developed method can be
extended to different locations, proving its flexibility in optimizing grid-connected wind-photovoltaic
hybrid power systems, especially in areas where energy storage costs may be prohibitive. The pro-
posed system offers a cost-effective and reliable solution for electric vehicle battery swapping stations,
with promising potential for widespread implementation in South Africa’s roadways, driving both
economic and environmental benefits.
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