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Abstract - Optimal sizing of standalone photovoltaic (PV)-wind turbine-battery hybrid renewable energy systems (HRES) for
off-grid communities must balance two conflicting goals, minimum cost and maximum supply reliability, under uncertain
renewable resources. This work does not aim at site-specific performance prediction; it develops a reproducible pre-feasibility
framework for data-scarce regions, where measured meteorological records do not exist. The Non-Dominated Sorting Genetic
Algorithm 11 (NSGA-I11) is used to characterise how the cost-reliability trade-off behaves across the full spectrum of resource
availability. Synthetic stochastic profiles (lognormal solar irradiance, Weibull wind speed with k = 2.2, and a double-
Gaussian residential load), consistent with published resource distributions, serve as the controlled experimental variable and
define four scenarios from highly favourable to a severe stress-test bound. Five decision variables are optimised to minimise
Life Cycle Cost (LCC) and a compound Loss of Power Supply Probability (LPSP) reliability index, with TOPSIS as a post-
Pareto decision layer. Resource availability dominates achievable reliability: minimum LPSP ranges from 0.00% (High
Renewable) to 43.66% (Worst Case), with LCC spanning $4,660-$69,740. Multi-run validation confirms consistent
convergence (standard deviation of minimum LPSP = 0.001%). Site-specific validation against measured data is identified as
future work.

Keywords: hybrid renewable energy system, NSGA-II, multi-objective optimisation, pre-feasibility screening, data-scarce
regions

1. INTRODUCTION

Standalone hybrid renewable energy systems (HRES) are a leading option for electrifying remote and off-grid
communities in sub-Saharan Africa, South and Southeast Asia and Pacific island regions, where grid infrastructure is
absent or unreliable [1], [2], [53]. A PV-wind turbine—battery configuration removes diesel-fuel dependency, lowers life-
cycle energy cost and reaches users beyond the economic range of grid extension [3]-[5]. Sizing such a system,
i.e. choosing the numbers of PV modules, wind turbines and battery units that serve a target load under stochastic
resource variability, is inherently a multi-objective problem [3], [4]. The two principal objectives, minimum Life Cycle
Cost (LCC) and maximum supply reliability, quantified by the Loss of Power Supply Probability (LPSP), conflict,
because any component that improves reliability raises capital and maintenance expenditure [6]. The Pareto-optimal front
of non-dominated cost-reliability trade-offs is therefore the natural solution concept for feasibility studies, in which
neither cost budgets nor reliability thresholds are fixed in advance [8], [9]. The Non-Dominated Sorting Genetic
Algorithm 1l (NSGA-II) [10], with fast non-dominated sorting, crowding-distance diversity preservation and elitist
selection, is the dominant algorithm for generating such fronts on mixed integer—continuous problems [13], [14]. Because
renewable resources are uncertain, HRES design also relies on probabilistic resource descriptions: clearness-index and
lognormal models for solar irradiance [17] and Weibull distributions with shape k ~ 2 for wind speed [26].

Classical and single-objective sizing. Graphical and iterative methods are simple but scale poorly to the mixed integer—
continuous search spaces of modern HRES [19]-[21]. Metaheuristics made global optimisation tractable: Yang et al. [7]
introduced genetic-algorithm (GA) cost minimisation under an LPSP constraint, a single-objective paradigm followed by
many studies [16], [22], [23], [29], [40], [57]; a comparison of ten metaheuristics found no algorithm dominant across all
instances [24]; and tools such as HOMER [25] offer practitioner accessibility at the expense of Pareto-front generation
[3], [4]. Limitation: reliability is treated as a post-hoc constraint rather than a co-objective, so a single optimum, not the
trade-off, is returned [47].

Multi-objective sizing. Recognition that LCC and LPSP are co-objectives moved the field to multi-objective evolutionary
optimisation [6], [9], with NSGA-Il prominent owing to well-spread fronts and reliable convergence [13], [14].
Alternatives include SPEA2 [30] and grey-wolf and whale-optimisation variants [28], [31], [32]. NSGA-II produced a
more diverse front than MOPSO on a PV-wind-battery—diesel system (hypervolume 0.04350 vs. 0.04336) [43],
gravitational-search variants have been benchmarked against both [44], and enhanced NSGA-II formulations now couple
sizing with power management [45]. Limitation: every benchmark NSGA-II study, including the direct predecessor [11]
and the recent comparators [43], [44], relies on site-specific typical-meteorological-year (TMY) data and fixes one Pareto
front under one resource condition [47]. Such studies cannot be applied where no measured records exist, which is
precisely where pre-feasibility analysis is most needed [52].
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Post-Pareto decision-making. Multi-criteria decision-making (MCDM) is an active complement to Pareto generation:
Mathaba and Abo-Al-Ez [46] combine MEREC-weighted VIKOR with multi-objective optimisation for off-grid HRES,
Ridha et al. [47] apply PROMETHEE-II to a triple-objective configuration problem, and Tomczewski et al. [48] couple
NSGA-II with AHP-based selection. TOPSIS [33], [34] and equivalent methods are thus increasingly, though not yet
universally, integrated into HRES workflows. Limitation: in most Pareto studies the front remains an analytical artefact
rather than an implementable design recommendation [46]-[48].

Uncertainty treatment. Deterministic TMY -based optimisation cannot fully capture resource uncertainty [2], [35]. Monte
Carlo propagation [36] and scenario-based stochastic programming [37]-[39] have been applied; stochastic treatment is
reported to raise the cost of energy appreciably relative to deterministic sizing [49]; and hybrid stochastic—robust,
degradation-aware and remote-region frameworks continue to appear [50]-[52], [58]. Limitation: these methods estimate
the expected performance of a known site; they do not show how the structure of the Pareto front itself responds as the
resource regime changes.

The studies above optimised HRES size with NSGA-II or competing metaheuristics under deterministic or stochastic
resources, but three gaps remain. All benchmark NSGA-1I HRES studies depend on measured site data [11], [43], [44],
which restricts the framework to locations that already have meteorological records [52]. How the structure of the LCC-
LPSP Pareto front (its spatial extent, minimum achievable LPSP and optimal configurations) evolves across a resource-
availability spectrum from highly favourable to severely constrained conditions has not been systematically investigated
[47], [49]. TOPSIS and equivalent post-selection methods are not yet standard in HRES Pareto pipelines [46]-[48]. Such
controlled, regime-wide analysis is rarely reported.

Therefore, in the present investigation, the objective is not to predict performance at any specific location but to develop
a reproducible pre-feasibility framework for data-scarce regions. It characterises how the LCC-LPSP Pareto front of a
standalone PV—wind-battery HRES behaves across the full spectrum of resource availability and translates the resulting
fronts into actionable configurations. A standalone NSGA-II implementation is applied across four synthetic stochastic
scenarios (Base Case, Low Solar, High Renewable, Worst Case), built from physically justified distributional models
with no reference to any geographic site, and TOPSIS is integrated as a post-Pareto decision layer for each scenario. The
use of synthetic profiles is a deliberate methodological choice, not a substitute for measured data: generating resources
from controlled distributional parameters makes resource availability an independent experimental variable that can be
swept systematically and reproduced exactly, which a study tied to one site’s fixed TMY record cannot achieve. The
novelty is threefold: (i) treatment of resource availability as a controlled, fully reproducible input through synthetic
stochastic profiles, enabling parametric pre-feasibility screening for regions lacking measured records; (ii) the first
systematic characterisation of how the LCC-LPSP Pareto front evolves across a resource-availability spectrum from
highly favourable to severely constrained; and (iii) integration of TOPSIS to convert each scenario’s Pareto front into a
single implementable configuration. The scope is stated explicitly: (a) the framework targets data-scarce regions without
measured records; (b) the synthetic scenarios are the controlled experimental variable, not a reproduction of any site; (c)
the study investigates Pareto-front behaviour across resource regimes, not site performance; and (d) site-specific
validation against measured data is future work. The framework is therefore a pre-feasibility screening tool whose
outputs inform early-stage design exploration rather than final, site-calibrated sizing.

2. SYSTEM MODELLING

2.1 System configuration and PV model

The HRES is standalone: Np,, PV modules, Ny, wind turbines and N, battery units share a common DC bus, and a
DC-AC inverter supplies a time-varying residential AC load; no grid connection is present. At each hourly step the net
power P (t) = Ppy(t) + Pina(t) — Pioaq(t) charges the battery (P,.. > 0), discharges it (P,.; < 0), or is recorded as
a deficit when P, < 0 and the battery is at minimum state of charge (SOC) [9], [11]. The AC output of the PV array is

Gore(t)
Ppy(t) = Npy * Pratea - er; *Nuppr * Ninw @
STC

With P,gteq = 250 W, Ggre = 1000 WIM2, nyppr = 0.97 [41] and n;,, = 0.95 [11], [18]. The effective irradiance on
the tilted surface is

Gesr(t) = G(t) - max (0, cos(p — Bopt)) 2)
where g (decision variable, 0°-90°) is the PV tilt angle and S,,,, = 30° is a mid-latitude representative optimum [18].
Eq. (2) is a simplified screening proxy that penalises tilt deviation symmetrically about S,,,; it does not resolve solar

azimuth, zenith or seasonal variation. Consequently, the convergence of tilt towards 30° observed in Section 6.2 is a
built-in property of the model rather than a site-derived optimum.
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2.2 Wind turbine model
The piecewise power curve of a single turbine is

0 Vp < Vg OF Uy = Vg
3 3
—lp Vh = Vgi < 3
PWT(vh) - rated Tlwg 3 3 Vei=Vn <77 ( )
Vr = Vg
kprated Nwg U SV < Vg

With Prgteq = 1000 W, 1,4, = 0.30, v; = 3.0 m/s, v, = 12.0 m/s and v, = 25.0 m/s [11]. A cubic law is used in the
partial-load region, consistent with the approximately cubic dependence of available wind power on wind speed. The
hub-height wind speed follows the power-law shear correction [9]
1/7
h
) @

vp(t) = vref(t) : <h P

with h,.r = 33 m and shear exponent « = 1/7 (neutral stability, open terrain). The total wind power is Pynq(t) =
Ny PWT(Vh(t))-
2.3 Battery model and reliability index

The battery bank capacity is given by Eq. (5), and the hourly self-discharge rate derives from the daily rate ¢ = 0.005
day!in Eq. (6):

Epat = Npat * Voar - Crnom = Npar X 3,600 Wh (5)
o
o 74 ©)
The SOC evolves during charging (P,,.; = 0) and discharging (P,.; < 0) as
P () n. At
SOC(t+1) = SOC(t) (1 — 0y) + ntiﬂi o
bat
Ppes(t) At
SOC(t+1) = SOC(E) (1 — o) + LreclD At o
Na Epat

and is clamped to [SOCpin, SO Crrax] = [0.20,1.00] at every time step. The hourly energy deficit and the LPSP over the
annual horizon (8,760 h) are [7], [27]

Egeficit (t) = max(0, |Ppe ()| At — (SOC(t) — SOCpin)Ng Epar) 9)
8760
t=1° Egegicit (£)

LPSP =
Z?Z?O Pload (t) At

(10)

All component parameters are consolidated in Table 1.
Table 1. System component parameters.

Component Parameters
PV module Pratea = 250 W; yppr = 0.97; 11y, = 0.95; capital cost Cpy, = 300 USD/unit; maintenance Mp, = 10 USD/yr
Wind turbine Prateaws = 1,000 W; 4 = 0.30; v; /v, /v, = 3.0/12.0/25.0 m/s; Cyy,¢ = 2,000 USD/unit; My,; = 80 USD/yr; tower: Croper =

45 USD/m, M,oyer = 2 USDImlyr

Crom = 300 A; Vyor = 12 V; Cpgr = 800 USD/unit; 1, /14 = 0.90/0.90; o = 0.005 day '; My, = 8 USDIYT; SOC,min/SOCrmax =

Battery 0.20/1.00; replacements 7., = 4

System Project lifetime L = 20 years; time step At = 1 h; simulation horizon 8,760 h

3. Problem Formulation

3.1 Bi-objective optimisation framework
Obijective 1 is the Life Cycle Cost, comprising capital, replacement, and operation and maintenance costs over the 20-
year project horizon:
f1 = Npy(Cpy + L Mpy) + Ny[Cwe + h Crower + LMy + h Miower)]
+ Nbat [Cbat(l + nrep) +L Mbat]
Obijective 2 is a compound reliability—resource-utilisation index that combines LPSP with a component-count penalty:

fo = LPSP + A (Npy + Ny + Npge), A =0.002 (12)
The compound form, rather than a clean [LCC, LPSP] problem, is adopted because in resource-abundant scenarios many
distinct component combinations attain LPSP =~ 0; this produces a degenerate cluster of mutually non-dominated
solutions that collapses the reliability axis and yields a poorly distributed front. The component-count term acts as a

(11)
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parsimony tie-breaker that restores diversity by favouring the smallest configuration among reliability-equivalent
solutions. The weight A = 0.002 is calibrated so that the maximum penalty (1 x 42 =~ 0.08) stays small relative to the
LPSP range [0,1], preserving LPSP as the dominant reliability driver; reported LPSP values are perturbed by at most this
amount. Robustness to A is confirmed in Section 6.5.

3.2 Decision variables and constraints

Five decision variables span the design space: the number of PV modules Ny € {1,...,12}, wind turbines Ny,; €
{0, ...,6} and battery units N,,; € {1, ...,24} (integers), the PV tilt angle 8 € [0°,90°] and the wind-turbine hub height
h € [10,50] m (continuous). The SOC constraint SOC(t) € [0.20,1.00] is enforced at every time step. No minimum-
LPSP constraint is imposed, so that the full Pareto front is recovered.

4. NSGA-Il METHODOLOGY

4.1 Algorithm and implementation

NSGA-II [10] is a fast, elitist multi-objective evolutionary algorithm built on three mechanisms: (i) 0(MN?) non-
dominated sorting assigns a Pareto rank to every candidate in the combined parent—offspring pool; (ii) crowding distance
favours sparsely populated regions of objective space without external archiving; and (iii) elitist selection ensures that
non-dominated solutions found earlier are never discarded [13], [14]. These properties suit HRES sizing, whose objective
surfaces are non-convex and whose search space mixes integer and continuous variables, conditions under which
gradient-based methods are inapplicable [12]. Comparative studies confirm that NSGA-II gives a more diverse front than
MOPSO for PV—wind—battery systems (hypervolume 0.04350 vs. 0.04336) [43] and is competitive with gravitational-
search variants [44].

The MATLAB implementation uses a population of N = 60 and G = 100 generations (6,000 function evaluations per
scenario), each evaluation being a full 8,760-hour energy-balance simulation. Simulated binary crossover (distribution
index nggx = 15, probability p, = 0.90) and polynomial mutation (np), = 20, p,, = 0.15) are applied; integer variables
are rounded to the nearest integer after each operator, and the initial state of charge is SOC(0) = 0.50. Fixed per-scenario
seeds (13i, i = 0,1,2,3) guarantee exact reproducibility.

4.2 TOPSIS post-Pareto decision layer

TOPSIS [33], [34] converts each scenario’s Pareto front into one implementable configuration. For candidate i and
objective j (j = 1: LCC, j = 2: LPSP), the objective values are min-max normalised on the front’s own extremes, 7;; =

(fiy = F™™)/(f"2x = fm), so that the ideal point is (0,0). With weights w;, the weighted distances to the ideal point
(S{) and to the anti-ideal point (S;"), and the closeness coefficient, are

2
_ 2
: 7’5" Si = ijz (1 —rij) (13)
Jj=1

— Sl_
Q_$+$
and the solution with the highest C; (the TOPSIS score) is selected. Three selection regimes are examined: (a) equal,
unconstrained weights (w; = w, = 0.5); (b) cost-weighted (0.7/0.3) and reliability-weighted (0.3/0.7) preferences; and
(c) a deployability constraint, in which TOPSIS is applied only to Pareto points with LPSP < 10%.

(14)

4.3 Convergence validation and computational cost

Three procedures validate the optimisation: (i) multi-run statistics, using five independent seeds (0, 13, 42, 77, 99) per
scenario at full parameters and reporting the mean and standard deviation of minimum LPSP, minimum LCC and Pareto-
set size; (ii) the hypervolume indicator [42], computed at every generation for the 2-D dominated region against the
reference point (1.1 X LCC,,4y, 1.10) (Fig. 5b); and (iii) a A-sensitivity analysis, 4 € {0.001,0.002,0.005} at reduced
parameters (N = 30, G = 50). Five runs follow common practice in the HRES NSGA-II literature, given the cost of each
run and the very low run-to-run variability observed (Section 6.1). All optimisations ran in MATLAB R2024a on an Intel
Core i7 workstation with 16 GB RAM; each scenario takes about 2-5 minutes and the entire study (four scenarios,
convergence tracking, A-sensitivity and five-seed validation) about 30-40 minutes, so the framework suits routine pre-
feasibility screening on standard hardware.
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5. SCENARIO-BASED SYNTHETIC FRAMEWORK

5.1 Synthetic profile generation

All resource and load profiles are generated algorithmically from fixed distributional parameters and per-scenario seeds,
so results are exactly reproducible without any measured meteorological dataset [15]. Solar irradiance combines a
deterministic seasonal—diurnal envelope with lognormal multiplicative noise [17], where doy is the day of year, h4,,, the
hour of day and &,,;4 ~ Lognormal(0, 05414,-):

G(t) = 850 [1 +0.45sin (2”(d°y _ 80))] sin (”(h"“’y - 6)> Eoolar (15)

365 14

Wind speed superimposes seasonal variation and Weibull-distributed perturbations W ~ Weibull(k = 2.2,1 = 1) [26],
with per-scenario wind scale S,,;,,4 and noise scale 6,4 (Table 2):

2 do
Vper(t) = [5.0 + 1.8sin( 365y + n)] Swina + 4 OwinaW (16)

The residential load follows a double-Gaussian diurnal profile with morning and evening peaks:

2m doy
. i 17
[1+012sm( 3€E )]+e @an

with Ppaee = 550 W, A, = 650 W, 4,,,5,» = 350 W and Gaussian noise ¢ ~ N (0,60%) W, clipped to [350, 2600] W.
This gives a mean load of about 0.74 kW and a peak of about 1.5 kW, broadly representative of a small off-grid
residence [11]. Fig. 1 shows the first 30 simulated days of each scenario.

2 2
_(haay—19) _(haay-8)
Y] 152
Pbase + Aeve e 2:2 + Amorn e 215

Pioaa (t) =

Synthetic Resource and Load Profiles — First 30 Days
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Fig. 1. Synthetic resource and load profiles for all four scenarios (first 30 simulation days).

5.2 Scenario design and statistical characterisation

Four scenarios span the range from highly favourable to severely constrained resource availability (Table 2). The
multipliers do not represent exact climatic classes; they act as a controlled experimental variable, so the absolute
calibration of any one scenario is secondary to the systematic variation of relative resource availability. The discrete four-
scenario design (one moderate baseline, two single-factor stresses, one compound adverse extreme) is deliberate, in
preference to a fine multiplier grid, Monte Carlo ensemble or Latin Hypercube sampling. Those methods estimate the
expected outcome for a known site [37]; the present aim is to expose, exactly and reproducibly, how the structure of the
Pareto front itself responds to the resource regime, which a compact factorial-style design isolates more transparently
than a stochastic ensemble, where front-structure changes would be confounded with sampling noise. Embedding the
framework in such an ensemble is a natural extension (Section 7).

Table 2. Synthetic scenario parameters and statistics of the generated series (full 8,760-h horizon; mean load = 739 W in all scenarios). GHI:
global horizontal irradiance.

Scenario Solar o Wind scale o Seed dgﬂyi?n:e GHI SD Annual GHI Mean wind Wind SD
scale Sorag Swina Wi GHI (W/m?) (W/m3)  (kWh/m2lyr)  (m/s) (m/s)
Base Case 1.00 0.35 1.00 0.35 0 542 353 2,772 6.24 1.40
Low Solar 0.55 0.45 0.85 0.30 13 326 259 1,664 5.31 1.19
High Renewable 1.30 0.22 1.40 0.28 26 666 380 3,405 7.99 1.84
Worst Case 0.38 0.55 0.50 0.40 39 236 210 1,208 3.91 0.94
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The statistics confirm a monotonic, well-separated gradient of resource availability that preserves the lognormal and
Weibull shapes reported in the literature [17], [26]. The constrained scenarios (= 1,664 and ~ 1,208 kWh/m?%yr) fall
within ranges of real cloudy temperate and high-latitude sites, and the mean wind speeds (3.9-8.0 m/s) lie within the
band typical of inhabited sites. The favourable scenarios deliberately reach the high end: the Base and High Renewable
annual GHI (2,772 and 3,405 kWh/m?/yr) sit at or above the sunniest real locations (= 2,600-2,900 kwWh/m2/yr [55]) and
are best read as an upper stress-test bound, not a calibrated site. The scenarios are therefore interpreted by relative
resource availability. In the Worst Case, total achievable generation is only = 60% of annual demand (Section 6.2), which
bounds its minimum LPSP at =~ 44%.

6. RESULTS AND DISCUSSION
6.1 Pareto-optimal fronts and statistical summary

Fig. 2 shows the NSGA-II Pareto-optimal fronts of the four scenarios, with the TOPSIS selections of Section 6.3
overlaid. Three structural properties hold in every scenario: (i) the fronts are monotonically non-increasing in LCC-LPSP
space; (ii) the diminishing-returns curvature is convex, the well-known shape of the HRES cost-reliability trade-off [9];
and (iii) all 60 population members are non-dominated at generation 100, confirming effective constraint handling. The
fronts are clearly separated along the LPSP axis: the High Renewable front lies below LPSP = 10% for the upper-cost

half of its solutions, whereas the Worst Case front stays above 43% throughout, a direct consequence of the 62% lower
solar scale and 50% lower wind scale relative to the Base Case (Table 2).

Combined Pareto Fronts with TOPSIS Best-Compromise Selection
70 s & e Base Case
s a = Low Solar
3 % * High Renewable
. b & Worst Case
Y +
P % 4 Y TOPSIS selected
$ " 3
z
. *
L 4 $
50 ) L1 b4
—_ ® [ ] X
e
)
= ) g b
§ 40 L k3
L ]
E . . 3
& X ! '
& 30 ® . &
= LY " %
. ~,“ s
R Topsis " LY
20 Base %
Hoa Ko " roesis
. .
.. W B
10 Se *-o
T iy .

o *a
0

o -ne
20 40

80 100
LPSP (%)

Fig. 2. Combined Pareto fronts of the four scenarios in LCC—LPSP space with the TOPSIS best-compromise selections (stars) overlaid.
Table 3. Statistical summary of the Pareto-optimal fronts (HV: hypervolume).

Scenario Min LCC ($) Max LCC ($) Min LPSP (%)  Max LPSP (%) Points HV
Base Case 4,660 69,740 1.20 90.14 60 0.0216
Low Solar 4,660 69,740 17.78 94.08 60 0.0317
High Renewable 4,660 56,230 0.00 87.88 60 0.0184
Worst Case 4,660 65,580 43.66 95.71 60 0.0711

Multi-run validation (five seeds) for the Base Case gives mean minimum LPSP = 1.201% (SD = 0.001%), mean
minimum LCC = $5,760 (SD = $1,356) and a Pareto set of 60 points in all runs. The negligible LPSP spread confirms
consistent convergence in the reliability-dominant region of the front, whereas the larger LCC spread arises at the
minimum-cost extreme. The high hypervolume of the Worst Case (0.0711) reflects the large dominated area, relative to
the reference point, produced by elevated LPSP values across its front; hypervolumes are best compared within rather
than across scenarios.
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6.2 Optimal configurations and energy balance

Table 4 lists the minimum-LPSP Pareto solution of each scenario together with its annual energy balance against an
annual demand of = 6.47 MWh (Fig. 3).
Table 4. Minimum-LPSP configurations and annual energy balance per scenario.

o b Mo M 5O K (S S ENTER Wi P o
Base Case 12 6 4 29.5 50.0 69.7 1.20 7.66 2.85 72.9 162
Low Solar 12 6 4 30.0 50.0 69.7 17.78 4.60 1.66 73.5 97
High Renewable 12 2 4 31.0 45.3 37.5 0.00 9.41 2.01 82.4 176
Worst Case 12 6 3 30.0 50.0 65.6 43.66 3.34 0.54 86.1 60

Lce ¢ — Mini PSP C Energy Contribution — Mini LPSP C ion

PV System
m— Wind Turbine
m Battery Storage

@
=4

2

Cost ($k)

82% oeo

I’

73%

Share of total generation (%)

w

PV contribution
== Wind contribution

Base Case Low solar High Renewable Worst Case Base Case Low Solar High Renewable Worst Case

Fig. 3. (a) LCC component breakdown and (b) PV/wind energy contribution for the minimum-LPSP configuration of each scenario.

The optimised tilt converges to 28°-31° in all scenarios. Because Eq. (2) fixes the optimum at f,,. = 30° by
construction, this is not an independently determined site-optimal tilt, and £ is treated as a fixed-optimum screening
parameter rather than a result. More substantively, where Ny, = 6 and h = 50 m, the wind subsystem (turbines plus
towers) accounts for ~ $47,100 of the $69,740 LCC (Fig. 3a), making tower height the primary cost driver; High
Renewable reaches LPSP = 0.00% with only two turbines, showing that abundant solar substantially reduces the
required wind contribution.

Three behaviours emerge from Table 4 and Fig. 3b. First, PV dominates generation in every scenario (73-86%) and its
share rises as conditions worsen, because the wind resource degrades faster than solar across the scenario set, a non-
obvious result favouring PV-led architectures in the most constrained settings. Second, the well-resourced scenarios
markedly over-generate (162% and 176% of annual load), so the binding constraint there is temporal mismatch and
storage capacity rather than total energy, consistent with the high marginal value of an additional battery seen in the
weight sensitivity (Section 6.3). Third, the Worst Case generates only 60% of annual demand: the deficit is one of
absolute energy, which is why no configuration can reduce its LPSP below =~ 44% and why this scenario is infeasible
under the present component bounds.

6.3 TOPSIS best-compromise selections

Equal-weight TOPSIS (w; = w, = 0.5, Eq. (13) and (14)) was applied to each front; the selections are marked in Fig. 2
and listed in Table 5.

Table 5. TOPSIS best-compromise solutions (equal, unconstrained weights). Hub height is inactive when Ny,; = 0 (values in parentheses).

Scenario Npy Nye Nypar B () h (m) LCC ($k) LPSP (%) TOPSIS score
Base Case 12 0 3 30.0 (25.0) 18.5 12.76 0.842
Low Solar 12 0 2 30.0 (18.7) 14.3 39.08 0.789
High Renewable 12 0 3 30.0 (30.2) 18.5 6.29 0.819
Worst Case 12 0 1 30.0 (13.5) 10.2 55.02 0.884

[JERTV15I 5100613

In every scenario TOPSIS selects Ny, = 0, a PV-battery configuration, because at the best-compromise point the
marginal cost of the first turbine plus tower (= $5,700 at h = 25 m) outweighs its normalised reliability gain. Relative to
the minimum-LPSP configurations, LCC falls by 73.5% (Base Case), 79.5% (Low Solar), 50.7% (High Renewable) and
84.4% (Worst Case), and the selections lie at the high-curvature knee of each front (Fig. 2), as expected for a distance-to-
ideal minimiser [33], [46]. However, the unconstrained selections are acceptable only for the well-resourced scenarios
(LPSP = 12.76% and 6.29%); for Low Solar (39.08%) and Worst Case (55.02%) more than a third to over half of the
annual load would be unserved. They illustrate the cost-dominated geometry of equal-weight TOPSIS rather than
recommended designs. Table 6 therefore restricts the candidate set to LPSP < 10% before applying TOPSIS.
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Table 6. Deployability-constrained TOPSIS best-compromise solutions (LPSP < 10%).

Scenario Npy Nyg Nypar B (°) h (m) LCC ($Kk) LPSP (%) Feasible points
Base Case 12 3 4 30.8 42.0 442 4.35 27160
Low Solar - - - - - - - 0/ 60 (infeasible)
High Renewable 12 1 4 30.1 39.3 29.6 1.05 23/60
Worst Case - - - - - - - 0/ 60 (infeasible)

Table 6 yields two findings that the unconstrained selection obscures. First, in the well-resourced scenarios the
deployability constraint reverses the PV-only outcome: the Base Case reintroduces three turbines and a fourth battery to
reach LPSP = 4.35% at $44.2k (36.6% below its $69.7k minimum-LPSP design), and High Renewable reaches LPSP =
1.05% at $29.6k with a single turbine (21.1% below $37.5k). Wind capacity is therefore essential, not redundant, once a
realistic reliability target is imposed; the apparent optimality of PVV-only systems is an artefact of unconstrained equal
weighting. Second, for the resource-poor scenarios (minimum achievable LPSP of 17.78% and 43.66%) no configuration
within the five-variable design space reaches LPSP < 10%; these sites are infeasible for the specified load under the
present bounds and would require demand-side reduction, expanded component limits or supplementary dispatchable
generation. This bifurcation- deployable compromise designs in well-resourced settings versus categorical infeasibility in
resource-poor ones- is a more actionable conclusion than the Pareto knee alone.

Weight sensitivity. Table 7 repeats the selection under cost-weighted (w,-c = 0.7, w,,; = 0.3) and reliability-weighted
(Wiee = 0.3, w,; = 0.7) preferences. The response is monotonic and physically sensible: shifting weight toward
reliability raises the selected battery (and, for Low Solar, wind) count and lowers LPSP at higher cost, and shifting
toward cost does the reverse, so the selection is not an artefact of the equal-weight assumption. Even under maximum
reliability weighting, the resource-poor scenarios remain at non-deployable LPSP (31.88% and 51.89%), confirming that
their infeasibility is a property of the resource regime, not of the weighting choice.

Table 7. TOPSIS weight sensitivity (LCC $k / LPSP %).

Scenario Cost-weighted (0.7/0.3) Balanced (0.5/0.5) Reliability-weighted (0.3/0.7)
Base Case 14.3/22.51 18.5/12.76 22.6/10.26
Low Solar 10.2/46.33 14.3/39.08 26.3/31.88
High Renewable 8.7/35.49 18.5/6.29 18.5/6.29
Worst Case 9.2/60.28 10.2/55.02 14.3/51.89

6.4 Cost—reliability trade-off benchmark

Fig. 4 shows the percentage LCC reduction achievable in the Base Case as the tolerated LPSP is relaxed, with the
problem of Hossain et al. [11] marked at (8%, 12.12%). The Base Case yields reductions of 11.26% at 2% LPSP, 23.64%
at 3% and 56.51% at 8%. Both problems exhibit the same qualitative convex, diminishing-returns curve. This is a sanity
check, explicitly not a quantitative validation: the gradient differs by a factor of = 4.6 (56.51% vs. 12.12% at 8% LPSP),
so the synthetic Base Case is markedly more cost-elastic than the Auckland case of [11]. The divergence is attributable to
the larger five-variable search space and to the synthetic, geographically uncalibrated load and resource profiles, so the
absolute cost-reduction figures reported here must not be transferred to a specific site without recalibration. As a second
structural reference, Hadj Slama et al. [43] report cost-versus-LPSP gradients for a PV-WT-battery—diesel system that
are broadly consistent with cost reductions of tens of percent in the low-LPSP regime for well-resourced standalone
systems. Quantitative validation would require reproducing [11] on its own data or calibrating a scenario to a measured
TMY dataset (Section 7).

Cost Reduction with LPSP Relaxation — All Scenarios

=
e Jr Hossain et al. 2023 (12.12% @ 8%)

Cost Reduction (%)
w
&

0 2 4 6 ] 10
Maximum Allowed LPSP (%)

Fig. 4. Percentage LCC reduction versus LPSP tolerance for all scenarios; the star marks the problem of Hossain et al. [11].
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6.5 A-sensitivity and convergence

Fig. 5a shows the Base Case fronts for 4 € {0.001,0.002,0.005} at reduced parameters (N = 30, G = 50). The minimum
LPSP values are 1.20%, 1.91% and 1.91%, a spread of 0.71 percentage points. The front shape is qualitatively stable; the
main effect of increasing A is a modest upward shift at the minimum-LPSP end, consistent with the penalty on
maximum-deployment configurations. The selected A = 0.002 therefore preserves diversity in resource-abundant
scenarios without materially distorting the reliability-dominant region of the front. Fig. 5b shows that the Base Case
hypervolume converges by about generation 60 and remains stable through generation 100, with no further improvement
in the final 40 generations. Together with the negligible multi-run LPSP standard deviation (0.001%), this confirms that
N =60 and G = 100 suffice for this five-dimensional mixed integer—continuous problem, consistent with NSGA-II
behaviour on analogous sizing problems [12], [44].
NSGA-Il Convergence — Hypervolume vs Generation (Base Case)

Lambda Sensitivity Analysis — Base Case Pareto Fronts 0.10

70 % A =0.001
A= 0002
A = 0.005 0.08

0.06

0.04

Hypervolume Indicator

Life Cycle Cost ($k)

0.02

0.00

. 0 20 40 60 80 100
. Generation

30
LPSP (%)

Fig. 5. (a) Base Case Pareto fronts for A € {0.001,0.002,0.005}; (b) NSGA-II hypervolume versus generation (Base Case).

6.6 Why the synthetic framework matters

The principal contribution of this study is not an optimal design for a particular site but the quantification of how the
geometry of the cost-reliability Pareto front changes as resource availability moves from favourable to severely
constrained regimes. This insight transfers across data-scarce regions because it depends on relative, not absolute,
resource values: PV dominance that strengthens as conditions deteriorate, the shift of the binding constraint from total
energy to storage in well-resourced regimes, categorical infeasibility once generation falls below demand, and the
rational response of post-Pareto selection to designer preferences are governed by the structure of the resource-reliability
relationship, not by the coordinates of any location. A practitioner facing a site with no measured record can therefore
position it within the scenario spectrum and read off the expected front behaviour and dominant design driver, which is
exactly the function of a pre-feasibility screening tool; absolute sizing remains a later step requiring measured data.

7. Conclusions, Limitations and Future Work

This paper presented an NSGA-II multi-objective framework for sizing a standalone PV—-wind turbine—battery HRES
across four synthetic stochastic scenarios, with TOPSIS integrated as a post-Pareto decision layer. Four conclusions
emerge. (1) Resource availability is the dominant determinant of achievable reliability. Minimum LPSP spans 0.00%
(High Renewable) to 43.66% (Worst Case), showing that resource scarcity, not algorithmic limitation, bounds the
feasible reliability space. The Base Case minimum-LPSP configuration (Npy, = 12, Nyy¢ = 6, Nyge = 4, h =50 m, LCC
= $69.7k, LPSP = 1.20%) is robust across five independent seeds (SD = 0.001%). (2) Post-Pareto selection is decisive for
practical recommendations. Under equal, unconstrained weighting TOPSIS favours PV-only battery configurations
(Ny ¢ = 0) with 51-84% LCC reductions, but these give impractical reliability in resource-poor scenarios (LPSP up to
55%). A deployability constraint (LPSP < 10%) reverses this outcome: the Base Case and High Renewable designs
reintroduce wind capacity to reach LPSP of 4.35% ($44.2k) and 1.05% ($29.6k), whereas Low Solar and Worst Case
admit no configuration meeting the threshold within the design bounds. Wind capacity is thus essential once realistic
reliability is required, and resource-poor sites are categorically infeasible for the specified load. (3) The synthetic
framework works as a reproducible proof-of-concept screening tool. It reproduces the qualitative convex diminishing-
returns structure reported for real-data HRES optimisation [11], while the large difference in gradient magnitude shows
that it suits early-stage design-space exploration, not site-specific quantitative prediction. (4) The compound reliability
index is robust. Minimum LPSP varies by at most 0.71 percentage points across 4 € {0.001,0.002,0.005}, so the penalty
weight does not materially affect the reliability-dominant region of the front.

Limitations and future work. The framework is a screening tool: (a) validation against measured meteorological data, by
reproducing [11] on its own data or calibrating a scenario to a measured TMY dataset, is required before outputs are
applied to a specific location; (b) the tilt model of Eq. (2) is a symmetric proxy, so tilt results are not site-optimal and a
solar-position model should replace it; (c) the favourable scenarios represent an upper stress-test bound of irradiance; and
(d) embedding the framework within a Latin Hypercube or Monte Carlo resource ensemble, and including battery
degradation and demand-side or dispatchable options for the infeasible regimes, are natural extensions.
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