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About Journal 

JGERI is an international, open-access, and free-of-charge journal in the field of green 
and renewable energies, published quarterly, only electronically, in cooperation with 
the Renewable Energy Research Institute (RERI) of Arak University and Iranian 
Association of Electrical and Electronics Engineers (IAEEE). Articles accepted and 
published by JGERI are in three formats: research articles, review articles, and applied 
articles.  JGERI accepts manuscripts that provide results of scientific achievements in a 
very wide scope of fundamental, engineering, and industrial research focusing on green 
energy. 

The following articles are acceptable: 

• Research articles are expected to present innovative solutions, new concepts, or 
creative ideas that can help solve existing or emerging technical challenges in the 
field of green and renewable energy. 

• Review articles are expected to provide enlightening and specialized reviews, 
trainings, or case studies on an important topic, timely and widely in the field of 
green and renewable energies. 

• Applied articles are expected to share the results of the industry's valuable 
experiences in dealing with challenging technical issues, developing/adopting new 
standards, applying new technologies or solving complex problems in the field of 
green and renewable energies. These articles can have a significant impact on the 
strategic plans of the industry in the coming years. 
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Aims and Scope 

 JGERI is interested on the qualified international multidisciplinary research results 
related to all aspects of green energy. The scope of JGERI is very broad, and welcomes 
original, novel fundamental and engineering research. We also publish reviews and 
industrial reports of green energy and its impact on the eco-environment. 

We welcome research papers that focus on, but are not limited to, the following areas: 

• Policies and Strategies for Green Energy Systems 
• Fundamental And Industrial Applications for Green Energy Systems 
• Energy Conversion, Control Techniques, and Grid Interactive Systems for Green Energy 

Systems 
• Environmental Impacts of Energy Technologies and Pollution Control 
• Materials And Catalysis for Green Energy Systems 
• Green Energy Consumption 
• Artificial Intelligence, Machine Learning, and Computational Methods in Green Energy 

Systems 
• Public Awareness and Education for Green Energy Systems 
• Solar Energy and Photovoltaic 
• Wind Energy 
• Hydrogen Energy and Energy Storage 
• Biofuel and Bioenergy 
• Utilization of Green Energies in the Structure of Power Systems 
• Development of Manufacturing Technology for Green Energy Production Tools 
• Electricity Market in the Presence of Green Energies 
• The Effects of Green Energy Production on Power Quality of the Power System 
• Impact of Expansion Planning of Power Systems on the Development of Green Energy 

Generation 
• Operation of Green Energy-Based Microgrids 
• Control and Protection of Power Systems in Networks Equipped with Green and 

Renewable Generation 
• Energy Management in Networks Consisting of Green Energies 
• Studies on the Technology of Hybrid Vehicles Based on Green Energy Fuels 
• The Future Perspective of the Electricity Industry in the Presence of Production-Based 

Technologies and Green Energy-Based Consumers 
• Green Energy Storage Technologies 
• Communication Infrastructures and Protocols and Internet in Green Energy-Based 

Power Systems 
• Cyber   Security and Defense Activities in the Field of Green Energy Management 

Each manuscript will go through a rigors peer-review process. you can visit our Guide 
for Authors page for information on preparing your manuscript.  
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Guide for Authors 

1. Important points and rules for manuscript submission and publication 

-Submitting a manuscript to a journal means that the manuscript is not under review or 
has not been published anywhere in any other language before. 
-The submission of the manuscript for publication by the author, implicitly or explicitly, 
implies the approval of the organization or body where the author works and has used 
its affiliation. 
-By submitting the manuscript, all authors officially declare their agreement to grant the 
copyright of the manuscript in case of acceptance to Arak University and JGERI. 
However, the authors are responsible for all the contents published in the manuscript, 
and the journal is only a reviewer and publisher. 
- All authors are required to declare any actual or potential conflicts of interest, including 
financial, personal, or relationships with individuals or organizations that could affect 
their work. 
- Each of the authors must declare their contribution and role in the manuscript on the 
Title Page to the journal. The statement of approval of all authors and their role in the 
manuscript is the responsibility of the corresponding author. 
- Authors should note that all manuscripts sent to JGERI are checked with Authenticate's 
CrossCheck software to analyze the authenticity of the content. In this analysis, the 
overlap and similar texts presented in the submitted manuscripts will be determined. 
- JGERI makes its manuscripts open to access after publication and there is no charge 
(APC) for reviewing and publication of manuscripts, and readers can download and use 
the articles for free. 
- All authors, if they had financial support in conducting research related to this 
manuscript, should briefly state their role. If financial source(s) have no role in the 
results of the research published by the article, this should also be mentioned by the 
authors. 
- Acknowledgments to individuals and institutions can be mentioned in a separate 
section at the end of the manuscript before References, and they must not be included as 
footnotes or in any other form. In this section, it is recommended to mention the names 
of those who have collaborated during the research (such as those helping in the 
language correctness aspect of the manuscript, assisting in writing the manuscript or 
proofreading it, and other cases). 
- Non-commercial use of the manuscript will be governed by the Creative Commons 
Attribution-NonCommercial 4.0 International License, which is currently available at the 
link (https://creativecommons.org/licenses/by-nc/4.0/). This certificate allows others 
to use the authors' work in a non-commercial way and utilize it in their research work, 
although in the new work, they need to acknowledge the authors and mention its non-
commercial nature. 

https://creativecommons.org/licenses/by-nc/4.0/
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2. Initial submission of the manuscript 

Submission to this journal is online and you will be accompanied in all the steps of 
creating a user account and uploading files. All correspondence, including notification 
of the editor's decision and request for revision, will be made via email. To submit 
your manuscript, just click on the Submit Manuscript option on the journal page. 
Then, click on Register to create an author account. A message will be sent to your 
email containing your username and password. Then, log in to the manuscript 
submission system on the Users login page, where you need to enter the username 
and password and submit your new manuscript. Once you are logged in, you can 
change your password by clicking on My Home in the top menu. For the next time, 
just log in to your account. Please include the names, addresses, and email addresses 
of at least three potential academic reviewers with the paper. Please include 
reviewers’ names and their academic rank, affiliation, and contact information (mail 
address is mandatory). However, only the editor has the right to decide on the use of 
suggested reviewers. All the submitted manuscripts undergo the process of 
plagiarism check with IThenticate software and the review process begins. According 
to the journal policy, there is a difference between the requirements for initial and 
revised submission files. Required files for initial submission include three files: 
JGERI_Main_Manuscript, JGERI_Form_for _Copyright_Transfer_Statement and 
Conflict_ of_ Interest_ Disclosure and JGERI_Cover_Letter, all three of which must 
be sent to the journal in PDF format. You can use the links below to download the 
requirements and suggestions files of these three files.     

• JGERI_Guideline_for_Main_Manuscript 
• JGERI_Guideline_for_Cover_Letter 
• JGERI_Form_for_Copyright_Transfer_Statement and Conflict_ of_ Interest_ Disclosure  

3. Submission of the revised manuscript  

If the submitted manuscript, after going through the initial review process, is 
evaluated by the officials and reviewers of the journal and a decision is made to make 
corrections and revisions in the form of minor or major, the authors are obliged to 
make the corrections and prepare the response letter to the reviewers within the time 
specified by the journal. Three files must be sent to the journal at this stage: WORD 
and PDF files of the revised manuscript (changes should be highlighted), PDF file of 
the response to the reviewers (including the comments and responses of each of the 
reviewers separately), Title Page and Authorship file in WORD format (containing 
two main forms:  Title Page and Authorship). The link to download the necessary files 
along with their requirements and instructions is given below. Points raised in the file 
JGERI_Revised_Manuscript must be followed for compiling the revised manuscript. 
The authors are obliged to submit the revised file in PDF and WORD format to the 

https://jgeri.araku.ac.ir/contacts?_action=loginForm
https://jgeri.araku.ac.ir/data/jgeri/news/JGERI_Guideline_for__Main__Manuscript.pdf
https://jgeri.araku.ac.ir/data/jgeri/news/JGERI_Guideline_for__Cover__Letter.docx
https://jgeri.araku.ac.ir/data/jgeri/news/JGERI_Form_for_Copyright_Transfer_Statement_and_Conflict__of__Interest__Disclosure.docx
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journal. Also, different parts of the file JGERI_Form_for_Title_Page_ and_ 
Authorship needs to be completed and signed by the corresponding author, but 
JGERI_Response_to_the_Reviewers_Comments is suggested by the journal and it is 
not necessary to follow all the points of that file. It should be noted that all the stages 
of page layout and editing in the form of final publication are the responsibility of the 
journal. In the completion stages of this process, the cooperation of the authors is 
needed, and we will inform you at each stage. Thus, the minimum requirements for 
file compilation are provided in the template file.         

• JGERI_Guideline_for_Revised_Manuscript 
• JGERI_Form_for_Title_Page_ and_ Authorship 
• JGERI_Guideline_for_Response_to_the_Reviewers_Comments 

4. After the final acceptance of the manuscript 

After announcing the final acceptance of the manuscript (reviews may happen several 
times), the files JGERI_Revised_Manuscript and JGERI_Form_for_ Title_Page_ and_ 
Authorship will be sent to the paging unit for page layout and final editing. After the 
final acceptance announcement, the authors will be asked to send a graphic abstract 
included in a single file. Then, the process of compilation of the manuscript will be 
completed by the journal and finally, the proof version of the manuscript will be sent 
to the authors. The authors are obliged to check the proof file completely and report 
to the journal if they find any ambiguity or error in the final file. In some cases, along 
with the final proof file of the manuscript, there may be a series of errors and 
ambiguities in the manuscript, which are sent to the author in the form of comments 
along with the proof version of the manuscript. The corresponding author is obliged 
to clarify and resolve these problems and ambiguities in the specified time. 

5. After publication on the journal's website 

After announcing the initial acceptance, the information of the article without its 
content will be indexed in the Articles in the Press section of the website. After 
including the article in the issue selected by the journal, the desired article will be 
indexed in the Current Issue unit along with Vol., No., and pp. Also, the electronic file 
of the article can be introduced in all scientific references through the DOI link. The 
important point is that, after acceptance and indexing, the names of the authors 
cannot be changed, that is, it will not be possible to add, delete, or change the order of 
the names of the authors and their organizational affiliations. 
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A  B  S  T  R  A  C  T  

Grounding systems in wind turbines are critical for lightning protection and managing GPR. This 
study investigates the influence of different soil models (uniform, two-layer, and three-layer) on 
GPR across six distinct geographical regions: desert, forest, agricultural, mountainous, coastal, and 
frozen. Simulations were performed using the CDEGS software on a standard grounding system 
comprising a ring electrode, horizontal electrodes, and vertical electrodes. The results reveal a strong 
dependence of GPR on soil characteristics and regional conditions. In desert regions, the high 
resistivity of dry soil significantly increases GPR, whereas in coastal areas, water-saturated layers 
markedly reduce GPR. In frozen regions, surface layer freezing substantially elevates GPR despite 
lower resistivity in deeper layers. The study demonstrates that increasing the complexity of the soil 
model (i.e., the number of layers) does not necessarily mitigate GPR, underscoring the need for 
region-specific data in grounding system design. Numerical results show the largest peak GPR for 
the uniform model in the frozen region during winter (≈2,197,587 V), reduced to 802,833.2 V with 
the three-layer model (≈63.5% reduction). Overall, in high-resistivity regions (desert, mountainous, 
frozen), multilayer models yield substantial GPR reductions, whereas in coastal areas, changes in 
the soil model cause only minor decreases (≈13.5%). These findings highlight the importance of 
tailoring grounding system designs to geographical conditions, potentially enhancing the safety and 
efficiency of wind turbines against lightning strikes. 

1. Introduction

Wind turbines, as a major source of large-scale renewable energy, are installed across a wide range of geographic environments
from deserts and mountainous regions to coastal, agricultural, and frozen areas. Lightning strikes can induce substantial GPR (Ground 
Potential Rise), contact voltages, and step voltages, adversely affecting sensitive electrical equipment and personnel safety. Therefore, 
mitigation of GPR and optimization of the earthing network are critical practical issues for wind farm reliability. 

Numerous studies have shown that soil resistivity and its layered profile strongly influence transient earth impedance and peak 
GPR; assuming homogeneous soil can lead to inaccurate estimates and suboptimal designs [1,2]. Accurate characterization of soil 
and attention to layered profiles are therefore essential for reliable prediction of surface potentials and voltages [1,3]. 

Several studies have shown that soil electrical properties and their possible frequency dependence can influence transient 
responses and peak GPR values [1,3]. Djaborebbi et al. employed transient approaches such as TLM and highlighted the importance 
of accurate simulation methods for representing transient current distribution and potentials [4]. Visacro et al. pointed out that 
certain soil electrical characteristics can affect transient analyses; these findings suggest that accounting for soil properties is useful 
when comparing regions with different resistivities [5]. Field measurements and numerical analyses indicate that multilayer soil 
models (two- or three-layer horizontal profiles) significantly improve the prediction of overall earth resistance and contact/step 
voltages compared to uniform models, particularly when surface and sub-surface layers differ in resistivity.
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 Common practice combines Wenner resistivity measurements and inversion/optimization methods (e.g., Sunde formula + 
genetic algorithms) to extract realistic layered profiles for simulation [3,6]. Transient GPR analysis commonly employs industry-
grade packages such as CDEGS/SES, combined with numerical solvers (FEM/PEEC—COMSOL, XGSLab) and ATP/EMTP or PSCAD 
for system transient interaction. The combination of field data and accurate numerical modeling is the accepted approach for robust 
earthing design [7,8]. 

Recent research on energy management and smart distribution networks, including Virtual Power Plants (VPPs), Electric Springs 
(ES), and demand response programs, has demonstrated that coordinated resource-and-load management can substantially improve 
network performance indices (voltage profile, losses, flexibility, and reliability). Although these works do not directly address 
earthing design, their system-level approach supports the use of realistic soil models and regional analysis for infrastructure and 
protection decisions [9-11] . 

Wang et al. have shown that techno-economic co-design of local storage systems (including hydrogen storage) and smart EV 
charging can substantially affect off-grid planning outcomes; these results underline the importance of incorporating local site 
characteristics (including soil properties) into engineering analyses when assessing equipment safety and operational performance 
[12]. 

Oboudi et al. demonstrate that reliability-constrained transmission expansion planning with simultaneous load and renewable 
forecasting can improve operational and reliability indices; these findings emphasize the need to couple system-level planning studies 
with accurate local site modeling (e.g., GPR estimation using realistic soil profiles) [13]. 

Zadehbagheri et al., focusing on resiliency under extreme weather events, show that optimal placement and sizing of Virtual 
Power Plants can enhance network resilience; such resiliency-driven planning suggests that higher-level strategies should also 
account for site-level protections and designs (including grounding and GPR considerations at critical sites) [14]. 

Naghibi et al. demonstrate that optimal sizing and siting of integrated renewable energy systems (including hydrogen 
technologies) can significantly improve distribution network technical indices; these outcomes reinforce the need to consider the 
interaction between system-level planning and local physical parameters (such as soil conditions and resulting GPR effects) [15]. 

Table 1 summarizes the most relevant studies in the field of wind turbine grounding systems and similar infrastructures, 
comparing them in terms of study type, soil modeling approach, simulation tools, and geographical coverage. The comparison 
highlights that the present study adopts a systematic, multi-regional evaluation of soil models (uniform, two-layer, and three-layer), 
which has been rarely addressed comprehensively in previous works. 

 
Table 1. Comparison of previous works with the present study based on application domain, soil modeling approach, and analysis scope. 

No. Reference Year Main focus/method Scope/example 
geographic coverage Main limitation How current work 

differs/advantages 

1 [1] Alipio et al. 2020 
Transient response and 
low-frequency 
performance analysis of 
wind farm earthing 

Case studies on wind 
farms 

Often limited to single or 
few turbines; focus on 
waveforms and frequency 
dependence 

We perform a systematic 
1L/2L/3L comparison across 
six geographic regions with 
fixed electrode geometry and 
waveform to isolate the soil 
effect. 

2 [6] Alipio et al. 2021 
GPR due to direct 
lightning; emphasis on 
frequency-dependent 
parameters 

Wind farm cases 
Emphasis on frequency 
dependence and waveform 
analysis; limited regional 
comparison 

Our study focuses on soil 
profile impacts across regions, 
complementing waveform-
focused analyses. 

3 [5] Alipio et al. 2019 
Effect of frequency-
dependent soil 
parameters on lightning 
response 

General 
Focus on frequency-
dependent modeling (high 
complexity) 

We compare 1L/2L/3L models 
while controlling other 
variables to highlight layering 
effects. 

4 [4] Djaborebbi 
et al. 2021 

Transient modeling 
(TLM) of earthing 
system response 

Numerical studies 
Focus on numerical method; 
limited multi-region 
coverage 

The present work uses CDEGS 
with regional profiles and a 
multi-region comparison. 

5 [3] Sabiha & 
Elkalashy 2018 

Field Wenner 
measurements + Sunde 
inversion + genetic 
algorithm for profile 
extraction 

Field case study Site-specific study; no broad 
geographic comparison 

We adopt similar profile 
extraction methods but apply 
them to six regions and run 
CDEGS simulations for each. 

6 [7] CDEGS 
documentation 2023 

Industrial-grade 
modeling of layered 
soils and earthing 
systems 

Global/industrial Powerful tool, but requires 
field data for validation 

We use CDEGS as our main 
simulation platform and feed it 
with regional soil profiles to 
enhance the validity. 

7 [9] Yao et al. 2023 
Energy management: 
VPP & Electric Springs 
in SDN 

Distribution network 
(IEEE-69 example) 

Focus on energy 
management/operational 
metrics rather than earthing 
design 

These references demonstrate 
system-level methods; we cite 
them to justify the need for 
realistic soil models and 
system-aware analysis. 

8 [12] Wang et al. 2025 

Stochastic 
sizing/optimization for 
hydrogen-based 
systems (future 
directions) 

Example planning 
studies in the literature 

Focus on 
planning/optimization; 
different domain but related 
methodology 

We cite these works in 
limitations/future work to 
motivate resilience and H2-
integration extensions. 

9 [14], [15] 2024–
2025 

VPPs, resilience, and 
integrated-energy 
planning 

Distribution / active 
DN 

Emphasis on 
resilience/planning 

These provide pathways for 
future expansions discussed in 
"Dedicated Limitations". 
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Despite substantial existing work, important gaps remain: (i) a lack of systematic, comparative studies of single-, two-, and three-
layer soil models across multiple geographic regions; and (ii) limited guidance for engineers on where multilayer modeling is 
practically necessary. The present study addresses these gaps by providing a systematic comparison across six distinct geographic 
types [1,6]. 

The objective of this study is to systematically investigate the effect of three soil models (1L/2L/3L) on GPR in six geographical 
regions . 

Its innovation can be the systematic comparison of 1L/2L/3L in six regions and pure focus on soil effect while keeping electrode 
geometry and lightning surge as fixed parameters. 

Simulations were also performed using CDEGS software modules and considering fixed geometric parameters (R=15 m ring, 1 
m burial, four horizontal 20 m, and four vertical 10 m) . 

Figure 1 illustrates the overall framework of the present study in graphical abstract form, comprising six geographic regions 
(desert, forest, agricultural, mountainous, coastal, and frozen), three soil models (uniform, two-layer, and three-layer), and 
simulations performed using the CDEGS software with fixed electrode geometry and a constant lightning waveform. Outputs include 
the comparison of GPR across all scenarios to assess the influence of soil modeling under different regional conditions. 

The organization of the paper is as follows: after the current section or the introduction of the paper as the first section, the 
following sections are discussed in detail as follows: Section 2) Numerical Modeling and Simulation Framework, Section 3) Research 
Methodology, Section 4) Results and Discussion, Section 5) Dedicated Limitations, and Section 6) Conclusion . 

In Section 2, the computational theory of this study and the software used are reviewed, and in Section 3, the simulation method 
and requirements, study cases, and scenarios are specified, and in Section 4, the simulation results and outputs are discussed. In 
Section 5, the limitations considered and the assumptions used in this study are also discussed, and it will also be explicitly mentioned 
that system resilience analyses, integration of hydrogen energy systems, and the investigation of extreme climate events are suitable 
future options. Finally, in Section 6, the conclusions related to this study are drawn. 

2. Numerical Modeling and Simulation Framework 

2.1. Maxwell's Equations and Numerical Solution Methods 

To determine electromagnetic fields at any point in space, Maxwell's equations must be solved throughout that domain. Solving 
Maxwell's equations enables precise modeling of grounding system behavior under lightning strikes. These fundamental equations 
consist of four integral forms: 1) Gauss's law for electric fields, 2) Gauss's law for magnetic fields, 3) Faraday's law, and 4) Ampere-
Maxwell law. Typically expressed as partial differential equations (Equations 1.1 to 1.4), they are solved analytically in simple cases. 
However, when addressed computationally, numerical methods for solving differential equations become indispensable. 

(1.3) ∇ × 𝐄 = −
𝜕𝐁

𝜕𝑡
 (1.1) ∇. 𝐃 = 𝜌v 

(1.4) ∇ × 𝐇 = −
𝜕𝐃

𝜕𝑡
+ 𝐉 (1.2) ∇. 𝐁 = 0 

Various numerical methods exist for solving integral or differential equations, each tailored to specific applications. For time- 
and frequency-domain problems, two- or three-dimensional scenarios, and differential or integral formulations, techniques such as 
FEM (Finite Element Method), FDTD (Finite-Difference Time-Domain), MoM (Method of Moments), and FIT (Finite Integration 
Technique) have been developed and refined to yield optimal solutions. Simulation software addressing such equations typically 
employs one or more of these methods or combinations thereof [16,17]. 

 

 
Figure 1. Graphical abstract of the present study. 
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2.2. Method of Moments (MoM) 

The MoM is a robust numerical technique for solving integral equations derived from Maxwell's equations, widely applied in 
electromagnetic field analysis, particularly for computing current distributions in conductive structures. It is especially effective for 
analyzing high-frequency phenomena, such as electromagnetic interference and lightning effects in complex systems like grounding 
grids. 

Maxwell's equations govern the behavior of electromagnetic fields in a medium. In steady-state or quasi-steady-state problems 
within conductive media, the electric scalar potential ∅(r) at point r due to current density 𝐽(𝑟′) is computed via the integral 
Equation (2):  

(2) ∅(r) =  ∫ 𝐺(𝑟, 𝑟′). 𝐽(𝑟′)𝑑𝑉′
 

𝑉

 
where 𝐺(𝑟, 𝑟′) is the Green's function, which models the medium's characteristics, such as soil resistivity ρ. For a homogeneous 

medium with electrical conductivity σ =  
1

𝜌
 , the Green's function is defined as Equation (3):  

(3) 𝐺(𝑟, 𝑟′) =  
1

4𝜋𝜎|𝑟 − 𝑟′|
 

In multilayered media, such as soils with multiple layers, the Green's function incorporates reflection terms to account for 
boundaries between layers with differing electrical properties, as Equation (4):  

(4) 𝐺(𝑟, 𝑟′) =  
1

4𝜋𝜎1|𝑟 − 𝑟′|
+ ∑ 𝑅𝑘

∞

𝑘=1

.
1

4𝜋𝜎𝑘|𝑟 − 𝑟𝑘
′|

 

where, 𝜎𝑘 is the conductivity of the 𝑘-th layer, and 𝑅𝑘 are the reflection coefficients.  
To implement the MoM, conductive structures (e.g., grounding grids) are discretized into 𝑁 small segments, each assumed to 

carry a constant current 𝐼𝑛. The potential at an observation point  𝑟𝑚 is then calculated as Equation (5):  
(5) ∅(𝑟𝑚) =  ∑ 𝐼𝑛 ∫ 𝐺(

 

𝑆𝑛

𝑁

𝑛=1

𝑟𝑚, 𝑟′)𝑑𝑆′ 

where, 𝑆𝑛 represents the area or length of the 𝑛-th segment. By enforcing boundary conditions, such as constant potential on 
conductor surfaces or current continuity, a system of linear equations is established in Equation (6):  

(6) 
Z ⋅ I = V 

where, Z is the impedance matrix with elements as shown in Equation (7):   
(7) 𝑍𝑚𝑛 = ∫  

𝑆𝑚

∫  
𝑆𝑛

𝐺(𝐫𝑚, 𝐫𝑛
′ ) 𝑑𝑆𝑛

′  𝑑𝑆𝑚, 

V is the vector of applied potentials or boundary conditions, and 𝐈 is the vector of unknown currents {𝐼1, 𝐼2, … , 𝐼𝑁}.  
For high-frequency applications, the impedance matrix includes inductive and capacitive effects, giveny by Equation (8):  

(8) 𝑍𝑚𝑛 = 𝑅𝑚𝑛 + 𝑗𝜔𝐿𝑚𝑛 +
1

𝑗𝜔𝐶𝑚𝑛

 
where, 𝑅𝑚𝑛, 𝐿𝑚𝑛, and 𝐶𝑚𝑛 denote the resistance, inductance, and capacitance between segments (m) and (n), respectively. These 

parameters are derived from Maxwell's equations, incorporating magnetic and electric field interactions (Equations 9.1 and 9.2):  
(9.1) 𝐿𝑚𝑛 =

𝜇

4𝜋
∫  

𝑆𝑚

∫  
𝑆𝑛

1

∣ 𝐫𝑚 − 𝐫𝑛
′ ∣

 𝑑𝑆𝑛
′  𝑑𝑆𝑚 

 
(9.2) 𝐶𝑚𝑛 = 𝜖 ∫  

𝑆𝑚

∫  
𝑆𝑛

1

∣ 𝐫𝑚 − 𝐫𝑛
′ ∣

 𝑑𝑆𝑛
′  𝑑𝑆𝑚, 

where, μ is the magnetic permeability and ϵ is the permittivity of the medium.  
The system of equations, given by Equation (6), is solved using numerical techniques, such as direct methods (e.g., Gaussian 

elimination) or iterative methods (e.g., conjugate gradient). This solution yields the current distribution, facilitating the calculation 
of electromagnetic fields, potentials, and derived quantities like GPR or touch voltages.  

The Method of Moments is especially adept at modeling intricate conductor geometries and analyzing high-frequency effects 
where inductive and capacitive interactions are pronounced, thereby playing a pivotal role in grounding system analysis [18]. 

2.3. CDEGS 

Current Distribution, Electromagnetic Fields, Grounding, and Soil Structure Analysis (CDEGS) is a comprehensive software suite 
designed for precise analysis of electromagnetic phenomena, including grounding system behavior under high-frequency transients 
such as lightning, switching, and electromagnetic pulses. As a numerical electromagnetic analysis (NEA) tool, CDEGS solves 
Maxwell's equations in their full-wave form, leveraging the MoM. It accounts for all electromagnetic coupling modes, including 
conduction (via metallic elements, coatings, and soil), magnetic induction, and capacitive effects [7]. 

CDEGS includes modules such as RESAP, MALT, TRALIN, HIFREQ, FCDIST, MALZ, SPLITS, and FFTSES, which compute 
conductor currents and electromagnetic fields in arbitrary networks above or below ground under normal, fault, lightning, or 
transient conditions. It also models simple and multi-component conductors and buried cable systems in complex soil structures. In 
this study, grounding system simulations were conducted using CDEGS, with outputs post-processed via Python code [19]. 
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2.4. Connection of CDEGS with Maxwell's Equations and MoM 

Maxwell's equations in the frequency domain (∇×E=−jωB) form the basis of calculations in HIFREQ, as MoM converts these 
equations into integral form for each frequency. 

The Green's functions (G(r, r')), which model reflections in multi-layered soils, are derived from solving the Helmholtz equation 
(∇2 + 𝑘2)𝐺 = −𝛿, which is derived from Maxwell's equations [20]. 

FFTSES, by transforming between time and frequency domains, enables the use of MoM in HIFREQ for analyzing lightning 
transients, which would be highly complex without this transformation, as directly solving Maxwell's equations in the time domain 
is challenging. 

2.5. Ground Potential Rise 

GPR occurs when substantial electrical current enters the ground. During lightning strikes or short circuits in high-voltage 
transmission lines, the voltage at the grounded point increases based on current magnitude and grounding system resistance, termed 
GPR. IEEE Std 80 recommends criteria such as grounding resistance (typically below 10 ohms) and touch/step potentials, often 
assuming uniform soil. In this study, GPR serves as the primary performance metric for grounding systems, as analyzing its waveform 
in both time and frequency domains offers comprehensive insights into system behavior under lightning conditions [21]. 

3. Methodology 

In this research, simulations were conducted using the CDEGS software. This software was selected for its robust capabilities in 
modeling grounding systems, analyzing lightning effects, and supporting multilayered soil models. Within the software, the precise 
geometry of the grounding system, boundary conditions such as soil layer depths, and lightning-related input parameters were 
meticulously defined. 

For this study, the lightning wave was modeled using the FFTSES module, while soil and grounding system configurations were 
established using the HIFREQ module in CDEGS. Following simulation execution, GPR outputs at the lightning injection point were 
obtained, and peak values were extracted using Python code, facilitating final analysis and comparison across various scenarios. 

3.1. Lightning Wave Modeling 

A typical lightning current waveform is considered, which strikes various ring and mesh grounding systems of wind turbines in 
two-layer soils with different resistivities. The resulting voltage rises, specifically the GPR, are calculated and analyzed to identify 
suitable ring and mesh configurations in various scenarios. For simulating the lightning current with parameters (Equations 10.1 to 
10.3) and coefficients of the modeling function (Equations 11.1 to 11.3), a double-exponential time function is used, as shown in 
Equation (12), where the unit of current 𝐼(𝑡) is in amperes [22] : 

(10.1) 𝑇1 =  rise time 
 (11.1) 𝛼 =  

0.69

𝑇2

 

(10.2) 𝑇2 =  pulse duration (11.2) 𝛽 =  
2.2

𝑇1

 

(10.3) 
𝐼𝑝 =  peak amplitude (11.3) 𝐼0 =

𝐼𝑝

1 + ((
𝛼
𝛽

)(ln
𝛼
𝛽

− 1))
 

(12)  𝐼(𝑡) =  𝐼0(𝑒−𝛼𝑡 − 𝑒−𝛽𝑡) 
For the scenarios under consideration, parameters of a typical lightning strike were set as 𝑇1 = 3.4   μ𝑠 , T2  = 13.5   μ𝑠, and 𝐼𝑝 =

28.51553  𝑘𝐴 [22]. Using Equations (10) and (11), the parameters for Equation (12) were computed as 𝛼 = 5111.11   𝑠−1, β =

594594.6   𝑠−1, and  𝐼0 = 30  𝑘𝐴. The lightning waveform parameters and the double-exponential coefficients are listed in Table 2. 
Step-by-step calculations for α, β, and I₀ are provided in Appendix A. 

3.2. Grounding System Configuration Modeling 

The grounding system comprises three electrode types: the lightning connection electrode, the electrode linking the geometric 
center to the main grounding electrodes, and the main grounding electrodes themselves. The lightning connection electrode, a 
vertical conductor, extends from 0.1 meters above ground to 1 meter below ground at the configuration’s geometric center. The 
connecting electrode links this center to the main grounding electrodes, which form the wind turbine’s grounding system.  

 
Table 2. Lightning waveform parameters and computed double-exponential coefficients (used in simulations). 

Parameter Symbol Value 
Rise time 𝑇1 3.4 µs 
Pulse duration T2 13.5 µs 
Peak amplitude 𝐼𝑝 28.51553 kA 
Double-exponential α 𝛼 5,111.11 s⁻¹ 
Double-exponential β β 594,594.6 s⁻¹ 
𝐼0 (model constant) 𝐼0 30 kA 
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To investigate the impact of soil models on GPR, a standard grounding system was employed, consisting of a ring electrode with 
a 15-meter radius buried at a 1-meter depth, four 20-meter horizontal electrodes, and four 10-meter vertical electrodes penetrating 
to an 11-meter depth to assess deeper soil layer effects. Designed per IEEE Std. 80, this configuration aims to minimize grounding 
resistance and optimize GPR. All components of the grounding system used in simulations, including the ring electrode, the horizontal 
and vertical electrodes, the lightning connection rod, and the connecting conductor, are modeled as bare copper conductors with a 
cross-sectional radius of 0.0067056 m (no coating or insulation). This makes the conductor material and geometry consistent across 
all simulation elements. 

Figure 2 illustrates the configuration of the extended ring grounding system with additional horizontal and vertical electrodes. 
Table 3 shows the identical grounding configuration applied across all simulations. It should be noted that the same grounding 
configuration (R = 15 m ring + 4×20 m horizontal + 4×10 m vertical) was used for all regions and scenarios (see Table 3). This 
methodological choice isolates the pure effect of soil-model variation (1L/2L/3L) on GPR by keeping electrode geometry and 
lightning waveform constant. The chosen configuration corresponds to commonly used earthing arrangements for wind turbine 
foundations and aligns with practical industry guidance (e.g., IEC recommendations on wind turbine lightning protection). 

3.3. Soil Modeling 

Three soil models were utilized. First, the uniform model assumes a homogeneous soil layer with constant electrical parameters. 
Second, the two-layer horizontal model divides soil into two layers, each with distinct thickness and electrical properties. Third, the 
three-layer horizontal model stratifies soil into three layers with varying thicknesses, with electrical properties based on real regional 
characteristics. 

Figure 3 shows the side view of the three-layer soil model, where 𝒍𝟏, 𝒍𝟐, and  𝒍𝟑 denote the thicknesses of the top, middle, and 
bottom layers, respectively, and 𝒍𝑩𝒖𝒓𝒊𝒂𝒍 is the burial depth of the ring and horizontal electrodes. Additionally, 𝝆𝟏 and 𝝐𝒓𝟏

are the 
resistivity and relative permittivity of the top layer, 𝝆𝟐 and 𝝐𝒓𝟐

 for the middle layer, and 𝝆𝟑 and 𝝐𝒓𝟑
for the bottom layer. To accurately 

model soil electrical behavior in CDEGS simulations, electrical parameters, including resistivity, relative permittivity, and layer 
thicknesses, were determined for six geographical regions (desert, forest, agricultural, mountainous, cold, and coastal) and seasons 
(summer and winter, except coastal areas with uniform seasonal conditions). These representative values, based on typical soil 
properties, environmental conditions (humidity, temperature, composition), and scientific/industrial standards, effectively simulate 
real-world soil behavior [23]. 

3.3.1. General Explanation of Parameters 
 

• Relative Permeability: Set to 1 for all models, as the soils lack significant magnetic properties, consistent with electrical 
geology studies.  

• Resistivity: Dependent on humidity, temperature, mineral composition, and structure, ranging from thousands of ohm-
meters in dry soils to tens in moist or saline soils.  

• Relative Permittivity: Influenced by moisture and composition, with higher values in wet soils (due to water’s permittivity 
of ~80) and lower values (2-5) in dry soils.  

• Layer Thickness: Determined by geological heterogeneity and moisture/frost penetration, with surface layers typically 
thinner (e.g., 3 meters for the first layer, 4 meters for the second, and infinite for the third), aligning with common multilayer 
models. 

                           
Figure 2. An extended loop grounding system configuration with 

additional horizontal and vertical electrodes. 
       Figure 3. Three-layer soil model (side view). 

Table 3. Grounding geometry in all scenarios. 
Parameter Value 
Ring radius (R) 15 m 
Ring burial depth 1 m 
Number/length of horizontal electrodes 4 × 20 m 
Number/length of vertical electrodes 4 × 10 m (depth penetration to 11 m considered in some cases) 
Lightning injection point Geometric center (0.1 m above ground) connected via a vertical rod to 1 m 

below ground 
Electrode material Bare copper (all electrodes, including lightning connection rod) 
Electrode cross-section radius 0.0067056 m 



O. Heydari Journal of Green Energy Research and Innovation 
 

              

7  

3.3.2. Justification of Values for Each Region 

a. Desert Areas  
• Summer: High resistivity (4000 ohm-meters, uniform model) reflects extreme dryness, consistent with 1000-5000 ohm-

meters for dry soils. Low permittivity (2) indicates minimal moisture. Multilayer models show reduced resistivity in deeper 
layers (2000, 1000 ohm-meters), suggesting conductive layers or slight moisture.  

• Winter: Resistivity drops to 3600 ohm-meters due to potential rainfall, though soil remains dry. 
b. Forest Areas  
• Summer: Moderate resistivity (300 ohm-meters) reflects moisture and organic content, aligning with 100-500 ohm-meters 

for forest soils. High permittivity (20) confirms moisture. Deeper layers (800, 200 ohm-meters) indicate compositional shifts.  
• Winter: Resistivity rises to 4000 ohm-meters due to surface freezing, with permittivity (3) reflecting reduced moisture. 
c. Agricultural Areas  
• Summer: Resistivity (3000 ohm-meters) suggests drier conditions, with permittivity (5) indicating moderate moisture. 

Deeper layers (800, 400 ohm-meters) suggest groundwater.  
• Winter: Resistivity drops to 200 ohm-meters due to rainfall/irrigation, with permittivity (25) confirming water presence. 
d. Mountainous Areas  
• Summer: High resistivity (5000 ohm-meters) reflects rocky, dry soil, consistent with 1000-10000 ohm-meters. Permittivity 

(4) indicates dryness. Deeper layers (2000, 800 ohm-meters) suggest geological variations.  
• Winter: Resistivity increases to 7000 ohm-meters due to freezing, with permittivity (3) aligning with cold conditions. 
e. Cold Areas  
• Summer: Resistivity (6000 ohm-meters) reflects dryness and low temperatures. Deeper layers (2000, 800 ohm-meters) show 

reduced resistivity.  
• Winter: Resistivity rises to 8000 ohm-meters due to severe freezing, with permittivity (3) indicating low moisture. 
f. Coastal Areas  
• Summer and Winter: Low resistivity (100 ohm-meters) reflects high moisture and salinity, consistent with 2-100 ohm-meters. 

Permittivity (25) confirms water presence. Deeper layers (200, 50 ohm-meters) reflect salinity/moisture variations. 
In conclusion, soil electrical parameters in Table 4 were selected as representative values based on geological, environmental, 

and reported data, accurately modeling soil behavior across diverse conditions. For practical applications, collecting region-specific 
soil data is recommended for enhanced precision. 

For all soil models in this study, the relative permeability (p.u.) of the soil is assumed to be 1. 

3.4. Assumptions 

To simplify the modeling process, several assumptions were adopted. First, the frequency dependence of soil electrical parameters 
and soil ionization phenomena is excluded. Second, the grounding system is assumed fixed, comprising a ring electrode with 
horizontal and vertical extensions. Third, the soil model is limited to horizontal layers, excluding more complex configurations such 
as vertical, spherical, or exponential layers. These assumptions align with common practices in similar studies but do not encompass 
all real-world conditions. Additionally, all electrodes (mesh, ring, and connecting) are assumed to be copper. Implications are 
discussed in Section 5. 

4. Results and Discussion 

In the simulation of the case studies, the lightning wave under investigation is applied over a time range of 0 to 50 microseconds. 
The injection point of the lightning wave and the observation point for the GPR voltage are located 0.1 meters above the ground 
surface at the center of the xy-plane. The lightning wave is connected from the injection point to the geometric center of the 
grounding system via a vertical rod. All electrodes are made of copper with a radius of 0.0067056 meters, and their relative 
permittivity and relative permeability are assumed to be 1. Additionally, all electrodes used are bare, without any coating or 
insulation. 

This section presents the results of simulations conducted using the CDEGS software to evaluate GPR in wind turbine grounding 
systems under lightning strikes. For each geographical region, GPR time-domain plots and bar charts of peak GPR values are provided 
for summer and winter seasons (except for the coastal region, where seasonal conditions are assumed uniform). The analysis focuses 
on the influence of soil models (uniform, two-layer, and three-layer) on GPR and identifies regional and seasonal patterns. 

The grounding-system response to a lightning impulse is a time-domain transient containing rich temporal information (peak, 
time-to-peak, slope, frequency content). For engineering assessment of GPR, presenting the full time-domain waveform and 
extracting peak values is the most directly relevant approach. Statistical visualizations (e.g., boxplots) are valuable for summarizing 
distributions. For this study, which focuses on isolating soil-model effects under fixed electrode geometry and representative regional 
profiles, time-domain plots together with peak-comparison bar charts offer clearer engineering interpretation. A comprehensive 
statistical analysis (means, standard deviations, energy metrics) is being prepared as a follow-up study and will be reported separately 
(see Section 5: Limitations & Future Work). 
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Table 4. Thickness and electrical parameters of soil in various geographical regions and seasons for uniform, two-layer, and three-layer models. 
Region type Season type Soil model Soil Layer Thickness (Meter) Resistivity (Ohm-Meter) Relative Permittivity (p.u.) 

Desert Areas Summer Uniform Soil Total layer ∞ 4000 2 
Two-Layered Soil Top Layer 3 4000 2 

Bottom Layer ∞ 2000 5 
Three-Layered Soil Top Layer 3 4000 2 

Central Layer 4 2000 5 
Bottom Layer ∞ 1000 10 

Winter Uniform Soil Total layer ∞ 3600 2 
Two-Layered Soil Top Layer 3 3600 2 

Bottom Layer ∞ 1800 5 
Three-Layered Soil Top Layer 3 3600 2 

Central Layer 4 1800 5 
Bottom Layer ∞ 900 10 

Forest Areas Summer Uniform Soil Total layer ∞ 300 20 
Two-Layered Soil Top Layer 3 300 20 

Bottom Layer ∞ 800 15 
Three-Layered Soil Top Layer 3 300 20 

Central Layer 4 800 15 
Bottom Layer ∞ 200 30 

Winter Uniform Soil Total layer ∞ 4000 3 
Two-Layered Soil Top Layer 3 4000 3 

Bottom Layer ∞ 1000 10 
Three-Layered Soil Top Layer 3 4000 3 

Central Layer 4 1000 10 
Bottom Layer ∞ 500 25 

Agricultural Areas Summer Uniform Soil Total layer ∞ 3000 5 
Two-Layered Soil Top Layer 3 3000 5 

Bottom Layer ∞ 800 15 
Three-Layered Soil Top Layer 3 3000 5 

Central Layer 4 800 15 
Bottom Layer ∞ 400 25 

Winter Uniform Soil Total layer ∞ 200 25 
Two-Layered Soil Top Layer 3 200 25 

Bottom Layer ∞ 100 40 
Three-Layered Soil Top Layer 3 200 25 

Central Layer 4 100 40 
Bottom Layer ∞ 500 20 

Mountain Areas Summer Uniform Soil Total layer ∞ 5000 4 
Two-Layered Soil Top Layer 3 5000 4 

Bottom Layer ∞ 2000 10 
Three-Layered Soil Top Layer 3 5000 4 

Central Layer 4 2000 10 
Bottom Layer ∞ 800 20 

Winter Uniform Soil Total layer ∞ 7000 3 
Two-Layered Soil Top Layer 3 7000 3 

Bottom Layer ∞ 3000 6 
Three-Layered Soil Top Layer 3 7000 3 

Central Layer 4 3000 6 
Bottom Layer ∞ 1000 15 

Cold Areas Summer Uniform Soil Total layer ∞ 6000 5 
Two-Layered Soil Top Layer 3 6000 5 

Bottom Layer ∞ 2000 12 
Three-Layered Soil Top Layer 3 6000 5 

Central Layer 4 2000 12 
Bottom Layer ∞ 800 18 

Winter Uniform Soil Total layer ∞ 8000 3 
Two-Layered Soil Top Layer 3 8000 3 

Bottom Layer ∞ 3000 8 
Three-Layered Soil Top Layer 3 8000 3 

Central Layer 4 3000 8 
Bottom Layer ∞ 1500 12 

Coastal Areas Summer / Winter Uniform Soil Total layer ∞ 100 25 
Two-Layered Soil Top Layer 3 100 25 

Bottom Layer ∞ 200 80 
Three-Layered Soil Top Layer 3 100 25 

Central Layer 4 200 80 
Bottom Layer ∞ 50 40 

 
 



O. Heydari Journal of Green Energy Research and Innovation 
 

              

9  

As observed in Figures 4, 5, 6, and 7, in the desert region, characterized by dry soil and high resistivity, the use of multilayer soil 
models significantly reduces peak GPR. In summer, the peak GPR for the uniform (single-layer) model is 1,107,882 V, which 
decreases to 701,091.7 V (a 36.7% reduction) with the two-layer model and further to 504,517.4 V (a 28.1% reduction relative to 
the two-layer model) with the three-layer model. In winter, the peak GPR decreases from 998,236.5 V in the uniform model to 
633,778.6 V in the two-layer model (a 36.5% reduction) and then to 461,419.5 V in the three-layer model (a 27.2% reduction 
relative to the two-layer model). This trend indicates a consistent reduction in peak GPR with an increasing number of layers in both 
seasons. This reduction is attributed to the better distribution of lightning current into deeper layers with lower resistivity in 
multilayer models. 

As shown in Figures 8, 9, 10, and 11, in the forest region, seasonal conditions markedly influence GPR behavior. In summer, the 
peak GPR for the uniform model is 222,271.8 V, the lowest value observed. This increases to 265,347.7 V (a 19.4% increase) with 
the two-layer model and decreases to 234,135.3 V (an 11.8% reduction relative to the two-layer model) with the three-layer model. 
In winter, however, the peak GPR for the uniform model rises sharply to 1,107,012 V, decreasing to 454,773 V (a 58.9% reduction) 
with the two-layer model and further to 370,819.8 V (an 18.5% reduction relative to the two-layer model) with the three-layer 
model. These results suggest that the uniform model performs best in summer, while the three-layer model excels in winter. This 
variation is attributed to changes in soil moisture and its effect on resistivity. As depicted in Figures 12,13, 14, and 15, in the 
agricultural region, the peak GPR in summer for the uniform model is 832,480.2 V, decreasing to 379,717.1 V (a 54.4% reduction) 
with the two-layer model and to 365,533 V (a 3.7% reduction relative to the two-layer model) with the three-layer model. In winter, 
the peak GPR for the uniform model is 189,255.2 V, reducing to 173,916.2 V (an 8.1% reduction) with the two-layer model and 
increasing slightly to 182,653.6 V (a 5.0% increase relative to the two-layer model) with the three-layer model.  

 

 
Figure 5. Lightning wave and GPR graphs in desert areas and 

winter season for horizontal soil models: uniform, two-layer, and 
three-layer. 

 
Figure 4. Lightning wave and GPR graphs in desert areas and the 

summer season for horizontal soil models: uniform, two-layer, 
and three-layer. 

 
Figure 7. GPR peak bar graph in desert areas and winter season 
for horizontal soil models: uniform, two-layer, and three-layer. 

 
Figure 6. GPR peak bar graph in desert areas and summer season 

for horizontal soil models: uniform, two-layer, and three-layer. 
 

 
Figure 9. Lightning wave and GPR graphs in forest areas and 
winter season for horizontal soil models: uniform, two-layer, 

and three-layer. 

 
Figure 8. Lightning wave and GPR graphs in forest areas and 

summer season for horizontal soil models: uniform, two-layer and 
three-layer. 
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Figure 11. GPR peak bar graph in forest areas and winter 
season for horizontal soil models: uniform, two-layer, and 

three-layer. 

 
Figure 10. GPR peak bar graph in forest areas and summer 

season for horizontal soil models: uniform, two-layer, and three-
layer. 

 

 
Figure 13. Lightning wave and GPR graphs in agricultural areas and 

winter season for horizontal soil models: uniform, two-layer, and 
three-layer. 

 
Figure 12. Lightning wave and GPR graphs in agricultural areas 
and the summer season for horizontal soil models: uniform, two-

layer, and three-layer. 

 
Figure 15. GPR peak bar graph in agricultural areas and winter 
season for horizontal soil models: uniform: two-layer, and three-

layer. 

 
Figure 14. GPR peak bar graph in agricultural areas and the 

summer season for horizontal soil models: uniform, two-layer, and 
three-layer. 

 
These findings indicate that the three-layer model yields the lowest peak GPR in summer, while the two-layer model performs 

best in winter. This variable behavior is linked to differences in agricultural soil properties, including moisture and electrical 
conductivity, across seasons. As illustrated in Figures 16, 17, 18, and 19, in the mountainous region, the peak GPR in summer for 
the uniform model is 1,376,495 V, decreasing to 750,228.4 V (a 45.5% reduction) with the two-layer model and to 481,227.2 V (a 
35.9% reduction relative to the two-layer model) with the three-layer model. In winter, the peak GPR for the uniform model is 
1,925,471 V, reducing to 1,093,948 V (a 43.2% reduction) with the two-layer model and to 625,582.2 V (a 42.8% reduction relative 
to the two-layer model) with the three-layer model. These results demonstrate that increasing the number of layers consistently 
reduces peak GPR in both seasons, with the three-layer model exhibiting the best performance. This reduction is attributed to the 
heterogeneity of mountainous soil and the presence of deeper layers with lower resistivity. 

As presented in Figures 20, 21, 22, and 23, in the frozen region, the peak GPR in summer for the uniform model is 1,643,587 V, 
decreasing to 791,952.5 V (a 51.8% reduction) with the two-layer model and to 504,409.4 V (a 36.3% reduction relative to the two-
layer model) with the three-layer model. In winter, the peak GPR for the uniform model is 2,197,587 V, reducing to 1,139,922 V (a 
48.1% reduction) with the two-layer model and to 802,833.2 V (a 29.6% reduction relative to the two-layer model) with the three-
layer model. These results highlight the superiority of the three-layer model in both seasons, linked to the high-resistivity frozen 
surface layer and lower-resistivity deeper layers in multilayer models. 
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As shown in Figures 24 and 25, in the coastal region, where seasonal conditions are assumed uniform, the peak GPR for the 
uniform model is 137,727.1 V, decreasing to 119,138.5 V (a 13.5% reduction) with the two-layer model and slightly increasing to 
119,162.4 V (a negligible 0.02% increase relative to the two-layer model) with the three-layer model. These results indicate that the 
two-layer model provides the lowest peak GPR, though the difference between the two- and three-layer models is minimal. This 
behavior is attributed to the water-saturated soil and low resistivity in coastal regions, where changes in the soil model have a 
limited impact on GPR.  

In other words, in coastal areas, the topsoil is typically low-resistivity (e.g., ≈100 Ω·m) due to moisture and salinity and has high 
permittivity. Intermediate layers can exhibit relatively higher resistivity due to evaporation-driven processes or sediment layers, 
while deeper layers may become saturated with saline groundwater and again show much lower resistivity (e.g., the [100 | 200 | 
50] Ω·m profile). In such three-layer configurations, a deep, very conductive layer enables easier current penetration to depth and 
reduces the overall effective grounding resistance, which explains why GPR does not necessarily increase and may instead reduce 
slightly. Numerical checks (mesh/refinement and convergence in CDEGS) were performed and did not indicate modeling instability 
artifacts; hence, the observed behavior is consistent with plausible coastal hydrogeological profiles. 

Figure 26 provides a comprehensive overview of peak GPR across all geographical regions, seasons, and soil models. The highest 
peak GPR is observed in the frozen region in winter with the uniform model (2,197,587 V), while the lowest is in the coastal region 
with the two-layer model (119,138.5 V). In regions with high soil resistivity (desert, mountainous, and frozen), increasing the number 
of layers consistently reduces peak GPR, with the three-layer model performing best. For instance, in the frozen region in winter, 
peak GPR decreases from 2,197,587 V in the uniform model to 802,833.2 V in the three-layer model (a 63.5% reduction), the largest 
percentage reduction observed. In contrast, in the coastal region, changing the soil model results in only a 13.5% reduction in peak 
GPR. 

 
Figure 17. Lightning wave and GPR graphs in mountainous areas and 

winter season for horizontal soil models: uniform, two-layer, and three-
layer. 

 
Figure 16. Lightning wave and GPR graphs in mountainous areas 
and the summer season for horizontal soil models: uniform, two-

layer, and three-layer. 

 
Figure 19. GPR peak bar graph in mountainous areas and winter season 

for horizontal soil models: uniform, two-layer, and three-layer. 

 
Figure 18. GPR peak bar graph in mountainous areas and the 

summer season for horizontal soil models: uniform, two-layer, and 
three-layer. 

    
Figure 21. Lightning wave and GPR graphs in frozen areas and winter 
season for horizontal soil models: uniform, two-layer, and three-layer. 

 
Figure 20. Lightning wave and GPR graphs in frozen areas and 
summer season for horizontal soil models: uniform, two-layer, 

and three-layer. 
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Figure 23. GPR peak bar graph in frozen areas and winter season for 

horizontal soil models: uniform, two-layer, and three-layer. 

 
Figure 22. GPR peak bar graph in frozen areas and summer 

season for horizontal soil models: uniform, two-layer, and three-
layer. 

 

 
Figure 24. Lightning wave and GPR graphs in coastal areas and 

summer/winter season for horizontal soil models: uniform, two-layer, 
and three-layer. 

 
Figure 25. GPR peak bar graph in coastal areas and summer/winter 

season for horizontal soil models: uniform, two-layer, and three-layer. 

 

 
Figure 26. Comparison of peak GPR voltage for all geographical regions, seasons, and soil models. 

 

In forest and agricultural regions, patterns vary. In the forest region, the uniform model in summer (222,271.8 V) and the three-
layer model in winter (370,819.8 V) yield the lowest peak GPR values. In the agricultural region, the three-layer model in summer 
(365,533 V) and the two-layer model in winter (173,916.2 V) perform best. These findings suggest that soil model selection should 
account for regional and seasonal conditions, as increasing the number of layers does not always reduce GPR. 

The results of this study emphasize the importance of using real soil data in designing wind turbine grounding systems. In dry 
and frozen regions, multilayer modeling can significantly enhance safety, whereas in coastal regions, simpler models may suffice. 
Engineers and designers should select appropriate soil models based on regional and seasonal characteristics to ensure optimal 
lightning protection. 
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5. Limitations and Future Work 

This section lists the principal methodological limitations that may affect the generality of findings and outlines recommended 
future research: 

a. Neglect of frequency-dependent soil parameters: Soil electrical properties were treated as frequency-independent to isolate 
pure layering effects. Previous works indicate that frequency dependence can affect transient responses, particularly in high-
resistivity soils [3,6].  Frequency-dependent modeling is recommended for targeted follow-up studies. 

b. Exclusion of soil ionization: Ionization effects near conductors under strong impulses can alter local conductivity and current 
paths [17]. Modeling ionization requires nonlinear approaches and experimental calibration and was therefore excluded 
here. 

c. Horizontal-layer assumption only: Horizontally layered soil models are the most common and practical representation for 
many field sites and are widely used in earthing studies. Nonetheless, vertical inhomogeneities, channels, or localized 
anomalies would require 3D or non-horizontal modeling to capture accurately. The rationale is discussed in Section 3.3. 

d. Fixed electrode geometry and lightning waveform: Geometry and waveform were kept constant across regions to isolate 
soil-model effects; while appropriate for systematic comparison, practical design should consider geometric variations and 
interconnection effects. 

e. Parameter uncertainty: Soil parameters used are representative; full uncertainty/sensitivity analysis is recommended as a 
follow-up. 

f. Suggested extensions: Future work should include (i) frequency-dependent and ionization-inclusive modeling, (ii) 3D non-
horizontal soil heterogeneity studies, (iii) comprehensive statistical analysis (means, stds, energy metrics), and (iv) field 
campaigns for validation. 

See Assumptions (Section 3.4) for modeling choices. 

6. Conclusion 

This study used CDEGS simulations to investigate the influence of soil modeling choices (1L/2L/3L) on Ground Potential Rise 
(GPR) for wind turbine earthing systems across six geographic regions. Key findings are : 

• In high-resistivity regions (desert, mountainous, frozen), multilayer soil models yield substantial reductions in peak GPR 
(example: frozen region, winter, peak reduced from ≈2,197,587 V to ≈802,833.2 V with the 3-layer model, ≈63.5% reduction). 

• In conductive regions such as coastal areas, soil-model changes have a limited impact on peak GPR (≈13.5% reduction); 
thus, simpler models may suffice for preliminary design in such locales. 

• Increased soil-model complexity does not guarantee GPR reduction in all cases; outcomes depend strongly on local layer 
resistivities, thicknesses, and seasonal conditions. 

Practical implication: Engineers should incorporate site-specific soil data and seasonal variability when designing wind turbine 
earthing; multilayer characterization is particularly important in high-resistivity environments. 

Limitations and future work: Frequency-dependent soil properties, soil ionization effects, and vertical/non-horizontal 
heterogeneity were not included (see Section 5). A comprehensive statistical study (means, standard deviations, energy-based 
metrics) is underway as a follow-up to strengthen quantitative comparisons. 

 
Appendix A: Calculation of double-exponential parameters 

 
For transparency and reproducibility, the computation of the double-exponential model parameters used in Equation (12) is 

presented here. The assumed lightning parameters (as in [22]) are: 
𝑇1 = 3.4 μs, 𝑇2 = 13.5 μs, I𝑝 = 28.51553 kA 

The relations used (Equations 11.1 to 11.3) are: 
α =  

0.69

𝑇2
 

β =  
2.2

𝑇1

 

𝐼0 =
𝐼𝑝

1 + (
β
α

)(ln
α
β

− 1)
 

Substituting numbers gives: 
α =

0.69

13.5 × 10−6
≈  5111.11 𝑠−1 

β =
2.2

3.4 × 10−6
≈   594594.6 𝑠−1 

 
Using the formula for 𝐼0 yields 𝐼0 ≈ 30 𝑘𝐴. These numeric values were applied in the CDEGS simulations (see Section 3.1). 
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A  B  S  T  R  A  C  T  

The main objective of this study is to evaluate the impact of building energy efficiency measures on 
the cost of solar electricity in a climate-compatible villa located in the suburbs of Saman, 
Chaharmahal and Bakhtiari Province, Iran. Enhancing building energy efficiency while lowering the 
cost of renewable electricity generation is particularly vital in Iran’s off-grid residential sector, where 
growing energy demand and dependence on fossil fuels necessitate sustainable, climate-compatible 
solutions. A baseline case and five optimization scenarios were modeled using DesignBuilder 
(v6.1.0.6) to estimate annual energy consumption, followed by techno–economic–environmental 
assessment of an off-grid solar–battery–diesel generator system using HOMER (v2.81). Results show 
that the net present cost (NPC) of the baseline system is $947,243, with cost reductions of 17.6%, 
5.4%, 22.7%, 63.1%, and 79.5% achieved through polystyrene insulation, green roof, UPVC 
windows, VRF HVAC, and all measures combined, respectively. The optimal integrated scenario also 
reduces annual emissions by ~130 tons and increases the return on investment (ROI) by 146%. This 
work uniquely couples building-level energy efficiency modeling with techno–economic–
environmental optimization of a hybrid off-grid PV– Battery–Diesel generator system, quantifying 
for the first time how demand-side measures propagate into key renewable electricity cost metrics 
in off-grid residential contexts. These findings highlight the substantial economic and environmental 
benefits of combining building optimization strategies with renewable energy deployment in off-
grid residential applications. 

1. Introduction

The residential sector in Iran alone accounts for approximately 28% of the country’s total energy consumption (Figure 1) [1],
with the majority of this energy supplied from fossil fuel sources [2]. This dependency not only increases greenhouse gas emissions 
and exacerbates environmental challenges but also places a significant economic burden on the national energy sector. In a context 
where fuel price fluctuations, depletion of fossil resources, and international commitments to reduce pollutants have become pressing 
concerns, transitioning toward energy-efficient buildings and the utilization of renewable energy (RE) has emerged as a strategic 
necessity for Iran. This necessity is further underscored by socio-economic trends, as population growth and the growing demand 
for recreational living during weekends and holidays in pleasant off-grid regions continue to drive energy use upward. Consequently, 
enhancing efficiency, reducing energy consumption, and decreasing reliance on the national grid have become particularly 
important. Achieving energy independence in off-grid buildings typically involves two complementary strategies: (i) reducing energy 
consumption through building optimization and energy management, and (ii) meeting the remaining demand using renewable 
sources such as solar and wind power.  
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Building on this second strategy, the use of RE sources, particularly solar photovoltaic (PV) and wind power, is a top priority in 
off-grid regions due to their modularity, scalability, and independence from fuel supply chains. The share of RE production, 
comprising hydropower, wind, solar, biomass, and geothermal energy, in net-zero energy buildings has been widely examined in 
previous studies [3-5]. As shown in Figure 2, wind energy accounts for 24% and solar PV for 40% of the supply mix, both of which 
are highly adaptable for decentralized and residential-scale deployment, making them particularly attractive for off-grid applications. 
Their complementary seasonal and diurnal profiles, solar PV producing peak output during the day and wind often contributing 
more at night or in colder months, enhance system reliability. Multiple studies confirm that hybrid renewable energy systems, 
combining two or more sources, achieve a lower levelized cost of electricity (LCOE) and improved supply stability compared to 
single-source configurations [6]. This supports the multi-source integration approach adopted in the present study to ensure both 
economic viability and long-term resilience in off-grid villas. 

Complementary to the deployment of renewable energy technologies, effective demand-side management and building energy 
optimization are equally critical to ensuring the technical, economic, and environmental sustainability of off-grid systems. In parallel 
with expanding renewable generation, managing energy consumption effectively is essential to achieving energy independence, 
especially in regions where grid access is unavailable or limited. Energy consumption in Iran has been rising steadily in recent years, 
driven by population growth, economic expansion, and industrial development [8,9]. Advanced energy monitoring, through real-
time tracking and analysis of consumption, enables the identification of inefficiencies and targeted interventions [10,11]. 
Complementary measures such as high-performance wall and roof insulation, green roofs, double-glazed UPVC windows, intelligent 
lighting controls, and variable refrigerant flow (VRF) systems significantly reduce thermal losses and improve overall building 
efficiency [12-15]. 

The upward trend in total energy and electricity consumption from 2011 to 2021 is shown in Figure 3, accompanied by steady 
growth in renewable electricity generation from wind, hydro, and solar sources. While this indicates progress toward cleaner energy, 
the current pace of renewable deployment remains insufficient to meet the country’s rapidly growing demand. As illustrated in 
Figure 4, wind and solar energy production have both expanded significantly since 2013, with solar showing particularly strong 
growth after 2017. This complementary generation pattern reinforces the technical and economic rationale for hybrid RE systems, 
directly aligning with the multi-scenario analysis conducted in this study. 

 

 
Figure 1. Energy consumption share of various sectors in Iran [2]. 

 

 
Figure 2. Share of RE sources in power supply in off-grid areas [7]. 
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Figure 3. Growth in energy consumption, electricity generation, and the share of renewable electricity production in Iran from 2011 to 2021 [16]. 

 
Figure 4. Growth of wind and solar energy in Iran from 2013 to 2021 [16]. 

 
A review of existing studies reveals that the use of appropriate materials and construction techniques has a significant impact on 

a building’s energy performance [17-21]. According to the literature review focused on off-grid building energy, categorized in Table 
1 based on location, energy sources, methodology, findings, and distinction from the present study, it is evident that no previous 
research has been conducted on reducing the cost of renewable electricity through physical optimization of an off-grid building. The 
physical optimizations investigated in this study include external envelope insulation, double-glazed windows, smart control of 
electrical and thermal systems, and the implementation of green roofs. 

Taken together, prior studies consistently report the advantages of hybrid configurations for off-grid applications and the 
effectiveness of envelope/operational measures in curbing building demand [3-5, 12-15, 22-30]. However, a gap remains regarding 
how building-level optimizations quantitatively translate into renewable electricity cost metrics (e.g., NPC, LCOE, ROI) in off-grid 
villas. The present work directly addresses this gap by coupling DesignBuilder-based demand reductions with HOMER-driven techno–
economic–environmental analysis, thereby linking envelope/operation measures to electricity cost and emissions outcomes. 
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2. Study location 

In the present work, the cost of RE supply is initially estimated for a sample villa located in the suburbs of Saman city, near the 
historical Zaman Khan Bridge, in an off-grid condition. This site lies within the jurisdiction of Chaharmahal and Bakhtiari Province, 
situated in western Iran (Figure 5). Saman, with a population of 14,192 in the year 2016, is located at coordinates 32.45°N and 
50.91°E. This city is known for its tourism appeal and is situated 22 km northeast of Shahrekord [31]. Passive strategies such as 
south-facing skylight windows, wall materials adapted to the local climate, and earth-sheltered architectural techniques were 
employed in the base case design. Subsequently, optimization strategies were applied, and the renewable electricity supply cost was 
re-evaluated to estimate the potential cost reduction in energy provisioning. As shown in the classification presented in Figure 5, 
Saman County is located in a relatively cold region. However, based on the Köppen climate classification, and as referenced in Table 
2, Saman has a Mediterranean climate characterized by one warm month with an average temperature above 25°C and one cold 
month with an average of around 0°C [32]. 

 

Table 1. Analysis of existing research on energy management, reduction, and optimization in off-grid villa homes. 
Different from the present work Findings Methodology Renewable energy type Location Reference 

Different geographical location, no 
energy optimization performed, 
different methodology, and objective 

A hybrid system combining RE sources 
and a DG provided the best scenario . 

Review- 
PESTEL PV, Wind Turbines (WT) Mozambique 

Zebra et 
al. [22], 
2021 

Different geographical location, no 
energy optimization performed, 
different methodology 

MOGA is used to determine the 
optimal combination of distributed 
energy resources and the size of each 
component to minimize system cost 
and CO2 emissions for various 
locations. 

Multi-
Objective 
Genetic 
Algorithm 
(MOGA) 

Combined Heat and 
Power (CHP), PV, Solar 
Thermal Collectors (STC), 
WT, Battery Energy 
Storage (BES), and 
Thermal Energy Storage 
(TES) 

Various 
climate zones 

Zhang et 
al. [23], 
2022 

Different geographical location, no 
energy optimization performed, 
different methodology, no use of 
physical tools for solar cost reduction 

A 30 kW solar PV system with a 45 
kWh sea salt battery and a 15 kWh 
glycerol FC operating year-round can 
remain completely off-grid. 

DEMkit PV, BES, Fuel cell (FC) Netherlands 
Pulido et 
al.[24], 
2019 

Different geographical location, no 
energy optimization performed, 
thermal insulation not examined, 
different objective 

The highest and lowest unit product 
cost of the system for January and July 
were $32.77/GJ and $8.38/GJ, 
respectively . 

TRNSYS 
PVT solar panels, thermal 
storage tanks, WT, 
Absorption chiller, Heat 
pump (HP) 

China Cao et al. 
[25], 2022 

Different geographical location, no 
energy optimization performed, 
different methodology, building 
envelope optimization not considered 

Increasing the solar fraction of the 
proposed system leads to a primary 
energy saving of up to 73% compared 
to a centralized heat pump system . 

TRNSYS PV, STC, HP, TES South Korea Kim et al. 
[26], 2019 

Different geographical location, no 
energy optimization performed, 
different methodology 

The use of RE and energy storage is 
recommended for maximum energy 
efficiency. 

HOMER PRO REs, Hydrogen storage Greece 
Vichos et 
al. [27], 
2022 

Different geographical location, no 
energy optimization performed, 
different methodology, different 
objective 

A small-scale PV/DG/Hydro/BES, with 
an energy cost of $0.443/kWh, is 
identified as the most economically 
viable system for southern Cameroon. 

HOMER PRO REs Cameroon 
Muh & 
tabet [28], 
2019 

Different geographical location, no 
energy optimization performed, 
different methodology, different 
objective 

The energy cost is $0.163/kWh . HOMER Biogas, Biomass, PV, WT, 
FC, BES India 

Suresh et 
al. [29], 
2020 

Different geographical location, no 
energy optimization performed, 
different methodology, different 
objective 

A hybrid PV/DG/BES (150 kW/62.5 
kVA/ 637 kWh) is the most cost-
effective optimized system. 

HOMER PV, Diesel generator 
(DG), BES Benin Odou et al. 

[30], 2020 

- 
A reduction in total NPC (79.5%) and 
a decrease in CO2 emissions (130 
tons/year) compared to the baseline 
scenario. 

HOMER PV, DG, BES Iran 
Present 
work, 
2025 

 
Table 2. Geographical and Climatic Characteristics of Saman City [32]. 

Description Item 

Iran / Chaharmahal and Bakhtiari Country / Province 

20 km Distance to provincial capital (Shahrekord) 

50.9117° E, 32.4514° N Geographical coordinates 

1,996 m Elevation above sea level 

Csa Köppen climate classification 
January holds the record as the coldest month, with an average 
high temperature of 4.3 °C and an average low of -3.8 °C . The coldest month and the recorded temperatures 

July holds the record as the warmest month, with an average high 
temperature of 31.6 °C and an average low of 18.2 °C. Warmest Month and Recorded Temperatures 
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To provide a better understanding of the examined villa’s layout, various sectional views of the villa are presented in Figure 6. 
One noteworthy point is the use of earth-sheltered architecture, a climate-responsive design technique commonly employed in cold 
regions. It should be noted that the present study is conceptual in nature and based on a hypothetical case study; no physical 
construction has been carried out. The building is designed for residential use and intended to be occupied throughout the year . 

3. Methodology 

For modeling and energy analysis of the building in this study, DesignBuilder software was employed. This software allows users 
to first model the building using architectural plans (base scenario). Then, by applying various building materials (2 scenarios), 
window configurations (1 scenario), and modifications to occupancy and usage patterns (1 scenario), it is possible to perform detailed 
energy analyses. 

In addition to the base scenario, which is based on climate-adaptive architectural recommendations, five optimization scenarios 
were investigated: 

• Scenario 1: Application of polystyrene insulation in the external envelope of the building. 
• Scenario 2: Implementation of a green roof to assess its impact on energy performance. 
• Scenario 3: Use of UPVC double-glazed windows to evaluate their effect on thermal losses. 
• Scenario 4: Installation of a VRF HVAC system to enhance energy efficiency. 
• Scenario 5: A combined scenario integrating all four previous optimizations to assess their cumulative effect. 
Figure 7 presents the solar resource input data required by HOMER software for evaluating solar power potential. It also illustrates 

the software outputs. HOMER, developed by the U.S. National Renewable Energy Laboratory (NREL), is used for the simulation and 
optimization of hybrid RE systems, ranking configurations based on comprehensive financial analysis [33,34]. 

 

 
Figure 5. Geographical location of the study area. 

 

 

 

Cross-sections A_A 

 

Cross-sections B_B 

Figure 6. Southern and Eastern cross-sections of the investigated building. 
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The governing equations used in the software, including the power output of PV cells, diesel generator efficiency, BES 
performance equation, and economic calculations, are presented in Table 3. The schematic of the system investigated in this study 
is presented in Figure 8. For backup in emergencies, BES storage and a diesel generator are employed, to supply electricity to a 
residential villa [41]. 

Table 3. Governing Equations for the Investigated System. 
Equation Parameter Reference 

𝑃𝑃𝑉 =  𝑌𝑃𝑉  . 𝑓𝑃𝑉  .
𝐻𝑇

𝐻𝑇,𝑆𝑇𝐶

 Power output from PV cells [35] 

𝜂𝑔𝑒𝑛 =
3.6  𝑃𝑔𝑒𝑛

𝑚̇𝑓𝑢𝑒𝑙 . 𝐿𝐻𝑉𝑓𝑢𝑒𝑙

 DG efficiency [36] 

𝑃𝑏𝑎𝑡𝑡,𝑚𝑎𝑥 =
𝑀𝑖𝑛(𝑃𝑏𝑎𝑡𝑡,𝑘𝑏𝑚 𝑜𝑟 𝑚𝑐𝑟 𝑜𝑟 𝑚𝑐𝑐)

𝜂𝑏𝑎𝑡𝑡,𝑐

 BES performance [37] 

𝑡𝑜𝑡𝑎𝑙 𝑁𝑃𝐶 =
𝐶𝑎𝑛𝑛,𝑡𝑜𝑡𝑎𝑙

𝑖(1 + 𝑖)𝑁

(1 + 𝑖)𝑁 − 1

 Net present cost (NPC) calculation 
 [38] 

𝐶𝑂𝐸 =
𝐶𝑎𝑛𝑛,𝑡𝑜𝑡𝑎𝑙

𝐸𝑙𝑜𝑎𝑑 𝑠𝑒𝑟𝑣𝑒𝑑

 Cost of electricity per kWh [39] 

ROI =
cumulative nominal cash flow of (final year − zero year)

lifetime × zero year cumulative nominal cash flow
 ROI [40] 

 

 
Figure 7. Input and output parameters diagram from HOMER software. 

 

 
Figure 8. Schematic Diagram of the System Investigated in the Present Study. 
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In a RE system, management of surplus electricity, capacity factor, and electrical losses is critically important. Optimizing these 
factors can significantly enhance system efficiency and reduce costs, ultimately resulting in more sustainable and economically viable 
energy production . 

Surplus electricity refers to the electrical energy that remains after meeting the consumers’ demand. It can be either fed into the 
grid or stored in energy storage systems. In RE systems, this is particularly significant because power generation from sources such 
as solar and wind is variable and may at times exceed demand . 

The capacity factor is defined as the ratio of actual energy produced to the maximum possible output at the rated capacity of the 
equipment. It reflects the efficiency and productivity of RE systems . 

Electrical losses refer to the energy lost during the transmission and distribution of electricity due to resistance in wires and 
equipment. These losses may result from various factors, including conductor resistance, equipment quality, and unbalanced loads . 

4. Input data 

The simulation requires a comprehensive set of technical, cost, and climatic inputs to ensure accurate modeling. Table 4 
summarizes the key equipment specifications and associated economic parameters, including capital, replacement, and operating 
costs, as well as performance characteristics such as lifetime, efficiency, and derating factors. 

In addition to these equipment-specific data, Figure 9 presents the monthly average global horizontal radiation (GHI) and 
clearness index for the study site. The annual average GHI is 5.06 kWh/m²/day, while the clearness index averages 0.59, indicating 
a generally favorable solar resource with minor seasonal variability. Higher GHI values are observed from May to August, coinciding 
with peak system generation potential, whereas lower values occur during winter months, which can impact battery depth-of-
discharge cycles and diesel generator utilization. 

The cost of diesel fuel was set at $0.006 per liter [44], the project lifetime at 25 years, and the real annual interest rate at 18%. 
Emission penalties were included to internalize environmental costs: $3.10/ton CO₂, $57/ton CO, $560/ton SO₂, and $184/ton NOₓ 
[45]. These values directly influence the economic optimization performed by HOMER. 

Figures 10 through 15 display the hourly electricity demand profiles for the baseline and five optimization scenarios. These 
profiles incorporate stochastic variability, modeled with a 15% daily and 20% hourly randomness factor [46], to account for real-
world fluctuations in residential load. 

• Figure 10 (Baseline): The demand profile shows high winter peaks exceeding 150 kW, primarily due to electric heating 
loads, and moderate summer loads. This pattern reflects poor building envelope performance and inefficient HVAC systems. 

• Figure 11 (Scenario 1 – Polystyrene Insulation): Peak winter demand is reduced to approximately 120 kW, indicating 
substantial thermal load reduction from improved wall and roof insulation. Summer demand remains largely unchanged, as 
cooling loads are not directly impacted. 

• Figure 12 (Scenario 2 – Green Roof): Similar winter demand reduction is observed, with an additional slight decrease in 
summer cooling demand due to enhanced roof thermal resistance and heat rejection. 

• Figure 13 (Scenario 3 – UPVC Windows): Both winter and summer peaks are moderately reduced compared to the baseline, 
owing to minimized air infiltration and improved thermal performance of the glazing. 

• Figure 14 (Scenario 4 – VRF HVAC): This scenario yields the largest winter demand reduction among single-measure cases, 
dropping peak loads to around 80 kW. The high seasonal efficiency of VRF systems significantly decreases both heating and 
cooling electricity requirements. 

• Figure 15 (Scenario 5 – All Measures Combined): The integrated scenario produces the most pronounced demand reduction, 
with peaks rarely exceeding 35 kW in winter and under 15 kW in summer. This combination of measures results in optimal 
thermal performance and minimized HVAC energy use. 

By analyzing these demand profiles in conjunction with the solar resource data, HOMER’s optimization algorithm determines the 
optimal sizing of PV, BES, and DG components. Lower and more stable demand patterns (as in Scenario 5) reduce PV capacity 
requirements, extend battery life, and minimize diesel operation, thereby lowering both net present cost (NPC) and lifecycle 
emissions. 

 
Table 4. Required Simulation Data for HOMER. 

Technical information Size (kW) 
Price ($) 

Equipment 
Operating and Maintenance Replacement Capital 

Lifetime: 25 years, Derating factor: 80%, Slope=Azimuth 
[222] 0-800 10 350 350 PV [42] 

Type: Trojan T-105, Lifetime: 845 kWh 0-1000 5 174 174 BES [42] 

Lifetime: 15 years, Efficiency: 95% 0-800 10 138 138 Converter [42] 

Lifetime: 15000 hr, Efficiency: 31% 
CO factor: 6.5 g/L, Destination of fuel Carbon: 𝐶𝑂2 =
99.5% , 𝐶𝑂 = 0.4% 

0-800 0.5 200 200 DG [43] 
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Figure 9. Monthly Average Solar Irradiance. 

 

 
Figure 10. Annual Electricity Consumption Profile for the Base Scenario. 

 

 
Figure 11. Annual Electricity Consumption Profile for Scenario 1. 

 

 
Figure 12. Annual Electricity Consumption Profile for Scenario 2. 
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Figure 13. Annual Electricity Consumption Profile for Scenario 3. 

 

 
Figure 14. Annual Electricity Consumption Profile for Scenario 4. 

 

 
Figure 15. Annual Electricity Consumption Profile for Scenario 5. 

5. Results 

The simulation results for the base case of the climate-responsive villa (the selected case study), along with the four energy 
improvement scenarios and the optimized case (combined Scenario 1 to 4), are presented in Table 5. The analysis shows that the 
diesel generator and power converter capacities are identical in all scenarios, set at 100 kW, while the primary differences lie in the 
number of PV panels and batteries. The lowest PV capacity, at 100 kW, and the lowest number of batteries, at 30 units, both occur 
in Scenario 5, the optimized configuration. 

From an economic perspective, an interesting observation is that as the demand for electricity decreases, the total NPC decreases; 
however, the cost per kWh of generated electricity increases. In other words, the higher the electricity demand, the lower the unit 
cost of electricity. The highest total NPC occurs in the base scenario, while the highest unit electricity cost appears in Scenario 5. 
Through the implemented optimizations (Scenarios 1–5), the NPC is reduced from $947,243 to a range of $896,305–$193,796, while 
the cost of electricity per kWh increases from $0.557 to a range of $0.557–$0.867. This scale effect is consistent with HOMER-based 
case studies in off-grid settings, where greater effective demand and hybridization typically yield lower LCOE due to improved asset 
utilization [29,30].  
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Present results confirm this trend: while demand-side measures compress NPC substantially, unit costs can rise when fixed 
components are amortized over a smaller annual energy throughput, a nuance often underemphasized in purely supply-side studies. 
The magnitudes and directionality of these improvements accord with prior building-scale studies on envelope upgrades and efficient 
HVAC, which document significant reductions in heating/cooling loads and total energy use [12-15]. By explicitly propagating these 
demand reductions into a hybrid off-grid sizing/dispatch model (HOMER), the present results extend this line of work to quantify 
downstream impacts on NPC, LCOE, and ROI. 

Regarding renewable electricity generation, depending on the number of PV panels, annual production ranges from 157,483 to 
629,930 kWh, covering 77% to 97% of the total electricity demand. As the system is off-grid, a significant amount of surplus 
electricity is generated annually, the highest being 434,096 kWh/year in Scenario 3, and the lowest being 115,181 kWh/year in 
Scenario 5. The share of surplus electricity ranges from 44.4% to 71.1%, with Scenario 5 showing the lowest and the base scenario 
showing the highest surplus. On high-solar days, a significant portion of this surplus electricity could be utilized for auxiliary 
applications such as hydrogen production through electrolysis, which could further enhance the system’s overall energy autonomy 
and economic value. This observation is in line with studies that integrate power-to-hydrogen pathways in off-grid or net-zero 
contexts, where surplus PV is routed to electrolysis to enhance autonomy and provide seasonal storage [11,34,41]. Our findings thus 
reinforce the sector-coupling potential reported in the literature and indicate a practical avenue for valorizing surplus generation in 
high-irradiance periods. 

The capacity factor for the PV system remains at 18% across all scenarios. The highest capacity factors for the diesel generator, 
inverter, and rectifier are 16.5% (base), 22.1% (base), and 3.1% (Scenario 2), respectively. In Scenarios 1 and 3, the rectifier is used 
minimally, resulting in a zero capacity factor. 

Losses in the BES, inverter, and rectifier systems are also analyzed. The lowest BES losses, at 3,460 kWh/year, occur in Scenario 
5 due to the reduced number of batteries. Fewer batteries not only lower initial investment costs but also reduce storage-related 
energy losses by limiting the number of charge/discharge cycles, as seen in the substantially lower BES loss values in Scenario 5 
compared to all other configurations. The highest BES losses, at 19,789 kWh/year, are observed in the base scenario, which uses 
1,000 batteries, the highest among all configurations. Inverter and rectifier losses, which are directly related to their capacity factors, 
fall within 2,062–10,169 kWh/year and 6–1,450 kWh/year, respectively. 

In terms of emissions, which result from the operation of the diesel generator, lower energy demand leads to lower emissions. 
The highest total emissions, at around 136 tons/year, occur in the base case, while the lowest, at 6.3 tons/year, occur in Scenario 5. 
The generator operating hours, which correlate with diesel fuel consumption, range from 1,786 hours/year (base) to 150 hours/year 
(Scenario 5). 

A particularly important and unexpected result relates to the diesel generator dispatch strategy. In the base scenario, Scenario 2, 
and Scenario 4, the generator operates in cycle charging mode, while in Scenarios 1, 3, and 5, it operates in load following mode. In 
cycle charging mode, the generator runs at full capacity and stores surplus power in batteries, increasing rectifier activity and 
consequently its losses, clearly observed in the results. In load following mode, the generator only produces as much electricity as 
needed, avoiding excess generation and BES charging, thus minimizing the need for rectifier operation. In Scenario 5, the load 
following dispatch strategy allows the diesel generator to operate only when strictly necessary, preventing unnecessary charging of 
the battery bank. This operational behavior is visible in Figure 16, where generator activity is minimal despite fluctuations in load 
and PV generation, resulting in both reduced operating hours and lower associated emissions. Such behavior is consistent with 
HOMER-driven analyses in off-grid hybrids, where load-following logic curtails unnecessary charging cycles, shortens generator 
operating hours, and reduces associated emissions compared to cycle-charging regimes [29,30]. The pattern observed here (minimal 
generator activity in Scenario 5) corroborates these operational advantages. 

Analysis of the ROI, a key financial indicator in RE studies, shows that Scenario 5, which combines all optimizations, has the best 
performance, with an ROI of 434%, equivalent to a payback period of 0.234 years. The least favorable scenario in terms of ROI is 
Scenario 1, with 267%. 

Figure 16 illustrates the system performance in Scenario 5, identified as the most technically, economically, and energy-efficient 
configuration, during the first week of January. As shown, on days with high solar radiation and sufficient BES charge, or when the 
electricity demand is low, the diesel generator is either not used or minimally engaged. On January 4 and 5, due to low solar 
radiation and insufficient BES charge, the diesel generator operates at approximately 30 kW to meet demand. The sequential supply 
of demand is evident in the figure: during daylight, PV production is prioritized; in the absence of solar generation, the system 
switches to battery discharge, and only when the battery state of charge drops below the threshold does the diesel generator engage. 
This layered dispatch minimizes fuel consumption and emissions. Figure 16 also illustrates the sequential supply of demand, PV 
priority during daylight, followed by battery discharge, and DG engagement only below a SOC threshold, which is a canonical feature 
of efficient off-grid hybrid operation reported in the literature [27,29,30]. This layered dispatch underpins the low DG hours and 
emissions achieved in the optimized scenario. 
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Table 5. Simulation Results for Different Scenarios. 
Capacity factor (%)   Equipment  

Rectifier Inverter DG PV 
Excess 
electricity 
(kWh/yr) 

PV 
production 
(kWh/yr) 

LCOE 
($/kWh) NPC ($) Converter 

(kW) BES DG 
(kW) 

PV 
(kW) Scenario 

2.9 22.1 16.
5 18 274091 472447 0.557 94724

3 100 100
0 100 300 Base 

0 20.3 7.6
8 18 428265 629930 0.582 78020

5 100 100
0 100 400 Polystyren

e 
3.1 21.1 14.

9 18 285534 472447 0.572 89630
5 100 100

0 100 300 Green roof 

0 19.7 6.3
8 18 434096 629930 0.586 73222

4 100 100
0 100 400 UPVC 

0.9 9.3 1.5
2 18 229090 314965 0.742 34940

1 100 700 100 200 VRF 

0.3 4.5 0.5
1 18 115181 157483 0.867 19379

6 100 300 100 100 Optimized 

 
Table 5 continued 

   Emission (kg/year) Losses (kWh/year)  

DG (hour) Dispatch 
strategy ROI (%) NOx SO2 CO CO2 Rectifier Inverter EBS Scenario 

1786 CC 288 2920 266 327 132582 1318 10169 19789 Base 
1180 LF 267 1523 139 171 69151 7 9376 13383 Polystyrene 
1621 CC 291 2643 241 296 119983 1450 9749 19278 Green roof 
1013 LF 270 1281 117 144 58148 6 9090 13279 UPVC 
219 CC 208 294 26.8 33 13359 400 4275 8052 VRF 
150 LF 434 135 1203 1501 6122 137 2062 3460 Optimized 

 

 
Figure 16. System Performance in Scenario 5 During the First Week of January. 

 

6. Discussion 

The primary objective of this study was to quantitatively assess how building-level energy efficiency measures influence the 
techno–economic–environmental performance of an off-grid solar–battery–diesel generator system in a climate-compatible villa. The 
findings strongly support this objective by demonstrating that demand-side optimizations, such as advanced insulation, efficient 
glazing, green roofing, and VRF-based HVAC, can substantially reduce the net present cost, lower emissions, and improve ROI 
compared to the baseline configuration. These outcomes confirm the initial hypothesis that integrated building optimization 
strategies not only reduce energy demand but also enhance the cost-effectiveness and environmental performance of renewable 
energy systems in off-grid residential applications. Additionally, the observed trade-off between reduced total costs and increased 
unit electricity costs in low-demand scenarios provides a nuanced refinement to the initial assumptions, highlighting the importance 
of balancing demand reduction with optimal capacity utilization in system design. 

The results of this study offer several practical implications for stakeholders involved in off-grid and hybrid renewable energy 
deployment. For policymakers, the demonstrated potential of combining building envelope improvements and high-efficiency HVAC 
systems with a hybrid PV–DG–BES configuration, yielding up to 79.5% reduction in total NPC and approximately 130 tons/year 
reduction in emissions, provides strong justification for targeted policy instruments such as subsidies, tax incentives, and low-interest 
financing schemes that jointly address demand- and supply-side optimization.  
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For grid operators and energy planners, although the analysis focuses on an off-grid case, operational strategies such as load-
following dispatch and surplus PV utilization for hydrogen production are transferable to weak-grid and microgrid contexts, where 
they can reduce generator runtime, improve asset utilization, and enhance system resilience under high renewable penetration. For 
building designers, developers, and EPC contractors, the quantified linkage between building-level energy optimization and 
renewable electricity cost metrics (LCOE, ROI) enables more informed investment decisions, demonstrating that optimal sizing of 
PV arrays and battery storage not only prevents over-dimensioning but also reduces storage-related losses while increasing energy 
autonomy in remote locations. Finally, a cross-cutting insight emerges: while demand-side measures substantially reduce total system 
costs, they may also increase unit electricity cost when fixed-capacity components are amortized over a smaller annual energy 
throughput, highlighting the importance of integrated techno–economic optimization in design practice. 

The findings of this study have broader implications that extend beyond the specific case of the climate-responsive villa examined. 
For grid operators, the results indicate that implementing building-level energy efficiency measures can reduce the required capacity 
of distributed generation or off-grid systems, thereby alleviating stress on generation and storage infrastructure, improving peak load 
management, and enhancing network resilience. For policymakers, the study provides both quantitative and qualitative evidence to 
support the formulation of incentives, building standards, and supportive programs that facilitate the effective integration of 
renewable energy in the residential sector, particularly in remote or rural areas. For researchers, the integrated framework employed, 
combining consumption modeling via DesignBuilder with techno–economic–environmental assessment using HOMER, is adaptable 
to various climates, load profiles, and technologies (e.g., hybrid wind–solar systems or hydrogen production scenarios) and can serve 
as a decision-support tool at different scales. Overall, the model is transferable to regions with diverse energy resource profiles, 
subsidy policies, and levels of grid connectivity, making it suitable for international comparative studies and the strategic design of 
energy transition pathways across varied contexts. 

7. Future works 

This study, while offering valuable insights into the techno–economic–environmental impacts of building energy efficiency 
measures in off-grid PV–battery–diesel systems, is subject to several limitations.  

First, the analysis relies on simulation-based results from DesignBuilder and HOMER, which assume idealized operational 
conditions, fixed component efficiencies, and static economic parameters; real-world performance may deviate due to degradation, 
partial shading, equipment downtime, or fluctuating fuel prices [47,48].  

Second, the study focuses on a single case study in the climate of Saman, Chaharmahal and Bakhtiari Province, Iran; the 
generalizability of the results to other climates, building typologies, and load profiles requires additional validation [49,50].  

Third, the surplus electricity utilization pathway (e.g., hydrogen production) was discussed conceptually but not modeled in 
detail; including techno–economic modeling of such sector-coupling strategies could provide more precise estimates of benefits 
[51,52].  

Finally, the study did not perform an uncertainty analysis for key input parameters such as PV yield, diesel price volatility, or 
battery degradation rate, which could influence the robustness of the reported NPC, LCOE, and ROI values [53,54].  

Future research should address these limitations by incorporating experimental validation [55], expanding the scope to multiple 
climate zones and hybrid configurations [56,57], modeling surplus utilization pathways in detail [58], and applying 
sensitivity/uncertainty analysis to strengthen the reliability of the conclusions [59,60]. 

Future work could adapt the causality analysis methodologies presented in [61-63] to the energy domain, enabling a clearer 
attribution of the effects of individual building optimization measures on system sizing, cost, and emissions. Approaches from [61] 
and [62] could help model non-linear and probabilistic relationships between demand reduction strategies and hybrid system 
performance, while techniques from [63] could improve robustness by accounting for uncertainty in climatic and load variations. 
Integrating these methods with the current DesignBuilder–HOMER framework would provide deeper, more generalizable insights 
for off-grid energy system planning. 

Future research could integrate the current off-grid building optimization framework with advanced Distribution Network 
Expansion Planning (DNEP) methodologies to simultaneously assess demand-side and supply-side impacts. Multi-objective 
optimization approaches that explicitly incorporate uncertainties in electricity price and load demand, as demonstrated in [64-66], 
could enable more comprehensive scenario evaluation. The inclusion of risk-based performance metrics such as flexibility and 
robustness, as introduced in [64,65], would further allow assessment of the resilience of off-grid systems under fluctuating renewable 
resources and demand profiles. Moreover, adopting integrated planning of medium-voltage (MV) and low-voltage (LV) networks in 
the presence of distributed generators and renewable sources, as developed in [66], could facilitate joint evaluation of technical and 
economic impacts across multiple infrastructure layers. Finally, the comprehensive review of DNEP challenges and future trends in 
[67] highlights promising directions such as incorporating energy storage systems, refining solution techniques for non-linear/non-
convex problems, and modelling stakeholder conflicts, all of which could be adapted to expand the scope and applicability of the 
present model. 
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8. Conclusions 

Implementing effective strategies to reduce energy consumption not only helps protect the environment but also enhances the 
sustainability and reduces the energy costs of residential buildings. Despite their significance, the direct influence of these strategies 
on lowering the cost of renewable electricity has not been thoroughly studied. The present study addresses this gap by examining 
the impact of four energy-saving strategies on the cost of a solar system in a climate-adaptive villa located in Saman, Chaharmahal 
and Bakhtiari Province, Iran. The energy analysis of these strategies and the evaluation of the solar system’s performance were 
carried out using DesignBuilder v6.1.0.6 and HOMER v2.81, respectively. The energy simulations in DesignBuilder span one year, 
while HOMER provides a 25-year energy-economic-environmental analysis. Six scenarios were investigated in total: Scenario 1, a 
climate-responsive design without optimization; Scenario 2, applying polystyrene insulation to the envelope; Scenario 3, 
implementing a green roof; Scenario 4, installing UPVC windows; Scenario 5, incorporating a VRF air conditioning system; and 
Scenario 6, which combines Scenarios 2 to 5. This study confirms the economic and environmental value of implementing energy-
saving strategies in climate-adaptive buildings and provides a practical foundation for future decision-making in this domain. 

• The solar PV capacity in the off-grid system was 400 kW in Scenarios 2 and 4, 300 kW in Scenarios 1 and 3, 200 kW in 
Scenario 5, and the lowest, 100 kW, in Scenario 6. 

• In all scenarios, a 100 kW diesel generator was used as a backup power source, remaining constant across all configurations. 

• The number of batteries used was 1,000 units in Scenarios 1 through 4, 700 units in Scenario 5, and only 300 units in the 
most optimized case, Scenario 6. 

• The total NPC of the solar system ranged from $947,243 in Scenario 1 (the base case) to $193,796 in Scenario 6 (the 
optimized case), indicating a significant reduction in total system cost with energy-saving strategies. 

• The cost of electricity increased as energy demand decreased, ranging from $0.557/kWh in Scenario 1 to $0.867/kWh in 
Scenario 6, highlighting the inverse relationship between total electricity consumption and the unit cost of renewable electricity. 

• The solar system was capable of supplying between 77% and 97% of the total electricity demand across the scenarios, with 
surplus electricity generation ranging from 44.4% to 71.1% of total output, a notable consequence of off-grid system design. 

• Annual system losses were also considerable, varying from 31,276 kWh in Scenario 1 to just 5,659 kWh in Scenario 6, driven 
primarily by the number of batteries and inverter utilization. 

• Emissions from diesel generator operation ranged from approximately 136.1 tons/year in the base scenario to as low as 6.3 
tons/year in the fully optimized Scenario 6, showing a strong correlation between system design and environmental performance. 

• The optimal generator dispatch strategy varied by scenario: Scenarios 1, 3, and 5 followed a cycle charging strategy, while 
Scenarios 2, 4, and 6 followed a load following approach, which significantly influenced both generator usage and energy losses. 
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A  B  S  T  R  A  C  T  

This study explores the effective energy management strategies employed by electricity and heat 
grids hubs, emphasizing multi-criteria objectives that balance economic performance and 
operational efficiency for network operators. The primary objective of this study is to optimize the 
integration of multiple renewable energy sources, namely solar energy, bio-waste units, and wind 
turbines, within a unified management framework. The system employs advanced energy storage 
technologies, including compressed air, thermal, and hydrogen storage units. Thermal energy 
production is achieved through electrically powered heat pumps, while combined heat and power 
(CHP) systems are utilized to enhance the performance of both bio-waste and hydrogen storage 
subsystems. The proposed approach seeks to optimize energy procurement costs across these 
networks, aligning with their operational models. A key challenge tackled involves efficiently 
managing the interdependencies of energy sources and storage systems within the conceptual 
framework of an energy hub. By addressing these complexities, the strategy demonstrates 
measurable improvements in both technical and financial outcomes for electricity and heat grids. 
The numerical analysis highlights the efficacy of the proposed approach, demonstrating significant 
improvements in both economic viability and operational efficiency. Specifically, the integration of 
renewable energy hubs, storage, and heat pump systems, has achieved an approximate 44.1% 
enhancement in economic conditions and operational improvements ranging from 28% to 90%. 
These gains signify a clear advantage over traditional load flow methodologies, reaffirming the 
potential of advanced hub energy management in modern networks. 

1. Introduction

Energy Hubs (EHs) play a pivotal role in advancing energy network operations, and their functionality has been thoroughly
explored across various research studies. In [1], EH unit commitment (UC) models, as outlined in earlier research, incorporate critical 
components such as hydrogen vehicle (HV) parking lots, electric heat pumps (HP), absorption chillers (AC), photovoltaic (PV) arrays, 
boilers, hydrogen electrolyzers (HELs), and a broad array of storage systems, including electric, thermal, cooling, and hydrogen 
facilities. These integrated systems transform inputs like natural gas, electricity, and heat into outputs satisfying demand for 
hydrogen, heating, cooling, natural gas, and electrical power. In [2], EHs collaborate with demand response aggregators to enable 
day-ahead scheduling, guided by existing methodologies. Renewable energy incorporation into EHs has been a notable focus area in 
past studies, with technologies such as PV panels, wind turbines (WTs), biomass systems, hydrogen ELs, combined heat and power 
(CHP) units, solar heaters, boilers, and associated storage systems receiving substantial attention. In [3], Beyond tapping into the 
gas and electricity grids, EHs leverage demand response aggregators for electricity procurement. To navigate uncertainties, such as 
fluctuating solar heat availability, electricity prices, variable PV and wind power outputs, and dynamic energy demands, a risk-
aware framework called Information Gap Decision Theory (IGDT) has been employed.
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In [4], optimizing EH operations to minimize costs and environmental impact has also been a core research objective. One study 
addresses optimal power flow for an EH equipped with components including electric vehicles (EVs), gas boilers, PV panels, CHP 
units, WTs, and heat storage systems. In [5], Future uncertainties in electricity pricing are managed using a grasshopper search 
algorithm alongside Monte Carlo simulation (MCS) to account for EV-related unpredictability. Further, the model integrates 
comprehensive thermal and electrical demand response strategies to enhance operational efficiency. Another approach leverages 
robust optimization to tackle uncertainties in power pricing and renewable energy availability. By analyzing EV charging behaviors 
through coordinated and uncoordinated charging loads with MCS methods, a clearer picture of charging dynamics emerges. 
Simultaneously, Smart Hub modeling frameworks have been developed to evaluate EH technical and economic feasibility. In [6], A 
simulation-based study investigates parameters like driver preferences, price inflation rates, PV module degradation, EV adoption 
trends, energy losses, and charging station variability. These factors are incorporated into simplified mathematical models capable 
of realistic day-ahead and real-time market assessments. For electricity market operations linked to EHs, researchers have proposed 
a two-stage stochastic modeling strategy aimed at handling demand uncertainties, renewable power fluctuations, and variable real-
time pricing schemes. In [7], employing value-at-risk as a metric mitigates costs under adverse conditions while optimizing 
operational parameters for EH components and natural gas-electricity interactions. A multi-objective optimization methodology 
balances cost-effectiveness against risk resilience in complex EH designs. Innovative applications for EHs include their thermal 
integration within industrial settings like thermomechanical pulp mills. One study highlights how equipment such as electric boilers 
and steam generator HPs can be configured to meet the heating demands of paper machines while simultaneously supporting pulp 
mill operations. In [8], Advanced load forecasting techniques combined with reliability analyses and thermo-economic evaluations 
inform an efficient yet sophisticated EH design approach tailored to industrial processing needs. Finally, a multi-tier optimization 
strategy introduces stochastic-probabilistic models to enhance primary-level planning and secondary-level operations for EHs. This 
dual approach addresses challenging uncertainties linked to dynamic demand patterns and renewable energy generation variability 
while prioritizing resource efficiency and operational resilience. In [9], energy management strategies for heat and electricity 
generation grids in the context of renewable energy sources (RESs) focus on enhancing network flexibility through dynamic pricing 
services. These strategies revolve around EHs, which are composed of RESs, bio-waste units (BUs), responsive loads, and storage 
systems. Notably, bio-waste systems contribute to both electrical energy and heat generation simultaneously. The proposed 
methodology addresses gaps between network energy costs and hub-flexibility revenue by optimizing resource allocation. It 
incorporates flexibility models for hubs, advanced power-flow equations, and operational frameworks for managing resources, 
storage systems, and responsive loads. Reference [10] discusses how flexible EHs equipped with technologies such as compressed 
air systems, thermal and hydrogen storage (HS) devices, BUs, and wind farms (WFs) can be effectively integrated into energy markets 
through market-clearing price models. These hubs, operating within both electricity and heat grids, employ integrated heat and 
power technologies to produce heat and electricity concurrently through BUs. Ref. [11] proposed an innovative energy management 
framework that integrates Unified Plug-In Electric Vehicle (PEV)-based demand response strategies with energy storage systems 
through a hybrid coordination approach. Reference [12] presents a two-layer optimization model that enables coordinated energy 
exchange between two interconnected energy hubs (EHs). Operating collectively as a virtual energy hub (VEH), the system addresses 
heat, water, and electricity demands while engaging in the thermal energy market and adjusting to the upstream distribution 
network’s hosting capacity to efficiently accommodate supplementary loads. Reference [13] proposes an innovative solution to 
address multifaceted challenges associated with EHs, particularly focusing on energy generation and transmission complexities across 
gas and electricity grids. A multi-carrier EH capable of generating and distributing electricity, heating, and cooling from diverse 
sources, including wind, solar, fuel cells (FCs), batteries, and compressed air, is featured in [14]. This hub incorporates intelligent 
functionalities to support participation in both electrical and thermal demand response programs, easing peak demand periods and 
enhancing overall system efficiency. Lastly, [15] examines stochastic energy management strategies within microgrid environments, 
considering renewable sources such as solar, wind, and tidal power alongside demand response initiatives and comprehensive energy 
storage systems. 

Hubs generally rely on renewable sources such as wind and solar energy, but another valuable renewable option is the bio-waste 
system. This system generates gas by processing waste and, when paired with a CHP unit, can simultaneously produce heat and 
electricity. However, the utilization of bio-waste systems integrated with CHP has been examined in only a handful of studies. The 
majority of research efforts have focused on battery technology due to its high efficiency, although batteries are limited by a short 
lifespan and elevated installation costs. Consequently, storage devices like hydrogen and compressed air emerge as suitable 
alternatives, offering commendable efficiency and extended service life. Despite this potential, their integration has also seen limited 
exploration in scholarly works. This study develops an energy management strategy specifically designed for hubs that are integrated 
with both thermal and electrical networks. It aims to balance operational efficiency with financial optimization from the perspective 
of network operators. These hubs are equipped with RESs, including wind, solar, and BUs, complemented by storage systems for 
hydrogen, compressed air, and thermal energy. In addition, BU and FC are enhanced with CHP systems to boost energy efficiency, 
while HP convert electricity into thermal energy for broader use. The electrical output of these hubs primarily comes from WT, PV, 
and supplementary backup units.  

 

(1) 𝑃𝑆𝑏,𝑡 + ∑𝑖  𝐶𝐸𝑖,𝑏𝑃𝐸𝐻𝑖,𝑡  +∑𝑗  𝐴𝐸𝑗,𝑏𝑃𝐿𝑏,𝑗,𝑡

 = 𝑃𝐷𝑏,𝑡 ∀𝑏, 𝑡
 

(2) 𝑄𝑆𝑏,𝑡 + ∑𝑗  𝐴𝐸𝑗,𝑡𝑄𝐿𝑏,𝑗,𝑡 = 𝑄𝐷𝑏,𝑡  ∀𝑏, 𝑡 

(3) 𝐻𝑆𝑛,𝑡 + ∑𝑖  𝐶𝐻𝑖,𝑛𝐻𝐸𝐻𝑖,𝑡 + ∑𝑗  𝐴𝐻𝑗,𝑛𝐻𝐿𝑛,𝑗,𝑡

 = 𝐻𝐷𝑛,𝑡∀𝑛, 𝑡
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(4) 𝑃𝐿𝑏,𝑗,𝑡 = 𝐺𝐿𝑏,𝑗(𝑉𝑏,𝑡)
2

 − 𝑉𝑏,𝑡𝑉𝑗,𝑡 {
𝐺𝐿𝑏,𝑗cos (𝜑𝑏,𝑡 − 𝜑𝑗,𝑡) +

𝐵𝐿𝑏,𝑗sin (𝜑𝑏,𝑡 − 𝜑𝑗,𝑡)
} ∀𝑏, 𝑗, 𝑡

  

(5) 𝑄𝐿𝑏,𝑗,𝑡 = −𝐵𝐿𝑏,𝑗(𝑉𝑏,𝑡)
2

+ 𝑉𝑏,𝑡𝑉𝑗,𝑡 {
𝐵𝐿𝑏,𝑗cos (𝜑𝑏,𝑡 − 𝜑𝑗,𝑡)

−𝐺𝐿𝑏,𝑗sin (𝜑𝑏,𝑡 − 𝜑𝑗,𝑡)
} ∀𝑏, 𝑗, 𝑡

 
 

(6) 𝐻𝐿𝑛,𝑗,𝑡 = 𝐶𝐿𝑛,𝑗(𝑇𝑛,𝑡 − 𝑇𝑗,𝑡) ∀𝑛, 𝑗, 𝑡 

(7) 𝑉min ≤ 𝑉𝑏,𝑡 ≤ 𝑉max ∀𝑏, 𝑡 

(8) 𝑇min ≤ 𝑇𝑛,𝑡 ≤ 𝑇max ∀𝑛, 𝑡 

(9) (𝑃𝐿𝑏,𝑗,𝑡)
2

+ (𝑄𝐿𝑏,𝑗,𝑡)
2

≤ 𝑆‾𝐿𝑏,𝑗  ∀𝑏, 𝑗, 𝑡 

(10) |𝐻𝐿𝑛,𝑗,𝑡| ≤ 𝐻‾𝐿𝑛,𝑗  ∀𝑛, 𝑗, 𝑡 

(11) (𝑃𝑆𝑏,𝑡)
2

+ (𝑄𝑆𝑏,𝑡)
2

≤ 𝑆‾𝑆𝑏  ∀𝑏, 𝑡 

(12) |𝐻𝑆𝑛,𝑡| ≤ 𝐻‾𝑆𝑛 ∀𝑛, 𝑡 

(13) 𝑃𝐸𝐻𝑖,𝑡 = 𝑃𝑊𝑖,𝑡 + 𝑃𝑉𝑖,𝑡 + 𝑃𝐵𝑖,𝑡 + (𝑃𝐹𝑖,𝑡 − 𝑃𝐸𝑖,𝑡) + (𝑃𝐺𝑖,𝑡 − 𝑃𝑀𝑖,𝑡) − 𝑃𝐻𝑃𝑖,𝑡 − 𝑃𝐷𝑖,𝑡∀𝑖, 𝑡 

(14) 𝐻𝐸𝐻𝑖,𝑡 = 𝐻𝐵𝑖,𝑡 + 𝐻𝐻𝑃𝑖,𝑡 + 𝐻𝐹𝑖,𝑡  + (𝐻𝐷𝐼𝑆𝑖,𝑡 − 𝐻𝐶𝐻𝑖,𝑡) − 𝐻𝐷𝑖,𝑡∀𝑖, 𝑡 

(15) 𝐻𝐵𝑖,𝑡 =
(1 − 𝜂𝐵)𝜂𝐻

𝜂𝐵

𝑃𝐵𝑖,𝑡  ∀𝑖, 𝑡 

(16) 𝐻𝐻𝑃𝑖,𝑡
= 𝜂𝐻𝑃𝑃𝐻𝑃𝑖,𝑡 ∀𝑖, 𝑡 

(17) 0 ≤ 𝐻𝐻𝑃𝑖,𝑡
≤ 𝑛𝐻𝑃𝐻‾𝐻𝑃𝑖 ∀𝑖, 𝑡 

(18) 0 ≤ 𝑃𝐹𝑖,𝑡 ≤ 𝑛𝐻𝑆𝑃‾𝐹𝑖 ∀𝑖, 𝑡 

(19) 0 ≤ 𝑃𝐸𝑖,𝑡 ≤ 𝑛𝐻𝑆𝑃‾𝐸𝑖  ∀𝑖, 𝑡 

(20) 𝑃𝐹𝑖,𝑡𝑃𝐸𝑖,𝑡 = 0 ∀𝑖, 𝑡 

(21)    𝑛𝐻𝑆𝐸𝐻𝑇𝑖 ≤ 𝑛𝐻𝑆𝐸̂𝐻𝑇𝑖 +  ∑ℎ=1
𝑡  (𝜂𝐸𝑃𝐸𝑖,𝑡 −

1

𝜂𝐹

𝑃𝐹𝑖,𝑡)  ≤ 𝑛𝐻𝑆𝐸‾𝐻𝑇𝑖∀𝑖, 𝑡 

(22) 𝐻𝐹𝑖,𝑡 =
(1 − 𝜂𝐹)𝜂𝐻

𝜂𝐹

𝑃𝐹𝑖,𝑡  ∀𝑖, 𝑡 

(23) 0 ≤ 𝑃𝐺𝑖,𝑡 ≤ 𝑛𝐶𝐴𝑃‾𝐺𝑖 ∀𝑖, 𝑡 

(24) 0 ≤ 𝑃𝑀𝑖,𝑡 ≤ 𝑛𝐶𝐴𝑃‾𝑀𝑖  ∀𝑖, 𝑡 

(25) 𝑃𝐺𝑖,𝑡𝑃𝑀𝑖,𝑡 = 0 ∀𝑖, 𝑡 

(26)   𝑛𝐶𝐴𝐸𝐶𝐴𝑇𝑖 ≤ 𝑛𝐶𝐴𝐸̂𝐶𝐴𝑇𝑖 + ∑ℎ=1
𝑡   (𝜂𝑀𝑃𝑀𝑖,𝑡 −

1

𝜂𝐺

𝑃𝐺𝑖,𝑡)  ≤ 𝑛𝐶𝐴𝐸‾𝐶𝐴𝑇𝑖  ∀𝑖, 𝑡 

(27) 0 ≤ 𝐻𝐷𝐼𝑆𝑖,𝑡 ≤ 𝑛𝑇𝐻‾𝐷𝐼𝑆𝑖  ∀𝑖, 𝑡 

(28) 0 ≤ 𝐻𝐶𝐻𝑖,𝑡 ≤ 𝑛𝑇𝐻‾𝐶𝐻𝑖 ∀𝑖, 𝑡 

(29) 𝐻𝐷𝐼𝑆𝑖,𝑡𝐻𝐶𝐻𝑖,𝑡 = 0 ∀𝑖, 𝑡 

(30)    𝑛𝑇𝐸𝑇𝐸𝑆𝑖 ≤ 𝑛𝑇𝐸̂𝑇𝐸𝑆𝑖 +  ∑ℎ=1
𝑡  (𝜂𝐶𝐻𝐻𝐶𝐻𝑖,𝑡 −

1

𝜂𝐷𝐼𝑆

𝐻𝐷𝐼𝑆𝑖,𝑡)  ≤ 𝑛𝑇𝐸‾𝑇𝐸𝑆𝑖  ∀𝑖, 𝑡 
 

Meanwhile, thermal energy is generated via FCs, HPs, and backup units as well. To ensure reliable energy storage, hydrogen and 
compressed air systems are dedicated to the electrical section, while thermal storage systems support the thermal side. The proposed 
energy management scheme represents the primary innovation introduced by this paper. It is structured as a deterministic 
optimization model aimed at minimizing total expected operating costs across electricity and heat generation networks. The 
formulation incorporates a series of constraints, including equations for optimal power distribution alongside operational models for 
RESs, storage units, and HPs, all interconnected to function seamlessly within the EH framework. Due to its non-linear nature, the 
optimization model is addressed by adopting the Interior Point OPTimizer (IPOPT) algorithm implemented in the General Algebraic 
Modeling System (GAMS). The core contributions of this scheme are twofold: first, it focuses on the optimal operation of a bio-waste 
energy unit within the hub to enhance overall energy efficiency. Second, it introduces robust energy management strategies for 
hydrogen and compressed air storage systems to improve the network’s both economic and operational metrics.   
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Section 2 provides a comprehensive analysis of energy management strategies formulated for network-connected energy hubs. 
Section 3 focuses on a detailed case study, followed by Section 4, which presents and interprets the numerical results obtained from 
multiple simulation scenarios. Finally, Section 5 concludes the paper by summarizing the principal findings and outlining key 
insights. 

2. Formulation of the Proposed Plan 

This segment explores the energy management approaches utilized by renewable EHs, which incorporate diverse resources such 
as compressed air, hydrogen, and thermal storage. These hubs are designed with interconnected electric and thermal grids to 
maximize operational efficiency and minimize costs. The presented framework outlines the functional behavior of renewable and 
adaptable energy sources within the EH system, while also formulating critical equations to achieve optimal power allocation across 
network infrastructures. Consequently, the methodology is systematically expressed through mathematical definitions as described 
in Equations (1)-(31). 

 

(31) 
minCos𝑡 = ∑𝑏,𝑡  𝜆𝐸𝑡𝑃𝑆𝑏,𝑡 + ∑𝑛,𝑡  𝜆𝐻𝑡𝐻𝑆𝑛,𝑡 

Subject to: 
To minimize the anticipated operating costs (Cost) within the electrical and thermal grids, this approach focuses on the objective 

function, given in Equation (1). Here, the energy procurement cost from the upstream network is expressed as the sum of two 
components, corresponding respectively to the electricity grid (first term) and the heat grid (second term) [9]. The cost is calculated 
by multiplying the energy price by the quantity of energy transmitted through the distribution points. Equations (2) to (13) outline 
the equations needed for optimal power flow across these networks. Equations (2) to (7) specifically detail the interactions involved 
in distributing power within these systems. Specifically, Equations (2) and (4) define the distribution of active and reactive power 
across electrical buses and the allocation of heat power within thermal nodes, respectively [9–10]. Furthermore, Equations (5)–(7) 
describe the flow of active and reactive power through the electrical distribution lines and the transfer of thermal energy through 
the pipeline network [16].  

Equations (8) to (13) specify the boundaries within the heat and electricity grids. Equations (8) and (9) address the limits on 
voltage magnitude at electrical buses and temperature at thermal nodes, respectively. The limits on apparent power flowing through 
electrical distribution lines and heat power through pipelines are outlined in limitations (10) and (11). Additionally, Equations (12) 
and (13) take into account these limitations for electricity and heat distribution posts. Equations (14) to (31) define the operational 
parameters for Environmental Hubs that utilize flexible and RESs. Specifically, Equations (14) and (15) describe the balance between 
thermal and active power within these hubs. The model for RESs includes WF, PV Farms (PVF), and Battery Unit Farms (BUF). The 
findings indicate that the battery unit (BU) is integrated with combined heat and power (CHP) technology, allowing simultaneous 
generation of electrical and thermal energy. The heat power output of the BU is defined in Equation (16) as a coefficient 
corresponding to its active power [9]. The operational behavior of heat pumps (HPs) is described in Equations (17) and (18). The 
HP unit converts electrical energy into thermal energy [17], effectively acting as an active power consumer while producing thermal 
output. Equation (17) outlines the correlation between heat power and active HPs [17]. Equation (18) addresses the capacity 
limitations for power generation at the HPs’ output. Equations (19) to (23) define the operational model for the HS [18,19], which 
includes the FC, electrolyzer (EL), and hydrogen tank (HT). Equation (19)-(20) specify the capacity limits for the FC and EL, 
respectively. To prevent simultaneous operation of HS in charge and discharge modes, Equation (21) ensures that the EL and FC do 
not operate at the same time. Equation (22) sets the maximum allowable hydrogen energy storage in the HT. The CHP model for 
FCs is described by Equation (23), stating that an FC's output heat power is proportional to its active power [18]. Equations (24) to 
(27) define the CAES operational model [20], which consists of a compressed air tank (CAT), a generator, and a motor. Equations 
(24) and (25) address the capacity restrictions of the generator and motor. Equation (26) prohibits their simultaneous operation, 
and restriction (27) sets the maximum energy capacity for compressed air storage in the CAT [20]. The TES operational model is 
defined in Equations (28) to (31). These include charge and discharge rate limitations in Equations (28) and (29). Relation (30) 
prevents simultaneous charging and discharging of TES, while Equation (31) sets limitations on the energy stored within TES [16]. 

3. Case Study 

Figure 1 illustrates the integration of the EMS described in this section across the IEEE 33-bus electrical network [21] and the 
14-node Madumvej heat network [22]. To obtain the time-varying load profile, the load factor curve is multiplied by the 
corresponding maximum load at each time interval. The projected daily load factor curve for the electrical network, established in 
previous studies [9-10], serves as the basis for calculations. During off-peak hours, from 01:00 to 07:00, the cost of electricity is set 
at 17.6 $/MWh. This price elevates to 33 $/MWh during peak hours from 17:00 to 22:00, and stabilizes at 26.4 $/MWh throughout 
mid-load periods at remaining intervals [9]. On the thermal energy side, pricing remains constant at 22 $/MWh during both peak 
hours (05:00–15:00) and off-peak periods (01:00–04:00 and 16:00–24:00) [9]. As depicted in Figure 1, the system is distributed 
across six operational hubs. Locations and attributes of each hub, including sources, storage units, and installed HP configurations, 
align with details provided in Table 1. Specifically, hubs 1 and 2 deliver thermal energy via BUF technology, whereas hubs 4 and 5 
utilize localized HPs for thermal energy distribution. Electrical storage within hubs 1, 4, and 5 relies on CAES systems, while the 
remaining hubs are equipped with HS-type storage solutions. Comprehensive technical specifications for sources, storage units, and 
HPs are elaborated in supplementary references [23-24]. Each hub's load assignment corresponds directly to its strategic role within 
the network framework. Additional data regarding wind speed profiles, BU gas consumption trends, and solar radiation patterns are 
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detailed in the referenced studies. It is noteworthy that the proposed scheme has no limitations for implementation on various types 
of energy networks, resources, and storage devices. 

4. Numerical Reports and Discussions 

This section presents the simulation studies carried out using the GAMS optimization environment, in which the IPOPT algorithm 
was employed as the primary solution strategy [25]. Owing to the inherently nonlinear and continuous characteristics of the proposed 
mathematical formulation, advanced nonlinear solvers such as IPOPT, BARON, BONMIN, and similar algorithms are particularly 
appropriate for achieving reliable and accurate solutions. To ensure robustness and computational efficiency, an extensive iterative 
trial-and-error procedure was conducted, during which multiple solvers and configurations were systematically evaluated and 
compared. The outcomes of this comparative analysis demonstrated that IPOPT consistently provided superior performance in terms 
of convergence stability, solution accuracy, and computational time, making it the most suitable solver for the problem under 
investigation. Consequently, IPOPT was selected for all subsequent simulations. The comprehensive quantitative findings obtained 
from these simulation studies are presented and discussed in detail in the following section. 

A) Performance Assessment of Renewable Energy Hubs Incorporating Storage Units and Heat Pumps: The anticipated daily output 
patterns of active and heat power generated by sources, storage units, HPs, and EHs are illustrated in Figures 2 and 3. Figure 2 
focuses on the daily production profiles of WT, PV, and biomass energy sources (BESs), providing a numerical correspondence to the 
variations in wind speed, solar radiation, and biogas rates presented in prior research [21]. The active power output of RESs is 
affected by these environmental conditions. 

 Per Figure 2's analysis, WFs, biogas utilization facilities (BUFs), and photovoltaic farms (PVFs) demonstrate peak performance 
at 1.8 MW, 2.4 MW, and 1.08 MW of active power generation, respectively. Regarding storage systems like heat storage units (HSs), 
Figure 2 reveals that during off-peak hours (1:00 to 7:00), they remain inactive due to lower electricity prices. In mid-load periods 
(8:00 to 16:00), HSs enter a charge mode where active power from RESs is transferred to them via ELs within the hubs. This 
operational strategy arises from substantial active power production by RESs during these hours, which could potentially overburden 
the electrical network with excess voltage. 

Redirecting energy into HSs mitigates such risks. Furthermore, HSs consume power solely from RESs during this timeframe, 
thereby eliminating the need for supplementary energy costs from upstream networks. Later, between 17:00 and 22:00, HSs remain 
in charge mode, while FCs supply power to the electrical grid during peak hours from 23:00 to 24:00. HS operation at these times 
reduces energy expenses, as electricity prices are comparatively higher. Compressed air energy storage systems (CAESs) generally 
perform similarly to HSs but contribute additional active power to the grid during peak hours. Unlike ELs and FCs, CAES systems 
exhibit nearly equivalent motor and generator efficiency levels, whereas FC efficiency is notably lower than generator efficiency. 
Consequently, HS systems experience greater energy losses compared to CAESs, resulting in diminished discharge-mode power output 
relative to CAESs.  

Both HSs and CAESs cease operation during off-peak hours due to the insufficient active power output from RESs during these 
periods, as illustrated in Figure 2. Operating energy storage systems under such conditions would necessitate additional power 
procurement from the main electrical grid, which would lead to increased operational expenditures while failing to achieve optimal 
cost efficiency. As a result, the strategic shutdown of HSs and CAESs during off-peak hours is economically justified and aligned with 
overall system optimization objectives. 

In contrast, the performance of EHs enables sustained and reliable active power generation throughout the entire operational 
horizon. Consequently, EHs continuously inject electricity into the grid, providing a stable and uninterrupted energy supply despite 
fluctuations in RES production. The operational performance of HPs is intrinsically linked to EH functionality. Supplied primarily by 
energy generated within EHs, HPs remain operational during the periods of 1:00–7:00 and 17:00–24:00. Notably, during low-demand 
hours between 1:00 and 7:00, WF operations within Hub 4 produce approximately 1 MW of active power, which is sufficient to 
support the stable operation of HPs in this hub using energy derived exclusively from renewable energy sources.  

In contrast, Hub 5 depends on solar energy production during low-load periods based on Figure 2's data; because solar output is 
minimal during these hours, Hub 5’s HPs rely on electricity sourced from the main grid. However, during higher production intervals 
spanning 17:00–24:00, power contributions from HSs, CAESs, and WFs in both hubs significantly increase, allowing HPs in these 
hubs to operate efficiently using energy provided directly by EHs. Across all operation hours presented in these findings, the total 
active power output from EH systems remains consistently positive. This signifies that EHs not only support internal energy demands 
but also effectively function as producers supplying active electrical energy to the external grid throughout their operation. 
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(a) 

 
Figure 1. Test network, a) IEEE 33-bus electrical system [19], b) 14-node Madumvej district heating grid [20]. 

 
Tabe 1. Number of energy sources and storage units for energy hubs at different locations. 

EH Sources  Storages  
1 120 BUs 40 CAESs, 40 TESs 
2 120 BUs 80 HSs, 40 TESs 
3 80 WTs 50 HSs 
4 100 WTs, 50 HPs 30 CAESs, 25 TESs 
5 1500 PVs, 40 HPs 25 CAESs, 25 TESs 
6 1500 PVs 50 Ss 

 

 
Figure 2. Expected daily active power trajectories of energy sources, storage systems, and aggregated EHs. 
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Figure 3. Expected daily heat power profiles of energy sources, storage systems, and EHs. 

 

The heat power trends for BUFs, HPs, TESs, and EHs are illustrated in Figure 3. The daily heat power curve of BUFs closely 
resembles their active power curve, with only minor numerical differences. This similarity arises from Equation (16), which indicates 
that the heat power of a BU is directly correlated with its active power. During discharge mode, TESs experience peak thermal 
activity between 5:00 and 15:00, coinciding with high thermal energy prices. Discharging during these hours helps minimize costs. 
Outside of this period, TESs are in charge mode. Notably, during off-peak hours from 1:00 to 6:00 and 20:00 to midnight, BUFs 
produce less power than the demand from EHs. To avoid supplying heat power from the network to TESs during these times, HPs 
activate and generate heat power for EHs. Consequently, as shown in Figure 3, EHs continuously serve as energy producers, 
consistently injecting heat into the grid, thereby assisting in cost reduction within the heat grid. 

B) Operational Analysis of Electricity and Heat Grids Performance: This section evaluates the key performance indicators for two 
distinct operational scenarios, namely Case I (Load flow analysis) and Case II (Proposed scheme). Table 2 provides a comprehensive 
comparison of the two cases by summarizing critical metrics, including Maximum Voltage Deviation (MVD), Maximum Temperature 
Deviation (MTD), Expected Energy Loss (EEL) for both the electrical network (E-EEL) and the thermal network (T-EEL), Peak Load 
Carrying Capacity (PLCC), and the overall operational cost (Cost) of the integrated energy networks. 

In this study, energy loss within the network is defined as the difference between the total energy generated and the total energy 
consumed over the entire operating horizon. Voltage deviation is quantified as one minus the permissible voltage range, while 
temperature deviation is similarly calculated as one minus the allowable temperature range. Accordingly, MVD and MTD correspond 
to the maximum observed deviations in voltage and temperature, respectively, across all network nodes and time intervals. PLCC 
serves as an indicator of network robustness by representing the maximum peak load that the system can reliably accommodate 
without violating operational constraints. 

As reported in Table 2, Case I reveals considerable energy losses, elevated operational costs, pronounced voltage drops, and 
notable temperature reductions during the energy network load distribution analysis. In addition, this case exhibits the lowest PLCC 
values, reflecting limited load-support capability, together with evident overvoltage occurrences and temperature fluctuations within 
the system. 

In contrast, Case II, which strictly follows the proposed mathematical framework described by Equations (1)-(31) and incorporates 
energy hubs integrated with storage systems, heat pumps (HP), and renewable energy sources (RES), demonstrates a markedly 
improved operational performance. Relative to Case I, substantial enhancements are observed across all evaluated indicators. 
Specifically, the operational cost is reduced by approximately 44.1%, E-EEL decreases by 41%, T-EEL by 42.9%, and the overall EEL 
by 41.9%. Moreover, MVD and MTD are significantly mitigated, declining by 48.9% and 47.7%, respectively. Notably, PLCC 
experiences a pronounced improvement, increasing by nearly 82.5% in the electrical network and 89.5% in the thermal grid when 
compared to Case I, thereby confirming the superior reliability, efficiency, and load-handling capability of the proposed scheme. 

 
Table 2. Values of operational indices under different operating scenarios. 

Variable Case I Case II 
Cost 4521.7 2527.6 
E-EEL (MWh) 3.12 1.84 
T-EEL (MWh) 2.54 1.45 
EEL (MWh) 5.66 3.29 
MVD (p.u.) 0.092 0.047 
MTD (p.u.) 0.086 0.045 
E-PLCC (MW) 3.72 6.79 
T-PLCC (MW) 3.05 5.78 
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Table 3 presents the sensitivity analysis of the objective function, namely the operational Cost, with respect to variations in 
energy price, peak load, and renewable power penetration. In this table, the parameter α denotes the rate of increase applied to each 
examined factor. The results indicate that a 10% rise in energy price and peak load leads to corresponding increases in Cost of 
approximately 9.48% and 10.82%, respectively. In contrast, a 10% increase in renewable power generation results in a reduction of 
Cost by about 5.28%, highlighting the economic benefits associated with higher renewable energy integration. 

An increase in peak load is typically associated with greater overall energy consumption, as higher maximum demand often 
reflects more intensive or extended operation of electrical and thermal equipment. Consequently, the energy required by the network 
from the upstream supply increases, which directly contributes to higher operational costs. Conversely, enhanced renewable energy 
generation reduces dependency on upstream network energy procurement, thereby lowering purchasing costs and improving overall 
economic performance. On the other hand, rising energy prices increase the monetary value of energy transactions within the system. 
While higher prices raise procurement expenses, they also amplify revenues from energy sales, ultimately causing an upward shift 
in the overall cost function, as reflected in the sensitivity analysis results. 

Figure 4 illustrates the obtained Cost values corresponding to different solution algorithms. In this figure, IPOPT, BONMIN, and 
BARON are optimization solvers based on deterministic mathematical programming techniques, all of which are available within 
the GAMS software environment. In contrast, Particle Swarm Optimization (PSO) and the Genetic Algorithm (GA) are population-
based evolutionary algorithms, and the proposed model was implemented for these solvers using the MATLAB software platform, 
which provides dedicated toolboxes for such metaheuristic methods. 

As depicted in Figure 4, the application of different solvers to the proposed design results in distinct solutions and associated Cost 
values. This variation can be attributed to the inherently non-convex nature of the optimal power distribution problem in the 
electrical network, which may lead to multiple local optima depending on the employed solution strategy. Under such circumstances, 
the solver that yields the most favorable operating condition, characterized by the minimum achievable Cost, is considered the most 
appropriate. Based on the comparative results shown in Figure 4, the IPOPT solver demonstrates superior performance by converging 
to the lowest Cost value among the examined algorithms, thereby confirming its suitability and effectiveness for solving the proposed 
optimization problem. 

 

Table 3. Sensitivity analysis for the objective function (Cost) based on the different parameters in Case II. 
Parameter Cost ($) for Deviation (%) 

 = 0  = 10%  = 20% 

Energy price ($/MWh)  2527.6 2767.3 3007 +9.48 

Peak load (MW) 2527.6 2801.2 3074.8 +10.82 

Renewable power (MW) 2527.6 2394.1 2260.6 -5.28 

 

 
Figure 4. Value of Cost obtained by different solvers. 
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5. Conclusions 

This study investigates the cost-effective operation of integrated thermal and electrical networks incorporating renewable EHs. 
These hubs encompass various components, including HS, thermal storage, compressed air storage, WTs, solar units, BUs, and HPs. 
The proposed solution aims to reduce operating costs by optimizing the energy management of these hubs within their operational 
constraints and aligning with an optimal power distribution model for the networks in question. The numerical results indicate that 
the approach successfully enhances the economic performance of these networks. Specifically, the study shows an approximate 44% 
improvement in economic efficiency compared to traditional load distribution scenarios. This method also positively impacts various 
operational parameters, such as power management for HPs and storage systems (compressed air, hydrogen, and thermal). 
Improvements are observed across key metrics like energy losses, voltage stability, temperature profiles, and load capacity, with 
enhancements ranging from 28% to 90% compared to previous load distribution models. 

This study evaluated the performance capabilities of resources and storage systems configured as an EH within the proposed 
framework. However, load response is a method for managing energy and it can be useful in improving energy efficiency. This study 
identifies the incorporation of uncertainties in renewable resources, load demand, and energy prices as a direction for future research 
within the proposed framework. Therefore, stochastic, probabilistic, or robust modeling needs to be considered for them. In this 
paper, deterministic models were used for them, but this aspect is identified as a direction for future research within the proposed 
framework. To solve the proposed problem in this paper, mathematical algorithms were used. However, if the problem size increases, 
it is possible that mathematical solvers may encounter difficulties in converging to a feasible solution for the formulated problem, 
or a more powerful computing system will be required. In this case, the computational cost will increase. To compensate for this, it 
is necessary to use decomposition algorithms, hybrid evolutionary algorithms, and linear approximation models. These are 
considered future studies. 

 
NOMENCLATURE  

Variables   
Cost Expected cost of operation ($) PL, QL, 

HL 
Active (MW) and reactive (MVAr) power passing through the electric 
distribution line, and heat power (MW) passing through the heat pipe 

HB, HHP, 
HF 

Heat power of bio-waste unit (BU), heat pump (HP), and fuel 
cell (FC) in MW 

PM, PG Active power of motor and generator in compressed air energy storage 
(CAES) in MW 

HCH, HDIS Heat power of thermal energy storage (TES) in charge and 
discharge mode (MW) 

PS, QS, 
HS 

Active (MW) and reactive (MVAr) power passing through the electric 
distribution post, and heat power (MW) passing through the heat post 

PB, PV, PW Active power of BU, photovoltaic (PV), and wind turbine 
(WT) in MW 

T Temperature (p.u.) 

PE, PF Active power of electrolyzer (EL) and FC in hydrogen storage 
(HS) in MW 

V,  Voltage range (p.u.) and voltage angle (radian) 

PEH, HEH Active and heat power of the energy hub (EH) in MW Parameters 
PHP Active power of HP in MW AE Intersection matrix of bus and distribution line 

  AH Intersection matrix of node and heat pipe 
BL, GL Susceptance and conductance of distribution line (p.u.) Tmiss Tmax  Minimum and maximum permissible temperature (p.u.) 

CE Intersection matrix of EH and the electric bus S‾L, S‾S Maximum apparent power passing through the electric distribution line 
and substation (MVA) 

CH Intersection matrix of EH and the heat node Vwisy Vmax  Minimum and maximum permissible voltage range (p.u.) 
CL Thermal constant of the heat pipe (p.u.) ηCH, ηDIS Charge and discharge efficiency in TES 
ECAT, E‾ CAT  
, ÊCAT 

Minimum and maximum energy stored in the compressed air 
tank (CAT) and its initial energy (MWh) 

ηH Thermal efficiency in combined heat and power (CHP) 

EHT, E‾ HT  
, ÊHT 

Minimum and maximum energy stored in the hydrogen tank 
(HT) and its initial energy (MWh) 

ηHP HP efficiency 

ETES , E‾ TES   
, ÊTES 

Minimum and maximum energy stored in TES and its initial 
energy (MWh) 

ηM Motor and generator efficiency in CAES 

H‾ CH, H‾ DIS Charge/discharge rate in TES (MW) ηG Electric and thermal energy price ($/MWh) 
H‾ L, H‾ S Maximum heat power passing through the heat pipe and heat 

post (MW) 
λE, λH Thermal efficiency in combined heat and power (CHP) 

H‾ HP Maximum heat power produced by HP (MW) Indices  

PD, QD, HD Active (MW), reactive (MVAr), and thermal (MW) load b, n Bus in the electric network, a node in the heat network 
P‾E, P‾F EL and FC capacity in HS (MW) i  EH 
P‾M , P‾G Motor and generator capacity in CAES (MW) j  Auxiliary index corresponding to bus or node 
  t  Operating hour 
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A  B  S  T  R  A  C  T  

This study introduces a comprehensive multi-objective harmony search algorithm designed to 
simultaneously minimize total monetary costs and pollutant emissions while explicitly accounting 
for uncertainties associated with electrical load demand and electricity market prices. To effectively 
capture and model these inherent uncertainties, a Monte Carlo simulation (MCS) framework is 
employed, enabling a probabilistic assessment of system behavior under varying operating 
conditions. The formulated optimization problem integrates six distinct types of distributed energy 
resources (DER), namely wind turbines, photovoltaic systems, fuel cells, micro-turbines, gas 
turbines, and diesel generators. This diverse portfolio of DER technologies allows the model to 
accurately reflect the operational flexibility and heterogeneity of modern distributed energy systems. 
Within the proposed multi-objective harmony search framework, a non-dominated sorting 
mechanism is applied to systematically classify candidate solutions and extract the Pareto-optimal 
front, thereby revealing the trade-offs between economic and environmental objectives. To further 
support practical decision-making, a fuzzy decision-making methodology is incorporated to identify 
the most suitable compromise solution from the set of Pareto-optimal alternatives, taking into 
account decision-makers’ preferences and system priorities. The simulation results demonstrate that 
higher penetration of renewable energy sources plays a crucial role in reducing energy losses, 
mitigating environmental impacts, and improving overall system efficiency. These findings highlight 
the effectiveness of the proposed optimization framework in enhancing the economic and 
environmental performance of distributed energy systems under uncertainty. 

1. Introduction

1.1. Motivation and aim 

Optimal planning of distributed energy resources (DERs) plays a pivotal role in the development and operation of modern energy 
distribution networks, particularly in response to the growing demand for sustainable, reliable, and environmentally friendly energy 
solutions, as well as the urgent need to reduce dependence on fossil fuel–based generation. The integration of renewable energy 
sources (RESs), such as solar photovoltaic and wind power systems, significantly contributes to lowering greenhouse gas emissions, 
mitigating environmental impacts, and advancing long-term energy sustainability objectives. Moreover, the strategic allocation and 
optimal sizing of DERs in close proximity to consumption points lead to a substantial reduction in transmission and distribution 
losses, thereby enhancing overall system efficiency. Such localized generation also strengthens grid resilience by improving voltage 
profiles, increasing supply reliability, and providing greater flexibility in accommodating load variations. By enabling the effective 
utilization of locally available renewable resources, optimal DER planning supports a more decentralized, robust, and sustainable 
energy infrastructure capable of meeting future energy challenges. Advanced forecasting and modeling techniques ensure the 
effective deployment of DERs while maintaining grid stability.  
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Additionally, optimal DER planning fosters consumer empowerment through energy independence, enabling participation in 
generation via rooftop solar panels or community wind projects, which also supports local economic development and job creation 
in the renewable sector [1,2]. The DERs planning is crucial for modern energy distribution networks, as it reduces dependence on 
fossil fuels, lowers air pollution, and mitigates climate change impacts. By integrating RESs, this approach enhances grid efficiency 
and resilience while promoting consumer participation and local economic growth. Ultimately, effective DER integration is essential 
for achieving a cleaner, sustainable energy future and addressing urgent environmental challenges. 

1.2. Literature review 

The study presented in [3] introduces an advanced three-dimensional multi-objective optimization framework aimed at the 
optimal planning of distributed energy resources (DERs) alongside the effective management of electrical energy storage systems 
within distribution networks. This framework simultaneously considers multiple conflicting objectives, enabling a balanced trade-
off between economic performance, technical reliability, and environmental impact. By incorporating the coordinated operation of 
DERs and storage systems, the proposed approach enhances operational flexibility, improves energy utilization efficiency, and 
supports more reliable and resilient distribution network planning under diverse operating conditions. In [4], a multi-objective 
planning strategy is introduced that takes into account the stochastic nature of customer-owned DERs. This approach concurrently 
tackles dynamic network reconfiguration, capacitor placement, and the dynamic adjustment of on-load tap changer transformers. 
The primary goal is to reduce power loss costs while enhancing the system's voltage profile by minimizing a newly proposed voltage 
consistency indicator presented in this study. Ref. [5] presents a comprehensive long-term stochastic mixed-integer single-level, 
single-stage nonlinear multi-objective optimization planning model specifically developed to facilitate the effective integration of 
distributed energy resources (DERs) into power distribution systems. This model captures the inherent uncertainties associated with 
long-term planning horizons while simultaneously addressing multiple conflicting objectives, thereby enabling more informed and 
robust decision-making for DER deployment. In [6], the authors investigate the coordinated and synergistic integration of RESs with 
battery energy storage systems, with the primary objective of improving the sustainability, operational reliability, and flexibility of 
modern power systems. By leveraging the complementary characteristics of renewables and storage technologies, the proposed 
approach enhances energy balancing capabilities and mitigates the adverse impacts of renewable intermittency. Furthermore, the 
study in [7] develops an optimization-based planning framework for the strategic placement and sizing of multiple DERs in 
conjunction with electric vehicle charging stations within distribution networks. This framework aims to accommodate the increasing 
penetration of electric vehicles while maintaining network performance, reducing operational costs, and ensuring efficient utilization 
of distributed energy assets. Additionally, [8] discusses various modeling and optimization methodologies for DERs, as well as control 
strategies for DERs and microgrids. Ref. [9] addresses stochastic energy management within a microgrid environment, taking into 
account RESs such as photovoltaic, wind, and tidal energy, along with demand response programs and storage solutions. In [10], a 
novel and comprehensive modeling approach is proposed that explicitly incorporates several practical and influential factors 
affecting distributed generation planning. These factors include pollutant emissions, capital investment costs, and operational 
expenses associated with distributed generators, as well as the cost of purchasing electricity from the main grid. In addition, the 
proposed framework accounts for dynamic planning aspects over the study horizon and addresses uncertainties arising from 
variations in load demand and electricity market prices. By integrating these considerations, the model provides a more realistic and 
robust decision-support tool for optimal planning and operation of distributed energy resources under real-world conditions. Ref. 
[11] focuses on establishing penetration limits for regulations within existing networks. As new electrification systems emerge, the 
integration of DERs necessitates new planning principles that consider the sizing and selection of network components such as feeder 
cables and transformer while accounting for various scenarios regarding DER uptake. Furthermore, it is crucial to address the 
uncertainties linked to the operation of these networks, particularly concerning the location and capacity of DERs. Ref. [12] proposes 
a comprehensive methodology for the optimal and coordinated allocation of wind farms, energy storage systems, and parking 
facilities for plug-in electric vehicles, while explicitly incorporating demand response programs and hourly distribution network 
reconfiguration under both normal operating conditions and severe contingency scenarios. In addition, this methodology evaluates 
the participation and behavior of different load types, providing a realistic representation of system demand dynamics and enhancing 
the operational flexibility and resilience of the distribution network. In [13], a multi-objective planning model for distributed energy 
resources is developed with the aim of achieving an effective trade-off between carbon emission reduction and economic cost 
minimization. By simultaneously addressing environmental and financial objectives, the proposed model supports sustainable 
planning decisions and promotes the integration of cleaner energy technologies within modern power systems. An innovative 
enhanced adaptive weighted-sum algorithm featuring a single sparse-preference parameter is introduced to generate a 
comprehensive Pareto front. Additionally, [14] proposes a three-objective capacity planning model for DERs that considers economic 
cost, carbon emissions, and voltage deviation. A comprehensive review about DER planning is stated in [15]. 

This paper presents a comprehensive probabilistic multi-objective framework designed to optimize the planning and deployment 
of DERs within distribution electricity networks. The proposed model is formulated from the viewpoint of the distribution company, 
ensuring that practical operational and economic considerations are fully reflected in the planning process. The mathematical 
formulation is based on nonlinear programming techniques, allowing the model to accurately capture the complex interactions and 
constraints inherent in modern distribution systems. 
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The proposed design aims to achieve an effective trade-off between minimizing total monetary costs and reducing pollutant 
emissions, while explicitly accounting for uncertainties associated with electrical load variations and fluctuations in electricity 
market prices. The monetary cost objective includes investment and operational costs of distributed generation (DG) units, 
compensation payments related to network losses, and expenditures incurred from purchasing electricity from the upstream grid. 

 To efficiently solve the resulting multi-objective optimization problem, the non-dominated sorting harmony search algorithm 
(NSHSA) is employed, enabling the identification of Pareto-optimal solutions. In addition, uncertainty analysis is conducted using 
the Monte Carlo simulation method, which provides a robust probabilistic assessment of system performance under varying stochastic 
conditions. 

The NSHSA is a hybrid optimization technique that integrates two well-established and powerful methodologies [16], namely 
non-dominated sorting and the harmony search algorithm. This hybrid structure makes NSHSA particularly suitable for solving 
complex multi-objective optimization problems, in which the primary aim is to identify a set of optimal solutions that represent 
meaningful trade-offs among multiple, often conflicting, objectives. Rather than converging to a single solution, the algorithm seeks 
to generate a diverse collection of alternatives that collectively describe the Pareto-optimal front. Within NSHSA, the non-dominated 
sorting mechanism is employed to classify and rank candidate solutions according to the concept of Pareto dominance [17,18]. 
Under this framework, each solution is evaluated not only based on its individual objective values but also in comparison with other 
solutions in the population. A solution is defined as non-dominated if no other solution performs better across all objectives 
simultaneously. This ranking strategy enables the algorithm to preserve a diverse set of high-quality solutions, ensuring broad 
coverage of the Pareto front and facilitating a comprehensive exploration of the solution space. The harmony search component of 
NSHSA is inspired by the process of musical improvisation, in which musicians collaboratively seek harmonious sound patterns 
through experience, memory, and random variation [19]. Analogously, in the optimization context, new candidate solutions are 
generated by combining information from existing solutions, guided by harmony memory, pitch adjustment, and random selection 
mechanisms. This balance between exploitation of known good solutions and exploration of new regions of the search space enhances 
the algorithm’s ability to avoid premature convergence. Furthermore, NSHSA dynamically adapts its search behavior based on 
solution performance, allowing for a flexible and efficient optimization process capable of handling nonlinear, multi-modal, and 
multi-objective problems effectively. 

     One of the primary advantages of the NSHSA lies in its strong capability to efficiently address multi-objective optimization 
problems. By simultaneously considering multiple conflicting objectives, NSHSA is able to generate a diverse set of Pareto-optimal 
solutions rather than converging to a single point. This feature allows decision-makers to clearly observe the trade-offs among 
objectives and select solutions that best align with technical, economic, or environmental priorities. Moreover, the integration of 
non-dominated sorting with the adaptive search mechanism of harmony search enhances both solution diversity and convergence 
speed, making NSHSA particularly effective for complex, nonlinear, and large-scale optimization problems. By combining non-
dominated sorting with harmony search, NSHSA can effectively balance exploration and exploitation, leading to a robust search 
capability [20]. Additionally, the diversity maintained through non-dominated sorting helps prevent premature convergence to 
suboptimal solutions, ensuring that a wide range of potential solutions is considered. This makes NSHSA particularly suitable for 
complex real-world problems where multiple criteria must be optimized simultaneously, such as in engineering design, resource 
allocation, and scheduling tasks. Overall, NSHSA represents a significant advancement in multi-objective optimization techniques, 
leveraging the strengths of both non-dominated sorting and harmony search to achieve superior results. The novel contributions of 
this paper in comparison to prior research in the field can be outlined as follows: 

• Introduction of a new multi-objective probabilistic framework for the planning of DERs by distribution companies operating 
in a competitive electricity market. 

• Development of an effective scenario-based methodology to address uncertainties related to electricity prices and load 
demands. 

• Simultaneous consideration of six distinct types of DERs, which include wind turbine (WT), photovoltaic (PV) system, fuel 
cell (FC), micro-turbine (MT), gas turbine (GT), and diesel engine (DE). 

• Utilization of the NSHSA combined with a fuzzy decision-making approach to identify the optimal compromise solution 
from the set of Pareto optimal solutions.  

1.3. Paper organization 

The remainder of this paper is organized as follows. Section 2 describes the scenario-based modeling approach adopted to 
effectively address uncertainties associated with electricity pricing and load demand variations. Section 3 outlines the proposed 
probabilistic and multi-objective optimization framework developed for the optimal planning of distributed energy resources (DERs). 
The detailed mathematical formulation of the multi-objective optimization strategy and associated constraints is presented in Section 
4. Section 5 provides a comprehensive analysis and discussion of the simulation results obtained from the studied primary 
distribution network. Finally, Section 6 concludes the paper by summarizing the main findings of the study and highlighting the 
practical implications and potential applications of the proposed approach. 

2. Modeling uncertainties using scenario-based approaches 

This paper focuses on various uncertainties that impact the planning of DERs, specifically addressing price and load uncertainties. 
The demand for electric power significantly influences the fluctuations in periodic electricity prices. Consequently, there is an 
increasing emphasis on analyzing the relationship between electricity prices and load demands.  
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A critical feature of electricity generated from RESs such as solar and wind is its intermittent availability, particularly during 
peak demand periods. From an economic perspective, ensuring system adequacy, defined as the ability to provide sufficient capacity 
to reliably meet peak demand, means that electricity holds greater value during these peak hours.  

Therefore, it is essential to establish a correlation between electricity load profiles and price dynamics. However, it is important 
to note that this paper does not account for the correlation between load and price. The modeling strategy proposed herein is outlined 
as follows. 

2.1. Modeling electricity prices based on different scenarios 

In competitive electricity markets, distribution companies are obligated to purchase electrical energy directly from the market. 
Due to the highly dynamic and uncertain characteristics of these markets, electricity prices exhibit significant fluctuations over time, 
which introduces considerable uncertainty into operational and planning decisions. As a result, accurate anticipation of future market 
prices is essential for distribution companies to effectively schedule their short-term operations and long-term planning strategies. 
Nevertheless, the stochastic and volatile behavior of market prices makes reliable forecasting challenging, and prediction errors can 
substantially affect both operational performance and planning outcomes. To mitigate the impacts of price uncertainty, a scenario-
based modeling approach that combines fuzzy C-means clustering with Monte Carlo simulation (FCM/MCS) is adopted to represent 
variations in electricity market prices. In this framework, the statistical properties of price behavior are captured through scenario 
generation rather than relying on a single forecast. It should be noted that the estimation of key statistical parameters, such as the 
expected value and variance of electricity prices, is commonly performed using advanced forecasting methods, including time series 
techniques and artificial neural network models. 

Initially, using the forecasted mean and variance of prices, a set of np price samples is generated through Monte Carlo simulation, 
with each scenario assigned an equal probability of 1/np. Although generating a large number of price samples enhances the 
representation of the uncertain model, it also results in a stochastic program that may become excessively large and difficult to solve. 
Therefore, a balance must be struck between achieving a good approximation and managing computational complexity. 
Consequently, various scenario reduction methods have been introduced in the literature to limit the total number of generated 
scenarios while maintaining the essential statistical properties of electricity price behavior. These techniques aim to improve 
computational efficiency by discarding scenarios with negligible occurrence probabilities and consolidating those that exhibit similar 
characteristics into representative groups, thereby preserving the overall stochastic structure of the problem. In this context, the FCM 
technique serves as the primary method for price scenario reduction. FCM is utilized to cluster np randomly generated samples into 
a specified number of clusters. By definition, a cluster comprises objects that are similar to one another but dissimilar to those in 
other clusters. Thus, the center of each cluster can effectively represent similar price scenarios within that cluster. Accordingly, FCM 
serves as an effective complement to the Monte Carlo simulation framework by transforming the initially generated set of 𝑛𝑝 random 
price samples at each time interval into a smaller set of 𝑛𝑟 representative and distinct scenarios. This reduction process retains the 
diversity of price behavior while significantly decreasing computational complexity. The occurrence probability assigned to each 
reduced price scenario is then calculated using the following approach [21]: 
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Consequently, a price scenario that serves as the center of a cluster with a greater number of members is considered to have a 
higher probability than other scenarios. 

2.2. Scenario-based modeling of electrical loads 
To properly reflect inaccuracies in load forecasting, it is necessary to explicitly model load-related uncertainties within the 

analytical framework. This requires identifying an appropriate probability distribution to represent load forecast errors. In this study, 
the load forecasting error is assumed to follow a Gaussian distribution, with its mean equal to the predicted peak demand that the 
distribution company is required to supply. Figure 1 depicts the continuous probability density function associated with the system 
load forecasting error, which is subsequently discretized into seven distinct intervals. Each interval spans a range equivalent to one 
standard deviation of the load forecast error, consistent with the methodology adopted in [22,23]. To produce representative load 
scenarios corresponding to different forecasted demand levels and their associated probabilities obtained from the defined probability 
distribution function, a roulette wheel selection technique is applied, as outlined in [24]. This probabilistic sampling approach 
enables the systematic generation of load scenarios in proportion to their likelihood of occurrence. At the first stage, the interval 
[0,1] is partitioned according to the normalized probabilities assigned to each load level, as illustrated in Figure 2. Next, a random 
value is drawn uniformly from the interval [0,1]. 

If the generated random value lies within the normalized probability segment associated with a particular load forecast level on 
the roulette wheel, that load level is selected as a representative scenario. By repeatedly applying this probabilistic selection 
procedure, a sufficient and diverse set of load scenarios is gradually constructed. The integration of the roulette wheel selection 
method with the Monte Carlo simulation framework forms a hybrid scenario generation approach, commonly referred to as the 
RW/MCS technique, which enables efficient and statistically consistent modeling of load uncertainties. 
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Figure 1. A standard approach involves discretizing the continuous probability distribution of the load forecast error into seven intervals. 
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Figure 2. The roulette wheel mechanism is utilized for the normalized probabilities of load forecast levels. 

3. Problem formulation 

This section develops the formulation of a multi-objective optimal planning problem for distributed energy resources. The 
proposed framework is expressed as a nonlinear programming model, allowing for the accurate representation of the complex 
interactions and constraints inherent in the planning and operation of distributed energy systems. 

3.1. Objective functions 

The economic objective function in the planning problem of DERs aims to minimize the investment and operational costs 
associated with DERs, as well as the expenses related to loss compensation services and payments for purchased power by the 
distribution company. The monetary objective function is represented by Equations (2) and (3) [21]: 
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In Equation (2), OP

kC  encompasses both fixed and variable components of operating costs. The fixed components consist of the 
costs associated with operation and maintenance, while the variable components pertain to fuel expenses. Furthermore, to 
appropriately capture the trade-off between locally generated electricity, especially the variable and emission-free power produced 
by solar and wind–based DERs, and energy purchased from the upstream grid, the emission minimization objective function is 
defined as shown in Equation (4) [21]: 
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In modern energy system planning and operation, a wide range of effective measures are available to mitigate pollutant emissions. 
These measures include shifting energy production away from fossil fuel–based technologies toward RESs, improving overall energy 
efficiency across generation and consumption sectors, adopting market-based mechanisms such as carbon taxation, and enabling 
emission trading schemes between public and private stakeholders. Such approaches provide both regulatory and economic pathways 
for controlling emissions while maintaining system performance. 

Within optimization-based planning frameworks, marginal emission abatement costs can be estimated directly from the 
optimization outcomes, offering valuable insight into the economic trade-offs associated with emission reduction strategies. In multi-
objective planning models, the weighting factors assigned to the emission-related objective function can be carefully tuned so that 
the resulting marginal abatement costs are consistent with long-term emission price targets and policy expectations defined by 
decision makers. As a result, planners are required to determine the appropriate level of clean energy deployment or procurement 
by balancing the operational and societal benefits of electricity generation against the financial penalties associated with surpassing 
allowable emission thresholds. This process enables informed decision-making that aligns environmental goals with economic 
feasibility. 

3.2. Constraints 

The objective functions associated with DER planning are optimized subject to a set of technical and operational constraints to 
guarantee realistic and feasible planning solutions. These constraints encompass limitations related to the operational capacities of 
DER units, the maximum allowable capacities of distribution substations, the thermal loading limits of distribution feeders, and the 
fundamental requirements of power balance and conservation within the network. Each of these constraints plays a critical role in 
maintaining system reliability and operational security and is described and analyzed in detail in the following subsections [21]. 

a) Operational capacity of DER: This constraint, as shown in Equation (5), refers to the maximum power output that the DER can 
deliver under normal operating conditions. It ensures that the generation from the DER does not exceed its rated capacity, which is 
crucial for maintaining grid stability and reliability. 
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(5) 

b) Distribution substation capacity: This constraint, as shown in Equation (6), defines the maximum load that a distribution 
substation can handle. It limits the total amount of power that can be supplied to the distribution network from the substation, 
ensuring that it does not exceed its designed capacity and avoiding potential overloads. 
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c) Thermal capacity of distribution feeder: This constraint, as shown in Equation (7), refers to the maximum current that a 

distribution feeder can carry without overheating. It ensures that the thermal limits of the feeder are not exceeded, which could lead 
to equipment damage or failure.   
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(7) 

d) Power balance limits: This constraint, as shown in Equation (8), ensures that the total power generated in the system equals the 
total power consumed, maintaining equilibrium in the network. It is essential for preventing over-generation or under-generation 
scenarios, which can affect system stability.   

 

     

 

, , , , , ,

1,..., , 1,..., , 1,..., ,

WT,PV,FC,MT,GT,DE ,

Loss OP

s ij s ji s ij s i k B s i

j j k

i j

P P P P S D

s NS i NB j NLB

k



  
− − +  = 

  

     

 

  

 

(8) 

4. Solution methodology 

4.1. NSHSA 

In this study, the proposed multi-objective optimization framework is addressed using the Harmony Search Algorithm enhanced 
with a non-dominated sorting mechanism. This approach is particularly well suited to distribution network expansion planning 
problems, as it retains high computational efficiency when dealing with non-convex and complex solution spaces. Moreover, one of 
its key strengths is the ability to generate the entire Pareto-optimal front within a single execution of the algorithm, eliminating the 
need for repeated runs with different weighting factors. The underlying principle of this algorithm relies on organizing candidate 
solutions into multiple hierarchical levels based on their degree of optimality. Solutions assigned to the first level represent quasi-
optimal outcomes over the entire feasible solution space, as they are not dominated by any other alternatives.  
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Subsequent levels consist of solutions that are quasi-optimal within the reduced solution space obtained after excluding solutions 
from higher-ranked levels. This ranking procedure continues iteratively, progressively categorizing solutions according to their 
relative performance across the multiple objectives. Figure 3 provides a graphical illustration of this Pareto-based classification 
process, highlighting the distribution of solutions across different optimality levels.  

As shown in Figure 3, only three Pareto levels are depicted for illustrative purposes. Once all candidate solutions are classified 
into their respective Pareto levels, a fitness value is assigned to the solutions within each level using randomly generated numbers. 
These fitness values serve as a quantitative measure for guiding the search process of the algorithm. Solutions located on the first 
Pareto level are given the highest fitness values, while progressively smaller fitness values are allocated to solutions in the subsequent 
levels. It should be noted that there is no strict rule governing the exact numerical assignment of these fitness values; the only 
requirement is that solutions in higher-ranked Pareto levels receive larger fitness values than those in lower-ranked levels, thereby 
preserving the dominance hierarchy among solutions. 

In addition to Pareto ranking, a secondary control parameter used for evaluating and ranking candidate solutions is the crowding 
distance metric. This concept is introduced to preserve diversity among solutions by measuring the density of neighboring solutions 
surrounding a particular option. Specifically, when a solution is located in a densely populated region of the Pareto front, its fitness 
value is reduced, whereas solutions situated in sparsely populated regions are favored. As illustrated in Figure 4, consider a set of 
Pareto-optimal solutions in which the (𝑖−1)th and (𝑖+1)th solutions are the immediate neighbors of the 𝑖th solution along the Pareto 
front. The crowding distance associated with the 𝑖th solution is then calculated using Equation (9), which quantifies the relative 
spacing between adjacent solutions and ensures a well-distributed and diverse Pareto front. 
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     Figure 3. Dividing options into multiple Pareto levels.                                            Figure 4. Definition of crowding distance. 
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Figure 5. The process of selecting the best vector from among the alternatives. 
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(9) 

In a bi-objective competition, solution i is considered superior to solution j if any of the following conditions are met:   
• The rank of i is lower than the rank of j (ri < rj).   
• If solution i has the same rank as j, then solution i is superior to solution j if the crowding distance of solution i is greater than 

the crowding distance of solution j (di > dj).   
Following the completion of the Pareto ranking process and the computation of crowding distances, a new population vector of 

candidate solutions is constructed. This updated set of options reflects both solution optimality and diversity and serves as the basis 
for subsequent stages of the optimization procedure. Then, using common methods employed in harmony search algorithms, new 
options are generated from this new harmony, and the previous steps are repeated. Figure 5 illustrates the process of selecting the 
superior vector from among the options. 
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According to the above figure, at the beginning of each iteration, a vector from the harmony memory (Qt) is generated using 
conventional methods of the harmony search algorithm. Then, all vectors (

t t t
R P Q= ) are sorted and divided into different levels 

of Pareto. The number of members in this combined vector is equal to 2N, where N is the number of members in the initial vector 
selected by the planner. From the vector Rt, the top N options are selected based on priority and sent to the (t+1)-th iteration, and 
this process continues until the stopping condition is met. Given the method used to form the new vector, it is evident that an elitist 
approach is employed, as suitable solutions from the previous iteration are carried over unchanged to the next iteration. The stopping 
condition can be defined in various ways, including setting a maximum number of iterations. 

Non-dominated sorting is a fundamental mechanism in multi-objective optimization frameworks. A candidate solution is regarded 
as non-dominated when no other solution outperforms it simultaneously across all objective functions. This procedure entails 
assessing an entire population of solutions and organizing them into multiple layers, or fronts, according to their dominance 
relationships. The first front comprises solutions that are not dominated by any others in the population, representing the best trade-
offs among objectives. The second front includes solutions that are dominated only by those in the first front, while remaining 
mutually non-dominating, and this hierarchical sorting continues for subsequent fronts. Such a structured classification plays a 
crucial role in directing the optimization process toward the Pareto-optimal region while ensuring sufficient diversity among the 
generated solutions. 

4.2. Harmony Search Mechanism 

The harmony search algorithm is inspired by the musical improvisation process, in which musicians collaboratively strive to 
achieve a harmonious sound by continuously tuning and adjusting their instruments based on experience, memory, and creative 
variation. In NSHSA, a harmony memory (HM) stores a set of potential solutions (harmonies), and new solutions are generated 
through a combination of existing harmonies. The generation process involves three main operations: pitch adjustment, harmony 
memory consideration, and random selection.  

1. Pitch Adjustment: This operation allows for fine-tuning of solutions by making small perturbations, helping to explore the 
solution space more thoroughly. 

2. Harmony Memory Consideration: Solutions from the harmony memory are selected based on a probability distribution, 
promoting the retention of high-quality solutions. 

3. Random Selection: Occasionally, new random solutions are introduced to maintain diversity and avoid premature convergence. 

4.3. Important Parameters 

Several parameters significantly influence the performance of NSHSA: 
1. Harmony Memory Size (HMS): This parameter determines the number of solutions stored in the harmony memory. A larger 

HMS can provide a richer set of solutions but may slow down convergence, while a smaller HMS may lead to faster convergence but 
less diversity. 

2. Harmony Memory Considering Rate (HMCR): This rate indicates the probability of selecting a solution from the harmony 
memory when generating new solutions. A higher HMCR encourages exploitation of known good solutions, while a lower HMCR 
promotes exploration. 

3. Pitch Adjustment Rate (PAR): This parameter defines the likelihood that a generated solution will undergo pitch adjustment. 
A higher PAR allows for more exploration around existing solutions, while a lower PAR may focus more on exploitation. 

4. Number of Iterations: The total number of iterations or generations affects the algorithm's ability to converge to optimal 
solutions. More iterations can lead to better results, but at the cost of increased computational time. 

5. Diversity Maintenance: Techniques such as crowding distance or niche formation can be incorporated to maintain diversity 
among non-dominated solutions in the population, preventing convergence to a single solution. 

In conclusion, the NSHSA provides a powerful and reliable framework for addressing multi-objective optimization problems 
through the seamless integration of non-dominated sorting techniques with the adaptive search mechanisms of the harmony search 
algorithm. By appropriately adjusting its control parameters and systematically applying non-dominated sorting, NSHSA is capable 
of thoroughly exploring the feasible solution space and producing a well-distributed set of Pareto-optimal solutions that clearly 
reflect the inherent trade-offs among competing objectives. 

4.4. Fuzzy decision-making 

Fuzzy-based decision-making offers a practical and flexible framework for managing multi-objective problems, especially in 
situations where objectives are inherently conflicting and subject to uncertainty. In the context of multi-objective optimization, 
decision-makers are frequently confronted with the difficulty of choosing a single preferred alternative from a collection of Pareto-
optimal solutions, each of which embodies a different balance among competing objectives. Fuzzy decision-making provides a 
framework to incorporate subjective preferences and imprecise information into the decision-making process. By utilizing fuzzy 
logic, decision-makers can express their preferences more flexibly, allowing for the representation of vague or ambiguous criteria 
that may not be easily quantifiable. This is particularly important in multi-objective scenarios where stakeholders may have differing 
priorities or values. To select a satisfactory solution from the Pareto front using fuzzy decision-making, decision-makers can define 
fuzzy membership functions for each objective, reflecting their level of satisfaction with different outcomes. These functions help to 
evaluate and rank the Pareto-optimal solutions based on how well they align with the decision-makers' preferences. 
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The incorporation of fuzzy logic allows for a more nuanced understanding of trade-offs and helps to identify solutions that are 
acceptable to all planners involved. Ultimately, fuzzy decision-making facilitates a collaborative approach, ensuring that the selected 
solution not only meets the objectives but also resonates with the diverse perspectives of all stakeholders, leading to a more widely 
accepted and robust decision. 

To determine the most appropriate compromise solution from the Pareto-optimal set produced by the NSHSA method, a fuzzy-
based decision-making strategy is applied. Within this framework, a linear fuzzy membership function is constructed for each 
objective of the multi-objective optimization model. For objective functions formulated as minimization problems, the corresponding 
membership function is expressed according to Equation (10) [21]: 
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For objective functions formulated with a maximization goal, the associated fuzzy membership function is defined as given in 
Equation (11). 
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In this framework, k

if and k

i represent the value of the 𝑖th objective function and its associated membership degree for the 
𝑘th Pareto-optimal solution, respectively. The membership function quantifies the level of satisfaction or desirability of the 𝑖th 
objective within the corresponding Pareto solution. The comprehensive membership degree of the 𝑘th Pareto-optimal solution, 
denoted by 𝜇𝑘, is obtained by combining its individual objective membership values in accordance with Equation (12) [21]: 
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(12) 

The weight factors wᵢ utilized in Equation (12) play a crucial role in the decision-making process. For the multi-objective DER 
planning problem, these weight factors can be determined by the distribution company according to the significance of both 
monetary costs and emissions. The Pareto solution that exhibits the highest membership function k is deemed the most favorable 
option based on the selected weight factors, and therefore, it is chosen as the final solution to the multi-objective optimization 
problem. 

5. Numerical results 

5.1. 9-Node primary distribution system 

This paper reports simulation outcomes obtained from a 9-node primary distribution benchmark network. The structural layout 
of the test system is depicted in Figure 6. The network consists of a single 132 kV/33 kV substation situated at node 9, which has a 
rated capacity of 40 MVA and supplies eight aggregated load points connected to nodes 1 through 8 under normal operating 
conditions. 
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Figure 6. The 9-bus test distribution network. 
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The numerical simulations conducted for this test system utilize data sourced from [25]. A peak load of 51.1 MVA is projected 
and must be accommodated. Six different types of DERs are considered in the analysis, including wind turbines, photovoltaics, fuel 
cells, micro turbines, gas turbines, and diesel engines. The specifications for these DERs are derived from [21], and they are detailed 
in Tables 1 and 2. 

To construct representative scenarios for load demand and electricity prices, the procedure described in Section 2 is applied. In 
this study, the electricity market price during peak load hours is assumed to be fixed at 70 USD per MWh. Furthermore, for all 
subsequent simulation cases, the system power factor is considered to be unity in order to simplify the analysis and focus on active 
power exchanges. At the initial stage of the assessment, the emission factor corresponding to electricity purchased from the upstream 
grid is assumed to be insignificant. 

To extract the set of Pareto-optimal solutions, the NSHSA is executed using the following parameter settings: harmony memory 
size (HMS) equal to 40, harmony memory consideration rate (HMCR) of 0.99, pitch adjustment rate (PAR) of 0.001, and a maximum 
iteration number 𝑁of 200. The obtained non-dominated solutions are presented in Figure 7, which clearly illustrates the trade-off 
relationship between the economic objective and the environmental objective, highlighting the balance between cost minimization 
and emission reduction. 

The Pareto optimal solutions presented in Figure 7 indicate that a reduction in daily emissions correlates with an increase in the 
total cost of DER planning, and conversely, an increase in emissions results in lower planning costs. This suggests that the adoption 
of clean DER technologies aimed at reducing emissions will lead to higher overall DER planning costs. The overall cost associated 
with DER planning is observed to vary between 163.02 and 225.025 million USD across the set of Pareto-optimal solutions. The 
normalized fuzzy membership function defined in Equation (12) provides a systematic tool to support decision-makers in identifying 
the most appropriate compromise solution among these alternatives. It should be emphasized that the weighting coefficients used in 
the fuzzy membership aggregation can be flexibly adjusted to reflect the relative importance assigned to each objective by the 
decision-maker. One commonly adopted approach for determining such weights is the analytical hierarchy process (AHP). 
Nevertheless, in the present analysis, equal importance is assigned to the economic and environmental objectives, resulting in 
weighting factors of 𝑤1 = 𝑤2 = 0.5. 

 
 

Table 1. Data of six DG technologies. 
DG Unit size (kW) Installed capacity Limit (kW) Investment cost ($/kW) Operation cost ($/kWh) 

DE 1000 2000 500 0.045 

FC 1500 3000 3500 0.050 

GT 1000 4000 1000 0.040 

MT 200 2000 1500 0.050 

PV 100 2000 5000 0.005 

WT 1000 4000 4500 0.010 

 
Table 2. Emission of pollutant rates of six DG technologies. 

DG NOX (kg/kWh) SO2 (kg/kWh) CO2 (kg/kWh) CO (kg/kWh) PM10 (kg/kWh) 
DE 0.00213 0.00125 0.625 0.0028 0.00036 
FC 0.000015 0.000024 0.447 0 0 
GT 0.00029 0.000032 0.625 0.00042 0.000041 
MT 0.0002 0.000037 0.725 0.00047 0.000041 
PV 0 0 0 0 0 
WT 0 0 0 0 0 
Grid 0.0022952 0.0035834 0.92125 - - 

 
Figure 7. Pareto front of case study. 
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By applying the fuzzy decision-making framework described in Equation (12) with equal weights for both objectives, the optimal 
compromise solution for DER planning is obtained, as reported in Table 3. For this selected solution, the total economic cost, 
encompassing investment and operational expenditures of DER units, electricity procurement costs, and network energy losses, is 
estimated to be 185.6 million USD. Simultaneously, the corresponding environmental performance is evaluated at 13.1 tons per 
hour, reflecting a balanced trade-off between economic efficiency and emission mitigation. 

      To demonstrate the effectiveness of the proposed method, a comparison is made with the NSGA II (population size=300, 
Mutation rate=0.95, crossover rate=0.8) and NSPSO (number of particles=300, cognitive learning rate= 1.5, social learning 
rate=1.1, inertia weight=0.85) methods, as illustrated in Figure 8. For evaluating the Pareto solutions of the multi-objective 
methods, two indices are employed: the diversity measure and the ideal distance mean. The first index, as defined in Equation (13), 
indicates the diversity of the solutions; a larger value signifies better diversity. The second index, according to Equation (14), reflects 
the quality of the solutions in relation to their proximity to the average optimal solution, where a smaller value indicates superior 
quality of the Pareto solutions. 
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In this context, N represents the number of Pareto solutions, M denotes the number of objective functions, j

if  is the value of 
the objective function i for solution j, and ,i mf  indicates the average value of the Pareto solutions for objective function i. Table 4 
presents a comparison of the proposed method's solutions with those obtained from the mentioned algorithms. As shown in Table 4, 
the parameters for the proposed method outperform those of the other algorithms, demonstrating the effectiveness of the proposed 
approach . 

 
Figure 8. Pareto solutions of other algorithms used in solving the applied multi-objective model. 

 
Table 3. The best compromised solution. 

 Type, size (MW), and location of planned DERs 
 WT PV FC MT GT DE 
Total planned capacity 2,1 1,1 - - 3,1,1,1,1,1,1,2 2,2,2,2,2,2,2,2 
Bus 1,7 1,7 - - 1,2,3,4,5,6,7,8 1,2,3,4,5,6,7,8 

 
Table 4. Comparison of the parameters of diversity size and ideal mean distance in the multi-objective model. 

Ideal mean distance Diversity size Algorithm 

59.3277 163.312 NSHSA 

60.6121 161.987 NSPSO 

61.8124 161.691 NSGA-II 
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5.2. A real distribution system in Iran 

The effectiveness of the proposed methodology is further demonstrated through its application to a real-world segment of the 
Iranian distribution power system, where it is used to compare the existing historical expansion strategy with a newly developed 
expansion plan derived from the proposed framework. A simplified schematic of the selected portion of the Iranian 20 kV distribution 
network is presented in Figure 9. 

The studied system consists of a single distribution substation, 72 distribution lines, and 47 network nodes. The planning problem 
is formulated over a five-year horizon, during which a total load increase of 15% is anticipated. One candidate distribution substation 
with a rated capacity of 4 MVA is available for potential installation, while all existing feeders are considered eligible for either 
reinforcement or new construction, depending on the planning outcomes. As indicated in Figure 9, four candidate sites for distributed 
generation installation are identified and labeled as “a,” “b,” “c,” and “d.” 

For the purposes of this case study, several system parameters are specified. The power factor is assumed to be 0.992, the system 
base power is set to 100 MVA, the discount rate is taken as 10%, and the electricity price is fixed at 0.07 USD per kWh. In addition, 
the thermal capacities of the lines connecting nodes “a”–“b,” “b”–“c,” and “c”–“d” are each assumed to be 4 MW. Additional technical 
and network-related data for this distribution system are available in [10]. The resulting optimal expansion plan obtained using the 
proposed approach is summarized in Table 5. 
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Figure 9. Single-line diagram of part of the 20 kV distribution network. 

Table 5. Optimal expansion planning for system (6). 
Node DG Type, size, and location of planned DGs 

WT PV FC MT GT DE 
a OG* 2000 - - - - 1000 
 PC* 2×1000 - - - - 1×1000 
        
b OG - - - - - - 
 PC - - - - - - 
        
c OG - - - - - 2000 
 PC - - - - - 2×1000 
        
d OG - - - - - 1000 
 PC - - - - - 1×1000 
        
Investment cost (M$): 11                     
Operation cost (M$): 8.7864       
Cost of purchased power (M$): 0.0025     
Pollution (ton/h): 2.4262       
Losses (p.u.): 0.011227       
Losses without DGs: 0.001154       
* OG: operating generation       
* PC: planned capacity       
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6. Conclusion  

In conclusion, this paper introduces a novel probabilistic multi-objective framework for optimizing DERs in distribution electricity 
networks. It utilizes nonlinear programming to address the needs of distribution companies in a competitive market, balancing 
monetary costs and pollutant emissions while managing uncertainties in electrical load and market prices. The model employs an 
NSHSA for efficient solution exploration, combining non-dominated sorting with harmony search to enhance multi-objective problem 
management and ensure a diverse set of solutions representing the Pareto front. Key contributions include a scenario-based approach 
for uncertainty management, simultaneous consideration of various DER types, and a fuzzy decision-making method for identifying 
optimal compromise solutions from the Pareto set. Overall, the framework demonstrates effectiveness and potential applicability in 
real-world scenarios, advancing multi-objective optimization techniques in the energy sector. 

Nomenclature 
i, j Index for buses 
k Index of DERs technologies  
m Index of gaseous emissions 
s Index of scenarios 
n Index of substations 
t Index of times 
np Number of randomly generated price samples 
nc Number of members at cluster c 
nr Number of clusters 
NB Total number of buses 
NLM Total number of load buses 
PM The probability of each price reduction scenario 
SB Base kVA of the network 

MAX

ijP
 

The thermal capacity of the feeder that connects bus i to bus j 
CAP

kP
 

The capacity limit associated with the kth DER technology 
Ps,ij The power flow within the feeder that links bus i to bus j during scenario s 
f1, f2 The monetary and environmental objective functions, respectively 

max min,i if f
 

The maximum and minimum values of the objective function i, respectively 

,

DER

k mE
 

The emission factor for type m in the kth DER technology 
G

mE
 

The emission factor for type m related to electricity sourced from the grid 
Ds,i The demand present at the ith load bus during scenario s 
d The applicable discount rate 
cos

 The power factor of the overall system 
OP

kC
 

The operational cost associated with the kth DER technology 
INV

kC
 

The investment cost linked to the kth DER technology 

,

Loss

s ijP
 

The total power loss occurring in the feeder that connects bus i to bus j during scenario s 

, ,

OP

s i kP
 

The operational generation of the kth DER technology at bus i in scenario s 

,

PP

s nP
 

The power purchased from substation n in scenario s 
SS

nP
 

The power output of the distribution substation 
SS MAX

nP −

 
The capacity limit of the distribution substation 

Vs,i The voltage level at bus i in scenario s 
Zij The impedance of the feeder that connects bus i to bus j 

s  The electricity market price during scenario s 

s  The probability associated with each scenario 
k

i  
The membership function corresponding to the ith objective function in the kth Pareto optimal solution 

k
 

The overall membership function for the kth Pareto optimal solution 
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A  B  S  T  R  A  C  T  

In this study, a hybrid microbial fuel cell–electrokinetic remediation system (MSRC) was developed 
to remediate soil contaminated with hexavalent chromium while simultaneously generating 
bioelectricity. Two configurations were compared: MSRC-1 with plain graphite electrodes and 
MSRC-2 with graphite electrodes modified using activated carbon granules. The results 
demonstrated that electrode modification significantly enhanced biofilm development and electron 
transfer, leading to higher system efficiency. MSRC-2 achieved an open-circuit voltage of 641 mV, 
a maximum power density of 4.21 W/m³, and 83.5% COD removal, compared to 406 mV, 1.23 
W/m³, and 62.3% in MSRC-1. Chromium migration toward the cathode was also more effective in 
MSRC-2, reducing soil concentrations to 68–99 µg/g. These findings highlight the novelty of 
integrating activated-carbon-modified electrodes into a microbial fuel cell–electrokinetic system, 
offering an efficient and environmentally friendly approach for simultaneous energy recovery and 
in-situ remediation of Cr (VI)-polluted soils. 

1. Introduction

The discharge of wastewater containing heavy metals into receiving waters generally results in physical, chemical, and biological
alterations in the environment [1,2]. The nature and extent of these changes depend largely on the type and concentration of heavy 
metals present in both the water and soil [3]. Due to their toxicity, these metals pose significant threats to the health of living 
organisms [4]. Furthermore, because these compounds cannot be degraded by microorganisms in soil, they persist for extended 
periods, making their removal from aquatic environments crucial [5].  The heavy metal chromium is widely distributed in soil, 
sediment, water, and biological materials and is considered a serious hazard to them [6-10]. The main source of chromium entering 
the environment is the output of metal plating processes, textile and paint industries, leather manufacturing, and its direct disposal 
[11,12]. Chromium exists in two forms in soil: trivalent chromium and hexavalent chromium [13]. Trivalent chromium is essential 
for the body in small amounts, but it has been shown that hexavalent chromium has carcinogenic effects in living organisms [14]. 
According to studies by Costa and Klein in 2006 and also by Owlad et al. in 2009, it has been shown that trivalent chromium can be 
converted to hexavalent chromium by oxidation and may accumulate in aquatic habitats through bioaccumulation processes [15,16]. 
Therefore, chromium removal is very critical for human health and the environment. Various soil remediation technologies have 
been developed to remove this contaminant based on physicochemical, thermal, and biological methods [17]. One of the 
physicochemical reduction techniques is the electrokinetic remediation method. Electrokinetic remediation is a well-known 
environmental method for removing contaminants from porous matrices with low permeability, soils, sediments, and wastes [18]. 
In this technique, organic materials and heavy metals are removed from the contaminated environment or transferred to another 
place using a weak electric field through various charge transfer mechanisms, charged particle operations, and the effects of electric 
potential on fluid transport within the pores of the media [19]. 
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However, the high consumption of electrical energy is one of the limitations of the electrokinetic method in soil and sediment 
remediation [20]. Also, electrolytic reactions near the electrodes cause changes in the pH of the soil, such that the pH near the anode 
decreases sharply and increases sharply near the cathode [21]. This can cause a cemented zone near the cathode electrode and 
greatly slow down the migration of pollutants there [17]. For this reason, researchers have sought to provide useful methods 
combined with the EKR method to reduce the costs of electricity consumption in the process and, by controlling the pH, prevent 
cementation conditions and interruption of electroosmosis flow in the cathode zone, and simultaneously remediate contaminated 
soil or sediment. 

Among the methods combined with EKR, solar energy and microbial fuel cells can be mentioned [20, 22-25]. In recent years, 
microbial fuel cells have been proposed as an emerging technology in the production of clean water [26-28] and green energy 
[28,29] using waste materials and have provided a new way to use renewable and low-cost energy sources [30-32]. The main 
obstacle in the microbial fuel cell process is the high cost of the materials used in its construction [33]. Since the shape and design 
of the electrodes are key factors in reducing the price of the electrode material, many efforts have been made to provide cheaper 
electrode materials and higher energy output [34-36]. Carbon materials are considered one of the most suitable options for electrodes 
in microbial fuel cells due to their high chemical resistance, low cost, and sufficient electrical conductivity [36]. It is noteworthy 
that the efficiency of the microbial fuel cell is increased by optimizing the formation of biofilm on the electrode, increasing the rate 
of organic matter decomposition, and electron transfer between the bacteria and the anode electrode. Achieving all of the above is 
possible by modifying the electrode surface and has become a new research field among researchers [37-39]. The first concept of a 
three-compartment microbial fuel cell design with an electrokinetic process for the purification of vegetable garden soil was proposed 
by Chen et al. in 2015, which resulted in the removal of 25% and 18% of zinc and cadmium metals, respectively [40].  

Considering the challenges in the electrokinetic remediation process, including high energy consumption, severe pH changes in 
the vicinity of the electrodes, and reduced process efficiency due to phenomena such as the formation of a cement zone near the 
cathode, the need to utilize new and combined technologies to improve the efficiency and sustainability of the remediation process 
is increasingly felt. In the meantime, the use of microbial fuel cells as a renewable and low-cost energy source has opened a new 
horizon in the development of environmental cleaning technologies. These systems, with the ability to simultaneously utilize organic 
materials in the environment to generate electricity and remove pollutants, have paved the way for the design of more efficient 
combined processes. Considering the potential of microbial fuel cells in providing the energy required for the electrokinetic process, 
and on the other hand, the lack of comprehensive studies on the combination of these two technologies in removing heavy metals 
from contaminated soil, investigating and evaluating the efficiency of combined remediation systems under real conditions is 
considered an important research gap.  According to the findings of the researchers of this study, no study has been conducted so 
far in the field of contaminated soil cleaning using a combined method of microbial fuel cell and electrokinetic. This study is 
conducted to remediate chromium-contaminated soil using an integrated Microbial–Soil–Remediation Coupled system (MSRC), as a 
novel hybrid approach. Also, in the present study, the performance of the combined MSRC process using three different electrodes, 
plate graphite, scratched plate graphite, and a combination of plate graphite and activated carbon granules as electrodes, was 
compared. The results of this study can be presented as a new technique for in-situ remediation of soil contaminated with heavy 
metals in coastal areas. 

2. Materials and Methods 

2.1. MSRC reactor structure 

Figure 1 illustrates the schematic of the MSRC reactor, which is constructed from Plexiglas and consists of three equal-sized cubic 
chambers. The first chamber, known as the anode chamber, contains the wastewater; the middle chamber holds the contaminated 
soil sample; and the third chamber, referred to as the cathode chamber, is filled with distilled water and a phosphate buffer solution. 
Two ion exchange membranes (Anion exchange membrane and a cation exchange membrane) are used to separate the middle 
chamber from the other two chambers. In this study, two MSRC reactors with numbers 1 and 2 were used. A smooth graphite 
electrode was used in the anode chamber of reactor number 1. The dimensions of the anode and cathode electrodes were selected 
to be 3×3×0.5 cubic centimeters. The useful dimensions of the side and middle chambers were 3×5×5 cm3 and 4×5×5 cm3, 
respectively, in length, width, and height. A piece of titanium wire was used to connect each of the electrodes and place them in the 
circuit.  

 
Figure 1. Schematic of MSRC in this research. 
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In order to start the MSRC reactor, the anode chamber was fed with a volumetric mixture of 50% anaerobic sludge obtained from 
the Borujerd city wastewater treatment plant as the inoculum and 50% synthetic wastewater. The specifications of the synthetic 
wastewater used in the system are shown in Table 1. 

2.2. Soil Sampling and Characterization 

The soil used in the study was obtained from the Silakhor Plain agricultural region in Lorestan Province. This plain, with an area 
of approximately 377 square kilometers, is located between longitude 48 ֯ 28֞ to 49 ֯30 ֞ east and latitude 33 ֯ 15 ֞ to 34 ֯ 10 ֞ north, 
southeast of Borujerd. After visual inspection and field observations,10 topsoil samples were collected from all parts of the plain 
from a depth of 0-10 cm. The location and number of sampling points in the study area are shown in Figure 2. 

Then, after drying in the open air, the soil samples were passed through a No.200 sieve and then subjected to physical and 
chemical tests. The chemical characteristics of the studied soil are presented in Table 2. An amount of 265 g of oven-dried soil was 
introduced into the reactor’s middle chamber and compacted layer by layer in three stages to ensure uniform density. After the 
reactor parts were fully assembled, deionized water was introduced into the reactor through a hole in the top of the middle chamber. 
This operation was repeated once a week during the test period to keep the chromium-contaminated soil moist. The reactor was 
operated under discontinuous feeding conditions throughout the entire commissioning period. The anolyte was drained from its 
chamber every 4 days to maintain the appropriate level of nutrients. This process was also performed to replace the catholyte. After 
achieving stable electrical potential changes, the MSRC reactor operated for two more cycles. All tests were performed at room 
temperature. It should be noted that the average time for cleaning the chromium-contaminated soil was 78 days for each of the 
reactors. 

3. Analysis and Calculation Methods 

The pH of the solutions was measured and recorded daily using a pH meter (HI6221, HANNA, USA). The chromium concentration 
in the soil was measured using an inductively coupled plasma emission spectrometer (ICP-OES, Optima 5300DV, Perkin Elmer, US). 
The chromium reading and measurement method was performed according to standard methods [41]. The power density of the 
MSRC reactor presented in this study is obtained using Equation (1). 

 
P = V × I/ν (1) 

 

 
Figure 2. Silakhor plain (location and borders). 

Table 1. Specifications of sewage [28]. 
Chemical Amount )grams  ( per liter of distilled water 
CH3COONa 1.6 
K2HPO4 1.07 
KH2PO4 0.53 
NH4Cl 0.15 
NaCl 0.5 
MgSO4 0.015 
CaCl2 0.02 
Yeast extract 0.1 

Table 2. Chemical characteristics of the studied samples. 
 pH CEC EC 
Unit - cmolc/ kg dS/m 
Amount 7.6±0.28 18.28±4.3 0.16±0.04 
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The resulting electric current is calculated according to Ohm's law from Equation (2): 
 

I = V/R                           (2) 
In these relations, V is the potential difference recorded by the data logger in volts, R is the external resistance in ohms, and ν is 

the useful volume of the anode chamber in liters. The polarization curve was obtained based on the studies of Watson et al. to 
determine and calculate the internal resistance and also the maximum power density [42]. The reactor voltage was recorded every 
20 minutes using a comprehensive information system with the model (AEP-DG40-WiFi, Universal, Iran). The Coulombic efficiency 
(CE) was calculated in Equation (3). 

 
𝐶𝐸 = (

∑ 𝐼𝑖𝑡𝑖
𝑛
𝑖=1

𝐹𝑏𝑉𝐶𝑅
⁄ ) ×𝑀 × 100% (3) 

 
In the equations presented, F is the Faraday constant, b is the number of moles of electrons produced per mole of substrate 

consumed (24 moles of electrons are produced per mole of glucose oxidized under anaerobic conditions), S is the concentration of 
the substrate used, and M is the molecular mass of the substrate consumed. COD was measured in triplicate and daily (every 24 
hours) according to methods extracted from the standard method and using a spectrophotometer model (Hach DR 6000, USA) at a 
wavelength of 600 nm [43]. At the end of the experiments, the different parts of the reactor were separated from each other, and 
the soil sample, electrodes, and activated carbon granules (if present in the experiment) were stored in appropriate conditions for 
other examinations and measurements. The modified soil was stored in a refrigerator at 4 ֯C. 

4. Results and Discussion 

4.1. Power and Current Generation 

In the present study, a mixture of synthetic wastewater and aerobic-anaerobic sludge from a municipal treatment plant was used 
as feed (substrate) in the reactors. The highest OCV values were obtained in MSRC-1 and MSRC-2 reactors, with values of 641±12 
mV and 406±34 mV, respectively, as shown in Figure 3. When the open circuit voltage showed a stable performance, the operation 
of two more cycles was continued. Then, the polarization and power density curves were measured and plotted at 20-minute intervals 
using external resistors of 50000 to 10 Ohms (resistor box) that were closed on the circuit [42]. From these curves and the 
polarization gradient, the internal resistance of the reactor is obtained [44]. According to the information obtained from the 
polarization curve of the MSRC-1 reactor, the highest power density obtained was 4.21 W/m3, which showed a better performance 
compared to the MSRC-2 reactor, with the highest power density of 1.23 W/m3 (Figure 4). The comparison between the highest 
power production of the two reactors shows that the type of anode electrodes can be effective in improving the performance of the 
reactors. The results clearly indicate that reactor number 2, due to the presence of activated carbon granules and having a large 
surface area for the establishment of microorganisms and creating a suitable shelter for them, has caused the formation of a suitable 
biofilm on it [45]. Biological systems of adhesive growth with activated carbon granules are known as the biological activated carbon 
process [46]. In fact, the combination of surface adsorption and biological removal of organic matter led to the production of higher 
power in reactor number (2). Figures 3 and 4 show the power density and polarization curves. 

 

 
Figure 3. Power density curve of reactors. 
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Figure 4. Polarization curve of reactors. 

4.2. pH changes in soil samples 

After transporting the soil sample to the laboratory and preparing it, the initial pH of the soil was measured, which was 6.8±0.2. 
After the test period in two reactors, the pH changes in the chromium-contaminated soil were measured from the anode area to the 
cathode area. According to the results obtained, during the cleaning operation of the chromium-contaminated soil, the pH in the 
anode area was acidic and reached 6.11±0.04. This is while the cathode area was basic and had a pH of 8.6±0.2. According to the 
results of other researchers, acid is produced in the anode area and in the cathode area, and it is regenerated. Therefore, the pH at 
the anode decreases and increases at the cathode [47]. In general, the electrolysis process leads to alkalization and acidification of 
the soil, respectively, near the cathode and anode, and the production of H+ at the anode and OH- at the cathode [21]. H+ ions 
are transported by electroosmosis and electromigration processes, while OH- moves in the opposite direction and towards the anode. 
It should be noted that the mobility of H+ ions is 1.76 times higher than that of OH- ions. The migration of H+ and OH- from the 
anode and cathode along the contaminated soil sample as soon as an electric current is applied leads to dynamic changes in the pH 
of the soil [47]. In general, pH is one of the important and influential parameters in the mobility of heavy metals [48]. During the 
process of H+ movement in the sample, heavy metal desorption occurs, although with the presence of OH- and the formation of 
metal hydroxides such as Cr(OH)3 and their deposition in the sample, their mobility decreases [20,49]. During the implementation 
of the electrokinetic process for heavy metal removal, it is vital and essential to maintain an acidic pH throughout the soil sample 
and prevent the formation of metal hydroxides and the trapping of metals in the pores of the contaminated soil. Oxygen in the 
cathode chamber is reduced and produces water by consuming protons [50]. As a result of the consumption of protons in the oxygen 
reduction process, the proton transfer rate along the sample decreases and may cause the precipitation and trapping of chromium in 
the sample [10]. The results of this study also show that in both reactors, MSRC-1 and MSRC-2, the pH at the anode decreased and 
increased at the cathode. The increase in pH in both reactors is shown in Figure 5. The largest pH changes were observed in the 
MSRC-2 reactor. In fact, the pH changes in reactor number 2 are influenced by the electrochemical operations inside the cell and 
anaerobic respiration of microorganisms, the formation of more biofilm attached to the activated carbon granules and the electrode, 
and also the increase in the electron exchange rate between the GAC and the electrode [36,51]. In the case of reactor number 1, due 
to the smoothness of the graphite surface and less biofilm formation on it, resulting in reduced anaerobic respiration of bacteria, the 
rate of electron exchange was lower and therefore the pH changes were lower than in the previous two reactors. 

 
Figure 5. Relationship between pH and distance from the anode. 
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4.3. Chromium migration 

The results of this study confirm the electrokinetic migration of chromium within the soil matrix under the electric field generated 
by the microbial fuel cell. As shown in Figure 6, the distribution of chromium across different sections of the soil sample after 
remediation by the MSRC system is compared to the initial concentration of 320 µg/g. Soil sampling was performed at 1 cm intervals 
along the length of the reactor. The observed trend clearly shows that chromium ions migrated from the anode region toward the 
cathode region, with some ultimately entering the catholyte solution. This is evident from the gradual increase in chromium 
concentration from the anode to the cathode side of the soil sample [10]. 

In this study, the soil concentration in the cathode area decreased to 132.45 µg/g and 99.1 µg/g in reactors 1 and 2, respectively. 
Also, the chromium concentration in the cathode region of both reactors reached 87.55 µg/g and 68 µg/g, respectively, and indicates 
its migration from the soil sample. Considering the presence of chromium in the catholyte (cathode chamber), it can be concluded 
that chromium migration from the soil sample has taken place.  

4.4. COD Removal and Coulombic Efficiency in MSRC Reactor 

The results of COD removal in the reactors of the present study are presented in Figure 7. Each MSRC reactor was initially 
operated in an open circuit mode and discontinuously, and after obtaining three suitable cycles in a closed-circuit mode. The highest 
COD drop in the 4-day operating time intervals was from 344.32±22.35 to 763.81±30.14 mg/L, respectively. The organic matter 
in the anolyte chamber of the reactors is consumed by the microorganisms present in it. The microorganisms form biofilms on the 
electrode as well as the activated carbon granules and cause the transfer of the released electrons to the electrode through the 
existing circuit. Activated carbon granules are mainly used for the removal of natural organic matter (NOM) and synthetic organic 
compounds (SOCs) [46]. A comparison of COD removal efficiencies in the two reactors shows that the low COD removal rate in the 
initial days of operation could be due to the growth of methanogenic bacteria that occurs in the presence of high substrate 
concentrations. However, the COD removal rate gradually increases as a result of the adaptation of bacteria in the system [39]. In 
this study, the comparison of COD removal rates clearly shows the relationship between the microbial population in the anode 
compartment and the COD removal rate. In fact, the increase in the anaerobic microbial population causes more electron release 
and consequently increases the cell voltage. The highest COD removal efficiencies were obtained in reactors 1 and 2 at 4-day HRTs 
of 62.28% and 83.45%, respectively. The results show that in reactor number 2, due to the presence of activated carbon granules 
and the provision of a more suitable substrate for creating a biofilm on it and creating ideal conditions for reducing the substrate, 
the COD removal efficiency was higher than in reactor 1. Also, the Coulombic efficiency obtained from the reactors is evidence of 
the number of electrons obtained from the substrate to produce an electric current. 

 
Figure 6. Chromium concentration ratio (C/C0) along the contaminated soil sample. 

 
Figure 7. COD removal efficiency over time in reactors 1 and 2. 
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5. Conclusion 

In the present study, the removal of the heavy metal chromium from contaminated soil and the impact of varying anode electrode 
operating conditions on the efficiency of the MSRC system were investigated. The results from reactors No. 1 and 2 indicated that 
pH levels decreased near the anode and increased near the cathode in both systems. The highest pH changes were observed in the 
MSRC-2 reactor, which was a result of electrochemical operations inside the cell and the formation of more biofilm adhering to the 
activated carbon granules and the electrode, as well as an increase in the electron exchange rate between GAC and the electrode. In 
the case of reactor No. 1, due to the smoothness of the graphite surface and the formation of less biofilm on it, the electron exchange 
rate was lower, and therefore the pH changes were lower than in the previous reactor. The highest OCV values were obtained in 
MSRC-2 and MSRC-1 reactors, with values of 641±12 mV and 406±34 mV, respectively. According to the information obtained 
from the polarization curve of the MSRC-2 reactor, the highest power density obtained was 4.21 W/m3, which showed better 
performance compared to the MSRC-1 reactor, with the highest power density of 1.23 W/m3. The comparison between the highest 
power production of the reactors shows that the type of anode electrodes can be effective in better performance of the reactors. Also, 
the research findings showed that the highest COD removal efficiency in 4-day HRTs was 78.75% and 72.96%, respectively, which 
indicates a more favorable performance of reactor number 2 compared to reactor number 1. Previous studies did not report COD 
removal efficiency under comparable MSRC operating conditions, highlighting the novelty of the present work. The use of activated 
carbon granules, due to the creation of a suitable substrate for bacteria to settle and anaerobic respiration, as well as electron transfer, 
can be a very good option for increasing the efficiency of microbial fuel cell systems. The results also showed that the use of a 
combined microbial fuel cell and electrokinetic process method can be considered as an environmentally friendly method due to the 
favorable results in cleaning chromium-contaminated soil. 
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A  B  S  T  R  A  C  T  

Photovoltaic (PV) systems have become indispensable in the renewable energy landscape, 
harnessing the sun’s abundant and clean potential. However, their efficiency is often compromised 
by low conversion rates, particularly under partial shading conditions (PSC). This study introduces 
a novel quadratic spline-based maximum power point tracking (QS-MPPT) technique to optimize 
PV array performance under both uniform irradiance and PSC. Unlike conventional methods such 
as Perturb and Observe (P&O) or Incremental Conductance (INC), which struggle to pinpoint the 
global maximum power point (GMPP) amid the multi-peak power-voltage (P-V) curves typical of 
PSC, QS-MPPT employs a straightforward quadratic interpolation approach. By leveraging a 
minimal set of sampled points, this method rapidly and accurately locates the GMPP, ensuring 
stability without oscillations around the operating point. Simplicity of the proposed method also 
makes it ideal for implementation on cost-effective microcontrollers, broadening its practical appeal 
for real-world PV applications. The efficiency of the proposed method is shown by the time domain 
simulation in the MATLAB/SIMULINK environment and implementation in the form of a processor-
in-the-loop (PIL). Through MATLAB simulations, QS-MPPT performance is evaluated and compared 
with MPPT techniques like P&O, Particle Swarm Optimization (PSO), and Flower Pollination 
Algorithm (FPA) in three- and four-peak PSC scenarios, where the proposed method shows higher 
accuracy and faster convergence. 

1. Introduction

The urgent global shift toward renewable energy has positioned photovoltaic (PV) systems as a cornerstone of sustainable power
generation, capitalizing on their clean, abundant, and inexhaustible nature [1]. Solar energy offers a promising alternative to fossil 
fuels, reducing greenhouse gas emissions and dependency on finite resources, yet its widespread adoption is hindered by inherent 
limitations in energy conversion efficiency [2]. One of the most significant challenges arises under partial shading conditions (PSC), 
where non-uniform irradiance caused by obstacles such as buildings, trees, or clouds disrupts the uniform performance of PV arrays 
[3]. This disruption leads to a complex power-voltage (P-V) characteristic, marked by multiple peaks, which complicates the 
identification and tracking of the global maximum power point (GMPP), which is critical for optimal energy harvest [4]. 
Traditional maximum power point tracking (MPPT) techniques, such as Perturb and Observe (P&O) and Hill Climbing (HC), and 
improved methods [5,6] have been widely employed due to their simplicity and effectiveness under uniform sunlight [7]. However, 
these methods falter in PSC scenarios and frequently converge to local maximum power points (LMPPs) rather than the GMPP, 
resulting in substantial energy losses [8]. The inability of these conventional approaches to adapt to varying environmental 
conditions has spurred extensive research into more robust solutions [9]. Among these, advanced meta-heuristic algorithms like 
Particle Swarm Optimization (PSO) have gained attention for their ability to navigate multi-peak P-V characteristics by simulating 
swarm behavior to locate the GMPP [10]. Similarly, the Flower Pollination Algorithm (FPA) draws inspiration from natural 
processes to enhance tracking accuracy under challenging conditions [11], while the Artificial Bee Colony (ABC) method mimics 
foraging patterns to achieve comparable results [12]. 
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• These techniques have demonstrated impressive performance, often achieving high precision and rapid convergence even 
in dynamic shading scenarios [13]. Despite their strengths, meta-heuristic methods come with notable drawbacks, including 
high computational complexity and resource demands, which inflate implementation costs and limit their practicality for 
widespread use, particularly in cost-sensitive applications [14]. This complexity often necessitates sophisticated hardware, 
posing a barrier to scalability in real-world PV installations [15]. Alternative approaches, such as Incremental Conductance 
(INC), aim to overcome some of these issues by relying on dynamic adjustments to track the MPP, yet they too struggle to 
identify the GMPP consistently under PSC [16,17]. Other strategies, like Golden Section Search (GSS), offer a structured 
search mechanism but lack the flexibility required for rapidly changing shading patterns [18]. Fuzzy logic-based methods 
have also been explored, leveraging rule-based systems to improve adaptability, though their effectiveness depends heavily 
on precise tuning, adding another layer of complexity [19]. In [20-22], new MPPT techniques based on the cubic spline 
method are presented, which are fast and accurate in tracking GMPP. These methods impose a large computational burden 
on the processor because they require inverting a matrix with a large number of elements to calculate the coefficients of the 
polynomials for each section of the P-V curve. This computational burden will be much higher when fitting multiple peaks 
in a multi-peak P-V characteristic in specific applications that require extracting the equivalent polynomial for all peaks. In 
response to these challenges, this paper introduces a novel quadratic spline-based MPPT (QS-MPPT) technique designed to 
balance between simplicity, accuracy, and efficiency. By employing a quadratic spline interpolation approach and 
establishing simplified equations, this method constructs a piecewise representation of the P-V curve using a minimal set of 
sampled points and provides accurate GMPP tracking without the computational overhead of meta-heuristic algorithms and 
the cubic-spline method. It does not involve over-fitting and the matrix inversions of higher-order splines, which are prone 
to ill-conditioning. The proposed technique is rigorously validated through MATLAB simulations, and its performance is 
compared with established methods such as FPA, PSO, and P&O, and its practical feasibility is demonstrated through 
processor-in-the-loop (PIL) testing using an STM32 microcontroller. Thus, the main highlights of the paper are: 

• Novel QS-MPPT algorithm: The core contribution is a new MPPT method that uses quadratic spline interpolation to model 
the complex, multi-peak P-V curve that occurs under partial shading. It rapidly estimates the GMPP using a minimal set of 
voltage and current samples. 

• Computational efficiency and simplicity: Unlike meta-heuristic algorithms (PSO, FPA) or cubic spline methods, the 
proposed quadratic approach uses simpler mathematical equations, avoiding matrix inversions and complex calculations. 
This makes it suitable for low-cost microcontrollers. It does not involve over-fitting and the matrix inversions of higher-
order splines, which are prone to ill-conditioning. 

• Fast and accurate convergence: Through simulations, the paper demonstrates that the QS-MPPT method converges to the 
GMPP faster and often more accurately than the compared methods (FPA, PSO, P&O), particularly in challenging scenarios 
with three and four peaks in the P-V curve. 

• Practical validation via PIL implementation: By validating the algorithm's feasibility through PIL testing on an STM32 
microcontroller, it is proven that the algorithm can be run in real-time on affordable and available hardware. 

The rest of the article is divided as follows. Section 2 describes the structure of the power circuit and the PIL implementation 
method. Section 3 presents the concepts of quadratic spline curve fitting and the proposed MPPT method. In Section 4, time-domain 
simulation studies and PIL testing results are presented, and finally, in Section 5, the conclusions are drawn. 

2. Power Circuit and PIL Implementation Description 

The power circuit used to obtain maximum power consists of a conventional boost converter with a series array of solar panels 
connected to its input terminal and a resistive load at its output. The PV system design strategy varies depending on the converter 
and different types of loads; different criteria for resistance loads and fixed voltage loads must be considered. The structure of this 
circuit is shown in Figure 1.  

With respect to the voltage and current gain of the boost converter, which are given in Equations (1) and (2) respectively, the 
relationship between the equivalent resistance observed from the load resistance Rout at the input of the converter Rin is expressed by 
Equation (3).  
𝑉𝑜𝑢𝑡

𝑉𝑖𝑛

=
1

1 − 𝐷
 (1) 

𝐼𝑜𝑢𝑡

𝐼𝑖𝑛

=  1 − 𝐷   (2) 
𝑅𝑖𝑛 = 𝑅𝑜𝑢𝑡(1 − 𝐷)2 ; 0 < 𝐷 < 1  (3) 

 

 
Figure 1. Power circuit for MPPT. 
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where Vout/Iout and Vin/Iin are respectively the output voltage/current and input voltage/current of the converter, and D is the duty 
cycle. Based on Equation (3), one can deduce Equation (4): 

𝑅𝑖𝑛 ≤ 𝑅𝑜𝑢𝑡  (4) 
Therefore, to extract maximum power from the solar panels connected to the input of the boost converter, the load resistance 

must be chosen large enough so that it is greater than the equivalent resistance of the solar panel when operating at MPP. Figure 2 
shows the region of the I-V characteristic of a solar panel that a boost converter can sweep at its input. 

3. Concepts of Quadratic Spline Curve Fitting and Proposed MPPT Method  

In this section, the concepts of curve fitting using a quadratic spline are first explained. In the following, the proposed MPPT 
method, derived from this curve fitting method, which can track the maximum power point in partial shading conditions in series 
solar panels and a multi-peaked P-V characteristic, is presented.  

3.1. Basic Concepts of Quadratic Spline Curve Fitting 

To better understand the quadratic spline curve fitting method, an explanation of the concepts of this method is provided on a 
hypothetical P-V characteristic shown in Figure 3. Quadratic spline interpolation defines a quadratic polynomial between two specific 
points; then, for the n sample points, n-1 quadratic functions are continuous and have first and second derivatives over the entire 
domain. For example, in Figure 3, a typical quadratic spline function connects the 5 sample points 
((𝑉1, 𝑃1), (𝑉2, 𝑃2), (𝑉3, 𝑃3), (𝑉4, 𝑃4), (𝑉5, 𝑃5)) (Equations (5) and (6)), where: 

𝑃(𝑣) = {

𝐶1(𝑣)
𝐶2(𝑣)
𝐶3(𝑣)
𝐶4(𝑣)

𝑣1 ≤ 𝑣 < 𝑣2

𝑣2 ≤ 𝑥 < 𝑣3

𝑣3 ≤ 𝑥 < 𝑣4

𝑣4 ≤ 𝑥 ≤ 𝑣5

 
(5) 

where 
𝐶𝑖(𝑣) =  𝛾𝑖(𝑣 − 𝑣𝑖)2 + 𝛽𝑖(𝑣 − 𝑣𝑖) + 𝛼𝑖    ;   𝑖 = 1,2,3,4      (6) 

According to Figure 3, for every sample 𝑣𝑖, the calculated spline function should yield 𝑃𝑖 . Then, we have Equation (7): 
𝐶𝑖(𝑣𝑖) =  𝑃𝑖   ;   𝑖 = 1,2,3,4      (7) 

 

 
Figure 2. I-V characteristic of a solar panel and the region of the boost converter sweeping. 

 
Figure 3. Hypothetical P-V characteristic and fitted quadratic spline with 5 sample points [20]. 
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Equations (6) and (7) indicate that: 
𝑃(𝑣𝑖) =  𝐶𝑖(𝑣𝑖) =  𝑃𝑖 = 𝛼𝑖     ;   𝑖 = 1,2,3,4      (8) 

On the whole interval [𝑣1, 𝑣5], 𝑃(𝑣) is continuous, so as shown in Figure 3, we have Equation (9): 
𝐶𝑖(𝑣𝑖+1) = 𝑃𝑖+1 = 𝛾𝑖(𝑣𝑖+1 − 𝑣𝑖)2 + 𝛽𝑖(𝑣𝑖+1 − 𝑣𝑖) + 𝛼𝑖     ;   𝑖 = 1,2,3,4      (9) 

By substituting ℎ𝑖 = 𝑣𝑖+1 − 𝑣𝑖, Equation (10) is given: 
𝛼𝑖 + 𝛽𝑖ℎ𝑖 + 𝛾𝑖ℎ𝑖

2 = 𝑃𝑖+1    ;   𝑖 = 1,2,3,4      (10) 
Since 𝑃(𝑣) has a continuous first derivative on the interval. Therefore, the continuity of the first derivation gives: 

  𝐶𝑖
′(𝑣𝑖+1) = 𝐶𝑖+1

′ (𝑣𝑖+1) → 𝛽𝑖+1 + 2𝛾𝑖ℎ𝑖 = 𝛽𝑖+1  
  

𝛾𝑖 =
𝛽𝑖+1−𝛽𝑖

2ℎ𝑖
      ;   𝑖 = 1,2,3,4      (11) 

By some manipulation in above equations, we have 
 𝛼𝑖 + 𝛽𝑖ℎ𝑖 + (

𝛽𝑖+1−𝛽𝑖

2ℎ𝑖
) ℎ𝑖

2 = 𝑃𝑖+1 → 𝛼𝑖 + 𝛽𝑖ℎ𝑖 + (
𝛽𝑖+1−𝛽𝑖

2
)ℎ𝑖 = 𝑃𝑖+1 → 2𝛽𝑖ℎ𝑖 + 𝛽𝑖+1ℎ𝑖 − 𝛽𝑖ℎ𝑖 = 2(𝑃𝑖+1 − 𝑃𝑖) 

Thus, Equation (12) gives 
𝛽𝑖ℎ𝑖 + 𝛽𝑖+1ℎ𝑖 = 2(𝑃𝑖+1 − 𝑃𝑖)  ;   𝑖 = 1,2,3,4                   (12) 

For simplicity, the curve 𝐶1(𝑣) is fitted to a line in the interval [𝑣1, 𝑣2]. This approximation is a proper approximation given that 
𝐶1(𝑣) lies in the linear region to the left of the peak of the P-V curve. So, we have Equation (13): 
𝛾1 = 0 (13) 

By substituting Equation (13) into Equation (11), we have Equation (14): 
𝛽1 = 𝛽2 (14) 

Now all other unknown coefficients in the quadratic spline functions in the interval [𝑣1, 𝑣5] are obtained from Equations (15)-
(18): 
 𝛽1ℎ1 + 𝛽2ℎ1 = 2(𝑃2 − 𝑃1) (15) 
𝛽2ℎ2 + 𝛽3ℎ2 = 2(𝑃3 − 𝑃2) (16) 
𝛽3ℎ3 + 𝛽4ℎ3 = 2(𝑃4 − 𝑃3) (17) 
𝛽4ℎ4 + 𝛽5ℎ4 = 2(𝑃5 − 𝑃4) (18) 

From Equations (12) and (13): 
𝛽1ℎ1 + 𝛽1ℎ1 = 2(𝑃2 − 𝑃1) → 𝛽1 = 𝛽2 =

𝑃2 − 𝑃1

ℎ1

 (19) 
According to Equations (16)-(18), respectively, Equations (20)-(22) are deduced: 

𝛽3 =
2(𝑃3 − 𝑃2)

ℎ2

− 𝛽2 (20) 
𝛽4 =

2(𝑃4 − 𝑃3)

ℎ3

− 𝛽3 (21) 
𝛽5 =

2(𝑃5 − 𝑃4)

ℎ4

− 𝛽4 (22) 
According to the above equations, it can be seen that the alpha values are the same as the power, and by obtaining the beta 

coefficients from Equations (19)-(22), the gamma coefficients can also be calculated from Equation (11). Now, by having the 
coefficients of the quadratic equations, namely alpha, beta, and gamma, the equations between each interval [𝑣𝑖 , 𝑣𝑖+1], which are all 
quadratic, can be easily obtained with a suitable approximation. It is clear that with 5 sample points, four quadratic equations with 
specific coefficients will be extracted, from which the maximum value of each equation can be found. 

3.2. MPPT Method Based on Quadratic-Spline under Partial Shading Conditions 

In this section, first, the method of tracking the maximum power point using the quadratic spline-based MPPT method in 
atmospheric conditions with uniform radiation is explained, and then it is extended to the maximum power tracking algorithm in 
partial shading conditions. 

A) MPPT under Uniform Irradiation 
Suppose the P-V characteristic be same as that shown in Figure 3. In this case, the DC converter transfers the power generated 

by a single module (or a series of modules that have the same irradiations and environmental conditions) to the load. In this 
algorithm, only the voltage and current of the PV module are used, and no other quantities are used, which is a simple and less 
expensive structure. Several duty cycles (for example, 5 duty cycles) are applied to the switch by the QS-MPPT, and module current 
and voltage are measured to obtain the required samples and calculate their power. After collecting the required samples, the P-V 
curve function is approximated using the quadratic spline interpolation method to find Vmpp and Pmpp, and using Equation (23), D is 
calculated. 
𝐷 = 1 −

𝑉𝑚𝑝𝑝

√𝑅𝑜𝑢𝑡 ∗ 𝑃𝑚𝑝𝑝

 
(23) 
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To further refine the outcome, an additional step involves correcting the D using a P&O algorithm with a small voltage 
perturbation (Δv). This crucial correction process not only enhances the accuracy of the D but also effectively mitigates the adverse 
effects of system non-idealities, such as parasitic resistance and forward voltage drop across diodes [20]. The algorithm operates by 
first identifying the optimal D and then maintaining it as long as atmospheric conditions remain stable. Should atmospheric changes 
disrupt the system’s operating point, the PV output power will fluctuate. Consequently, the algorithm will reactivate to pinpoint a 
new MPP. 

 
B) MPPT under Partial Shading Conditions 
When partial shading occurs, the solar irradiation received by individual modules differs significantly. The module exposed to 

the most intense sunlight generates the highest current. This strong current subsequently compels modules receiving less irradiation 
to operate in a reverse bias state. Operating in the reverse bias region not only leads to substantial power losses but also has a 
detrimental impact on the PV module. Therefore, to reduce the harmful consequences of partial shading, bypass diodes are installed 
(Figure 4) to limit the reverse voltage across the PV modules [23].   

Figure 5 illustrates an example of the characteristic curve for this PV module string under partial shading conditions, where PV1 
and PV3 receive the highest and lowest irradiation, respectively. The activation of bypass diodes under non-uniform illumination 
conditions segments the P-V curve of a string into N regions, corresponding to the number of diodes. Each of these regions is 
characterized by a local maximum, creating a challenging multimodal optimization landscape for MPPT controllers. With only one 
of these points representing the global maximum (GMPP) and the other N-1 being local maxima (LMPPs), conventional tracking 
methods are prone to suboptimal operation. Therefore, a more sophisticated approach, like a QS-MPPT, is required to model the 
complex curve and precisely locate the GMPP. As illustrated in Figure 5, the P-V characteristic of a photovoltaic string comprising 
three modules exhibits the anticipated segmentation under varying irradiance levels, indicative of partial shading. The corresponding 
performance of the QS-MPPT operating under these conditions is outlined in the pseudo code presented in Figure 6. The system's 
electrical load is implemented via a resistive element connected to an inverter output terminal (Figure 1). During the initialization 
phase, the algorithm executes a sampling routine by commanding six discrete duty cycles to the power converter. It acquires the 
current and voltage measurements at each operating point, derives the power values, and determines the coordinates of the maximum 
power point (dmax, Pmax). This extremum is assigned as point 4 per the reference diagram. Furthermore, the algorithm defines two 
auxiliary points (2' and 4') adjacent to the MPP. These are positioned along the power curve between points 3 and 4 and points 4 
and 5, respectively, to refine the search domain in the subsequent iteration. The algorithm now possesses five point coordinates (1' 
to 5', Figure 5) and applies the QS-MPPT method. The maximum point of the approximated function is extracted, and an approximate 
duty cycle (D) is computed using Equation (23). A P&O algorithm (Figure 6) with a reduced step size then converges onto the exact 
MPP. Index |Pmpp–Ppv| is defined for the final step; the algorithm continues operating at the identified DMPP while this index remains 
below its threshold. If the index exceeds its threshold, the process re-initiates to locate a new GMPP. Continuous monitoring of 
photovoltaic current and voltage detects both sudden and gradual atmospheric transients that impact system performance. 

 

 
Figure 4. Three modules PV string with bypass diodes. 

 

 
Figure 5. Curve fitting method and MPP estimation based on QS-MPPT method [20]. 
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QS-MPPT Pseudo Code 
Start 
Step 1: Initial Sampling 

1: create an empty set Sprimary 
2: select array Dprimary with six elements 
3: for (each Di in Dprimary) do 
4:      Apply Di to the converter and wait for steady-state. 
5:      Measure corresponding PV voltage Vi and current Ii. 
6:      Calculate power Pi = Vi × Ii. 
7:      Sprimary ← Sprimary ∪ (Di, Vi, Ii, Pi) 
8: end for 

− − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − −  
Step 2: Identify Initial Maximum Power Point (MPP) 

9: Find the sample with maximum power: (Dmax, Vmax, Imax, Pmax) ← Sprimary(max(P)) 
− − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − −  
Step 3: Auxiliary Sampling 

10: Identify the two neighboring duty cycles of Dmax in Sprimary. 
11: create an empty set Sauxiliary 
12: for (each neighbor Dneighbor) do 
13:      Apply a secondary duty cycle D′ (slightly offset from Dneighbor). 
14:      Measure (V ′, I′) and compute P′. 
15:      Sauxiliary ← Sauxiliary ∪ (D′, V ′, I′, P′) 
16: end for 
17: Stotal ← Sprimary ∪ Sauxiliary 
18: Sort Stotal by voltage: Ssorted ← sortV (Stotal) 

− − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − −  
Step 4: Spline Interpolation MPP Estimation 

19: Extract voltage and power arrays: V ← V (Ssorted), P ← P(Ssorted) 
20: Construct a quadratic spline function fspline(V ) interpolating the points (Vj,Pj). 
21: Find the voltage at which fspline(V ) is maximized: V mpp ← V (max(fspline(V ))) 
22: Estimate the corresponding power: Pmpp ← fspline(V) 
23: Interpolate to find the duty cycle for Vmpp: Dmpp ← interpolate(Vmpp, Ssorted) 

− − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − −  
Step 5: Local Refinement: Apply a fine-step P&O algorithm 

24: Drefined ← P&O(Dmpp, δ) 
− − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − − −  
Step 6: Stability Check & Decision Logic 

25: Apply Drefined to the converter. 
26: Measure new operating point: (Vpv, Ipv), Ppv = Vpv × Ipv 
27: if (|Pmpp − Ppv | < K) then 
28:      Apply Dmpp to the converter. 
29: else if 
30:      Break to top of code in line 1, restarting global search 
31: end if 

End 

Figure 6. QS-MPPT Pseudo Code. 

3.3. Analytical Selection of Sampling Points 

The selection of sampling points is designed to be systematic, rather than based on a pre-known curve. The six initial duty cycles 
are distributed across a wide, pre-defined range (e.g., from a minimum Dmin to a maximum Dmax). This ensures a coarse but 
comprehensive scan of the entire P-V curve. The goal is not to achieve a specific mathematical condition for the spline at this stage, 
but to guarantee that at least one sample lies on the curve segment containing the Global Maximum Power Point (GMPP). The 
auxiliary duty cycles are selected "slightly offset" from the neighbors of the Dmax point. This densifies the sampling in the most 
promising region. The Quadratic Spline formulation itself inherently guarantees continuity (continuous first derivative) at the sample 
points through the enforcement of Equation (9) γi = (βi+1 - βi)/(2hi). 

This condition is built into the algorithm's core derivation and is automatically satisfied for any set of sampled points, meaning 
continuity and differentiability are structural features, not dependent on specific sample positions. Also, over-fitting is typically a 
concern with high-order polynomials. Use of low-order (quadratic) piecewise polynomials is intrinsically resistant to over-fitting. 
Each segment only has three coefficients and is defined by local data, preventing it from developing spurious oscillations across the 
entire curve. The system of equations for solving the coefficients (βi) is a forward substitution process, Equations (19-22). It does not 
involve the matrix inversions of higher-order splines, which are prone to ill-conditioning. 

3.4. Sensitivity Analysis (∂Vmpp/∂Samplei) 

In order to investigate the sensitivity ∂Vmpp/∂Samplei , the empirical sensitivity of the algorithm is analyzed. The extremum of a 
quadratic function 𝐶𝑖(𝑣) =  𝛾𝑖(𝑣 − 𝑣𝑖)2 + 𝛽𝑖(𝑣 − 𝑣𝑖) + 𝛼𝑖     is at vextremum = -βi/(2γi). 

The coefficients βi and γi are linear functions of the sampled powers Pi and voltages vi (from Equations 11, 12, 19-22). Therefore, 
a perturbation in a sample point will propagate linearly through the coefficient calculations, resulting in a smooth, bounded shift 
in vextremum. The algorithm's robustness to this sensitivity is demonstrated in two ways: 
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1) Minor errors in the estimated extremum of one quadratic piece are mitigated because the algorithm selects the maximum 
among all quadratic pieces. An error in a non-global peak is irrelevant. 

2) The final fine-step P&O stage acts as a robust corrector, locating the true physical maximum even if the spline-estimated Vmpp is 
slightly off due to sample perturbations or noise. 

3.5. Guarantee of Convergence to the Global Maximum and Robustness to Real-World Imperfections 

The proposed QS-MPPT method does not provide a strict mathematical guarantee of global convergence. Instead, its reliability 
is derived from a strategic sampling and robust curve-fitting strategy. The algorithm begins by sampling the entire operating range 
(the PV curve) with a set of six initial duty cycles. This wide-net approach is designed to ensure that at least one sample point lies 
on or near the curve segment containing the GMPP. The identification of the sample with the highest measured power (Pmax) anchors 
the subsequent search in the most promising region. Also, the algorithm then performs auxiliary sampling around the neighbors 
of Pmax. This step densifies the data points in the critical region, allowing the quadratic spline to better capture the shape of the most 
significant peak, including the GMPP. The impact of measurement noise, ADC quantization, and switching ripple is a crucial practical 
consideration. While the QS-MPPT is not immune to noise, its hybrid structure, combining a robust global estimator (spline) with a 
precise local tracker (P&O), makes it highly resilient. The spline provides a fast and accurate starting point very near the GMPP, and 
the P&O compensates for residual errors, ensuring stable and near-optimal operation even in the presence of real-world non-idealities. 

3.6. Stability Management 

The used approach to ensuring stability is based on a time-scale separation and a non-continuous operating mode. The core of 
stability management lies in the distinct separation between the MPPT decision-making process and the converter's steady-state 
operation. The QS-MPPT algorithm is not a continuous, high-frequency loop. It is an event-driven process activated only when a 
significant change in operating conditions is detected (i.e., when |Pmpp - Ppv| exceeds a threshold K). Between these events, the 
converter operates at a fixed, steady duty cycle (DMPP). 

When holding a constant D, the boost converter with its inner inductor current loop operates as a standard, well-defined system. 
The stability of this mode is governed by the classic design of the converter's passive components (L, Cin, Cout) and its feedback 
compensator. During this prolonged steady state, the system is decoupled from the MPPT logic and is inherently stable. The sampling 
and proposed quadratic spline-fitting process, while more complex than P&O, is executed only during the brief MPPT event. The 
STM32 microcontroller has sufficient processing power to complete this calculation within a few switching cycles. This short burst 
of computation is treated as a transient event, not a continuous delay in a feedback loop. 

Parasitic Effects (ESR, Dead Time) are non-idealities that are effectively accounted for by the hybrid P&O refinement step. The 
spline provides a very accurate voltage reference (Vmpp), and the subsequent fine-step P&O adjusts the duty cycle to achieve this 
voltage on the real converter, automatically compensating for parasitic voltage drops, ESR, and other non-idealities. The P&O step 
size is chosen to be small enough to converge without causing instability. The stability check in Step 6 of the pseudo-code (|Pmpp - 
Ppv| < K) acts as a hysteresis band. Once a new DMPP is found and applied, the algorithm will not re-trigger the global search unless 
the power drift is significant and persistent. This prevents the algorithm from continuously resampling due to minor noise or ripple. 
The threshold K is set to be substantially larger than the peak-to-peak power ripple caused by switching and noise. Therefore, normal 
converter operation does not falsely trigger a full MPPT cycle. A resampling event only occurs due to a genuine change in irradiance. 
Because the system settles into a steady state for long periods, there is no continuous "reset" of the duty cycle. The transition from a 
fixed D to the sampling sequence and back to a new fixed D is a controlled, discrete event, not a limit cycle. 

4. Simulation and PIL Results 

In this section, the proposed method is applied to a photovoltaic system (Figure 7) simulated in MATLAB/SIMULINK environment.  
 

 
Figure 7. Power circuit and PIL implementation. 
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In order to investigate the feasibility of laboratory implementation of the proposed power tracking algorithm, it was built on the 
STM32F407VG Discovery board, which is a widely used microprocessor board [22]. Using the serial communication between this 
board and the MATLAB/SIMULINK environment in which the power circuit of the solar system is implemented, simulation was 
performed using the PIL method. As seen in Figure 7, the vPV and iPV quantities are sent as inputs to the processor through the serial 
port, and after processing these input quantities by the proposed MPPT algorithm implemented on the microprocessor, the duty 
cycle signal D is generated as an output and sent through the serial port to the power circuit in the MATLAB/SIMULINK environment. 
The parameters of the circuit are given in Table 1. 

The total time required for one full MPPT cycle (TMPPT) is equal to Tsettle + Tsample + Tcomput. Where: 
1. Tsettle (Settling Time): The time for the converter's current/voltage to stabilize after each duty cycle change. This is dictated 

by the converter dynamics (L, C, load). 
2. Tsample (Sampling Time): Tsample = (Number of Samples) × Tsettle. 
3. Tcomput (Computation Time): The time for the microcontroller to execute the spline fitting and maximization. This is negligible 

relative to Tsettle. 
The algorithm's "sampling frequency" is the inverse of the TMPPT window and not periodic. To accurately track a transient, 

this TMPPT must be shorter than the time constant of the irradiance change. In simulations and PIL tests, with a converter settling 
time up to ~30ms, a full MPPT cycle with 6 samples completes within 180ms. This is sufficient to track most realistic partial shading 
transients caused by moving clouds, which typically occur over hundreds of milliseconds to seconds. The algorithm is not designed 
for sub-cycle transients but for the slower, dominant shifts in the P-V curve's multi-peak structure. 

In summary, the sampling strategy is robust by design, leveraging the inherent properties of quadratic splines. While formal 
sensitivity is a future task, the algorithm demonstrates empirical robustness. The tracking speed is practically sufficient for its 
intended application, as validated by simulation results. 

A detailed switched model consists of three or four series solar cells. Cells are under different irradiation levels. Performance of 
the proposed method has been assessed in four case studies. At first, the performance of the photovoltaic system under the proposed 
method was evaluated when three series cell used, and these cells are under different irradiations where the irradiation also has 
been changed during the system operation. The second case study considered the effectiveness of the proposed method when the 
converter is supplied with four series solar cells with different irradiation levels. Comparison between the performance of the 
proposed QS-MPPT with the famous PSO, FPA-based MPPT methods, and P&O is done in the third case study done. Finally PIL 
implementation results are considered in forth case study. 

4.1. Case study 1: Performance of the PV system supplied with three series cells under different irradiations 

We perform the simulated scenario for two different irradiation patterns. In the first pattern, from time t= 0 to t= 2s, the 
irradiation levels for PV1, PV2, and PV3 will be 1000, 800, and 600 [ 𝑊

𝑚2
], respectively at 25 °C. In the next pattern, from time t=2s 

to t=4s, the irradiation intensity for PV3 has been changed from 600 to 400 [ 𝑊

𝑚2
] while temperature is increased to 45 °C. According 

to Figure 8, it can be seen that in the first stage, the power 118.87 [W] is accurately tracked with D= %35.06, and at time t= 2s, 
by changing the irradiation intensity of one of the cells and increasing temperature, the proposed method accurately tracks the 
power and at time t= 2.24s with D= %57.38, it tracks the final value of 90.21 (Figure 9) [W]. 

Table 1. Parameters of the power circuit. 
Description Value Parameter 

For each panel 

17.145 V  Vmp 
3.5 A Imp 
21.1 V  Voc 
3.8 A Isc 

 60  ꭥ 𝑅𝑜𝑢𝑡  
 1 mH 𝐿 
 470 µF 𝐶𝑖𝑛 
 47 µF 𝐶𝑜𝑢𝑡  

 20kH Switching frequency 
 

 
Figure 8.  P-V diagram with three different radiations. 
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4.2. Case study 2: Performance of the PV system supplied with four series cells under different irradiations 

In the first pattern, from time t= 0 to t= 2s, the irradiation levels for PV1, PV2, PV3 and PV4 will be 1000, 800, 600 and 400 [ 𝑊

𝑚2
], 

respectively at 25 °C. In the next pattern, from t= 2s to t= 4s, the irradiation intensity for PV4 has been changed from 400 to 700 
[

𝑊

𝑚2
]. Figure 10 gives the P-V curves for both patterns, where for the first pattern Pmpp = 117.543 [W], and for the second one, the 

peak is shifted to Pmpp = 159.22 [W]. According to the simulation results in Figure 10 for the first pattern of irradiation at time 
t=0.24s, the system continues to operate without oscillation with Dmpp= %35.47. In this case, Pmpp =117.13 [W] at Vmpp=53.62 [V] 
and Impp =2.184 [A]. At time t=2s, the irradiation pattern changed to the second. In this case, the system follows the maximum 
power Pmpp =158.81 [W], with voltage Vmpp =72.44 [V] and current Impp = 2.192 [A], and the duty cycle also continues without 
oscillation with a constant value of %25.25 at t=2.24 s (Figure 11). 

 

 
Figure 9.  Simulation results under three-cell configuration. 

 

 
Figure 10.  P-V diagram of the four-peak pattern. 

 
Figure 11.  Simulation results under a four-cell configuration. 
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4.3. Case study 3: Comparing the quadratic-spline method with P&O, FPA, and PSO-based MPPT methods 

Proposed QS-MPPT is compared with other MPPT methods, such as FPA, PSO, and P&O, in terms of accuracy and speed of 
convergence. All algorithms operated on the identical MATLAB/Simulink model of the PV system and power converter. The physical 
voltage and current bounds were the same for everyone, defined by the PV array's characteristics. In the simulation environment, all 
methods were subject to the same system dynamics.  

 Simulation results for the P-V curve shown in Figure 12 are given in Figure 13. Four series modules with irradiation intensities 
of 1000, 800, 600, and 400 [ 𝑊

𝑚2
] at 25 °C are connected. As is clear from the P-V curve, the power values at higher peaks are close 

to each other, and this proximity makes the tracking task difficult. For better comparison, simulation results for all four QS-MPPT, 
FPA, PSO, and P&O are presented in Table 2. It can be seen that the proposed method performs better than the other methods in 
terms of accuracy and speed. 

 
Figure 12. Four-peak diagram under partial irradiation. 

 
Figure 13. Power, voltage, current, and duty cycle tracking for a four-peak diagram: (a) QS-MPPT, (b) FPA, (c) PSO, and (d) P&O. 

 
Table 2. Simulation results of QS-MPPT, FPA, PSO, and P&O methods. 

Tracking time [s] 𝑑𝑚𝑝𝑝 𝐼𝑚𝑝𝑝 [A] 𝑉𝑚𝑝𝑝 [V] GMPP [W]   

- 0.358 2.181 53.89 117.558 Actual values 

0.16 0.356 2.184 53.65 117.13 QS-MPPT 

0.45 0.355 2.185 53.62 115.1 FPA 

0.35 0.334 2.22 51.82 114.88 PSO 

- 0.390 2.23 48.94 109.32 P&O 
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4.4. Case study 4: PIL implementation results 

To assess the feasibility of implementing the proposed QS-MPPT in a laboratory setting, a PIL simulation was conducted (as 
shown in Figure 6). The algorithm was deployed on an STM32F407VG Discovery board microcontroller. A serial communication 
link was established between this hardware target and a MATLAB/Simulink software model, which contained the photovoltaic 
system's power circuit simulation. Within this PIL framework, the vPV and iPV measurements were transmitted as input parameters to 
the microprocessor via the serial interface. The embedded MPPT algorithm processed these inputs and computed the corresponding 
D. This output control signal was then returned serially to the Simulink environment to modulate the simulated power converter. 
The irradiation patterns at the surface of four series-connected solar cells and their parameters are respectively given in Table 3 and 
Table 4. Figure 14 shows the P-V curve corresponding to these patterns.  

According to Figure 15, it is observed that at time 0.3 seconds, the proposed method tracks the value of 420.17 [W]. By changing 
the irradiation according to the pattern 2 of Table 3, the peak of the maximum power changes, but the algorithm tracks the value 
566.237 [W] correctly at t= 0.6 s. Also, the irradiation intensity is changed according to the third pattern of Table 3, and it is 
observed that the proposed QS-MPPT method has reached the value of 270.208 [W] correctly at t= 1.2 s. 

Table 3. Three different patterns for a four-peak photovoltaic system. 
Pattern 3 
t=0.9 to 1.2 s 

Pattern 2 
t=0.3 to 0.9 s 

Pattern 1 
t=0 to 0.3 s 

1000 1000 1000 PV1  
300 800 800 PV2 
600 600 600 PV3 
200 700 400 PV4 
271 567 421 Pmax [W] 

Table 4. Parameters of the solar cell used in the PIL implementation. 
Description Value Parameter 

For each panel 

29 V  Vmp 
7.35 A Imp 
36.3 V Voc 
7.84 A Isc 

 
Figure 14. Four-peaked characteristics: pattern 1, pattern 2, and pattern 3. 

 
Figure 15. PIL implementation results. 
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5. Conclusion 

In this paper, a novel QS-MPPT technique was introduced to optimize the trade-off between simplicity, accuracy, and processing 
efficiency. The method utilizes quadratic spline interpolation to generate a simplified, piecewise-representation of the P-V 
characteristic from a few measurement points, facilitating accurate GMPP estimation without the computational burden of meta-
heuristic or cubic-spline alternatives. The technique's efficacy is validated through MATLAB simulations and comparative study 
against P&O, PSO, and FPA-based MPPT methods, and its hardware implementation viability is proven via PIL testing on an STM32 
microcontroller. The results showed that this proposed method, while using simple mathematical relations to process information 
and find the maximum power point, tracks this point with better speed and accuracy than several other methods. 
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