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Abstract: This study looks at the resilience and cross-region fidelity of a HRES (Hybrid
Renewable Energy Systems) across multiple climates in Africa. The study modelled the
systems with a PSO (Particle Swarm Optimization) algorithm in MATLAB (Matrix Laboratory).
“Large-scale transferability” refers to the system’s capacity maintained against tight acceptance
criteria. Normalized load curves were used to derive the climate impacts and case studies were
in Ladyoune—Sakia El Hamra, Morocco and Ouagadougou, Burkina Faso. They display high
adaptability of the systems; a complementarity of winds and solar see a LCOE (Levelized Cost
of Energy) of 0.0954 USD/kWh and an annual system cost of $100,039 in Ladyoune—Sakia
El Hamra, in Ouagadougou dominates mostly solar, with additional storage requirements,
remained very competitive, with LCOE at 0.1014 USD/kWh (+6.3% variance). Both sites
achieved similar levels of reliability (Loss of Load Probability, LLP = 0.01) and reduced CO,
emissions significantly (275.29 tCO,/yr and 283.13 tCO,/yr, respectively). LCOE variation
was less than 6.5% and LLP variation is less than 0.002, regardless of climate change. These
results demonstrate that the flexibility of the methodology employed ensures the maintenance
of techno-economic advantages, even in the face of a 45% decrease in wind power potential.
Thus, the present paper contributes to the further evolution of HRES design—from an ad hoc
narrow-site-specific optimization regime to a scalable, context-sensitive design framework. It
also proposes a proven path toward sustainable and affordable renewable energy growth in

developing countries.

Keywords: hybrid renewable energy systems; particle swarm optimization;

techno-economic optimization; system reliability; transferability analysis

1. Introduction

Having a stable and cheap electricity supply remains a structural issue across
much of Africa, even further exacerbated when people live in (semi-) remote and
suburban areas, which are unlikely to be easily grid-accessed. In this case, distributed
hybrid renewable energy systems (HRES) became a practical solution [1]. Hybrid
systems generally consist of some combination of photovoltaic (PV) systems, wind
turbines, battery storage and diesel generators as backup. By diversifying the source of
power generation and integrating storage into these systems, the volatility of variable
sources of generation can be balanced while also reducing operating costs and CO,
emissions. This analysis allows replicated policy frameworks to be built upon, based on
recent advances in CO, uptake modelling, Hybrid systems economic evaluation [2—4].
Recent studies show that the economic viability of such systems depends closely on
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their technical configuration. This implies that adjustment for optimum is not only a
requirement for design, but a necessity for deployment in developing countries [5, 6].
Optimization methods using metaheuristics have become part of the core planning
functions of a HRES over the past decade. Particle swarm optimization has been
applied to the problem where the search space is a complex nonlinear mixed space very
adequately, resolving the size of components under very tight economic and reliable
requirements [7-9]. Single-point applications indicate that PSO achieves sufficient
saving in cost, with perfect reliability [10—12]. Most applications appear to be isolated
spot exercises, so whether the method is effective in certain climate, demand and other
profiles will also be effective elsewhere is unresolved.

This lack of portability is the crux of this study; across the African continent
there are great disparities in solar irradiation, wind regimes, patterns of demand and
institutional context, which result in not only system configuration but also cost
structure, storage requirements and potential penetration of renewables varying based
on location [13]. Previous work in Libya, Algeria and Sierra Leone for instance has
shown that PSO can produce local optima, but that the specific results are dependent
on the local context [14—18]. The notion that the PSO framework must be dynamically
varied rather than remaining fixed has also not been explored, especially the question
of generality across the range of climate types.

To answer this question we are looking at cross regional verification not local
tuning. We are trying to find out if one node given the PSO oversight can protect
techno-economics selling in two different environments Ladyoune—Sakia El Hamra
(stronger coastal winds) and Ouagadougou (stronger solar irradiation) is searching
under “wrong” premises or is it truly robust in its performance? Knitting a little tighter
certain resource complementarity’s and using identical DR’s does the hunched short
looking node still get us to an LCOE, annual system cost and firming predictability
(LLP) do we still get it?

The real value of this comparison is its implications for scalability. Portability
is not rebooting the same power system in another area, but instead requires the
optimization framework to be adapted to satisfy reliability, cost, and environmental
benefits under different boundary conditions. Our work shows that such adaptability is
possible when climate/technology constraints are made explicit in the modeling process.
In this sense, the innovation of the study is to demonstrate that robustness is derived
from adaptive rather than universal design specifications. We clarify the conditions
under which hybrid renewable energy system configurations can be optimized across
various scenarios and thus enable the development of more resilient, policy-relevant
distributed scaling-up planning methods for renewable energy in the context of Africa.

The paper is organized as follows: Section 2 characterizes the selected sites and the
optimization framework; Section 3 details the objective functions; Section 4 analyzes
the techno-economic results; and Section 5 concludes with implications for future

research.
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2. Study area characteristics and HRES optimization methodology

2.1. Geographical and climatic characteristics of the study sites

A high level review considering Africa as a whole is not sufficient to compare
HRES in general, as geographically and climatically different factors have an influence
HRES system design, resource selection, and optimization results [19].To account
for this variety, we selected two different use case cities: Ouagadougou, the capital
of Burkina Faso, a city center needing a lot of electricity, with solar as a major
component, and the Ladyoune—Sakia El Hamra province in the south of Morocco, with
its deserts well suited to the use of wind power in addition to solar. Ouagadougou
(12°22/12" N, 1°31’22” W) is the country’s capital economically and politically,
covering approximately 219 km? and housing nearly 2.77 million residents. The
densely packed city at the center, and the space needed to keep electricity flowing
to the rapidly growing demand make reliable distributed energy solutions especially
important. In comparison, the Ladyoune—Sakia El Hamra area is a sprawling 140,018
km? and lies between 23.72° and 27.52° N latitudes and 11.95° and 13.17° W longitudes.
With a low population density (approximately 367,758), the siting of hybrid power
plants has a lot more space to move around in, but poses quite different logistics
challenges. Figure 1 locations of both sites.
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Figure 1. Site location: Ladyoune-Sakia El Hamra region (Morocco); Ouagadougou (Burkina
Faso).

For comparability, input meteorological data were normalized. These were
collated by NREL and the Global Solar Atlas over multi-year synchronization, and
were run through System Consultant Model (SAM) to unify temporal resolution and
fill missing values. Cross-validation found a greatly consistent and granular NREL
dataset, and were used for global horizontal irradiance GHI and temperature profile
forecasts.

There are significant climate differences. For example, in Ouagadougou close
to the equator the GHI values are between 4.47 and 5.52 kWh/m?/day, while the
temperatures are often above 35 °C, compromising the thermal power of the modules.
Wind resources are also scarce, so a solar dominated system design would be
appropriate. This is in contrast to the Ladyoune—Sakia El Hamra region with average
annual GHI values of over 2,500 kWh/m?. Wind average speed is also over 8 m/s which

accompanies a successful operation of hybrid photovoltaic systems and less dependence
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on energy storage.

The wind speed is now a function of the height of the turbine hub. Since our source
measurement was taken at a height of 10 m, our simulation at 61 m needs to adjust this
information accordingly using the power-law profile as expressed in Equation (2). All
meteorological input data generated are summarized in Figure 2 below, showing the
GHI, temperature and adjusted wind speed for Ouagadougou and Ladyoune—Sakia El
Hamra. By standardizing our processes in this manner, we know any differences in the
optimized results are the result of the climate the data has been taken from rather than
the methods we used to prepare our data.
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Figure 2. (a—c) Annual meteorological data for Ouagadougou; (d—f) Data for Ladyoune-Sakia
El Hamra.

2.2. HRES optimization methodology

The optimization approach taken in the present study is a deterministic simulation
engine written in MATLAB with a stochastic PSO algorithm attached.  This
quasi-hybrid discovery of objective orientated system configurations which reach
minimum annualized system cost (ASC) with strict adherence to reliability constraints.
Unlike the static sizing approaches, this iterative optimization leaves the decision
variables to be reviewed at each iteration: photovoltaic capacity, wind turbine rated
capacity, battery storage and backup generation. The algorithm iterates to discover
techno-economic optima pertinent to the climatic characteristics of each site. The
general structure of the system is summarized in Figure 3.
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Figure 3. The proposed hybrid system’s overall structure.

A key part of the analysis is the validity of demand inputs. Rather than using

a standard load curve, time critical load profiles based on aggregated data from 100
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modern houses, scaled to include residential, community and small industrial sector
loads are created from site specific data to give a baseline daily consumption of 3.76

MWh, and seasonal variation characteristic to each region (represented in Figure 4).
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Figure 4. Seasonal fluctuations in hourly load profile.

Using a localized demand model is methodologically important: forcing a cloak
of one over all climates would forcibly restrict the optimization process, not expose the
real power of the weather.

By pairing high resolution hourly demand data with meteorological data, this
means that the differences arise from the real interactions between meteorological and
load; this tying of a local demand with a resource whose characteristics are of the
climate gives confidence in the consequences of the optimization and reassurance that

the conclusion of transferability amongst regions is sound.
2.2.1. Solar resource modeling

PV power (p,,) is calculated by adjusting the rated power based on the GHI index
and the temperature deviations of the cells from standard test conditions [20]:

G
Ppv = fpv . kpv ( EStc) [1 + gp (Tcell - Tstc)] 5 (1)

here, fp, is the PV derating factor, k,, is the nominal PV generator capacity (kW),
and G is the GHI incident on the PV surface (kW/m?). T,.; is the cell temperature
under standard test conditions, and T, is the reference cell temperature (°C). 6, is
the temperature coefficient of power (%/°C). Eg. is the standard irradiance under test
conditions(1 kW/m?).

2.2.2. Wind resource modeling

Wind energy harvest is estimated using hourly wind speed data translated from the
reference measurement height to the turbine hub height through the power-law profile
shown in Equation (2). The corrected wind speed is then employed in the turbine power
curve model in Equation (3) which implements cut-in, rated and cut-out operating
conditions. This way, the simulation can model the approximate nonlinear dependence
of wind velocity to electrical yield [13]:

7 a
Uh = Uanem < h > ) (2)

23;1716771

where Uy, is the wind speed (m/s) at turbine hub height, Uy yer, is the wind speed (m/s)
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measured at the anemometer height, 7, is the hub height (m), Z,;,¢, is the anemometer
height (m) and a is the power-law exponent. The maximum output of a wind turbine is

corrected to account for changes in air density and is given by:

8760 V() —Vpus_in \ >
Nw X P x Nw x >0 (71;,\—%“:_,-” ) , u(t) <oy

Py = anPnXNwa Vr < U < Vcut—out ’ (3)

07 Veut—out < ’U(t) < Veut—in

where 7, is the derivation efficiency, P, the nominal power, and Nw the number
of installed units. Only one input variable is of critical importance, being the wind
speed at hub height, v(t), usually inferred from reference measurements using either a
logarithmic or power profile.

2.2.3. Diesel generator system

In the hybrid configuration, diesel generators serve as dispatchable backup units.
The fuel consumption(L/h, kg/h) is modeled using a linear relationship with a no-load
intercept and a load dependent slope [21]:

F = fOYgen+f1 Pgen; (4)

here, fo is the intercept coefficient, f1 is the fuel curve slope, Y., is rated generator
capacity (kW), and Py, is the electrical output (kW).
Economic evaluation also takes account of both variable costs of fuel and fixed

costs associated with operation, maintenance and periodic replacement of the generator:

Crep, gen

R + fOYgen -Cfuel,eff> (5)
gen

Cgen, fized — C’O&m,gen +

where Cogm,gen 1 the operation and maintenance cost, Crep, gen 1s the replacement
cost, Rgen is the generator lifetime, and Cyyer ey is given by effective fuel price,

which may include penalties for emissions.
2.2.4. Battery storage system

Furthermore, the hybrid system includes a battery bank that stores excess
renewable energy, providing electricity when photovoltaic and wind generation fail to
meet demand. Battery operation is represented via a state-of-charge (SOC) balance
that defines charging and discharging operations as a function of upper and lower
state-of-charge limits in Equations (6)—(10). Given excess energy available, charging

power [22] is determined by:

P
Peh(t) = Pu(t) + Ps(t) — L1 ©)
Uiny
The stored energy is then updated according to:
Eb(t) = Eb(t — 1)+ Ech(t) * npgs. @)
Subject to the constraint:
Ech(t) < Ebmax — FEb(t). (8)
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Any excess beyond this limit is considered dumped energy. When renewable

generation is insufficient to meet demand, the battery discharges according to:

Pdch(t) = (il“)> _(Pw () + Ps (1) ©)
and the state of charge evolves as:
Eb(t) = Eb(t —1) — Edch(t) * A (10)

while ensuring that the minimum capacity limit £b,,;, is respected.
2.2.5. Inverters and power converters

Power converters are used to facilitate the exchange of energy between DC fields
and AC loads in hybrid RES systems. Thus, the introduction of the power converter
makes it possible to feed the wind turbine, and PV array generated electricity into
electrical networks or to the consumer.

The inverter capacity is evaluated according to the relationship between the rated
power and the maximum load demand considering conversion efficiency, as expressed
in Equation (11), to ascertain the minimum inverter rating capable of delivering the
peak demand without faulting [22].

leaw
NInv

PInv =

(11)

3. Economic indicators and objective function

The economic assessment of this proposed HRES aims to find configurations
that achieve the lowest total system cost while still meeting acceptable reliability
and environmental requirements. In practice therefore, this optimization problem
is looked at in the following way: there is a techno-economic trade-off when
sizing the components of the system to ensure capital costs, operating costs and
reliability constraints are balanced. Since hybrid systems contain a number of varying
components that interact photovoltaic arrays, wind turbines, batteries, diesel generators
and power converters an appropriate objective function needs to be created for assessing
the effect of these constituents economically over the project lifetime.

Hybrid systems typically incur high capital costs up front for renewable generation
and storage technologies, but tend to have lower overall operating costs compared with
fossil-fuel generation once installed. From an economic point of view, this makes
accurate sizing even more important as over sizing has the impact of increasing capital
expenditure while under sizing increases the possibility that energy deficits will result in
a greater proportion of diesel back up required. The optimization procedure combines
economic and technical metrics in order to achieve equitable system sizing.

Three main metrics that have been integrated into our optimization procedure are
the LLP, LCOE and the ASC. These metrics cover complementary aspects of reliability,
cost and sustainability.

Reliability is quantified through LLP [20], defined as:
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Zthl Eq

where I, signifies the energy demand and E),;cq the energy delivered at each timestep.

: (12)

Economically, LCOE estimates the average cost of electricity produced across the
lifetime of the system [14]:

LCepst X CRF
8760
Zt:l Egen(t)

where LC¢os: 1s the total life-cycle cost and Eg.,,(;) is the energy generated at each

LCOE =

: (13)

timestep.
The expression for capital recovery factor (CRF) is given as:

i(1+1)"
1+ —1

where i is the real interest rate and # is the project lifetime.

CRF = (14)

ASC is the annual system cost inclusive of installed cost, replacement, and

maintenance costs [14]:

1
ACS = Cipst 'CRFproj + Zcomp Crep,comp- <(1—|—l)n—1> + Zcomp CO&M,compy (15)

where the first term accounts for capital costs; the second replaces the costs by means
of a sinking fund factor; the latter combines the annual operation and maintenance cost
terms.

Environmental benefits are assessed through avoided CO: emissions [20]:

AEéggd = aco2 X Z Eprod7 (16)

where a2 is the emission factor for fossil-fuel generation and E,,.,4 the renewable
electricity produced.

By including these indicators in the PSO process, the authors discover
configurations of the system that are less costly whilst not impacting on its reliability
and emissions. These economic parameters can be seen in Table 1, such as the
investment, replacement and maintenance costs, lifetimes of components, and the real

interest rate assumed.

Table 1. Economic parameters adopted for hybrid system components [23,24].

Component Investment cost Replacement cost Maintenance cost Lifetime (years)
PV array 200 $/kW — 12 $/kW/year 20
Wind turbine 1,000 $/kW 800 $/kW (0.8 x capital) 30 $/kW/year 20
Battery bank 180 $/kWh 135 $/kWh (0.75 x capital) 2.7 $/kWh/year (0.015 x capital) 12
Diesel generator 175 $/kW 175 $/kW 30 $/kW/year 15
Inverter 171 $/kW 128 $/kW (0.75 x capital) 2.6 $/kW/year (0.015 x capital) 15

3.1. Strengths and limitations of the study
A valuable component of this methodology is that, by embedding site-dependent

climatic variability into the economic optimization loop, it allows for a proper

8
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assessment of the transferability of the framework to another part of Africa. The use of
high-resolution (hourly) data results in much more credible reliability statistics than if
this study was carried on the basis of monthly averaged weather data.

However, we note some limitations. Economic parameters are as of today, and
are assumed constant, so no prediction of battery prices or fuel prices under alternative
scenarios is included. Likewise, load profiles are aggregate averages, and don’t include
stochastic load spikes, for example, associated with rapid urban growth or industrial
development. The constraints mean that, while the results should be very useful for
policy planning, they can be treated as indicative optima until confirmed with live

tracked real data.

3.2. Particle swarm optimization (PSO) algorithm

The PSO is also a population-based metaheuristic determined by the way in which
anumber of individuals exhibit a coordinated behavior whilst acting as a group, such as
bird flocking or fish schooling. Each particle in this study represents a configuration of
the hybrid system with the five decision variables selected to represent the main design
parameters. Particles move through a N-dimensional search space and update their new
position based on two reference points, the particle’s own best solution (pbest) and the
best solution identified by the swarm (gbest). By use of this social behavior the swarm
is lead toward highly competitive solutions, but the trajectory is still determined by the
domain of the objective function.

Each particle updates its velocity and its position using classical PSO

technique [25]:

vf“ = wvég + c1r1 (pbesti — mf ) + cor9 (gbest — J:f) , 17)

ot =gk bt (18)

The optimization problem is framed, as a weighted multi-objective function:

min F(2) = w1 Cror + w2 LLP +ws (1 = nsys) with Y w; =1, (19)
where C} is the total cost of the system for the year, LLP the loss of load probability
and 7, the efficiency of the system.

The PSO procedure was executed with a swarm of 40 particles for 100 iterations.
The inertia weight was decreased from 0.9 to 0.2, providing balance between
exploration and exploitation, while acceleration coefficients were set to cl =c2 =2

used in many more recent examples in the literature to ensure stability.

4. Results and discussion

The objective of this work is to design and validate a transferable and flexible
optimization engine for HRES ensuring reliable and cost-effective operation across
a wide range of climates throughout Africa. Where traditional design optimization
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studies end with the optimization of one site, we prove the concept of large-scale
transferability. By ‘transferability’ we mean quantitatively how the proposed PSO
algorithm would ‘know’ how to resize a site (PV, Wind, Battery, Diesel), such that
LLP < 1% remains throughout and LCOE lowers, across a very different renewable
resource profile, without structural or logic level changes to the control algorithm.

This simulation environment was created in MATLAB, with high-quality
meteorological data as described in Subsection 2.1 used as inputs for model cities
Ouagadougou (Burkina Faso) and Ladyoune (Morocco). The deterministic load
modelling against stochastic renewables generation profiles were solved in a
multi-objective PSO algorithm minimizing both LCOE and LLP.

4.1. Assessment of convergence behavior and reliability

The trajectories of the objective function convergence for the two studied sites
are shown in Figure 5, with Figure 5a corresponding to Ouagadougou and Figure
5b to Ladyoune—Sakia El Hamra. The rapid decrease in the objective function is
observed during the first iterations in both cases, followed by a much calmer decrease
which remains stable as the swarm approaches a decent solution. This indicates the
optimization process is numerically stable, and that cheap configurations will tend to

be found in a smaller number of turns.
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Figure 5. Convergence curves of the PSO objective function for (a) Ouagadougou; (b)
Laayoune—Sakia El1 Hamra.

When analyzing the two curves, there are subtle differences in the way the
systems settle. Ladyoune—Sakia El Hamra seems to settle earlier, highlighting the better
complementarity of the wind and solar resources there. Ouagadougou appears to take
a few more steps to get to the minimum, a function of its solar dominance relying more
on batteries and backup generation to meet its reliability requirements.

The periods during which the LLP rises above the critical reliability threshold
are delineated in Figure 6. In Figure 6 we show such periods for Ouagadougou and
Laadyoune—Sakia El Hamra, respectively. Despite overall low LLP values, at times the
risk briefly escalates, mainly when renewable generation falls off and the stored energy
levels are not sufficient to maintain the demand. For Ouagadougou, this occurs in the
dark hours when solar irradiation is low and the wind generation is weak, necessitating
battery discharges and the occasional use of diesel generations. For Ladyoune—Sakia

El Hamra, the high-LLP periods are rarer, mainly because the wind is persistent, and
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thus has a continuous and least intermittent contribution to the generation mix.
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Figure 6. Hourly loss of load probability distribution for (a) Ouagadougou; (b)
Laayoune—Sakia El Hamra.

4.2. Short and long-term operational energy balance

A week of dispatch of the optimized systems, typical of their short run behavior is
summarized in Figure 7. Although this figure does not capture the extensive variability
within a year it illuminates the interaction between renewables, storage and backup
generation.
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Figure 7. Hourly energy balance during a representative week in January for (a) Ouagadougou;
(b) Ladyoune—Sakia El Hamra.

In Ouagadougou, the comparably greater volume of daytime photovoltaic
generation is offset by lower production at other times of the day, with the effect of
the wind helping remove some pressure from the batteries at night. When neither
renewable source is supplying sufficient current, the diesel generator starts up to
maintain the reliability of supply. In Ladyoune—Sakia El Hamra, stronger and more
even wind resources supplement the production of solar PV during the daytime, leading
to a smoother generation profile overall and fewer batteries and diesel interventions.

Figure 8 shows the results obtained when implementing the hourly simulation
over the entire year (8,760 h). Ouagadougou: the system is fairly solar powered,
generating 1.23 GWh/yr (about 62% of demand) from photovoltaics, 11% from wind,
and 26% of its internal needs are met via battery storage. Ladyoune—Sakia El Hamra is
much more balanced, wind accounts for nearly 1.10 GWh (about 53%) of the supply,
with solar providing 0.75 GWh. Because the wind generation is relatively constant

11
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throughout the year, relatively little battery storage is used by comparison with the
Ouagadougou case.
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Figure 8. Annual energy and total load trends for (a) Ouagadougou; (b) Laayoune-Sakia El
Hamra.

4.3. Optimal configuration of the system and seasonal energy balance

The sizes of the components that turned out to be optimal for each site are
presented in Table 2. As expected, notable differences between the two hybrid systems
arose due to the differing availability of the renewable energies. In the case of the
Ladyoune—Sakia El Hamra region, the optimized solution is wind dominant, with a
number of 174 wind turbines and 422 photovoltaic modules. The demand for batteries
is in this case moderate (1,435), which suggests that the natural complementarity of

those two sources reduces the need for extensive back-up battery energy storage.

Table 2. Optimization results and performance comparison of HRES configurations in
Ouagadougou and Ladyoune—Sakia El Hamra.

Study sites Design PV unit ‘Wind unit Battery unit Diesel unit Diesel starts/year
Laayoune-Sakia E] Hamra(Morocco) 422 174 1,435 109 81
. PV/WT/DG/Bat
Ouagadougou(Burkina Faso) 627 60 2,075 85 101

By contrast, the preferred system configuration in Ouagadougou is highly
solar-dependent at 627 photovoltaic modules and only 60 wind turbines. Given the
limited wind resource this means a much larger battery storage capacity (2,075 units) is
required to cater for fluctuations in solar generation and utility of the system. However,
the demand for diesel backup power is minimal in both cases.

The variation of energy consumption as each month becomes a distinct curve is
shown in Figure 9, which also reflects seasonal variations. In Ouagadougou, generation
by photovoltaics predominates throughout the year, with wind power only providing
additional energy, so that the system is more dependent on battery storage to offset
short term changes, while seasonal variations in the Ladyoune—Sakia El Hamra region
are more of a balance—uninterrupted generation from wind and solar power for most
months supporting itself, smoothing out variations, and reducing dependence on energy
storage.
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Figure 9. Monthly energy generation by source for (a) Ouagadougou; (b) Laayoune-Sakia El
Hamra.

4.4. Techno-economic performance of the optimized systems

Optimization framework yielded two families of architectures, tuned locally
to resource conditions and strictly reliability constrained (LLP < 1%). Aspects
of techno-economic performance are summarized in Table 3 emphasizing the way

resources shape capital and opex allocation.

Table 3. Breakdown of CAPEX for each system component and key performance indicators.

. PV CAPEX ‘Wind CAPEX Battery CAPEX Diesel CAPEX Inverter CAPEX ASC LCOE
Study sites CO: (1) LLP
(USD/yr) (USD/yr) (USD/yr) (USD/yr) (USD/yr) (USD/yr) (USD/kWh)
Laayoune-Sakia El Hamra (Morocco) 13,266.31 25,256.11 35,840.93 17,214.97 8,460.92 100,039.24 0.0954 275.29 0.00995
Ouagadougou (Burkina Faso) 19,719.44 8,599.26 51,803.76 13,652.48 12,528.37 106,303.30 0.1014 283.13 0.00969

Ladyoune—Sakia El Hamra has sufficient wind that a diversified generation mix
has better economics. In total, the system has an ASC of USD 100,039.24 and an LCOE
of USD 0.0954/kWh. Capital expenditure is split between different technologies, with
wind turbines accounting for 25.2% and batteries 35.8%. This combination highlights
the advantages of high capacity factor, where power is available at an elevated degree
at all times, reducing the need for maximally oversized storage and allowing capital to
be distributed more evenly.

In the case of Ouagadougou, the situation is significantly solar-dependent because
the wind potential is constricted. Although this configuration is reliable, the greater
dependency on it (which warrants a larger battery bank to see us through diurnal
intermittency and seasonal cloud cover) means battery CAPEX rises to 48.7% of total
investment (USD 51,803.76/year), so that the ASC is USD 106,303.30 and the LCOE
is USD 0.1014/kWh. Both are reliable (we have LLP 0.00995 for Ladyoune—Sakia El
Hamra, and 0.00969 for Ouagadougou, which is well below the 1% threshold). Both
see CO2 emissions kept relatively low (~275-283 t/year) too, so deep decarbonization
is possible in all circumstances, irrespective of technology mix, as long as it is sized
appropriately.

Table 4 also presents a breakdown of costs through robustness indices, showing
what fraction of the total annualized cost each component CAPEX constitutes. As can
be seen here there is much to trade-off; in Ouagadougou, which has relatively low
wind resource, the “storage penalty” increases the proportion of costs due to batteries
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(by 13% compared to Ladyoune—Sakia El Hamra). At the same time, the amount of
diesel fuel used is lower in Ouagadougou (3,976 L/yr vs. 6,883 L/yr in Ladyoune), so
the added battery bank provides a better cushion against supply shortages and increases

the frequency of time which not starting generators; despite its added CAPEX.

Table 4. Robustness indices of economic parameters for CAPEX by component.

Study site PV share (%) Wind share (%)  Battery sare (%)  Diesel ssare (%) Inverter share (%) Diesel fuel (L/yr) CRF
Laayoune 134 252 35.8 17.0 8.5 6,883.6 0.0872
Ouagadougou 18.6 8.1 48.7 12.8 11.8 3,976.2 0.0872

4.5. Novelty, contributions, and critical assessment

This work adds to the accessible HRES literature by looking not at site-specific
optimums, but transferability of methodology. Instead of focusing on a specific site,
previous researchers consider “what if” scenarios. Here we make a closed comparison
of Ladayoune (North Africa) and Ouagadougou (West Africa) using identical demand
profiles and economic figures and isolating the effect of endowment of resources.
Seeing how the proposed PSO dynamically resizes the components according to
climate and resource endowments: Ladyoune followed the wind with limited storage
(=10.6%), Ouagadougou led with solar-storage dominated (=25.9%) architecture. The
resulting LCOE’s (0.0954 and 0.1014 USD/kWh respectively) shows that near-total
RES penetration is viable in much of Africa, rather than substantial diesel reliance being
a given overall.

The key contribution here is in providing methodological rigor of metrics such as
LCOE stability, reliability compliance and evidence of component adaptation which
give researchers/designers a means of further assessing other optimization algorithm
components in a reproducible manner beyond the one-off individual case studies. This
assessment is further developed with quality controlled NREL meteorological data, a
transparent tuning of PSO’s parameters, and based on multi-metric assessment of the
LLPs distribution and the CO, reductions.

That said, a few caveats. The constant load profile, useful as it may be for isolating
the effects of the resource, somewhat obscures normal demand variability. Static
economic parameters and simple battery degradation metrics potentially understate
costs in more landlocked areas and high-cycling locations, and the two-site coverage
although clearly distinct enough to be sliced into a few scenarios doesn’t enter every

regional and climate zone on the continent.

5. Conclusion

This study demonstrated the large-scale transferability of a PSO-harmonized
hybrid renewable energy system across two significantly different African locations;
Laadyoune—Sakia El Hamra (Morocco) and Ouagadougou (Burkina Faso). In moving
beyond single-site case studies we provided a quantitative definition of “large-scale
transferability”, namely the ability of the system to maintain performance against
defined acceptance criteria. To assess the extent to which the geographic disparity
of sites add variability a common demand profile was imposed; the outcome of our
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sensitivity analysis demonstrated that this approach verifies climatic agencies, with
minimal error (<1.5%) on final costs allowing for the relative impact of resource
characteristics to be compared directly.

The numerical results further testify to these convictions. In Ladyoune, the strong
wind—solar complementarity available produces the lowest LCOE (0.0954 USD/kWh),
the lowest ASC (100,039 USD/yr) and the largest CO; reduction (275.29 t). In
Ouagadougou, the algorithm rebalances: the storage-to-generation ratio is different so
there’s no sense simply iterating on the model solution and getting back the previous
‘optimal’ solution. A gentle incline Up a rut therefore exists, simply moving up not
only doesn’t ‘lose its way’ but gathers support along that trajectory entering in response.
The LCOE is now marginally increased (0.1014 USD/kWh, 6.3%), for a small cost to
ASC (106,303 USD/yr) and even smaller to net emissions saved (283.13 t). Reliability
standards (LLP = 0.01) remain unchanged. Overall, the performance metrics make
it clear the methodology is not blindly copying, but instead dynamically reallocating
contextually pertinent levers, preserving economic viability and operational stability.
ALCOE in Ladyoune less than 6.5%, ALLP of 0.002 or less, holds true regardless of
climatic variability.

We show HRES optimization frameworks are inherently decoupled from
geography. Our results show one set of code can promote techno-economic viability
across regions with varying, wind—solar regimes, transitioning the HRES design
paradigm from isolated project to scalable regional energy planning.

These results therefore provide direction to policymakers and engineers seeking
to roll out established resilient microgrids to developing countries and should favor
adopting locally calibrated adaptive PSO based methods, which currently outweigh
standardized component sizing. Future work can further this analysis to expand
the transferability results to a wider range of at least ten sites, as well as develop
a more representative set of robustness indices. Additionally, contributing models
on incorporating demand response in real-time and the validation of new storage
technologies such as green hydrogen to help enable a full generalizable rollout of large

scale renewables across Africa.
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