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Abstract: This study introduces a novel method for optimising the size and control strategy of grid-
connected, utility-scale photovoltaic (PV) systems with battery storage aimed at energy arbitrage
and frequency containment reserve (FCR) services. By applying genetic algorithms (GA), the
optimal configurations of PV generators, inverters/chargers, and batteries are determined, focusing
on maximising the net present value (NPV). Both DC- and AC-coupled systems are explored. The
performance of each configuration is simulated over a 25-year lifespan, considering varying pricing,
solar resources, battery ageing, and PV degradation. Constraints include investment costs, capacity
factors, and land use. A case study conducted in Wiesenthal, Germany, is followed by sensitivity
analyses, revealing that a 75% reduction in battery costs is needed to make AC-coupled PV-plus-
battery systems as profitable as PV-only systems. Further analysis shows that changes in electricity
and FCR pricing, as well as limits on FCR charging, can significantly impact NPV. The study
confirms that integrating arbitrage and FCR services can optimize system profitability.

Keywords: photovoltaic; battery; PV-plus-battery; utility-scale; battery degradation; simulation and
optimisation

1. Introduction

Utility-scale PV generators sell electricity to AC grids in the long-term market through a power
purchase agreement (PPA) or in the daily/intraday market, thus establishing a marginal cost of
electricity [1]. Adding storage to PV generators, specifically batteries (PV-plus-battery systems), helps
the system enhance its functionality through energy arbitrage and a range of support services,
including black start capability, frequency regulation, reactive support, voltage control, and strategic
participation in ancillary service markets [2,3]. Other benefits can also be obtained using batteries,
such as reduced curtailment or ramp rate control. Zhao et al. [4] reviewed the application and
integration of grid-connected batteries.

Energy arbitrage consists of storing the energy produced by the PV generator (charging the
battery) when the energy prices are low (usually when there is low demand) and selling it by
discharging the battery when the prices are high (high demand).

FCR is an ancillary service, also known as the primary control reserve (PCR), which is the first
response to frequency disturbances. When frequency deviations occur, FCR intervenes automatically
within seconds to restore the balance between supply and demand. Battery systems are particularly
suitable for FCR because of their short reaction times (less than 1 sec considering the total response
time, including control and inverter delays) [5].

With the continuous increase in renewable energy generation, the shape of day-ahead hourly
price curves has changed, lowering daytime prices [6]. When the PV penetration is high, the hourly
electricity price turns into a “duck” shape [7], with significantly low prices at noontime (high
photovoltaic generation), as it happened in California [6] and Western Australia [7]; in these cases,
storage can be helpful to provide energy arbitrage and ancillary services such as FCR. Depending on
the shape of the curve (the “duck” curve encourages storage in PV generators) and the battery cost
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and duration, energy arbitrage can be economically viable in PV-plus-battery systems compared to
PV-only systems. Zhao et al. [6] showed the dependence of electricity market prices on renewable
penetration and also on storage: with an increase in storage, it will no longer be a price-taker but also
a price-maker, and concluded that with the expected cost reduction, Li-ion batteries would dominate
the storage market (compared to lead-acid, vanadium redox flow batteries, and compressed air
energy storage).

PV-plus-battery plants are economically viable in specific scenarios, such as improving
flexibility and system performance [8]. In the literature review, previous studies analysed energy
arbitrage using batteries. Many have found that storage costs should be reduced to be financially
rewarding, but others have found it profitable. However, this depends on the storage costs,
degradation, and hourly electricity pricing curves. The following paragraphs present the main
contributions obtained in the literature review.

Zhang et al. [9] asserted that price arbitrage using only storage (charge from the grid at low
prices and discharge at high prices) is not viable because storage capacity costs are high, specifically
for Li-ion batteries. The authors of the current study found similar results [10]. Hu et al. [11] analysed
energy arbitrage using battery energy storage systems (BESS) in European countries. Using a Li-ion
battery as a reference, the wear cost was higher than 0.073 €/kWh and the hourly electricity price of
the daily market in 2019 and 2020. They concluded that energy arbitrage with Li-ion batteries was
only suitable for less than 10% of the time during those years. However, the PV-plus-battery system
can be profitable at different spot prices, battery costs, and durations. Arcos-Vargas et al. [12]
presented a mixed-integer linear programming (MILP) model for the optimisation of the battery and
inverter size and a trading strategy for energy arbitrage of BESS in the Spanish electrical system,
considering the recent reduction in costs and increase in roundtrip efficiency and cycle life. They
concluded that the optimal inverter power/battery capacity ratio is 3 MW/10 MWh (3.33 h battery
duration) and that after 2024, BESS energy arbitrage could be profitable. Terlouw et al. [13] showed
multi-objective optimisation (minimisation of both costs and CO: emissions) of an aggregator in the
Swiss intra-day market using energy arbitrage and compared six different types of batteries,
concluding that Li-ion batteries can be economically profitable; the battery ageing model used in their
work is simple. Campana et al. [14] performed a Monte Carlo analysis to study the impacts of climate,
electricity prices, and different Li-ion battery parameters on PV-plus-battery systems in commercial
buildings used for price arbitrage, peak shaving, and self-consumption.

In energy arbitrage, battery degradation substantially impacts system profitability, as shown by
Wankmiiller et al. [15], and its impact on costs is also discussed by Wu et al. [16] in PV-plus-battery
systems. Mulleriyawage & Shen [17] mentioned the importance of accurately calculating the battery
degradation.

Concerning the differences between AC- and DC-coupled PV-plus-battery systems used for
arbitrage, DiOrio et al. [8] designed an optimisation model for the energy storage operation of PV-
plus-battery systems with AC- or DC-coupled configurations, modelling the interactions with the AC
grid. The battery degradation was not calculated but was considered a fixed value (20% in 20 years).
Some researchers have considered AC-coupled systems. Feng et al. [18] optimised the battery bank
size of an AC-coupled PV-wind-battery system using genetic algorithms (GA) to increase net revenue
by considering energy arbitrage. However, the authors did not calculate the battery degradation; they
only considered a fixed depreciation factor, and the battery was charged only during the lowest price
periods and discharged only during the highest price periods without optimising the price signal
thresholds. Wu et al. [19] presented an optimisation model of the battery size in PV-battery AC-
coupled systems under time-of-use tariffs, optimising the charging/discharging rates during different
hourly periods and considering battery degradation.

Regarding DC-coupled PV-plus-battery systems, Schleifer et al. [20] optimised this type of
system in the United States, modifying the inverter loading ratio (ILR: PV nominal power/inverter
nominal power) from 1.4 to 2.6 and the battery-inverter ratio (BIR: battery nominal power/inverter
nominal power) from 0.25 to 1.0. They found that with low-cost renewable power, optimal ILR can
be 2.0-2.4 at a BIR of 1.0 (even with high clipping and/or curtailment energy). Montafiés et al. [21]
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analysed different scenarios for DC- and AC-coupled PV-plus-battery and wind-plus-battery
systems, considering different values for the battery size and ILR in different US power markets,
including battery degradation (cycling and calendar), and concluded that battery size has the most
significant impact on the NPV of the system, and a two-hour battery duration is optimal.

For FCR services, utility-scale BESS have become increasingly attractive for grid ancillary
services, particularly FCR [22]. FCR units must provide FCR automatically, offering positive and
negative FCR power (charge/discharge) for the same service period. In Germany, the former service
period for FCR was one month (the service had to be provided continuously for one month) in a pay-
as-bid auction. In 2011, the FCR service period decreased to one week, and the minimum bid size was
reduced to 1 MW. In 2019, the service period decreased to one day, and the pricing was modified to
a market-clearing-price procedure for the offered power. In 2020, the service period was reduced to
4 h (six daily slots) [23][24]. The FCR service period could be reduced to 1 h in the future. Several
previous studies have investigated or optimised BESS to provide FCR services. Khajeh et al. [25]
developed a model to optimise the location and size of a BESS in a distribution network, thereby
maximising profits by providing FCR. Krupp et al. [26] studied the impact of the operating strategy
of a BESS coupled with a power-to-heat module, considering FCR. Wigger et al. [27] studied the
economic and environmental implications of service FCR provided by a standalone BESS or hybrid
systems composed of BESS with power-to-heat units or BESS with electrolysers. Meschede et al. [28]
demonstrated the profitability of supplementing an existing generating technology with a BESS to
provide FCR, compared to the standalone operation of the current technology.

Other studies optimised the BESS for arbitrage and ancillary services (FCR) using Li-ion
batteries. Biggins et al. [29] optimised the bidding strategy for a battery system. They concluded that
tight-band arbitrage can provide significant income and not impede the storage’s ability to provide
FCR services. Pusceddu et al. [30] proved the synergies of arbitrage and FCR, obtaining maximum
benefits for 1.5-2 h battery duration storage. Naemi et al. [31] presented an optimisation model to
maximise the NPV of a wind-farm battery system by optimising the battery size and considering the
energy arbitrage and FCR ancillary services. The authors did not consider battery degradation.
Gomez-Gonzalez et al. [32] showed that when adding FCR, there was a significant increase in total
income with a low impact on battery degradation in low-power PV self-consumption systems. Some
authors suggest that the benefits of arbitrage are usually higher than ancillary services [18], whereas
others suggest the opposite [29].

The main contribution of this study is that it is the first time that an optimisation model has been
developed that includes all the following features: it determines the appropriate sizes for PV
generators, batteries, and inverter/chargers; sets control strategies; and analyses price signals and
state of charge (SOC) thresholds for deciding when to engage in arbitrage or FCR operations. It
includes both AC- and DC-coupled systems and uses sophisticated models for battery degradation.
The simulations run for a system’s entire 25-year lifespan in one-minute intervals. Additionally, the
model considers how the battery degrades, how photovoltaic power decreases over time, changes in
solar irradiation, and variations in electricity prices hour by hour throughout the system’s life. It also
evaluates changes in inverter efficiency and the energy the storage system uses. We employ a genetic
algorithm (GA) metaheuristic for optimisation and consider FCR service durations, which are
currently four hours in Central Europe, with a possibility of reducing to one hour in the future. This
thorough methodology is unique compared to previous studies.

2. Materials and Methods

Optimising a PV-plus-battery system is complex. Various combinations of technologies and
sizes of PV generators, batteries, inverters/chargers, and set points for control strategies can be
considered. For each combination, the system’s performance must be simulated during the system
lifetime in steps of 1 min, considering battery degradation, PV derating, and changes in irradiation
and electricity prices during the years. After the simulation of each combination is performed, we can
calculate the economic results (net present cost, NPC, and others). After all combinations have been
evaluated (or a fraction of them, if using GA), obtain the optimal system. Figure 1 shows the PV-plus-
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battery system in both AC- and DC-coupled versions [5] (the efficiencies shown in Figure 1 are
defined later in Section 2.4). The DC-coupled inverter-charger includes a DC-DC converter.

AC COUPLED DC COUPLED
DC AC
”inu_pvl Inverter ‘ Grid 7 ¢ N
Inverter-
AC ¢ Wch:cl charger I’?"’“’-’C
A § DC ﬁ ¢ pc
Inverter- Moe be DC-DC PV
Men_1e l Charger Minv_ic converter r bc
DC DC Ioc oc
Battery Battery
—

Figure 1. AC- and DC-coupled PV-plus-battery system (efficiencies defined in Section 2.4).

The following subsections present the optimisation objective, applied metaheuristic technique
(GA), economic calculations, and detailed system simulation.

2.1. Optimisation Objective

The software simulates, in time steps of one minute during the system lifetime (typically 25
years, equal to the expected PV lifetime), different combinations of possible components (PV
generator, inverter/charger, battery) and control strategies (set points for arbitrage and FCR). The
objective of the optimisation is to maximise the NPV of the system (the difference between the present
value of cash inflows and that of cash outflows over the system’s lifetime [33]), as calculated in Section
2.3. Subject to the following constraints (Equations (1)-(3)).

e  The total investment cost cannot exceed a maximum CAPEX,,,, (M#€).

Z Cost; < CAPEXqy )

where Cost; is the CAPEX of component j (PV cell, battery, and inverter/charger).
e  The total land the system uses must not exceed the maximum allowable Land_usey,,, (ha).

PVsize * PViana_ use + Bsize * Bland use < Land_usemyay 2)

where PVs;,.(MW) and Bg;,, (MWh) are the PV and battery sizes, respectively; PVigng use (ha/MW)

and Bjgng yse (ha/MWh) are the specific land uses, respectively.

o  The capacity factor (CF) is defined here as the total energy injected (sold) to the grid (E¢y¢qr sens
calculated in Section 2.5) during the system lifetime Lifes (years) divided by the maximum
energy that can be injected into the grid. CF must be higher than the minimum capacity factor
CF, min-

Etotal_sell

CF = >
Prax gria - 365 - 24 - Life,

CFmin (3)

where Ppay grig (MW) is the maximum power that can be injected into the grid (grid power limit).

These constraints are defined by the designer, considering the maximum cost of the inverters,
the maximum land available for the project, and the minimum capacity factor, which determines the
minimum efficiency of the system (considering the maximum capacity of the grid). In some countries,
this regulation is required.
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2.2. Genetic Algorithms

The software employs the GA for optimisation if the computation time is extended. Two GAs
were used: a main GA to optimise the combination of components and a secondary GA to optimise
the control strategy (for each combination of components considered).

The vectors of the variables to be optimised are as follows.

Five variables are optimised for the main GA (optimisation of components). Figure 2 shows the
vector of variables that represents each individual (possible solution) in the main GA.

PVtype’ PVNpar’ Btype' BNpar' Ictype

Figure 2. Vector of variables representing individuals in Main GA.

These variables are integer values. PV, is the code for the PV generator type (in AC-coupled,
it includes its inverter), PVy,, is the number of PV generators of the type PV, in parallel, By,
is the code for the battery type, By, is the number of batteries in parallel, and ICyyp, is the code for
the inverter-charger type.

Four variables are optimised for the secondary GA (optimisation of the control strategy, that is,
the variables to decide between arbitrage and FCR in each time step). Figure 3 shows the vector of
these variables.

Prelec_min _disch» Prelec_max _ch» SOCmin _arb» SOCmax _arb
Figure 3. Vector of variables for control strategy in secondary GA.

These variables are float values obtained between a minimum and maximum in a specific
number of steps. The values of PTeec min dischs PTetec max cn are in the range of the sold electricity
price (between minimum and maximum), while the values of SOCyin 45 SOCiax arp are between
minimum and maximum SOC allowed for the battery (typically between 10 and 100%).

Protec min _aisch and PTeec max cn are the price variables to determine if the system operates
under arbitrage or FCR conditions, as the electricity price is compared to these values at the beginning
of each service period (every 4 h or 1 h, depending on the service period selected), as shown in Figure
4, where f is the time (min), from 0 to the end of the system lifetime (Lifes, usually 25 years): 60
min/h-24h/day-365day/yr-25yr = 1.314-107 minutes. In the flowchart in Figure 4, hour is the hour of
the day, minute is the minute of the hour, and hourssr¢ perioa is the hour of the day when the FCR
service period starts; if the service period is 4 h, hoursart perioa 15 0,4, 8, ... 20, whereas if the service
period is 1 h, hoursare perioa 150, 1,2, ... 23.

PToiec min _aiscn 1S the minimum electricity price necessary for the discharge under arbitrage
operation: if the price of electricity at a given hour is higher than Prepec min aiscn (and
SOC(t) > SOCpin _arp), the batteries must be discharged, and electricity must be injected into the AC
grid. PToec max cn 1S the maximum price required for the charge under arbitrage operation: if the
price at a particular hour is sufficiently low (less than Prec max cn, and SOC(t) < SOCpax arp), the
batteries will be charged using renewable power. If none of the above conditions are met, the batteries
are used for the FCR.

SO0Chin arp and SOCpax grp are the minimum and maximum SOC of the battery for the
arbitrage operation, respectively. Under the arbitrage operation, the battery charges up to the
SOChax arp limit, and when discharging the battery, it discharges to the SOCyi, grp limit.

Figure 4 shows a flowchart that clearly illustrates the procedure followed to determine arbitrage
or FCR at the beginning of each service period.
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hour = hour, NO

?
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and
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Arbitrage: Discharge at
max. P, inject to grid until
SDC(t) = Socmi'n_arb

‘PTESBH(t) > Prelec_min_disch ?
and
50C(t) > SOCpim arp ?

PrESEH (t) < Preﬂec_max_ch ?
and
S0C(t) < SOCpmay arp 2

Arbitrage: Charge with PV
until SOC(t) = SOC g arp

FCR

A

ttrl Continue with
previous status of t-1

ry

T<60-24-365-Lifes 7

Figure 4. Flowchart to determine arbitrage or FCR at the beginning of each service period.

The secondary GA obtains the optimal control for each combination of components the main

GA considers (Figure 5).
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Main GA (Components) Secondary GA (control)
> /=1
1% generation: Random generation of the L7
population: N, vectors from the main GA
Neen_main= 1 1% generation: Random generation of the
B population: Ny vectors of the secondary GA
+ from the vector i of the main algorithm. B
Negen_sec =1
Optimization of the control strategy for T
each of the NV, vectors of the main +
> algorithm. The secondary GA is — K
> executed N,, times. Evaluation of the Nggc vectors of the secondary
j=l.... Nm r algorithm (calculate NPV and fitness)

v

Selection, crossing and mutation of
the secondary algorithm vectors.

NgelLsec — Ngen|7sec+ 1

Evaluation of the N,, solutions
obtained (calculate fitness) ~

v

Selection, crossing and
mutation of the main GA
vectors.

[,N gen_sec <N, genisec?max?

Nﬂen?maiu — Ngenimailﬁ' 1

Calculate NPV for the Ny, vectors. The optimal solution is
that represented by the vector with lowest value of NPV.
J=jtl

oNgeleain < Ngen?main?max?

YES

Calculate NPV for the Ny, vectors.
The optimal solution is the lowest
value of NPV NO

END

Figure 5. GA flowchart.

The main GA begins with the first generation: the random generation of Nm vectors (Ngen_main =1).
For each vector of the main GA, the secondary GA runs to obtain its optimal control: first generation
(Ngen_sec=1, random generation of Nsec vectors); then, it calculates NPV and fitness; selection, crossing,
and mutation are performed to obtain a new generation, which is repeated until the maximum
number of generations of the secondary GA is evaluated (INgen_sec_max) to obtain the best control. Each
vector of the main GA (with its optimal control obtained by the secondary GA) is evaluated (its NPV
is known, and its fitness is calculated), and then selection, crossing, and mutation are used to obtain
anew generation of the main GA. The process is repeated until the maximum number of generations
of the main GA has been evaluated (Ngen_main_max), and the optimal combination (components and
control) is the minimum NPV.

The fitness function of combination i of the main algorithm is assigned according to its rank in
the population (rank 1 for the best individual, the one with the maximum NPV, and rank Nm for the
worst solution, that with the minimum NPV). Equation (4) [32,33]:
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(N, +1) —i
T (N + 1) = n]

A similar equation is used to obtain the fitness of the secondary algorithm.

Proportional selection (roulette), one-point crossover, and non-uniform mutation are used to
obtain the parents of each new generation. In a previous study, we obtained the optimal parameters
of a typical GA to optimise standalone hybrid renewable energy systems [35].

fitness; =

(4)

2.3. NPV, LCOE and IRR Calculation

The NPV of each combination of components i and control strategy k evaluated (NPV;;) is
computed using Equation (5), which considers the income from selling electricity to the grid and from
the FCR service during the system lifetime Lifes (years) and all costs during the same period: the
CAPEX and OPEX of all the components of the system, their replacement cost during the system
lifetime, and the cost of electricity purchased from the AC grid.

NPV, = 3755

IncsellEy +1nCFCRy_C05tpurchEy
a0y ) - Z] (COStj + NPCTepJ +
Lifes (1+Inf)Y
Ly=1 (COStO&M—f a+nY ))
where NPCrepj is the sum of the present costs owing to replacements of component j (PV, battery
and inverter/charger) during the system lifetime (PV lifetime is the same as the system lifetime,
battery lifetime depends on its performance; inverter-charger lifetime is a fixed value, usually 10-15
years). Costosm j is the annual OPEX of component j at the beginning (year 0); Costpurch E_y is the cost
of the electricity purchased from the AC grid during year y (1...Lifes); Incsen_e_y is the income owing to

®)

the electricity sold to the AC grid during year y; Incrcr_y is the income from FCR service during year
y; Infis the annual inflation rate and I is the annual nominal interest or discount rate.

The electrical energy income (Incsey; g, owing to the energy injected into the grid and Incgcg 4,
owing to the FCR service), as well as the costs (Costyyrcn_g_y) during year y, are calculated using
Equations (6)-(8).

T1s¢ y+8760-60min
t=Tist y

Incsell_E_y =3 (Esell(t) ' PrEsell(t)) 6)

Np st y+Nper

Incpeg y = Z (PFCR (per) - Prcg (per)) 7)

pver=Nyp 15t y

Tisty+8760-60min
t=Tist y

COStpurcth,y = Z (Epurch(t) : PrEpurch(t)) (8)

where Esi(t) and Epurei(t) are the electrical energy sold (injected) to the AC grid and the electrical
energy purchased from the AC grid during each time step of year y (MWh), respectively; Pre.u(t) and
Prepura(t) are the prices of electrical energy sold to the AC grid and of the electrical energy purchased
from it during each time step of year y (€/MWh), respectively; T;s , is the first minute of the year y;
Prcr(per) and Precr (per) are the FCR power bid offered (MW) and the FCR price (€/MW) of each FCR
service period (duration of 4 h or 1 h), respectively; N, ;5 , is the first period of the year and Nyer is
the number of FCR service periods in one year (8760 h / 4 h = 2190 in the case of 4 h periods or 8760
in the case of 1 h periods).

It is assumed that our PV-plus-battery system is a price-taker. The electricity price differs every
hour (real-time pricing (RTP)). The hourly price of the first year can be converted to the rest of the
year using the estimated annual inflation. The effect of the change in the hourly profile of the day
owing to the increase in PV penetration (“duck curve”) and the increase in wind penetration is
accounted for using Equation (9) [36].

y—1 .
Prgsen(h,y) = Prgsen(h, 0) <1 — (FpyG(h, 1) + F,) <ﬁ>> I+ Infprg)” V1<y<Life; (9)

fes
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where Prgge(h,y) is the sell electricity price per hour & (0... 8760) of year y, Fpy and Fy;,4 are the
PV and wind factors to consider the price reduction in the future hourly price profile owing to the
increase of PV and wind penetration, Infp,r is the annual inflation rate for the electricity price. The
purchase price of electricity is affected similarly.

The FCR service price is expected to be affected by inflation in electricity prices (Equation (10)).

Prrcr(per,y) = Prpcr(per, 0)(1 + Infprp)” V1 <y < Life, (10)

where Prpcp(per,y) is the FCR service price of period per of year y.

The price variables to determine whether the operation is arbitrage (charge or discharge) or FCR
during each time interval, PT,iec min disch anNd PTeiec max cn, are updated every year with the
electricity price inflation to ensure that this price is compared to their updated values shown in Figure
4.

The levelised cost of energy (LCOE;}) is calculated as the net present cost (NPV total minus
present income) divided by the sold energy affected by electricity inflation and the nominal interest
rate (Equation (11)).

Li Inc. +Inc,
NPV =3, lfes< sell E_y FCR_y)

y=1 (1+D)Y

. ; 11)
Life T1st y+8760-60min 1+infprg)” (
E:;V=1S<(Zf=;lsyt_y Ese”(t))( (1+II;;E

LCOE;; =

The internal rate of return (/RR; ;) is calculated for each combination of component i and control
strategy k, which is the discount rate that makes the NPV;;=0.

2.4. Simulation

Each combination of components and control strategy is simulated during the lifetime of the
system in steps of 1 min. A simulation of the system is presented in the following subsections (see
Figure 1 for reference).

2.4.1. Irradiation and PV Generation

Global and diffuse hourly irradiation data over the tilted surface were downloaded from
different databases (PVGIS [37]), Renewables Ninja [38], or NASA [39] for a typical year, which is the
irradiation of year 1, G(h,1). The irradiation for each hour (k) of each year (y) of the system lifetime,
G(h,y) (W/m?), is obtained by modifying the downloaded hourly irradiation data using a random
number N(0,0;) following a normal distribution with mean 0 and standard deviation o) [36]
(Equation (12)):

G(h,y) =G(h,1)(1+N(0,04)) V1 <y < Lifes,0 < h < 8760 (12)
For each time step (1 min) ¢ (from O to the end of the system lifetime, Lifes, after obtaining the

global and diffuse minute irradiance data (Ghours(t) and Dhours(t)), the irradiance in 1-min time steps
G(t) (W/m?) is calculated through a first-order autoregressive (AR) function (y(t)) [36] (Equations (13)-

(14)).

)= ¢e(t=1)+N <0, UminJI - ¢162) (13)

G(6) = max (Diours (D, Grours® (1 + 7, )) (14)

where ¢, is the correlation factor and o, is the standard deviation.
The DC-power PV-generator output is calculated in Equation (15) [36]:

PPV(t) = PN(l - fred_PV)y_lG(t)/GreffPV_loss [1 + a/lOO(TC(t) - Tc_ref)] (15)

where Py is the peak power of the PV generator (MWDp), freq py is the PV annual reduction factor
owing to degradation, fpy ;555 is the loss factor, a is the power temperature coefficient of the PV
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module (%/°C), G and T, are the irradiance and the cell temperature under standard
conditions and T, (t) (°C) is the PV cell temperature during time ¢, which is obtained using Equation
(16).

r o) =1 () 2 NOCT =20
() = To(®) + ——o

where NOCT is the nominal operation cell temperature (°C) and T,(t) is the ambient temperature
(°C), considered a constant during each hour (also downloaded from PVGIS, Renewables Ninja or
NASA).

For bifacial PV modules, the irradiance over the back surface, Grack(t) (W/m?2), was obtained
following the methodology described by Durusoy et al. [40]. By defining the bifaciality (/) as the ratio
of the rear power to the front power of the PV module (under STC), the power generated by the

G(t) (16)

bifacial PV generator is calculated using Equation (17).
PPV(t) = PN(1 - fred_PV)y_l (G(t) + ﬂGback (t))/GreffPV_loss [1 + a/IOO(Tc (t) - Tc_ref)] (17)

Equation (17) is similar to Equation (15) by simply adding the contribution of the PV generation
of the back surface (adding the factor £ Gpq.(t) to the front irradiation).

In AC-coupled systems, the PV power is converted to AC through its inverter, whose efficiency
(M py) depends on its output power and is limited to its rated power (Py,,_py) (curtailment: clipped
energy when the DC output PV power exceeds the rated power of the inverter, which depends on
the ILR (DC/AC ratio), which is approximately 1.3 [8]).

Equation (18) shows that the maximum AC output power is the inverter-rated power (Pi,,, py).
Ppy_ac(t) = min (Ppy(t) Niny_py Pinw_pv) (18)

In DC-coupled systems (Equation (19)), if the strategy determines that the PV must inject power
into the grid, the PV DC power is converted to AC through the inverter/charger, whose efficiency
(M 1) also depends on the output power; the AC power is limited by the inverter power (Piy, ic)-

Ppy_ac(t) = min (Ppy ()7 _pc iy, 1 Pinwic) (19)

where 77, .. is the DC-DC converter efficiency of the DC-coupled inverter charger.

2.4.2. Battery Charge and Discharge

Depending on the operation (arbitrage or FCR, charge, or discharge, as shown in Figure 4), the
battery is charged, discharged, or remains in the float state for each time step.

2.4.2.1. Arbitrage, Battery Charge

If, during a time step, the operation is arbitrage and battery charge, the battery will be charged
with the PV power, considering that it cannot be higher than i) the power of the charger of the inverter
charger, ii) the maximum power allowed by the battery, and iii) the power to charge the battery in
the time step to the maximum SOC allowed for arbitrage. The charging power that enters the battery
under an arbitrary operation, P, g a4(t), is calculated considering the different efficiencies shown in
Figure 1 using Equation (20) (DC-coupled system) or Equation (21) (AC-coupled system).

_ SOCpmax ary — SOC(E)
Pep_g_arp(t) = min <PPV(t) Mpc-pe Penicr Pmax_cn s, = It (20)
nch_B
_ SOCpax ary — SOC(E)
Pen_p_arp(t) = min (P pv_ac() M o0 Pen_ic» Pmax_cn_s, max};ar o (21)
ch_B

where Py ;c (MW) is the rated power of the charger of the inverter-charger (maximum charge
current multiplied by the DC battery nominal voltage), P cn 5 (MW) is the maximum charge
power allowed for the battery (Li-ion typically 0.5C), SOCmax_arb is the maximum state of charge of the
battery allowed for arbitrage operation (energy, MWh), SOC(t) is the energy SOC at the beginning of
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timestept, 7, , is the battery charge efficiency, At=1/60 hand 7, . is the charger efficiency of the
AC coupled inverter-charger.

2.4.2.2. Arbitrage, Battery Discharge

If the operation is arbitrage during a time step and the battery is discharged, it will be discharged
with its maximum power. The discharge power of the battery, Py p an(t), is calculated using
Equation (22) (DC-coupled system) or Equation (23) (AC-coupled system).

. (SOC(t)—S0C,,; b min (P ¢/ P id)
Pdisch_B_arb(t) =min < At = ndisch B’ - e ’ Pmax_disch_B (22)
- Mpc-pcMinv_ic
. [(SOC(t)—S0C,,; b min (P ¢, P id)
P disch_B_arb (t) =min < At e ndisch_B’ m; I P max_disch_B (23)
inv_IC

where SOChmin_arb is the minimum state of charge of the battery allowed for arbitrage operation (MWh),
Naisen 1S the battery discharge efficiency and Pyax giscn 5 (MW) is the maximum charge power
allowed for the battery (Li-ion typically 1C).

Figure 6 shows the battery capacity bands used for the arbitrage and FCR.

Battery SOC
c, , (100%)

SocC
mas ].— FCR and corrective discharging
soc =
max_corr_start
socmax_corr_stop . FCR om’y
sS0C_ -
max_arb
Arbitrage
— (if elec. price within limits)
SOC . or FCR
min_arb =
socmin_corr_stop — FCR o.‘m’y
socC
min_corr_start =
}_ FCR and corrective charging
SOCrin
0
Figure 6. Battery capacity bands for arbitrage and FCR.
24.2.3.FCR

Suppose FCR operation is initiated during a service period, which can be either 1 hour or 4 hours.
The bidirectional FCR power that the battery can provide for that period is calculated based on
specific regulations. In Germany, since 2019, the maximum offered bidirectional FCR power must be
sustainably available for at least 15 minutes (Atspp;,= 0.25 h) at any point within the service period.
Additionally, the FCR provider is required to maintain a buffer of 25% over its prequalified power
(Fpusfer=1.25) [23]. The minimum bid is 1 MW, and the minimal increment is also 1 MW. The
maximum offered bidirectional FCR power is determined using Equation (24) for AC-coupled

systems.

Prcr(per)

_ . . SOC(t)_SOCmin SOCmax - SOC(t) Pmax_ch_B 24

= (nt |min At— disch B Minw 1 A ’ 'Pmax_disch_B Minw ICﬁPinv_IC (
supply - N supply Ten_gTengc Menic -

)

o
Fbuffer
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For DC-coupled systems, the same equation applies; however, it includes the DC-DC efficiency
within the battery charge and discharge efficiencies.

Where SOCmin = Fsoc_minCn and SOCmax = Fsoc_maxCn_y are the minimum and maximum SOC
allowed for battery operation (MWh) (Figure 6), respectively, Cny is the remaining rated energy
capacity of the battery (MWh) (for year 1, it is the rated capacity, Cr; in the following years, owing to
degradation, the remaining capacity is reduced annually until its replacement). Fsoc_min and Fsoc_max
are the factors used to calculate the minimum and maximum allowed SOC, respectively. As the
capacity of the battery is continuously decreasing because of its degradation (cycling and calendar),
SOCmax is being reduced until the battery is replaced (when its remaining capacity drops to a specific
percentage of the rated capacity, typically 80%, that is, when the capacity loss reaches 20%); in this
study we update SOCmax at the end of each year, considering degradation.

Once the FCR power bid offered is determined for each period, the charge or discharge power
is set for every time step, considering that discharge occurs during time steps when the deviation
from the nominal frequency is positive (Af(t) = fn— f(t) >0), and charge occurs during time steps of
negative deviation (Af(t)<0) [41]. The charge/discharge power, P.y g rcr(t) and Pyisen g rer(t), is
linearly proportional to the deviation Af(t), with a maximum at Af=+0.2 Hz. When |Af(t) | >0.2 Hz,
the battery is charged or discharged with the full offered FCR power. The insensitivity range of the
frequency control (dead band) is Af(t)= +10 mHz (within these limits, the battery is not charged or
discharged). Equations (25)—(26) detail how the charge and discharge power is adjusted based on
frequency deviation, as explained above.

P
|( Prer@®er) \ prcty > 02 1z
inv_IC
Pai = {P Af(t 25
disch_p_rcr (L) rcr (DET) . f(®) ¥ 0.01Hz < Af(£) < 0.2 Hz (25)
l ninv_l(,‘ 0.2Hz
N 0,V Af(t) < 0.01 Hz
( Prcr(per) Nenicr VAf(t) < —02 Hz
P ) = {P BFOL o < o1 26)
ch_B_FCR wcr (per) Menrc R —02Hz < Af(t) < —0. 2
t 0, V Af(t) = -0.01 Hz

The previous equations are valid for AC-coupled systems; for DC-coupled systems, the same
equations apply, multiplied by the inverter and charger efficiencies and the DC-DC efficiency.

If during time step ¢, the PV power is higher than P, p cr(t), the battery is charged with the
available power from the PV (not exceeding the maximum allowed), provided SOC is lower than the
maximum SOC for arbitrage (Equation (27) for DC-coupled system and Equation (28) for AC-coupled
system). When SOC is higher than that value, to prevent a high SOC at the end of the time step and
a lower probability of obtaining a high FCR power bid for the next period, if the Boolean variable
Xpool 1S 1, the charge is limited to the value obtained in Equation (26).

. SOCpax — SOC(L)
max PChBFCR (t), min (PPV(t) Mpc-per P'gl,g 'W—At ) ,

nChB

vV SOC(t) < S0C,
Pen g rcr(t) = J ® max _arb an
SOCpmar — SOC(L)

At ) (1 - xbool) ,

max PChBFCR (t), min (PPV(t) UDC—DC‘PT?}%‘ , "
chp

V SOC(t) > SOCmax ars
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P in| P p SOCpax — SOC(H)
max chBpcr (t), min PVAC(t) nchlc’ 73:1; ’ TBﬁt ,
vV S0C(t) <S0C
Pey g rer(t) = ® max _Arb 28)

SOCpar — SOC()

it ) (I = Xpoot) |»

max PChBFCR (t), min <PPVAC(t) Metye P’?;?I;‘ , -
chp

v SOC(t) > SOCmax _Arb

When Af(t) is within the dead-band and the battery SOC(t) is higher/lower than a set point
SOCrmax_corr_start / SOCmin_corr_start, a corrective discharging/charging power (at a specific C-rate Crate_corr)
will be applied until the battery drops from/reaches a set point SOCmax_corr_stop / SOCmin_corr_stop [41]
(Figure 6).

2.4.2.4. Battery SOC

The SOC at the beginning of the next time step (minute f+1) is calculated using Equation (29)
when charging or discharging, and with Equation (30) during the float stage (when neither charging
nor discharging).

SOC(t+1) =S0C(t) + (Pch_B_arb (t) + Pch g Fcr (t))At n

ch_B
29
B (Paisch_p_ar(t) + Paisch g rer(t)) At 29
ndisch_B
SOC(t +1) = SOC(¢) (1 - %) At (30)

where fioir giscn is the monthly self-discharge factor (approximately 1-3%).

2.5. Energy Sold and Purchased to/from the Grid

The energy sold (injected) to the AC grid is calculated according to Equation (31). For any given
time step ¢, the sell energy E,;(t) is determined by the minimum of several factors.

Esell(t) = min ((PPV(t) + Pdisch_B_arb (t) + Pdisch_B_FCR (t))’]DC—DC .

inv_IC - Plaadaux(t)rpinvlc

(31)
- Pload,aux(t)' Pmax grid)
where Piyu4 aux(t) is the AC auxiliary consumption of the storage system, which includes cooling,

heating, instruments, control, lighting, and battery management system -BMS- control.
For an AC-coupled system, the calculation adjusts as shown in Equation (32).

Esell(t) =min (PPvaC (t) + (Pdisch,Bfarb(t) + Pdisch,B?FCR (t)) n. - Pload?aux(t)' Pmax grid) (32)

inv_IC

The total energy sold during the system lifetime is calculated using Equation (33).

Lifes ,8760-60
Etotal_sell = Z ( 2 Esell(t)> (33)
t=0

y=1
For energy purchased from the AC grid in a DC-coupled system, refer to Equation (34).

Epurch (t) = min (max ((Pch_B_Arb (t) + Pch_B_FCR (t) + Pload_aux (t) 775;1_1(;
(34)
- PPV(t) UDC—DC) /nch_lc, 0) ’ Pmax_grid)
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For an AC-coupled system, the energy purchased calculation adjusts as in Equation (35).

Epurch (t) = min (max ((Pch_B_Arb (t) + Pch_B_FCR (t) + Pload_aux (t) nch_IC
(35)

- PPV_AC (t) 770;1_10) /Uch_lc' 0) ’ Pmax_grid)

Finally, the total energy purchased during the system lifetime is given by Equation (36).

Lifes ,8760-60
Etotal_purch = Z ( z Epurch(t)> (36)
t=0

y=1

2.6. Li-ion Battery Ageing Model

There are different Li-ion technologies [42]; in this study, we consider the lithium iron phosphate
(LEP) type, which is typical for this type of application. Regarding cycle ageing [43] and calendar
ageing [44], we use the model proposed by Naumann et al, which was obtained by testing
LiFePos/graphite cells (commercial model Sony US26650FTC1). Capacity fading is caused by cycle
ageing (Equation (37), dependent on the complete equivalent cycles performed and considering the
effect of the depth of discharge DOD and the charge/discharge rate) and calendar ageing (Equation
(38), considering the impact of temperature, SOC and time).

10

Qloss_cyc = Z(acyccrate + bcyc)((DODi - 0-6)3Ccyc + dcyc)FECiZ (37)

i=1

—E, (1 1
Qloss_cal = krefexp < Ra <? - T f>) ((SOC - 0-5)3Ccal + dcal)\/ 60tbat (38)
re

where Qo5 cyc (%) is the percentage of capacity loss owing to cycling when FEC; full equivalent
cycles (energy discharged by the battery divided by the battery energy capacity) are cycled at a C-
rate Crqt and depth of discharge DOD;. Qos5 car (%) is the percentage of capacity loss owing to the
calendar when a time t,, (min) has passed with an average charge level SOC and average
temperature T (K). E, is the activation energy (17126 Jmol?), R = 8.314 Jmol'K"! is the universal gas
constant, Ty, is the reference temperature (298.15 K), and k., 4, b, ¢, d (for cycling or for calendar)
and z are constant parameters shown in references [43] and [44], respectively, which can be modified
to fit the ageing performance of another manufacturer’s battery.

The full equivalent cycles of charge-discharge during the system lifetime are accounted for in 11
intervals (FEC, is the number of full equivalent cycles performed by the battery at 0.1-2% of DOD,
and DOD; is the average of the range, that is, 0.01; FEC, is the number of FEC at 2-10% of DOD and
DOD, = 0.06; ... FECy; is the number of FEC at 90-100% DOD and DOD,; = 0.95). Equation 39
includes the sum of all the contributions of the DOD ranges.

Equations (37)-(38) are calculated at the end of each year, comparing the total loss Qo cyc +
Qioss_car (%) with the maximum loss allowed (Qjoss max, generally considered as 20 or 30% of Ch).
When the total loss reaches Q455 max, the battery end of life is reached, and the battery must be
replaced (currently, FEC; and t,,, areresetto0). A maximum operating life of 20 years is considered
for stationary battery systems [44].

The battery remaining capacity at the start of each year y is calculated using Equation (39).

Cn_y — Cn _ (Qloss_cycl_(i)'OQloss_cal)

(39)

3. Results and Discussion
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This section presents the results of this study and addresses the research questions listed in
Section 2. A base case located in Wiesenthal, Germany, was optimised. After that, a sensitivity
analysis was performed to evaluate the effects of certain variables.

The following subsections explain the data, results, and sensitivity analysis.

3.1. Base Case Data

A system was optimised near Wiesenthal, Germany (latitude 50.70 °N, longitude 10.18 °E). The
following subsections present the irradiation and temperature data, FCR data, component features
and costs, and electricity prices.

3.1.1. Irradiation and Temperature

The hourly irradiation and temperature data were downloaded from the PVGIS [37] database
(data for the year 2020). Figures 7 and 8 show the hourly irradiance at an azimuth (south-faced)
horizontal axis tracking. The annual irradiation over the front surface was 1,432 kWh/m? whereas
the back irradiation was 306 kWh/m? (albedo 0.2). Figure 9 shows the hourly temperature data for
2020.

1.2

Jan Feb  Mar Apr  May Jun  Jul Aug  Sep Oct Nov  Dec
Mounth

Figure 7. Hourly Irradiance (front) (kW/m?) near Wiesenthal for 2020 and horizontal axis tracking.

1.2

0.8

0.6

kW/m?

0.4

0.2

Mar 27 Mar28 Mar29 Mar30 Mar 31 Aprl Apr 2 Apr 3 Apr4
Day

Figure 8. Hourly irradiance (front) (kW/m?) near Wiesenthal; detail is for 9 days (March-April 2020)
and horzontal axis tracking.
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The irradiance in minute steps for all 25 years was obtained with the values o, = 0.05 (from
NASA data [39]), ¢,; =0.9, and o, = 0.2. The annual irradiation over the average (%) for the 25
years of the simulation is shown in Figure 10.

-8

-13

3.1.2. FCR

4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Year

Figure 10. Annual irradiation over average (%) for the 25 years of the simulation.

The average frequency for each minute of the year 2022 has been calculated using frequency

data available at [45]. Figure 11 shows the frequency for one week in July.
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Figure 11. Frequency of the first week of July.
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The price for the FCR used is based on data downloaded from [46], and corresponds to the entire
year 2023. Figure 12 shows the prices for the first week of July 2023.
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Figure 12. FCR prices of the first week of July.

An FCR service period of 4 h was considered in the base case (the German case, with data shown
in Section 2.4.2.3). The correction set points were as follows: SOCmax_corr_start = 80%, SO Cmin_corr_start =20%,
SOCmaxfcorrfstop = 70%, and SOCminfcorrﬁstop: 30% Wlth a power rate Of Cratefcorr = 0125

3.1.3. Costs

The cost assumptions were based on the utility-scale data storage (60 MW/240 MWh) from Ref.
[47]. The storage CAPEX cost, including all costs (including inverter-charger and extra costs: BOS,
taxes, installation labour, permitting fees, overheads, and contingencies), for a 4 h duration storage
in the USA, Q1 2022, was approximately 430 €/kWh (Li-ion standalone storage system [47]). A wide
range of costs has been reported in the literature, for example, 321 $/kWh [8] or 575 $/kWh [48].

For the battery cabinet (including battery packs, containers, thermal management system, and
fire suppression system), we consider 211 $/kWh, which is affected by a factor of 1.5, to include the
extra costs (BOS, taxes, etc.), using a total of 295 €/kWh [47] (considering a euro/dollar exchange rate
of 0.93).

For the inverter charger, 116 $/kW was reported in [47], which is also affected by the same factor
of 1.5 to include extra costs, resulting in approximately 160 €/kW. The total cost of the Li-ion
standalone storage system was 295 €/kWh + (160 €/kW/4h) = 335 €/kWh.

The PV CAPEX (including the inverter) in AC-coupled PV systems without storage was reported
to be 0.54 €/Wac for the 5th percentile [49]. This percentile is considered because in PV-plus-battery
systems, coupling allows sharing several hardware components between the PV and energy storage
systems, which can reduce costs. The PV inverter cost can represent 8% of the total cost of the PV
system [47], so the absence of a PV inverter in DC-coupled systems reduces the total cost to 0.5 €/Wdc.
For bifacial PV, there are four additional cents per Watt [50].

Batteries are expected to reduce their cost annually by 4 % (cost escalation of 4%/year [8]). This
value calculates the replacement costs during the system’s lifetime (when batteries reach their end of
life and must be replaced).

The O&M (OPEX) annual costs for PV were reported to be 10 €/kWac [51]. Considering that the
PV and energy storage systems share several hardware components, we estimate the PV OPEX to be
1% of the PV CAPEX in this work. For the battery, we considered 1% of the battery CAPEX [52]
(higher OPEX costs are reported by NREL [53], which include battery replacement costs, which are
considered separately in this study).

BESS in Germany are exempt from many network costs and other charges that usually apply to
regular consumers. Specifically, batteries do not have to pay network fees and the electricity tax [54].

The financial costs are the nominal discount rate I = 7% and general inflation rate Inf=2%. The
duration of the study was 25 years. The total CAPEX of the system should be obtained through a loan
with a 7% interest rate for 25 years.
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According to the European Central Bank projections, inflation in Germany is expected to
gradually decrease in the coming years, reaching 2.4% in 2024 and 2.0% in 2025 [55]. The Deutsche
Bundesbank also provides detailed inflation forecasts. According to their projections, inflation in
Germany follows a downward trend [56]. These forecasts suggest that, for economic studies over 25
years, a reasonable average annual inflation rate for Germany could be around 2%.

3.1.4. Electricity Price

At the beginning of the system (year 0), the hourly electricity spot price for 2023 in Germany [57]
(average 0.0952 €/kWh) was considered for the selling and purchasing prices of electricity (Figure 13).
Using Equation (9) with Fpy =0.5, and F,;,; =0.2, we obtained the electricity prices, considering

Inf, . =2% annual inflation for the electricity price.
0.8
0.6
0.4
0.2

ol

Price (€/kWh)

-0.2

-04

-0.6

1 797 1593 2389 3185 3981 A4777 5573 6369 7165 7961 8760
Hour

Figure 13. Hourly electricity selling and purchasing price of the first year y.

Figure 14 shows the daily average hourly electricity selling price for the different years; all
referred to the 1st year.
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Figure 14. Daily average hourly electricity selling price referred to the first year.

3.1.5. Components


https://doi.org/10.20944/preprints202411.0381.v1

doi:10.20944/preprints202411.0381.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 November 2024

19

Before selecting the component sizes, the maximum grid power must be determined. In this case,
Priax_gria = 100 MW. Two types of PV generators were considered, PV}, ={0,1}, both, 20 MWdc, one
of which was monofacial and the other was bifacial. The number in parallel will be between 4 and 8§,
PVipor={x € Z 1 4<x <8} (between 80 MW and 160 MW total PV power). For the battery, only one
type has been considered, 40 MWh/10MW (4 h duration [8]) (B, ={0}), from 4 to 8 in parallel,
Bnpar={x € Z | 4 <x <8} (between 160/40 and 320/80 MWh/MW total). For the inverter charger, four
types were considered ICy,,={0, 1, 2, 3}, in steps of 20 MW (40-100 MW). The binary variable x;,

was set to 1.

Auxiliary load consumption for the battery (cooling, heating, instruments, control, lighting, BMS
control) is considered to be 0.4% of the battery-rated power [58]: Pjypg aux(f) = 0.4/100-P,,,;, ¢, p- The
ambient temperature of the batteries is supposed to be constant at 20°C.

The land uses considered in this work were 2.5 ha/MW for PV [59] and 10 ha/GWh for battery

storage.

Table 1 lists the main data, and Figure 15 shows the inverter efficiency curve.

Table 1. Data of the base case.

Variable Value Variable Value
Location 50.70°N, 10.18°E Inverter-charger:
Resource data PVGIS CAPEX 160 €/kW
Lifes 25 years Piny 1c = Penic 40 MW to 100 MW
Prax _gria 100 MW Lifec 10 years
I 7% Ninw ic Figure 13 [8]
Inf 2% Nen ic 097 [8]
Infp g 1% Mpe—pe 0.982 [8]
PV (mono./bif.): Li-ion LFP Battery:
AC coup. CAPEX 0.54 /0.5 €/Wdc CAPEX 295 €/kWh
DC coup. CAPEX 0.5/0.46 €/Wdc OPEX 1% of CAPEX
OPEX 1% of CAPEX Cost escalation -4%/yr
Py 80 to 160 MW Cn 160 MWh to 320
MWh
frea pv 0.5% [60] Fsoc min 10%
NOCT 43°C Fsoc max 90%
fpv_toss 95% Prax.ch B = Pmaxdisch B Cn/4 (4 h duration)
a -0.4%/°C Non s = Maiscn s V0.9 - 100%
B 0/07 fsetf_disch 1%/month
ILR (AC coupled) 1.25 Qioss_max 20%
Ninw py Figure 13 [8] Ageing model [43], [44]

parameters
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Figure 15. Inverter efficiency.

3.2. Constraints

The constraints were as follows: CAPEX,,,, =250 M€, Land_use =400 ha, maximum 160 MW
(PV-only), and CF;, = 0.2. The maximum land use implies a PV-only system with a maximum of

max

160 MW. A minimum capacity factor (defined as annual output AC energy divided by the yearly
maximum energy that could be injected into the grid considering the grid limit of 100 MW, which is
876,000 MWh) of 0.2 implies a minimum PV monofacial generator of approximately 0.2 - 876,000 /
1432 / 0.8 = 152.9 MW (considering 1432 kWh/m? annual irradiance on the front surface and a
performance ratio of 0.8). These constraints are valid since we have two types of PV generators
(monofacial and bifacial), and the system includes BESS.

3.3. Base Case Optimisation Results

The simulation used an Intel i5-6500 CPU (3.2 GHz and 16 GB RAM). In addition, the simulation
(during 25 years in 1-minute time steps) and evaluation of each combination of components and
control was for 17.8 s. The parameters for the selected GA were as follows: maximum number of
generations, 10; population, 7 for the main GA and 15 for the secondary GA; crossover rate, 70%; and
mutation rate, 1%. For each optimisation, evaluating all combinations would have taken 66 days,
whereas using the GA took one day and 9 h. Table 2 lists the optimal systems determined by the GA
for the AC-coupled- and DC-coupled systems. The energy values are averaged yearly (different for
each year).

The optimal control of PV-plus-battery systems employs FCR and arbitrage. Similar to the works
of Biggins et al. [29] and Naemi et al. [31], we found that the combination of arbitrage and FCR
improves economic results. Using tight-band arbitrage can provide significant income and not
impede the storage’s ability to provide FCR services. In another study, Pusceddu et al. [30] showed
the potential synergies between the provision of FCR and arbitrage in the same way.

The results show that AC-coupled systems are more profitable (higher NPV and IRR, and lower
LCOE) than DC-coupled systems. In addition, the capacity factor was slightly higher for AC-coupled
systems. The highest incomes are because of selling PV generation directly, whereas FRC incomes
account for approximately 15% of the total income. The PV generator included in the optimal
configuration is bifacial. The ILR for AC-coupled was 1.25, and for DC-coupled it was 1.4. Moreover,
BIR was 1 for the AC-coupled and 0.4 for the DC-coupled. The battery lifetime obtained in the
degradation model was 19.8 years for AC-coupled and 20.4 years for DC systems, which are higher
than the maximum operating life for stationary battery systems (20 years); this is the final value
considered in the economic calculations.
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Table 2. Optimal systems for the base case. Comparison to the system without storage (PV-only).
PV-plus-battery
AC-coupled DC-coupled PV-only
PV (MWdc) 140 (7 x 20 MWdc), 140 (7 x 20 MWdc), 160 (8 x 20 MWdc), bifacial
bifacial bifacial
Battery (MWh) 160 (4 x 40 MWh) 160 (4 x 40 MWh) -
Battery max. power (MW) 40 40
Inverter-charger (MW) 40 100 -
ILR 1.25 (own inv.) 1.4 1.25 (own inv.)
BIR 1 0.4 -

Prejec_min_disch (E/kWh) 0 0 -

Prejec max ch  (€/kWh) 0.352 0.528 -
SOCpin_arb (% of max.) 20 20 -
SOCax arb (% of max.) 40 60 -

NPV (M€) 77.35 60.28 121.05 M€
CAPEX (Invest. cost) (M€) 129.2 133.2 86.4
Land use (ha) 351.6 351.6 400
CF (%) 21.29 20.72 22.63
IRR (%) 129 10.15 20.77
LCOE (€/kWh) 0.06 0.066 0.035
PV generation (GWh/yr) 189.2 (AC) 199.61 (DC) 216.24 (AC)
Batt. charge energy 7.92 9.61 -
(GWh/yr)
Batt. disch. energy 7.12 8.64 -
(GWh/yr)
Hours of bat. charge per 2725.6 2730.5 -
year
Hours of bat. disch. per 2693.8 2714.9 -
year
Battery lifetime (years) 19.8 20.4— 20 -
Sold energy (GWh/yr) 186.46 181.52 198.22
Purchased energy 3.57 3.44 -
(GWh/yr)
Sell E. incomes (M€/yr) 13.43 12.86 14.38
Sell E. incomes, NPV (M¢€) 202.70 194.22 219.75

FCR serv. inc. (M€/yr) 2.30 243 -

FCR serv. inc.,, NPV (M€) 34.79 36.74 -

Purch. E. cost (M€/yr) 0.32 0.31 -

Purchase E. cost, NPV (M€) 4.69 4.54 -

The system without storage (PV-only system of 160 MWdc) has an NPV 56% higher than that of
the optimal AC-coupled PV-plus-battery system, indicating that storage, with the present costs and
considering the electricity fees used in this study, is not profitable.

Figure 16 shows the simulation of the optimal AC-coupled system over two consecutive days
(year 12, January 1st-2nd). The FCR operation is selected for all the time except for 4 hours (from
12:00 to 16:00 on the second day) when there is arbitrage and discharge. At 12:00, the SOC is higher
than the minimum SOC for arbitrage, and the electricity price is higher than the set point limit.
Therefore, arbitrage and discharge are selected for the next 4 hours. In PV generation, there is a
limitation in PV production because of its inverter (ILR=1.25; rated power of the inverter is 112 MW)
and the injected energy limit of the power grid (100 MW).
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Figure 16. Optimal AC-coupled system, simulation for two consecutive days.

Figure 17 shows the simulation of the optimal DC-coupled system for the same two consecutive
days, where the FCR service is used throughout the day (no arbitrage). In Figure 17, we can see the
curtailment (to the limit of 100 MW) in the power injected into the grid due to the inverter-charger
power limit.
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Figure 17. Optimal DC-coupled system, simulation for two consecutive days.

In both figures, the maximum and minimum SOC for arbitrage are the percentages shown in
Table 2 multiplied by the battery’s maximum capacity during year 12.

For comparison purposes, we again optimised the PV-plus-battery AC-coupled system using a
discrete version of the particle swarm optimisation (PSO) algorithm [61] with the following
parameters: number of epochs = 20, population = 500, cognitive coefficient = 2, and social coefficient
=2.PSO was programmed to optimise the components and control strategy using a unique algorithm
(all variables were codified in a unique vector). The optimal PV-plus-battery AC-coupled system
obtained by PSO has an NPV of 76.54 M€, slightly lower than the optimal obtained using GA (77.35
ME€). The components are the same, but the control strategy is different. With PSO, the arbitrage price
limits are 0.176 and 0.352 €/kWh, and the arbitrage SOC limits are 30% and 50%. In this study, GA
obtained better results than PSO, possibly because GA uses two algorithms, while the PSO algorithm
has been programmed with a single algorithm to reduce complexity. Figure 18 shows the evolution
of both algorithms.
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Figure 18. Evolution of the GA and the PSO optimisations, AC-coupled system.

3.4. Sensitivity Analysis

The sensitivity analysis of the most relevant variables was evaluated by repeating the
optimisation for each case.

3.4.1. Cases of Xp40 =0, no FCR and 1 h FCR Service

If xp001 =0, that is, there is no extra limitation for P, p rcr(t) when the SOC is higher than the
maximum for arbitrage; the NPV variation over the base case as a percentage is shown in Table 3
(NPV is reduced by approximately 20%). In the same table, we can see that the NPV decreases
significantly if there is no FCR service, resulting in a reduction of roughly 25% for AC-coupled
systems and 45% for DC-coupled systems. This indicates that FCR can be a good source of income
for battery systems. In addition, considering a 1 h FCR service instead of a 4 h results in a significantly
low increase in NPV.

The FCR service has little impact on the life of the batteries due to the low charge/discharge
current, as shown in Table 4.

Table 3. NPV variation over the base case (%) for cases of x_bool =0, cases without FCR and cases of
1 h FCR service.

AC-coupled DC-coupled
Xpool =0 -20.2% -23.4%
No FCR -25.4% -44.8%
FCR service1h 0.9% 1.6%

Table 4. Battery lifetime (years) with or without FCR service.

AC-coupled DC-coupled
With FCR 19.8 20.4 — 20
Without FCR 20 21.9 - 20

3.4.2. Cases of Different Inflation of Electricity Prices

The effect of annual electricity price inflation on the NPV of the optimal system is presented in
Table 5. Electricity price inflation has a significant impact on NPV (higher in DC-coupled systems).
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Table 5. NPV variation over the base case (%) for different electricity price annual inflation cases.

Electricity Price Inflation (%) AC-coupled DC-coupled
-2 -93% -109%
-1 -73% -87%
0 -52% -61%
1 -27% -36%

3.4.3. Cases of Reduction in Battery CAPEX
Table 6 shows the effect of the decrease in battery CAPEX.

Table 6. NPV variation over the base case (%) for different cases of battery cost reduction.

Battery price reduction (%) AC-coupled DC-coupled
25% 20% 23%
50% 41% 46%
75% 61% 70%

For a battery price reduction of 75% (considering only battery cost reduction and no reduction
in the inverter-charger), the optimal AC-coupled system has an NPV similar to the PV-only system
without storage.

3.5. System Located in Spain

The same system was optimized near Zaragoza, Spain (latitude 41.66 °N, longitude 0.86 °W),
considering the same FCR data, component features, and costs, and using the hourly electricity spot
price for 2023 in Spain (average 0.0877 €/kWh). Table 7 shows the optimal results, which include the
same components as in the Germany optimizations but different control variables and economic
results (higher NPV due to higher irradiation in Spain).

In the case of Spain, to achieve an NPV for the AC-coupled system similar to the NPV of the PV-
only system, the battery price needed to be reduced by 80%.

Table 7. Optimal systems for the system located in Spain.

PV-plus-battery

AC-coupled DC-coupled PV-only
PV (MWdc) 140 (7 x 20 MWdc), 140 (7 x 20 MWdc), 160 (8 x 20 MWdc),

bifacial bifacial bifacial

Battery (MWh) 160 (4 x 40 MWh) 160 (4 x 40 MWh) -
Battery max. power (MW) 40 40
Inverter-charger (MW) 40 100 -
ILR 1.25 (own inv.) 1.4 1.25 (own inv.)

BIR 1 0.4 -

Prejec min_disch (€/kWh) 0.145 0.096 -

Pretec max_ch  (€E/kWh) 0.242 0.242 -
SOCuin arb (% of max.) 30 40 -
SOCpax arb (% of max.) 60 60 -

NPV (M€) 99.36 77.02 144.33

4. Conclusions
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This paper presents a new method for simulating and optimising utility-scale PV-plus-battery
systems considering energy arbitrage and FCR. Unlike previous studies, both AC-coupled and DC-
coupled systems were considered, and more accurate models were used in the simulations, using
time steps of 1-minute and simulating the entire system lifetime, considering changes in all the
relevant variables during the years (irradiation, electricity price, battery degradation, and PV
derating). More accurate simulation models imply more accurate economic results and more precise
optimisation. The optimisation attempts to determine the most profitable system (with the highest
NPV). The optimisation variables are the sizes of the components and the control set points (the limit
electricity prices for charge/discharge and the SOC limits for the arbitrage operation). Each
combination of components and control strategy was simulated in 1-minute steps during the system
lifetime (typically 25 years). Owing to the inadmissible computation times when evaluating all
possible combinations, optimisations were performed using the GA. Unlike previous studies, this
study considers advanced battery degradation models (for cycling and calendar) and PV derating,
different irradiation, and hourly electricity price curves for each year of the system lifetime. In
addition, the auxiliary load consumption of the storage system and variable inverter efficiencies were
considered.

A particular case study of Wiesenthal (Germany) has been shown, with present components
cost, hourly electricity price in 2023 in Germany (estimating the prices of the rest of the years with
the effect of the increase or renewable penetration, “duck curve”) and FCR service prices in Germany
(4 h service periods), considering a yearly inflation rate of electricity and FCR service of 2%. The
optimal system includes a small SOC range for arbitrage (20% to 40% for AC-coupled services and
20% to 60% for DC-coupled services), showing the synergy between arbitrage and FCR services. AC-
coupled systems are more profitable than DC-coupled systems (24% higher NPV); however, they
cannot compete economically with PV systems without storage, whose NPV is 56% higher than that
of AC-coupled PV-plus-battery systems.

The variations in the base cases were evaluated. It can be seen that the limitation for the charge
under the FCR service (when SOC is higher than the maximum for arbitrage to avoid excessive SOC
and reduction in future FCR incomes) is essential. Otherwise, a significant reduction in NPV is
achieved. In addition, systems with only arbitrage (without FCR) achieved significant reductions in
the NPV, indicating that FCR services are an essential source of income. By reducing the FCR service
period to 1 h, a slight increase in the NPV was achieved. As expected, a reduction in the annual
inflation of electricity and FCR service prices (even considering negative inflation values) implies a
significant reduction in the NPV. Finally, the effect of the decrease in the battery CAPEX was
evaluated. With a 75% reduction in battery CAPEX (from the present value of 295 €/kWh to 74
€/kWh), the NPV of the optimal PV-plus-battery AC-coupled system would be similar to that of the
PV system without storage. As in previous studies, we found that combining arbitrage and FCR
improves economic results compared to a system with only FCR or arbitrage. The same system was
optimized in Zaragoza, Spain (using the hourly electricity price of Spain, 2023), obtaining better
economic results due to higher irradiation. Similar conclusions were found for Spain, needing an 80%
reduction in battery CAPEX to make AC-coupled PV-plus-battery systems as profitable as PV-only
systems.
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