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Abstract

This paper presents a techno-economic optimization framework for the
design and sizing of a hybrid renewable energy system (HRES) integrating
photovoltaic generation, wind energy, and battery storage for isolated and
weak-grid coastal communities. The proposed methodology aims to mini-
mize the annualized life cycle cost, also referred to as the equivalent annual
total cost (CAET), while explicitly incorporating system reliability through
the Value of Lost Load (VOLL), a concept widely adopted in power system
planning and regulatory studies.
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The optimization problem is formulated using an hourly energy balance
over a full annual horizon of 8760 hours, allowing the explicit representation
of load variability, renewable resource intermittency, and battery charge-
discharge dynamics. Capital investment costs are annualized using the capital
recovery factor based on established engineering economics principles, while
operational costs and the economic valuation of unserved energy are jointly
considered in the objective function. By embedding reliability costs directly
into the cost formulation, the proposed approach modifies the mathematical
structure of the optimization problem, leading to a convex cost behavior
within the feasible design space.

The framework is applied to a real-world case study corresponding to
the coastal community of Chérrepe, Peru, using site-specific solar irradia-
tion, wind resource, and demand data. Simulation results demonstrate that
the explicit inclusion of reliability valuation significantly influences optimal
system sizing, discouraging undersized configurations with excessive unmet
demand as well as oversized configurations with unnecessarily high capital
costs. The resulting optimal design achieves a balanced and economically
consistent trade-off between investment cost and supply reliability.

The results confirm that integrating reliability valuation directly into the
techno-economic optimization process provides a transparent, robust, and
replicable approach for the planning of hybrid renewable energy systems in
isolated contexts. The proposed methodology can be readily adapted to other
locations and technology combinations, offering a practical decision-support
tool for distributed generation and alternative energy planning.

Keywords: Hybrid renewable energy system, value of lost load, photo-
voltaic solar panels, wind generators, battery banks, life cycle cost, convex
objective function, design optimization.

1 Introduction

The provision of reliable and affordable electricity remains a critical chal-
lenge for isolated and weak-grid communities, particularly in coastal and
rural regions where access to centralized power systems is limited or eco-
nomically unfeasible. In recent decades, hybrid renewable energy systems
(HRES), combining photovoltaic (PV) generation, wind energy, and energy
storage technologies, have emerged as a viable alternative to conventional
diesel-based solutions, driven by the availability of local renewable resources
and the need to reduce fuel dependency and operational costs [25, 26].
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The techno-economic design of HRES is commonly formulated as an
optimization problem in which system capacities are selected to minimize
economic performance indicators such as life cycle cost (LCC), net present
cost, or equivalent annual cost. These indicators are grounded in classical
engineering economics and investment valuation theory, incorporating dis-
count rates, capital recovery factors, and cost annualization concepts [15, 16,
19–22]. From a methodological standpoint, the mathematical foundations of
these optimization approaches rely on convex and nonlinear optimization
theory, as well as global optimization and engineering design methods [1–8].

Despite the extensive body of literature on HRES optimization, con-
ventional LCC-based formulations exhibit a fundamental limitation when
system reliability is not explicitly modeled. In many practical cases, the
cost function is monotonic or weakly nonlinear with respect to installed
generation and storage capacity, resulting in ill-posed optimization problems
in which no unique optimum exists [9, 11–14]. To overcome this limitation,
numerous studies introduce external reliability constraints, penalty factors, or
heuristic stopping criteria, often leading to solutions that are highly sensitive
to parameter selection and difficult to interpret from an economic perspective
[13, 22, 27].

A wide range of optimization techniques has been proposed to address
these challenges, including linear and nonlinear programming, mixed-integer
formulations, convex optimization, and metaheuristic algorithms such as
genetic algorithms, particle swarm optimization, and whale optimization
[9, 13]. While these approaches have demonstrated practical effectiveness in
handling complex design spaces, their primary contribution lies in numerical
solution strategies rather than in addressing the structural properties of the
objective function itself.

In parallel, the economic valuation of electricity supply interruptions has
been extensively studied in the context of power system planning, adequacy
assessment, and electricity market design through the concept of the Value
of Lost Load (VOLL). VOLL represents the economic cost associated with
unserved energy and has been widely adopted by regulatory bodies and
system operators as a key metric for reliability-oriented decision-making
[17, 18, 23, 24]. However, in most HRES design studies, VOLL is treated
either as an external reliability indicator or as a post-optimization metric,
rather than being embedded directly into the techno-economic optimization
framework.

Recent research in distributed generation and alternative energy sys-
tems has addressed various aspects of HRES planning, optimization, and
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operation, including renewable resource assessment, energy management
strategies, power electronics and control, distributed generation hosting
capacity, and integrated energy system optimization [21, 27–29]. In partic-
ular, several relevant contributions published in Distributed Generation and
Alternative Energy Journal have explored barriers to solar power deployment,
advanced control strategies for photovoltaic systems, optimization and power
management of integrated energy systems, assessment of distributed gener-
ation capacity limits, and performance analysis of wind energy technologies
[25–30]. These studies provide valuable insights into technological and oper-
ational challenges but generally do not address the structural formulation of
the techno-economic optimization problem with explicit reliability valuation.

Motivated by these gaps, this paper proposes a unified techno-economic
optimization framework for hybrid renewable energy systems in which reli-
ability costs are explicitly incorporated into the objective function through
the Value of Lost Load. By embedding the economic cost of unserved energy
directly into the annualized life cycle cost formulation, the proposed approach
alters the mathematical structure of the optimization problem, leading to
a convex cost behavior within the feasible design space and enabling the
identification of a unique global cost-minimizing solution without relying on
externally imposed reliability constraints or ad hoc penalty factors [1–5].

The proposed framework is implemented using an hourly simulation over
a full annual horizon, allowing the explicit representation of load variability,
renewable resource intermittency, and battery operation. The methodology
is applied to a real-world case study corresponding to an isolated coastal
community in Peru, using site-specific demand, solar irradiation, and wind
resource data. The results demonstrate that the explicit inclusion of VOLL
significantly influences optimal system sizing decisions, providing a transpar-
ent and economically consistent trade-off between investment cost and supply
reliability. Table 1 is a summary of the abbreviations used in this document:

2 Contributions of this Paper

The main contributions of this work are summarized as follows:

2.1 A techno-economic optimization framework for hybrid renewable
energy systems that explicitly embeds reliability costs through the Value
of Lost Load, rather than treating reliability as an external constraint.

2.2 A reformulation of the annualized life cycle cost objective function that
induces convex behavior with respect to system capacity, enabling the
identification of a unique economically optimal solution.
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Table 1 Abbreviations used

Abbreviation Meaning

CAET Total Equivalent Annual Cost of the plant

FO Objective Function

HERS Hybrid Renewable Energy System

LCC Life Cycle Cost

LCOE Levelized Cost of Energy

MET Mathematical, Economic, and Technical

SLCC System Life Cycle Cost

VEP Value of Lost Energy

VOLL Value of Lost Load

2.3 An hourly simulation-based implementation that captures load variabil-
ity, renewable resource intermittency, and battery dynamics over a full
annual horizon.

2.4 A real-world case study demonstrating the practical implications of
incorporating reliability valuation into HRES sizing decisions, with
results that are transparent, reproducible, and economically inter-
pretable.

2.5 The algorithms and methods developed in this research and executed in
Python will be the basis for a simplified machine learning (ML) meta-
model that will be made available to engineers and technicians tasked
with designing and building, respectively, small distributed generation
hybrid renewable energy systems in rural Peru. The development of
such a simplified metamodel to enable efficient designs by field tech
personnel will be presented in a forthcoming paper.

3 Related Work/Literature Review

The optimal design and planning of hybrid renewable energy systems
(HRES) has been widely investigated in the literature, with particular empha-
sis on cost minimization, system reliability, and the integration of multiple
renewable technologies. Most existing studies formulate the design problem
as an optimization task in which system capacities are selected to mini-
mize economic indicators such as life cycle cost (LCC), net present cost,
or levelized cost of energy, subject to technical and operational constraints
[10, 14, 21].
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A significant portion of the literature focuses on the application of
numerical optimization techniques to address the complexity of HRES design
problems. Linear and nonlinear programming approaches, mixed-integer for-
mulations, and a broad range of metaheuristic algorithms including genetic
algorithms, particle swarm optimization, and whale optimization have been
employed to explore large and nonconvex design spaces [20–22]. These
approaches have proven effective in handling practical constraints and multi-
ple decision variables; however, their primary contribution lies in the solution
methodology rather than in the mathematical structure of the objective
function itself.

Reliability considerations are commonly incorporated into HRES opti-
mization through external constraints or penalty-based formulations. Typical
reliability metrics include loss of power supply probability, unmet load ratio,
or energy not served, which are imposed as minimum performance thresholds
during the optimization process [17, 18]. While these approaches ensure
feasible solutions, they often introduce subjectivity through the selection of
constraint values and penalty coefficients, leading to results that may lack
economic transparency or robustness.

The economic valuation of supply interruptions has been extensively
studied in the context of power system planning and regulation through
the Value of Lost Load (VOLL). Regulatory and academic studies have
established VOLL as a key indicator for adequacy assessment, generation
planning, and market design, providing methodologies for estimating the
economic impact of unserved energy across different customer classes and
outage conditions [17–20, 23, 24]. Despite its relevance, VOLL is rarely
embedded directly into the objective function of HRES optimization models;
instead, it is typically used as a post-processing indicator or as an externally
defined reliability constraint.

In recent years, studies in the field of distributed generation and alter-
native energy systems have addressed complementary aspects related to the
planning and operation of renewable energy systems. These include renew-
able resource assessment, energy management strategies, power electronics
and photovoltaic system control, distributed generation capacity, optimization
of integrated energy systems, and performance evaluation of wind energy
technologies [21, 25–30]. These studies provide valuable information on the
technological, operational, and grid challenges associated with distributed
energy systems..

Recent contributions published in Distributed Generation & Alterna-
tive Energy Journal have addressed complementary aspects of distributed
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renewable energy systems, including optimization-based residential energy
management, distributed generation carrying capacity assessment, solar
integration challenges, hybrid system performance evaluation, and intelligent
control strategies for residential applications. In particular, recent research
has explored advanced heuristic optimization techniques such as sequen-
tial whale optimization algorithms combined with fuzzy logic to enhance
distributed energy management performance. These studies collectively high-
light the importance of integrated techno-economic modeling approaches
within the distributed generation domain. Building upon these contribu-
tions, the present work extends the existing body of research by explicitly
incorporating reliability valuation through the Value of Lost Load (VOLL)
into a convex optimization framework, thereby strengthening the economic
consistency and mathematical robustness of hybrid renewable system design
methodologies [25–30].

In contrast to existing approaches, the present study reformulates
the HRES optimization problem by explicitly embedding reliability costs
through the Value of Lost Load within the annualized life cycle cost objective
function. This structural integration alters the mathematical properties of the
optimization problem, leading to a convex cost behavior within the feasi-
ble design space and enabling the identification of a unique economically
optimal solution without relying on externally imposed reliability constraints
or heuristic penalty terms. By focusing on the formulation of the objective
function rather than on the choice of a specific optimization algorithm,
the proposed framework complements existing solution-oriented approaches
and contributes a transparent and economically consistent perspective to the
HRES planning literature.

4 Mathematical Formulation

This section presents the mathematical formulation of the proposed techno-
economic optimization framework for hybrid renewable energy systems. The
formulation explicitly integrates demand modeling, renewable energy gener-
ation, battery operation, reliability assessment, and economic cost evaluation
into a unified objective function.

4.1 Load Demand Modeling

The electrical demand of the studied community is represented using an
hourly load profile over a full annual horizon of T = 8760 hours. The demand
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at hour is denoted as:
D(t), t = 1, 2, . . . , T (1)

4.2 Renewable Energy Generation Models

The hourly energy produced by the photovoltaic system is expressed as:

EPV(t) = PPV · fPV(t) (2)

Similarly, the hourly energy produced by the wind system is given by:

EW(t) = PW · fW(t) (3)

The total renewable energy generation at hour is therefore:

ERES(t) = EPV(t) + EW(t) (4)

4.3 Battery Storage Modeling

The state of charge of the battery at hour tis defined as:

SOC(t) = SOC(t− 1) + ηchEch(t)−
1

ηdis
Edis(t) (5)

subject to the constraint:

0 ≤ SOC(t) ≤ CB (6)

4.4 Energy Balance and Unserved Energy

At each hour, the system energy balance is evaluated as:

ERES(t) + Edis(t) = D(t) + Ech(t) + EU(t) (7)

where the unserved energy is defined as:

EU(t) = max[0, D(t)− (ERES(t) + Edis(t))] (8)

The total annual unserved energy is given by:

EU,ann =

T∑
t=1

EU(t) (9)
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4.5 Economic Cost Formulation

4.5.1 Capital recovery factor
Capital investment costs are annualized using the Capital Recovery Factor
(CRF):

CRF =
i(1 + i)N

(1 + i)N−1
(10)

4.5.2 Annualized life cycle cost
The equivalent annual total cost (CAET) is defined as:

CAET = CRF(CPV + CW + CB) + CO&M + CU (11)

4.6 Reliability Cost: Value of Lost Load

The economic cost of unserved energy is evaluated using the Value of Lost
Load:

CU = VOLL · EU,ann (12)

4.7 Optimization Problem Statement

The optimization problem is formulated as:

min
PPV,PW,CB

CAET (13)

subject to:

• the energy balance constraint (7),
• the battery constraints (5)–(6),
• and non-negativity constraints on decision variables.

The explicit inclusion of VOLL modifies the shape of the cost function,
leading to convex behavior within the feasible design space and enabling the
identification of a unique global optimum.

5 Optimization Methodology

This section describes the optimization methodology employed to solve the
proposed techno-economic design problem. The methodology is based on an
iterative simulation framework that evaluates candidate system configurations
and identifies the one that minimizes the annualized life cycle cost (CAET)
as defined in the previous section.
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It is important to note that in practical economic dispatch applications,
commercial software like HOMER are used to model and design renew-
able energy systems. Similarly, solvers such as IBM ILOG CPLEX and
Gurobi Optimizer are widely employed to solve large-scale linear, mixed-
integer, and convex optimization problems. These solvers provide robust
and efficient implementations of state-of-the-art algorithms; however, their
effectiveness depends fundamentally on the mathematical structure of the
formulated objective function. The target audience for this research is
practicing engineers and technologists who need practical, inexpensive, and
user-friendly design models and methods and have no access to commer-
cial solvers. The proposed framework complements such tools by ensuring
convexity and direct optimizability at the formulation level, independent of
the specific solver used. The underlying framework, executed in Python, will
serve as the computational basis for developing a forthcoming simplified
Machine Learning design optimization metamodel, which, as a practical tool
kit, will be made available to field personnel.

5.1 Decision Variables and Design Space

The optimization problem considers the installed capacities of the photo-
voltaic system PPV, the wind energy system PW, and the battery stor-
age capacity CB as decision variables. These variables define a three-
dimensional design space in which each point corresponds to a specific HRES
configuration.

The feasible ranges of the decision variables are determined based on
technical, geographical, and economic considerations, ensuring that only
physically meaningful and practically implementable configurations are
evaluated.

5.2 Simulation-Based Evaluation Procedure

For each candidate configuration, an hourly simulation over a full annual
horizon is performed. The simulation follows the sequence below:

1. At each hour t renewable energy generation from photovoltaic and wind
sources is computed using the normalized generation profiles.

2. The battery state of charge is updated according to charging and
discharging decisions derived from the energy balance.

3. The hourly energy balance is evaluated, and any unmet demand is
quantified as unserved energy.
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4. Annual performance indicators, including total unserved energy, capital
recovery costs, operation and maintenance costs, and reliability costs,
are accumulated.

This simulation-based approach ensures that temporal dependencies and
system dynamics are explicitly captured.

5.3 Objective Function Evaluation

The annualized life cycle cost (CAET) is computed for each configuration by
combining annualized capital costs, operation and maintenance costs, and the
economic cost of unserved energy evaluated through the Value of Lost Load.
The explicit inclusion of reliability costs allows the optimization process to
naturally balance investment and reliability considerations without the need
for externally imposed reliability constraints

5.4 Optimization Strategy

Rather than relying on a specific commercial solver or advanced meta-
heuristic, the proposed methodology focuses on the structural properties of
the objective function. The explicit integration of VOLL induces a convex
behavior in the cost function within the feasible design space, enabling the
identification of a unique global minimum through systematic exploration of
the decision space.

This approach ensures that the obtained optimal solution is robust and not
dependent on algorithm-specific parameters or initial conditions.

5.5 Convergence and Robustness Considerations

Convergence is assessed by verifying the stability of the minimum CAET
value across successive refinements of the design space. Sensitivity analyses
can be conducted by varying economic parameters such as discount rate and
VOLL to evaluate the robustness of the optimal solution.

The methodology is inherently reproducible, as it relies on transparent
simulation steps and clearly defined cost formulations.

5.6 Implementation Details

The optimization framework is implemented in Python, leveraging its numer-
ical and data-processing capabilities. The code structure follows a modular
approach, separating data input, simulation routines, cost evaluation, and
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optimization logic. The complete implementation is provided in Appendix
A to facilitate reproducibility and further development.

6 Case Studies

This section presents the application of the proposed techno-economic opti-
mization framework to a real-world isolated coastal community. The case
study is used to demonstrate how the explicit integration of reliability costs
through the Value of Lost Load (VOLL) modifies the behavior of the objec-
tive function and enables the identification of a unique economically optimal
hybrid renewable energy system configuration

6.1 Description of the Study Area

The case study corresponds to the coastal community of Chérrepe, located in
northern Peru (with coordinates −7.166 latitude and −79.68 longitude, it met
the requirements for a HERS plant). The geographical location of the study
area and the local wind resource characteristics are shown in Figure 1, which
illustrates the coastal layout and prevailing wind conditions relevant to wind
energy exploitation.

The community is characterized by limited access to centralized elec-
tricity infrastructure and favorable renewable energy resources, making it

Figure 1 Location of the coastal community of Chérrepe and representation of local wind
resource conditions.
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Figure 2 HER system for generating electrical energy.

suitable for the deployment of hybrid renewable energy systems. The elec-
tricity demand profile represents typical residential and small commercial
consumption patterns and captures daily and seasonal variations over a full
annual horizon.

6.2 Hybrid System Configuration

The general configuration of the proposed hybrid renewable energy system
and the simulation framework is presented in Figure 2, which shows the
interaction between photovoltaic generation, wind energy conversion, battery
storage, and electrical loads.

Photovoltaic generation is modeled using site-specific solar irradiation
data, while wind energy generation is based on vertical-axis wind tur-
bine (VAWT) technology. The main technical characteristics of the selected
VAWT are shown in Figure 3, and the three alternative VAWT configurations
evaluated in the study are compared in Figure 4.

Battery energy storage is included to mitigate the temporal mismatch
between renewable generation and electricity demand, with operational
constraints explicitly considered in the simulation model.

6.3 Simulation Framework and Energy Balance

An hourly simulation over a full annual horizon of 8760 hours is conducted
for each candidate system configuration. At each time step, renewable energy
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Figure 3 Technical characteristics of the selected vertical-axis wind turbine.

generation, battery operation, and load demand are evaluated to determine the
system energy balance.

The resulting supply profile on the load side is illustrated in Figure 5,
confirming that the proposed system configuration ensures stable electricity
supply under normal operating conditions.

When renewable generation and available battery energy are insufficient
to meet demand, unserved energy is recorded and accumulated for economic
evaluation.

6.4 Economic Evaluation and Cost Behavior

The economic performance of each system configuration is evaluated using
the annualized life cycle cost (CAET), which includes capital recovery costs,



Development of a Mathematical and Heuristic Model 485

Figure 4 Comparison of the three alternative VAWT configurations considered in the study.
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Figure 5 General simulation framework of the hybrid renewable energy system.

operation and maintenance costs, and the economic cost of unserved energy
evaluated through VOLL.

The behavior of the cost function under conventional and proposed for-
mulations is illustrated in Figure 6, which compares the cost behavior without
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Figure 6 Present value of the conventional LCC(X) (without Lost Load Value).

Figure 7 Plant Capacity when Lost Load Value is included.

including reliability costs and achieves an optimal value with cost constraint
at point 8.00.

Figure 7 shows LCC vs. Plant Capacity when the Head Loss Value is
included. This function of effect (FO) can be convex and, in some cases, both
concave and convex. The graph clearly shows a global minimum.



488 Jorge Wong Kcomt and Luis Ramírez Huamán

6.5 Optimal System Identification

The simulation results reveal the existence of a unique economically optimal
system configuration that balances investment cost and reliability. The opti-
mal configuration avoids undersized systems with excessive unmet demand
and oversized systems with unnecessary capital expenditures.

We are considering 28 dwellings. Average hourly consumption per house-
hold: 150 W (night) to 2500 W (peak day). We can estimate a typical profile
for each household and for the entire community. Table 2 shows the demand
simulation.

The numerical results corresponding to the optimal configuration are
summarized in Table 3, which presents the installed capacities of the pho-
tovoltaic system, wind turbine, and battery storage system. Table 4 sum-
marizes the economic breakdown of capital, operation, maintenance, and

Table 2 Simulated demand profile for the Chérrepe community
Hora Average Load Per Household (W) Total (28 Houses) (kW)
00–06 200 5.6
06–08 500 14
08–18 1000 28
18–22 2500 70 (peak demand)
22–24 400 11.2

Table 3 Optimal installed capacities of the hybrid renewable energy system components
Parameter Worth
Analysis horizon (years) 10
Discount rate (%) 10
Housing 28
Total daily demand (kWh) 644
Solar panel cost (USD/kW) 950
Wind turbine cost (USD/kW) 350
Battery cost (USD/kWh) 400
O&M cost (USD/kW/year) 15
Peak VOLL cost (USD/kWh) 0.45
VOLL cost per day (USD/kWh) 0.2
Peak hours per day 4
Off-peak hours per day 20
Equivalent hours of operation at full capacity:
Solar generation (kWh/kW/día) 4.4
Wind generation(kWh/kW/día) 6
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Table 4 Breakdown of annualized costs for the optimal system configuration
Approximate Size or Reference Cost

Component Exploratory Range Installed (USD, $)
Solar panels 146 kW 120,000 − 175,000
Wind turbines 30–40 kW 60,000 − 80,000
Batteries(Li-ion) 1431 kWh 500,000 − 650,000
Investors + EMS 150–200 kW 70,000 − 100,000
Structures + Works 100 m2 50,000 − 80,000
Total Estimated, installed plant 800,000 − 1,100,000

Table 5 Annual energy production, unserved energy, and reliability indicators
HER Wind (KW)
PV
(KW) 0 12 24 36 48 60
60 172,730.72 167,560.81 162,390.89 157,220.97 152,051.05 146,881.13
84 167,952.26 162,782.34 157,612.42 152,442.50 147,272.58 146,435.46
108 163,173.79 158,003.88 152,833.96 148,778.99 149,642.52 150,506.05
132 163,173.79 158,003.88 152,833.96 148,778.99 149,642.52 150,506.05
156 158,395.33 153,225.41 151,986.05 152,849.58 153,713.12 154,576.65
180 158,400.18 159,263.71 160,127.24 160,990.77 161,854.31 162,717.84

reliability-related costs, while Table 5 reports annual energy production,
unsupplied energy, and reliability indicators.

6.6 Reliability and Sensitivity Analysis

A sensitivity analysis is conducted to evaluate the influence of the Value of
Lost Load on optimal system sizing. The results of this analysis are presented
in Table 4, which shows how variations in VOLL affect installed capacities,
unserved energy levels, and total annualized costs.

Additionally, Figure 8 illustrates system behavior under different simula-
tion scenarios, confirming the robustness of the proposed formulation.

6.7 Summary of Case Study Findings

The case study demonstrates that explicitly embedding reliability costs into
the techno-economic optimization framework yields transparent and eco-
nomically interpretable results. By valuing unserved energy directly through
VOLL, the proposed approach allows decision-makers to quantify the trade-
offs between investment and reliability in a consistent manner.
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Figure 8 Simulation results under different reliability valuation scenarios.

7 Discussion

The results obtained from the case study provide several important insights
into the techno-economic design of hybrid renewable energy systems when
reliability is explicitly valued within the optimization process. Unlike conven-
tional approaches that treat reliability as an external constraint or a secondary
performance indicator, the proposed framework embeds reliability directly
into the objective function through the Value of Lost Load (VOLL), allow-
ing economic and reliability considerations to be evaluated on a consistent
basis.

One of the most relevant outcomes of this study is the modification of the
cost function behavior when reliability costs are included. As demonstrated
in the case study, conventional life cycle cost formulations tend to exhibit
monotonic or weakly nonlinear behavior with respect to installed capacity,
which often leads to ill-posed optimization problems and ambiguous sizing
decisions. By contrast, the explicit valuation of unserved energy introduces a
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counterbalancing cost component that penalizes insufficient capacity, result-
ing in a convex cost structure within the feasible design space. This structural
change enables the identification of a unique economically optimal system
configuration without relying on arbitrary reliability constraints or penalty
coefficients.

The results also highlight the critical role of the Value of Lost Load
as a decision-making parameter. Variations in VOLL significantly influence
optimal system sizing, reflecting the socio-economic context of the served
community. Higher VOLL values lead to larger optimal capacities and
reduced unserved energy, while lower values favor reduced investment at the
expense of reliability. Importantly, despite these variations, the existence of
a unique optimal solution is preserved, demonstrating the robustness of the
proposed formulation. This finding underscores the importance of selecting
VOLL values that accurately reflect local economic conditions and user
preferences.

From a methodological perspective, the proposed approach shifts the
focus of HRES optimization from algorithm selection to problem formu-
lation. While numerous studies emphasize advanced numerical solvers and
metaheuristic techniques, the present work demonstrates that reformulating
the objective function to explicitly account for reliability can substantially
improve solution interpretability and robustness. This perspective comple-
ments existing optimization methodologies and provides a transparent frame-
work that can be readily understood by planners, policymakers, and system
designers.

The case study further illustrates the practical implications of the pro-
posed framework for isolated and weak-grid communities. By explicitly
quantifying the economic trade-offs between investment cost and reliability,
the methodology enables informed decision-making that aligns system design
with local priorities and resource availability. The transparency of the cost
breakdown facilitates stakeholder engagement and supports the justification
of investment decisions in real-world planning contexts.

Despite these advantages, certain limitations of the present study should
be acknowledged. The analysis assumes deterministic load and renewable
resource profiles, whereas real-world conditions are subject to uncertainty
and variability. Additionally, the Value of Lost Load is treated as a constant
parameter, although it may vary across customer types, time of day, and
outage duration. Addressing these aspects through stochastic modeling and
differentiated reliability valuation represents a valuable direction for future
research.
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Overall, the discussion confirms that embedding reliability costs directly
into the techno-economic optimization framework provides a coherent
and economically grounded approach to hybrid renewable energy system
planning. The proposed methodology bridges the gap between reliability
assessment and cost-based optimization, offering a robust and interpretable
alternative to conventional constraint-based formulations.

8 Conclusions

This paper has presented a techno-economic optimization framework for
the design and sizing of hybrid renewable energy systems that explicitly
incorporates reliability costs through the Value of Lost Load (VOLL). By
embedding the economic cost of unserved energy directly into the annualized
life cycle cost formulation, the proposed approach overcomes key limitations
of conventional cost-based optimization methods that treat reliability as an
external constraint or post-optimization indicator.

The results demonstrate that the explicit valuation of unserved energy
fundamentally alters the structure of the optimization problem. Whereas
traditional formulations often exhibit monotonic or weakly nonlinear cost
behavior, the proposed framework induces a convex cost structure within
the feasible design space. This property enables the identification of a
unique economically optimal system configuration and eliminates the need
for arbitrary reliability constraints or penalty factors.

The application of the methodology to a real-world isolated coastal
community illustrates its practical relevance. The case study confirms that
incorporating VOLL leads to system designs that balance investment cost and
supply reliability in an economically transparent and interpretable manner.
The results highlight the importance of reliability valuation in guiding system
sizing decisions and demonstrate how the proposed framework can support
informed decision-making in isolated and weak-grid contexts.

From a broader perspective, the proposed approach shifts the focus
of hybrid renewable energy system optimization from the selection of
increasingly complex numerical algorithms to the formulation of economi-
cally meaningful objective functions. This perspective complements existing
solution-oriented methods and provides a robust and transparent planning
tool for distributed generation and alternative energy applications.

Future research may extend the proposed framework by incorporating
stochastic representations of load demand and renewable resource avail-
ability, as well as differentiated Value of Lost Load estimates reflecting
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customer type, time of use, and outage duration. Such extensions would
further enhance the applicability of the methodology to real-world planning
and policy analysis.

Finally, Table 5 shows the optimal solution for an 84 kW solar PV and
60 kW wind turbine installation, resulting in an annual LCC of $146,435.
Based on this result, the daily household electricity rate is 2.25 soles/kWh,
which is high compared to the average cost of residential electricity in Peru in
July 2025, which is 0.72 soles/kWh according to [31] and [32]. It is important
to note that the rate may have some type of temporary state subsidy because
the chosen location is an economically productive area, and these families
may be able to assume the cost without subsidies in the future.
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Appendix A. Python Code for Simulation and Optimization

This appendix presents the Python code used to implement the simulation-
based optimization framework described in the manuscript. The code exe-
cutes the simulation flow illustrated in Figure 8 and generates the numerical
results summarized in Tables 2–5 for the case study of the coastal community
of Chérrepe.

The implementation evaluates multiple configurations of photovoltaic
and wind generation capacities, computes annual energy balances, estimates
unserved energy, and calculates the annualized life cycle cost (CAET) by
explicitly incorporating the Value of Lost Load (VOLL).
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A.1 General Parameters and Assumptions
import numpy as np
import pandas as pd

# Simulation horizon
n_anios = 10

# Demographic assumptions
viviendas_iniciales = 28
viviendas_por_anio = 0

# Demand parameters
demanda_diaria_promedio_hogar_kWh = 4.8
horas_pico = range(18, 22)

# Economic parameters
capex_pv_kw = 950
capex_eolica_kw = 350
capex_bateria_kwh = 180
om_kw_anual = 25
tasa_descuento = 0.10

# Reliability valuation
voll_pico = 0.45
voll_fuera_pico = 0.20

A.2 Design Space Definition
pv_sizes = np.linspace(5, 20, 4) # PV capacity range (kW)
eolica_sizes = np.linspace(2, 10, 4) # Wind capacity range (kW)

resultados = [ ]

A.3 Simulation Loop and Energy Balance
for pv_kw in pv_sizes:

for eolica_kw in eolica_sizes:

confiabilidad_total = 0
costo_total = 0
energia_perdida_total = 0
viviendas = viviendas_iniciales

for anio in range(1, n_anios + 1):
demanda_diaria_total = viviendas *
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demanda_diaria_promedio_hogar_kWh
demanda_anual_total = demanda_diaria_total * 365

# Annual energy generation assumptions
gen_pv = pv_kw * 4 * 365 # 4 effective solar

hours/day
gen_eolica = eolica_kw * 6 * 365 * 0.8 # 6 wind hours/day, 80%

availability

gen_total = gen_pv + gen_eolica
# Unserved energy estimation
if gen_total < demanda_anual_total:

energia_perdida = demanda_anual_total - gen_total
else:

energia_perdida = 0

energia_perdida_total += energia_perdida

A.4 Reliability Cost and Annualized Cost Calculation
# Reliability cost
costo_voll = (

energia_perdida * voll_pico * 0.3 +
energia_perdida * voll_fuera_pico * 0.7

)

# Capital Recovery Factor (CRF)
crf = (tasa_descuento * (1 + tasa_descuento) ** n_anios) / (

(1 + tasa_descuento) ** n_anios - 1
)

# Capital expenditure
capex_total = (

capex_pv_kw * pv_kw +
capex_eolica_kw * eolica_kw +
capex_bateria_kwh * demanda_diaria_total * 2

)

capex_anual = capex_total * crf
om_anual = om_kw_anual * (pv_kw + eolica_kw)

costo_total += capex_anual + om_anual + costo_voll

confiabilidad = 1 - (energia_perdida / demanda_anual_total)
confiabilidad_total += confiabilidad
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A.5 Results Storage and Export
resultados.append({

"PV_kW": pv_kw,
"Eolica_kW": eolica_kw,
"LCC_Anual": costo_total / n_anios,
"Confiabilidad": confiabilidad_total / n_anios

})
# Export results
df = pd.DataFrame(resultados)
df.to_csv("resultados_cherrepe_n10.csv", index=False)
print(df)

A.6 Remarks on Reproducibility

The provided code implements a deterministic simulation framework con-
sistent with the mathematical formulation presented in Section 4 and the
optimization methodology described in Section 5. All parameters can be
modified to reflect different economic assumptions, reliability valuations, or
demand scenarios, enabling straightforward adaptation to other case studies.
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