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Abstract: Currently, the electrical supply in stand-alone systems is usually composed of
renewable sources with fossil-fuel generators and battery storage. This study shows a novel
model for the metaheuristic—stochastic optimization (minimization of the net present cost,
and NPC) of sizing and energy management for stand-alone photovoltaic (PV)-wind-diesel
systems with hybrid pumped hydro storage (PHS)-battery storage systems. The model
is implemented in C++ programming language. To optimize operations—thus reducing
PHS losses and increasing battery lifetimes—optimal energy management can optimize
the power limits of using the PHS or battery to supply or store energy. The probabilistic
approach considers the variability of wind speed, irradiation, temperature, load, and diesel
fuel price inflation. The variable efficiencies of the components and losses and advanced
models for battery degradation are considered. This methodology was applied to Graciosa
Island (Portugal), showing that, compared with the current system, the optimal system
(with a much higher renewable power and a hybrid PHS-battery storage) can reduce the
NPC by half, reduce life cycle emissions to 14%, expand renewable penetration to 96%, and
reduce the reserve capacity shortage to zero.

Keywords: photovoltaic; wind turbines; battery; pumped hydro storage; PHS; hybrid
PHS-battery storage; simulation; optimization

1. Introduction

One of the most important concerns for people living with stand-alone electrical sys-
tems (islands or remote regions isolated from the main electrical grid) is energy supply,
especially electricity supply [1]. In stand-alone electrical systems, the electrical supply
has traditionally been achieved through thermal power plants fed by fossil fuels (gas and
diesel) [2]. The electricity supply in these systems usually has a high cost due to the high
acquisition cost of some components and high operational costs due to the consumption of
diesel, which must be transported to the location. There are also environmental concerns
due to emissions from fossil-fuel generators. These systems are particularly vulnerable
to energy supply disruptions. Recently, many islands have considered ambitious renew-
able energy targets, using hybrid renewable minigrids (usually PV, wind, or PV—wind
hybrid renewable generation with battery storage and a diesel generator), achieving system
reliability, cost savings, and emission reduction [3].

Recently, Fotopoulou et al. [4] reviewed energy storage on non-interconnected Euro-
pean islands, where lithium-ion batteries are the dominant technology, although there are
also solutions using PHS and combinations of batteries (Li-ion, lead—acid, nickel chloride,
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etc.), supercapacitors, flywheels, and vehicle-to-grid (V2G). In only one case, Madeira
(Portugal), a hybrid storage comprising PHS and Li-ion batteries was used (as well as V2G).

On islands and, in general, stand-alone systems, the provision of ancillary services
is crucial. Batteries and PHS are suitable technologies for providing ancillary services to
non-interconnected power systems, avoiding grid stability problems [4]. Operating reserve
requirements have a very important role on islands and must include a reserve constraint,
which should be considered in optimizing these systems [5]. Only a few studies regarding
the optimization of these systems have included requirements for operating reserves, for
example, Schierhorn et al. [6] and Groppi et al. [5]. Traditionally, fossil-fuel generators
(typically diesel gensets) run all the time on islands, generating AC voltage and frequency
references. In these systems, the maximum allowable penetration of renewable sources is
limited for stability reasons (requirements for the minimum load of the gensets). However,
for several years, large-scale grid-forming inverters have been used on some islands [7],
providing grid voltage and frequency and supplying operating reserves with batteries,
achieving high renewable penetration.

Li-ion batteries currently have the highest energy density, power density, roundtrip
efficiency, and lifespan [4]. These advantages make Li-ion the most commonly used storage
technology in new projects on islands.

PHS is still the dominant electrical energy storage technology in the world, with more
than 90% of power and energy storage [8]. PHS is the most mature storage technology,
with overall efficiency, long useful life, and rapid response, applicable for voltage stability
and frequency control [9]. Rehman et al. [10] presented a technological review of PHS
in renewable power systems, showing that it could be the most suitable technology for
small islands and mass storage. Javed et al. extensively reviewed solar and wind power
generation systems with PHS [9]. Some islands with high renewable penetration, such as
El Hierro (Spain) [11], the Faroe Islands [12], and Ikaria (Greece) [13], use PHS for storage.
On islands and locations near the sea, PHS can use seawater and the sea itself as lower
reservoirs [14].

Depending on the application, the type, and cost of the battery or PHS, PHS can be
more cost-effective than batteries, or vice versa. Gioutsos et al. [15] evaluated the opti-
mization of electricity supply on different islands, considering battery storage or PHS.
Rodrigues et al. [16] compared PHS and battery storage on Terceira Island (Azores), con-
cluding that using PHS would be more cost-effective. Kotb et al. [17] optimized the hybrid
renewable system to supply a reverse-osmosis desalination plant in Egypt, considering flow
batteries or PHS, obtaining better results with batteries. Batteries were also found to be the
best option in terms of economic benefits and reliability in a case study of Sweden for a PV-
wind-storage system optimized by Shabani et al. [18]. Recently, Serat compared PHS and
lead-acid battery storage in a PV-hydro stand-alone system in Afghanistan [19], obtaining
better economic results using PHS. Katsaprakakis [20] also found better economic results
using PHS than using Li-ion battery storage in the electrical supply of rural monasteries in
Greece. Ali and Jang [21] optimized the renewable supply of a remote island, obtaining
better economic results using PHS than battery storage. Similar conclusions were reached
by Alturki and Awwad [22] in the optimization of a renewable system in Saudi Arabia.

Currently, the only PHS-battery system installed on an island is in Madeira (Portu-
gal) [23,24]. Schreider and Bucher [25] showed that PHS-battery storage systems can be a
good solution for frequency control, using the battery for the primary reserve due to its fast
ramping capability and PHS for the secondary reserve due to its significant autonomy. Sev-
eral authors have considered the use of hybrid PHS-battery storage systems on islands and,
in general, in stand-alone systems. In Greece, Bertsiou and Batlas [26] compared hybrid
PHS-battery storage systems with other types of storage, obtaining the best results with
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hybrid storage. Yadav et al. [27] optimized a PV—wind-PHS-battery microgrid in India by
minimizing the levelized cost of energy (LCOE) and considering the charge/discharge limit
of the PHS and battery at 15% of the pump’s rated power. Javed et al. [28] used different
metaheuristic techniques to optimize the size of a PV—wind-PHS-battery system using 20%
of the pump’s rated power for the charge/discharge limit for the PHS and battery. Guez-
gouz et al. [29] used different metaheuristics to optimize the size of PV—wind-PHS-battery
systems using the same charge/discharge 20% limit for the pump’s rated power. Bhayo
et al. [30] optimized the size of PV-wind-PHS-battery systems through Particle Swarm
Optimization (PSO), using the battery or PHS for the primary power backup (two different
strategies). Ma et al. [31] compared a PV-wind system with PHS, battery, or PHS-battery
storage but their control strategy for the PHS-battery system was not explained.

Research Gaps and Contributions

The previous studies related to hybrid PHS-battery storage have several limitations.
None treat diesel generators as a component of the hybrid system. In all these studies, the
authors consider the fixed pump/turbine efficiency, fixed losses in pipelines and fittings,
fixed elevation heads, and fixed inverter—charger efficiency. Real variable efficiencies and
elevation heads are neglected. Regarding battery aging, only one study related to PHS-
battery hybrid storage [29] used a battery degradation model; however, it was a simple
model of discharge cycles vs. the depth of discharge, neglecting the effects of the current,
state of charge, temperature, etc. The other studies consider a fixed value for the battery
lifetime, which can lead to very inaccurate results in many cases. In addition, no previous
PHS-battery research has considered operating reserve requirements, which are crucial in
stand-alone systems. Furthermore, the operations have not been optimized, and only in a
few cases have the authors considered fixed values for the charge/discharge limit of the
PHS or battery (15 or 20% of the pump’s rated power). Considering all these simplifications,
the optimal systems obtained in previous studies may differ from truly optimal ones.

Regarding the uncertainty of PHS systems, Toufani et al. [32] showed that only a
few studies account for uncertainties (the annual variability of wind speed, irradiation,
load, etc.) in the optimization of PHS systems. None of the previous optimization studies
covering hybrid PHS-battery storage accounted for uncertainties; all of them employed a
purely stochastic approach.

Unlike previous research considering hybrid PHS-battery storage, the present study
considers the variability of wind speed, irradiation, temperature, load, and diesel fuel price
inflation, employing a metaheuristic—stochastic optimization approach. The variable effi-
ciencies of the inverters, pump, and turbine, variable pipeline losses, and variable elevation
heads (for the PHS) have also been considered, and an advanced battery degradation and
lifetime estimation model is used. To optimize operations, the energy management system
optimizes the power limit of the PHS or battery, reducing PHS losses during low power
operation and increasing the battery’s lifetime. Variable-speed reversible pump turbines
and Li-ion batteries (LFP and LTO) are used in this study.

This study is organized as follows: Section 2 shows the modeling approach for the
simulation and system optimization. Section 3 validates the simulation and optimization
model. Section 4 presents the computational results and discussion. Finally, Section 5
presents the conclusions.

2. Modeling Approach

The MHOGA software version 4.0 (megawatt hybrid optimization by genetic algorithms,
https:/ /ihoga.unizar.es/en/), developed by the first author of this study [33], was expanded
to include hybrid PHS-battery storage and the other features shown in this study.
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The electrical load is supplied through renewable sources and storage and/or a diesel
generator; the objective is to minimize the net present cost (NPC) of the system. Maximum
unmet load and maximum reserve capacity shortage are the constraints.

The scheme of the photovoltaic-wind—diesel-PHS-battery system is shown in Figure 1.
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Figure 1. Hybrid system scheme.

The following subsections present the system simulation, the metaheuristic technique,
the stochastic approach, and the economic and life cycle emission calculations.

A simulation of each case (a combination of components and setpoints for the control
management strategy) is performed over a whole year in 15-min time steps. Different
component combinations are considered, as follows: PV generators, wind turbines, diesel
gensets, battery banks, PHS systems (pump, turbine, or pump-turbine reversible units and
higher and lower reservoirs), and control strategy setpoints (shown below).

For each time step, the net load Pyt joq4(t) is defined as the load minus the renewable
power (Equation (1)):

PNet_load(t) = max(O, PL(t) - PPV(t) - PWT(t)) (1)

where P (t), Ppy (t), and Py (t) are, respectively, the load, the power generated by the PV
generator, and the power generated by the wind turbines at time .
The net renewable power is calculated in Equation (2):

PNet_ren(t> = maX(O; PPV(t) +PWT(t) - PLU)) )

During each time step ¢, if there is a net load, it is supplied by the storage (prioritizing
the PHS or battery, depending on the strategy). If the storage is empty—that is, the battery
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is at the minimum state of charge (SOC) and the PHS upper reservoir is at minimum
capacity or they are incapable of supplying the total net load—the remaining net load is
supplied by the diesel gensets (which, depending on the control strategy, can charge the
battery until a SOC setpoint).

During each time step, if there is net renewable power, it is stored in the PHS or battery,
depending on the control strategy.

The setpoints of the control strategy to be optimized are listed below:

o The minimum net load to prioritize the hydro turbine to supply the net load
(PHT_prior%) in a percentage of the hydro turbine’s rated nominal power (Pyr_n):
During each time step with the net load, if Pnet_joad(t) > PHT_priors/100-Pur N, we
prioritize the PHS to supply the net load—otherwise, we prioritize the battery. As the
hydro turbine efficiency is very low at a low load, optimizing this setpoint will make
the turbine run at high efficiency;

e  The minimum net renewable power to prioritize the pump to store the net renewable
power (Pp_pn'or%) in a percentage of the pump’s rated nominal power (Pp_y): During
each time step with the net renewable power, if Pyt ren () > Pp_priors/100-Pp_n, we
prioritize the PHS to store energy—otherwise, we prioritize the battery. As the pump
efficiency is very low at a low load, optimizing this setpoint will make the pump run
at high efficiency;

e Maximum SOC (% of maximum battery capacity) allowed for the battery bank
(SOC)pax9): Li-ion battery degradation increases at a high SOC; by optimizing this
setpoint at a value lower than 100%, the degradation will be reduced, and therefore,
the lifetime will be extended (but the real capacity to supply the load will be reduced);

e SOC setpoint to charge the battery when the diesel generators are running
(SOCstp_dieser%): when the diesel gensets must supply the net load, they will sup-
ply the load and charge the battery, working at maximum power (maximum efficiency)
until the battery bank setpoint is reached.

2.1. System Simulation

This section estimates renewable power for each time step and demonstrates the
performance of the different components.

2.1.1. PV Generator Simulation

The irradiation input data are the global hourly irradiation over the PV’s tilted surface,
G(h) (W/m?), for a year. The irradiance in 15-min time steps, G(t) (W/m?), is obtained
using a first-order autoregressive function.

The AC PV generator output (W) during time ¢ is calculated in Equation (3).

Ppy (t) = min(1y,, pyPev_N_DcG(t)/ Greffrv._ioss [1 + 0‘/100<Tc(t) - Tc_ref)}/ Pruo_pv_N) (©)

where 17, py, Ppv_N_DC/ fPV_10ssr % Grefs Te_ref, Te(t), and Pryy_py_n are, respectively, the
PV inverter efficiency (which depends on the output inverter power), the rated DC peak
power of the PV generator, the efficiency factor (dirt, LV/MYV transformer efficiency, wire
losses, etc.), the power temperature coefficient (%/°C), the irradiance and cell temperature
of standard test conditions (1000 W/m? and 25 °C), the cell temperature (°C) during time ¢,
and the output-rated power of the PV inverter (W).

The cell temperature can be estimated with Equation (4):

NOCT - 20
+ -

Tc(t) = Ta(t) 300

G(t) 4)
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where T,(t) (°C) is the ambient temperature; and NOCT (°C) is the nominal operation
cell temperature.

2.1.2. Wind Turbine Simulation

Hourly wind speed data at the wind turbine hub height for an entire year are used
as the input. The wind speed for each 15-min time step was obtained similarly to the
irradiation data (first-order autoregressive model). The wind turbine output power curve
is measured under standard conditions (air density, p ;. , = 1.225 kg/ m3). Air density
depends on temperature and air pressure; for each time step, if the air density, p;,(t)
(kg/m3), is different from the standard, the wind turbine output curve is converted by
multiplying by the ratio p,;.(t) /0, o-

The wind turbines with pitch control maintain their nominal power (Pt N) without
any changes, as shown in Figure 2. The wind turbine output power, Py (ws,t) (W), at
time t for each wind speed, ws(t)—lower than the rated wind speed (ws, 44, Figure 2:
16 m/s)—is outlined below:

PWT(wSr t) = PWTCMW (ws)Pgir(t)/pgiri()fWT_loss Vws < WSrated (5)

where Py, (ws) represents the wind turbine output power curve under standard con-
ditions; and fiyT joss is the efficiency owing to losses in LV/HV transformers, wires,
switches, etc.

Wind T. Output

Power (kW)

===107kg/m?  e=-Std. Conditions (1.225 kg/m?®
1000 g/ ( g/m’)

900 -
800 -
700 -
600 -
500 -
400 -
300 -
200 A
100 -

0 T T T T T T T T T T T T T T T T 1

1 3 4 5 7 9 1011 12 13 14 15 17 19 20 21 23 25
Wind speed (m/s)

Figure 2. A 900 kW wind turbine output curve with pitch control. Output curve conversion by
multiplying by the ratio p,;,(t) /0, o-

The wake effect model [34] is used to calculate the total output power of the wind park.

2.1.3. Battery Simulation and Aging Model

Li-ion batteries include several advantages such as high energy and power density,
a high cycle life, availability to supply high power (several times their energy capacity),
a high response speed, and no maintenance needs, among others, making them ideal for
islands. Among the different Li-ion technologies [35], in this study, we consider the lithium
titanate (LTO) and the lithium iron phosphate (LFP) types. LFP batteries are typical in
stand-alone systems due to their good cycle life, low cost (compared with LTO), and low
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fire risk [36]. On the other hand, LTO batteries have the advantages of ultrafast discharge

and charge rates and much higher life cycles (as much as 5 times higher than LFP batteries).
The battery’s charge and discharge power are limited by their maximum allowed

values, Pg_ .y, yax and Pg_gisch_max (considering its maximum C-rates), and by the SOC.

. S50C — SOC(t
prCh(t) = min (PBch(t)’ PB_ch_max’ e At ( )> (6)
ﬂchh
. SOC(t) — SOC,,;
PB_disch(t) = min (PB_disch(t)/ PB,disch?max’ ( )Ai‘ o Bdisch) (7)

where SOC(t) (Wh) is the state of charge at the beginning of time t; SOC;5x and SOC,,;,,
(Wh) are the maximum and minimum allowed SOC values; 175 ., and 75 4., are the charge
and discharge efficiencies; and At (h) is the duration of the time step (ir{ this study, 0.25 h).
SOCax is the nominal capacity of the battery (Cp) multiplied by the control variable
SOC y14x%/100.

The inverter—charger (battery inverter) efficiency is taken into account. In the charge
process, the charge power from the AC bus (from the renewable sources or from the diesel
genset) is higher than Py () in the ratio 1/# ;- . In the discharge process, the discharge
power injected into the AC bus (to supply net ioad) is lower than Pg_gjsc,(t) in the ratio
N1c ino» Where ;- 4 and 17, ;. are the inverter—charger variable efficiencies in the charger
mode and in the inverter mode, respectively.

The SOC at the beginning of the next time step (f + 1) is calculated using Equation (8) if
a charge or discharge is applied (if there is no charge or discharge current, a self-discharge
rate is applied).

SOC(t+1) = SOC(t) + Pg_y(t)Atyg y — Po aien(t) 5, 8)
- WB_disch

LFP cycle aging [37] and calendar aging [38] models designed by Naumann et al. are

used in this study. Capacity fading is a combination of cycle and calendar aging. Cycle

aging is the percentage of capacity loss due to cycling (Qjpss_cyc (%), Equation (9)), which

depends on the full equivalent cycles (FECs) performed, the depth of discharge (DOD), and

the charge/discharge rate. Calendar aging can be estimated as the percentage of capacity

loss due to the calendar (Qjoss car (%), Equation (10)), depending on temperature, the SOC,
and time.

10

Qloss_cyc = Z (acyccmte + bcyc) ((DODl — 0.6)3C5yc + dcyc) FEC? 9)
i=1

—E 1 1
Qloss_cal = krefexp < Ra ( - )) ((Socuver - 0-5)3Ccal + dcal) V 60tbat (10)

Taver Tre f

where FEC; is the number of full equivalent cycles counted in i = 10 different intervals of the
depth of discharge DODj; C,4. is the average discharge C-rate of each interval; t;,; (min)
is the time that has passed with an average charge level, SOCy, (per unit), and average
temperature, Tyyer (K); Eq is the activation energy (17,126 ]mol’l); R =8.314 Jmol 'K 1is
the universal gas constant; T;, £ is the reference temperature (298.15 K); and k,, £, 4, b,c,d,
and z are constant parameters [37,38] that can be modified to fit the aging performance of
another manufacturer’s battery.

Regarding LTO degradation, the data for some constant parameters are modified to fit
the capacity loss results obtained by Stroe et al. [39]: ccyc = 2.4 and d¢yc = 1.
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A maximum operating life of 20 years is considered for both the LFP and LTO batteries,
as usual for stationary batteries [38].

2.1.4. PHS Simulation

Variable-speed pumps are used in this study (reversible pump—turbine or a pump
unit different from the turbine unit). Mousavi et al. [40] calculated the flow rate of the
pump, Qp(t) (m3/s), depending on the input power Pp(t), the pump efficiency 77, (t), and
the pump head Hp(t) (m). The flow rate cannot be higher than the nominal (Qp ). In
addition, at the end of the time step (Atg =15 - 60 = 900 s), the water stored in the lower
reservoir, Vig(t) (m?), cannot be lower than its allowed minimum, V;, R_min (m?), and the
upper reservoir water volume, Vi (t) (m?), cannot be higher than its allowed maximum,

VUR_max (m?))

Q) = min<PP(t)’7p(f) O v, VLR(t) = VLR min  Vur_max — Vur(t) )

pgHp(t) "~ Atg ’ Atg

(11)

where p is the water density (Kg/ m?); g is the gravity acceleration (m/ s?); and Hp(t) (m) is
the total pump head (static head Hpg(t) plus head loss Hp(t)).

Hp(t) = Hps(t) + Hpi(t) (12)
The static head is calculated in the following equation (see Figure 1):
Hps(t) = Hgifr + Hur(t) + HLr(t) (13)

where Hyr(t) and Higr(f) are calculated at each time step ¢, knowing the upper and
lower volume (Vg (t) and Vg (#)), their maximum capacities (ViR max and ViR max), and
reservoir depths (Hr max and HrR max) and assuming they are parallelepiped shaped.

The head loss, Hp(t), is due to water friction in the pipelines and fittings. Thus, the
Darcy—Weisbach equation [40] is used (Equation (14)).

2
Hpy(t) = KU;;) (14)
_ Qp(t)
olt) = 0.257Dp> (5
K= Kpipe + Kfittings (16)
L
Kpipe = fD71; (17)

Under turbulent flow (common in PHS systems), the Haaland approximation for the
Colebrook equation is used as follows:

111\ 12
f= [—1.8log<1£'(90+ (8251’) )1 (18)

where K, Kpipe, K Fittingss v(t), Dp, Lp, ¢, and Re(t) are, respectively, the total resistance

coefficient, pipe resistance coefficient, fittings resistance coefficient, water speed (m/s), pipe
diameter and length (m), absolute roughness (m), and Reynolds number (which depends
on the pipe diameter, water speed, and dynamic viscosity and is > 2300 for turbulent flow).
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The hydro turbine output power, Py (t) (W), which the turbine must supply depends
on the control strategy, the renewable power, and the load. It is limited by Pyr n (W), the
nominal flow rate Qur N (m3/s), and the water reservoir volume.

. . Vi —Vir(t) Vyr(t) =V, ;
Pyr(t) = min (PHT(t)/PHTN/ mm(QHTN/ LR‘muxAtS LR( >, ur( )Ats UR_mm)PgHHT(t)WHT(t)) (19)

Mousavi et al. [40] calculated the flow rate of the turbine, Qyr(¥) (m3/s), depending on
the output power and water reservoir volume:

Pyr(t)
pgHuT (£ 57 (1)

, QHT N, Als , Als

Qur(t) = min( Vir_max — Vir(t) Vur(t) = VUr_min > (20)
where 771 (t) is the turbine efficiency (which depends on the water flow); and Hyr(f)
(m) is the turbine head (static head in turbine mode, Hrs(t) minus the head loss, Hyr(t),
Equation (21)).

Hyr(t) = Hrs(t) — Hyri(t) (21)

The static turbine head is calculated in Equation (22) (see Figure 1).
Hrs(t) = Hyifr + Hur(t) (22)

In the case of considering a single-pump-turbine reversible unit, the height Hy r (f)
would have to be added to that height (obtaining Equation (13)).

The head loss is calculated using the same equations as those for the loss in pump
mode using Qyr(t), turbine pipe data (diameter Dy7 and length L), and the fittings.

2.1.5. Diesel Genset Simulation

Several diesel gensets can be present in a system, running the number needed to meet
the net load in parallel (when the control strategy determines that the diesel genset must
supply power). The diesel genset output power of each unit, Pp(t) (kW), depends on the
output power of the renewable sources, the load, the control strategy, and the number of
diesel gensets that are running. The diesel fuel consumption (L/h) of each unit during time
step t is considered as follows.

If the unit was running during the previous time step (Equation (23)),

Consgye (t) = A-Pp N+ B-Pp(t) (23)
If the unit was not running during the previous time step (Equation (24)),
Consfuel(t) = [A-Pp N+ B-Pp(t)](1 + Fstart) (24)

where A = 0.246 L/kWh and B = 0.08415 L/kWh are the fuel curve coefficients [41,42];
Pp n (kW) is the diesel genset rated power; and Fs4¢ is a factor considering the extra fuel
due to the start. To avoid excessive starts and stops, a minimum running time (1 h in this
study) is applied to each diesel genset unit.

2.2. Metaheuristic-Stochastic Optimization

Due to the nonlinear characteristics of some components (the PV inverter and inverter—
charger efficiencies, wind turbine output curve, pump-turbine efficiency, pipeline losses,
etc.), optimization cannot be performed with classical methods or MILP. Thus, the genetic
algorithm (GA) metaheuristic technique was used for the optimization. The uncertainties
will be considered using a stochastic approach (Monte Carlo simulation, MCS).
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GAs have been widely used in the optimization of hybrid renewable systems. In
the review by Akbas et al. [43], GAs were identified as the most common metaheuristic
technique for optimizing such systems, while the second most popular technique was
Particle Swarm Optimization (PSO).

2.2.1. Metaheuristic Optimization Using GAs

Two GAs were considered in the optimization: a main algorithm to determine an
optimal configuration of the components, and a secondary algorithm to obtain optimal
control (Figure 3). Furthermore, the simulation of each combination of components and
control strategies considered by the GA is repeated MCSg;pjes times (the MCS approach),
using probability density function (PDF) curves for the data and obtaining PDFs for the
results (Figure 3).

Main GA (optimize components)

Secondary GA (optimize control)

i=1

Random generation of 1st
generation of Nman vectors
(combinations of components)
of the main algorithm.

n
>

Random generation of Ist |
gen. of Nsec vectors (comb. [

v of control var.). NGen sec= 1 Data for MCS:
For each vector of the main ¥ [

GA, run secondary GA to SlanGiolHe
obtain best combination of f £ thi b
’ control variables. 5| Periormance ol this como. 1rqgch
of compoments with each |, -
vector of the control - Simulate.
variables. - IF\(ﬂeC%eat
For each of the Nmav vectors, [« Monte Carlo Simulation e e
the best control strategy is (MCS) | orstoprule

obtained, NPCmean and other v
r(isults.tStorftl.thﬁ Vf‘;‘vt?)rg fro(ljn Selection, crossing, and PDF 25
OWESLIO AISES an mutation of the sec. alg. Temp MCS RESULTS:
calculate fitness A

vectors. NGen_sec= NGen_sec+1

v ¥ ﬂ ﬂ NPC_

Selection, crossing, and _
mutation of the main GA
vectors.

NGEN MAIN= NGEN MAINT1

Last gen. sec. GA? And other results:
uL

NGEN_SECc= NGEN _SEC MAx?
mean

Rcsh%mean.... /
4 VES

Best combination of control
variables is the one with
lOWCSt ]VPCmean. =i+l

ast gen. of main GA?”
NGEN MAIN= NGEN_MAIN MAX?.

YES

i < NMAIN?

The optimal combination of
components with optimal control
strategy is the one with lowest value
0f NPCrmean (rank 1 of last generation)

Figure 3. Metaheuristic—stochastic optimization: two GAs (main and secondary), including MCS.

Up to ten variables can be optimized with the main GA (Equation (25)):

|PVtype/ Npy, WTtype/ Nwr, Dtype/ Np, Btype/ N, PHStype/ PHSdur| (25)
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where PViype, WTtype, Dtype, Btype, and PHSyyy, are, respectively, the different types (tech-
nologies and/or sizes) of PV, wind turbines, diesel generators, batteries, and pump-turbine
reversible units (or different pump and turbine machines) considered. Npy, Nwr, Np,
and Np are their numbers in parallel. PHS,, (h) is the duration of the upper reservoir
at the turbine’s rated flow. In this study, we consider the inverter—charger to be fixed
(non-optimizable).

The secondary GA optimizes the control strategy (for each combination of the main
GA), which can be composed of up to four setpoint variables (explained in Section 2), as
per Equation (26).

PHTﬁprior%/ PPﬁprior%r SOCax%, Socstp_diesel% (26)

The key mechanisms of GA are natural selection, recombination (crossover), and mu-
tation (change in the genes) [28]. The first mechanism involves selecting parents randomly
to create a new child for the next generation using the roulette wheel method [28] outlined
in this study. The crossover operator recombines the selected parents, and new children
are created, from which the next generation is selected. Mutation is used to enhance the
exploration by randomly selecting a variable (gene) of a child to mutate.

The objective of the optimization is to find a combination of components and a control
strategy that minimizes the NPCean (the mean of the probability distribution curve of
the NPC results of the different simulations obtained with the MCS: each combination is
simulated MCSg;pjes times). The NPC result of each combination is a PDF, from which the
mean value (NPCean) is considered by the objective function of the GA (Equation (27)).

min(NPCmean) (27)

The following constraints must be met:

e  The mean of the unmet load, ULyean (%) (mean value of the PDF of the UL results of
each combination), must be lower than the maximum unmet load allowed (U Lyax):

ULmean < ULmaX (28)

e  The total reserve capacity shortage, RCgh9,mean (% of total load) (mean value of the
PDF of the RCy,9, results), must be lower than the maximum allowed, RCgp_maxe(%):

RCsh%mean < RCsh_max% (29)
The RCgypo, of each MCS is obtained as follows (Equation (30)):

)y Rcsh(t)

_t
RCote = AGID

-100 (30)

where RCq, (t) (Equation (31)) is the reserve capacity shortage of each time step. This is
calculated as the operating reserve required by the load plus the PV generation plus the
wind turbine generation minus the real reserve supplied by the battery, the number of
diesel generators running in that time step, and the hydro turbine if it is supplying power
in that time step.
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RCqy(t) = max (0, Pr(£)RRy 4 Ppy (t)RRpp + Py (t)RRyyr
, (SOC(t) — SOCoin)ip 4
- <mln(PB_disch_maxr Al‘RESmm B_disch )
+ ¥ (Pon—Pp(t)) (31)

ND_mn(t)
. . V ax — Vir(t
+anin (Prr v — Par(t)),minQur o, 822 K oty 1))

where RR;, RRpy, and RRy are the operating reserve requirements for load, PV, and
wind power; Np ,,,(t) is the number of diesel generators running during this time step
t; and Afgrs (h) is the time the battery and PHS require to supply the reserve capacity. If
RCgy(t) > 0 during this time step, the hydro turbine runs at its minimum power to increase
reserve capacity; if this is not enough, the necessary diesel units will start to reduce reserve
capacity shortage to zero.

Different authors have considered different reserve requirements. Schierhorn et al. [6]
considered an operating reserve requirement of 10% of the load (RRp= 0.1) plus 80% solar
output (RRpy = 0.8), while Groppi et al. [5] considered a requirement operating reserve of
10% for load and 20% for the PV and wind power (RRy = 0.1; RRpy = RRyt =0.2).

2.2.2. Stochastic Approach

The secondary GA optimizes the control variables and includes the MCS. Usually, the
annual irradiation, annual average wind speed, annual average temperature, and annual
load vary from year to year such that their probability density functions (PDFs) approxi-
mately follow normal or Gaussian curve distributions. The MCS repeats the simulation of
each component and control strategy combination a specific number of times (MCSsgpies),
using random values for the inputs each time (load, irradiation, temperature, wind speed,
and diesel fuel price inflation). These follow a Gaussian curve distribution (which consid-
ers their correlations). The results for the MCS;p1es (NPC, LCOE, unmet load, reserve
capacity shortage, energy supplied by the different components, etc.) are represented in
PDF distributions.

The MCS procedure applied is explained below.

The data for the MCS (Figure 3) are the Gaussian probability density functions (PDFs)
of the annual load, irradiation, temperature, and wind speed, which are usually correlated
variables. Their variance—covariance matrix is known. In addition, the Gaussian PDF of the
annual diesel fuel price interest rate are data for the MCS.

For each sample (MCSggyp1es) 0f each component and control strategy combination, a
random vector of correlated Gaussian random variables, Z (composed of load, L; irradiation,
G; temperature, T; and wind speed, W), is obtained.

;Z~N (L) (32)
W

where y is the mean values vector of the PDF Gaussian distributions of the annual load,
irradiation, temperature, and wind speed; and X is the variance—covariance matrix (sym-
metrical) [44,45].

Linean var(L) cov(L,G) cov(L,T) cov(L, W)
Ginean cov(G, L) var(G) cov(G,T) cov(G,W)
Trean cov(T,L) cov(T,G) var(T) cov(T, W)

Wiean cov(W,L) cov(W,G) cov(W,T) wvar(W)

(33)
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The procedure shown below ([46]) is repeated MCSgg:p1es times or until the stopping
rule of the MCS is reached:

(i) A vector, X (the same size as Z), is generated, which is distributed with a standard
normal distribution considering that I is an appropriately sized identity matrix:

X~ N (0, 1) (34)

(if) The vector of the correlated Gaussian random variables is obtained using the following
expression:
Z=CX+pu (35)

where C is the Cholesky factor (lower triangular matrix) of the variance—covariance
matrix (CC' = X). In addition, a random value of the diesel fuel price inflation is
obtained from its Gaussian PDF;

(iii) A new annual time series of load, irradiation, temperature, and wind speed is obtained
from the original time series, applying a random variation to the value of each time
series (Ryar (%)) so that the average values of the new series are the values of vector
Z, thatis, L, G, T, and W, respectively (obtained in step (ii));

(iv) The performance of the system over a year is simulated using the time series obtained
in step (iii). NPC and other results are calculated considering the random diesel price
inflation obtained in step (ii).

The procedure (i-iv) is repeated for the sample size of the MCS (MCS;;pies) times
or until the stopping rule of the MCS is reached. All the results are obtained as PDF
distribution curves. As noted, the PDF mean of the NPC is the value NPCean, Wwhich uses
the GAs (secondary and main) to evaluate the fitness of the component and control strategy
combination. The stopping rule [45] makes the MCS stop when the relative standard error
of the NPC reaches a specified value, RSE% (Equation (36)).

NPCgp
vn
————-100 < RSE% 36
Npcmean ( )
where NPCgp, is the standard deviation of the PDF of the NPC results obtained up to the
moment; and 7 is the number of samples evaluated.

2.3. Economics

For each component and control strategy combination, the NPC (EUR) is calculated for
each MCS sample. This includes the capital expenditures (CAPEX;), the annual operational
expenditures (OPEX;), and the net present cost of the replacements (N PCyep_j) during the
lifetime of the system for all components, j. It also includes the annual operation and
maintenance costs of the diesel (including fuel costs), OPEXp.

(1—|—Inf)y (1+Inffuel)y

Y Y
NPC = APEX;+NPC_ . PEX;~———7- PEXp~——gr 2 7
C )]: C i+ Cmp]+y;(o ATy >+y);1 OPEXp TEIL (37)

where Y is the system lifetime (years); I is the annual nominal discount rate; Inf is the
annual general inflation rate; and Inf Fuel is the diesel fuel inflation rate, which is one of the
PDF input variables.

The levelized cost of energy, LCOE (EUR/kWHh), is the cost per kWh of load.

LCOE = M (38)
Ejoad



Batteries 2025, 11, 70

14 of 32

LCE = Ppy_n_pc-Npv-Empy skw + Pwr_n-Nw-Emwr/kw + Cg-Np-Empjkwn + ET_year-Y - EMprs /kwn
+Consp_yearY-Empyp,

where Ej,,; (kWh/yr) is the total annual load consumption. CRF is the capital recovery
factor (Equation (39)).

1 N
CRF = % (39)
(14+r" -1
where 7 is the annual real discount rate.
I—1Inf
A f 40

2.4. Life Cycle Emissions

Life cycle emissions, LCE (equivalent kg of CO, emissions during the system lifetime,
kg COs-eq), can be calculated by adding the equivalent CO, emissions of component
manufacturing, transport, installation, and recycling, and the emissions due to diesel fuel
consumption over the system’s lifetime.

(41)

where Empy /g and Emyr /e (kg CO2-eq/kW) are the life cycle emissions per kW of rated
power of the PV generator and the wind turbine, respectively; Emgp /gy, (kg CO2-eq/kWh)
is the life cycle emissions per kWh of battery capacity (Cg); Empys/rwn (kg COz-eq/kWh)
is the life cycle emissions per kWh of energy supplied by the PHS turbine; Emp (kg
CO»-eq/L) is the emissions per liter consumed by the diesel generator; Et_ye.r (kWh/yr) is
the energy supplied by the PHS turbine over one year; and Consp_yeqr (L/yr) is the diesel
fuel consumption of all the diesel gensets over one year.

2.5. Statistical Analysis of Optimization Techniques

Four statistical parameters are defined to evaluate the performance and stability of the
optimization techniques [28]: standard deviation (SD,pt), mean absolute error (MAE,t),
relative error (RLE,p;), root mean square error (RMSE,;), and mean efficiency (17 opt)' The
optimization technique is executed a specific number of times (R) and the objective function
values (NPCean) from the different runs are used to calculate the statistical parameters.

R
SDopt = \l ﬁ ;(xr —x)? (42)

where x; = NPCpean is the objective function value at the rth run; and x is the mean of the
R runs.

R
Zl (xr - xmin)
r=
MAEqp: = R (43)
where x,,;;, is the minimum of the objective function value obtained in R runs.
R
)y (xr - xmin)
RLEgy = = ———— (44)
Ximin

1
RMSEopt = J R Z(xr - xmz‘n)2 (45)
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M=

r l(100";%*1)
Uopt = R

(46)

All statistical results are expressed in the same unit as the objective function, except for
RLE,pt (dimensionless) and 5 opt (%).

3. Validation of the Model

To validate the simulation and optimization model presented in Section 2, the optimiza-
tion results obtained by Javed et al. [28]—who used different metaheuristic techniques—
were compared with those obtained in our study. Javed et al. [28] performed the deter-
ministic optimization of a PV-wind renewable system with hybrid PHS-battery storage to
supply the load (256 kWh/day average, and peak 31 kW) of a small island near Shanghai.
However, this study has several limitations: it is deterministic, assumes a fixed battery
lifetime, and uses fixed efficiencies and losses. As shown in the introduction, there is no
previous research similar to ours, as all prior studies share the same limitations as those of
Javed et al.

In our study, hourly load data were estimated from the data provided by Javed et al. [28];
some data were missing in that reference, such as the wind turbine power curve (assumed
to be a commercial 5 kW unit), hub height (assumed as 10 m), inverter—charger efficiency
(assumed fixed values of 77, ., = 111¢ iy = 95%), PV inverter power (assumed to be the same
as PV-rated power), efﬁcien(_:y (assumed fixed value Nino py = 95%), and other data related
to losses (assumed as fpy joss = 0.95, NOCT =43 °C, and o= —04%/ °C). Hourly irradiation
(14° slope, south-oriented), ambient temperature, and wind speed at hub height data were
downloaded from the Renewables Ninja [47] database, while Javed et al. [28] used in situ
measured data. Deterministic optimization (without MCS) was performed, with 0% unmet
load allowed. The following components were considered in our research: PV of 1 kW, from
0 to 200 in parallel; wind turbines of 5 kW, from 0 to 20 in parallel; a 5 kWh battery, from
0 to 200; PHS of 31 kW, with the reservoir duration in steps of 1 h, from 1 to 32 h (while
Javed et al. considered 1000 steps); and an inverter—charger of 31 kW. Control variables were
not considered for the optimization; Javed et al. [28] used a fixed value of 20% for Pyt _prior%
and for Pp_prior%, SOCinax9 = 100% and SOCstp_giese9, was not considered as there was no
diesel genset.

The number of possible combinations of component types and quantities in parallel is
1x201 x1x21 x1x201 x 32=27.15million. The computation speed of the computer
is 40 simulations (1-h time steps over a whole year) per second; therefore, evaluating all
the components took 4 days and 3 h to obtain the global optimum. Using the GA with the
same parameters as Javed et al. [28] (NGEN_ MAIN MaX = 100; Nyan = 100; crossover rate
90%; and mutation rate 1%), the optimization took less than 4 min. The optimization was
repeated R = 30 times.

The results are compared in Table 1. The first four rows show the range of the
components’ sizes for the optimal results found from the 30 executions. Javed et al. [28]
calculate LCOE (they call it cost of energy, COE) as shown in Equation (38), which is shown
in the fifth row of Table 1. The last six rows present the statistical parameters for the
metaheuristic techniques (note that the GA of Javed et al. was not as effective because, in
our case, the variable of the PHS reservoir duration considers 32 possible values, while
they considered 1000 steps) and the average execution time (note that the GA used by
Javed et al. was significantly slower, by a factor of 100, because they implemented it
in Matlab (https://www.mathworks.com/products/matlab.html), whereas our research
utilizes C++).
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Table 1. Results compared with those of Javed et al. [28].

Variable Javed et al. [28], GA This Study
PV (kW) 90-93 103-119
Number of WTs (5 kW) 14-15 10-11
Upper reservoir duration (h) 8.9-9 6-8
Battery (kWh) 56-58 61-79
LCOE (USD/kWh) 0.244-0.2599 0.2799-0.3067
SDopt (USD/kWh) 0.0033 0.0071
RLEpp; 0.8779 0.471
MAE,p: (USD/kWh) 0.0071 0.0042
RMSE,pt (USD/kWh) 0.0112 0.0082
Nopt (%) 93.93 95.33
Average execution time (in minutes) 420 3.9

The evolution of the COE over the generations of the GA is shown in Figure 4
(thirty curves, one for each execution of the optimization). In total, 22 out of the 30 runs
obtained the global optimum.

LCOE (USD/kWh)

0.57 -
0.52 -
0.47 -
{
0.42 44
0.37 -T\
0
0.32 FINir
T
0-27 T T T T T T T T T 1
0O 10 20 30 40 50 60 70 80 90

Generation

Figure 4. Evolution of the COE, with each color representing one of the thirty runs.

Considering the assumptions made due to the missing data in the original study, the
model presented in Section 2 is validated. In addition, it was found that the calculation
speed is more than 100 times faster than that of previous research. This higher speed allows
the stochastic optimization to be performed in a similar amount of time as other studies
using deterministic optimization.

4. Results and Discussion

The simulation and optimization model presented in Section 2 were used to optimize
the generation system of Graciosa Island (Azores, Portugal). This island was selected
because its current generation system (a PV-wind-diesel-battery system) has been detailed
in several publications [48-50] allowing for a comparison of the real performance of the
current system with the results obtained in this study. Additionally, there are elevation
differences on the island that make it suitable for including PHS in the generation system.
Graciosa Island has an area of 60.65 km?, a length of 10 km, and a width of 7 km. The
population is 4091.
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First, the performance of the island’s current generation system is simulated and
compared with real data. Then, the optimization of the hybrid system (including hybrid
PHS-battery storage) is carried out, first deterministically and later stochastically.

4.1. Simulation of the Current Generation System of Graciosa Island

The performance of the current energy system of Graciosa Island was simulated using
a deterministic approach, and the results were compared with the real data provided by
the island operator, Greensmith Energy Management System (GEMS) [48].

Graciosa Island’s hybrid system comprises the following [48-50]:

e A4.6MW diesel power plant (3 x 600,1 x 810, 2 x 1000 kW) with a minimum of 30%
load for each unit;

e A45MW wind farm (5 x 900 kW WTs, 55 m hub height);

e A1MWpc PV power plant (4000 modules x 250 Wp);

e A32MWh/6 MW LTO battery energy storage system (40 racks of 19 modules with

60 cells each) with a SOC minimum of 30%;

o A7425MW inverter—charger (3 x 2.475 MW). Grid-forming inverters with black start

capability are used [7].

Hourly irradiation (30° slope, south-oriented) and ambient temperature data are
downloaded from the PVGIS [51] database (which provides accurate data for Europe). The
wind speed at hub height is downloaded from the Renewables Ninja [47] database. The
downloaded data are for 2019. The load time series in 15-min time steps over the year is
estimated from [48-50]. Figure 5 shows the data.
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Figure 5. Load, irradiation, wind speed, and temperature over 2019 on Graciosa Island in 15-min steps.

As inverters are grid-forming types (creating the voltage and frequency grid reference),
diesel generators must not run all the time; they only supply the net load when it is not
supplied by renewables or the battery (load-following strategy).

Table 2 shows the characteristics of the components used in the simulation of Graciosa
Island’s current system and the optimizations in the next sections. The system lifetime
is Y = 25 years, the same as the expected lifetimes of the PV and wind turbines. Project
management costs plus permits, fees, and indirect costs are expected to be 10% of the
system’s total CAPEX.
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Table 2. Component characteristics.

Variable Value
Diesel generator CAPEX 84 EUR/KW [52]
Diesel generator OPEX (except fuel) 0.02 EUR/h/kW [42]
Diesel generator lifetime 25,000 h [52]
Diesel fuel cost 1.2074 EUR/L [48]
Diesel fuel cost annual inflation, Inf Fuel 3.5% [53]

Diesel fuel emissions, Enp /1,
PV generator, inc. inverter CAPEX
PV generator annual OPEX
NOCT
f PV _loss
«

PV inverter DC/AC ratio
PV emissions, Empy /kw
Inverter efficiency curve
Wind turbine CAPEX
Wind turbine power curve
Wind turbine annual OPEX
Wind turbine emissions, Enmyyr /iy
LTO battery CAPEX
LFP battery CAPEX
Battery cost escalation (for replacements)
Battery annual OPEX
LEP battery emissions, Emg /iy,
Inverter-charger CAPEX
Inverter—charger efficiency curve
Inverter—charger lifetime
Annual discount rate, I
Annual general inflation rate, Inf
Load required reserve, RRy,

PV required reserve, RRpy
Wind required reserve, RRy

3.85 kg COy-eq/L [54]
0.855 EUR/Wac [55]
0.5% of CAPEX [56]

43 °C [57]
95% [57]
—0.41%/°C [57]
1.25 [57]
1295 kg CO,-eq/kW [54]
Variable [58]
1.3 EUR/W [59]
Figure 2
2% of CAPEX [59]
745.5 kg CO,-eq/kW [60]
600 EUR/kWh (market study)
200 EUR/kWh (market study)
—4%/yr (limit —60%) [57]
1% of CAPEX [61]
76.4 kg COz-eq/kWh [62]
160 EUR/KW [63]
Variable [58]
15 years
7%
2%
10% [5]
10% [5]
20% [5]

Simulation results for the current system are shown in Table 3 compared with the
GEMS data [48]. Differences in diesel and battery energies could be due to the load time
series in 15-min time steps in our study, which have been estimated. Considering the
costs shown in Table 1, the NPC of the present system is EUR 65.74 M, with an LCOE of
0.316 EUR/kWh and 236.7 kt of CO;-eq life cycle emissions.

Table 3. Simulation of Graciosa Island’s current energy system.

Results GEMS This Study

Load consumption (including losses) (GWh/yr) 14.61 14.63
Diesel supply to load (GWh/yr) 5.70 6.61

PV supply to load (GWh/yr) 0.98 0.99 *

Wind supply to load (GWh/yr) 7.38 7.51%
Energy stored in battery (GWh/yr) 0.74 0.45
Energy discharged by battery (GWh/yr) 0.58 0.41
Renewable fraction (%) 60.1 54.8
Capacity shortage (%) * 1.93

NPC (MEUR) o 65.74

LCOE (EUR/kWh) * 0.316

LCE (kt of COy-eq) * 236.7

* In this study, there is a single AC node where generation, load, and storage are connected. A total annual
PV+wind curtailment value of 4.01 GWh/yr was obtained, which was proportionally distributed between the PV
and wind generation. ** Data not provided by GEMS ([48]).
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4.2. PHS

PHS was considered in the optimization. Near the town of Fontes, there is an elevation
where an upper reservoir (359 m above sea level) could be constructed, while a lower
reservoir could be near the sea (a location at 77 m above sea level was selected in Figure 6).
Therefore, a head difference of more than 280 m could be achieved but 250 m was considered
in this study as a conservative value. The distance between the reservoirs is 1600 m.

Upper reservoir
o}
N/

Figure 6. Possible location of PHS upper and lower reservoirs. Google Earth (2024), Graciosa
Island: 39°04'01” N, 27°59’40"” W. Three-dimensional view [Online]. Available at the following:
https:/ /earth.google.com/web/data=QgIIAEolCOLGx4sGEAA (accessed on 26 November 2024).

Table 4 shows the PHS data used in the optimization (pump and turbine efficiency in
Figure 7). In this case, a reversible pump-turbine machine was considered with the same
lifetime as the system. Six possible pump turbine machines were considered (rated power
1 to 6 MW, with a rated flow of 0.5 to 3 m3/s), with an upper reservoir duration between 2 h
and 20 h. The maximum water reservoir considered is 20 h-3 m3/s-3600 s/h = 216,000 m?
(considering Hy R jqx =5 m, a square area with 207 m sides would be needed for the reservoir).
Carbon steel pipelines are considered in this study (with an absolute roughness of 0.05 mm).
To limit pipeline noise and minimize damaging wear and tear on pipes and fittings, the water
speed is commonly restricted to a maximum of 2.5 m/s. In this study, the pipeline diameter
is calculated based on the rated pump-turbine flow and the 2.5 m/s limit, with a minimum
diameter of 600 mm and a maximum diameter of 1500 mm.

Table 4. Components’ characteristics.

Variable

Value

Nominal power, Pp y = PyT N
Nominal flow, Qp Ny = QT N
Pump-turbine CAPEX, inc. civil works
Reservoir CAPEX
PHS annual OPEX
Pump-turbine efficiency curve
Pump-turbine minimum power
Haigg
Upper res. duration (ViR max = VLR max)
VUR_min = VLR _min
Dp=Dr
Lp=Lt
K fittings
€

HLRJnax = HUR?max
PHS emissions, Empys /kwn

1-6 MW, steps of 1 MW
0.5-3 m3/s, steps of 0.5 m3/s
1000 EUR/KW [64]

25 EUR/m3 [64]

1.5% of CAPEX [64]
Variable [64], Figure 6
20% of nominal power
250 m
2-20 h, steps of 2 h
10%

0.6 m < Dp < 1.5 m, for water speed <2.5m/s
1600 m
0.8
0.05 mm
5m
33 g COz-eq/kWh [60]
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Figure 7. Pump-turbine efficiency.

4.3. Deterministic Optimization

First, a deterministic optimization (without MCS) in 1-h time steps was performed
considering the component types and minimum and maximum allowed in parallel (shown
in Table 5). The same components as those presented in Table 1 were considered. The
presented 4.6 MW diesel genset group and the 7.425 MW inverter—charger group were
considered fixed and non-optimizable as they are part of the system and their rated power
is enough to supply the maximum load (Figure 5). For the PHS, the components of Table 4
were considered. The constraints were ULmax = 0% and RCgp, max% = 0%.

Table 5. Optimization data and results of the deterministic optimization.

Variables Types Allowed Min. and Max. Parallel Deterministic Data for Stochastic
for Deter. Opt. Optimization Results Optimization
PViype and Npy 1 MWDC 1-12 1 MWpc x 10 par. 1 MWp(, 6-12
WT4ype and Nyt 0.9 MW 5-12 0.9 MW x 5 par. 0.9 MW, 5-8
Dtype and Np 4.6 MW existing diesel genset group (fixed)
Biype and Np 3.2 MWh (LTO and LFP) 1-5 32 MWhLFP x 3 par. 3.2 MWh LFP, 24
PHStype 1 to 6 MW, steps 1 MW - 2 MW 1 to 3 MW, steps 1 MW
PHS 4, 2to20h, steps2h - 20h 10 to 20 h, steps 2.5 h

The number of possible combinations of component types and numbers in parallel
is1x12x1x8x1x2x5x6x10=57,600. To optimize the control strategy (vector
in Equation (26)) with four setpoint variables, accounting for five possible values for each
control variable, the number of possible combinations is 5% = 625. The total combinations
(components x strategies) number 36 million. The computation speed of the computer is
40 simulations (1-h time steps over a whole year) per second; therefore, evaluating all the
components would have taken 10.4 days. However, by using GA (NGen MAIN MAX = 15;
NmaIN =400; Ngen_sec_max = 10; Nggc = 20; crossover rate 90%; and mutation rate 1% [65]),
it took less than 8 h (results of the deterministic optimization are shown in Table 5).

The optimal solution found using the deterministic optimization has an NPC of EUR
34.22 M and an LCOE of 0.162 EUR/kWh, with LFP (much lower cost) instead of LTO
batteries. In addition, the setpoints of the optimal combination are as follows:

o SOCux% = 100%: using all available capacity is optimal, even considering that the
high SOC implies higher calendar degradation;

e SOCstp_giese1% = 20% (minimum SOC allowed for LFP): charging batteries with diesel
is not optimal;

®  PHT priors = 25%: if the net load power is lower than 25% of the turbine’s rated power,
the net load is supplied with a battery—otherwise, the water turbine is used;
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®  Pp priors =50%: if net renewable power is lower than 50% of the pump’s rated power,
energy is stored in the battery—otherwise, energy is stored by pumping water.

4.4. Stochastic Optimization

For the stochastic optimization, the variability of the input data is shown in Table 6
(the mean and standard deviation of the load, irradiation, temperature, and wind speed
used as PDF data for the MCS approach).

Table 6. Stochastic input variables. Irradiation, load, and temperature obtained from NASA [66] over
39 years (1984-2022).

Variable Mean Std. Devw.
L:load (GWh/year) 14.61 0.4 [67]
G: irradiation tilted surface (kWh/m?/ day) 4.53 0.119 [66]
T: temperature (°C) 18.07 0.343 [66]
W: wind speed (m/s) 7.61 0.341 [66]
Inf.F: fuel diesel price annual inflation (%) 35 0.3 [53]

The covariance matrix data shown in Equation (33) are detailed in Equation (47).
Covariance between G, T, and W was obtained from NASA [66]. Covariances between L
and the others were estimated considering a small increase in load consumption due to air
conditioning with increased temperatures and irradiation.

0.1600  0.0200  0.0200 0

0.0200 0.0141 0.0242  —0.0042

0.0200 0.0242 0.1161 —0.0213
0 —0.0042 —-0.0213 0.1177

(47)

The random variation for the values of each time series is Ry, = 5%.

In the stochastic optimization, to reduce the search space, only Pyt pyioro and Pp_prioro
were optimized (maintaining SOCysx9 and SOCsty_giesero, fixed at 100% and 20%, respec-
tively), with possible combinations numbering 52 =25 (with this low number, no GA
was used for the control strategy; all the combinations were evaluated). Considering the
deterministic optimization results, we reduced the search space of the main GA for the
stochastic optimization to the data in the last column of Table 4, obtaining 31,500 total
possible combinations (components x strategies). Considering MCS;;p1es = 100 MCSs for
each combination of components and control setpoints, the total simulations numbered
3,150,000. With a computing time of seven simulations per second (15-min time steps
during a whole year), evaluating all the combinations would take 5.2 days. Using the GA to
optimize components (NGeN_ MaIN MAX = 15; Npain = 20 [65]) and evaluate the 25 control
strategy combinations, it took less than 15 h (12% of the time required to evaluate all the
combinations). The stopping rule maximum standard error considered was RSE% = 2%.

Detailed results for the optimal system found are shown in Table 7. Only 74 MCSs were
performed to find the optimal solution (the stopping rule was met before the maximum of
100 simulations set for the MCS approach was evaluated).

The optimal system obtained by the stochastic optimization includes the same number
of wind turbines as the current system; however, it increases PV systems from 1 to 10 MW;
the battery is an LFP with double the size of the current one (6.4 MWh) and 3 MW of
the PHS; and a 20 h duration is added. With this configuration, the renewable fraction is
96.09% (mean), much higher than in the current system (60%). The optimal control setpoint
variables are the same as those of the deterministic optimization. The optimal system
includes LFP instead of LTO batteries, and their lifetime was estimated at 10.54 years (mean
value of the 74 MCSs).
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Table 7. Optimal system obtained with stochastic optimization and its results.
Variable Values
Optimal system found:
PV 10 MWpc (1 MWpc x 10 par.)
Wind turbines 4.5 MW (0.9 MW x 5 par.)
Diesel genset (not optimized) 4.6 MW
Battery 6.4 MWh (3.2 MWh x 2, LFP)
Inverter—charger (not optimized) 7.425 MW
Pump-turbine rated power 3MW
Reservoir capacity and duration 108 dam?,20 h
Py T_prior% 25%
PP?prior% 50%
Simulation results (74 MCSs): Average Standard dev.
Load energy (GWh/yr) 14.82 0.36
PV energy (GWh/yr) 13.78 0.32
WT energy (GWh/yr) 10.19 0.87
Curtailment (GWh/yr) 6.63 0.75
Diesel genset energy (GWh/yr) 0.58 0.16
Diesel genset fuel consumption (x1E6 L/yr) 0.21 0.06
Battery charge energy (GWh/yr) 0.88 0.06
Battery discharge energy (GWh/yr) 0.79 0.05
Battery lifetime (years) 10.54 0.22
Hydro turbine output energy (GWh/yr) 3.15 0.09
Pump input energy (GWh/yr) 6.16 0.15
Renewable fraction (%) 96.09 1.05
Unmet load (%) 0 0
Life cycle emissions (kt of CO,-eq) 325 5.1
Capacity shortage (%) 0 0
NPC (MEUR) 33.83 1.33
LCOE (EUR/kWh) 0.160 0.005

The unmet load and capacity shortage are zero, as required by the constraints. The
capacity shortage is zero thanks to the hydro turbine, which runs at a minimum load (20%)
during the time steps when the required reserve is lower than the real reserve, providing
the needed real reserve (if it is not enough, several diesel generators start to provide the
needed real reserve). The NPC (mean, EUR 33.83 M; standard deviation, EUR 1.33 M) and
the LCOE (mean 0.160 EUR/kWh; standard deviation, 0.005 EUR/kWh) are much lower
than the current system’s results (EUR 65.74 M and 0.316 EUR/kWHh). Life cycle emissions
are much lower at only 13.8% of the current system’s emissions (a mean of 32.5 kt of CO,-eq
vs. 236.7 in the current system).

Figure 8 shows the distribution of the costs (NPC mean) and emissions (LCE mean) of
the optimal system. More than 50% of life cycle emissions are due to the use of diesel.

NPC Life cycle emissions

¢

PV m WT m Battery = PHS m Diesel

Figure 8. NPC and LCE mean distributions of the optimal system.
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Figure 9 shows the PDF curves of the input data used in the MCSs of the optimal
solution. In all graphs, the Gaussian normal probability density functions that best fit are

also shown.
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Figure 9. PDFs of the input data used in the optimal system found by the stochastic optimization
(74 MCSs until stop rule was reached).

Figure 10 shows that in the 74 MCSs of the optimal system, the NPC varies from EUR
31.7 to 38.1 M (LCOE varies from 0.151 to 0.171). Annual diesel generation is the variable with
higher variability, from 0.33 to 1.17 GWh/yr. Battery lifetime varies from 9.85 to 11.15 years.

Figures 11 and 12 show 1 of the 74 MCSs of the optimal system in 15-min time steps
over a whole year. The diesel generators only run for a few hours a year. In Figure 12, the
net load (+) and net renewable power (—) are shown in the upper graph, and in the same
graph, the setpoint limits, Pyt _prior% and Pp_pyior9, are represented. When the net load is
higher than Pyt _pyior%, the hydro turbine is selected first to supply the net load—otherwise,
the batteries discharge. Furthermore, when the net renewable is higher than Pp_ior%,
energy is stored by pumping water—otherwise, the batteries are charged.
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Figure 10. PDFs of the main results of the optimal system found by the stochastic optimization
(74 MCSs until stop rule was reached).
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Figure 11. Simulation over a whole year of 1 of the 74 MCSs of the optimal system found by the
stochastic optimization.
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Figure 12. Simulation over a whole year of 1 of the 74 MCSs of the optimal system found by the
stochastic optimization (cont.).

4.4.1. Effect on the Average Diesel Fuel Price Inflation

The optimization was performed two more times to observe the effect of different
values for the mean of diesel fuel price inflation (1.5 and 2.5%), considering the same
standard deviation of 0.3%. The same optimal system was found but the NPC and LCOE
values were different. The results are shown in Table 8.

Table 8. Optimal system results for different diesel fuel price inflation mean values.

Mean Fuel Price Inflation (%) 1.5 2.5 3.5

NPC (MEUR) (mean) 32.76 33.19 33.83
LCOE (EUR/kWh) (mean) 0.155 0.157 0.1615
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4.4.2. Effect on PHS CAPEX

The effect of the PHS CAPEX on the optimization is shown in Table 9. The optimal system
varies with the PHS CAPEX. In the case of high CAPEX (1660 EUR/kW + 56 EUR/m? [68]),
allowing up to eight batteries in parallel in the optimization, the battery size of the optimal
system reaches its maximum and no PHS is included in the system. In the case of low CAPEX
(547 EUR/KW + 2.7 EUR/m? [69]), the same optimal system as in the original case is found
but with a significantly lower NPC due to the reduced PHS CAPEX. In all cases with hybrid
storage, Py T_prior% = 25% and P P_prior% = 50%.

Table 9. Optimal system results for different PHS CAPEX values.

PHS CAPEX (EUR/KW + EUR/m®) 1000 + 25 High [68]: 1660 + 56 Low [69]: 547 + 2.7
PV 10 MW PV 10 MW PV 10 MW
Optimal system WT 0.9 x 5, WT 0.9 x 5 WT0.9 x 5
Batt. 6.4 MWh + Batt. 25.6 MWh Batt. 6.4 MWh +
PHS 3 MW, 20 h PHS 3 MW, 20 h
PHT_prior%/ PP_prior% 25%, 50% - 25%, 50%
NPC (MEUR) (mean) 33.83 35.41 29.32

4.4.3. Effect on Battery CAPEX

The effect on the battery CAPEX (allowing up to eight batteries in parallel in the
optimization) is shown in Table 10. In the case of 100 EUR/kWh, no PHS is included in the
optimal system. In all cases with hybrid storage, Pyt _prior% = 25% and Pp_pyior9, = 50%.

Table 10. Optimal system results for different LFP battery CAPEX.

LFP Battery CAPEX (EUR/kWh) 200 150 100
PV 10 MW PV 10 MW PV 10 MW
Optimal system WT 0.9 x 5, WT 0.9 x 5, WT 0.9 x 5
Batt. 6.4 MWh + Batt. 12.8 MWh + Batt. 25.6 MWh
PHS 3 MW, 20 h PHS 2 MW, 20 h
PHT_priortr Pp_prior 25%, 50% 25%, 50% -
NPC (MEUR) (mean) 33.83 32.70 31.17

4.4.4. GA Statistical Test Results

The stochastic optimization has been repeated R = 20 times (using the same MCS
data) to obtain statistical results of the GA’s behavior. Figure 13 shows the evolution of the
NPC (mean) over the generations in the different executions, while Table 11 presents the
statistical results. In total, 16 out of the 20 runs obtained the global optimum.

Table 11. Statistical results of the optimization techniques.

Variable GA PSO
SDopt(MEUR) 0.0898 0.0655
RLEp; 0.0238 0.0136
MAE,,: (MEUR) 0.0404 0.0230
RMSE,pt (MEUR) 0.0964 0.0679
Nopt (%) 98.82 99.93

Average execution time (h) 14.7 13.9
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Figure 13. GA. Evolution of the NPC, with each color representing one of the twenty runs.

4.4.5. Results Comparison Using an Alternative Metaheuristic Technique (PSO)

For comparison purposes, the optimization was performed using a discrete version
of the PSO algorithm [70] instead of the main GA. PSO parameters were (similar to the
GA) as follows: number of iterations = 15; population size = 20; cognitive coefficient = 2;
social coefficient = 2; and inertia weight = 0.5. Figure 14 shows the evolution of the NPC
(mean) over the generations in the different executions. The statistical results of the PSO
are presented in the last column of Table 11 (in this case, the PSO results are slightly better
than the GA results). In total, 17 out of the 20 runs obtained the global optimum.
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Figure 14. PSO. Evolution of the NPC, with each color representing one of the twenty runs.

5. Conclusions

This study presented a metaheuristic—stochastic optimization using genetic algorithms
and Monte Carlo simulations of a stand-alone hybrid system that can comprise PV, wind
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turbines, diesel gensets, battery banks, and/or PHS. The sizes of the components and
the control setpoints were optimized. Unlike previous optimization research, the system
simulation was performed with high accuracy, considering the variable efficiency of the
components (inverters, pumps, and turbines), the PHS variable losses and variable head,
and battery lifetime prediction (taking into account cycling and calendar degradation). The
variability and correlation of wind speed, irradiation, temperature, load, and diesel fuel
price inflation were considered using the probabilistic approach. The hybrid PHS-battery
storage was controlled by setpoint variables (limits on using PHS or battery to supply or
store energy), which were optimized. Furthermore, the maximum battery SOC and the
SOC setpoint for battery charging using diesel gensets (when they are run) were optimized.

The simulation and optimization model (implemented in C++) is validated by compar-
ing it to previous research by other authors (which used Matlab, https://www.mathworks.
com/products/matlab.html). In addition, it was found that the calculation speed of our
model is more than 100 times faster than that of previous research, allowing the stochas-
tic optimization to be performed in a similar amount of time as other studies that use
deterministic optimization.

The optimization was applied to Graciosa Island (Portugal), obtaining an optimal
system that includes hybrid PHS-battery storage. Compared with the current system, this
optimal system has a much lower NPC and LCOE (roughly 50% of the current system
values), much higher renewable penetration (96% vs. 57%), much lower life cycle emissions
(roughly 14% of the current system emissions), and zero reserve capacity shortage. In
this case, the optimal setpoint to select the PHS or the battery during charge is 50% of the
nominal pump power (if net renewable power is lower than 50% of the pump’s rated power,
energy is stored in the battery—otherwise, energy is stored by pumping). During discharge,
the optimal setpoint is 25% of the nominal turbine power (if the net load power is lower
than 25% of the turbine’s rated power, the net load is supplied with the battery—otherwise,
the water turbine is used). The optimal maximum SOC is 100% (the optimal control uses
all the available battery capacity, even considering that a high SOC implies higher calendar
degradation). The SOC setpoint to charge the battery when the diesel gensets are running is
the minimum SOC; that is, it is not worthwhile to charge the battery with diesel. The optimal
sizes and setpoints could be different for other applications (different locations, component
characteristics, loads, costs, etc.) so it is necessary to perform the optimization for each case.
Several sensitivity analyses have been performed in the optimization of Graciosa Island.
Diesel fuel inflation has a low effect on the optimization as the diesel generator operates for
only a few hours each year. Both the PHS CAPEX and the battery CAPEX have a significant
effect on the optimization—with high PHS CAPEX (1660 EUR/kW + 56 EUR/m?) or low
LFP battery CAPEX (100 EUR/kWh), the optimal solution consists of battery storage only,
with no PHS included.
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