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Abstract 

Namibia’s rural communities continue to experience limited and unreliable electricity ac-
cess despite the potential of the country’s exceptional solar, wind, and biomass renewable 
energy resources. Conventional grid extension remains financially and technically im-
practical for dispersed off-grid settlements, underscoring the need for cost-effective, re-
newable-based alternatives. This paper presents a resource-driven design and multi-ob-
jective optimization framework for Hybrid Renewable Energy Systems (HRESs) tailored 
to Namibia’s off-grid communities. The proposed model integrates solar PV, wind tur-
bines, biomass generators, and hydrogen-based fuel cells with a hybridized energy stor-
age consisting of batteries, supercapacitors, and hydrogen tanks. Using the Non-domi-
nated sorting Genetic Algorithm-II (NSGA-II), the system simultaneously minimizes To-
tal Life Cycle Cost (TLCC), Levelized Cost of Electricity (LCOE), Loss of Power Supply 
Probability (LPSP), carbon dioxide (CO2) emissions, and Wasted Renewable Energy 
(WRE). The framework is applied to three rural villages, Oluundje, Ombudiya, and On-
guati, using high-resolution, site-specific renewable resource datasets and community-
level load forecasts. The results demonstrate that resource-aligned configurations sub-
stantially improve system reliability (up to 99.28%), reduce LCOE (0.0023–0.0811 
USD/kWh), and optimize dispatch behaviour across seasonal variations. Storage hybridi-
zation further enhances stability by balancing transient and long-duration deficits. Com-
pared to existing diesel mini-grids, the optimized HRESs achieve markedly superior 
techno-economic and environmental performance. The proposed framework offers a scal-
able, adaptable, and policy-ready tool for accelerating sustainable rural electrification in 
Namibia. 

Keywords: energy storage system; hybrid renewable energy system; optimization;  
renewable energy; rural area 
 

1. Introduction 
1.1. Background and Context 

Access to reliable and affordable electricity remains one of the most pressing devel-
opment challenges across the African continent. Despite significant progress in recent 
years, the continent’s average electrification rate stands at approximately 38% [1]. This 
energy gap constrains socio-economic development, limits industrial productivity, and 
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undermines efforts toward poverty alleviation and social inclusion. Rural electrification 
is a critical development priority, particularly in Sub-Saharan Africa, where dispersed set-
tlements, low population densities, and vast geographic distances make grid extension 
both technically challenging and economically prohibitive [2]. 

Namibia faces similar electrification challenges. Despite being richly endowed with 
Renewable Energy Resources (RERs), particularly solar, wind, and biomass, national elec-
tricity access stood at only 56.3% in 2020, with rural access substantially lower at 36.3% 
[3]. Compounding this challenge is the country’s dependence on electricity imports, pri-
marily coal-based power from neighbouring countries, which historically accounted for 
45.8% of the total supply [4]. This dependency not only exposes the country to external 
supply risks but also contradicts national and global commitments to Sustainable Devel-
opment Goal (SDG) 7 (Climate Action). 

For remote and sparsely populated settlements, off-grid electrification using locally 
available Renewable Energy Sources (RESs) presents a viable, cost-effective, and environ-
mentally sustainable alternative to traditional grid extension [2]. However, the intermit-
tency of dominant RESs, particularly solar and wind, poses significant operational chal-
lenges. Without appropriate Energy Storage Systems (ESSs), RES-based systems cannot 
reliably meet fluctuating load demands. Hybrid Renewable Energy Systems (HRESs), 
which strategically combine complementary RESs with short- and long-term storage tech-
nologies, have therefore emerged as the most effective solution for improving power qual-
ity, enhancing reliability, and ensuring continuous supply in off-grid environments [5]. 
Short-term ESSs enhance dynamic response and regulate voltage and frequency fluctua-
tions, while long-term ESSs address extended deficits in RESs’ production [6,7]. As noted 
by Alzahrani et al. [8], the integration of ESSs with RESs represents one of the most effec-
tive approaches for sustainable rural electrification; however, ESS technologies also intro-
duce challenges related to cost, control complexity, operational safety, lifecycle degrada-
tion, and mobility constraints [9]. Therefore, ESS selection must account for operational 
characteristics, response time, economic feasibility, and serviceability requirements [8]. 
Considering these factors, and based on a comparative analysis of storage technologies, 
supercapacitors, batteries, and hydrogen storage emerged as the most suitable technolo-
gies for hybridization in off-grid Namibian communities. 

The optimal sizing and configuration of HRES components are essential to achieve 
cost-effective designs tailored to local resource availability and community energy needs 
[10]. Electrification planning is inherently multi-objective, often requiring the simultane-
ous evaluation of economic performance, technical reliability, and environmental sustain-
ability [11,12]. However, many existing design tools prioritize cost minimization, neglect-
ing equally important considerations, such as reliability and environmental factors, as 
well as their trade-offs, which are especially critical in rural contexts. To address this gap, 
this study adopts a resource-driven design framework, emphasizing the alignment of 
HRES configurations with locally available RERs and community-specific demand pro-
files. The model supports Namibia’s pursuit of SDG 7 (Affordable and Clean Energy) and 
13 (Climate Action) to facilitate long-term socio-economic development in rural commu-
nities. 

1.2. Academic Perspective and Need for Research 

While PV–battery configurations are technically feasible, they often require very 
large Battery Energy Storage System (BESS) capacities to reach 100% renewable penetra-
tion, making them prohibitively expensive [13]. The addition of complementary resources 
such as wind can reduce battery cycling and lower the LCOE, yet batteries alone remain 
constrained by limited cycle life and high replacement costs [14,15]. Consequently, studies 
exploring multi-storage combinations such as PV/BESS/supercapacitors (SCs) [16] and 
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PV/fuel-cell (FC)/SC systems [17] consistently demonstrate that supercapacitors are effec-
tive for smoothing high-frequency fluctuations, while fuel cells provide long-duration 
support during extended low-generation periods. These findings collectively confirm that 
no single storage technology can meet the dynamic and multi-timescale requirements of 
high-RES microgrids; rather, an optimal blend of short-term and long-term storage is es-
sential for cost-effective and reliable operation. 

A review of previous case studies reveals wide variation in load demand assessment 
methodologies. Some studies adopt holistic or simulated load profiles that reflect week-
day–weekend differences and seasonal variations such as summer and winter peaks 
[18,19]. More sophisticated models incorporate socio-economic and behavioural uncer-
tainty using stochastic techniques, including Markov Chain Processes [20] and bottom-up 
RAMP-based modelling [21]. Empirical studies targeting institutions (e.g., schools, clinics) 
capture seasonal variability by load type [22], whereas community-level surveys such as 
those conducted in Oluundje, Namibia [23], provide realistic data but often ignore inter-
seasonal variations. Conversely, there are simplified forecasting models that assume con-
stant daily loads across seasons, as in Amarika, Namibia [24]. 

Given the complexity of accurately modelling both supply and demand, optimal 
HRES sizing requires tools and techniques that can evaluate multiple conflicting objec-
tives simultaneously. Typical objectives span economic (e.g., LCOE), technical (e.g., relia-
bility), environmental (e.g., emissions), and social considerations such as affordability and 
local resource utilization [25]. 

Despite their widespread use, existing software tools for HRES planning present no-
table limitations. HOMER, the most-used platform for sizing and economic evaluation, 
supports simulation and sensitivity analysis but lacks capabilities for true multi-objective 
optimization and cannot model critical factors such as battery depth of discharge or envi-
ronmental indicators [26,27]. Other tools, such as HYBRID2, HYBRIDS, TRNSYS, RET-
Screen, and PVsyst, offer specialized features but suffer from some constraints. HYBRID2 
requires extensive datasets and lacks flexibility, TRNSYS and HYBRIDS simulate transient 
behaviour but cannot determine optimal sizing, RETScreen supports financial and emis-
sions analysis but does not model temperature effects on PVs, and PVsyst excels in PV 
modelling but lacks hybrid system optimization capabilities [28]. These limitations collec-
tively indicate that generic tools are insufficient for designing systems for rural Namibian 
communities that align with SDGs 7 and 13. 

As a result, the literature increasingly favours advanced optimization methods, par-
ticularly heuristic and metaheuristic algorithms that can efficiently explore non-linear, 
multi-dimensional search spaces. Dad and Saleem [29] identified a wide range of tech-
niques used in HRES optimization, from analytical and iterative methods to probabilistic, 
graphical, and Artificial Intelligence (AI)-based approaches. Analytical methods benefit 
from simplicity but struggle with non-linear formulations [30], while iterative methods 
are intuitive yet often slow to converge [31]. Graphical techniques are easy to interpret but 
limited to two variables [32]. Consequently, Genetic Algorithms (GA), Particle Swarm Op-
timization (PSO), Simulated Annealing (SA), and Artificial Neural Networks (ANN) have 
become the preferred choice for addressing the inherent non-linearity and uncertainty of 
HRES design. 

Maheri [33] asserts that the three dominant uncertainties, renewable resource varia-
bility, parameter uncertainty in cost and power models, and unpredictable human behav-
iour, necessitate the use of algorithms capable of global search and robust handling of 
stochastic inputs. For single-objective problems, algorithms such as PSO, GA, SA, Ant 
Colony Optimization, Harmony Search, and Bee Swarm Optimization have been applied. 
For multi-objective optimization, NSGA-II, NSGA-III, and Multi-Objective PSO (MOPSO) 
are the most widely adopted. 
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Comparative studies show distinct strengths. MOPSO generally offers faster conver-
gence and better uncertainty handling, while NSGA-II produces more accurate and di-
verse Pareto fronts. Husain et al. [34] found that MOPSO yields lower Loss of Power Sup-
ply Probability (LPSP), whereas NSGA-II results in lower LCOE. Similarly, for solar–
wind–battery systems, MOPSO converges faster, but NSGA-II provides superior Pareto 
diversity [35]. In systems incorporating hydrogen technologies, both NSGA-II and 
MOPSO perform comparably in achieving high Primary Energy-Saving Ratios (PESR) 
[36]. 

1.3. Gap in the Research and Novelty of the Presented Work 

Although various tools and models have been applied to HRES design, most existing 
approaches still fall short of capturing the full multi-dimensional nature of rural electrifi-
cation planning. They rarely integrate cost, reliability, environmental impact, and multi-
storage dynamic within a unified optimization framework. 

These limitations underscore the need for more comprehensive methods capable of 
jointly exploring the trade-offs among economic, technical, and environmental objectives 
under varying rural resource and demand conditions. To address this gap, the present 
study develops a multi-objective optimization model based on the weighted NSGA-II al-
gorithm to simultaneously minimize TLCC, LCOE, LPSP, WRE and CO2 emissions. The 
proposed framework integrates multi RESs (SPV, wind, biomass, and fuel cells) together 
with complementary storage technologies including batteries, supercapacitors, and hy-
drogen storage, enabling robust performance across both transient and steady-state oper-
ating conditions. 

The novelty of this work lies in the development of a customized adaptive NSGA-II 
approach combined with a weighted Pareto-based mechanism, allowing for a systematic 
evaluation of trades-offs across the five objectives. The model is applied to three rural 
Namibian communities (Oluundje, Ombudiya, and Onguati), with differing resource 
availability and load characteristics, demonstrating its scalability, adaptability, and suita-
bility for real-world electrification planning. 

2. Renewable Energy Resources Analysis 
2.1. Wind Speed Analysis 

Using the seasonal histograms given in Figure 1, with a wind speed distribution of 
0.5 m/s wind bins for the three rural areas, it is confirmed that winter is the most favour-
able season, with the lowest null wind (<2.5 m/s) percentages, and summer is typically the 
least favourable (highest null wind), as is further summarized in Table 1. The wind re-
source data (wind speed) were obtained from the Global Wind Atlas and NASA Predic-
tion of Worldwide Energy Resources (POWER) database for 2023 at hourly resolution, 
and extrapolated to the required hub height for analysis. These seasonal patterns under-
score the need for hybridization and storage to manage intra-day and seasonal supply 
variations. 

Table 1. Average Percentage of Wind Speed (<2.5 m/s) in Each Village for Every Season. 

Village 
Wind Speeds (<2.5 m/s) in % 

Summer Spring Winter Autumn 
Oluundje 17.1 15.82 12.1 9.02 
Ombudiya 15.62 14.43 9.48 9.08 
Onguati 29.76 17.22 12.68 28.63 
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Figure 1. Seasonal wind speed distribution frequency for (a) Oluundje, (b) Ombudiya and (c) On-
guati villages. 
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2.2. Solar Irradiance Analysis 

Solar PV (SPV) converts irradiance to electricity and is strongly influenced by Global 
Horizontal Irradiance (GHI) and cell temperature. A minimum solar insolation needed to 
generate electricity is 100–200 W/m2 [36]. The solar resource assessment for the three rural 
areas was based on re-analysis data obtained from the NASA POWER database, accessed 
via the NASA POWER Data Access Viewer. The GHI and temperature parameters were 
extracted for the geographical coordinates of each site, for 2023, at hourly resolution, as 
presented in Figure 2. 

 
(a) 

(b) 
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Figure 2. Winter, Summer, Autumn and Spring Solar Irradiance for (a) Ombudiya, (b) Oluundje 
and (c) Onguati. 

The solar irradiance assessment for the three villages, Ombudiya, Oluundje, and On-
guati, reveals strong and consistent solar energy potential throughout the year, as illus-
trated in Figure 2a, Figure 2b and Figure 2c, respectively. Specifically, summer exhibits 
the highest irradiance levels, with peak GHI values exceeding 1076.35 W/m2 in Ombudiya, 
1093.7 W/m2 in Oluundje, and 1104.53 W/m2 in Onguati. Spring also demonstrates strong 
irradiance, averaging between 980 W/m2 and 1000 W/m2, followed by autumn, which pre-
sents slightly lower peaks (around 820–950 W/m2). Observably, winter exhibits the lowest 
solar intensity, with irradiance values of approximately 780–790 W/m2, though still well 
above the minimum PV-operational threshold of 200 W/m2. 

The annual and seasonal GHI profiles indicate high solar stability with minor sea-
sonal variations, affirming the feasibility of year-round photovoltaic generation. How-
ever, the absence of irradiance during the morning and night time highlight the necessity 
of energy storage systems or hybrid operation (e.g., with wind or biomass) to maintain 
supply continuity during non-solar irradiance hours. 

2.3. Biomass Resources 

Table 2 illustrates the biomass power generation potential of the three sites. The bio-
mass resource estimates were derived from national and literature-based datasets on bio-
mass distribution in Namibia, including bush encroachment and agricultural residue as-
sessments, combined with assumptions regarding sustainable feedstock availability and 
energy conversion. In this study, only 30% of the total theoretical biomass resource is con-
sidered available for energy generation, to account for competing uses (e.g., domestic con-
sumption and agriculture), environmental sustainability constraints, and practical limita-
tions in biomass collection and processing [37]. 

Table 2. Biomass resources of the three rural areas. 

Village Area (ha) Resource (dry tonnes/year) Resource (kWh/year) (Only 30% of Resources) 
Oluundje  2342 1011.74 1,518,346.2 
Ombudiya 3038.8 1312.76 1,969,140 
Onguati 4663.6 91.58 137,370 
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It can be observed that the Oluundje and Ombudiya villages have higher biomass 
resources compared to Onguati village. This variation plays a significant role in determin-
ing the optimal hybrid system configuration, as will be illustrated in the subsequent sec-
tions. 

This section provides an overview of the available RERs, highlighting their availabil-
ity and variability for rural electrification in Namibia. The discussion emphasizes the var-
iability and complementarity of solar, wind, and biomass resources. All datasets were se-
lected to ensure reliability, consistency, and suitability for long-term techno-economic 
analysis. 

3. Modelling of Hybrid Renewable Energy System 
3.1. System Overview 

Mathematical formulations and simulation procedures for solar PV, wind turbines, 
and biomass gasifiers are presented, along with the corresponding energy storage systems 
(battery, supercapacitor, and fuel cell). The models incorporate key environmental, oper-
ational, and design parameters to ensure realistic performance evaluation. Furthermore, 
this subsection outlines the methodology used to estimate and forecast energy demand 
for rural communities. 

3.2. Solar Power Model 

SPV output power is determined using Equation (1) [38]: 𝑃௣௩ = 𝜂௣௩𝐴௣௩𝐺்[1− 0.005 (𝑇௖ − 25)] (1)

where ηpv is the photoelectric efficiency in (%), Apv is the area of the PV array in (m2), GT 
(W/m2) is the incident solar radiation and Tc (°C) is the cell operation temperature [39]. 
The GHI is used for SPV GT. Using GHI and ambient temperature, module temperature is 
as given in Equation (2) [39,40]: 𝑇௖ = 𝑇௔ + 𝑇ேை஼் −  20800 𝐺்  (2)

where 𝑇௖  and 𝑇௔  denote cell temperature and ambient temperature respectively, and 𝑇ேை஼்  is nominal operating cell temperature [39]. The 𝑇ேை஼்  value is in the range of 45 ± 
3 °C, based on the climate condition of the state [40]. 

3.3. Wind Power Model 

Wind output power is determined using Equation (3) [41]: 

𝑃 =
⎩⎪⎪⎨
⎪⎪⎧

 
𝑃௥ 𝑣ଷ(𝑡) −  𝑉ଷ௖௜𝑉ଷ௥ −  𝑉ଷ௖௜

𝑃௥ , 𝑖𝑓 𝑉௥ < 𝑣(𝑡) < 𝑉௖௢ , 𝑖𝑓 𝑉௖௜ < 𝑣(𝑡) < 𝑉௥ 0,  𝑣(𝑡) ≤ 𝑉௖௜ 𝑜𝑟  𝑣(𝑡) ≥ 𝑉௖௢ 
 (3)

where 𝑃𝑟 is the rated power, and 𝑣(𝑡), 𝑉௖௜, 𝑉௖௢, and 𝑉௥ are the actual, cut-in, cut-out and 
rated wind speeds (m/s), respectively. The rated power is defined as a function of the area 
swept by the wind turbine blades (𝐴௪), air density (⍴௔) (1.225 kg/m3), power coefficient 
( 𝐶௣), wind turbine generator efficiency (𝜂௚) and the rated velocity (𝑉௥), as indicated in 
Equation (4) [41]: 𝑃௥ = 12 ⍴௔𝐴௪𝜂௚ 𝐶௣𝑉ଷ௥ (4)

The theoretical maximum value of the power coefficient 𝐶௣ is 0.593, also known as 
the Betz’s coefficient [42]. However, practical wind turbines operate at lower power 
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coefficients due to aerodynamic losses. In this study, a value of 𝐶௣ = 0.40 is adopted to 
represent realistic turbine performance under typical operating conditions. 

3.4. Biomass Power Modelling 

Biomass gasification generator power is determined using Equation (5) [43,44]. 

𝑃஻ெீ = 𝑇𝑜𝑡𝑎𝑙 𝑓𝑢𝑒𝑙 𝑤𝑜𝑜𝑑 ቀ𝑡𝑜𝑛𝑦𝑟 ቁ × 𝐶𝑎𝑙𝑜𝑟𝑖𝑓𝑖𝑐 𝑣𝑎𝑙𝑢𝑒஻ெ ×  𝜂஻ெீ × 1000365 × 860 × (𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 ℎ𝑜𝑢𝑟𝑠 𝑝𝑒𝑟 𝑑𝑎𝑦)  
(5)

where 𝜂஻ெீ is the efficiency of the biomass generator. 

3.5. Battery Storage System Model 

The equations used for the mathematical modelling of the battery outlined in [45] is 
as given in Equation 6, illustrating the Battery State of Charge (SOC). 𝑧(𝑡) =  𝑧(𝑡ை) −  1𝑄න    𝑖(𝑇)𝑑(𝑇)  (6)

where 𝑧(𝑡) represents the SOC at time t, expressed in seconds, 𝑧(𝑡ை) represents the ini-
tial SOC value, ଵொ represents the battery capacity, and 𝑖(𝑇) is the current through the bat-

tery expressed in (A). 𝑖(𝑇) is positive for the discharging cycle and negative for the charg-
ing cycle, as illustrated in Equations (7) and (8). 

Discharging equation (𝑖 ∗> 0) 𝑉௕௔௧ =  𝑓ଵ (𝑖𝑡, 𝑖 ∗, 𝑖) =  𝐸ை −  𝐾 𝑄𝑄 − 𝑖𝑡 𝑖 ∗  − 𝐾 𝑄𝑄 − 𝑖𝑡  + 𝐴𝑒𝑥𝑝(−𝐵. 𝑖𝑡) 
(7)

Charging equation (𝑖 ∗< 0) 𝑉௕௔௧ =  𝑓ଶ(𝑖𝑡, 𝑖 ∗, 𝑖) =  𝐸ை −  𝐾 𝑄𝑖𝑡 + 0.1𝑄 𝑖 ∗  −𝐾 𝑄𝑄 − 𝑖𝑡  + 𝐴𝑒𝑥𝑝(−𝐵. 𝑖𝑡) 
(8)

where 𝑉௕௔௧  is the battery voltage in volts, 𝑖 is the battery current in amperes, 𝑡 is the 
time in seconds, 𝑉ை  is the constant battery voltage in volts, 𝑄 is the maximum battery 
capacity in ampere-hour, 𝐴 is the exponential voltage in volts, 𝐵 is the exponential zone 
time constant inverse (Ah)−1, 𝑖𝑡 is actual battery capacity (Ah), 𝑖 ∗ is low-frequency cur-
rent dynamics and 𝐾 is the polarization constant in (Ah)−1. 

3.6. Capacitance Model 

The capacitance of the supercapacitor is determined using Equation (9) [46]: 𝐶 =  2𝑊 (0.9 𝑈ோ )ଷ −  (0.7 𝑈ோ )ଷ (9)

where 𝐶 is the Capacitance, 𝑊 is the discharge energy between start and end voltages 
and 𝑈ோ  is the rated voltage of the supercapacitor. 

3.7. Fuel Cell Model 

Fuel cells operate on the opposite principle of water electrolysis. The cells work on 
the premise of recovering the combustion energy of hydrogen and converting it into elec-
trical energy at each electrode through Equations (10) and (11) (chemical reactions) [47]. 

Anode reaction: 𝐻ଶ = 2𝐻ା +  2𝑒ି (10)

Cathode reaction: 2𝐻ା + 2𝑒ି + 12𝑂ଶ → 𝐻ଶ𝑂 + ℎ𝑒𝑎𝑡 (11)
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The total voltage produced by the fuel cell (FC) is determined using Equation (12) 
[48]: 𝑉ி஼ = 𝐸ே௘௥௡௦௧ −  𝑉௔௖௧ −  𝑉௢௛௠௜௖ −  𝑉௖௢௡ (12)

For cells connected in series and forming a stack, the voltage is determined by Equa-
tion (13): 𝑉௦ = 𝑛 × 𝑉ி஼ (13)

where 𝐸ே௘௥௡௦௧ is the thermodynamic potential of each unit cell and represents its reversi-
ble voltage, 𝑉௔௖௧  is the voltage drop associated with the activation of the anode and of the 
cathode, 𝑉௢௛௠௜௖   is ohmic voltage drop associated with the conduction of protons and 
electrons, 𝑉௖௢௡ is voltage drop resulting from the decrease in the concentration of oxygen 
and hydrogen. 

3.8. Hydrogen Storage Tank Model 

According to the gas-state equation, internal pressure of a hydrogen tank is deter-
mined using Equations (14)–(16): 𝑃௧௔௡௞ =  𝜂ுమ𝑅𝑇௧௔௡௞𝑉௧௔௡௞  (14)

𝜂ுమ(𝑡௢ + Δ𝑡) = 𝑛௢(𝑡௢) +  න  ௧೚ା୼௧
௧೚ 𝑞ுమௗ௧  (15)

𝑞ுమୀ ௐ೐೗೐೎ିௐ೑೎ (16)

where 𝑃௧௔௡௞ is the tank pressure; 𝑛𝐻ଶ is the amount of hydrogen in the tank; 𝑉௧௔௡௞ is the 
volume of tank; 𝑅 is the molar gas constant; 𝑇௧௔௡௞ is the gas temperature; 𝑛଴ (𝑡଴) is the 
initial value of the substance inside the gas tank at time 𝑡଴; 𝑞𝐻ଶ is the net hydrogen feed 
flow rate; and 𝑊௙௖ is the hydrogen flow rate at a gas tank outlet. 

3.9. Load Model 

The mathematical models adapted in this study to forecast the aggregated load de-
mand are provided in Equations (17) and (18). 𝐷௛ = ෍  ௎௦௘௥௖௟௔௦௦

௝ 𝑁௝ ෍  ஺௣௣௟௜௔௡௖௘
௜ 𝑛௜௝𝑃௜௝  (17)

𝐷ௗ = ෍  ଶଷ
௛ୀ଴ 𝐷௛ (18)

where ℎ is the hour of the day [h = 0, 1, 2, 3, … 23], 𝑖 refers to the type of electrical appli-
ances and 𝑗 refers to the type of consumer, 𝑁௝ is the number of users and 𝑛௜௝ is the type 
of appliance of each consumer class (TVs, lights, phones, etc.), 𝑃௜௝ represents the nominal 
power of the different types of appliances of each consumer, 𝐷ௗ is the total daily load 
demand of the entire system, 𝐷௛ is the hourly load demand of the entire system. 

4. Proposed Energy Management Strategy 
HRESs consisting of multiple energy sources are increasingly investigated to provide 

a reliable and uninterrupted power supply in remote or islanded microgrids. However, to 
ensure the efficient and safe operation of such systems, a robust Energy Management Strat-
egy (EMS) is essential. The EMS governs the coordination of energy sources, controls 
power generation and distribution, and regulates the charging and discharging behaviour 
of ESSs, ensuring system reliability and performance under varying operational 
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conditions. As emphasized in [49,50], the development of an EMS must consider load be-
haviour, the nature of energy sources, and their availability to ensure technical feasibility, 
economic efficiency, and long-term system reliability. Additionally, EMSs play a critical 
role in maintaining power balance under fluctuating generation conditions, particularly in 
isolated microgrids [51]. 

While numerous studies have focused on the techno-economic sizing of HRES com-
ponents, many neglect operational dispatch strategies [50]. However, subtle adjustments 
to control logic can substantially improve system dynamics. According to Sanaa et al. [51], 
the careful alignment of energy production, consumption, and storage methodology en-
hances system responsiveness, stability, and efficiency, especially during transience or pe-
riods of resource unavailability. 

Given the centralized configuration of the proposed system and the goal of integrat-
ing sizing and dispatch control within a unified framework, this study adopts a determin-
istic rule-based EMS guided by a Multi-Objective Optimization approach (NSGA-II). This 
hybrid strategy enables optimal component sizing while ensuring real-time operational 
flexibility, energy balancing, and the protection of critical components [50]. 

4.1. Objectives of the Proposed Energy Management Strategy 

Taking into consideration the intermittency of the RERs and the unpredictable load 
variations, the proposed EMS aims to achieve the following: 

(i) Ensure a reliable and continuous supply of power to the loads depending on power 
availability. 

(ii) Ensure efficient operation of the different RESs and HESS. 
(iii) Reduce hybrid system operational cost. 
(iv) Avoid overcharging and over-discharging of the battery and ultracapacitors. 

Factors Taken Into Consideration for the Proposed EMS 
The effectiveness of the proposed EMS is evaluated in terms of the reduction in LPSP, 

and reductions in operation cost, ESSs and greenhouse gas emissions by systems; there-
fore, the following factors are taken into consideration: 

• Wind and Solar: Since the prediction of the power output from these RESs is chal-
lenging and cannot be dispatched at will, it is recommended for utilization when 
available or stored for later use. 

• Load-Following Strategies: Fuel cell energy production and biomass energy produc-
tion. 

• The model combines real-time PV and wind power information, considers the limi-
tation of the SOC of the HESS, adjusts the charge or discharge power of ESSs in real 
time, and optimises the working state of different energy storage components. 

4.2. Modes of Operation of the Hybrid Energy Sources System 

Mode 1: Wind and solar energy are produced to maximum capacity as per their avail-
ability: 

(a) The batteries and supercapacitors are charged during this mode with relation to the 
RESs generation and load demand provided that SOC ≤ SOCmax. 

(b) The dump load is activated during this mode if SOC = SOCmax for both the batteries 
and supercapacitors, and there is still excess energy in the network. 

Mode 2: Supercapacitors have high power densities and tolerate a large number of 
rapid charge–discharge cycles as compared to batteries [52]. Therefore, in this study, the 
supercapacitor is available for transient responses to absolve or provide peak currents, and 
it is used to respond to rapid load and RESs generation variations when the generated 
power by the RESs is lower or higher than the load demand. 
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Mode 3: A battery bank is used to supply long term power and cater for low-fre-
quency loads and RESs variations, and for transient responses. 

Mode 4: The fuel cell is used to supply long-term power when the batteries are dis-
charged beyond or equivalent to SOCmin or when the batteries cannot fully supply the load. 

(a) The batteries and supercapacitors are not charged during this mode. 
(b) The dump load is not activated during this mode. 

Mode 5: Biomass generator is used to supply long-term power when the batteries and 
fuel cell resources are deployed beyond their minimum thresholds, or when these re-
sources cannot fully supply the entire load. 

(a) The batteries and supercapacitors are not charged during this mode. 
(b) The dump load is not activated during this mode. 

Mode 6: When the total generation from all the RESs and ESSs cannot fully supply the 
load, and the power is sufficient to supply the critical load, then only the critical load will 
be supplied; otherwise, the power from wind and solar will be used to charge the battery 
and supercapacitor and no load will be supplied during that period. 

(a) Proposed Energy Management Flow Chart 

To further demonstrate the energy flow management of the microgrid, the proposed 
energy management flowchart is provided in Figure 3. 
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Figure 3. The proposed energy management flow chart. 
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5. Proposed Optimization Algorithm 
The NSGA-II algorithm, introduced by Deb et al. in 2002, overcomes the limitations 

of the original NSGA by introducing elitism, fast non-dominated sorting, and crowding 
distance comparison [34,53]. NSGA-II is widely recognized for its computational efficiency 
and is extensively used as a benchmark for evaluating new optimization methods. Unlike 
other algorithms, such as MOPSO, NSGA-II handles complex multi-dimensional problems 
with higher stability but may require more time to converge. 

Given the limitations of existing tools and the need for high-accuracy, customized 
optimization for rural electrification in Namibia, this study proposes the development of 
a multi-objective, NSGA-II-based optimization model. The model is tailored to local en-
ergy resource data, socio-economic characteristics, and policy frameworks. Its goal is to 
ensure reliable, cost-effective, and environmentally sustainable electrification aligned with 
national development goals and SDGs 7 and 13. The adapted NSGA-II algorithm is pre-
sented in Algorithm 1: 

Algorithm 1: The Proposed NSGA-II for HRES 

Inputs: 

1: N = 10 (population size). 

2: G = 10 (number of generations). 

3: Decision vector 

X = [PPV, PWind, PBio, EBat, ESC, PFC, H2max, Invsize, … ] 

The decision vector X represents the set of design variables optimized in the model where P୔୚ 

(kW) is the installed solar PV capacity, P୛୧୬ୢ (kW) is the wind turbine capacity, P୆୧୭ (kW) is 

the biomass generator capacity, E୆ୟ୲ (kWh) is the battery energy capacity, Eୗେ (kWh) is the su-

percapacitor capacity, P୊େ (kW) is the fuel cell power rating, Hଶ୫ୟ୶ (kg or kWh equivalent) is 

the hydrogen storage capacity, and Invୱ୧୸ୣ (kW) is the inverter capacity. 

4: System parameters: efficiencies (ηPV, ηWind, ηBio, ηFC); 

SOC limits (SOCSCmin = 0.2, SOCSCmax = 0.9; SOCBatmin = 0.2, SOCBatmax = 0.8); 

Hydrogen bounds [H2min, H2max]; yearly biomass cap. 

5: Termination: stop after G generations. 

6: Random seed fixed; log best LCOE every 5 generations. 

Objectives (all minimized): 

7: f1 = LCOE(X) 

8: f2 = TLCC(X) 

9: f3 = 1 − Reliability(X): Reliability inverted so that minimization favors higher reliability 

10: f4 = CO2 Emissions(X) 

11: f5 = −Wasted Power(X): Wasted renewable energy inverted so that minimization favors 

lower curtailment 

12: Initialization Phase 

13:  Generate N feasible solutions 

                                 P = {X1, …, XN} 

Using generate_random_solution(). 

14: Apply repair_individual() (round PBio to 100 kW, PFC to 6 kW, enforce bounds). 

15: Fitness Evaluate 

16: For each Xi ∈ P: 
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17: Run hourly EMS dispatch simulation. 

18: Compute 

                       F (Xi) = [f1, f2, f3, f4, f5] 

19: Non-Dominated Ranking 

20: Apply fast non-dominated sorting → fronts F1, F2, … 

21: Compute crowding distance in each front. 

22: Main Evolutionary Loop 

23: For generation g = 1 to G do 

24: Selection and Reproduction 

25: Initialize Q = ∅. 

26: While ∣Q∣ < N do 

27: Select parents via tournament (size = 3). 

28: Uniform crossover with pc = 0.9 else clone. 

29: Mutation per gene with rate 0.80: 

                                          → X′ = X × (0.4 + 0.7⋅rand). 

30: Repair offspring; add to Q. 

31: End while 

32: Environmental Selection 

33: Combine R = P ∪ Q. 

34: Non-dominated sort R → F1, F2, …. 

35: Fill Pnext with successive fronts until ∣Pnext∣ = N. 

36: If last front overfills: select by highest crowding distance. 

37: Progress Logging 

38: If g  mod 5 = 0, record min (f1) in Pnext. 

39: Set P ← Pnext. 

40:  End for 

41: Termination 

42: Return final Pareto set F1 from generation G. 

43: Weighted Decision-Making 

44: Normalize objective values for all Xi ∈ F1. 

45: Assign weighting factors reflecting rural-electrification priorities: 

LCOE = 0.35; Reliability (LPSP) = 0.35; Emissions = 0.10; Wasted Power = 0.20 

46: Compute weighted score: 

Score(Xi) = 0.35 𝑓௡௢௥௠௅஼ைா  + 0.35𝑓௡௢௥௠௅௉ௌ௉   + 0.10 𝑓௡௢௥௠஼ை2  + 0.20𝑓௡௢௥௠ௐோா  

The weighting factors were selected to reflect the practical priorities of rural electrification sys-

tems, where affordability and reliability are the primary design drivers. Accordingly, higher 

weights were assigned to LCOE and LPSP, while lower weights were assigned to environmental 

impact and excess energy objectives. These selections are based on engineering judgment and are 

supported by the existing literature, which emphasizes cost and reliability as the dominant crite-

ria in off-grid system design. It is acknowledged that the final optimal solution is sensitive to the 

choice of weighting factors; however, the selected values provide a balanced trade-off between 

competing objectives within the scope of this study. 

47: Select final preferred configuration 

      X∗ = arg 𝑋𝑖 ∈௠௔௫ 𝐹1 Score(Xi) 
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5.1. Problem Formulation 

Objective functions are crucial components in the optimization of HRESs, as they 
guide the search for optimal solutions by quantifying system performance. According to 
Sharma and Kumar [54], objective functions are computable mathematical expressions 
that evaluate the quality of candidate solutions based on decision variables. In this study 
objective function are derived using Equations (19) and (20): 𝐹(𝑥) = (𝑓ଵ(𝑥), 𝑓ଶ(𝑥),𝑓ଷ(𝑥),𝑓ସ(𝑥),𝑓ହ(𝑥)) (19)

where k is the number of objective functions, and each function 𝑓௜(𝑥) represents a specific 
performance criterion. In addition, the different objective functions for this study are di-
vided into financial, technical and environmental functions and are described for model-
ling as follows: 

Financial objectives 𝑓ଵ(𝑥):𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒 𝑇𝑜𝑡𝑎𝑙 𝐿𝑖𝑓𝑒 𝐶𝑦𝑐𝑙𝑒 𝐶𝑜𝑠𝑡 (𝑇𝐿𝐶𝐶) 𝑓ଵ(𝑥) = 𝑇𝐿𝐶𝐶 =  𝐶௜ + ෍  ்
௧ୀଵ ൬𝑂௧ +  𝑀௧ + 𝐹௧(1 + 𝑟)௧  ൰ + 𝐶ௗ 𝑓ଶ(𝑥):𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒 𝐿𝑒𝑣𝑒𝑙𝑖𝑧𝑒𝑑 𝐶𝑜𝑠𝑡 𝑜𝑓 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 (𝐿𝐶𝑂𝐸) 

𝑓ଶ(𝑥) = 𝐿𝐶𝑂𝐸 = ෍  ௌ
௦ୀଵ ൮𝐼௖௢௦௧ + ∑  ௧்ୀଵ 𝑂௧&𝑀௧(1 + 𝑔)௧ିଵ + 𝐹௧(1 + 𝑟)௧∑  ௅ೞ௧ୀଵ 𝐸௧(1 + 𝑟)௧ ൲  

Technical objectives 𝑓ଷ(𝑥):𝑚𝑖𝑛𝑖𝑚𝑖𝑠𝑒 𝐿𝑜𝑠𝑠 𝑜𝑓 𝑃𝑜𝑤𝑒𝑟 𝑆𝑢𝑝𝑝𝑙𝑦 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (𝐿𝑃𝑆P) 𝑓ଷ(𝑥) = 𝐿𝑃𝑆𝑃 = ∑  ே௝ (𝑃௅(𝑡) − 𝑃௧௢௧ೞ೤ೞ(𝑡))∑  ே௝ (𝑃௅(𝑡)  𝑓ସ(𝑥):𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒 𝑊𝑎𝑠𝑡𝑒𝑑 𝑅𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒 𝐸𝑛𝑒𝑟𝑔𝑦 (𝑊𝑅𝐸) 

𝑓ସ(𝑥) = 𝑊𝑅𝐸 = ෍  ்
௧ୀଵ 𝑃 ௪௔௦௧௘ௗ(𝑡)   

Environmental objectives: 𝑓ହ(𝑥):𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒 𝑡𝑜𝑡𝑎𝑙 𝐶𝑂ଶ 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛 (𝐶𝑂ଶ 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑘𝑔 ) 

𝑓ହ(𝑥) = 𝐶𝑂ଶ =  ෍  𝑇
𝑡=1 (𝐸𝑝𝑣(𝑡) ⋅ 𝐸𝐹𝑝𝑣+ 𝐸𝑤𝑖𝑛𝑑(𝑡) ⋅ 𝐸𝐹𝑤𝑖𝑛𝑑+ 𝐸𝑏𝑖𝑜(𝑡)⋅ 𝐸𝐹𝑏𝑖𝑜+ 𝐸𝑓𝑐(𝑡) ⋅ 𝐸𝐹𝑓𝑐) 

where 𝐸௣௩(𝑡) , 𝐸௪௜௡ௗ(𝑡) , 𝐸௕௜௢(𝑡) , and 𝐸௙௖(𝑡)  represent the electrical energy generated 
(kWh) at time 𝑡 by the solar PV, wind, biomass, and fuel cell systems, respectively; 𝐸𝐹௣௩, 𝐸𝐹௪௜௡ௗ , 𝐸𝐹௕௜௢ , and 𝐸𝐹௙௖  are the corresponding emission factors (kgCO2/kWh). In this 
study, emission factors are: 𝐸𝐹௣௩ = 0.041 kgCO2/kWh; 𝐸𝐹௪௜௡ௗ = 0.011 kgCO2/kWh; 𝐸𝐹௕௜௢ = 0.230 kgCO2/kWh; 𝐸𝐹௙௖ = 0 kgCO2/kWh. 

The overall objective function is further modelled as follows: 
Objective function: Min ( 𝑇𝐿𝐶𝐶, 𝐿𝐶𝑂𝐸, 𝐿𝑃𝑆𝑃, 𝑊𝑅𝐸,𝐶𝑂ଶ,௘௠௜௦௦௜௢௡). 

Min(∑  ௌ௦ୀଵ ቀ𝐶௜ + ∑  ௧்ୀଵ ቀை೟ା ெ೟ାி೟(ଵା௥)೟  ቁ + 𝐶ௗቁ ,∑  ௌ௦ୀଵ ൭ூ೎೚ೞ೟ା∑  ೅೟సభ ೀ೟&ಾ೟(భశ೒)೟షభశಷ೟(భశೝ)೟∑  ಽೞ೟సభ ಶ೟(భశೝ)೟ ൱ ,
∑  ೕಿ (௉ಽ(௧) ି ௉೟೚೟ೞ೤ೞ(௧))∑  ೕಿ (௉ಽ(௧) ,∑  ௧்ୀଵ 𝑃 ௪௔௦௧௘ௗ(𝑡), ∑  ௧்ୀଵ 𝐶𝑂ଶ,௘௠௜௦௦௜௢௡) 

(20)

where 𝑡 is the time in years, 𝐶௜ is the initial investment capital, 𝑂௧ is the operational cost 
with respect to time 𝑡, 𝑀௧ is the maintenance cost with respect to time 𝑡, 𝐹௧ is the fuel 
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cost with respect to time 𝑡, 𝑆 is energy sources, 𝑟 is the discount rate, 𝑔 is the annual 
growth rate of 𝑂&𝑀 expenditure, 𝐸௧ is the electricity generated in year 𝑡, 𝑃 ௪௔௦௧௘ௗ(𝑡) is 
WRE in year 𝑡, and 𝑃 ௦௬௦௧ 𝑡𝑜𝑡 is the total power of the system. 

The economic parameters used in the TLCC and LCOE calculations, including capital 
costs, operation and maintenance (O&M) costs, and component lifetimes, are summarized 
in Table 3. The selected values are based on literature-reported data and reflect realistic 
techno-economic conditions for hybrid renewable energy systems in rural electrification 
contexts. These parameters are consistently applied across all system components in the 
optimization model. 

Table 3. Economic Parameters Used in TLCC and LCOE Calculations. 

Component Capital Cost Fixed O&M Cost/Variable Cost Efficiencies Lifetime 
Solar PV 833 USD/kW 16.66 USD/kW/year 20% 25 years 
Wind Turbine 1355 USD/kW 44.5 USD/kW/year 40% 20 years 
Biomass Generator 896 USD/kW 0.22 USD/kWh 85% 25 years 
Fuel Cell 2000 USD/kW 40 USD/kW/year 90% 15 years 
Battery 300 USD/kWh 6 USD/kWh/year - 10 years 
Supercapacitor 2000 USD/kWh 40 USD/kWh/year - 20 years 

Equations (21)–(35) define the operational and design constraints necessary for opti-
mizing the HRES. Optimization ensures minimized LPSP, reduces energy waste, and 
maintains the state of charge of storage systems (battery and supercapacitor) within safe 
bounds. The constraints also regulate the sizing of system components, enforce realistic 
limits on the use of renewable resources, and guarantee the presence of essential system 
elements like fuel cells and hydrogen storage. Finally, the reliability constraint (shown in 
Equation (35)) ensures that the system achieves power supply with an LPSP above the 
minimum thresholds, thereby prioritizing reliability in rural electrification scenarios. 

5.2. Equalities Constraints 

(a) Power Balance Equality Constraints 

The power balance equality is determined by Equation (21). 𝑃௅(𝑡) − ቀ𝑃 ஼ೄುೇ(𝑡) + 𝑃஼ೈಸ(𝑡) + 𝑃஼ಳಾಸ (𝑡) + 𝑃 ஼ಳಲ೅ (𝑡) + 𝑃 ஼ೄ಴ (𝑡) + 𝑃 ஼ಷ಴ (𝑡)ቁ= 𝑃௜௠௕ (𝑡)       Ɐ𝑡 
where: 𝑃௜௠௕ (𝑡) > 0: 𝐷𝑒𝑚𝑎𝑛𝑑 𝑒𝑥𝑐𝑒𝑒𝑑𝑠 𝑠𝑢𝑝𝑝𝑙𝑦 (𝑑𝑒𝑓𝑖𝑐𝑖𝑡), 𝑃௜௠௕ (𝑡) < 0: 𝑆𝑢𝑝𝑝𝑙𝑦 𝑒𝑥𝑐𝑒𝑒𝑑𝑠 𝑑𝑒𝑚𝑎𝑛𝑑 (𝑠𝑢𝑟𝑝𝑙𝑢𝑠), 𝑃௜௠௕ (𝑡) = 0: 𝑃𝑒𝑟𝑓𝑒𝑐𝑡 𝑏𝑎𝑙𝑎𝑛𝑐𝑒 

(21)

where 𝑃௅(𝑡),  𝑃 ஼ೄುೇ(𝑡), 𝑃஼ೈಸ(𝑡),  𝑃஼ಳಾಸ (𝑡),  𝑃 ஼ಳಲ೅ (𝑡),  𝑃 ஼ೄ಴ (𝑡),  and  𝑃 ஼ಷ಴ (𝑡)  represent 
the load, SPV, wind generator, biomass generator, battery, supercapacitor and fuel cell 
power at time t, respectively, with respect to the optimized capacities, and 𝑃௜௠௕ (𝑡) is power imbalance at time 𝑡. 
(b) Wasted Power Equality Constraints 

The total wasted renewable energy is determined by Equations (22) and (23). 𝑃 ஼ೄುೇ(𝑡) + 𝑃஼ೈಸ(𝑡) −  (𝑃௅(𝑡) + 𝑃 ஼ಳಲ೅ (𝑡) + 𝑃 ஼ೄ಴ (𝑡)) = 𝑃 ௪௔௦௧௘ௗ(𝑡) Ɐ𝑡 (22)

𝑃 ௪௔௦௧௘ௗ_௧௢௧௔௟(𝑡) =  ෍  ்
௧ୀଵ 𝑃 ௪௔௦௧௘ௗ(𝑡) (23)
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where 𝑃 ௪௔௦௧௘ௗ(𝑡) is the wasted power at time t and 𝑃 ௪௔௦௧௘ௗ_௧௢௧௔௟(𝑡) is the total wasted 
power. 

5.3. Inequalities Constraint 

(a) Storage System Operational Inequality Constraints 

Equations (24)–(27) are used to provide the operating limits of the battery, superca-
pacitor, hydrogen storage tank and biomass storage, respectively. 𝑆𝑂𝐶஻஺்,ெூே(𝑡) ≤ 𝑆𝑂𝐶஻஺் ≤ 𝑆𝑂𝐶஻஺்,ெ஺௑ Ɐ𝑡 (24)𝑆𝑂𝐶ௌ஼,ெூே(𝑡) ≤ 𝑆𝑂𝐶ௌ஼ ≤ 𝑆𝑂𝐶ௌ஼,ெ஺௑      Ɐ𝑡 (25)𝐶ுమ,௦௧௢௥௔௚௘(𝑡) ≥ 0                                       Ɐ𝑡 (26)𝐵𝑖𝑜𝑚𝑎𝑠𝑠௦௧௢௥௔௚௘(𝑡) ≥ 0                            Ɐ𝑡 (27)

where 𝑆𝑂𝐶஻஺் and 𝑆𝑂𝐶ௌ஼ represent the state of charge of the battery and supercapacitor, 
respectively. Whereas 𝐶ுమ,௦௧௢௥௔௚௘(𝑡) and 𝐵𝑖𝑜𝑚𝑎𝑠𝑠௦௧௢௥௔௚௘(𝑡) represent the hydrogen and 
biomass storage capacities, respectively. 

(b) Renewable Energy Sizing Inequalities Constraint 

Equations (28)–(30) present the sizing constraints of the solar, wind turbine and bio-
mass generators, respectively. 𝐶ௌ௉௏ ≥ 0                                                     Ɐ𝑡 (28)𝐶ௐீ ≥ 0                                                    Ɐ𝑡 (29)𝐶஻ெீ ≥ 0    𝑃஻ெீ ≤ 𝑃஻ெீ,ெ஺௑            Ɐ𝑡 (30)

where 𝐶ௌ௉௏, 𝐶ௐீ, and 𝐶஻ெீ are the capacity for SPV, wind and biomass generation. 

(c) Storage Sizing Inequalities Constraint 

Equations (31)–(34) present the sizing constraints of the battery, supercapacitor, hy-
drogen fuel cell and hydrogen storage tank, respectively. 𝐶஻஺் ≥ 0                                               Ɐ𝑡 (31)𝐶ௌ஼ ≥ 0                                                Ɐ𝑡 (32)𝐶ி஼ ≥ 0                                               Ɐ𝑡 (33)𝐶ுమ,௦௧௢௥௔௚௘ ≥ 0                                 Ɐ𝑡 (34)

where 𝐶஻஺், 𝐶ௌ஼, 𝐶ி஼, and 𝐶ுమ,௦௧௢௥௔௚௘ represent the capacities of the battery, supercapac-
itor, fuel cell and hydrogen storage tanks, respectively. 

(d) Reliability Inequality Constraint 

Equation (35) presents the LPSP operating constraint 𝐿𝑃𝑆𝑃 ≥ 0                                                 Ɐ𝑡 (35)

The constraint equations in Equations (21)–(35) ensure that the optimized system op-
erates within physically feasible and practical limits. The power balance constraint guar-
antees that generation meets demand at all times, while the wasted energy constraint ac-
counts for excess renewable energy that cannot be utilized. Storage constraints maintain 
the SOC of batteries and supercapacitors within safe operating limits to prevent degrada-
tion. Resource and sizing constraints restrict component capacities based on realistic 



Energies 2026, 19, 3005 19 of 38 
 

https://doi.org/10.3390/en19133005 

design and availability considerations, while hydrogen and biomass constraints regulate 
fuel usage. Finally, the reliability constraint ensures that the system maintains an accepta-
ble level of supply security. Together, these constraints guide the optimization toward 
technically viable and sustainable solutions. 

6. Simulation Environment 
The modelling and optimization framework was implemented in MATLAB R2024b 

(MathWorks Inc., Natick, MA, USA), using custom-developed scripts. The NSGA-II algo-
rithm was employed for multi-objective optimization, while system performance was eval-
uated through the hourly simulation of generation, storage, and load interactions. The 
MATLAB environment was used for data processing, visualization, and performance anal-
ysis to ensure the reproducibility and consistency of the results. 

7. Simulation Results 
This section presents and analyzes the results obtained from the optimization of hy-

brid renewable energy systems for the selected rural communities: Oluundje, Ombudiya, 
and Onguati. The results are discussed in terms of system performance, seasonal power 
variations, and the behaviour of storage components. It also evaluates the Pareto-optimal 
solutions, comparing the trade-offs among technical and economic objectives. The analysis 
further explores energy compositions, capacity factors, and dispatch characteristics under 
different operating scenarios. This comprehensive assessment provides valuable insights 
into the viability of renewable-based microgrids in Namibia. 

7.1. Optimal Solution 

This section presents the optimal sizing configurations of the HRESs for the three se-
lected villages, Oluundje, Ombudiya, and Onguati, obtained using the NSGA-II multi-ob-
jective optimization framework. To improve the visualization of the optimization results, 
selected graphical representations were introduced based on the existing dataset. These 
plots illustrate the variation in key performance metrics such as LCOE and LPSP across 
the obtained solutions, providing clear insight into system behaviour and trade-offs. De-
tailed numerical results are retained in Appendix A. The Pareto-optimal solutions for each 
area are provided in the subsequent subsections, which are further weighted, and the Pa-
reto solution with the highest score is chosen as the best solution. The best solution is in-
dicated with a yellow star in the graph showing the optimal output of reliability vs. LCOE 
vs. wasted power, based on weighted Pareto (Figures 4–6), and with a red rectangle in the 
Pareto-optimal solution tables (Appendix A Figures A1a–A3a)) as well as in the weighted 
Pareto-optimal solutions tables (Appendix A Figures A1b–A3b). 
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Figure 4. Oluundje village’s optimal output: reliability vs. LCOE vs. wasted power based on 
weighted Pareto. 

 

Figure 5. Onguati village’s optimal output: reliability vs. LCOE vs. wasted power based on 
weighted Pareto. 

 

Figure 6. Ombudiya village’s optimal output: reliability vs. LCOE vs. wasted power based on 
weighted Pareto. 

Figure A1 illustrates the Pareto-optimal solutions for Oluundje village, showcasing 
multiple trade-offs for the solutions between cost, emissions, reliability, and wasted en-
ergy. In Figure A1, the best solution, highlighted with a red rectangle, achieves the highest 
weighted score of 0.9100, combining 99.28% reliability, TLCC of 849,173.00 USD, and a low 
LCOE of 0.0042 USD/kWh. This optimal configuration includes significant contributions 
from solar (26.10 kW) and wind (177.09 kW). Notably, the biomass allocation is substantial 
(100.00 kW), confirming its dominance in this village’s generation mix, and this is in agree-
ment with the findings of [53] that biomass is one of the lowest-cost energy sources for 
mini-grids, especially in villages with more than 200 households and electricity demands 
exceeding three hours per day. The fuel cell (60.00 kW) serves a complementary role, with 
battery and supercapacitor capacities of 180.93 kWh and 2.56 kWh, respectively, indicating 
the need for both long-term and fast-response storage. 

In Figure A2, the best Pareto-optimal solution for Onguati village reveals a markedly 
different optimal mix due to its higher wind potential as compared to other renewable 
energy sources in conjunction with areas of low load demand, with a reliability of 94.20%, 
LCOE of 0.0811 USD/kWh, TLCC of 784,142.00 USD, and a weighted score of 0.9148. Wind 
power is the dominant source of power, at 149.68 kW, followed by solar at 8.68 kW, as a 
secondary contributor. Fuel cells (192.00 kW) are used sparingly as backup. Notably, the 
batteries, with a capacity of 154.21 kWh and supercapacitor at 3.10 kWh, are relatively 
smaller compared to those of Oluundje village; this is attributed to consistent wind 
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availability reducing the dependence on energy storage. This confirms that the proposed 
algorithm is superior in ensuring the adaptability of the HRES to local resource profiles. 

Figure A3 displays the Pareto front and selected solution for Ombudiya village. It is 
observed from Figure A3 that the best optimal result achieves 79.82% reliability, an LCOE 
of 0.0023 USD/kWh, and a TLCC of 445091.00 USD, earning the highest weighted score of 
0.8690. The configuration again places heavy reliance on biomass (100.00 kW), with mod-
erate contributions from solar (29.01 kW) and low wind penetration (6.86 kW). A fuel cell 
(10.00 kW) supplements the system during rare shortfalls. Notably, the battery (40.86 kWh) 
and supercapacitor (0.02 kWh) capacities are adjusted to align with moderate renewable 
resource variability, emphasizing a balance between cost and dispatchability. 

7.2. Seasonal Power Variations 

Figure 7 illustrates the yearly variation in power and load demand on an hourly basis, 
while Figures 8–10 shows seasonal variations in power and load demand for the three vil-
lages. 

 
(a) 

 
(b) 
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Figure 7. Hourly power profiles for (a) Oluundje, (b) Ombudiya, and (c) Onguati. 

 
(a) (b) 

 
(c) (d) 

Figure 8. Oluundje seasonal power profiles for (a) summer, (b) autumn, (c) winter, and (d) spring. 
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(a) (b) 

(c) (d) 

Figure 9. Ombudiya seasonal power profiles for (a) summer, (b) autumn, (c) winter, and (d) 
spring. 

  
(a) (b) 
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(c) (d) 

Figure 10. Onguati seasonal power profiles for (a) summer, (b) autumn, (c) winter, and (d) spring. 

Across all villages, solar energy emerges as the dominant source, aligning with Na-
mibia’s high solar irradiance levels. In Oluundje and Ombudiya villages, solar resources 
contribute significantly during the day, between 06H00 and 18H00, but show variability 
across seasons and within days, requiring support from other energy sources to maintain 
the supply–demand balance. In Onguati village, solar energy remains significant, but it is 
frequently outpaced by wind energy due to the favourable wind conditions in the location 
(up to 20 m/s in winter). In addition, as wind resources are available throughout the day, 
the reliance on energy storage systems is reduced. 

It is illustrated in Figure 7a–c that wind energy exhibits significant variation across 
the studied villages. Wind power is minimal in Oluundje and Ombudiya villages due to 
the prioritization of biomass resources, achieving a low LCOE and LPSP. This is primarily 
because biomass in these areas is locally abundant, stable, and dispatchable, thereby re-
ducing reliance on oversized energy storage systems and minimizing unmet load condi-
tions, which in turn lowers the LPSP. Given the high biomass availability and relatively 
high load demand in these villages [55], wind energy contributes the least to the overall 
hybrid power supply. By contrast, Onguati demonstrates substantial wind power activity, 
especially during transitional seasons, indicating high reliance on wind due to low load 
demand, and thus biomass is less cost-effective. The dashed blue lines in Onguati village’s 
plots, as illustrated in Figure 10, show sharp wind generation spikes, reducing the depend-
ence on other generation sources during those periods. 

Fuel cells play a pivotal role in hybrid operation, particularly in supplementing en-
ergy during shortfalls. They act as the first dispatchable backup once renewable sources 
(solar and wind), batteries, and supercapacitors are depleted. Their operation is prominent 
in all three villages, although their activity is more frequent in Oluundje and Ombudiya 
due to the low renewable energy surplus. Importantly, their contribution precedes bio-
mass utilization to ensure quick-start and low-volume balancing support. 

Biomass is primarily used after the fuel cell resource becomes exhausted or insuffi-
cient, serving as a long-term and reliable backup power source. In Oluundje and Om-
budiya villages, biomass usage is dominant during the peak evening hours and early 
morning hours, when solar is unavailable and the battery’s SOC is insufficient. This high-
lights biomass’s role as a firm and dispatchable generation asset in larger communities 
with high energy demand. 

In this scenario, supercapacitors and batteries are utilized for short-term fluctuations 
and smoothing, responding to high-frequency imbalances. The plots show fast charge–
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discharge cycles, especially in Oluundje and Ombudiya villages, where these storage sys-
tems provide transient response support. Their contribution is minimal in terms of total 
energy, but essential for system stability and voltage regulation. 

The load demand profile is attributed to the Diurnal load shape where, for residential 
households, peak demand is in the evening when people are home, and the lighting and 
heating cycles, cooking cycles and economic and activity cycles such as school hours, mar-
ket days, and work patterns shift daily. 

In summary, the analysis confirms a strategic dispatch hierarchy where renewable 
energy (solar and wind) is used first, followed by batteries and supercapacitors for stabili-
zation. When deficits arise, fuel cells are engaged as the first backup due to their fast-re-
sponse capability, followed by biomass generators for sustained power delivery. This 
staged dispatch strategy optimizes both cost and reliability, aligning with the overarching 
system design objectives for sustainable rural electrification in Namibia. 

7.3. Energy Storage Flowcharts 

Figures 11–13 present the annual behaviour of dispatchable resource capacities and 
energy storage in the optimized hybrid energy systems for Oluundje, Ombudiya, and On-
guati villages. This includes the remaining fuel budgets (in kWh) for fuel cells and biomass 
generators, as well as the State of Charge (SOC) trends for batteries and supercapacitors 
throughout the year. 

(a) 
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(b) 

Figure 11. Oluundje village’s (a) available dispatchable capacity and (b) battery and supercapacitor 
SOC (%). 

 
(a) 
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(b) 

Figure 12. Ombudiya village’s (a) available dispatchable capacity, (b) battery and supercapacitor 
SOC (%). 

 
(a) 
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(b) 

Figure 13. Onguati village’s (a) available dispatchable capacity and (b) battery and supercapacitor 
SOC (%). 

As shown in Figures 11 and 12, there is a steady depletion of the available hydrogen 
storage allocated to the fuel cell before biomass activation in Oluundje and Ombudiya vil-
lages, respectively, consistent with the dispatch strategy, where fuel cells act as the primary 
dispatchable source when RESs are insufficient. Biomass is engaged after the energy in fuel 
cells is depleted to supply the remaining unmet load. This layered approach reflects both 
economic and operational priorities, prioritizing hydrogen utilization before biomass due 
to emissions and operational cost considerations. The SOC levels of the battery and super-
capacitors in these villages remain relatively stable, generally above 20% and below 80% 
and 90% for the battery and supercapacitor, respectively, and there is minimal usage. 
These SOC limits are selected to prevent deep discharge and overcharging, which are 
known to accelerate degradation and reduce the operational lifespan of storage systems, 
and are widely adopted in energy storage modelling practices. These storage devices are 
mainly used for short-term balancing and transient support rather than continuous cy-
cling. By prioritizing dispatchable generation (fuel cell and biomass) over prolonged stor-
age discharge, the algorithm mitigates excessive cycling stress, reduces degradation rates, 
and extends storage lifespan. Consequently, storage devices function mainly as dynamic 
stabilizers for power smoothing and rapid response support, rather than as continuous 
energy sources. 

In Onguati village, biomass resource remains virtually untapped throughout the year, 
as evidenced by the flat energy budget curve in Figure 13a. This occurs because wind 
power, which serves as the village’s primary energy source, is sufficient to meet most of 
the load demand, while the fuel cell provides reliable backup during renewable shortfalls. 
Given the relatively low load demand and substantial wind availability, the optimization 
algorithm identifies biomass generation as uneconomical, since activating it would in-
crease operational costs and emissions without significantly improving reliability. These 
results confirm that wind power can meet most of the load when supplemented by the fuel 
cell, battery, and supercapacitors. However, the repeated SOC cycling observed in Onguati 
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village’s storage systems (battery and supercapacitor) highlights their critical role in miti-
gating wind intermittency and managing short-term power fluctuations. 

The variation in storage usage patterns across villages underscores the importance of 
site-specific hybrid energy system planning. While Oluundje and Ombudiya villages sig-
nificantly depend on dispatchable resources to meet the load, Onguati village’s system 
capitalizes on wind abundance, relying more on the battery and supercapacitor and fuel 
cell than on biomass-based generation. 

7.4. Capacity Factors of Energy Sources 

Figure 14 illustrates the annual capacity factors (CF) of solar, wind, biomass, and fuel 
cell systems for the three villages. The results indicate that solar PV consistently exhibits 
the highest CF across all three locations, ranging from approximately 23% to 27%. This 
reflects not only the abundant solar resource potential in Namibia’s semi-arid climate but 
also the low seasonal variability, high solar irradiance levels, and favourable temperature 
conditions that enhance PV conversion efficiency. In addition, the optimization algorithm 
prioritizes solar generation due to its zero-fuel cost, low operational expenditure, and high 
reliability, leading to consistently high utilization throughout the year and showing this to 
be a cornerstone of HRESs. 

 
Figure 14. Capacity factors for the different energy sources for the three villages. 

In contrast, wind energy displays relatively lower CF values, typically below 14%, 
suggesting limited or inconsistent wind availability in the regions studied. This positions 
wind as a supplementary energy source, particularly useful for covering night-time or sea-
sonal gaps in solar power generation. 

Biomass-based systems achieve a notably high CF in Oluundje and Ombudiya vil-
lages, ranging from 25% to 30%, signifying effective utilization of available feedstock and 
the efficient integration of biomass generation into the dispatch strategy. Conversely, On-
guati village exhibits zero CF for biomass systems. This is attributed to lower demand lev-
els, and resource constraints, considering that the village’s configuration is optimized 
around wind energy. 
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The fuel cell CF remains the lowest across all villages, ranging between 3% and 6%. 
This is due to minimal periods of concurrent renewable energy shortfalls where fuel cells 
were to be used as a back-up source of power, as well as the fuel limitations. The observed 
differences in CF values across different technologies and locations underscore the neces-
sity for site-specific resource assessment and hybrid system optimization to ensure both 
technical reliability and economic feasibility. 

7.5. Composition of the Energy Sources 

Figure 15 illustrates the optimal combination of the energy mix for the three villages 
under consideration. It is shown that wind energy is the dominant source in Onguati vil-
lage, driven by a favourable and consistently available wind resource (up to 20 Fm/s m/s 
in winter). By contrast, biomass accounts for the majority of the energy supply in Om-
budiya and Oluundje villages, reflecting the availability of a sustainable biomass feedstock 
and the higher energy demand in these two villages, which have larger communities. 

(a) (b) 

 
(c) 

Figure 15. Energy sources compositions for (a) Oluundje, (b) Ombudiya, and (c) Onguati. 

The prominence of biomass in Ombudiya and Oluundje villages aligns with the find-
ings in [55]. It is observed from Figure 15 that solar PV contributes a comparatively equal 
amount of power in all three villages, but its share remains moderate due to its intermit-
tency, limited generation during nighttime, and optimized sizing constraints aimed at 
minimizing costs. Fuel cells, powered by stored hydrogen, contribute the least in all cases 
and are only dispatched under circumstances when renewable generation sources are in-
sufficient. 
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These findings emphasize the importance of a site-specific system configuration that 
accounts for local renewable resource availability, population-based demand patterns, and 
cost-effectiveness in resource utilization. Tailoring the HRES design in this manner en-
hances system reliability, ensures cost-efficiency, and promotes sustainable rural electrifi-
cation. The results from the optimization further confirm that the multi-objective NSGA-II 
is effective in designing HRESs for enhanced rural electrification. Each village’s most op-
timal solution varied depending on their load profiles and resource availability. Key take-
aways include the importance of dispatchable sources like biomass and fuel cells for relia-
bility, the role of supercapacitors in transient stability, and the use of hydrogen storage for 
long-duration support. The framework developed here can be scaled and adapted for other 
rural locations in Namibia and beyond. 

Furthermore, the graphical and analytical results obtained for three villages collec-
tively illustrate the development of an adaptable hybrid renewable energy framework ca-
pable of replication across diverse rural contexts in Namibia. The resource assessment 
graphs (Figures 1 and 2) and Table 2 revealed significant spatial and temporal variations 
in wind speed, solar irradiance across the three sites, and biomass availability, forming the 
foundation for location-specific parameterization within the model. 

The optimization results, including the Pareto fronts and reliability–LCOE–wasted 
power trade-off plots (Figures 4–6), demonstrated that the model dynamically adjusted the 
optimal configuration of solar PV, wind turbines, biomass generators, and hydrogen-based 
fuel cell systems according to each village’s resource potential and demand profile. For 
instance, the Pareto front for Onguati village favoured a solar–wind–fuel cell hybrid sys-
tem due to the high solar insolation and wind resources and moderate biomass potential 
and low load demand. Conversely, Oluundje and Ombudiya villages’ optimal solution 
incorporated a larger biomass capacity owing to their increased biomass resources, and an 
increased load demand due to the larger community size, making the solution more cost-
effective. The available dispatch capacity and state-of-charge (SOC) plots (Figures 11–13) 
validated the control strategy’s effectiveness in maintaining system stability and ensuring 
a balanced power-sharing among the battery, supercapacitor, and hydrogen storage sub-
systems, as well as biomass resources’ availability. 

Furthermore, the reliability and sensitivity analyses confirmed that the framework 
consistently achieved a system reliability above 75% while maintaining competitive LCOE 
values between $0.0023 and $0.0811/kWh, outperforming existing diesel mini-grids such 
as those in the Tsumkwe and Gam locations. These results collectively verify that the 
framework can automatically adapt to varying technical, economic, and resource con-
straints. By updating the input datasets, such as local renewable resource profiles, and load 
patterns, the same optimization simulation framework can be applied to any other rural 
area in Namibia to design a site-specific, reliable, and economically viable hybrid energy 
system, thus promoting replicable, scalable and sustainable rural electrification. 

The findings in this section demonstrate that integrating multiple renewable sources 
with appropriate storage systems can effectively enhance the reliability and affordability 
of rural electrification. Seasonal analyses confirmed that hybrid configurations outperform 
single-resource systems in terms of stability and energy availability. The Pareto-optimal 
results underscore the balance between cost and reliability, supporting sustainable energy 
planning decisions. These results validate the robustness of the proposed optimization 
framework. The concluding section summarizes the research contributions and provides 
recommendations for future work. 

8. Conclusions 
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The study developed and validated an NSGA-II multi-objective optimization model 
for Hybrid Renewable Energy Systems (HRESs) tailored to rural electrification in Namibia. 
The key innovative outcomes and contributions are summarized as follows: 

• A novel integrated HRES framework combining solar PV, wind, biomass, batteries, 
supercapacitors, and hydrogen-based fuel cells was successfully formulated and op-
timized for rural applications. 

• The NSGA-II-based multi-objective optimization approach effectively minimized 
TLCC, LCOE, and WRE while maximizing reliability and renewable energy utiliza-
tion under real-world conditions, including available renewable energy resources 
and forecasted load demand. 

• The model demonstrated strong techno-economic and operational performance, 
while providing a flexible multi-objective optimization framework capable of captur-
ing trade-offs between cost, reliability, emissions, and energy utilization. 

• Hybrid energy storage integration (battery–supercapacitor–hydrogen) significantly 
enhanced system flexibility, reduced component stress, and improved long-term op-
erational stability. 

• Supercapacitors enabled high-frequency load balancing, while batteries and hydro-
gen storage provided long-duration energy autonomy, addressing renewable inter-
mittency more effectively than single-storage systems. 

• Solar PV was identified as the primary energy contributor, due to the high availabil-
ity of solar resources and their low operation and maintenance costs, with wind and 
biomass acting as complementary sources to improve system reliability and dis-
patchability. 

• The best optimal HRES configurations achieved high system reliability (>75%) while 
maintaining highly competitive LCOE values between $0.0023 and $0.0811/kWh, sig-
nificantly outperforming both existing diesel mini-grids, such as Tsumkwe 
(≈$0.55/kWh) and Gam (≈$0.91/kWh) [56], and Namibia’s average grid electricity cost 
of approximately $0.134/kWh [57]. This demonstrates the superior techno-economic 
viability of renewable-based hybrid systems for rural electrification. Such cost ad-
vantages, coupled with improved reliability and environmental sustainability, posi-
tion HRES as a long-term substitute for fossil-fuel-based and grid-dependent sys-
tems, requiring only minimal institutional support to accelerate large-scale deploy-
ment across off-grid regions. 

• Optimal sizing and intelligent dispatch strategies minimized excess energy and en-
sured efficient utilization of available renewable resources. 

• A clear cost–reliability trade-off was established, where higher reliability required 
increased storage capacity, particularly for hydrogen-based systems. 

• The model was validated across three different rural sites, demonstrating its scalabil-
ity, adaptability, and suitability for broader national electrification planning. 

• The framework also incorporated Namibia-specific socio-economic conditions, such 
as affordability thresholds (electricity cost ≤ 5% of household income), ensuring cost-
effective energy supply through the minimization of LCOE, which serves as a proxy 
for affordability in low-income rural contexts, where energy demand is strongly con-
strained by household income levels. 
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Nomenclature 
Symbol Description Unit 𝑃 Power kW 𝑃௣௩ Solar PV power output kW 𝑃௪௜௡ௗ Wind turbine power output kW 𝑃௕௜௢ Biomass generator power output kW 𝑃௙௖ Fuel cell power output kW 𝑃௟௢௔ௗ Load demand kW 𝑃௪௔௦௧௘ௗ Wasted renewable power kW 𝐸 Energy kWh 𝐸௦ Energy generated by source 𝑠 kWh 𝐸௣௩(𝑡) Energy from PV at time 𝑡 kWh 𝐸௪௜௡ௗ(𝑡) Energy from wind at time 𝑡 kWh 𝐸௕௜௢(𝑡) Energy from biomass at time 𝑡 kWh 𝐸௙௖(𝑡) Energy from fuel cell at time 𝑡 kWh 𝑆𝑂𝐶 State of charge (%) – 𝑆𝑂𝐶௕௔௧ Battery state of charge (%) – 𝑆𝑂𝐶௦௖ Supercapacitor state of charge (%) – 𝐶௜ Initial investment cost USD 𝑂௧ Operational cost at time 𝑡 USD 𝑀௧ Maintenance cost at time 𝑡 USD 𝐹௧ Fuel cost at time 𝑡 USD 𝐶ௗ Decommissioning cost USD 𝑟 Discount rate – 𝑔 Annual cost escalation rate – 𝑇 Project lifetime years 𝑡 Time index hour/year 𝑆 Number of energy sources – 𝐿𝑃𝑆𝑃 Loss of power supply probability – 𝑊𝑅𝐸 Wasted renewable energy kWh 𝐶𝑂ଶ Total carbon dioxide emissions kg 𝐸𝐹௦ Emission factor of source 𝑠 kgCO2/kWh 𝐸𝐹௣௩ PV emission factor kgCO2/kWh 𝐸𝐹௪௜௡ௗ Wind emission factor kgCO2/kWh 𝐸𝐹௕௜௢ Biomass emission factor kgCO2/kWh 𝐸𝐹௙௖ Fuel cell emission factor kgCO2/kWh 𝑋 Decision vector – 𝑃௉௏ Installed PV capacity kW 𝑃ௐ௜௡ௗ Installed wind capacity kW 𝑃஻௜௢ Installed biomass capacity kW 𝑃ி஼ Fuel cell capacity kW 𝐸஻௔௧ Battery energy capacity kWh 𝐸ௌ஼ Supercapacitor energy capacity kWh 𝐻ଶ௠௔௫ Maximum hydrogen storage kg or kWh 𝐼𝑛𝑣௦௜௭௘ Inverter capacity kW 𝐶௣ Wind turbine power coefficient – 𝜂௣௩ PV conversion efficiency – 𝜂௕௜௢ Biomass conversion efficiency – 𝜂௙௖ Fuel cell efficiency – 
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Appendix A 

 
(a) 

 
(b) 

Figure A1. Oluundje village’s (a) Pareto-optimal solutions, where the red box indicates the selected 
optimal solution, and (b) optimal solutions based on weighted Pareto. 

 
(a) 
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(b) 

Figure A2. Onguati village’s (a) Pareto-optimal solutions, where the red box indicates the selected 
optimal solution, and (b) optimal solutions based on weighted Pareto. 

 

 
(a) 

 
(b) 

 

Figure A3. Ombudiya village’s (a) Pareto-optimal solutions, where the red box indicates the selected 
optimal solution and (b) optimal solutions based on weighted Pareto. 
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