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Abstract

While traditional microgrid optimization focuses primarily on minimizing Net Present Cost
(NPC), real-world deployment success depends on multiple operational factors, including
system resilience, capacity headroom, and battery health preservation. This paper presents
an enhanced Particle Swarm Optimization (PSO) framework coupled with a Multi-Design
Optimization (MDO) methodology that incorporates use-case objective functions that
take into account several metrics beyond pure economics. Moreover, the enhanced PSO
algorithm allowed us to evaluate near-optimal solutions that can help with plant design
with constrained industrial choices. The proposed approach extends the established PSO-
MDO method by introducing a customized cost function that simultaneously evaluates:
(i) economic viability through NPC, (ii) system resilience through capacity factor and
headroom utilization, and (iii) battery longevity through Depth of Discharge (DoD) and
C-rate constraints. We apply this methodology to the Areza microgrid in Eritrea, a remote
PV-BESS-diesel hybrid system that has been operational since 2019, with two primary
objectives: first, quantifying design differences between optimization-derived and as-
built configurations, and second, assessing system resilience under load growth scenarios.
The results demonstrate that the objective function reveals critical trade-offs invisible
to traditional NPC-only optimization, particularly regarding battery stress patterns and
system capacity margins. The results reveal a broad near-optimal range where NPC
changes by about 5%, but CAPEX varies by almost 28%. This indicates how very different
combinations of components can achieve similar lifecycle costs. The best-performing design
achieves an NPC ~ EUR 2.02 M and an LCOE ~ EUR 0.161/kWh, with sizing around PV
973 kW, battery 2236 kWh, inverter 392 kW, and generator 522 kW. The study highlights
key trade-offs: reducing diesel use often leads to more curtailment, and systems that rely
more on diesel are more sensitive to demand growth. Smaller systems face higher fuel
costs when demand rises by 20%.

Keywords: microgrid optimization; Particle Swarm Optimization; Multi-Design Optimization;
battery energy storage systems; resilience analysis; rural electrification; use-case cost function
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1. Introduction
1.1. Context and Motivation

Rural electrification through hybrid microgrids represents a critical pathway for sus-
tainable development in off-grid communities [1,2]. Although significant progress has been
made in developing optimization tools for microgrid design, a persistent gap exists between
theoretically optimal designs and practically deployable systems, matching available com-
ponents, and single use-case specificity. Traditional sizing methodologies predominantly
focus on minimizing Net Present Cost (NPC), potentially overlooking critical operational
factors such as system resilience, battery health, productive use of electricity, and capacity
to accommodate future load growth.

This work directly contributes to Sustainable Development Goal 7 (SDG 7): ensuring
access to affordable, reliable, sustainable, and modern energy for all. Off-grid hybrid
microgrids combining solar PV with battery storage represent a key technology pathway
for achieving universal electrification targets, particularly in sub-Saharan Africa, where
over 565 million people remained without electricity access in 2023 [1]. By explicitly
incorporating resilience and battery health metrics into the optimization framework, the
proposed methodology promotes systems that are not only economically viable but also
operationally sustainable over their full project lifetime, reducing the risk of stranded assets
in remote communities.

In stationary microgrid systems, batteries are now more widely used than other
lithium-ion types. This shift is not driven by energy density, where LFP remains inferior,
but by characteristics that are particularly relevant in remote and rural environments.
LFP batteries handle high temperatures well, are less likely to overheat, and last longer
with frequent use. These qualities make them a strong choice for locations that require
minimal supervision or can withstand harsh weather. As a result, developers can build
microgrids that rely on batteries for power and backup, rather than relying primarily on
diesel generators [3,4].

This study is the first application of the modified PSO-MDO framework to the anal-
ysis of the near-optimal neighborhood of a real microgrid. Its primary contribution is
methodological: showing that the use-case-oriented post-processing of the near-optimal
region can surface resilience, headroom and battery-health trade-offs that least-cost ranking
hides, using the Areza system and its SCADA data as a testbed. Accordingly, several
analyses are deliberately scoped as a foundation for subsequent work: the exhaustive
breaking-point quantification across all candidate designs, the sizing of recovery capacity,
multi-run convergence statistics, and economic and data-treatment sensitivity studies. We
report directional findings where the available data support them and identify, in each case,
the next step required to make them exhaustive.

1.2. Research Gap and Innovation

Recent advances in heuristic optimization methods, particularly the Multi-Design
Optimization (MDO) framework proposed by [5,6], have demonstrated that multiple
significantly different design configurations can yield similar NPC values within narrow
tolerance bands (1-5%). This finding suggests that the objective function landscape is
relatively flat near the optimum, opening opportunities for incorporating additional criteria
without substantially compromising economic efficiency.

However, existing MDO implementations continue to rely on NPC as the sole opti-
mization criterion during the iterative search process, with additional metrics examined
only during post-processing. This approach limits the algorithm’s ability to actively guide
the search toward solutions that balance multiple objectives throughout the optimization
process.
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An example of objective metrics that should be considered in the design evaluation
follows:
Economic metrics: NPC, LCOE, and initial CAPEX;
Resilience indicators: Capacity factor achieved, system headroom utilization;
Battery health preservation: Average and maximum DoD, C-rate distribution;

Operational flexibility: Unmet energy, curtailed generation, protection mode frequency.

This work addresses this limitation not by altering the PSO objective itself, which
remains a single-objective Net Present Cost (NPC) minimization, but by introducing a use-
case-oriented post-processing stage. After optimization, the near-optimal region around
the cost minimum is analyzed against additional, deployment-relevant criteria (resilience,
capacity headroom, depth-of-discharge and C-rate stress), allowing multiple design options
to be compared on dimensions that pure cost ranking does not capture.

1.3. Case Study: The Areza Microgrid

Areza is a rural town in Eritrea’s Debub Administrative Region (Zoba Debub), 42 km
west of Mendefera, the capital of Zoba Debub, latitude 14.92575° and longitude 38.56503°
at an elevation of 2008 m (6588 feet). Figure 1 illustrates the geographic position of the site
within the Horn of Africa. The Areza microgrid has been operational since 2019; it provides
an ideal testbed for this methodology.
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Figure 1. Location of the Areza microgrid site in Eritrea (red arrow), with an inset map showing the
regional context in the Horn of Africa. Red rectangle indicates position of the inset within the region.
1.4. Research Objectives

This study pursues two primary objectives:

e  Objective 1: Design Comparison. Quantify the differences between PSO-optimized
microgrid configurations and the actual deployed Areza system, analyzing trade-offs
in component sizing, economic performance, and operational characteristics.

https://doi.org/10.3390/su18147263


https://doi.org/10.3390/su18147263

Sustainability 2026, 18, 7263

40f23

e  Objective 2: Preliminary Resilience Characterization. Demonstrate that the near-
optimal post-processing can track resilience indicators (energy adequacy, battery
depth-of-discharge and C-rate stress) under progressive load growth, reporting di-
rectional trends and the first binding constraint, and establishing the basis for an
exhaustive per-design breaking-point and recovery-capacity analysis in future work.
Through these objectives, we demonstrate the practical utility of use-case-oriented
post-processing of near-optimal PSO solutions in providing actionable insights for
microgrid developers and operators.

2. Background and Related Work
2.1. Microgrid Optimization Approaches

Microgrid optimization has been tackled through various methodologies, each with
distinct strengths and computational trade-offs. Mixed-Integer Linear Programming (MILP)
guarantees global optimality for convex problems but suffers from computational com-
plexity in large-scale systems with nonlinear constraints. Moreover, some non-linear or
variable constraints are not easy to set, potentially leading to loss of model realism. Meta-
heuristic approaches such as Genetic Algorithms (GAs) and Particle Swarm Optimization
(PSO) [7-10] handle non-convexity effectively and are widely adopted for their flexibil-
ity, though they provide no optimality guarantees and require careful parameter tuning.
Commercial tools like HOMER have gained popularity for their user-friendly interface
and rapid techno-economic assessment, yet remain limited to pre-defined component li-
braries and simulation-based optimization. A critical limitation across these methods is the
prevalent reliance on single-objective formulations—typically minimizing Net Present Cost
(NPC) or Levelized Cost of Energy (LCOE)—which fail to capture the multi-dimensional
nature of rural electrification challenges. Such approaches often overlook crucial trade-offs
between cost, reliability, environmental impact, and social acceptance, potentially leading
to solutions that are economically optimal but practically unsuitable for off-grid contexts
where resilience and community needs are paramount.

2.2. The PSO-MDO Methodology

Ref. [3] introduced a novel approach to microgrid sizing that allows PSO to identify
several design options of the microgrid components by using an iterative approach that
stores simulation data for each iteration. The key innovation lies in having all intermediate
particle configurations evaluated during the PSO iterative process, not just the final optimal
solution, in order to trace back other solutions in the “near-optimal” area, enhancing real
application choice possibilities. The overall optimization workflow, including the PSO
iteration loop and the yearly degradation tracking, is illustrated in Figure 2.

PSO for Microgrid Sizing: The PSO algorithm minimizes the system NPC, defined as:

Nr OPEX;
NPC = CAPEX Bt 1
+ = (144)t M

where N7 represents the project lifetime, d is the nominal discount rate, CAPEX includes
investment costs, and OPEX encompasses operational expenses and fuel costs.
The optimization is therefore strictly single-objective:

x* = argmin, NPC(x)

with x = [PV_kW, BESS_kWh, Inv_kW, Gen_kW] bounded by the feasible ranges. No
resilience, headroom or battery-health terms enter the objective, and consequently no inter-
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objective weights, normalizations or penalty terms are defined. These criteria are evaluated
in post-processing (Section 3.2) over the near-optimal set, not during the PSO search.
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Figure 2. Optimization workflow showing PSO iteration loop with yearly degradation tracking and
post-processing to extract representative designs. Each particle evaluation simulates 20 years of
system operation at 15 min resolution.

Post-Processing for Multiple Designs: After PSO convergence, all evaluated particles
within a preset NPC tolerance (5% for this study) from the optimal solution are retained.
These near-optimal configurations are then visualized through color maps that reveal
relationships between component sizes, fuel consumption, Energy Not Served (ENS),
and initial investment, diesel generator share, average annual OPEX, average annual
curtailment, battery cycling stress, delta fuel cost under demand growth and LCOE.

Limitation of Standard PSO-MDO: While the post-processing phase examines multiple
metrics, the PSO search itself remains guided solely by NPC minimization. Consequently,
the algorithm has no explicit mechanism to favor solutions with better resilience, lower
battery stress, or greater capacity headroom during the optimization process.

2.3. Battery Health and Degradation Factors

Lithium-ion battery lifetime in stationary energy storage systems is governed by
complex degradation mechanisms influenced by cell chemistry (the simulation uses
LFP—Lithium Iron Phosphate cell chemistry parameters), as well as operational and envi-
ronmental factors. Depth of Discharge (DoD) exhibits a non-linear relationship with cycle
life: while shallow cycling (20-30% DoD) can extend battery life to several thousand cycles,
deep discharges (80-100% DoD) accelerate capacity fade through increased mechanical
stress on electrode materials and electrolyte decomposition. C-rate—the charge/discharge
current relative to battery capacity—directly impacts both calendar and cycle aging, with
high C-rates (higher than 1C) generating excessive heat and promoting lithium plating,
which is particularly detrimental during charging phases. Temperature effects are perhaps
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the most critical yet often underestimated factor: elevated temperatures (higher than 35 °C)
exponentially accelerate chemical degradation through Solid Electrolyte Interphase (SEI)-
layer growth and active material dissolution, while low temperatures (lower than 10 °C)
increase internal resistance and can cause irreversible lithium plating [1,3]. These factors
interact synergistically, making lifetime prediction highly context-dependent. For off-grid
microgrids in tropical or desert climates, thermal management becomes paramount, as the
combination of high ambient temperatures and irregular charge/discharge patterns can
reduce battery life by 40-60% compared to controlled laboratory conditions.

The mechanisms reviewed above (SEI growth, lithium plating, temperature-driven
acceleration) motivate the design priorities of this study but are not all explicitly simulated.
In this work, battery health is represented through two elements: (i) a phenomenological
three-phase capacity-fade model applied year by year, and (ii) operational constraints and
stress indicators on state of charge, depth of discharge and C-rate. Temperature effects and
detailed electrochemical aging (SEIL lithium plating, loss of active material) are not modeled
dynamically; they are used qualitatively to justify the conservative operating limits adopted.
A remote, off-grid, replacement-constrained context calls for robust, conservative operating
conditions. A detailed electrochemical aging model has limited direct use within the scope
of this paper; moreover, it would require cell-level test data, which are not available for
this installation.

3. Methodology: NPC-Based PSO-MDO with Use-Case Post-Processing
3.1. Optimization Workflow

The PSO workflow uses NPC as the single objective function; the use-case criteria are
applied afterwards, in post-processing;:

e Initialization: Generate P particles with random component sizes within feasible
bounds.

e  Simulation: For each particle, simulate annual system operation using cycling charging
strategy.

e  Evaluation: Calculate the objective f(x) = NPC(x) for each particle, where NPC is the
20-year lifecycle cost defined in Equation (1). Update: Adjust particle velocities and
positions based on personal and global best values.

e Convergence: Terminate when f(x) improvement <0.1% for 15 consecutive iterations.

e  Storage: Unlike standard PSO, retain all evaluated particles and their metrics.

The PSO was run with 100 particles and cognitive/social/inertia coefficients ¢; = 2,
¢ =1, w = 0.8, for a maximum limit of 40 iterations. The search was terminated early when
the best objective value improved by less than 0.1% over 15 consecutive iterations. Under
these settings, the algorithm converged after 28 iterations, corresponding to 2800 evaluated
particle configurations (100 particles x 28 iterations).

3.2. Post-Processing and Multi-Design Selection

Following PSO convergence, the post-processing phase identifies multiple near-
optimal designs:
e  Filter particles within tolerance band: f(x) < (1 + €)-f(x*) where € = 1-5%.
e  Generate color maps showing relationships between:

o  Component sizes (PV vs. BESS);

o Performance metrics (CF, DoD, C-rate);

o Economic indicators (NPC, CAPEX).

e  Identify Pareto-optimal solutions balancing multiple criteria.
e  Present trade-off curves to decision-makers.
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The post-processing procedure used to identify the near-optimal designs is summa-

rized in Figure 3.

—

C

Figure 3. Post-processing phase flowchart.
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4.1. As-Built System Description

-
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The technical specifications of the Areza system include the following:

PV plant: 1.25 MWp;

Battery Energy Storage System (BESS): Tesla Powerpack, 2310 kWh /460 kW;

Four diesel backup generators of 400 kVA each;
Diesel storage tank of 20,000 L;
415 V/15 kV transformer with a capacity of 1.25 MVA.

The system is part of a program supplying around 8900 households (~41,000 residents)
across the two towns of Areza and Maidma and 28 surrounding villages; this study focuses
on the Areza site, which serves a share of that demand plus local commercial loads. A
simplified single-line diagram of the Areza microgrid is shown in Figure 4.

4.2. Solar Resource

Solar PV is particularly suitable given the high solar insolation in Eritrea. A 2022
GIS-based estimation of solar energy potential in Eritrea resulted in an annual average
maximum and minimum GHI of 2238 kWh/m? and 830 kWh/m? in the three regions
in the lowlands (Ghash Barka, Northern Red Sea, and Southern Red Sea) [10], and an
annual average maximum and minimum GHI of 2775 kWh/ m? and 870 kWh/m? in the
three regions in the highlands (Maekel, Anseba, and Debub, where Areza is located).
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Figure 4. Areza simplified single-line diagram.
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For the Areza case study, Table 1 summarizes long-term monthly and daily irradiation
indicators (from SolarGIS [11]—used for monthly/daily irradiation indicators). NASA
POWER [12] was used as the source of the hourly dataset applied to the analysis. See
Section 4.6 together with the average diurnal air temperature.

Table 1. Areza data summary. Gy, is monthly sum of global irradiation [kWh/ m?], Gy, is daily sum
of global irradiation [kWh/m?], D), , is daily sum of diffuse irradiation [kWh/ m?], and Ty is daily
(diurnal) air temperature [°C].

Month Gy, Ghd th Toy
January 188 6.07 1.39 19
February 190 6.77 1.63 20.6

March 224 7.22 1.97 224
April 211 7.02 2.31 24
May 208 6.71 2.6 249
June 184 6.14 3.02 22.7
July 153 492 3 19.1

August 142 4.58 2.87 18.7
September 176 5.86 2.73 21.4
October 191 6.17 2.08 21.7
November 179 598 1.54 20.3
December 179 5.78 1.36 19.2
Year 2225 6.09 221 21.2

4.3. Operational Data Collection

SCADA data were collected from the Areza microgrid over a 14-month period (October

2023 until November 2024), with 5 min sampling resolution. Key parameters monitored

include:
e Load demand (kW, kWh);
e PV generation (kW);
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e  BESS state of charge (%);
e  BESS power flow (kW, positive = charge, negative = discharge).

Gap-Filling Methodology

The raw 5 min demand time series contained missing samples and occasional zero val-
ues. These artifacts were treated as a data-quality issue (rather than physical demand
curtailment), since the optimization framework aims to size a system that delivers continu-
ous service. We adopted a pattern-based reconstruction method based on recurrent weekly
consumption rhythms.

First, we identified a subset of “clean” months (defined as months with more than
90% valid non-zero measurements) and used them to build a reference database. In
the Areza dataset, seven months met this threshold (October 2023, December 2023, and
February-June 2024), providing 90,987 valid measurements. For each combination of day
of weekd € {1,...,7} and hour of day / € {0,...,23} (168 bins), we computed the mean
load pt j, from the reference data:

uan = E[P(t) | dow(t) =d, hod(t) =h, t € R],

where R is the set of timestamps belonging to clean months and with non-zero measurements.
Then, for each missing or suspicious record (NaN or zero), the load value was replaced
by the corresponding ., j, of its time slot (same day of week and hour of day).
Table 2 presents key statistics before and after gap filling.

Table 2. Load data statistics before and after gap filling.

Metric Before After Change

Valid records 90,987 114,625 +23,638

Mean load (kW) 155.7 146.1 —9.6 (—6.1%)
Std. deviation (kW)  89.1 88.8 -0.3

Median (kW) 149.5 142.0 -75

Maximum (kW) 589.4 589.4 0.0

Total energy (GWh) 1.180 1.396 +0.215 (+18.3%)

The “before” and “after” columns are computed on different sample sets: “before” uses
only the valid, non-zero measurements (90,987 records), whereas “after” uses the complete
reconstructed timeline (114,625 records). This explains the apparently counter-intuitive
combination of a lower mean and a higher total energy. Per-sample statistics (mean,
median, standard deviation) are intensive quantities, while record count and total energy
are extensive (aggregate) quantities, so the two need not move in the same direction. By
construction, the 23,638 reconstructed samples carry an average load of ~109 kW—below
the 155.7 kW mean of the valid samples—which lowers the overall per-sample mean;
at the same time, these intervals, previously recorded as missing or zero and therefore
contributing no energy, are now assigned their expected demand, which raises the aggregate
total energy by 18.3%. The maximum (589.4 kW) is unchanged, since reconstruction never
exceeds observed peaks.

The gap-filling procedure reconstructs missing intervals using conditional mean pro-
files (binned by day type and hour) estimated from the valid measurement period. By
construction, this preserves the diurnal and seasonal shape of the load, which is the prop-
erty most relevant to relative component sizing. The 18.3% increase in total energy reflects
the recovery of intervals missing from the raw record due to metering downtime, with no
significant plant outages in the gaps; it is therefore not an inflation of per-interval demand
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Hour of Day

but a more complete estimate of annual served energy, and using the raw record would

bias the sizing downward.

4.4. Load Characterization

The aggregated daily profile in Figure 5 shows a progressively rising demand from the

early morning, until the first local maximum between 10 and 11 AM, and a definite evening
shoulder around 19:00-20:00. The blue shaded band representing the standard deviation
clearly shows high dispersion at midday, probably indicating intermittent commercial

activity; in contrast, the evening shoulder is more stable, plausibly driven by residential
lighting and appliance use. While the maximum load power measured is 600 kW, the

average midday peak is 250 kW and 200 kW in the evening shoulder.

Daily Load Pattern (Peak: 10:00)

398 days Statistics

600 4 (Oct 20, 2023 - Nov 20, 2024):
Avg Load: 155.7 kW / )
Peak Load: 589.4 kw 4 \
Total Energy: 1180.3 MWh 7

500 7 |valid Points: 90,087 7z
(Zeros removed: 20,313) 4 \

Timestep: 5 min 7 \

Load (kw)

+1 Std Dev
— Average
== Maximum

0 5 10 15
Hour of Day

Figure 5. Daily load profile of the Areza microgrid (before filling data).

20

The seasonal variation in the hourly load demand across months is illustrated by the

heatmap in Figure 6, whereas Figure 7 compares, on a monthly basis, the original measured

data with the reconstructed (gap-filled) series.

BEFORE Filling - Load Profile Heatmap
(Gaps and zeros visible as artifacts)

AFTER Filling - Load Profile Heatmap
(Complete, continuous data)

600

8
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(M¥) peoT abesaay
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Figure 6. Heatmap comparison of hourly load demand patterns across months, showing seasonal

and diurnal variations in the Areza microgrid.
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2023-10 - Load Time Series 2023-11 - Load Time Series 2023-12 - Load Time Series

Load (kW)

01 05 09 13 17 21 25 29 01 01 05 09 13 17 21 25 29 01 01 05 09 13 17 21 25 29 01

Figure 7. Monthly time-series comparison showing original measured data (red dots, with visible
gaps), complete filled timeline (green line), and reconstructed points (blue dots) for all 14 months of
the study period.

4.5. Cost Parameters and Assumptions

A summary of all the technical and economic assumptions is shown in Table 3.

LCOE Calculation

The Levelized Cost of Energy (LCOE) was calculated following the HOMER approach,
which converts the total Net Present Cost (NPC) into an equivalent annual cost using the
Capital Recovery Factor (CRF) and dividing by the annual energy served (HOMER Energy,
n.d.) [13].
i1+ )N
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where i is the annual nominal discount rate and N is the project lifetime in years. For
i = 8% and N = 20, CRF(0.08,20) = 0.1019.

CRF(i, N) Cnpe

annual

LCOE =

where Cnpc is the total net present cost [EUR] and E,nya1 is the annual energy served
[kWh/year].

Table 3. Economic and technical assumptions used in simulation.

Item Value
Nominal discount rate 8%
Project lifetime 20
Diesel price (year 1) EUR 1.00/L; escalation 3%/y
ENS penalty EUR 100/kWh
O&M escalation 2%/y
PV performance ratio 0.85
PV degradation 0.6%/y
BESS degradation Years 1-10: 0.8%/y; years 11-15: 1.2%/y; years 16-20: 2.0%/y
BESS SoC limits 10-90% (init. 50%)
Charge/discharge efficiency 95%/95% (AC basis)
Generator loading window 30-70% (cycle charging)
Gen start/stop SoC 10%/20%
O&M (PV, BESS, inverter, genset) 1.5%, 2.0%, 2.5%, 2.0% of CAPEX/yr
CAPEX (PV, BESS, inverter, genset) EUR 600/kW, EUR 230/kWh, EUR 160/kW, EUR 500/kW
Timestep 15 min

In the case of Areza, the minigrid program was co-funded by the European Union and
the Government of Eritrea, with additional financing from the United Nations Development
Programme (UNDP) (European External Action Service (EEAS) n.d.). Therefore, in this
study, the NPC is computed using nominal cash flows (diesel escalation 3%/y and O&M
escalation 2%/y) discounted with a nominal discount rate of i = 8% (Table 3). That would
result in a real discount rate of £6%, which supports interpreting the economic assumption
with relatively favorable financial conditions.

4.6. Simulation Tool and Implementation

The optimization framework was implemented in Python 3.11, using open-source
scientific computing libraries. Core simulation and optimization routines employed NumPy
(v1.24+) for numerical operations and Pandas (v2.0+) for time-series data handling and
resampling. The particle swarm optimization (PSO) algorithm was implemented with
PySwarms (v1.3.0) [14], which allows for flexible customization of swarm parameters and
constraint handling.

Visualization and analysis were performed using Matplotlib (v3.7+) to generate high-
quality figures and plots. Configuration management was achieved using YAML files
parsed by PyYAML (v.6.0+), enabling reproducible scenario definitions and parameter
sweeps without hard-coding values in the source code. Energy system modeling and
economic calculations were developed using custom functions built on these frameworks.

Post-processing of MDO results used scikit-learn (v1.3+) for k-means clustering of
representative designs and SciPy (v1.11+) for Delaunay-based linear interpolation of perfor-
mance metrics across the design space. The unified 12-plot dashboard displays interpolated
contours of net present cost (NPC), levelized cost of energy (LCOE), curtailment, and
battery cycling on a 100 x 100 grid in the PV-battery plane.
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Weather data preprocessing uses pvlib-python (v0.10+), which relies on established
models for calculating solar position, irradiance transposition, and plane-of-array (POA)
geometry. The library handles the conversion from horizontal irradiance components to
tilted-plane irradiance using the Perez transposition model (Perez et al. 1990) [15]. Since the
NASA POWER (see Section 4.2) dataset provides only global horizontal irradiance (GHI)
at hourly resolution, we used pvlib’s DISC model (Maxwell 1987) [16] to decompose GHI
into direct normal irradiance (DNI) and diffuse horizontal irradiance (DHI) components
before applying the transposition.

Temporal interpolation to convert hourly irradiance data to 15 min resolution was
performed using Pandas’ native .resample() and .interpolate(method="linear’) functions. In the
same way, electrical load data aggregation from 5 min to 15 min resolution was carried out
with Pandas’ .resample("15T").mean() method to compute arithmetic averages.

4.7. Multi-Year Dispatch Simulation

Rather than simulating a single representative year and multiplying costs by 20, we
explicitly model each year from 2024 through 2043. This captures the gradual decline in
system performance as components age.

Solar panels lose approximately 0.6% of their output capacity per year due to cell degra-
dation and soiling accumulation. By year 20, the PV array delivers 84% of its nameplate
rating.

Battery degradation follows a three-phase model, with annual capacity-loss rates of
0.8% (years 1-10), 1.2% (years 11-15) and 2.0% (years 16-20), reflecting the accelerating,
non-linear nature of lithium-iron-phosphate aging reported in the literature (Severson et al.
2019 [17]). We note that empirical LFP studies typically place the onset of accelerated fade
at lower states of health; the rates adopted here are therefore a deliberately conservative
parametrization rather than a calibration to a specific dataset, appropriate for a deployment
context (remote, off-grid, replacement-constrained) where overestimating degradation is
preferable to underestimating it.

We cap the minimum usable capacity at 50% to prevent the optimizer from exploiting
unrealistic degradation paths.

This 50% value is a numerical floor on the simulated degraded capacity, not an
operational limit on usable energy or an end-of-life threshold. Under the three-phase
degradation model adopted here, the retained capacity at year 20 remains well above this
level, so the floor is never binding for realistic designs; it acts only as a safeguard preventing
the optimizer from exploiting non-physical degradation trajectories in the search space.

Each year’s simulation runs at 15 min resolution using actual 2023-2024 load and solar
data. The dispatch logic implements a cycle-charging strategy where the battery serves
as the primary buffer between solar generation and demand. When solar exceeds load,
excess energy charges the battery up to 90% state of charge. When load exceeds solar, the
battery discharges down to 10% SOC. The diesel generator activates only when both solar
and battery cannot meet demand, or when the battery requires recharging during extended
cloudy periods.

Generator dispatch includes minimum and maximum loading constraints (30-70% of
rated capacity) to reflect realistic operational limits. Operating a diesel engine below
30% load results in incomplete combustion and accelerated wear, while operating above
70% load risks overheating and reduces fuel efficiency. Fuel consumption uses a model
where efficiency degrades sharply below 45% loading (0.30 L/kWh at 30-45% loading
versus 0.25 L/kWh at 60-70% loading). Because the load is relatively small during the
night, the generator starts when the battery reaches 10% state of charge, supplies the load
operating at the highest efficiency point, and charges the battery with the excess until
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20% state of charge. Then the battery takes over, and the cycle is repeated. This is necessary
to maximize generator efficiency. An example of the dispatch strategy is shown in Figure 8.

Example Day: 2024-07-14

Design: PV=985 kW, Bat=2202 kWh, Inv=389 kW, Gen=524 kW

— Load (kw)

PV (kw) available

—— Generator (kW)
PV (kW) real
PV Curtailment

—— Battery SoC (%) |

g 3 g8 8

a
o
Battery SoC (%)

07-14 00 07-14 03 07-14 06 07-14 09 07-14 12 07-14 15 07-14 18 07-14 21 07-15 00

Time

Figure 8. Example day dispatch results (15 min resolution) for the selected microgrid design. The
left axis shows power flows: the electrical load (blue), available PV power (orange), PV power used
after curtailment (yellow dashed), and diesel generator output power (red). The grey shaded area
indicates PV curtailment, i.e., the portion of available PV that is not injected because demand is
already met and the battery is constrained by its power/energy limits. The battery state of charge
(green) is shown on the right axis, highlighting daytime charging from PV surplus and evening/night
discharge to support the load and reduce generator runtime.

Strategy Equations

At each timestep ¢, the system balances power flows according to the following priority
hierarchy:

1. Netload calculation

Pnet(t) = Pload(t) - PPV(t)'

2. Battery dispatch

If Poet(t) > O(deficit) :  PUS(t) = min {Pnet(t), Piwes Crate Epat, m}

bat Ndis D
If Paet(t) < O(surplus) = PR (¢) = min { | Puet(£)], Pinvs Crate Evaty 250 |

3. State-of-charge update

— ch Pbdaii(t)
SoC(t+ 1) = SoC(t) + Py (t) fjen At — e
dis

At.

4. PV curtailment
If SoC(t) > 90% and Ppy(t) > Pioad(t), then:

Pcurtail(t) = max {0, va(t) — Pload(t) — Pinv}-
5. Generator dispatch

DGonif SoC(t) < 10% or Paet(t) — Paag () > 0.30 Pgare?.
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When on, enforce the optimal loading window:

Pgen(t) € [0.30 prated 7 prated} .

gen gen
Fuel consumption

Pgen(t)
_ Lgen
A ( t) - prated ’

gen

Fuel(t) = Pyen(t) a(A) At,

with specific fuel consumption (L/kWh):

0.25,
0.27,
0.30,
0.40,

A > 0.60 (optimal),
0.45 < A < 0.60,

0.30 < A <045,

A < 0.30 (inefficient).

a(A) =

Energy Not Served (ENS). If unmet demand persists after battery and generator

dispatch, define:

ENS(t) = max {o, Paet(t) — PIIS() — Pgen(t)}.

The notation used throughout this section is summarized in Table 4.

Table 4. Notation summary.

Symbol Description Units
Pioaq (t) Electrical load demand kW
Doy (t) PV power available kW
Pret(t) Net load (deficit/surplus) kW
Pgaif/ h(p) Battery discharge/charge power kw
Py Inverter power rating kW
Pgen(t) Generator output power kW
SoC(f) State of charge %
Epat Battery capacity kWh
Crate Battery C-rate (e.g., 0.5h 1)
Nehs Ydis Charge/discharge efficiency
At Timestep (e.g., 0.25 h) h
a(A) Specific fuel consumption L/kWh

The simulation tracks several key metrics for each year:

Annual fuel consumption (liters);

Total Energy Not Served (kWh);

Component degradation states (percentage of original capacity);
Diesel generation share (percentage of total annual demand);
Total PV energy curtailed;

Average DoD.
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The dispatch model described above is rule-based: it assumes a cycle-charging strat-
egy with fixed state-of-charge thresholds (charging to 90%, discharging to 10% SoC) and
generator loading limits (30-70% of rated power). These rules approximate the control
policy of the Areza installation, but they cannot be directly verified: the actual dispatch
logic resides in the inverter firmware and the control actions are not logged in the available
SCADA records, which capture observable states (PV output, load, battery state of charge,
power flows) rather than control decisions. The assumed strategy can therefore be inferred
from, but not confirmed against, the measured data. Because dispatch assumptions directly
affect diesel use, curtailment, battery cycling and unmet energy, the present results should
be read as the outcome of an assumed, transparent operating strategy—a standard choice in
sizing studies—rather than of a validated digital twin of Areza. A behavioral comparison
of simulated and recorded observable quantities (PV output, load, battery state of charge,
generator usage), and the reconstruction of the underlying control policy where additional
instrumentation becomes available, are identified as priorities for future work.

5. Results and Analysis
5.1. NPC-Optimal Baseline Design

The PSO was run with 100 particles and cognitive/social/inertia coefficients c; = 2,
¢ =1, w = 0.8 for a maximum of 40 iterations. The search was terminated early when
the best objective value improved by less than 0.1% over 15 consecutive iterations. Under
these settings, the algorithm converged after 28 iterations, corresponding to 2800 evaluated
particle configurations (28 iter x 100 particles each). The key performance indicators of the
optimization are summarized in the MDO-PSO dashboard shown in Figure 9.

The optimal configuration, with NPC-only optimization, is:

PV: 973 kW;

BESS: 2236 kWh /392 kW;
Generator: 522 kW;

NPC: EUR 2.02 M;
LCOE: EUR 0.161/kWh.

Having established the least-cost configuration, we now examine the near-optimal
region surrounding it, where the use-case post-processing is applied.

Metric Comparison: Net Present Cost vs CAPEX
Best Design: PV=973.2 kW, BESS=2236.3 kWh, INV=392.2 kW, GEN=521.8 kW

Net Present Cost 106 CAPEX 106

«  MDO Solutions (1038 total, 150 shown)
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Figure 9. Cont.
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Design Space: Diesel Generator Share
Best Design: PV=973.2 kW, BESS=2236.3 kWh, INV=392.2 kW, GEN=521.8 kW
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Design Space: Battery Cycling Stress
Best Design: PV=973.2 kW, BES5=2236.3 kWh, INV=392.2 kW, GEN=521.8 kW
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Figure 9. MDO-PSO dashboard for the Areza sizing study. Key performance indicators across the
explored design space; the best solution and current Areza system are marked with a star and a cross,
respectively. PSO settings: ¢; = 2, c; = 1, w = 0.8 (100 particles, 40 iterations).

5.2. The Near-Optimal Region: Use-Case Post-Processing

The post-processing phase identified six design configurations within 5% tolerance of
the optimum.
This portfolio reveals:
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PV capacity ranges from 780 to 1320 kWp;

BESS capacity ranges from 1760 to 2750 kWh;

BESS inverter ranges from 328 to 793 kW;

Diesel generator size relatively constrained to 467679 kW;

Strong trade-off visible between PV size and battery stress, as summarized by Table 5.

Table 5. Sizing flexibility within the 5% NPC band (MDO set), expressed as deviation from the
best design. The downward deviation is A™ = (Xpest — Xpin) / Xpest, and the upward deviation is
AT = (Xmax — Xpest) / Xpest-

Parameter Range Best Design A~ A"
PV capacity [10 kW] 780-1320 973 19.8% 35.7%
Battery capacity [kWh] 1760-2750 2236 21.3% 23.0%
Battery inverter [kW] 328-793 392 16.3% 102.3%
Generator sizing [kW] 467-679 522 10.5% 30.1%

The scatterplot in Figure 10 places all 150 K-means solutions (gray dots) alongside the
seven selected representatives (colored markers). The representatives generally span the
design space rather than clustering in one region. The NPC Optimal design sits near the
center-left, while Fuel Risk Hedge/Productive Use occupies the right side and Battery Life
and Demand Robust the center-top area. Low-CAPEX predictably lands in the lower left.

MDO Representative Designs - Design Space

K-means MDO (n=150)

A Y& NPC Optimal
Low CAPEX
Fuel Risk Hedge
Battery Life
Productive Use
2600 High Inverter
“ Demand Robust

=

S 2400

<

>

=

o

[

&

S p

2 * 103

g 2200

©

[}

2000

800 900 1000 1100 1200 1300
PV Capacity (kW)
Figure 10. Strategic comparison of representative designs selected from the MDO set (K-means
downsampled set, n = 150) in the PV-battery design space relative to the downsampled MDO cloud.

This spatial diversity validates the selection methodology. A simplistic approach might
cluster representatives near the NPC minimum,; the strategic selection instead ensures that
decision-makers see the full range of viable options and can match them with their current
project needs.

The following table synthesizes the key trade-offs across the seven representative designs.

Each representative design is selected from the near-optimal set as the configuration
that best satisfies a specific use-case priority while remaining within the 5% NPC tolerance
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band: NPC_Optimal is the cost minimum, Low_CAPEX minimizes upfront investment,
Fuel_Risk_Hedge/Productive_Use maximizes PV headroom to reduce diesel reliance, Bat-
tery_Life minimizes battery cycling stress, High_Inverter maximizes instantaneous power
capability, and Demand_Robust maximizes tolerance to load growth. Where two priorities
are best served by the same near-optimal configuration, that configuration is listed once
under both labels.

Against this portfolio of optimized designs, we now position the system as actually
built in Areza.

5.3. Comparison with the As-Built Areza System

The comparison with the Areza actual system (PV = 1250 kW, battery = 1900 kWh,
inverter = 450 kW, generator = 600 kW) is instructive. The Areza configuration lies outside
the optimal MDO region, particularly in its oversized PV and generator, yet remains
within roughly 8-10% of optimal NPC. Most surprisingly, it lies between the Fuel Risk
Hedge/Productive Use designs and Demand Robust in Figure 10. This suggests that the
actual installation may have been sized with reliability margins, reduced diesel dependency,
or demand growth anticipation that the pure cost optimization does not capture.

The nature of this oversizing can be characterized directly from the design vectors,
without additional simulation. Relative to the NPC-optimal design, the as-built system
carries roughly +28% PV capacity and +15% generator capacity, while using a 15% smaller
battery; the additional capacity is therefore concentrated in generation and backup rather
than in storage. This is consistent with a robustness-oriented rationale rather than a
least-cost one: as shown by the NPC-CAPEX asymmetry (Section 6), oversizing PV and
generation acts as low-cost insurance against fuel-price exposure and demand growth,
whereas undersizing them raises NPC sharply through diesel reliance. Consistent with
this, the as-built configuration tolerates approximately +16% load growth before reaching
the energy-adequacy limit (Section 5.2), i.e., it embeds headroom that a strictly least-cost
design does not. On the storage side, the as-built battery operates at structurally low
current stress (C-rate < 0.5C in all conditions) but at comparatively deep average depth of
discharge (~57%); this combination is consistent with LFP chemistry, which tolerates deep
discharge relatively well while being more sensitive to high current and thermal stress. A
full, single-simulation comparison of both designs across all operational indicators (fuel use,
curtailment, unmet energy, battery cycling, load-growth tolerance and battery stress) under
identical assumptions is the natural next step and is left to future work. With the present
evidence, the as-built system is best understood as robustness- and reliability-oriented
rather than simply oversized.

Beyond this steady-state comparison, we next assess how the as-built system responds
to progressive load growth.

5.4. Preliminary Breaking-Point Analysis

Progressive load growth scenarios reveal system capacity limits. Breaking points are
defined, where:

e  Energy unmet > 10% of total demand;
e  Battery DoD > 85% for > 15% of time;
e  C-rate > 1.0 for > 5% of time.

For the as-built Areza system:

Under progressive load growth, the as-built system (1.25 MWp PV, 1.9 MWh BESS) is
characterized as follows. Energy adequacy is the first binding constraint: unmet energy
rises from about 3.2% of annual demand at current load to the 10% adequacy threshold
at approximately +16% load growth (no PV expansion). Battery current stress never
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becomes binding: the C-rate remains below 0.5C across all tested load-growth levels (up to
+100%). Depth-of-discharge stress, by contrast, increases steadily—the share of time spent
below 15% state of charge (DoD > 85%) rises from ~16% at current load to ~65% at +100%
growth, and average per-cycle DoD increases from ~57% to ~80%. Notably, deep-discharge
stress is already significant at present load, indicating that the as-built battery operates
with a limited reserve margin even before any load growth. A full quantification of a
depth-of-discharge breaking point, of the corresponding thresholds for every design in the
near-optimal portfolio, and of the recovery capacity (PV, storage or generator addition)
required to restore acceptable performance is the subject of ongoing work.

Taken together, these results translate into the practical sizing guidance summarized
below.

5.5. Practical Design Recommendations

The combination of a wide near-optimal region and the use-case post-processing trans-
lates into concrete guidance for developers. Because NPC varies by only about 5% across
the near-optimal set while CAPEX spans nearly 28%, the choice among the representative
designs (Table 6) can be driven by project priorities rather than by cost alone, with little
economic penalty. For capital-constrained projects, the Low_CAPEX design minimizes
upfront investment, at the cost of a higher diesel share. Where fuel-price exposure or future
productive loads are the main concern, the Fuel_Risk_Hedge/Productive_Use design adds
PV headroom that lowers diesel reliance, accepting greater curtailment as a reserve for
demand growth. Where battery longevity dominates—the typical situation in remote,
maintenance-constrained sites such as Areza—the Battery_Life design reduces cycling
stress through additional storage. The Demand_Robust design is preferable where signifi-
cant load growth is anticipated, and the High_Inverter design where high instantaneous
power demand is expected.

Table 6. Representative (most common criteria of plant design functional optimization, based on
specific use case) MDO strategies: sizing, cost, and operational indicators (lifetime).

Strategy PV Bat Inv Gen NPC CAPEX LCOE Diesel Curtail EFC AFuel
EUR EUR . EUR
kW kWh kW kW M EURM /kWh %o MWh/y cycly Kly
NPC_ 973 236 392 52 202 143 16.1 6.7 424 231 2
Optimal
Low_ 802 2088 349 525 212 128 168 128 197 247 46
CAPEX : : : :
F“el—RiSk—H[‘;jege/ Productive 1555 538 373 49 212 1.61 16.8 3.0 954 24 14
Battery_Life 1000 2730 399 537 212 158 16.8 44 444 192 15
High_Inverter 993 264 755 528 211 151 16.7 62 452 28 2%
Demand_Robust 1118 2559 488 533 212 1.62 16.9 33 637 201 12

AFuel (EUR k/y): additional annual fuel expenditure incurred by each design under a +20% demand-growth
scenario, relative to its baseline-demand fuel cost. Lower values indicate greater robustness to load growth.

Two cross-cutting principles emerge. First, the CAPEX—fuel asymmetry favors erring
toward oversizing PV and storage: undersizing is penalized sharply through lifetime fuel
costs, whereas modest oversizing is comparatively inexpensive insurance against fuel-
price risk and demand growth. Second, for LFP storage in hot, replacement-constrained
contexts, keeping the C-rate low—as observed throughout this study—is an effective and
low-cost lever for battery health, even when depth of discharge is relatively deep. These
recommendations derive from a preliminary, single-site analysis and should be confirmed
by the sensitivity and validation studies identified as future work.
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6. Discussion

This work proposed and applied a multi-design optimization (MDO) framework,
combined with particle swarm optimization (PSO), to explore the sizing trade-offs of an
off-grid PV-battery—diesel microgrid for the Areza case study. Rather than producing a
single “optimal” design, the results highlight a near-optimal region in which substantially
different component combinations achieve similar lifecycle economic outcomes.

The main conclusions can be summarized as follows:

1. Near-optimal designs form a wide decision space, not a single point. Across the
design set, the Net Present Cost (NPC) varies by only ~ 5 %, while CAPEX spans
nearly ~ 28%. Practically, this means that developers can freely choose sizing strate-
gies that align with financing constraints, risk tolerance, and expansion plans, without
significantly increasing lifecycle costs.

2. NPC is primarily shaped by the CAPEX-fuel trade-off, and the penalty is asymmet-
ric. Undersizing PV or storage pushes the system into high diesel reliance, and NPC
rises quickly because fuel accumulates and increases over the project lifetime. After
the analysis, this is even clearer in the MDO-Pareto front (Figure 11), where a reduction
in CAPEX of ~ 9 % from the optimal solution causes a maximum increase in lifetime
cost, while for the same lifetime cost you can increase the CAPEX by ~ 14%, with all
the benefits of an oversized system. The economic results rest on a fixed set of assump-
tions (Table 3), and we did not perform a formal sensitivity analysis on them; this is a
preliminary evaluation whose primary aim is to test a use-case customization of the
PSO-MDO methodology rather than to deliver definitive sizing recommendations. We
note, however, that the central qualitative finding—the existence of a flat near-optimal
region in which NPC varies little while CAPEX varies substantially—follows from
a structural mechanism: near the optimum, the higher investment of an oversized
design is offset over the project lifetime by lower fuel and OPEX, so NPC stays nearly
constant while CAPEX changes. This compensation is expected to hold across a broad
range of parameter values; what economic assumptions mainly shift is the width and
center of the near-optimal region, not its existence. A formal sensitivity analysis on
diesel price, discount rate, PV and BESS CAPEX, and the ENS penalty—which would
quantify these shifts and confirm the robustness of the recommendations—is left to
future work.

3. Low diesel share often comes with higher curtailment: fuel risk can be limited,
but not for free and not entirely. Designs that minimize diesel share typically carry
more PV headroom than the fixed demand can absorb, so curtailment increases.
For developers, this situation does not necessarily constitute waste; the additional
capacity can serve as a reserve for future expansion or productive uses, provided there
is a realistic expectation of demand growth or the implementation of load-shifting
strategies. Additionally, considering the lifetime operation, the minimum diesel share
of the optimal solutions is still not zero, due to the rainy season in July and August.

4. Demand-growth sensitivity is strongly location-dependent and correlates with
baseline diesel reliance. In scenarios where demand increases by 20%, the additional
fuel costs are substantial for smaller systems already operating near the limits of
their generators, whereas larger or more balanced systems experience a much smaller
marginal fuel penalty. This observation indicates that the benefits of sizing systems
to be robust to demand growth depend heavily on the likelihood of future demand
increases and on the site’s capacity to accommodate new productive loads.

https://doi.org/10.3390/su18147263


https://doi.org/10.3390/su18147263

Sustainability 2026, 18, 7263

22 0f 23

1e6 MDO-Pareto Front (NPC vs CAPEX)
2'12_ " o ® °° . ’ .° . o . . . - ° = - °° °° °°°°
o ° . °% °o ° s :o ; c: e © % o ® oo ® o
°o °° ¢ ° z’ ° J° . ’°C°°° : : - e °°°o % ’
: °°° o% ° QQ&O ® . :% ° °. ® soj0° |, .
i ® e o ° R e w °°¢° °. .o $°° °°o° o °o
2.10 .° ..0 " °:,? . ~°§ e !’o: °s°
e _o - o0 o °o ° N, %@ e ° L, °
op © 000 ® e 0 °,° > ® % %00 o °
° % oo w® e o 9o :. % o ‘e o % o’ o
o ® o ° : * o e°& ° °°° ° °
'G 2.08 1 .°,': ;‘af": :o°° :°'° °°°‘§° .°8°0. o, °:. *°
‘J 5 * o . ° . .‘: °%°= e o %% o;‘ 8° s
° el 0% o 4 @ g’ ° ° o °° - °
% ¢ o e % % - b °\°?‘~ O o e °%
e o 0%, % %0 oo et o @00 0% o
2.06 1 BRSPS o RIS RS
° °°‘ .’o o’ e : °°$o ° &JQ ‘
o o° 0, r4 . o°\°°. ° e ° ':
° \s°"° ® ¢ .9 e.°°'o .0:' ®e
? o W o W ° 900
°8 o o Y od, w S
0 kY P Y
* §o \/ bR ) ¢ @ BestNPC
- w2 ° MDOs: 1038
2.02 A Particles: 100, Iterations: 40
1.30 1.35 1.40 1.45 1.50 1.55 1.60
CAPEX [€] le6

Figure 11. MDO-Pareto front showing the NPC vs. CAPEX trade-off across near-optimal designs.
The asymmetric penalty of undersizing is clearly visible. The dots indicate solutions explored by
the PSO.

7. Conclusions

This study demonstrates the value of the PSO-MDO framework for sustainable mi-
crogrid sizing in off-grid contexts. The key findings confirm that purely economic op-
timization (NPC minimization) provides an incomplete picture of system performance,
and that use-case-oriented post-processing of the near-optimal region can reveal critical
trade-offs between cost, resilience, and component longevity that a single NPC ranking
does not expose.

Future Research Directions

1. Deep analysis of model resilience for future scenario exploration (i.e., several types of
load growth patterns).

2. Implementation of advanced cost function, including other factors besides NPC, such
as resilience and battery health.

3. Deep analysis of long-term Areza data to improve understanding of load profiles, plant
component resilience and breakpoints, and to improve model realism and robustness.

4. Systematic sensitivity analysis of the economic assumptions—in particular, diesel
price, discount rate, PV and BESS CAPEX, and the ENS penalty—to quantify the
width and center of the near-optimal region and confirm the robustness of the design
recommendations.

5. Potential use and comparison of different ML/AI algorithms to develop a toolbox
with multiple choices for different use cases.
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