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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.  



Editorial Office                                                                    Journal of Green Energy Research and Innovation, Vol.2, No.2, Spring 2025                                                                        
 

 

VI 
 

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. 

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
https://jgeri.araku.ac.ir/data/jgeri/news/JGERI_Form_for_Copyright_Transfer_Statement_and_Conflict__of__Interest__Disclosure.docx
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The authors are obliged to submit the revised file in PDF and WORD format to the 
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. 

 

https://jgeri.araku.ac.ir/data/jgeri/news/JGERI_Guideline_for__Revised__Manuscript.pdf
https://jgeri.araku.ac.ir/data/jgeri/news/JGERI_Form_for_Title_Page__and__Authorship.docx
https://jgeri.araku.ac.ir/data/jgeri/news/JGERI_Guideline_for_Response_to_the_Reviewers_Comments_(1).docx
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A Multi-Objective Framework for Smart Energy Hubs: Leveraging 
Compressed Air Storage and Demand Response
Pouria Hajiamoosha 1, Abdollah Rastgou 1 ,*, Hadi Afshar 2

 

1 Department of Electrical Engineering, Kermanshah Branch, Islamic Azad University, Kermanshah, Iran. 
2 Electrical and Computer Engineering Faculty, Semnan University, Semnan, Iran. 

A  R  T  I  C  L  E I  N  F  O  

Keywords: 
Energy hub, 
Multi-objective programming, 
Storage devices,  
Optimization. 
 
 
 
 

A  B  S  T  R  A  C  T  

In this paper, a multi-carrier energy hub that can generate and deliver electricity, heating, and 
cooling energy from different sources, such as wind, solar, fuel cells, batteries, and compressed air 
is proposed. The intelligent energy hub can also participate in electrical and thermal demand 
response, which aims to reduce peak demand and enhance overall system efficiency. The scheduling 
problem is a mixed-integer linear programming problem that seeks to minimize the system cost and 
carbon dioxide emissions. To obtain optimal solutions that strike a balance between cost, emissions, 
and decision maker's preferences, an augmented epsilon-constraint min-max fuzzy method is 
employed. The proposed strategy's advantages are demonstrated through a case study, where it is 
compared with other methods. The results show that the proposed approach effectively reduces the 
cost and emissions of the smart energy hub while improving the load shape and energy hub 
efficiency. Moreover, the results showed that the integration of compressed air systems and demand 
response programs enhances the performance of the smart energy hub, making it more flexible and 
reliable. The GAMS software is employed for the modeling and resolution of the scheduling issue. 

1. Introduction

The increasing concerns over environmental sustainability and the need for efficient utilization of energy resources have driven
the development of innovative energy systems [1-3]. In recent years, numerous research studies have concentrated on the integration 
of various renewable energy sources, such as fuel cells, photovoltaic (PV) systems, and energy storage systems, to create hybrid 
energy systems [4]. These hybrid systems offer the potential for improved reliability, reduced environmental impact, and enhanced 
energy efficiency [5]. Nevertheless, the effective implementation and management of hybrid energy systems in practical 
environments present multifaceted challenges [6]. One significant challenge is the presence of demand response programs, which 
aim to optimize energy consumption by adjusting demand based on supply conditions. These programs introduce variability in the 
energy demand, thus influencing the performance and cost-effectiveness of the hybrid energy systems [7,8]. The energy hub (EH) 
represents a novel approach to energy systems, serving as a crucial link between diverse energy sources [9]. By enabling the smooth 
convergence of diverse energy systems, such as electrical grids and natural gas infrastructures, EHs foster a synchronized and effective 
functioning. [10]. Reference [11], proposed a microgrid that incorporates a combined heating, cooling, and power (CCHP) system, 
utilizing electricity and gas as energy carriers. This EH system aims to optimize the utilization of energy resources. The integration 
of renewable energies into the CCHP system enhances the economic and environmental aspects, which have been thoroughly 
investigated as delineated in [12]. In [13], the CCHP systems are studied, which employ a variety of energy suppliers, including gas 
turbines (GTs), gas boilers (GBs), and electric and absorption chillers, to meet the demands for heat, cooling, and power. In reference 
[14], a proposed EH system introduces the concept of a versatile infrastructure capable of storing and converting multiple energy 
carriers. In an EH framework, the requisites for cooling, power, and heating are addressed through the strategic utilization of 
electricity and gas, which constitute the primary energy vectors commonly in use [15]. In [16], the focus is on examining the 
optimization of multi-energy carriers within an EH system through the utilization of a non-linear programming model. Reference 
[17], presents a thorough examination of EHs in the role of decision-makers and proposes a multi-period, multi-energy operational 
framework designed to enhance coordination across various energy networks. 

Online ISSN: 3041-9018 
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A proposed analysis of energy consumption in smart multi-energy carriers, functioning as an EH system, is presented in [18] for 
residential applications. In [19] Optimization of EH systems for residential loads while considering customer preferences and 
comfortability is solved in real time. A novel approach is presented in Reference [20] for managing the charging process of plug-in 
hybrid electric vehicles (PHEVs) within the structure of EHs, which utilizes a multi-objective optimization framework to determine 
the optimal charging patterns for PHEVs, taking into account both the perspectives of vehicle owners and system operators. Reference 
[10] has developed a residential EH model that demonstrates the operation of multiple energy carriers in a home. They propose an 
integrated infrastructure and an optimization problem to enhance the performance of a smart home. 

Demand response (DR) programs are becoming increasingly prevalent in the context of microgrids. These programs allow for the 
efficient management and utilization of energy resources by adjusting consumer demand to match the available supply. By engaging 
participants to temporarily reduce or shift their energy consumption during peak periods, DR programs optimize the overall operation 
of the EH. Through intelligent communication and control systems, these programs enable the seamless integration of distributed 
energy resources, such as solar panels and battery storage, into the grid, providing a reliable and sustainable solution for the ever-
increasing energy demand. Reference [21] and [22] have studied DR programs in multi-energy systems. In [23], the DR program 
and energy generation for various customer types in a microgrid are modeled using a two-stage stochastic function . A stochastic 
energy procurement model that considers the effects of DR is proposed in reference[24]. This model is designed for large electricity 
consumers and demonstrates operational cost reductions by shifting the load from peak to off-peak periods. Reference [25] presents 
a concept of electricity shifting potential to determine the maximum reduction of electricity from the grid to the distributed multi-
generation system, based on a profitability map of DR incentives. The optimal solutions and scheduling in DR in multi-energy carriers 
have been investigated in fewer studies compared with studies that investigate the potential and modeling analysis of DR in multi-
energy carriers. In [26], the economic performance of the gas-fired CCHP system is thoroughly examined, taking into account various 
factors that influence its overall efficiency. A sensitivity analysis is also conducted to assess the system's robustness under different 
scenarios. 

The motivation of this paper is to develop a model of a smart grid in the EH concept in which different forms of energy such as 
power, heat, and cold, are integrated into it, and different energy carriers such as gas and electricity support the EH with the different 
multi-generation unit are in the model. This paper proposes a scheduling strategy for a smart multi-carrier EH (SMEH) that can 
provide electricity, heating, and cooling from various sources. The SMEH includes a wind turbine (WT), a solar panel, a micro-
turbine, a fuel cell, a boiler, an absorption chiller, a battery, and a compressed air energy storage (CAES) system. The SMEH can also 
join electrical and thermal DR programs to lower the peak demand and improve the system's efficiency. We model the scheduling 
problem as a mixed-integer linear programming (MILP) problem that aims to minimize the system cost, carbon dioxide emissions, 
and risk. We solve the problem using an augmented epsilon-constraint min-max fuzzy method that can produce optimal solutions 
that balance the different objectives and the decision maker’s preferences. We present three case studies to show the benefits of the 
proposed strategy and to compare it with other methods. We also discuss using GAMS software to model and solve the scheduling 
problem. Two objective functions are addressed for this multi-objective optimization problem, first operation cost and second carbon 
emission reduction. The argument epsilon constraint method is implemented to solve multi-objective problems and obtain the 
optimal Pareto solutions. The epsilon constraint method offers significant advantages over other methods, such as the weighted sum 
method. The epsilon constraint method provides a more comprehensive explanation of the solutions on the Pareto front . Different 
methods are employed to select an optimal solution from the Pareto front, ensuring a balanced tradeoff between objectives. The 
max-min fuzzy technique is particularly effective for this purpose. Additionally, two distinct DR programs, real-time pricing (RTP) 
and Time-of-Use (TOU), are implemented to optimize operational costs and reduce carbon emissions [27].  

The paper’s contributions are succinctly summarized as follows: 
• Establishment of a Comprehensive Framework: Integration of WT, PV, and CCHP systems, alongside electric heat pumps 

(EHP) and CAES units within an EH system. 
• Optimal multi-objective model: development of a model addressing both economic and environmental challenges. 
• Epsilon constraint method: the application of the epsilon constraint method addresses the multi-objective optimization 

problem effectively. 
• Max-min fuzzy technique: the max-min fuzzy technique is utilized to derive a compromise solution. 
• Reduction of operation costs and carbon emissions: implementing RTP and TOU-DR programs leads to the reduction 

of operational costs and carbon emissions, achieving simultaneous cost savings and environmental benefits. 
• Mixed-integer linear programming: The application of mixed-integer linear programming techniques guarantees the 

derivation of the most efficient solution for the specified problem. 

2. Problem formulation 

2.1. Mathematical formulation for an energy hub system 

Operation cost minimization is considered the first objective of the model as shown in Equation (1):  

1

(Cos ) ( ( ) ( ) ( ) ( ))

T

pg pe CHP CHP

t

F t C t C t SUC t SDC t

=

= + + +  (1)                         

The second objective function is minimizing carbon emissions as shown in Equation (2).  
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1

( ) ( ( ) ( ))

T

pg pe

t

F Emission E t E t

=

= +
 

(2) 

where: 
( )t t t t t

pg g ge gh gchp gcaesC P P P P P=  + + +  (3) 

( )
e

t t t t
pe buy sellC P P P=  −  (4) 

( )t t t t t
pg g g ge gh gchp gcaesE P P P P P=   + + +  (5) 
t t
pe t buyE P=   (6) 
The power hub is capable of bi-directional energy transfer with the electrical grid, allowing for both the absorption and 

distribution of power. Exchanging power between the grid and EH is modeled as Equation (7): 
t t t
grid t sell buyP P P = +  (7) 
The gas turbine model indicates that it comprises the GT power supply heat exchanger and the power hub. The representation of 

the GT model is as Equation (8):     
t t
ge ge gtP P =  (8) 
The capacity limitations of different devices are presented in Equation (9)-(16). 

max0 t
pv pvP P   (9) 

max0 t
wt wtP P   (10) 

max0 t
gas gasP P   (11)                                                             

max0 t
gt gtP P   (12) 

min maxt
chp chp chpP P P   (13) 

max maxt
grid grid pvP P P−    (14) 

min t nax
EHP EHP EHPT T T   (15) 

min maxtPS PS PS   (16) 
The cooling section’s energy conversion model outlines technical constraints, including the unidirectional reception of cooling 

energy from both electric and absorption chillers. The absorption chiller utilizes heat, while the electric chiller uses electricity to 
produce cooling. 

The mathematical models for the electric and absorption chillers are outlined in Equation (17) and (18), respectively [27].  
t t
ec ec ecP COP C=  (17) 
t t
ac ac acH COP H=  (18) 

The ice storage air conditioning system, a critical element of the cooling infrastructure, is composed of a chiller unit and an ice 
storage tank. The chiller’s role is to produce ice, while the tank is responsible for its storage and subsequent melting during peak 
demand periods. The implementation of intelligent storage co1000ntrol enables the efficient redistribution of electrical loads, shifting 
them from peak to off-peak periods, as documented in [28]. This shift in consumption patterns leads to a reduction in load variations, 
ensuring a more stable and balanced energy demand. Additionally, Reference [29]  explores the optimization of ice storage tank 
efficiency and life cycle costs, providing valuable insights that enhance the system’s overall effectiveness and economic viability. 

The balance of cooling energy produced is detailed in Equation (19). The inequalities presented in Equation (20) and Equation 
(21) delineate the capacity limitations of the ice storage air conditioner and the electrical chiller, respectively . 

,
t t
ice ice cs cP COP P=  (19) 

max0 t
ice iceP P   (20) 

max0 t
ac ecP P   (21) 

2.2. The thermal section energy conversion model  

The Equation (22) illustrates the equilibrium of gas input within the EH system. 
t t t t t
gas ge chp cah esgP P P P P= + + +  (22) 
The energy conversion process of the GB is delineated in Equation (23), where the output heat is transferred to the heating hub. 

,
t t

gh gb gh gbP H =  (23) 
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The energy conversion of the GT is detailed in Equation (24), with the resultant heat being directed to the heat exchanger. 

,
t t

gh gt ge gtP H =  (24) 
The heat exchanger’s output is then utilized by the heating hub. Equation (25) outlines the operational constraints of the GB, 

ensuring it operates at no less than 25% of its maximum capacity throughout all time horizon periods. Additionally, Equation (26) 
describes the limitations of the air conditioner (AC), where a deliberately reduced AC capacity results in a correspondingly lower 
cooling output. 

max max0.25 t
gb gb gbH H H    (25) 

max0 t
ac acH H   (26) 

Equation (27) establishes the principle of energy parity within the power hub, stipulating that the sum of energy inputs must 
equate to the sum of energy outputs, with the left side of the equation representing the input power and the right side detailing the 
output power. 

, . , .
t t t t t t t t t t t t t
buy pv wt gt es d chp gen ec es c ice echp conP P P P P P P P P P P P PL+ + + + + + = + + + + +  (27) 
For the cooling hub, Equation (28) articulates the interplay between the absorption chiller, electric chiller, and the cold energy 

discharge from the intelligent storage control, which collectively meets the cooling demand detailed on the right side of the equation. 

,
t t t t
ac ec cs dC C P CL+ + =  (28) 
Additionally, Equation (29) defines the balance of heat exchange within the heating hub. 

, ,
t t t t t t t t t

he gt gb hs d chp ehp tr ac hs cH H P T T T H P HL + + + + + = + +  (29) 

2.3. Energy storage model 

System inefficiencies often stem from elevated energy prices during peak load times. Integrating storage devices into the EH 
system can mitigate this issue by leveraging off-peak charging and peak-hour discharging to lower operational costs and CO2 
emissions. The utility of electric vehicles as energy storage solutions is examined in [30]. Reference [31] proposes a comprehensive 
model encompassing electricity, heating, and cooling energy storage systems.  The operational parameters for electrical storage 
devices are formulated in Equation (30)-(34) [27]. 

,1
, ,

,

(1 )

t
es dt t t

es es es es c es c
es d

P
E E P 



+
 
 = − + −
 
   

(30) 

max
, ,0 .t

es c es es cP u P   (31) 
max

, ,0 (1 ).t
es d es es dP u P  −  (32) 

min maxt
es es esE E E   (33) 
24 0
es esE E=  (34) 
Equation (30) represents the stored energy in the electrical storage (ES) system based on its charging and discharging modes. The 

charging and discharging modes of electrical storage, along with their limitations, are expressed in Equation (31) and (32), 
respectively. A binary variable is introduced to prevent simultaneous charging and discharging. Equation (33) defines the limitation 
of stored energy. Additionally, Equation (34) ensures that the energy amounts in the first and last hours of the time horizon are 
equal [27].  For cooling storage devices, the equations are expressed in Equation (35)-(39). 

,1
, ,

,

(1 )

t
cs dt t t

cs cs cs cs c cs c
cs d

P
E E P 



+
 
 = − + −
 
   

(35) 

max
, ,0 .t

cs c cs cs cP u P   (36) 
max

, ,0 (1 ).t
cs d cs cs dP u P  −  (37) 

min maxt
cs cs csE E E   (38) 
24 0
cs csE E=  (39) 
Equation (35) represents the stored energy in CS based on its charging and discharging mode. Charging and discharging modes 

of electrical storage and their limitations are expressed in Equation (36) and (37) respectively. Incorporating the binary variable can 
ensure that the processes of charging and discharging are mutually exclusive. Equation (38) defines the constraints on the amount 
of energy that can be stored. To balance the energy levels at the beginning and end of the planning horizon, Equation (39) is 
introduced.  For electrical storage devices, the equations are expressed in Equation (40)-(44). 

 
,1

, ,
,

(1 )

t
hs dt t t

hs hs hs hs c hs c
hs d

P
E E P 



+
 
 = − + −
 
   

(40) 
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max
, ,0 .t

hs c hs hs cP u P   (41) 
max

, ,0 (1 ).t
hs d hs hs dP u P  −  (42) 

min maxt
hs hs hsE E E   (43) 
24 0
hs hsE E=  (44) 
Equation (40) represents the stored energy in the heat storage (HS) system based on its charging and discharging modes. The 

charging and discharging modes of electrical storage, along with their limitations, are expressed in Equation (41) and (42), 
respectively. A binary variable is introduced to prevent simultaneous charging and discharging. Equation (43) defines the limitation 
of stored energy. Additionally, Equation (44) ensures that the energy amounts in the first and last hours of the time horizon are 
equal.  

2.4. Operation cost and constraints for CHP unit 

CHP technologies are one of the most used units in smart and multi-carrier systems [9].  CHP units are recovering thermal to 
gain more performance and use wasted thermal energy for local heating. Power and thermal outputs in CHPs depend on each other 
and cannot change separately. CHP energy conversion is shown in Equation (45) and Equation (46). 

( ) ( )t
chp gchp chpP t P t  =  (45) 

( ) ( )chp chp HeT t P t HPR =    (46) 
Equation (47) and (48) represent CHP power and thermal ramp-up and ramp-down constraints, respectively. 

min
1( ) ( 1)

Ramp up
chp chp t t chpP t P t P i P−

−− −      (47) 
min

1( ) ( 1)
Ramp up

chp chp t t chpP t P t P i P−
−− −      (48) 

The CHP start-up and shut-down costs are shown in Equations (49) and (50), respectively. Equation (51)-(55) are employed to 
model CHP on and off mode [9]. 

( ) ( )SUC t SU i t=   (49) 
( ) ( )SDC t SD j t=   (50) 

0 ( ) ( )i t t   (51) 
( ) ( 1) ( ) 1 ( 1)t t i t t  − −   − −  (52) 

0 ( ) ( 1)j t t  −  (53) 
( 1) ( ) ( ) 1 ( )t t j t t  − −   −  (54) 
( 1) ( ) ( ) ( ) 0t t i t j t − − + − =  (55) 

2.5. Electrical heat pump constraints 

Equation (56) represents the EHP system constrains.  
t t
EHP EHP EHPT P COP=   (56) 

2.6. CAES system constraints 

Conventional natural GT generators serve as the foundation of the CAES technology. Within the CAES system, high-pressure 
compressed air is utilized as a form of stored energy, which can be converted into various types of energy. During off-peak periods, 
compressors in the CAES system compress air to high-pressure levels, which is then used during peak periods to drive an expander 
for electricity generation to meet high electrical demands. The injection of air into the CAES system is proposed in Equation (57) in 
[27]. Equation (57) and Equation (59) demonstrate the power produced by the CAES system based on the pumping of air and gas 
consumption, respectively. The constraints on pumping air into a chamber and injecting air into storage are formulated in Equation 
(60) and Equation (61), respectively. To prevent simultaneous injection and pumping in the CAES system, binary variables are 
introduced in Equation (62). It represents the thermal recovery of the CAES unit. 

.
t i t
injected consV e P=   (57) 

.
pt t

gen pumpedP e V=   (58) 

/ scae cs
t t
gen p aeP P =  (59) 
min maxt t t
pumped pumped pumpedV h V V h     (60) 
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min maxt t t
ingected ingected ingectedV f V V f     (61) 

1t tf h+   (62) 

.
t t
gen tr trP T =  (63) 
The distribution of air stored within specific time intervals is influenced by the inflow and outflow of air, a relationship which 

can be mathematically represented as Equation (64). 
1t t t t

injected pumpedPS PS V V+ = + −  (64) 
The heat rate is a measure of the quantity of natural gas utilized for each unit of peak electrical energy produced by the expander 

[32]. 

2.7. Electric load with demand response 

DR methods are used to prevent unnecessary capacity investment by shifting loads from peak and expensive periods to off-peak 
and inexpensive periods [30]. In this article, TOU and RTP methods are used to implement DR programs as follows: 

2.8. TOU-DR formulation 

The TOU demand response (TOU-DR) and the respective models are expressed by Equation (65) and Equation (66). 
t t t
DR DPl Pl ldr= +                                                                                               (65) 

d
t t tldr DR Pl=                                                                                                (66) 

Where DR
tPl  is representing new power demand of hour t by applying TOU-DR and tldr is the amount of shifted load in hour t 

and the total amount of shifted load over a daily period should be equal to zero. This is expressed in Equation (67) and at each time 
period shifted load is limited by Equation (68).  

24

1
0

t t
ldr

=
=  

(67) 

min max
t t tDR DR DR   (68) 

2.9. RTP-DR programming 

An RTP model, constructed from electricity load demand data, facilitates the implementation of the DR program in this sector. 
The application of RTP-based DR encourages the shifting of loads from peak to off-peak periods, resulting in a more uniform load 
demand curve.  

Equation (69) represents the total electrical load demand of the EH and in Equation (70), avP , is the average electricity demand. 
24

1
d

t t
W PL

=
=  

(69) 

24

d
av

W
P =

 
(70)  

The RTP float factor is considered as Equation (71).  
t

t
av

Pl

Pl
 =

 
(71)  

The RTP model is expressed in Equation (72) and Equation (73) as follows:  

 
t t
RTP t TOU  =   (72) 
min maxt
RTP RTP RTP     (73) 
In Reference [33], the effects of employing various DR methods based on price and incentive are investigated within the EH 

system. References [34,35]  propose a mathematical formulation for demand response, which is encapsulated in Equation (74).  
t t

t t t RTP TOU
RTP t

TOU

Pl Pl E Pl
 



 −
= +   

 
   

(74) 

3. Methodology 

3.1. Augmented Epsilon-constraint method 

The Augmented Epsilon-constraint method has been employed to achieve more precise results in the energy management 
problem. The advantages of this method can be summarized as follows:  
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1. The original feasible region will not be altering  
2. non-inferior solutions are produced, and solutions will be independent of the scaling of the objective functions. 
To implement the Epsilon method, the objective function is defined as Equation (75) : 

( ) ( )( )

( )

( )

( )

1 1

2 2 2

3 3 3

m

0

ax ...

..

0

 

.

p

p p p

i

f x s s

f x s e

s

subje

f x s e

f x s e

x and

c to

s

t

R



+

+ + +

− =

− =

− =

   

                                                                                      (75) 

Equation (75) provides efficient solutions, while the proposed method has other alternative solutions. On the other hand, there 
is an answer like x, that dominates other answers. As a result, this issue is defined as Equation (76): 

2 2 2 2

3 3 3 3

...

p p p p

e s e s

e s e s

e s e s

+  +
 +  +


 +  +  

                                                                                             (76) 

Equation (76) can be achieved considering at least one strict inequality regarding Equation (77). 

2 2

p p

i i

i i

S S

= =

 
 

                                                                                             (77) 

In order to circumvent potential scaling complications, it is better to replace si with si/ri. As a result, the objective function 
converts to Equation (78). 

( )( )1 2 2max ( / ... / )p pf x eps s r s r+  + +
 (78) 

Equation (78) is the final equation used to solve a multi-objective problem. X, fp(x), s, ri, and are a vector of decision variables, 
p objective functions, feasible region, and range of its objective function, respectively. 

3.2. Decision-making 

Reference [27], examines various methodologies for resolving multi-objective models, including the epsilon constraint method, 
the weighted sum approach, and evolutionary algorithms. This paper employs the epsilon constraint argument to address the multi-
objective model. Additionally, the max-min fuzzy satisfying technique is utilized (Equation (79)) to standardize the dimensions 
across all objective function values, as detailed subsequently. 

min

max
min max

max min

max

1

0

n
k k

n
n nk k
k k k k

k k

n
k k

f f

f f
f f f

f f

f f



 

 −

=  
−


  

(79)    
 

1min( ,..., )n n n
n  =  (80)  

 max 1max( ,..., )np  =  (81)  
The selection of the minimum quantities of the Pareto solution is described by Equation (80), whereas Equation (81) expresses 

the attainment of the maximum value among the minimum solutions, signifying the compromise solution. 

4. Numerical results 

In this section, the initial part presents the input data and parameters for the EH. Then, the min-max fuzzy method is employed 
to identify the optimal solution for each case study. This method is applied after utilizing the argument epsilon constraint method 
to obtain a set of potential solutions. By comparing these solutions, the most suitable one is selected as the optimal solution for each 
of the three case studies. The first case study does not incorporate any DR program. However, the second case study examines the 
impact of TOU programs. Similarly, the third case study focuses on the effects of RTP DR programs. Within this section, the input 
parameters for the model components and energy carriers are presented. The output power generated by the PV and WT systems 
over 24 hours is depicted in Figure 1. Figure 2 illustrates the power, cooling, and heating energy demand during the optimization 
time horizon on a typical hot day. Figure 3 represents the Power load with and without DRPs. Figure 4 represents the electricity 
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tariff of TOU, RTP use, and gas prices. Tables 1-3 provide an overview of the parameters of coefficients, including those for CCHP, 
EHP, CAES, WT, PV, and carbon emissions. Additionally, Table 4 presents parameters for cooling, heating, and power storage devices. 
Lastly, Table 5 outlines the DR parameters. It is worth noting that the CHP unit is initially considered off. 

 

 
Figure 1.  The output powers of WT and PV. 

 

 

Figure 2. The power, cooling, and heating demands of the microgrid on a typical summer day. 
 

 
Figure 3.  Power load with and without DRP. 
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Figure 4. Electricity tariff of TOU, RTP, and gas price. 
 

Table 1. Parameters of coefficients of CCHP, WT, PV, and Carbon emission 
Parameter Unit Value parameter Unit Value parameter Unit Value 

max
gtP  kW 1000 max

gridP  kW 1500 
ecCOP  - 4 

max
gbH  kW 800 max

gasP  kW 3400 
iceCOP  - 3.5 

max
acH  kW 500 ge  - 0.3 

acCOP  - 1.2 

max
ecP  kW 500 ,gh gb  - 0.9 

e  Kg/kWh 0.972 

max
iceP  kW 100 ,gh gt  - 0.4 g  Kg/kWh 0.23 

max
pvP  kW 180 

t  - 0.98 E - -0.5 

max
wtP  kW 200 

he  - 0.7  -  

 
 

Table 2. Parameters of CHP unit and CAES system. 
CHP UNIT CAES SYSTEM 
Capacity (kW) 1000 Maximum/ minimum level (kWh) 500/50 

Electrical ramp-up/ramp-down (kW/h) 150 Maximum level of injected air (kW/h) 150 

Startup/ shutdown cost ($) 65 Minimum level of injected air (kW/h) 5 

Electrical/thermal conversion efficiency (%) 45/48 Maximum level of pumped air (kW/h) 150 

  Minimum level of pumped air (kW/h) 5 

  Efficiency of injected/produced power (%) 90/90 
 

Table 3. Parameters of the EHP system. 
Coefficient of performance 2.5 

Maximum capacity (kW) 250 

Minimum capacity (kW 0 
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Table 4. Parameters of storage devices. 
Electrical storage parameters Heat storage parameters Cool storage parameter 

Parameter Unit Value Parameter Unit Value Parameter Unit Value 

max
,es cP  kW 500 max

,hs cP  kW 800 max
,cs cP  kW 700 

max
,es dP  kW 700 max

,hs dP  kW 800 max
,cs dP  kW 800 

min
esE  kW 400 min

hsE  kW 400 min
csE  kW 400 

max
esE  kW 1800 max

hsE  kW 1800 max
csE  kW 1800 

,es c  - 0.96 ,hs c  - 0.98 ,cs c  - 0.97 

,es d  - 0.96 ,hs d  - 0.98 ,cs d  - 0.95 

es  - 0.01 
hs  - 0.02 

cs  - 0.02 

 
Table 5. TOU and RTP DR parameters. 

min
RTP  

8 

max
RTP  

47 

  E -0.5 

min
tDR  

-30% 

max
tDR  

30% 

4.1. A comparative analysis of Pareto results and the trade-off solution across three cases 

In this section, an examination is conducted of the EH system model through three distinct case studies. The objective is to 
address the problem using the augmented epsilon constraint method, thereby showcasing the benefits and effectiveness of the 
proposed model as a solving technique. Figure 5 shows the Pareto solutions for scenarios with and without DRPs. 

The first case study focuses on minimizing both the total cost and emissions in the EH System without any DR programs. Analyzing 
the system under this scenario allows for a comprehensive understanding of the baseline performance and serves as a benchmark for 
comparison with the subsequent cases. Moving on to the second case study, the aim remains the same to minimize the total cost and 
emissions in the EH system.  

However, this time, the analysis considers the presence of RTP DR programs. These programs introduce a dynamic element to 
the system, as the pricing varies based on real-time demand. By considering this factor, the model can optimize the system's 
performance under these conditions. Lastly, the third case study delves into the optimization of the EH System by considering the 
time of use pricing DR programs. This means that the model considers the specific time periods during which the DR programs are 
active. By incorporating this temporal aspect, the model can further refine its optimization strategy and achieve even greater 
efficiency in minimizing both the total cost and emissions. Overall, these three case studies provide a comprehensive analysis of the 
EH system model and its solving method. Examining the system under different scenarios allows for a thorough evaluation of its 
advantages and efficiency in optimizing the total cost and emissions. 

      In case one, each component of the EH and energy carriers possesses distinct specifications in terms of cost and emissions, 
resulting in diverse behaviors within each Pareto front optimal solution. To derive the Pareto-optimal solutions, the epsilon constraint 
method is applied. Subsequently, the max-min fuzzy technique is employed to determine an optimal trade-off solution among the 
derived solutions. The outcomes are depicted in Figure 5. In the EH model for case study one, the operation cost is determined to be 
9835.762 $, while the carbon emission amounts to 26481.681 kg. The selected solution is highlighted in red in Figure 5 and 
corresponds to entry number 14 in Table 6. Similar techniques are employed to obtain optimal solutions in other case studies. In 
case study two, the TOU-DR program is applied, resulting in an operation cost of 9297.363 $ and an emission of 26339.917 kg. On 
the other hand, case study three involves the implementation of the RTP DR program, which leads to an operation cost of 9610.959 
$ and an emission of 25919.747 kg. 
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The comparative analysis between Case 1 and Case 2 underscores the benefits of the TOU-DR program. In Case 2, the operational 
costs are curtailed by 5.47%, marking a notable enhancement in the EH system’s economic efficiency. Moreover, the model advocates 
environmental sustainability by registering a 0.53% reduction in emissions, equivalent to 141.764 kg. The outcomes of this case are 
represented in Table 7. Similarly, a comparison between the results of the first case and the third case demonstrates the benefits of 
implementing the RTP DR program. In case three, the operation cost experiences a reduction of 2.285%, signifying a noteworthy 
advancement in the economic aspect of the EH system. Moreover, the proposed model achieves a 2.12% (561.934 kg) decrease in 
carbon emission, further supporting environmental objectives. The outcomes of this case are represented in Table 8. 

4.2. The comparison of the energy flow of the hub in three cases 

This section presents a detailed discussion of the optimized EH’s outcomes across different scenarios, focusing on power flow, 
cooling, and heating efficiencies. Case 2 demonstrates the efficacy of the TOU-DRP. The strategic implementation of TOU-DRP not 
only leads to a decrease in operational costs but also contributes to a reduction in carbon emissions. Figure 6-8 illustrate the energy 
balance of the power hub in each case, as well as the energy production of each device. The negative values in the diagram are input 
energy and positive values show output energy for each time period. Figure 6 shows the energy flow in the power hub without DR 
programs, while Figure 7 shows the energy flow with TOU. By implementing TOU, the gas purchased costs increased from $7382.294 
to $7456.332, while the electricity purchased costs decreased from $2388.467 to $1776.031. The GT, when TOU is applied, operates 
in hour 1 and produces more power in hours 2 and 24 compared to the base case. The DR program and load shifting to off-peak and 
cheaper hours reduce the number of hours energy needs to be purchased from the main grid from 20 to 10 in case two.  

 

 
Figure 5. Pareto solutions for scenarios with and without DRP. 

 

Table 6. Pareto results of scenario one (without DRP). 
# Operation cost ($) Carbon emission (kg 1( )pu  2( )pu  1 2( ( ), ( ))Min pu pu   

1 9500.732 31247.116 1.00000000 0 0 
2 9505.730 30880.544 0.99535629 0.05263159 0.053 
3 9514.838 30513.972 0.98689392 0.10526319 0.105 
4 9524.622 30147.400 0.97780346 0.15789478 0.158 
5 9537.937 29780.828 0.96543231 0.21052638 0.211 
6 9556.125 29414.256 0.94853358 0.26315797 0.263 
7 9578.279 29047.685 0.92794998 0.31578942 0.316 
8 9605.599 28681.113 0.90256658 0.36842101 0.368 
9 9633.715 28314.541 0.87644361 0.42105261 0.421 
10 9664.468 27947.969 0.84787056 0.47368420 0.474 
11 9698.066 27581.397 0.81665419 0.52631580 0.526 
12 9736.392 27214.825 0.78104496 0.57894739 0.579 
13 9779.835 26848.253 0.74068145 0.63157899 0.632 
14 9835.762 26481.681 0.68871888 0.68421058 0.684 
15 9897.165 26115.109 0.63166848 0.73684217 0.632 
16 9966.216 25748.537 0.56751222 0.78947377 0.568 
17 10054.092 25381.965 0.48586539 0.84210536 0.486 
18 10158.776 25015.393 0.38860200 0.89473696 0.389 
19 10285.229 24648.821 0.27111273 0.94736855 0.271 
20 10577.026 24282.250 0 1 0 
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Table 7. Pareto results of scenario two (with TOU DRP). 
# Operation cost ($) Carbon emission (kg 1( )pu  2( )pu  1 2( ( ), ( ))Min pu pu   

1 8868.649 31569.164 1 0 0 
2 8877.768 31195.647 0.99265842 0.04999991 0.050 
3 8889.097 30822.129 0.98353761 0.09999996 0.100 
4 8907.255 30448.611 0.96891887 0.15000001 0.150 
5 8927.953 30075.094 0.95225521 0.19999992 0.200 
6 8953.215 29701.576 0.93191713 0.24999997 0.250 
7 8979.806 29328.058 0.91050910 0.30000001 0.300 
8 9008.038 28954.541 0.88777993 0.34999993 0.350 
9 9038.469 28581.023 0.86328037 0.39999997 0.400 
10 9072.187 28207.505 0.83613449 0.45000002 0.450 
11 9109.833 27833.987 0.80582624 0.50000007 0.500 
12 9150.126 27460.470 0.77338693 0.54999998 0.550 
13 9190.938 27086.952 0.74052978 0.60000003 0.600 
14 9239.505 26713.434 0.70142919 0.65000007 0.650 
15 9297.363 26339.917 0.65484855 0.69999999 0.655 
16 9362.414 25966.399 0.60247693 0.75000003 0.602 
17 9437.403 25592.881 0.54210436 0.80000008 0.542 
18 9533.991 25219.364 0.46434276 0.84999999 0.464 
19 9643.077 24845.846 0.37651920 0.90000004 0.377 
20 9774.472 24472.328 0.27073498 0.95000009 0.271 
21 10110.753 24098.811 0 1 0 

 

Table 8. Pareto results of scenario three (with RTP DRP). 
# Operation cost ($) Carbon emission (kg 1( )pu  2( )pu  1 2( ( ), ( ))Min pu pu   

1 9289.634 31107.707 1 0 0 
2 9291.128 30737.139 0.99866527 0.04999993 0.050 
3 9292.891 30366.570 0.99709022 0.09999999 0.100 
4 9299.352 29996.002 0.99131800 0.14999991 0.150 
5 9308.657 29625.433 0.98300497 0.19999997 0.200 
6 9318.809 29254.864 0.97393523 0.25000003 0.250 
7 9334.122 28884.296 0.96025469 0.29999996 0.300 
8 9353.085 28513.727 0.94331326 0.35000002 0.350 
9 9377.076 28143.159 0.92187984 0.39999995 0.400 
10 9405.361 27772.590 0.89661020 0.45000001 0.450 
11 9434.747 27402.021 0.87035692 0.50000007 0.500 
12 9467.307 27031.453 0.84126801 0.54999999 0.550 
13 9506.700 26660.884 0.80607454 0.60000005 0.600 
14 9553.922 26290.316 0.76388669 0.64999998 0.650 
15 9610.959 25919.747 0.71293018 0.70000004 0.700 
16 9675.206 25549.179 0.65553230 0.74999997 0.656 
17 9748.998 25178.610 0.58960697 0.80000003 0.590 
18 9841.912 24808.041 0.50659816 0.85000009 0.507 
19 9950.031 24437.473 0.41000530 0.90000001 0.410 
20 10079.544 24066.904 0.29429916 0.95000007 0.294 
21 10408.961 23696.336 0 1 0 

 

 
Figure 6. The energy balance of the power hub without DRP. 
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Figure 7. The energy balance of the power hub with TOU-DR. 

 

 
Figure 8. The energy balance of the power hub with RTP DR. 

 

This reduction is due to the multi-objective feature of the model. The power output by the CAES unit remains similar in both 
cases, but the power consumed by CAES varies based on the imported energy to the EH and the shifted load in hours such as (2:00-
8:00). The TOU DRP effectively shifts the load from peak to off-peak and cheaper periods, resulting in lower purchased power costs 
in case two and a slight decrease in emissions. Additionally, the load is distributed more efficiently.  The operational modes of the 
energy storage (ES) system oscillate between charging and discharging, contingent upon the time of day. For instance, at 16:00, the 
ES engages in charging mode, whereas it switches to discharging mode during the 13:00-15:00 interval.  

 
In scenarios devoid of a DR Program, the energy discharge rates escalate during peak hours, such as 9:00-21:00, and diminish at 

20:00, in response to TOU pricing dynamics. Conversely, in Case 2, with the DRP active, the ES system experiences increased 
utilization. As a result, the operation time and energy consumed by the EH power are decreased in case two. Figure 8 illustrates the 
energy flow through the power hub, without and with the RTP DR Program. Upon implementing RTP-DR, the cost of purchased gas 
rose from $7,382.294 to $7,432.484, while the cost of purchased electricity decreased from $2,388.467 to $2,113.474.  

Additionally, the GT generates more power during hours 2, 3, and 24 when RTP DR is applied, as opposed to the base case. In 
case three time periods in which energy is needed to buy from the main grid are reduced by 1 hour and less power is bought in 
expensive hours which is caused by the DR program and load shifting to off-peak and cheaper hours. The power output by the CAES 
unit is similar in both cases which are related to lower gas prices in this time period, but power consumed by CAES is changed based 
on import energy to the EH and shifted load in hours such as (2:00-4:00-6:00) in RTP DR case. RTP and DRP facilitate the 
redistribution of loads from peak to more economical off-peak periods. Consequently, in Case 3, the cost of purchased power is 
marginally reduced, and carbon emissions are decreased by the energy storage system (ES) operating in a charging mode during 
specific hours, such as 14:00, and switches to a discharging mode during other hours, such as 9:00, in cases where there is no DR 
program in effect. Additionally, the amount of energy discharged during hours like 13:00, 15:00, 21:00, and 20:00 is increased and 
decreased, respectively, by RTP-DRP. 

The energy flow of the cooling hub is illustrated in Figure 9-11, without and with DRPs, respectively. The primary supplier in 
the cooling hub is the electric chiller (EC), while the air conditioner (AC) and ice storage chiller (ISC) serve as secondary options 
during critical hours such as 9:00-20:00 when electricity prices are high. The operation pattern of the absorption chiller remains 
mostly the same in both case one and case two, except for hour 10, where the cooling output is significantly reduced due to the 
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implementation of DR. The ISC behaves similarly in both cases, indicating that DRPs have a minimal effect on cooling energy 
suppliers. 

The energy flow of the heating hub is depicted in Figures 12 and 13, without and with TOU DRP, respectively. The main heat 
suppliers in both cases are the GT, CHP, and EHP. The utilization of heat storage, GT, and CHP remains almost the same in both 
cases, with only the behavior of EHP differing in each operation hour, particularly at 24:00. The GB produces a minimal amount of 
adjustment heat, which is similar in both cases one and two.  

In the third scenario, the implementation of the RTP DR program yields a reduction in operational costs and a marginal increase 
in carbon emissions. Figure 8, 11, and 14 depict the power, cooling, and heating energy flows within the EHs, as well as the energy 
production from each device for Case 3, respectively. 

 

 
Figure 9. The energy balance of the cooling hub without DRP. 

 

 
Figure 10. The energy balance of the cooling hub with TOU DR. 

 
Figure 11. The energy balance of the cooling hub with RTP DR. 

-3000

-2000

-1000

0

1000

2000

3000

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Co
ol

in
g (

kW
)

Time (h)cac cec pcs-d cl

-3000

-2000

-1000

0

1000

2000

3000

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Co
ol

in
g (

kW
)

Time (h)cac cec pec-d cl

-3000

-2000

-1000

0

1000

2000

3000

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Co
ol

in
g (

kW
)

Time (h)
cac cec pec-d cl



A. Rastgou Journal of Green Energy Research and Innovation 
 

              

15  

 
Figure 12. The energy balance of the heat hub without DRP. 

 

 
Figure 13. The energy balance of the heat hub with TOU-DR. 

 

 
Figure 14. The energy balance of the heat hub with RTP-DR. 
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Figure 14 represents the energy balance of the cooling hub in the third case. The primary source of cooling is provided by the 
EC, while AC and ISC serve as alternative options during peak hours, specifically from 9:00 to 10:00, when electricity costs are 
elevated. The absorption chiller operation pattern is mainly the same in case 1 and case 3 except in hour 10 when the cooling output 
is increased to 71.290 with applying DR. The ISC works in more hours and produces more cooling in case 3, which proves RTP DR 
has more effects on cooling energy suppliants compared with RTP DR.  

The energy balance of the heating hub for the third case is demonstrated in Figure 14. The use of CHP is almost the same in both 
cases. The CHP unit's behavior is the same in all three cases, but it is acting very differently in Pareto front solutions with higher 
priority for operation costs. EHP behavior is different in each of its operation hours especially in (24:00) in DRP. GB produced a 
minimum amount of its adjustment heat which is similar in all cases. The ES charging and discharge are the same in both cases. The 
reduction in operation cost and carbon emissions in an EH system can be attributed to two main factors: the decrease in electricity 
consumption and the increased utilization of storage devices in conjunction with DR programs. Additionally, Figure 15-20 illustrate 
the charging and discharging of storage devices and the state of ES, CS, and HS in three EHs. It is worth noting that the utilization 
of storage devices is more prominent in DRP. 

 

 
Figure 15. The charging and discharging of electrical storage. 

 
Figure 16. The state of ES. 
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Figure 17. The charging and discharging of cooling storage. 

 

 
Figure 18. The state of CS. 

 

 
Figure 19. The charging and discharging of heating storage. 
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Figure 20. The state of HS. 

4.3. The comparison of different CAES storage capacities on objective functions 

This section aims to investigate the CAES storage capacity effect on objective functions. For this manner, 6 different levels of 
capacity are considered for the CAES unit in the model. As shown in Table 9, without considering the CAES unit in the model, 
operation cost and CO2 emission are 9879.419 $ and 26407.91 kg, respectively.  

Considering the CAES unit in the model with a capacity of 500 kW, operation costs and CO2 emission are reduced to 9835.76 $ 
and increased to 26481.7 kg, respectively. As shown in Table 9 and Figure 21 and 22, by increasing CAES unit capacity, operation 
cost is reduced, and CO2 emission is increased. For 800 kW and 900kW capacity, operation cost and CO2 emissions are almost the 
same, which shows that increasing the capacity of the CAES unit has no benefit for the system. As shown in Figure 21 optimal 
solution for a minimum amount of emission (number 20 or 21 solution in the Pareto chart  ( for different CAES capacities are the 
same. This is due to the CAES unit's CO2 emission which leads the CAES unit not to operate in these solutions. 500kW CAES capacity 
is the only capacity that can lead to operation cost and CO2 emission reduction at the same time compared with 0 capacities for 
CAES in lower number optimal solutions (number 1 to 13 solutions in Pareto chart . (  for example, in a minimum amount of operation 
cost and emission for 0kW capacity CAES are 9560.456$ and 31367.59kg, and for the 500kW capacity CAES are 9500.732$ and 
31247.12kg. 

 

Table 9. Sensitivity analysis of the proposed planning. 
CAES capacity (kW) Objective functions 
 Cost ($) Pollution (kg) 
0 9879.419 26407.91 
500 9835.76 26481.7 
600 9827.219 26494.1 
700 9816.6 26536.52 
800 9811.667 26564.52 
900 9811.545 26564.86 

 

 
Figure 21. Pareto solutions for different CAES capacity. 
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Figure 22. CAES sensitivity analyzed. 

5. Conclusion  

This paper proposes a comprehensive model of the microenergy grid as an EH system that can provide electricity, heating, and 
cooling from various sources. The system includes renewable energies, storage devices, and CAES systems. Reduction of operation 
costs and CO2 emission are investigated in three different cases for the proposed model. Multi-objective model is solved by the 
augmented epsilon constraint method to obtain Pareto solutions, and the optimal solution is chosen by the max-min fuzzy technique. 
A good trade-off solution is obtained by the augmented epsilon constraint method in comparison with other methods. TOU and RTP 
DRs are used to improve the economic and environmental aspects of the proposed EH. Optimal objective functions for the proposed 
EH are investigated in three cases which are the first case without DRP, the second case with TOU DR, and the third case with RTP 
DR. In the EH model for case study one without considering any DRP, results for operation cost and carbon emission are 9835.762 
$ and 26481.681 kg, respectively. Comparing the results of cases one and two shows that employing TOU-DR causes a 5.47% 
reduction in operation cost and a 0.53% (141.764kg) decrease in carbon emission. Furthermore, significant improvement has been 
made by the implementation of TOU-DR for operation costs and a small reduction in CO2 emission. Comparing the results of cases 
one and three shows that employing RTP DR causes a 2.285% reduction in operation cost and a 2.12% (561.934kg) decrease in 
carbon emission. Implementation of RTP DR has gained good operation cost and CO2 emission reduction for the proposed model 
objective functions. Different CAES capacities are applied in the model which shows using a CAES unit mainly will improve operation 
cost and increase CO2 emission in the proposed model. However, employing a CAES unit with 500kW capacity in some solutions 
can improve operation cost and CO2 emission, simultaneously. 

Nomenclature 

    t  Time index (h) 

t

ecC  
Output cooling of electrical chiller (kW) 

t

acC  
Output cooling of absorption chiller (kW) 

t

RTP
Pl  

Load demand considering real-time DRP (kW) 

t

DR
Pl  

Load demand with considering time of use DRP (kW) 

t

esE  
Stored energy of electricity storage (kWh) 

t

hsE  
Stored energy of heat storage (kWh) 

t

csE  
The stored energy of the ice storage tank (kWh) 

t

gbH
 

Output heat of gas boiler (kW) 

t

gtH
 

Waste Heat of gas turbine (kW) 
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t

acH
 

Input heat of absorption chiller (kW) 

pgM
 

Gas purchased cost ($) 

peM
 

Electricity purchased cost ($) 

t

gasP  
Input gas from gas grid (kW) t 

t

geP  
Input gas of gas turbine (kW) 

t

pvP  
Generated power by PV (kW) 

t

wtP  
Generated power by WT (kW) 

t

ghP  
Input gas of gas boiler (kW) 

t

gtP  
Generated power from gas turbine (kW) 

t

gcaesP
 

Input gas of gas CAES (kW) 

t

gchpP
 

Input gas of gas CHP (kW) 

t

gridP
 

Exchange power between the electricity grid and energy hub system (kW) 

t

buyP  
Import electricity power from the grid (kW) 

t

sellP
 

export electricity power to the grid (kW) 

t

gridP
 

Input power of chiller (kW) 

t

iceP  
Input power of the ISC’s chiller (kW) 

,

t

cs cP
 

Charging cool of ice storage conditioner (kW) 

,

t

cs dP
 

Discharging cool of ice storage conditioner (kW) 

,

t

hs cP
 

Charging heat of heat storage (kW) 

,

t

hs dP
 

Discharging heat of heat storage (kW) 

,

t

es cP
 

Charging power of electricity storage (kW) 

,

t

es dP
 

Discharging power of electricity storage (kW) 

SUC Startup cost of the CHP unit 

SDC shutdown cost of the CHP unit 

t

chpP ,
t

chpT  
Electricity/thermal generation of the CHP 

t

injectedV
 

The energy equivalent of injected air to CAES/combustion chamber 

t

pumpedV
 

The energy equivalent of pumped air to CAES/combustion chamber 
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.

t

consP
, .

t

genP  
The power consumed/output by/of CAES. 

tPS
 

The amount of stored energy in the CAES. 

t

trT  
Thermal output of the CAES 

t

EHPT
 

Thermal output of the EHP 

t

EHPP
 

Electrical input of the EHP 

t

esu  
The binary variable of electrical storage is 1 in charging mode otherwise 0 

t

hsu  
Binary variable of heat storage,1 in charging mode otherwise 0 

t

csu  
Binary variable of ISC, 1 in charging mode otherwise 0 

ec
COP  Coefficient for the performance of electrical chiller 

ice
COP  Coefficient for the performance of ice storage conditioner (ISC) 

ac
COP  Coefficient for the performance of absorption chiller 

tPl
 

Initial electricity demand (kW) 

min

esE  
Minimum stored energy of electricity storage (kWh) 

max

esE  
Maximum stored energy of electricity storage (kWh) 

min

hsE  
Minimum stored energy of heat storage (kWh) 

max

hsE  
Maximum stored energy of heat storage (kWh) 

min

csE  
Minimum stored energy of ice storage tank (kWh) 

max

csE  
Maximum stored energy of ice storage tank (kWh) 

   E Elasticity coefficient of RTP demand price 

max

gbH
 

Maximum output heat of gas boiler (kW) 

max

acH
 

Maximum input heat of absorption chiller (kW) 

max

,es cP
 

Maximum charging power of electricity storage (kW) 

max

,hs cP
 

Maximum charging heat of heat storage (kW) 

max

,cs cP
 

Maximum charging cool of ISC (kW) 

max

,es dP
 

Maximum discharging power of electricity storage (kW) 

max

,hs dP
 

Maximum discharging heat of heat storage (kW) 

max

,cs dP
 

Maximum discharging cool of ISC (kW) 
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max

gtP  
Maximum generated power from gas turbine (kW) 

max

wtP  
Maximum generated power by wind turbine (kW) 

max

gridP
 

Maximum exchange power between the electricity grid and energy hub system (kW) 

max

gasP  
Maximum of input gas from gas grid (kW) 

max

ecP  
Maximum input power of chiller (kW) 

max

iceP  
Maximum input power of the ISC’s chiller (kW) 

max

pvP  
Maximum generated power by photovoltaic system (kW) 

t

gP  
Gas price ($/kWh) 

avP  
Average electricity demand (kW) 

,
i i

Dn Up  Auxiliary variable for modeling MDT and MUT constraints 

min

RTP
 

Minimum amount of RTP ($) 

max

RTP
 

Maximum amount of RTP ($) 

t

RTP
 

Real-time pricing ($) 

t
 

Float factor of RTP 

dW  
Integrated of all energy demand (kW) 

e  
Equivalent emission coefficient of electricity (kg/kWh) 

g  
Equivalent emission coefficient of natural gas (kg/kWh) 

,es c
 

Charging efficiency of electrical storage 

,hs c
 

Charging efficiency of heating storage 

,cs c
 

Charging efficiency of cooling storage 

,es d
 

Discharging efficiency of electrical storage 

,hs d
 

Discharging efficiency of heating storage 

,cs d
 

Discharging efficiency of cooling storage 

ge
 

Gas turbine efficiency for generating power 

,gh gb
 

Gas boiler efficiency for generating heat 

,gh gt
 

Gas turbine efficiency for generating heat 

t  
Transformer efficiency 
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he
 

Efficiency of heat exchanger 

es
 

Energy loss ratio of electrical storage 

hs
 

Energy loss ratio of heat storage 

cs
 

Energy loss ratio of ISC 

max

chpP ,
min

chpP  
Upper/lower limits of the CHP units outputs. 

HV Heat value of the natural gas 

SU, SD The start-up and shut-down cost of CHP 

He
 

Efficiency of the CHP heat exchanger 

HPR Heat to power ratio of the CHP unit. 

Ramp upP −

 
Ramp-up rate of the CHP 

Ramp downP −

 
Ramp-down rate of the CHP 

chp
 

Electrical efficiency of the CHP unit. 

ie
,

pe
 

The efficiency of injected/produced power of the CAES system. 

max

pumpedV
 

Maximum level of pumped air from storage to combustion chamber 

min

pumpedV
 

Minimum level of pumped air from storage to combustion chamber 

max

ingectedV
 

Maximum level of injected air into the CAES system 

min

ingectedV
 

Minimum level of injected air into the CAES system 

min
PS  Minimum level CAES 

max
PS  Maximum level CAES 

EHP
COP  Coefficient of performance of the EHP. 
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A  B  S  T  R  A  C  T  

This paper investigates the wind energy potential in Markazi Province, Iran, focusing on three cities: 
Tafresh, Khomein, and Saveh. The primary objective of this study is to provide a comprehensive 
analysis of wind patterns using a combination of statistical approaches and artificial intelligence 
techniques. Wind data was collected from advanced meteorological stations in these cities over two 
years (2018–2020), including detailed measurements of wind speed and direction at 10-minute 
intervals. This high-resolution dataset facilitated an in-depth examination of wind behavior and its 
suitability for energy production. Statistical analysis was conducted using the Weibull distribution 
and wind rose diagrams, which provided insights into the wind characteristics and their spatial 
variations. Additionally, Long Short-Term Memory (LSTM) networks were employed to predict wind 
speeds and temporal trends. These models effectively captured the complex relationships within the 
wind data and produced highly accurate forecasts. The comparison of actual and predicted wind 
rose diagrams demonstrated a strong alignment, validating the reliability of the LSTM-based 
predictions in reflecting real-world wind patterns. The results of this study demonstrate that 
combining traditional statistical methods with modern machine learning techniques provides a 
robust framework for analyzing wind energy potential. By leveraging these tools, the study offers 
valuable insights for sustainable energy planning and supports informed decision-making for 
renewable energy investments in Markazi Province. 

1. Introduction

The study of wind speed patterns and the assessment of wind energy potential are critical in renewable energy planning [1].
Numerous studies have employed various techniques to analyze wind characteristics and evaluate wind energy potential across 
diverse regions. For example, the variability of wind speeds and power potential has been frequently examined using the Weibull 
distribution [2]. However, while the Weibull distribution remains a popular tool for modeling wind speed, its limitations in capturing 
multimodal and highly variable wind speed distributions are often overlooked.

In [3], the performance of three probability distributions, Weibull, Logistic, and Lognormal, was compared for wind speed 
modeling. The study highlighted that the Logistic distribution outperformed Weibull and Lognormal in certain cases, offering better 
accuracy for specific datasets. Nonetheless, these approaches heavily rely on static assumptions and often fail to adapt to rapidly 
changing meteorological conditions or seasonal variability. 

The assessment of wind energy potential in Turkey, as discussed in [4], provides valuable insights into high-potential regions 
such as Marmara, Aegean, and Southeastern Anatolia, emphasizing favorable wind speeds and densities. Despite this, the study relies 
on historical averages and static probability distributions, which might not fully reflect short-term variations or long-term trends in 
wind speed data. Additionally, regional assessments often lack integration with predictive frameworks that could dynamically 
evaluate wind speed fluctuations for better resource planning.  
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The use of statistical tools like probability density functions (PDFs) for wind speed modeling is well-established. For instance, 
combining the Weibull function with wind rose diagrams allows a more comprehensive understanding of wind patterns throughout 
the year [3]. Wind rose diagrams provide critical information about wind direction and frequency, aiding in the assessment of wind 
regimes for energy projects [5]. However, these methods predominantly offer descriptive insights and do not inherently account for 
predictive or real-time applications. 

Machine learning algorithms, such as support vector regression, random forests, and ensemble methods, have shown promise in 
predictive modeling of renewable energy systems [6,7]. Moreover, GIS-based multi-criteria decision-making has been explored for 
optimal site selection of renewable energy installations like solar power plants [8]. Despite these advancements, the application of 
machine learning models in wind energy often suffers from insufficient integration with statistical frameworks, leading to limited 
accuracy in capturing long-term wind speed trends. 

In [9], the impact of wind direction on the power output and income of wind farms was explored. This research proposed a 
modified quadratic power curve to account for wind direction variability, offering a novel method for predicting wind turbine output. 
However, the study heavily relies on historical data to complete the wind datasets. 

In [10], the feasibility of wind energy potential along the coastline of Pakistan is analyzed using predictive models and artificial 
neural networks (ANN) for forecasting wind data. While the study highlights Karachi as the most suitable location for wind farms, 
the ANN employed lacks sufficient precision in capturing long-term wind variability, limiting its reliability for accurate forecasting. 

Long Short-Term Memory (LSTM) neural networks, in particular, have gained recognition for their effectiveness in time series 
analysis, making them ideal for wind speed prediction over extended periods [11]. However, past studies employing LSTM networks 
often overlook the incorporation of domain-specific statistical insights, such as Weibull or wind rose analysis, which could enhance 
model interpretability and robustness. This highlights the need for hybrid approaches that combine statistical methods with machine 
learning techniques to address gaps in adaptability, accuracy, and contextual understanding of wind speed variations.  

Iran has made significant strides in the development of wind power plants, with notable projects scattered across the country. 
One of the earliest and most influential wind farms is the Manjil Wind Power Plant situated in Gilan. This pioneering onshore wind 
farm was commissioned in 1994 and boasts a capacity of around 90 MW. It played a pivotal role in jumpstarting wind energy 
production in Iran. Another remarkable wind farm in Iran is the Kahak Wind Farm located in Qazvin. It was commissioned in 2017 
and has been inaugurated in two phases, ultimately reaching a final capacity of 100 MW. This sizable wind farm stands as one of 
the largest in the country. Similarly, in Qazvin, the Siahpoosh Wind Farm was commissioned in 2018 and has a capacity of 61.2  
MW, contributing to the renewable energy landscape of the region. In addition to these larger wind farms, there are also smaller-
scale installations that deserve recognition. One such example is the Khaf Wind Turbine in Khorasan Razavi, installed by Aria Razi 
Company. With a capacity of 2.5 MW, it was commissioned in 2015. Furthermore, the Aoun Ben Ali Wind Power Plant in Tabriz and 
the Safa Wind Power Plant in Isfahan each have capacities of 0.66 MW. Overall, wind power in Iran has made noteworthy progress, 
with a daily electricity generation capacity of approximately 600 MW from wind sources alone. However, considering the country's 
total electricity generation capacity of around 90,000 MW, there is ample scope for further growth and the establishment of new 
wind power plants in regions like Markazi Province to meet the growing energy demand [2]. 

While wind power plants have been successfully developed in various regions of Iran, including Gilan, Qazvin, Neyshabur, 
Khorasan Razavi, and Isfahan, there remains ample potential for further expansion. One such region that could greatly benefit from 
the establishment of a wind power plant is Markazi Province. This province boasts favorable conditions for wind energy production 
due to its strong and consistent winds. Furthermore, its central location within Iran, proximity to major population centers, and high 
electricity demand make it an ideal candidate for the development of a wind power plant. Such a project in Markazi Province could 
significantly contribute to Iran's overall electricity generation capacity. The efforts and dedication of Iran's Renewable Energy and 
Electricity Efficiency Organization have contributed to the acquisition of valuable insights through their website. By examining the 
map provided on the website, we observe the regions prone to wind, visualized through distinctive red dots. These areas signify 
immense potential for the harnessing of wind energy and serve as promising locations for future renewable energy projects in Markazi 
Province. Considering the rich data available from the meteorological stations and the continued efforts in renewable energy 
development, Markazi Province stands as a promising hub for advancing sustainable energy solutions within Iran's broader energy 
landscape [12]. 

This study offers an in-depth analysis of wind patterns in Markazi Province, Iran, with a focus on three towns in the province, 
Tafresh, Khomein, and Saveh, using a hybrid approach. This information is crucial for the assessment of wind power potential and 
the development of wind energy projects in the region. To facilitate the analysis of wind patterns in the region, comprehensive 
meteorological stations have been established in these cities. The Tafresh, Saveh, and Khomein meteorological stations, renowned 
for their cutting-edge technology and reliable data, serve as invaluable sources of information for wind energy enthusiasts and 
researchers alike. However, Weibull distribution and wind rose visualization are combined with LSTM networks for advanced wind 
resource assessment. The use of LSTM networks is expected to capture complex spatiotemporal dependencies in wind data for 
accurate forecasting of wind speeds at different altitudes. By leveraging the strengths of statistical tools and modern machine 
learning, the proposed approach provides superior insights into wind speed variability. The innovation of this study lies in its hybrid 
methodology, which combines traditional statistical techniques with state-of-the-art machine learning algorithms. This approach not 
only enhances the accuracy of wind energy potential assessments but also facilitates a deeper understanding of spatiotemporal wind 
behavior. Moreover, this research highlights the potential of Markazi Province as a hub for renewable energy development, 
addressing a critical gap in the literature. By demonstrating the utility of LSTM models in wind resource assessment, the study sets 
a precedent for future applications of AI-driven techniques in renewable energy planning. 

This study has been folded as follows. In Section 2, we give some preliminaries. Section 3 analyses the wind data. LSTM is used 
to predict the wind speed in Section 4. Finally, the paper is concluded in Section 5. 
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2. Preliminaries 

2.1. Dataset 

In this study, we collected wind data from three meteorological stations Tafresh, Khomein, and Saveh for a period of two years, 
from 2018 to 2020. Tafresh, Khomein, and Saveh meteorological stations were chosen due to their strategic locations and availability 
of reliable wind data. These stations are equipped with advanced anemometers and meteorological instruments that accurately 
measure wind speed and direction. The data sampling was conducted at regular intervals of every 10 minutes, providing us with a 
comprehensive dataset to analyze wind patterns and assess wind power potential in the region. By collecting data at such high 
frequency, we were able to capture the fine-scale variations in wind behavior over two years. This level of temporal resolution allows 
for a detailed analysis of wind patterns and the identification of important trends and variations throughout different seasons and 
years. 

The wind data collected from these stations serves as a valuable resource for understanding the wind characteristics in the region 
and determining the wind energy potential. It provides insights into the prevailing wind directions, average wind speeds and wind 
speed fluctuations at different times of the day. 

Wind speed typically rises as altitude increases. Within the boundary layer, this rise occurs because friction diminishes at greater 
heights. In wind turbine engineering, the change in wind speed with elevation is often expressed relative to a standard measurement 
taken at 10 meters. This relationship can be modeled using a power law Equation, as shown below [13]: 
𝑉(ℎ) = 𝑣(10)(

ℎ

10
)𝛼 (1) 

Here, 𝑉(ℎ) represents the wind speed at a given height ℎ, 𝑉(10) is the wind speed recorded at the reference height of 10 meters 
by an anemometer, and 𝛼 is an exponent that fluctuates between 0.11 and 0.40, depending on factors like surface roughness and 
atmospheric conditions. For a smooth, open landscape under neutral stability, 𝛼 is commonly set at 0.14. Vallero demonstrated this 
power law approach using an exponent of 1

7
, which is roughly equivalent to 0.14. This value is suitable for low-roughness, exposed 

locations and has been widely adopted in research to map the vertical wind speed profile within the boundary layer. Accordingly, 
in our analysis, we applied an 𝛼 value of 0.14 to compute wind speeds at heights of 50 meters, 80 meters, 100 meters, and 120 
meters, based on wind speed data measured at the 10-meter anemometer level [14]. 

2.2. 2.1. Weibull parameters and probability assessment of wind power density 

Generally, wind speed data well matches the Weibull shape. Many studies have used the Weibull distribution and the following 
equations to assess the properties of wind speed and the corresponding wind power densities at various places around the world 
[13]. The Weibull wind speed probability density function can be represented as Equation (2): 

𝑓(𝑣) = (
𝑘

𝑐
) (

𝑣

𝑐
)
𝑘−1

𝑒𝑥𝑝 [−(
𝑣

𝑐
)
𝑘

] (2) 

Where 𝑓(𝑣) is the probability of observing wind speed 𝑣. Also, 𝑘 is the dimensionless Weibull shape parameter, and 𝑐 is the 
Weibull scale-parameter in 𝑚/𝑠. The shape parameter determines the shape of the distribution curve, indicating whether the wind 
speed data is skewed or bell-shaped. On the other hand, the scale parameter represents the wind speed at which the distribution 
reaches its maximum value, also known as the most probable wind speed. The Weibull shape and scale parameters 𝑘 and 𝑐 are 
related to the mean wind speed 𝑣𝑚 as Equation (3): 

𝑣𝑚 = 𝑐𝛤 (1 +
1

𝑘
) (3) 

where 𝛤 is the gamma function. After estimating the mean and the variance of the wind speed data, Weibull parameters, 𝑘 and 
𝑐, can be calculated as Equations (4) and (5): 

𝑘 = (
𝜎

𝑣𝑚
)−1.086                (4)  

𝑐 =
𝑣𝑚

𝛤 (1 +
1
𝑘
)
      (5) 

The most probable wind speed, 𝑣𝑚𝑝(𝑚/𝑠), defined as the most common wind speed for a given wind speed probability distribution 
function, can be expressed as Equation (6): 

𝑣𝑚𝑝 = 𝑐 (
𝑘 − 1

𝑘
)
1/𝑘

 (6) 

Wind speed corresponding to the maximum energy 𝑣𝑚𝑎𝑥(𝑚/𝑠) can be calculated by using the Weibull parameters 𝑘 and 𝑐 as 
Equation (7): 

𝑣max = 𝐶 (
𝑘 + 2

𝑘
)

1
𝑘

 (7) 
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Wind power density 𝑃𝑑(𝑊/𝑚2) can be determined as Equation (8): 

𝑃𝑑 =
1

2
𝜌𝑐3𝛤(1 +

3

𝑘
) (8) 

where 𝜌 is the density of air in kg/m3 [14,15]. 

2.3. LSTM neural network 

LSTM is a type of artificial recurrent neural network (RNN) architecture that has gained significant popularity in the field of deep 
learning. It is designed to effectively capture and process long-term dependencies in sequential data, making it particularly suitable 
for tasks such as natural language processing, speech recognition, and time series analysis. Traditional RNNs suffer from the  
"vanishing gradient" problem, where the gradients diminish exponentially over time, making it difficult for the network to learn 
long-term dependencies. LSTM addresses this issue by introducing a memory cell and several gates that regulate the flow of 
information within the network [16]. So, the key component of an LSTM cell is the memory cell, which stores information over long 
sequences (see Figure 1). The cell has an internal state that can be selectively updated or forgotten based on the inputs and the 
current state. This makes LSTMs capable of retaining relevant information over extended periods, enabling them to handle sequences 
with long gaps between important events. 

In addition to the memory cell, LSTMs contain three types of gates: the input gate, the forget gate, and the output gate. These 
gates are responsible for controlling the flow of information into and out of the memory cell [16,17]. The input gate determines 
which values from the input should be stored in the memory cell. It takes into account the current input and the previous hidden 
state. By applying a sigmoid activation function, it outputs values between 0 and 1, indicating how much of each input component 
should be stored [18]. The forget gate decides which information should be erased from the memory cell. It considers the current 
input and the previous hidden state and applies a sigmoid function to determine which parts of the memory cell should be forgotten. 
The output gate regulates the output of the LSTM cell. It combines the current input and the previous hidden state, passes them 
through a sigmoid function, and then applies the hyperbolic tangent function to the cell's current state to produce the final output. 

During the training process, the parameters of the LSTM network, including the weights and biases, are learned using 
backpropagation through time. This involves computing the gradients of the loss function with respect to the network's parameters 
and updating them using optimization algorithms such as stochastic gradient descent [17,19]. By incorporating memory cells and 
gating mechanisms, LSTMs excel at learning from and predicting sequences, making them valuable tools in a wide range of 
applications [17-20]. 

Based on the connections shown in Figure 1, the mathematical expressions can be expressed as follows: 

Forget gate: 𝑓𝑡 = 𝜎(𝑊𝑓ℎℎ𝑡−1 +𝑊𝑓𝑥𝑥𝑡 + 𝑏𝑓) (9) 

Input gate: 𝑖𝑡 = 𝜎(𝑊𝑖ℎℎ𝑡−1 +𝑊𝑖𝑥𝑥𝑡 + 𝑏𝑖) (10) 

Candidate Cell State: 𝑐𝑡̃ = 𝑡𝑎𝑛ℎ(𝑊𝑐̃ℎℎ𝑡−1 +𝑊𝑐̃𝑥𝑥𝑡 + 𝑏𝑐̃) (11) 

Cell State Update: 𝑐𝑡 = 𝑓𝑡 . 𝑐𝑡−1 + 𝑖𝑡 . 𝑐𝑡̃ (12) 

Output Gate: 𝑜𝑡 = 𝜎(𝑊𝑜ℎℎ𝑡−1 +𝑊𝑜𝑥𝑥𝑡 + 𝑏𝑜) (13) 

Hidden State: ℎ𝑡 = 𝑜𝑡. 𝑡𝑎𝑛ℎ( 𝑐𝑡) (14) 

Where 𝑊𝑓ℎ, 𝑊𝑓𝑥 , 𝑊𝑖ℎ, 𝑊𝑖𝑥 , 𝑊𝑐̃ℎ, 𝑊𝑐̃𝑥, 𝑊𝑜ℎ, and 𝑊𝑜𝑥 represent the weight matrices associated with different gates and 
transformations in the LSTM architecture. 𝑊𝑓ℎ and 𝑊𝑓𝑥  are weighted for the forget gate, 𝑊𝑖ℎ and 𝑊𝑖𝑥  for the input gate, 𝑊𝑐̃ℎ and 𝑊𝑐̃𝑥 
for the candidate cell state, 𝑊𝑜ℎ and 𝑊𝑜𝑥 for the output gate. They determine how much influence the previous hidden state ℎ and 
current input 𝑥 have on the computation of each gate or transformation. ℎ𝑡−1 represents the previous hidden state at time (𝑡 − 1) 
while 𝑥𝑡 denotes the input at time 𝑡. These are the main sources of information that LSTM cells use to update their internal states 
and produce outputs. 𝑏𝑓, 𝑏𝑖, 𝑏𝑐̃, and 𝑏𝑜 are bias terms associated with the forget gate 𝑏𝑓, input gate 𝑏𝑖, candidate cell state𝑏𝑐̃, and 
output gate 𝑏𝑜. Bias terms allow the LSTM to introduce shifts in the activation functions, aiding in learning and capturing relevant 
patterns in the data. 𝑐𝑡 represents the cell state at time 𝑡, capturing and preserving long-term information. ℎ𝑡 denotes the hidden 
state or output of the LSTM cell at time 𝑡, which may be passed to subsequent layers or used for further processing. 𝑜𝑡 represents the 
output gate activation, determining which parts of the cell state should be transmitted to subsequent stages. 𝑐̃(𝑡) denotes the 
candidate cell state, offering potential updates to the cell state. 𝑖𝑡 represents the input gate activation, controlling the flow of new 
information into the cell state. 𝑓𝑡 denotes the forget gate activation, determining what information from the previous cell state should 
be retained or discarded. Finally, 𝑐𝑡−1 is the previous cell state, providing context for the update of the current cell state [17]. 
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3. Analysis of wind data 

The distribution of wind speeds plays a crucial role in the assessment of wind power potential for the installation of a wind power 
plant. In this study, the Weibull distribution function was utilized to analyze the wind distribution characteristics at three different 
wind stations in Tafaresh, Khomein and Saveh. To better visualize the wind distribution patterns, Figure 2 presents the Weibull 
distribution graphs for the three wind stations. The x-axis represents wind speed, while the y-axis represents the probability density 
function (PDF). 

Table 1 displays the scale and shape parameters obtained for each of the three wind stations. This distribution effectively models 
the statistical characteristics and variability of wind speed using two main parameters: 

- Shape parameter (k): Represents the concentration or uniformity of the wind speed distribution. Higher values of (k) indicate a 
more uniform and narrower distribution of wind speeds. 

- Scale parameter (c): Reflects the average wind speed, and has a significant impact on the amount of energy that can be extracted 
from the wind. 

- Tafresh: Indicates low wind speeds and relatively wide variability. 
- Khomein: Suggests higher wind speeds and more uniformity compared to Tafresh. 
- Saveh: Represents the most uniform wind distribution and the highest average wind speed among the three regions.  
The wind power density (WPD) is the measure of the amount of energy available in the wind at a specific location [19, 21-23]. 

It is calculated by multiplying the air density by the cube of the wind speed. WPD is usually expressed in watts per square meter 
(W/m2). The higher the WPD, the more suitable the location is for wind energy generation. In this study, we calculated the WPD for 
three meteorological stations in Iran: Tafresh, Khomein, and Saveh. We assumed a standard air density of 1.225 kg3 and a wind 
turbine height of 80 m. 

The calculation of wind power density at an altitude of 80 meters indicates that Saveh, with 38.85 W/m2 has the highest potential 
for wind energy exploitation. This value highlights the favorable wind conditions in the region for installing high-performance wind 
turbines. Khomein, with a wind power density of 16.17 W/m2 also shows considerable potential for developing wind energy projects, 
particularly for medium-scale applications. In contrast, the wind power density in Tafresh, at 2.27 W/m2 is very low, indicating that 
the wind conditions in this region are not economically viable for wind energy exploitation. This analysis underscores the importance 
of selecting suitable locations based on local wind data for designing and operating wind farms. 

3.1. Applications of the Data 

Estimating Wind Uniformity: Saveh, with the highest (k) value (5.45), has the most uniform wind distribution, meaning wind 
speeds in this region are concentrated within a specific range, and are more stable. This can contribute to more consistent turbine 
performance. 

 

 

Figure 1. Architecture of LSTM with a forget gate [15]. 
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Figure 2. Weibull distribution graphs for the three wind stations. 

 
Table 1. Shape parameters k (m/s) and scale parameters c (m/s) in the 2018-2020 period. 

 

 

 

 

 
Evaluating Energy Production Potential: The (c) parameter in Saveh (3.1) and Khomein (2.3) indicates higher average wind 

speeds compared to Tafresh (1.19), suggesting greater potential for wind energy production in these regions. 
Designing Suitable Turbines: Using the Weibull distribution data, turbines can be selected to match the wind speed distribution 

of each region. For example, turbines for Khomein and Saveh should be designed for higher wind speeds. 
Prediction with LSTM Models: Weibull parameters are key inputs for LSTM models to predict the temporal trends and variations 

in wind speed over different periods. 
Economic and Engineering Analysis: Weibull data indicates that Saveh, with higher uniformity and greater average wind speed, 

is a suitable option for wind energy investment. In contrast, Tafresh, due to its lower wind speeds, may not be economically viable 
for wind energy projects. 

4. Wind Data Analysis Using LSTM 

Modeling the wind data in the previous section and calculating the scale and shape parameters can help us in analyzing the wind 
speed in the area. Using these parameters obtained by artificial intelligence, which uses a two-layer LSTM network, the speed can 
be predicted, and the generated power will help in the future, in this way, we achieved very good accuracy. Figure 3 showcases a 
comparison between the actual and predicted wind speeds at the Khomein, Tafaresh, and Saveh wind stations in the central province 
of Iran. The x-axis represents the sample index, while the y-axis represents the wind speed in meters per second. In Figure 3, the 
blue line represents the actual wind speeds recorded at the respective stations. These values serve as the ground truth for evaluating 
the accuracy of the wind forecasting model. The orange line, on the other hand, represents the predicted wind speeds generated by 
the two-layer algorithm of artificial intelligence. Upon visual inspection, it is evident that the predicted wind speeds closely align 
with the actual wind speeds. The model successfully captures the underlying patterns and trends in the wind data, resulting in 
accurate predictions. The closeness of the red line to the blue line indicates the model's ability to capture the dynamics of wind 

Parameters Tafresh Khomein Saveh 

K 4.06 4.37 5.45 

C 1.19 2.3 3.1 
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behavior in the central province of Iran. The figure provides valuable insights into the performance of the two-layer algorithm in 
wind forecasting. It demonstrates the algorithm's effectiveness in capturing the complex relationships and dependencies in the wind 
data, enabling accurate predictions. 

Figure 4 shows the wind roses derived from the actual measured data. The LSTM-based predictions were compared, and they 
demonstrated a remarkably close resemblance. The wind direction distribution and wind speed frequencies exhibited a strong 
alignment, indicating the effectiveness of the LSTM algorithm in capturing the underlying patterns and characteristics of the wind 
behavior in the study areas. The level of approximation between the real and predicted wind roses suggests the reliability and 
potential utility of the LSTM model for wind forecasting in the Markazi Province of Iran. 

In this study, wind forecasting was performed in three stations, namely Tafarsh, Khomein, and Saveh, located in the Markazi 
Province of Iran. The wind patterns observed at these stations were compared with the predictions generated by the double-layer 
LSTM (Long Short-Term Memory) algorithm. To evaluate the performance and accuracy of the algorithm, three important evaluation 
metrics were utilized: Mean Squared Error (MSE), Mean Absolute Error (MAE), and R-squared coefficient. 

MSE represents the average squared difference between the predicted wind values and the observed wind values at each station. 
It provides a measure of the model's ability to minimize prediction errors. Similarly, MAE indicates the average absolute difference 
between the predicted and observed wind values, giving insights into the magnitude of errors. Additionally, the R-squared coefficient, 
also known as the coefficient of determination, assesses the goodness-of-fit of the predicted wind values against the actual wind 
values. It represents the proportion of variance in the observed wind patterns that can be explained by the LSTM model. A higher R-
squared value indicates a better fit and higher predictive accuracy. 

To present a comprehensive analysis, these evaluation metrics were calculated for all three stations, and the results are tabulated 
in Table 2. The table provides a concise summary of the model's performance, allowing for a direct comparison of MSE, MAE, and 
R-squared values across the stations. The inclusion of this table enhances the clarity and transparency of our findings, enabling 
readers to easily interpret and assess the predictive capabilities of the double-layer LSTM algorithm in wind forecasting. 

 
Table 2. Three parameters to measure the accuracy of the obtained model for three stations. 

 Tafresh Khomein Saveh 
MSE 0.0017 0.0029 0.0012 
MAE 0.0292 0.0377 0.0256 

R-squared 0.8838 0.8719 0.9183 
 

 
Figure 3. Comparison between the actual and predicted wind speeds at Khomein, Tafaresh and Saveh. 
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Figure 4. Comparison between actual and predicted wind roses of three stations in the two years of 2018-2020. 
 

5. Conclusion 

This study provides a detailed assessment of wind energy potential in Markazi Province, Iran, focusing on the cities of Tafresh, 
Khomein, and Saveh. Using a combination of statistical methods and artificial intelligence techniques, it evaluates wind patterns, 
temporal variations, and energy potential in these regions. Data collected over a two-year period from advanced meteorological 
stations formed the basis for analyzing wind speed and direction, enabling a comprehensive understanding of wind behavior. 

The Weibull distribution and wind rose diagrams revealed significant variations in wind characteristics across the three locations. 
Saveh emerged as the most suitable area for wind energy development, given its consistent and higher wind speeds, while Khomein 
showed moderate potential for medium-scale projects. Conversely, Tafresh exhibited limited wind energy potential, making it 
economically unsuitable for large-scale wind farm investments. 

The use of Long Short-Term Memory (LSTM) neural networks added value by predicting wind speeds and temporal patterns with 
high accuracy. The alignment between the actual and predicted data validated the model's reliability in capturing wind dynamics, 
including direction and frequency. This predictive capability is crucial for planning future wind energy projects and optimizing 
energy production strategies. 

The calculation of wind power density (WPD) further supported these findings, with Saveh showing the highest potential for 
efficient wind energy exploitation. These insights underline the importance of site-specific data in designing wind farms and selecting 
appropriate technologies for maximum efficiency. 

This research demonstrates the effectiveness of combining statistical and machine learning techniques in wind resource 
assessment. By leveraging these approaches, decision-makers can make informed choices about renewable energy investments, 
enhancing sustainability in energy production. Additionally, the study emphasizes the role of wind energy in reducing dependence 
on fossil fuels, mitigating environmental impacts, and supporting Iran's goals for sustainable development.  
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A  B  S  T  R  A  C  T  

The research introduces a hybrid light trapping structure designed to enhance the absorption 
bandwidth in carbon-based perovskite solar cells. Silver nanoparticles coated with silica are included 
within the active layer of this structure. An anti-reflective coating is applied to the upper surface to 
enhance the absorption of additional wavelengths. The influence of geometric parameters, such as 
the radius and period of silver nanoparticles, the thickness of the silica protective shell, and the 
thickness of the anti-reflection coating, on light absorption is examined. The finite difference time 
domain technique in Lumerical software is employed to examine the specified parameters. A carbon-
based perovskite solar cell was first introduced as a reference, followed by an examination of the 
proposed structure utilizing various geometric light absorption factors. The simulation findings 
indicate that nearly total light absorption may be attained using the ideal structural parameters for 
a 600 nm thick perovskite layer utilizing this configuration. A short-circuit current density of 25.264 
mA/cm² can be attained utilizing silver-silica nanoparticles with a radius of 100 nm, a period of 280 
nm, and a 60 nm thick PMMA anti-reflection coating over a 600 nm thick perovskite layer. This 
metric indicates a 22% enhancement relative to carbon-based perovskite solar cells lacking light 
control. The suggested hybrid light-trapping architecture enhances light usage and reduces material 
consumption in carbon-based perovskite solar cells. 

1. Introduction

Improving the absorption bandwidth in carbon-based perovskite solar cells (CBPSCs) can significantly enhance their efficiency
by allowing them to capture a broader spectrum of sunlight. A combined light trapping structure is one approach to achieve this. 
Here are some key aspects and strategies involved: 

1. Concept of Light Trapping:
• Light Trapping Structures: Implementing structures such as textured surfaces, photonic crystals, or nanostructures can

increase the effective path length of light within the active layer of the solar cell, resulting in more absorption.
• Multiple Scattering: Light trapping techniques can lead to multiple scattering events that allow light to be absorbed more

effectively, particularly in thinner films.
2. Carbon-based Perovskites:
• Advantages: Carbon-based perovskites, such as MAPbI3 (where MA is methylammonium) or FAPbI3 (formamidinium), are

known for their stability and non-toxicity compared to traditional lead-based perovskites.
• Higher Bandgap Tuning: These materials can be engineered to have a bandgap that is better suited for light absorption in

the visible and near-infrared regions.
3. Strategies for Enhancing Absorption Bandwidth:
• Use of Nanostructures: Incorporating nanoparticles or nanowires into the perovskite layer can scatter light and enhance

absorption over a wider range of wavelengths.
• Hybrid Structures: Combining organic materials with perovskites or using layered structures can help in optimizing the light

absorption characteristics.
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• Optimizing Thickness: Adjusting the thickness of the perovskite layer can also play a crucial role, as an optimal thickness 
can maximize light absorption while maintaining charge transport efficiency. 

4. Simulation and Modeling: 
• Optical Simulations: Computational techniques, such as finite-difference time-domain (FDTD) simulations or transfer matrix 

methods, can be utilized to model light interaction with the device and optimize the design of the light-trapping structures. 
5. Experimental Validation: 
• Device Fabrication: Fabricating devices using the proposed light trapping structures and testing them under standard solar 

conditions can help in evaluating their performance and absorption characteristics. 
• Characterization Techniques: Employing techniques such as UV-Vis spectroscopy can help in measuring the absorption 

spectra and understanding how effectively the device captures light across different wavelengths. 
Recently, perovskite solar cells (PSCs) have attracted the attention of many researchers in electronics because of lower 

manufacturing cost and good optical features [1-3]. The efficiency of these cells has increased from 3.8% in 2009 to 25.5% in 2020 
[4,5]. Most high-efficiency perovskite cells use a metal electrode such as gold or silver as the back electrode because these electrodes 
act as a reflector for light that is not absorbed in the initial passage through the cell and by reflecting this light, they increase the 
light path in the active layer, thus improving absorption [6]. Of course, in addition to numerous advantages, the metal electrode 
also has disadvantages such as increased manufacturing cost and low stability. Carbon is used as a substitute for the metal electrode 
in carbon-based perovskite cells (CBPSCs) due to its low price, excellent stability, abundance of materials, and effective operability. 
Despite these advantages, carbon, due to its non-reflective nature, limits the optical gain of the cell, especially at long wavelengths 
that are not absorbed in the primary path [7]. Therefore, the use of optical trapping approaches to raise the optical path in CBPSCs 
is crucial. The conventional light trapping methods cannot be adopted for PSCs because of the large compound size compared to the 
thickness of the perovskite. Thus, nanometer-scaled light trapping structures, like plasmonic metal nanoparticles, photonic crystals, 
diffraction gratings, and anti-reflection layers, are preferred to reach larger light absorption in PSCs. With the same token, the 
plasmonic impacts of metal nanoparticles are extensively incorporated to improve the operation of solar cells thanks to their ease of 
manufacturing process. Surface plasmon resonance in PSCs have greatly been focused lately and many works have been presented 
in this realm [8]. Placing metal nanoparticles in the perovskite active layer (PAL) and exciting the surface resonances assists in 
improving the electric field around the nanoparticles and enhance the light absorption [9]. Meanwhile, silver nanoparticles are 
suitable for photovoltaic applications due to their strong plasmonic resonances. Nonetheless, because of their strong reactivity with 
halide ions, silver nanoparticles are easily corroded when directly contacted with perovskite. In addition, their direct contact creates 
electric charge recombination regions [10]. When silver nanoparticles are coated with silica materials to prevent direct contact with 
the active layer, more acceptable performance is achieved for photovoltaic systems. Up to this date, a majority of studies related to 
light trapping have focused on single structures, few of which have studied the combination of different light management schemes 
[11]. While prior studies have independently explored plasmonic nanoparticles (e.g., Ag) or anti-reflective coatings (e.g., PMMA) 
for light trapping, their synergistic integration in carbon-based perovskite solar cells (CBPSCs) has not been systematically 
investigated. Existing designs suffer from either narrow bandwidth (e.g., SiO₂-only coatings) or instability (e.g., Ag aggregation). 
This work introduces a hybrid Ag-SiO₂/PMMA structure that uniquely combines plasmonic resonance (400–800 nm) with graded 
refractive index matching, achieving a 25% enhancement in JSC compared to conventional configurations. The novelty lies in 
optimizing the nanoparticle core-shell ratio (Ag:SiO₂ = 3:1) to minimize parasitic absorption while ensuring compatibility with 
solution-processed carbon electrodes. In addition to providing silver nanoparticles with silica coating, an anti-reflective coating of 
polymethyl methacrylate (PMMA) has been placed on the front surface of the cell to absorb long wavelengths. This material is a 
synthetic polymer. It is a very hard, transparent material with excellent resistance to ultraviolet radiation and air. Its light-conducting 
property is the most prominent feature of this material, which are able to positively enhance the light absorption bandwidth in 
CBPSCs. 

The paper is structured as follows: Section 2 details the simulation framework, including material parameters, boundary 
conditions, and optical models. Section 3 presents the optimization of Ag/SiO₂ nanoparticle geometry (radius, period) and PMMA 
coating thickness, evaluating electrical performance, highlighting trade-offs between JSC enhancement and voltage stability, 
discussing fabrication challenges and future experimental directions. Conclusions are summarized in Section 4. 

2. Fundamentals and simulation details 

 The FDTD simulations were performed using Lumerical Suite 2022, with a mesh size of 1 nm to resolve nanoparticle geometries. 
Periodic boundaries conditions were applied along the x-y axes, and perfectly matched layers (PMLs) were used in the z-direction to 
suppress artificial reflections. A convergence test confirmed that a simulation time of 1,000 fs ensured numerical stability. The optical 
absorption was calculated using Equation (1), where the divergence of the Poynting vector (∇⋅S∇⋅S) accounts for both absorption 
and scattering losses in the active layer. Figure 1 illustrates the schematic of the carbon-based perovskite cell, depicting both the 
suggested structure and the reference carbon-based perovskite cell, which comprises five layers: ITO, TiO2, CH3NH3PbI3, Spiro-
OMeTAD, and a carbon electrode. The thicknesses of these five layers are 50 nm, 90 nm, 400 nm, 70 nm, and 100 nm, respectively. 
CH3NH3PbI3 was selected as the active layer because of its ease of production and appropriate energy bandgap. Spiro-OMeTAD was 
employed as the hole transport layer (HTL) because to its prevalent utilization in high-efficiency perovskite cells at the laboratory 
scale. The complicated refractive index of these materials, utilized to characterize their optical properties, is sourced from multiple 
databases and publications [12,13]. Key simulation parameters and assumptions are given in Table 1, during the simulation; we 
implemented periodic boundary conditions and a perfectly matched layer (PML) in the lateral and incidence directions of the light 
source, respectively. A plane wave light source with a wavelength range of 300 nm to 800 nm was examined, aligning with the 
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energy gap of the perovskite (1.55 eV). 
The absorbed optical power per unit volume (Pabs) can be expressed as: 

𝑝𝑎𝑏𝑠 =  −
1

2
𝓌|𝐸|2𝑖𝑚𝑎𝑔(𝜀)                                                                                                                                              (1) 

 
Equation (1) assumes a linear optical response and neglects non-linear effects, as the incident light intensity is within the typical 

solar irradiance range (~100 mW/cm²). The permittivity (ε) is treated as wavelength-dependent, derived from experimentally 
validated data [12,13], ensuring the model aligns with real material behavior. Carrier generation rates are presumed proportional 
to the local electric field intensity, a valid approximation under low-injection conditions. 

In this context, imag(ε) denotes the imaginary component of the material's permittivity, ω signifies the angular frequency of the 
light, and |E| indicates the intensity of the electric field. To examine the variations in solar cell performance with and without light 
trapping structures, we computed the absorption enhancement factor (G), defined as follows [14]. 

 
𝐺 =

∫ 𝜆𝑃𝐿𝑇(𝜆)𝐼𝐴𝑀1.5(𝜆)  𝑑𝜆

∫ 𝜆𝑃𝑟𝑒𝑓(𝜆)𝐼𝐴𝑀1.5(𝜆)𝑑𝜆
                                                                                                                                                     (2) 

 
Equation (2) quantifies absorption enhancement by comparing the integrated absorbed power (PLT) of the proposed structure to 

a reference cell. The AM1.5G spectrum weights each wavelength, ensuring relevance to real-world solar conditions. This metric 
excludes parasitic absorption in Ag nanoparticles, focusing solely on useful perovskite absorption a critical distinction from prior 
works [8,9]. 

Pref (λ) and PLT (λ) denote light absorption in the absence and presence of the light trapping structure, respectively. The undesired 
absorption of metal nanoparticles mostly transforms light energy into heat rather than enhancing the light flow; hence, we focused 
solely on the absorption of perovskite in our light flux calculations, omitting the light absorbed by plasmonic nanoparticles. IAM1.5(λ) 
is the air mass of the solar spectrum radiation, quantified as 1.5. Assuming that all electron-hole pairs are captured by the electrodes, 
the short-circuit current density (JSC) can be computed as follows in Equation (3) [15]. 
𝐽𝑆𝐶 = 𝑒 ∫

𝜆

ℎ𝑐
𝑃𝑎𝑏𝑠 (𝜆)𝐼𝐴𝑀1.5(𝜆)𝑑𝜆                                                                                                 (3) 

 
Note that h is Planck's constant, λ denote the wavelength, c represents the speed of light in free space, and e denotes the initial 

charge. 
 
 

                      
                                                             (a)                                   (b) 

Figure 1. a) Reference perovskite cell, b) Proposed perovskite cell. 
 

Table 1. Key simulation parameters and assumptions. 

Parameter Value/Range Source 

Perovskite thickness 200–1000 nm Optimized in this work 

Ag nanoparticle radius 20–140 nm Section 3.1 

PMMA coating thickness 0–100 nm Section 3.4 

Illumination spectrum AM1.5G (300–800 nm) ASTM G173-03 

Mesh accuracy 2 nm Lumerical default settings 
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3. Results and discussion 

3.1. Optimization of nanoparticle radius 

This section examines the influence of the core radius (R) of core-shell silver-silica (Ag/SiO2) nanoparticles on absorption 
enhancement. This is a significant area of study in nanotechnology and plasmonics, particularly in applications such as photothermal 
therapy, biosensing, and enhancing the photonic response in solar cells. Here are some key points regarding how the core radius 
affects absorption enhancement: 

1. Plasmon Resonance: 
• Localized Surface Plasmon Resonance (LSPR): Core-shell Ag/SiO2 nanoparticles exhibit plasmonic behavior due to the 

presence of silver. The plasmonic resonance is highly sensitive to the size, shape, and environment of the nanoparticles. 
• Impact of Core Radius: The core radius directly affects the resonance frequency of the localized surface plasmons. Generally, 

as the core radius increases, the resonance shifts in wavelength and can lead to enhanced absorption at longer wavelengths 
(red shift). 

2. Absorption Enhancement Mechanisms: 
• Scattering and Absorption: Larger core radii can lead to increased scattering cross-sections. This results in a higher ratio of 

light scattered by the nanoparticles, which can enhance the effective absorption when these nanoparticles are illuminated. 
• Near-Field Enhancement: The electromagnetic field near the surface of the nanoparticles amplifies the light intensity. This 

near-field effect can be more pronounced for larger nanoparticles, leading to higher absorption rates within adjacent 
materials, such as a perovskite layer in a solar cell. 

3. Hybridization of Plasmon Modes: 
• Multiple Modes of Resonance: Core radius can affect the hybridization of plasmon modes in the core and shell materials. 

When R increases, the interactions between these modes can lead to more complex resonance behaviors, which can be 
engineered to optimize absorption characteristics. 

• Effect of Shell Thickness: The thickness of the silica shell also plays a role. A thicker shell may shield the core's plasmonic 
effect, while an optimal thickness can fine-tune the plasmonic resonance and enhance absorption capabilities. 

4. Absorption Spectrum Tuning: 
• Dependence on Composition: The material properties, including the dielectric constant of the shell (SiO2) and the core (Ag), 

affect how the absorption spectrum changes with varying R. This allows for fine-tuning the absorption spectrum according 
to application needs, such as targeting specific wavelengths for photothermal applications. 

5. Applications in Enhancing Photovoltaics: 
• In Solar Cells: Incorporating Ag/SiO2 nanoparticles into the active layer of solar cells can improve light absorption and 

efficiency. The ability to tune the core radius allows researchers to maximize the light-trapping effect, leading to better 
performance in energy conversion. 

6. Experimental and Simulation Studies: 
• Optimization Studies: Experimental studies and numerical simulations (e.g., FDTD methods) can be employed to investigate 

how varying the core radius influences absorption rates. These studies are crucial in determining the optimal design for 
specific applications. 

 
In this particular study, the radius of the silver nanoparticles ranges from 20 to 140 nm, with a constant shell thickness of 2 nm 

and a fixed period of 300 nm. Figure 2 illustrates the absorption spectra within the PAL as a function of nanoparticle radius. Table 
2 and Figure 2(b) illustrate that the absorbance enhancement coefficient (G) varies with nanoparticle radius. Initially, G increases 
with the nanoparticle radius, attaining a peak value of 1.106 at a radius of 100 nm, before thereafter declining with further increases 
in radius. Larger metal nanoparticles, as illustrated in Figure 3, are correlated with increased light scattering in their vicinity, 
resulting in greater absorption enhancement. Nonetheless, when the radius beyond a specific threshold, the advantageous optical 
impact of the nanoparticles fails to offset the depletion of active material, hence constraining the overall absorption. The simulation 
indicates that a core radius of 100 nm yields optimal enhancement in light absorption. Figure 2(b) demonstrates that the 
incorporation of silver-silica nanoparticles enhances light absorption at longer wavelengths, specifically from 600 to 800 nm, in 
contrast to light absorption without light trapping. This enhancement results from the activation of localized surface plasmon 
resonances inside the active layer. The electric field generated by plasmon excitation enhances light absorption in the active layer. 
Moreover, the nanoparticles serve as scattering centers for light emission, extending the route length for photons and consequently 
enhancing their absorption probability in the active layer. Consequently, the core radius of silver-silica nanoparticles is deemed to 
be 100 nm in the next calculations. 

 
Table 2. G values as a function of nanoparticle radius. 

140 120 100 80 60 40 20 Radius(nm) 

1.0558 1.0802 1.1068 1.0783 1.0416 1.0176 1.0016 G 
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(a) (b) 

Figure 2. Absorption spectrum (a) and absorption enhancement factor (b) of the active layer as a function of nanoparticle radius. 
 

 

Figure 3. Electric field intensity profiles for radii of 40, 100, and 140 nm generated using Lumerical FDTD simulations. 
 

3.2. Optimization of the period of nanoparticles  

This section examines the influence of the period (P) of silver-silica nanoparticles by calculating the variations in G and the 
absorption spectra for various periods, maintaining a constant radius of 100 nm. The period (P) of silver-silica (Ag/SiO2) 
nanoparticles, particularly in a structured array or periodic arrangement, can significantly influence their optical properties, 
including absorption and scattering characteristics. Here are some key aspects regarding the influence of the period on the behavior 
and performance of these nanoparticles: 

1. Periodic Structures and Plasmonic Effects: 
• Plasmonic Coupling: When silver nanoparticles are arranged in a periodic manner, they can exhibit coupling effects due to 

their plasmonic resonances. The spacing (period) affects how these resonances interact, leading to collective behaviors that 
can modify the overall optical response. 

• Bragg Diffraction: In periodic structures, the arrangement can lead to Bragg diffraction effects, where certain wavelengths 
of light are strongly reflected or transmitted based on the periodicity of the structure. 

2. Absorption Enhancement: 
• Tuning Absorption Peaks: The period of the nanoparticles can be engineered to tune the LSPR absorption peaks. Periodic 

arrangements can enhance the effective absorption of light by enabling constructive interference for specific wavelengths, 
thus amplifying absorption at those wavelengths. 

• Enhanced Local Fields: As the period becomes comparable to the wavelength of light, the interactions among the 
nanoparticles can create enhanced localized electric fields, thereby increasing the absorption of light in the material 
interacting with the nanoparticles, such as a nearby semiconductor in solar cells. 

3. Optical Band Structure: 
• Photonic Band Gaps: The arrangement of nanoparticles can create a photonic band gap where certain wavelengths are 

prevented from propagating. This can be utilized to selectively enhance absorption at specific wavelengths, depending on 
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the design of the periodic structure. 
• Modified Dispersion Relations: The period affects the dispersion relations of the plasmons, potentially leading to new modes 

that can absorb light more effectively. 
4. Effect on Energy Transfer: 
• Near-field Coupling: The distance between nanoparticles (i.e., the period) influences near-field interactions. A shorter period 

can enhance energy transfer between nanoparticles, allowing for efficient coupling to nearby materials or adjacent 
nanoparticles. 

• Spatial Distribution: The geometrical arrangement provided by the period can impact how energy is transferred, absorbed, 
or scattered in a composite system, particularly in applications like photothermal therapy or in photovoltaics where energy 
distribution is critical. 

5. Dependence on Polymer/Matrix Material: 
• Matrix Interaction: The surrounding medium or matrix (e.g., SiO2) affects how the period influences the optical properties. 

The dielectric contrast between the silver core and the silica shell, along with the matrix material, can significantly alter 
how the period impacts the absorption and scattering. 

6. Simulation and Experimental Validation: 
• Computational Modeling: Numerical simulations, such as Finite Element Method (FEM) or FDTD methods, can provide 

insights into how changing the period influences the operational parameters of the nanoparticles. 
• Experimental Measurements: Experimental techniques like UV-Vis spectroscopy, scattering measurements, and surface-

enhanced Raman spectroscopy (SERS) can be used to confirm theoretical predictions on the effects of period on absorption 
and other optical characteristics. 

 

The nanoparticle period ranges from 220 nm to 360 nm in 20 nm increments. Figure 4 and Table 3 indicate that the value of G 
enhances with an increasing period until the nanoparticle period attains its maximum at 280 nm. This enhancement is ascribed to 
the augmentation of the local field. When the nanoparticle period exceeds 280 nm, both G and absorption progressively diminish, 
as elucidated by the optical transmission spectrum in Figure 5. The transmission from the active layer initially diminishes as the 
nanoparticle period increases from 220 to 280 nm, subsequently rising with further increases in the nanoparticle period. This suggests 
that the incident light is not efficiently absorbed by the active layer; instead, it passes through the rear surface of the perovskite 
layer. 

 
 Table 3. G values are a function of nanoparticle period. 

Period(nm) 220 240 260 280 300 320 340 360 
G 1.101 1.107 1.124 1.134 1.123 1.110 1.108 1.100 

 

  

(a) (b) 

Figure 4. a) Absorption spectrum, b) Active layer absorption enhancement factor as a function of nanoparticle period generated using Lumerical FDTD 
simulations. 
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Figure 5. Transmission spectra vs nanoparticle period. 

3.3. Effect of silica shell thickness 

This section examines the impact of the shell thickness of core-shell silver-silica nanoparticles on absorption enhancement. The 
slender dielectric layer enveloping the silver nanoparticles not only inhibits direct metal-perovskite contact but also mitigates charge 
recombination at the semiconductor-metal interface and influences the optical performance of the nanoparticles; thus, simulating its 
impact on the electric field distribution is crucial. Figure 6 and Table 4 provide the impact of silica shell thickness on light absorption 
and short-circuit current. The silica shell's existence restricts absorption enhancement at wavelengths between 650 and 800 nm 
relative to silver nanoparticles lacking a shell. The absorption and short-circuit current progressively diminish with the increasing 
thickness of the silica shell. This phenomenon can be elucidated by contrasting the electric field intensity profile at 720 nm, both in 
the absence and presence of a 10 nm thick silica shell, as illustrated in Figure 7. The electric forces are focused around the silver 
nanoparticles, regardless of the presence of the silica shell. Nonetheless, the electric field is significantly more intense within the 
silica shell, which, due to its dielectric properties, does not absorb in this region and constrains the field around the nanoparticles, 
thereby diminishing the absorption improvement in the PAL; consequently, a reduced dielectric shell thickness is advised for optimal 
optical performance. In the current configuration, we select 2 nm as the ideal shell thickness to minimize current dissipation while 
preserving the protective efficacy of the corrosive halide in the perovskite layer. 

 

Table 4. Short circuit current values for different shell thicknesses. 
Shell Thickness(nm) 0 2 5 10 15 20 

Jsc(ma/cm2) 24.017 23.979 23.887 23.365 23.044 22.662 
 

  

(a) (b) 

Figure 6. a) Short-circuit current as a function of shell thickness, b) Absorption spectrum. 
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(a) (b) 

Figure 7. Electric field intensity at a wavelength of 720 nm, a) with a 10 nm thick silica shell, b) without shell. 

3.4. Effect of anti-reflective coating on the front surface of the cell 

The addition of silver-silica nanoparticles significantly enhances absorption at long wavelengths ranging from 600 to 800 nm due 
to the plasmon resonance. To optimize the absorption of the perovskite layer, we concentrate on the optical design of the front 
surface to minimize light loss from the incident direction. Anti-reflection coating (ARC) is extensively utilized in diverse solar cell 
kinds as an efficient means to diminish light reflection. Three-layer, two-layer, and single-layer anti-reflection coating configurations 
have all been evaluated to achieve the optimal anti-reflection performance. Here, to simplify real-work actions, a single-layer anti-
reflection coating is adopted as the light trapping structure on the front surface of the optimized nanoparticles discussed previously. 
Previous investigations indicate that PMMA is utilized for anti-reflection coatings. Figure 8 examines the influence of the anti-
reflection coating and its thickness on light absorption to achieve an optimal design. The 60 nm thick anti-reflection coating exhibits 
optimal efficiency. The absorption and reflection spectra for varying thicknesses of the anti-reflection coating, as illustrated in Figure 
9, indicate that as the PMMA thickness rises from 0 to 60 nm, there is a corresponding enhancement in the bandwidth absorption 
within the 450-800 nm range, accompanied by a gradual elevation of the absorption peaks. This escalation results from the reduction 
in reflectance between 450 and 800 nm. In the case the PMMA thickness exceeds 60 nm, the reflection in the 400 to 550 nm range 
adversely affects absorption relative to the scenario without an anti-reflection coating; therefore, the optimal PMMA anti-reflection 
coating thickness in this design is 60 nm. Figure 10 illustrates the distribution of electric field intensity at 600 nm, both with and 
without anti-reflection coating. The electric field intensity beneath the anti-reflection coating markedly increases due to a substantial 
portion of the incident light being reflected back into the incident space, resulting in a pronounced interference effect within the 
structure that diminishes the loss of short wavelengths. Consequently, it enhances absorption in the active layer. 

 

 

Figure 8. G values as a function of PMMA anti-reflective coating thickness. 
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(a) (b) 

Figure 9. a) Reflectance, b) Absorption spectrum, as a function of anti-reflection coating thickness. 
 

  
(a) (b) 

Figure 10. Electric field intensity distribution at a wavelength of 600 nm, a) with 60 nm anti-reflection coating, b) without coating. 

3.5. Comparison of the reference and proposed perovskite cells 

 This part of the paper makes use of and conducts an analysis of the light-harvesting structure that CBPSCs possess. In addition 
to this, it is essential to investigate the manner in which the light absorption in the active layer varies over the solar spectrum in 
relation to the thickness of the perovskite. In Figure 11, the absorption spectrum of the 400 nm thick active layer is compared among 
various cases. These cases include the reference solar cell, solar cells with silver-silica nanoparticles embedded in the perovskite 
layer, solar cells with a PMMA anti-reflection coating on the top surface, and solar cells with a hybrid structure that traps light. It 
has been determined that the anti-reflection coating has a thickness of sixty nanometers, and the period and radius of the 
nanoparticles composed of silver and silica are, respectively, 280 and 100 nanometers. It has been shown that when the perovskite 
layer is comprised only of silver-silica nanoparticles, the device exhibits the same absorption characteristic as the reference cell when 
it is exposed to short wavelengths. The LSPR excitation and the scattering effect of the nanoparticles are responsible for the evident 
enhancement of the perovskite absorber's absorption at wavelengths longer than 550 nm. This comes about as a result of the 
perovskite absorber's ability to absorb light. The anti-reflection coating made of polymathic methacrylate (PMMA) is applied to the 
front surface, which results in an increase in absorption throughout a broad wavelength range, from 500 to 800 nm, and a modest 
rise from 350 to 400 nm. In addition, in order to quantify the enhancement of absorption in various light trapping structures, Table 
5 displays the short-circuit current enhancement that was calculated for each of the various light trapping structures. By applying 
the combined light trapping structure to the carbon-based perovskite solar cell, a relative enhancement of 86.22% is obtained in 
comparison to the reference cell. This demonstrates the advantage of the proposed hybrid structure over the current enhancement 
of the independent structure of nanoparticles and anti-reflection coating which is currently being utilized. In comparison to the 
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reference cell, the combined light trapping structure has been shown to be capable of increasing the short-circuit current by 86.22 
percent when the perovskite layer is 400 nanometers in thickness. It is essential to have a solid understanding of how this value 
shifts in relation to the perovskite thickness. The results of the simulation are displayed in Figure 12, and they demonstrate that the 
optimized light trapping composite structure has the potential to effectively improve the performance of CBPSCs throughout a 
spectrum of active layer thicknesses. In situations when the perovskite thickness falls within the range of 200–600 nm, the application 
of the light trapping composite structure demonstrates a significant improvement. It is possible to get a high short-circuit current of 
25.264 mA/cm2 using a perovskite layer that is 600 nm thick. This is practically identical to the current that is produced by a 
perovskite layer that is 1000 nm thick. When the perovskite layer is 600 nm thick, this shows that the existing light trapping 
architecture is almost totally capable of absorbing the incident spectrum with its light trapping capabilities. The end solution makes 
it possible to create a perovskite absorber that is thinner, which in turn reduces the quantity of harmful lead that is utilized without 
negatively impacting the performance of the cell. As a result of insufficient light absorption after 600 nm, the short-circuit current 
continues to increase for reference CBPSCs that do not include light control. After utilizing a hybrid light-trapping structure, our 
findings indicate that thinner perovskite layers may be utilized in order to accomplish high-efficiency CBPSCs. While the hybrid 
structure improves absorption, potential drawbacks include: (1) Increased interfacial recombination at the SiO₂/Ag-perovskite 
boundaries, which could reduce charge collection efficiency. (2) Thermal degradation of PMMA at elevated temperatures (>80°C), 
necessitating alternative coatings for outdoor applications. (3) Complexity in scaling up the dual nanostructure-ARC fabrication 
process. 

 

 

Figure 11. Absorption with different light trapping structures in a 400 nm thick perovskite monolayer. 
 

Table 5. Short-circuit current values and relative gain for different light trapping structures. 
Cell structure Jsc(ma/cm2) Relative Enhancement of the Jsc (%) 

Reference 20.7946 - 

With ARC Only 22.4267 7.85 

With NP Only 24.0148 15.49 

With NP & ARC 25.5591 22.86 
 

 

Figure 12. Short circuit current of the reference cell and the cell with light trapping structure for different thicknesses of the perovskite layer. 
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3.6. Power-voltage and current-voltage characteristics 

 This part examined electrical modeling utilizing the Device module. The Shockley-Read Hall and surface recombination models 
were employed for the recombination function, while the drift-diffusion model was utilized for the carrier transport equations. The 
optical properties of the reference perovskite cell were replicated, and its structure was simulated, with the results documented in 
Table 6. The carbon-based perovskite cell including the light trapping structure was simulated, resulting in the anticipated 
enhancement of all electrical parameters. Figure 13 illustrates the power-voltage and current-voltage characteristics of both the 
reference perovskite cell and the perovskite cell with the trapping structure. This simulation accounts for the light absorbed in the 
electron and hole transport layers. The negligible change in open-circuit voltage (Voc) and fill factor (FF) despite enhanced JSC can 
be attributed to two factors: (1) The Shockley-Read-Hall recombination model assumes defect-dominated recombination, which 
becomes more pronounced at higher carrier densities induced by light trapping. (2) The hybrid structure introduces additional 
interfaces (e.g., SiO₂/Ag, PMMA/perovskite), potentially creating localized trap states that limit Voc improvement. Future work 
should incorporate interface passivation strategies to mitigate this trade-off. 

 

Table 6. Parameter values of the reference perovskite cell and the optimized perovskite cell. 
Cell structure Voc Jsc FF η 

Reference 0.51584 21.4346 0.806147 8.91342% 

Optimized 0.52118 26.5031 0.807701 11.1567% 

 

  
(a) (b) 

Figure 13. Comparison of the reference perovskite cell and the optimized perovskite cell, a) current-voltage characteristic, b) power-voltage 
characteristic. 

 

4. Conclusion 

This study emphasizes the importance of solar energy and presents various types of solar cells, particularly PSCs. It proposes a 
hybrid light trapping structure comprising silver core nanoparticles with a silica shell positioned beneath the active perovskite layer, 
along with a PMMA anti-reflective coating on the front surface, aimed at enhancing the absorption bandwidth in CBPSCs. The 
enhancement of light absorption can be attained through the meticulous selection of structural parameters, including the radius and 
period of the silver-silica nanoparticles, along with the thickness of the silica shell and the anti-reflective coating. In comparison to 
the reference CBPSCs lacking light management, the short-circuit current values with light trapping can be enhanced by 17 to 27%. 
Additionally, a substantial short-circuit current of 25.264 mA/cm² was attained for a 600 nm thick perovskite layer utilizing silver-
silica nanoparticles having a radius of 100 nm and a periodicity of 280 nm, along with a 60 nm thick PMMA anti-reflection coating. 
The efficiency and short-circuit current of the carbon-based perovskite cell with the light trapping structure were enhanced; however, 
no notable alteration was seen in the open-circuit voltage and fill factor. This technique can serve as a general framework to enhance 
absorption efficiency while decreasing lead content through the utilization of thinner perovskite in CBPSCs. While the simulation 
results are promising, practical implementation faces challenges: (1) Precise alignment of Ag/SiO₂ nanoparticles within the 
perovskite layer requires advanced nanofabrication techniques (e.g., electron-beam lithography), which may increase cost. (2) Long-
term stability of PMMA under UV exposure needs experimental validation. (3) Variability in nanoparticle size and distribution could 
affect performance reproducibility. Future studies should focus on scalable deposition methods (e.g., spin-coating with self-assembled 
nanoparticles) and accelerated aging tests to evaluate durability. 
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A  B  S  T  R  A  C  T  

The significance of transmission network expansion planning (TNEP) in a restructured power system 
is underscored by the urgent need to integrate renewable energy sources. As the world shifts towards 
sustainability, effective transmission planning becomes critical for accommodating diverse energy 
sources, particularly wind and solar, which are frequently situated far from consumption centers. 
This integration is not only essential for achieving sustainability goals and reducing greenhouse gas 
emissions but also for ensuring a reliable and efficient power supply. Moreover, strategic 
transmission planning plays a vital role in minimizing congestion within the network, which can 
escalate costs and compromise reliability. By anticipating future demand and generation patterns 
especially the intermittent nature of renewables planners can optimize the placement of 
transmission lines and substations to mitigate potential bottlenecks. In a competitive market, a 
resilient transmission infrastructure is crucial for providing equitable access to all market 
participants, thereby fostering innovation and competition. Additionally, effective planning must 
address regulatory requirements and stakeholder interests, promoting transparency and 
collaboration among various entities in the power sector. This comprehensive approach not only 
ensures compliance but also builds public trust in the energy system. In summary, developing an 
efficient transmission network is imperative for supporting a reliable, competitive, and sustainable 
power system that prioritizes renewable energy sources. This paper aims to provide an overview of 
the challenges ahead in TNEP while proposing necessary solutions to effectively address these 
challenges. 

1. Introduction

Energy planning refers to a set of activities that are carried out on a macro level to study the interrelationship between the energy
sector and other economic sectors with an emphasis on environmental considerations to create coordination between supply and 
demand. In every country, one of the important issues in government policy is energy planning and management. Large-scale energy 
planning depends on many factors, including economic development prospects, political approaches, macro-management issues, 
economic situation, etc. According to Figure 1, one of the basic branches of energy planning is power system planning, which can 
be done even in a 50-year period. This planning includes generation expansion planning, transmission network expansion planning, 
and finally distribution network expansion planning (DNEP). After determining the share of electrical energy in meeting a country’s 
energy needs, long-term production planning is conducted for a horizon of 30 to 40 years, during which the required capacities and 
types of power plants are specified. The TNEP is part of a broader process that begins with energy planning and concludes with 
operational planning. Once the expansion plan for generation is established, TNEP is carried out over a long-term horizon (up to 30 
years), with updates occurring at shorter intervals. These updates and modifications to the expansion plans can even occur within 
horizons of 2 to 3 years depending on unforeseen events during the planning phase. After the TNEP is defined, reactive power 
planning is conducted in shorter intervals of 2 to 3 years. The goal here is to determine the type, capacity, and location of reactive 
power compensators needed to properly operate the network and to reduce losses. Finally, the operational planning process begins, 
covering a horizon from one year prior to one day before operation [1]. This phase addresses issues such as scheduling maintenance 
for power plants and lines, necessary switching operations in the transmission network, and establishing the production patterns for 
the units. 
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Figure 1. Energy planning procedure. 

 

The significance of renewable energy sources (RESs) has become increasingly paramount in the face of climate change and the 
depletion of fossil fuels. As nations strive to reduce their carbon footprints and transition towards sustainable energy systems, 
harnessing the power of RESs such as solar, wind, hydro, and biomass is essential. These energy sources not only contribute to a 
cleaner environment but also enhance energy security by diversifying the energy mix. Furthermore, the adoption of renewables can 
stimulate economic growth by creating jobs in manufacturing, installation, and maintenance sectors, thus driving innovation and 
technological advancements. However, the effective integration of renewable energy into existing power grids necessitates 
comprehensive planning and expansion of transmission networks. As renewable energy generation is often decentralized and 
variable, a robust transmission infrastructure is crucial for transporting electricity from remote generation sites to urban centers 
where demand is highest. Strategic planning of these networks must consider factors such as geographical distribution, grid stability, 
and the incorporation of energy storage solutions. By investing in advanced transmission technologies and smart grid systems, 
countries can enhance their capacity to accommodate fluctuating renewable energy supplies, ultimately leading to a more resilient 
and sustainable energy future. 

The TNEP is carried out in practice for four reasons, as illustrated in Figure 2, The primary goal of The TNEP is to develop a plan 
that ensures the economical supply of power while maintaining or improving the reliability of the network. Economical power supply 
means that, first, the investment costs for new lines and substations are minimized, and second, the transmission network does not 
impose any limitations on the economic operation of the power system. In the past, economic operation of the power system was 
synonymous with minimizing production costs; in restructured networks, it refers to the ability to create a competitive market for 
trading electrical energy. One of the reasons for expanding the transmission network is to connect newly constructed power plants 
to the grid. Naturally, the generated power must be transmitted to consumption points through the transmission system. Therefore, 
the expansion of the transmission network is inevitable, especially when considering the expansion and construction of new power 
plants. 

 

Figure 2. The main reasons for the TNEP. 
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Another reason for expanding the transmission system is to connect new load points to the grid. This connection primarily occurs 
at the sub-transmission level, and its impact is modeled as an increase in the load on transmission substations and a change in their 
loading patterns. In cases such as supplying large industries, their power needs can be met directly from the transmission network 
[2]. Maintaining and enhancing network reliability is also a key reason for network expansion. The most commonly used criterion 
for assessing the reliability of transmission networks is the N-1 security criterion. According to this criterion, the power network 
must meet consumer needs without experiencing overload, unacceptable voltage drops, or load shedding, not only under normal 
conditions but also when one of its components is lost. Plans aimed at increasing reliability in power system planning can be 
categorized into two types: 

• Expansion plans 
• Reinforcement plans 
In expansion plans, planners select new routes or locations for constructing new lines or substations while considering 

environmental constraints. This approach effectively adds new power transmission paths to the network [3]. In reinforcement plans, 
certain paths within the network are typically strengthened. Examples include converting an existing line into a double-circuit line, 
increasing the number of transformers at substations, or raising the transmission voltage level. Another reason for developing the 
transmission system is the economic exchanges of power, which becomes increasingly important in restructured power systems. In 
practice, since not all forecasts will be realized exactly, expansion plans are reviewed periodically (for example, every five years). 
Over time, some ambiguous information becomes clearer, allowing for more accurate predictions of the future. Additionally, the 
impacts of generation and the expansion of the distribution network must always be considered in the planning of the transmission 
network. This necessitates a feedback process between these optimization issues. The bar chart provided in Figure 3 illustrates the 
growth in transmission planning studies from 2016 to 2024. 

 
Over this period, there has been a noticeable upward trend, with the number of studies increasing significantly, particularly in 

the last few years. This surge indicates a heightened focus on enhancing transmission infrastructure, likely driven by the growing 
demand for reliable energy supply and the integration of RESs into the grid. The substantial rise in studies during 2020 and beyond 
may reflect a response to emerging challenges in energy transition, regulatory changes, and technological advancements. Overall, 
this trend underscores the importance of strategic planning in ensuring that transmission networks can meet future energy needs 
efficiently and sustainably. Here’s a more detailed breakdown of the trends and implications:  

• Overall Trend: The data shows a consistent increase in the number of transmission planning studies each year. This 
upward trajectory indicates that there is an increasing recognition of the importance of thorough planning in 
transmission systems. 

• Significant Growth Post-2020: Notably, there is a marked spike in the number of studies starting in 2020. This could 
be attributed to several factors: 
1. Energy Transition: As more countries and regions commit to transitioning to RESs, there is a greater need for 

comprehensive planning to ensure that the transmission infrastructure can accommodate these changes. 
2. Regulatory Changes: New policies and regulations may have been implemented that require more rigorous 

planning and analysis of transmission networks. 
3. Technological Advancements: Improvements in technology, such as smart grid solutions and advanced forecasting 

methods, may have made it easier and more effective to conduct these studies. 
• Implications for Energy Supply: The increase in transmission studies suggests that utilities and energy planners are 

proactively addressing potential challenges in energy supply and reliability. This is crucial as electricity demand 
continues to rise, driven by factors such as population growth, increased electrification of transportation, and a shift 
towards electric heating. 

• Integration of RESs: With the growing penetration of RESs like wind and solar, there is a need for enhanced transmission 
planning to ensure that these resources can be effectively integrated into the grid. This requires careful consideration 
of geographic locations, capacity needs, and potential bottlenecks in the existing infrastructure. 

• Future Outlook: The trend indicated by the chart may continue as the energy landscape evolves. Ongoing studies will 
likely focus on resilience against climate change impacts, cybersecurity for grid operations, and optimizing existing 
infrastructure to meet future demands. 

 

 

Figure 3. Number of studies on TNEP from 2016-2024 (adapted from Google Scholar). 
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Therefore, the bar chart reflects a vital aspect of energy management and planning, showcasing how stakeholders are increasingly 
prioritizing the expansion and enhancement of transmission networks to support a sustainable and reliable energy future. The 
following pie chart shown in Figure 4 represents the various components involved in the planning process, highlighting their relative 
contributions.  

• Infrastructure Investment (40%): This segment represents the largest portion of the planning process, indicating that a 
significant amount of resources is allocated to upgrading and expanding physical infrastructure, such as substations 
and transmission lines. 

• Regulatory Compliance (25%): A quarter of the planning effort goes into ensuring that all expansions comply with 
local, national, and international regulations. This includes environmental assessments and adherence to safety 
standards. 

• Technological Innovation (15%): This portion signifies the investment in new technologies, such as smart grid solutions 
and renewable energy integration, which are essential for modernizing the network and improving efficiency. 

• Stakeholder Engagement (10%): Engaging with stakeholders, including local communities, government bodies, and 
industry partners, is vital for gaining support and addressing concerns related to new projects. 

• Risk Management (10%): This segment focuses on identifying and mitigating potential risks that could impact the 
transmission network’s reliability and performance. 

The Figure 4 clearly illustrates that infrastructure investment is the dominant factor in TNEP, reflecting the need for robust 
physical systems to support growing energy demands. Regulatory compliance is also a significant concern, emphasizing the 
importance of aligning projects with legal frameworks and environmental considerations. Technological innovation, while smaller 
in percentage, highlights a forward-looking approach to integrate advanced solutions that can enhance grid reliability and 
sustainability. Stakeholder engagement and risk management are equally important, ensuring that projects are socially acceptable 
and resilient against potential disruptions. 

2. Problem formulation 

The TNEP consists of two stages. In the first stage, various options for the expansion of the transmission network within the 
planning horizon are generated as a set of reinforcement and expansion plans using simplified models, such as the DC load flow 
model. In the second stage, the expansion options are evaluated through a more detailed analysis that includes maximum, average, 
and minimum load levels, short-circuit analysis, transient stability assessment, and reliability evaluation. In most studies, the TNEP 
primarily refers to the first stage mentioned above, although it can also incorporate more accurate load flow models and consider 
reliability in the planning process. The various methods used to generate transmission network expansion plans in the first planning 
stage typically focus solely on adequacy criteria in their models, while security aspects are deferred to the analyses conducted in the 
second planning stage. 

3. TNEP challenges with RESs 

The integration of RESs, such as solar and wind power, into the transmission network presents several challenges in the planning 
and expansion of electricity transmission systems. These challenges can significantly impact the reliability, efficiency, and overall 
effectiveness of the electrical grid [4-15]. Below are some of the key challenges associated with the installation of renewable energy 
plants in transmission network planning: 

• Intermittency and Variability: RESs are inherently intermittent and variable, meaning their output can fluctuate based 
on weather conditions. This variability poses significant challenges for grid operators who must ensure a stable and 
reliable electricity supply. Planners need to develop strategies to accommodate these fluctuations, which may involve 
the integration of energy storage systems or demand response mechanisms. 

 

 

Figure 4. The various components involved in the planning process, highlighting their relative contributions. 
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• Grid Capacity and Infrastructure: The existing transmission infrastructure may not be adequately equipped to handle 
the additional load from renewable energy installations. Upgrading or expanding the grid may be necessary to 
accommodate new generation sources, which can be costly and time-consuming. Furthermore, planners must consider 
the location of renewable resources, as they are often situated far from existing transmission lines, necessitating new 
construction. 

• Location and Resource Assessment: Identifying optimal locations for renewable energy plants is crucial for minimizing 
transmission losses and maximizing efficiency. However, suitable sites for wind and solar farms may not always align 
with existing transmission infrastructure. Comprehensive resource assessments and geographic analyses are required 
to determine the best locations while considering environmental impacts and land use. 

• Regulatory and Policy Framework: The planning and installation of renewable energy projects are often subject to 
complex regulatory frameworks that can vary significantly by region. Navigating these regulations can be a challenge 
for developers and planners alike. Additionally, policies related to grid interconnection, permitting processes, and 
incentives for renewable energy can influence project timelines and feasibility. 

• Technical Integration Challenges: Integrating renewable energy into the transmission network requires advanced 
technical solutions to manage issues such as voltage stability, frequency control, and power quality. Planners must 
consider the implementation of smart grid technologies, advanced forecasting tools, and real-time monitoring systems 
to effectively manage the integration of diverse energy sources. 

• Economic Considerations: The economic viability of renewable energy projects is influenced by factors such as capital 
costs, operational expenses, and market prices for electricity. Planners must conduct thorough economic analyses to 
determine the cost-effectiveness of integrating renewables into the transmission network. This includes evaluating 
potential revenue streams from energy sales and considering the long-term impacts on electricity prices. 

• Stakeholder Engagement: Successful planning for renewable energy integration requires collaboration among various 
stakeholders, including government agencies, utility companies, developers, and local communities. Engaging these 
stakeholders early in the planning process is essential to address concerns, gather input, and build support for renewable 
energy projects. 

• Environmental Impact Assessments: The installation of renewable energy plants can have environmental implications 
that must be carefully evaluated. Conducting thorough environmental impact assessments is essential to understand 
potential effects on local ecosystems, wildlife habitats, and communities. Planners must balance the benefits of 
renewable energy with potential environmental trade-offs. 

In summary, while the integration of RESs into the transmission network offers significant benefits in terms of sustainability and 
reducing greenhouse gas emissions, it also presents a range of challenges that must be addressed through careful planning and 
innovative solutions. By tackling these challenges head-on, planners can facilitate a smoother transition to a cleaner and more 
resilient energy future. 

4. Restructuring power systems and its impact on TNEP 

Restructuring power systems is a significant trend that has emerged in response to the challenges of traditional utility models. 
This transformation aims to enhance efficiency, promote competition, and improve service delivery in the electricity sector. One of 
the critical areas affected by this restructuring is the planning and expansion of transmission networks. The primary objective of 
restructuring is to separate generation, transmission, and distribution functions within the power sector. This unbundling allows for 
a more competitive market environment where multiple entities can participate in electricity generation. As a result, the transmission 
network must adapt to accommodate the new dynamics of competition among generators. In a restructured environment, 
independent system operators or regional transmission organizations often manage the transmission network. These organizations 
are responsible for ensuring reliable electricity delivery while facilitating market access for various generators. The planning process 
becomes more complex as it must consider not only technical constraints but also market signals and economic factors. 

One significant impact of restructuring on transmission network expansion is the increased emphasis on interconnections. 
Enhanced interconnections between regions can facilitate electricity trading, improve reliability, and reduce costs. Planners must 
evaluate potential transmission upgrades or new lines that can connect regions with surplus generation to those with deficits. 
Moreover, the integration of RESs into the grid presents both challenges and opportunities for transmission planning. As more 
renewable generators enter the market, the need for flexible and robust transmission infrastructure becomes paramount. Planners 
must consider factors such as the geographical dispersion of renewable resources and their variability in generation. Another 
important aspect is the role of advanced technologies in transmission network expansion. Smart grid technologies enable better 
monitoring, control, and optimization of the transmission system. These innovations facilitate real-time data exchange and improve 
decision-making processes, which are crucial in a competitive market environment. Regulatory frameworks also play a vital role in 
shaping transmission expansion post-restructuring. Policies that promote investment in transmission infrastructure while ensuring 
fair access for all market participants are essential. Additionally, cost allocation methods must be transparent and equitable to 
encourage investment. 

In summary, the restructuring of power systems significantly impacts transmission network expansion by introducing 
competition, enhancing interconnections, integrating RESs, and promoting technological advancements. Effective planning in this 
new paradigm requires a comprehensive understanding of market dynamics, regulatory frameworks, and technological innovations 
to ensure a reliable and efficient electricity supply for all consumers. 
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5. Congestion management and TNEP 
Congestion management in the context of TNEP is a vital aspect of modern power system operations. As electricity demand grows 

and the integration of RESs accelerates, the need for effective congestion management strategies becomes increasingly important. 
Congestion refers to situations where the demand for electricity exceeds the available transmission capacity, leading to potential 
overloads, inefficiencies, and reliability issues within the power grid.  As global electricity consumption continues to rise, driven by 
factors such as population growth, urbanization, and the proliferation of electric vehicles, the existing transmission infrastructure 
faces increasing pressure. This situation necessitates a proactive approach to managing congestion to prevent potential failures and 
maintain the stability of the power grid. Congestion occurs when the demand for electricity at certain points in the network exceeds 
the capacity of the transmission lines to deliver it. This imbalance can lead to several issues, including voltage fluctuations, thermal 
overloads, and, in extreme cases, blackouts. Such scenarios not only compromise the reliability of the power supply but also result 
in significant economic losses and risks to public safety. Therefore, effective congestion management is essential for safeguarding 
the integrity of the electrical system. 

One of the primary challenges in congestion management is the integration of RESs, such as wind and solar power. While these 
sources are crucial for reducing greenhouse gas emissions and promoting sustainability, their intermittent nature can create 
additional complexities in power flow management. For instance, during periods of high generation from renewables and low 
demand, excess electricity may be produced, leading to potential congestion in certain areas of the grid. Conversely, during peak 
demand periods when renewable generation is low, traditional fossil-fuel-based plants may struggle to meet demand without causing 
congestion. To address these challenges, several strategies can be employed within TNEP. First, enhancing transmission infrastructure 
through the construction of new lines or upgrading existing ones can significantly alleviate congestion. This requires careful planning 
and investment to ensure that the network can accommodate future growth in electricity demand and renewable energy integration. 
Second, implementing advanced technologies such as Smart Grids and Flexible AC Transmission Systems (FACTS) can improve real-
time monitoring and control of power flows. These technologies enable operators to respond dynamically to changing conditions on 
the grid, thereby optimizing the use of available capacity and reducing congestion risks. Demand response programs represent 
another effective strategy for managing congestion. By incentivizing consumers to adjust their energy usage during peak periods, 
utilities can flatten demand curves and reduce stress on the transmission system. This approach not only helps mitigate congestion 
but also promotes energy efficiency and cost savings for consumers. 

Moreover, market-based mechanisms such as locational marginal pricing can provide economic signals that encourage efficient 
resource allocation across the grid. By reflecting the true cost of congestion in electricity prices, these mechanisms motivate 
generators and consumers to make decisions that align with system reliability and efficiency goals. Regulatory frameworks also play 
a crucial role in facilitating effective congestion management. Policymakers must create an environment that encourages investment 
in transmission infrastructure while ensuring equitable access for all market participants. This includes establishing clear guidelines 
for interconnection processes and addressing any barriers that may hinder new projects. 

 

 

Figure 5. An example of the importance of congestion management in TNEP. 
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The occurrence of congestion in transmission lines is not a new issue and has also been present in traditional networks. However, 
in modern networks, this problem leads to complications, the most significant of which is a reduction in the competitiveness of the 
electricity market. Congestion in transmission lines causes the market to deviate from a perfectly competitive state, which in turn 
results in decreased social welfare and imposes additional costs on network users. To clarify this point, consider the following 
example. Figure 5 illustrates a two-area network connected by a transmission line. In scenario (a), the line between the two areas is 
considered to be without constraints. In this situation, based on the bids from the generating units, the loads in both areas prefer to 
purchase their required power from generator A, resulting in a flow of 100 megawatts across the line connecting the two areas. In 
this case, the total required power is purchased from the first generator at a price of 10 $ per megawatt, leading to a total supply 
cost of 2000 $ (calculated as 10 × 200).  

In scenario (b), it is assumed that the transmission capacity of the line between the two areas is limited to 50 megawatts. In this 
case, the 100-megawatt load in area B must purchase at least 50 megawatts of its required power from the more expensive generator 
in its own area at a price of 20 $ per megawatt. Consequently, the total production cost for the loads in this network will be 2500 
$, calculated as 20 × 50 + 10 × 150, which is 25% higher than the cost in the first scenario. It is assumed that both generators 
have submitted their bids based on their marginal costs, and generator B is unaware of the limitation on the interconnecting line 
and the behavior of generator A. It can be shown that in a perfect market, generators achieve maximum profit when they submit 
their bids based on their marginal costs. This example demonstrates that the increase in the cost of supplying electric energy is equal 
to the product of the flow through the congested line and the price differential of electric energy on either side of the line, which 
amounts to 500 $ (calculated as 50×(20 - 10)), representing the congestion cost. This can serve as a suitable metric for assessing 
the overall congestion level in the network. Given the network conditions, generator B can be confident that the 100 megawatt load 
in area B is compelled to obtain 50 megawatts of its required power from this generator; thus, generator B can propose any higher 
price to participate in the market. In this scenario, generator B can set prices in area B according to its preferences. 

It should be noted that the network may not necessarily have zero congestion costs regarding line congestion levels. Therefore, 
it is essential to establish a compromise between investment costs in the network and congestion costs. For instance, consumers may 
prefer to pay higher energy prices due to line congestion; however, they may not want transmission usage tariffs to increase. This is 
because congestion and the resulting price increases typically occur only during peak load hours, and depending on their duration 
and extent of price increases, these additional costs during peak times may be negligible compared to a permanent increase in 
transmission tariffs. To keep transmission tariffs low, which can account for up to 11% of the total cost of delivered energy, operators 
are increasingly focused on maximizing the utilization of the existing transmission network. This is a key factor contributing to the 
increased density of transmission lines. High loading on existing lines, aside from issues related to line congestion (such as reduced 
competition in the market and higher energy prices for certain consumers), leads to a decrease in the reliability of the network and 
raises the risk of local or widespread blackouts. 

6. New frameworks for the TNEP 

TNEP often employs a two-level optimization framework, which consists of a main optimization problem and a sub-problem as 
shown in Figure 6. This dual-level approach allows for a systematic evaluation of both network development and generation patterns, 
ensuring that decisions made at one level are consistent with the operational realities at the other. 

At the main level, the TNEP problem focuses on determining the optimal expansion plan for the transmission network. This 
involves identifying which new transmission lines should be built, where they should be located, and when they should be 
constructed. 

The objective is typically to minimize the overall cost of the network while ensuring that it meets reliability standards and can 
accommodate future demand growth. Various constraints, such as budget limits, environmental regulations, and technical 
specifications of the network, must be considered in this optimization process. The sub-problem, on the other hand, deals with the 
generation patterns of power plants. It is essential to determine how much electricity each power plant should generate to meet the 
demand while minimizing operational costs. This is often formulated as an economic load dispatch problem, which seeks to allocate 
generation resources in a way that minimizes total generation costs while satisfying demand and operational constraints. 

 

      

Figure 6. Model the TNEP problem as a main problem and a sub-problem. 
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The interaction between the two levels is critical. The main optimization problem relies on accurate generation patterns from the 
sub-problem to assess the flow capacities of existing and new transmission lines. Conversely, the results from the main problem can 
influence the operational decisions in the sub-problem by altering the available transmission capacity for power flows. This 
interdependence necessitates an iterative approach, where solutions from one level inform adjustments in the other until a 
satisfactory equilibrium is reached. Moreover, incorporating uncertainties such as fluctuations in demand or variations in renewable 
energy generation into this two-level optimization framework can enhance its robustness. Stochastic optimization techniques can be 
utilized to account for these uncertainties, allowing for more resilient planning outcomes that can adapt to changing conditions. 

In summary, the two-level optimization framework in TNEP serves as a powerful tool for integrating network expansion decisions 
with generation dispatch strategies. By systematically addressing both aspects, engineers can develop comprehensive plans that not 
only enhance the transmission infrastructure but also ensure efficient and reliable electricity generation. This holistic approach is 
essential for meeting the evolving energy needs of society while maintaining economic and environmental considerations. 

Considering generation costs in the objective function complicates the problem, and one of the common tools used in such cases 
is Benders Decomposition.  Benders Decomposition is a powerful optimization technique that is particularly useful in TNEP due to 
its ability to manage complex problems [1-7]. One of the primary reasons for using this method is its capacity to reduce complexity 
by breaking down large-scale problems into smaller, more manageable sub-problems. This decomposition allows planners to focus 
on specific aspects of the network without being overwhelmed by the entire system's intricacies. Moreover, Benders Decomposition 
is highly scalable, making it suitable for large transmission networks that involve numerous decision variables and constraints. As a 
result, it enables the effective handling of extensive instances that would otherwise be computationally prohibitive with traditional 
optimization approaches. By solving these smaller sub-problems iteratively, the technique significantly improves solution times, 
which is essential for real-time decision-making in dynamic environments. 

Another key advantage of benders decomposition is its flexibility in accommodating various types of constraints typical in 
transmission network planning, such as flow conservation and capacity limits. This flexibility allows for a more comprehensive 
optimization framework that can integrate multiple objectives, such as minimizing costs while enhancing reliability. Additionally, 
the method can be adapted to address uncertainty by incorporating stochastic elements, enabling planners to develop robust 
strategies that account for variations in demand and generation. 

In summary, Benders Decomposition offers a structured and efficient approach to optimizing TNEP, effectively managing 
complexity, enhancing scalability, and facilitating robust decision-making under uncertainty. 

6.1. Bi-level model 

The increasing complexity of electricity markets and the growing demand for reliable and sustainable energy have necessitated 
advanced methodologies in the TNEP. Among these methodologies, bi-level programming has emerged as a particularly effective 
framework. A general structure of a bi-level problem in TNEP, represented in a textual format along with a description of the diagram 
the reader can visualize in Figure 7. The diagram illustrates a bi-level model used in TNEP. At the upper level, the "Upper-Level 
Problem" node represents strategic investment decisions that influence the overall network expansion. This level is connected to the 
"Investment Decisions" node, which highlights the decision-making process regarding investments in infrastructure. Below, the 
"Lower-Level Problem" node captures the operational aspects of the network, where the "Operational Decisions" node focuses on 
real-time operational strategies. The feedback loop between the lower and upper levels signifies the iterative nature of the planning 
process, where insights gained from operational decisions can inform and refine investment strategies, thereby creating a dynamic 
interplay between long-term planning and short-term operations. The rationale for employing bi-level models in TNEP can be 
understood through several key philosophical and practical considerations. 

6.1.1. ierarchical Decision-Making 

At the core of bi-level programming is the concept of hierarchical decision-making, where two distinct entities with different 
objectives interact. In TNEP, this typically involves a transmission planner (the upper level) and power generation companies 
(GENCOs) (the lower level). The upper-level planner aims to optimize the expansion of the transmission network, while the lower-
level entities seek to minimize their operational costs in response to the network configuration. This dual perspective allows for a 
more realistic representation of the interactions between network infrastructure and generation strategies. 

 

 

Figure 7. Bi-level model diagram in TNEP. 
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6.1.2. Capturing Strategic Interactions 

Bi-level models effectively capture the strategic interactions between planners and generators. The decisions made by the 
transmission planner directly impact the operational landscape for GENCOs, influencing their generation dispatch and investment 
decisions. Conversely, the operational responses of GENCOs can affect the feasibility and cost-effectiveness of proposed expansions. 
By modeling these interactions, bi-level programming provides insights into how changes at one level affect outcomes at another, 
enabling better-informed decision-making. 

6.1.3. Incorporating Uncertainty 

Electricity markets are inherently uncertain due to fluctuations in demand, variable renewable generation, and regulatory 
changes. Bi-level models can incorporate stochastic elements, allowing planners to evaluate potential scenarios and their impacts on 
both network expansion and generation strategies. This capability is crucial for developing robust plans that can withstand 
unexpected changes in market conditions, enhancing the resilience of the power system. 

6.1.4. Balancing Economic and Environmental Goals 

Modern TNEP must balance economic efficiency with environmental sustainability. Bi-level programming allows planners to 
incorporate environmental objectives into their expansion decisions. For instance, planners can consider emissions reduction targets 
or renewable energy integration when determining network configurations. This holistic approach aligns with global efforts to 
transition to greener energy systems and ensures that expansion plans contribute positively to environmental goals. 

6.1.5. Facilitating Regulatory Compliance 

Regulatory frameworks often impose constraints on both transmission planning and generation operations. Bi-level models enable 
planners to account for these regulatory requirements systematically. By integrating compliance considerations into the optimization 
process, bi-level programming helps ensure that expansion plans meet legal standards while also being economically viable. 

6.1.6. Enhancing Computational Efficiency 

Bi-level programming can improve computational efficiency by decomposing complex problems into manageable sub-problems. 
The upper-level problem focuses on strategic planning, while the lower-level problem handles operational optimization. This 
separation allows for the application of specialized algorithms tailored to each level's unique characteristics, leading to faster 
convergence towards optimal solutions. 

6.1.7. Supporting Multi-Objective Optimization 

In practice, TNEP often involves multiple conflicting objectives, such as minimizing costs, maximizing reliability, and reducing 
environmental impact. Bi-level models can be extended to multi-objective frameworks, allowing planners to explore trade-offs 
between different goals. This flexibility is essential for stakeholders who must navigate competing priorities in a complex energy 
landscape. 

6.1.8. Real-World Applicability 

The real-world applicability of bi-level models is evident in their successful implementation in various case studies across different 
regions. These models have been used to analyze the impacts of new transmission lines, assess renewable energy integration, and 
evaluate the effects of policy changes on network expansion strategies. Their proven effectiveness enhances confidence in their use 
for future TNEP challenges. 

In summary, the rationale for using bi-level programming in TNEP lies in its ability to model hierarchical decision-making 
processes, capture strategic interactions between planners and generators, and incorporate uncertainties and regulatory constraints. 
By balancing economic and environmental objectives while enhancing computational efficiency, bi-level models provide a robust 
framework for addressing the complexities of modern electricity markets. As the energy landscape continues to evolve, these models 
will play a crucial role in guiding sustainable and efficient transmission network development. 

In [8], a bi-level TNEP model considering short-circuit current constraints is proposed. Refs. [9,10] present a new framework for 
addressing the expansion planning of distributed generation (DG) in sub-transmission substations, taking into account the capacity 
expansions of transmission substations and available incentives. The proposed model incorporates both firm contracts and capacity 
payments as incentive options and a bi-level model is developed for this problem, where the upper level focuses on the investor's 
optimal decision aimed at maximizing profit, while the lower-level addresses market clearing and substation expansion. Reference 
[11] presents a practical application of bi-level evolutionary optimization aimed at improving the electricity industry infrastructure. 
It provides a coordinated approach to generation and transmission expansion planning from the viewpoint of an independent system 
operator. The primary goal of this study is to demonstrate how optimizing generator capacity and location can reduce transmission 
investments while enhancing the reliability of the network. Reference [12] introduces a bi-level proactive transmission expansion 
framework where a centralized transmission system operator operates at the upper level, while decentralized generation companies 
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participating in the market function at the lower level. Reference [13] presents a novel dual-based bi-level approach for robust AC 
TNEP that accounts for uncertainties in RESs generation and load. The method employs convex relaxation and is solved using Benders 
Decomposition, with the master problem focused on determining the robust AC expansion plan. To effectively incorporate the impact 
of the electricity market, Reference [14] proposes a bi-level model for transmission expansion planning aimed at ensuring market 
fairness and investment efficiency. Reference [15] presents a bi-level model for TNEP that takes into account financial transmission 
right trading, along with a proposed comprehensive evaluation index for assessing TNEP schemes. Reference [16] proposes a bi-level 
optimization model for TNEP aimed at enhancing the network of an energy-exporting power grid with a hybrid AC/DC interface. 

In [17], a bi-level transmission and generation expansion planning model that takes into account the correlation of wind power 
using mixed integer linear programming is proposed. Reference [18] introduces a bi-level proactive transmission expansion 
framework where a centralized Transmission System Operator operates at the upper level, while decentralized generation companies 
participating in the market represent the lower level. Reference [19] introduces a bi-level TNEP model that incorporates both 
prohibited operating zones and multi-fuel units. 

6.2. Multi-Stage Methods in TNEP 

Multi-stage methods provide valuable tools for optimizing TNEP in restructured power systems by enabling scenario analysis, 
investment timing, risk management, renewable integration, and comprehensive cost-benefit assessments. However, challenges such 
as model complexity, data availability, computational burdens, stakeholder coordination, dynamic market conditions, and regulatory 
hurdles must be addressed to fully leverage these methods. Overcoming these challenges is essential for ensuring that transmission 
networks are developed efficiently and effectively to meet future energy demands while supporting a sustainable energy transition 
[20-24]. 

6.2.1. Key applications of multi-stage methods in TNEP 

• Scenario Analysis: Multi-stage methods enable the assessment of different future scenarios, such as varying demand 
levels, technological advancements, and regulatory changes. By evaluating multiple scenarios, planners can identify 
potential risks and opportunities in transmission network development. 

• Investment Timing and Sequencing: These methods facilitate the strategic timing and sequencing of investments in 
transmission infrastructure. By analyzing costs and benefits over different stages, planners can determine the optimal 
schedule for upgrades and expansions, ensuring that investments align with market needs. 

• Risk Management: Multi-stage approaches help in identifying and managing risks associated with uncertain factors, 
such as fluctuating energy prices or changes in policy. By incorporating risk assessments into the planning process, 
decision-makers can develop strategies to mitigate potential negative impacts on investments. 

• Integration of Renewable Energy: As renewable energy sources become more prevalent, multi-stage methods can assist 
in planning for their integration into the transmission network. This includes evaluating the impact of variable 
generation on grid stability and determining the necessary infrastructure to accommodate future renewable projects. 

• Cost-Benefit Analysis: Multi-stage methods allow for comprehensive cost-benefit analyses over time, considering both 
capital and operational expenditures. This helps stakeholders make informed decisions regarding the economic viability 
of transmission projects. 

6.2.2. Challenges arise in applying multi-stage methods for TNEP 

Despite their advantages, several challenges arise in applying multi-stage methods for TNEP: 
• Complexity of Models: The complexity inherent in multi-stage models can make them difficult to develop and 

implement. Creating accurate models that capture all relevant variables and uncertainties requires significant expertise 
and resources. 

• Data Availability and Quality: Reliable data is essential for effective multi-stage planning. However, obtaining high-
quality data on demand forecasts, generation profiles, and regulatory environments can be challenging, leading to 
uncertainties in model outcomes. 

• Computational Burden: Multi-stage optimization problems can be computationally intensive, especially when dealing 
with large networks and numerous scenarios. This can result in longer processing times and may require advanced 
computational tools. 

• Stakeholder Coordination: In restructured power systems, multiple stakeholders (e.g., utilities, regulators, investors) 
are involved in transmission planning. Coordinating among these diverse entities can be challenging, particularly when 
interests and priorities differ. 

• Dynamic Market Conditions: The rapidly changing nature of energy markets poses a challenge for multi-stage planning. 
Factors such as technological advancements, policy shifts, and economic fluctuations can render initial plans obsolete 
or less relevant over time. 

• Regulatory Hurdles: Regulatory frameworks may not fully support or accommodate multi-stage planning approaches. 
Inflexible regulations can limit the ability of planners to adapt their strategies based on evolving circumstances. 
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6.3. Multi-criteria decision making 

Multi-criteria decision making (MCDM) has become increasingly important in various fields, including the planning and 
development of electrical transmission networks. As the demand for electricity grows and the push for RESs intensifies, decision-
makers must evaluate multiple conflicting criteria to ensure a sustainable and efficient energy transmission system. MCDM 
encompasses a range of methods designed to help decision-makers evaluate alternatives based on multiple criteria. Some popular 
MCDM techniques include: 

• Analytic Hierarchy Process (AHP): This method decomposes a complex decision problem into a hierarchy of simpler 
sub-problems, allowing for pairwise comparisons among different criteria and alternatives. AHP is widely used in 
energy planning due to its structured approach [25-28]. 

• Technique for Order Preference by Similarity to Ideal Solution (TOPSIS): TOPSIS identifies solutions from a finite set 
of alternatives based on their geometric distance from an ideal solution. This method is particularly useful in energy 
transmission planning, where it helps prioritize projects that minimize costs while maximizing efficiency and 
sustainability. 

• Weighted Sum Model (WSM): In this straightforward approach, each criterion is assigned a weight based on its 
importance, and alternatives are scored accordingly. WSM is easy to implement but may oversimplify complex 
decisions. 

• Fuzzy MCDM: This approach incorporates fuzzy logic to handle uncertainty and imprecision in the decision-making 
process. Fuzzy MCDM is particularly beneficial in energy planning, where data may be uncertain or incomplete. 

The TNEP involves numerous factors, including cost, reliability, environmental impact, and social acceptance. MCDM methods 
facilitate a comprehensive analysis of these factors: 

• Cost-Benefit Analysis: MCDM allows for a detailed comparison of the economic viability of different transmission 
projects, helping stakeholders choose the most cost-effective solution. 

• Environmental Considerations: As RESs gain prominence, MCDM can evaluate the environmental impacts of various 
transmission routes, ensuring that the least harmful options are selected. 

• Social Impact Assessment: Public acceptance is crucial in energy projects. MCDM can incorporate social criteria, such 
as community impact and stakeholder preferences, into the decision-making process. 

• Reliability and Resilience: MCDM methods can assess the reliability of different transmission configurations, ensuring 
that the chosen network can withstand disruptions and meet future demand. 

Therefore, MCDM provides a robust framework for evaluating multiple criteria in the planning and TNEP. By employing various 
MCDM techniques, decision-makers can navigate the complexities of energy systems, balancing economic, environmental, and social 
considerations to achieve sustainable development goals. As the energy landscape continues to evolve, the integration of MCDM into 
transmission planning will be essential for optimizing resource allocation and ensuring reliable energy delivery. 

7. Uncertainty 

The restructuring of power systems and the integration of RESs have introduced significant uncertainties that pose challenges to 
the planning and development of electrical transmission networks. These uncertainties stem from various factors, including the 
variability of renewable energy generation, regulatory changes, technological advancements, and market dynamics. 

7.1. Variability of renewable energy generation 

One of the primary challenges in integrating RES, such as wind and solar power, is their inherent intermittency. Unlike 
conventional power plants that can provide a steady output, renewable sources are subject to fluctuations due to weather conditions 
and time of day. This variability complicates the planning of transmission networks, as operators must ensure that the infrastructure 
can accommodate sudden changes in generation levels. As a result, planners need to develop strategies that enhance grid flexibility 
and reliability, such as incorporating energy storage systems and demand response mechanisms. 

7.2. Regulatory and policy uncertainties 

The restructuring of power markets often involves changes in regulations and policies aimed at promoting renewable energy 
adoption. These changes can create uncertainties regarding financial incentives, grid access, and interconnection standards. For 
instance, shifts in government policies may affect the economic viability of certain renewable projects, leading to fluctuations in 
investment levels. Planners must stay abreast of regulatory developments and incorporate potential policy scenarios into their 
planning models to mitigate risks associated with these uncertainties. 

7.3. Technological advancements 

Rapid advancements in technology can also introduce uncertainty into transmission network planning. Innovations in energy 
storage, smart grid technologies, and demand-side management can significantly alter the landscape of energy generation and 
consumption. While these technologies offer opportunities for enhancing grid resilience and efficiency, they also require planners to 
adapt their strategies continuously. The challenge lies in accurately forecasting the impact of these technologies on future energy 
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demand and supply patterns. 

7.4. Market dynamics 

The restructuring of power systems has led to the emergence of competitive electricity markets, which can introduce additional 
uncertainties. Market prices for electricity can fluctuate based on supply-demand dynamics, leading to unpredictability in revenue 
streams for renewable energy projects. Planners must consider these market variations when designing transmission networks to 
ensure that they remain economically viable under different scenarios. 

7.5. Strategies for addressing uncertainties 

To effectively manage these uncertainties in TNEP, several strategies can be employed: 
• Scenario Analysis: Planners can use scenario analysis to evaluate a range of possible futures, considering different levels 

of renewable energy penetration, regulatory changes, and technological advancements. This approach helps identify 
robust solutions that can withstand various uncertainties. 

• Stochastic Modeling: Incorporating stochastic modeling techniques allows planners to account for the probabilistic 
nature of renewable generation and demand patterns. By simulating multiple scenarios, planners can develop more 
resilient transmission strategies. 

• Flexible Infrastructure: Designing transmission networks with flexibility in mind is crucial. This includes investing in 
modular components that can be easily upgraded or expanded as new technologies emerge or demand patterns change 

• Stakeholder Engagement: Collaborating with stakeholders, including regulators, utility companies, and community 
representatives, is essential for understanding diverse perspectives and addressing concerns related to uncertainty in 
transmission planning. 

In summary, the challenges posed by uncertainties in restructured power systems and RESs significantly impact the planning and 
development of electrical transmission networks. By employing strategic approaches such as scenario analysis, stochastic modeling, 
and stakeholder engagement, planners can better navigate these complexities and create resilient transmission systems that support 
a sustainable energy future. As the energy landscape continues to evolve, addressing these uncertainties will be critical for ensuring 
reliable and efficient electricity delivery. 

7.6. Scenario analysis 

Scenario analysis is a strategic planning method used to make flexible long-term plans. It is particularly useful for analyzing 
uncertainties and understanding the potential impacts of different future conditions on an organization or project. Here, I will provide 
a detailed explanation of scenario analysis, its benefits, and how it compares to other methods of uncertainty analysis. Scenario 
analysis involves developing a set of plausible future scenarios based on varying assumptions about key drivers that affect outcomes. 
These scenarios are not predictions but rather narratives that help organizations visualize how different factors might interact and 
influence future events [21,29,30]. The process typically involves: 

• Identifying Key Drivers: Recognizing the critical uncertainties that could impact the organization, such as economic 
trends, technological advancements, regulatory changes, and social dynamics. 

• Developing Scenarios: Crafting distinct scenarios based on different combinations of these drivers. Each scenario 
represents a unique view of the future. 

• Analyzing Impacts: Evaluating how each scenario would affect the organization’s objectives, strategies, and operations. 
• Strategic Planning: Using insights from the scenarios to inform decision-making, risk management, and strategic 

planning. 
Advantages of scenario analysis are as follows: 

• Comprehensive Understanding of Uncertainties: Unlike traditional forecasting methods that often rely on a single 
predicted outcome, scenario analysis embraces uncertainty by exploring multiple possible futures. This helps 
organizations prepare for various contingencies. 

• Enhanced Strategic Flexibility: By considering a range of scenarios, organizations can develop more adaptable strategies 
that are resilient to changes in the external environment. 

• Improved Risk Management: Scenario analysis allows organizations to identify potential risks associated with different 
futures and devise strategies to mitigate these risks effectively. 

• Encourages Creative Thinking: The process of developing scenarios fosters creative thinking and innovation among 
team members, leading to more robust and diverse strategic options. 

• Stakeholder Engagement: Scenario analysis can be a collaborative process that engages stakeholders across the 
organization, fostering a shared understanding of uncertainties and potential responses. 

Scenario analysis is a powerful tool for navigating uncertainty, and it offers several advantages over other methods of uncertainty 
analysis. Below, I will explain these advantages in detail, comparing scenario analysis with other common techniques. 

1. Holistic Perspective on Uncertainties 

• Scenario Analysis: This method considers a wide range of uncertainties by developing multiple plausible scenarios 
based on various assumptions. Each scenario provides a narrative that captures different potential futures, allowing 
organizations to explore diverse outcomes and their implications. 
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• Other Methods (e.g., Sensitivity Analysis): Techniques like sensitivity analysis typically focus on how changes in 
individual variables affect outcomes, often in isolation. This can lead to an incomplete understanding of the complex 
interactions among multiple factors. 

• Advantage: Scenario analysis provides a more comprehensive view of uncertainties by integrating multiple variables 
and their interdependencies. 

2. Flexibility and Adaptability 

• Scenario Analysis: By generating various scenarios, organizations can develop flexible strategies that can be adjusted 
as conditions change. This adaptability is crucial in dynamic environments where unexpected events can occur. 

• Other Methods (e.g., Forecasting): Traditional forecasting methods often rely on historical data to predict future 
outcomes, assuming that past trends will continue. This can limit an organization's ability to respond effectively to 
sudden changes or disruptions. 

• Advantage: Scenario analysis encourages strategic flexibility, allowing organizations to pivot their plans based on 
emerging trends or shifts in the environment. 

3. Encouragement of Creative Thinking 

• Scenario Analysis: The process of creating scenarios fosters creative thinking and innovation. It encourages teams to 
think outside the box and consider unconventional possibilities, which can lead to novel solutions and strategies. 

• Other Methods (e.g., Quantitative Risk Analysis): Quantitative methods often focus on statistical models and data-
driven predictions, which can stifle creativity and limit exploration of alternative futures. 

• Advantage: Scenario analysis promotes a culture of innovation by challenging conventional thinking and encouraging 
diverse perspectives. 

4. Enhanced Risk Management 

• Scenario Analysis: By exploring different potential futures, organizations can identify risks associated with each 
scenario and develop targeted mitigation strategies. This proactive approach helps prepare for adverse events before 
they occur. 

• Other Methods (e.g., Monte Carlo Simulation): While Monte Carlo simulations provide valuable insights into the 
probability of various outcomes, they may not capture qualitative risks or extreme events that are not easily 
quantifiable. 

• Advantage: Scenario analysis allows for a more nuanced understanding of risks, including those that are difficult to 
quantify, thereby enhancing overall risk management efforts. 

5. Stakeholder Engagement and Collaboration 

• Scenario Analysis: The development of scenarios often involves collaboration across different teams and stakeholders, 
fostering a shared understanding of uncertainties and encouraging collective problem-solving. 

• Other Methods (e.g., Traditional Forecasting): Many quantitative methods are conducted in isolation by analysts or 
modelers, which can lead to a disconnect between the analysis and the broader organizational context. 

• Advantage: Scenario analysis promotes engagement and collaboration, ensuring that diverse viewpoints are considered 
in the decision-making process. 

Therefore, scenario analysis offers significant advantages over other methods of uncertainty analysis by providing a holistic 
perspective, enhancing flexibility, encouraging creative thinking, improving risk management, and fostering stakeholder 
engagement. These strengths make scenario analysis an invaluable tool for organizations seeking to navigate complex and uncertain 
environments effectively. By incorporating scenario analysis into their strategic planning processes, organizations can better prepare 
for a range of potential futures and make more informed decisions. 

8. Challenges of reliability assessment with TNEP 

The restructuring of power systems, aimed at enhancing competition and integrating RESs, has introduced significant challenges 
in assessing the reliability of electricity supply. Reliability assessment is crucial for ensuring that the transmission network can meet 
demand consistently and effectively, especially as the energy landscape evolves. Below are some key challenges associated with this 
process: 

• Increased Complexity of the Grid: The integration of diverse RESs, such as wind and solar, adds complexity to the 
power grid. These resources are inherently variable and uncertain, making it difficult to predict their output. This 
variability can lead to challenges in maintaining system reliability, particularly during peak demand periods or adverse 
weather conditions. 

• Market-Driven Operations: In restructured power systems, market mechanisms dictate generation and transmission 
operations. This market-driven approach can lead to short-term decision-making that may not prioritize long-term 
reliability. The focus on cost minimization can result in underinvestment in critical infrastructure necessary for 
maintaining reliability. 

• Regulatory Uncertainties: Frequent changes in regulatory frameworks can create uncertainties regarding reliability 
standards and requirements. This inconsistency can hinder effective planning and investment in transmission networks, 
as stakeholders may be unsure about future regulations impacting system reliability. 
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• Technological Integration: Emerging technologies, such as energy storage systems and demand response programs, can 
enhance reliability but also introduce new complexities. Understanding how these technologies interact with existing 
infrastructure is essential for accurate reliability assessments. 

• Interconnectedness of Systems: As power systems become more interconnected, reliability assessments must account 
for the impacts of outages or failures in one region on neighboring areas. This interconnectedness complicates the 
analysis, as it requires a comprehensive understanding of the entire grid's dynamics. 

To effectively address the challenges of reliability assessment in restructured power systems, several strategies can be 
implemented: 

• Enhanced Modeling Techniques: Utilizing advanced modeling techniques, such as probabilistic load flow analysis and 
Monte Carlo simulations, can help assess the impact of renewable energy variability on system reliability. These models 
can incorporate a range of scenarios, providing a more comprehensive view of potential reliability issues. 

• Robust Planning Frameworks: Developing robust planning frameworks that prioritize long-term reliability over short-
term cost savings is essential. This includes establishing clear guidelines for investment in transmission infrastructure 
that considers future demand growth and renewable energy integration. 

• Stakeholder Collaboration: Engaging stakeholders including regulators, utilities, and consumers in the planning process 
can ensure that diverse perspectives are considered. Collaborative efforts can lead to more informed decision-making 
regarding reliability standards and investment priorities. 

• Regular Reliability Assessments: Conducting regular reliability assessments using updated data and models is crucial 
for adapting to changing conditions in the power system. Continuous monitoring allows for timely identification of 
potential reliability issues and facilitates proactive measures. 

• Incorporation of Technological Innovations: Leveraging technological innovations, such as smart grid technologies and 
advanced energy management systems, can enhance real-time monitoring and control of the grid. These tools can 
improve operational flexibility and help mitigate reliability risks associated with variable RESs. 

• Policy Stability: Advocating for stable regulatory frameworks can help reduce uncertainty related to reliability 
standards. Clear policies that support investment in reliable infrastructure are essential for maintaining system integrity 
in a restructured environment. 

The assessment of reliability in restructured power systems with integrated RESs presents significant challenges due to increased 
complexity, market dynamics, regulatory uncertainties, technological advancements, and interconnectedness. By employing 
enhanced modeling techniques, robust planning frameworks, stakeholder collaboration, regular assessments, technological 
innovations, and advocating for policy stability, stakeholders can effectively navigate these challenges and ensure a reliable 
electricity supply for the future. Addressing these issues is vital for creating resilient power systems capable of meeting the demands 
of a sustainable energy landscape. 

9. Challenges of Private Investment in TNEP 

The restructuring of power systems has led to the emergence of competitive markets aimed at improving efficiency and integrating 
RESs. However, private investment in transmission network development faces several challenges that can hinder the effective 
planning and expansion of these critical infrastructures. Below are some of the key challenges associated with attracting private 
investment, along with strategies to enhance investment opportunities. 

The main Challenges in this regard are: 
• Item Regulatory Uncertainty: The regulatory environment in restructured power systems can be volatile, with frequent 

changes in policies and standards. This uncertainty can deter private investors who seek stable and predictable returns 
on their investments. Inconsistent regulations may also lead to confusion regarding the rights and responsibilities of 
private entities in the transmission sector. 

• Long-Term Investment Horizon: Transmission projects typically require significant capital investment and have long 
payback periods. Private investors may be hesitant to commit to long-term projects without assurances of stable 
revenues and guaranteed returns. The mismatch between the short-term focus of many private investors and the long-
term nature of transmission investments can create barriers to entry. 

• Market Competition and Pricing: In competitive markets, the pricing mechanisms for transmission services may not 
adequately reflect the costs of infrastructure development. If transmission prices are kept artificially low due to market 
competition, it may not provide sufficient incentives for private investors to fund new projects. 

• Risk Allocation: Investors are often concerned about the allocation of risks associated with transmission projects, 
including construction risks, operational risks, and demand risks. If the regulatory framework does not clearly define 
how these risks are shared between public and private entities, it can deter investment. 

• Integration of RESs: The integration of variable RESs into the transmission network adds complexity to planning and 
investment decisions. Investors may perceive the uncertainties associated with RES output as a risk factor that 
complicates their financial models. 

• Public Opposition and Environmental Concerns: Transmission projects often face opposition from local communities 
due to concerns about environmental impact, land use, and aesthetic issues. This public opposition can delay projects 
and increase costs, making them less attractive to private investors. 

To address these challenges and enhance private investment in transmission network development, several strategies can be 
implemented: 
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• Stable Regulatory Frameworks: Establishing clear and stable regulatory frameworks is crucial for attracting private 
investment. Governments should work towards creating consistent policies that provide long-term visibility for 
investors regarding tariffs, revenue models, and regulatory requirements. 

• Incentive Structures: Implementing incentive structures, such as tax breaks or guaranteed returns on investment, can 
make transmission projects more appealing to private investors. These incentives can help mitigate perceived risks and 
improve the overall investment climate. 

• Public-Private Partnerships (PPPs): Developing public-private partnerships can facilitate collaboration between 
government entities and private investors. By sharing risks and responsibilities, PPPs can create a more favorable 
environment for investment while ensuring that public interests are met. 

• Transparent Planning Processes: Ensuring transparency in planning processes can build investor confidence. Engaging 
stakeholders early in the planning phase and providing clear information on project timelines, costs, and expected 
returns can help attract private capital. 

• Risk Mitigation Mechanisms: Implementing risk mitigation mechanisms, such as insurance schemes or government 
guarantees, can help reduce the financial risks associated with transmission projects. By providing a safety net for 
investors, these mechanisms can encourage greater participation. 

• Facilitating Community Engagement: Actively engaging with local communities and addressing their concerns can help 
mitigate opposition to transmission projects. By incorporating community feedback into project planning and 
demonstrating commitment to environmental stewardship, developers can build trust and support. 

• Promoting Technological Innovation: Encouraging the adoption of innovative technologies in transmission 
infrastructure can enhance efficiency and reduce costs. Public funding for research and development in smart grid 
technologies, energy storage solutions, and demand response programs can create a more attractive investment 
landscape. 

Attracting private investment in transmission network development within restructured power systems is fraught with challenges, 
including regulatory uncertainty, long-term investment horizons, market competition, risk allocation, integration of RESs, and public 
opposition. However, by implementing strategies such as establishing stable regulatory frameworks, creating incentive structures, 
fostering public-private partnerships, ensuring transparency, mitigating risks, engaging communities, and promoting technological 
innovation, stakeholders can enhance the attractiveness of transmission projects for private investors. A collaborative approach that 
balances public interests with private investment objectives is essential for developing a resilient and efficient transmission network 
capable of supporting a sustainable energy future. 

10. The effect of electrical energy storage devices and electric vehicles on TNEP 

The integration of energy storage systems and electric vehicles (EVs) into TNEP presents a transformative opportunity for 
enhancing grid reliability, efficiency, and sustainability. Energy storage systems, such as batteries, can effectively balance supply 
and demand by storing excess energy during periods of low demand and releasing it during peak times. This capability is particularly 
beneficial in accommodating the variable nature of RESs like solar and wind. Moreover, electric vehicles can act as mobile energy 
storage units, offering the potential for vehicle-to-grid (V2G) technology, where EVs discharge stored energy back into the grid 
during high-demand periods. Consequently, when developing transmission networks, planners must consider the dual role of EVs as 
both loads and potential sources of energy. By strategically incorporating these technologies into transmission planning, utilities can 
reduce the need for costly infrastructure upgrades, improve grid resilience against outages, and facilitate a smoother transition to a 
low-carbon energy future. The synergy between energy storage and electric vehicles not only optimizes resource utilization but also 
enhances the overall stability of the electrical grid, paving the way for a more integrated and sustainable energy ecosystem [4,7,18] 
and [42-81] 

The integration of energy storage systems and EVs into TNEP presents several significant challenges that need to be addressed. 
Energy storage systems must be carefully sized and strategically located to effectively mitigate these fluctuations, requiring advanced 
forecasting and modeling techniques. Additionally, the increasing penetration of EVs introduces new load patterns that can strain 
existing infrastructure, particularly during peak charging times. This necessitates a reevaluation of grid capacity and the potential 
for congestion in certain areas, demanding enhanced demand response strategies and dynamic pricing models to manage load 
effectively. Moreover, the interoperability of different technologies poses another challenge, as various energy storage systems and 
EVs may not seamlessly integrate with existing grid infrastructure or communication protocols. Regulatory frameworks also need to 
evolve to accommodate these technologies, ensuring that market structures incentivize investment in energy storage and EV charging 
infrastructure. Finally, there are concerns related to the lifecycle impacts of battery production and disposal, which must be 
considered in the broader context of sustainability. Addressing these challenges requires a collaborative approach involving utilities, 
policymakers, technology developers, and consumers to create a resilient and efficient transmission network that can support the 
growing role of energy storage and electric vehicles in the energy landscape. 

11. Discussion 

The restructuring of power networks has led to significant changes in the concepts of operation and planning due to various 
reasons. The requirement for open access for producers and consumers to the transmission network, the involvement of private 
investors in the generation and transmission sectors, the separation of generation and transmission sectors, and consequently the 
potential for achieving full coordination in the planning of these two sectors, as well as the increasing emphasis on investment 
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profitability in network development due to the presence of private investors, have all contributed to the diminishing effectiveness 
of conventional network planning approaches. 

Network planning algorithms in a restructured environment must possess the following characteristics: 
• Consider the diverse and often conflicting objectives of market players and investors 
• Since the transmission network serves as a platform for power exchange and a more competitive market benefits all 

participants (as societal welfare), aim to eliminate barriers to competition within the market 
• Model reliability in such a way that economic analysis can be performed, allowing for the determination of an optimal 

technical-economic level of reliability 
• Model input uncertainties, which are significantly greater and more impactful than in the past, and effectively interact 

with the planning of other sectors, especially the generation sector 
• Utilize a cost-benefit analysis approach instead of a cost-minimization approach to enable a thorough technical-

economic evaluation of investments 
• Facilitate the presence of private capital by shifting away from a fully centralized traditional approach 

Since the introduction of transmission network planning models based on optimization with a single objective function in the 
1970s, nearly all research efforts have focused on developing this model. Over the past three decades, research studies have been 
based on two main approaches: 

• The introduction of new and more efficient methods for solving problems, including mathematical, intelligent, or 
hybrid methods 

• Modifying the objective function of the initial model by incorporating factors such as operational costs and network 
losses 

These approaches have not changed even with the restructuring of the network, such that most new planning models continue 
to follow the original single-objective structure, considering objectives such as minimizing congestion costs or maximizing overall 
welfare as their primary objective function. A suitable algorithm for TNEP in the new structure should possess the following 
capabilities and features: 

• Pursue facilitating competition in the market as a goal 
• Consider the interests of various stakeholders, including investors 
• Take uncertainties in different sectors into account during the planning process 
• Enable cost-benefit analysis 

Figure 8 shows a bar chart that illustrates the trends in research studies related to transmission network development from 2016 
to 2024. The horizontal axis represents the years, while the vertical axis indicates the number of studies conducted. The chart 
categorizes studies into five distinct types, each represented by a different color in the legend: Bi-level, Benders decomposition, Wind 
effect, Energy storage, and Multi-stage. 

 

 

Figure 8. Trends in research studies related to transmission network development from 2016 to 2024. 
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The data shows that the Bi-level studies have shown significant variability, peaking in 2022 with four studies, indicating a 
growing interest in this approach for optimizing network planning. In contrast, Benders decomposition reached its highest point in 
2018 with 19 studies but has since declined, suggesting a possible shift in focus towards other methodologies. The Wind effect 
category has gained traction, particularly in recent years, reflecting an increasing acknowledgment of renewable energy integration 
into transmission planning. Energy storage studies have fluctuated but saw a notable increase in 2024, highlighting the rising 
importance of energy storage solutions in managing grid stability and reliability. Lastly, multi-stage studies have remained relatively 
low but consistent, emphasizing their niche role in the broader context of transmission network research. Overall, this chart provides 
valuable insights into the evolving landscape of transmission network development research, showcasing how different topics have 
gained or lost relevance over time and guiding future research directions. 

The optimization of TNEP faces several significant challenges that stem from the complexity of modern energy systems. As 
electricity demand continues to grow and the integration of RESs becomes more prevalent, traditional optimization methods may 
fall short in addressing the multifaceted nature of these challenges. One of the primary challenges is the inherent uncertainty 
associated with load forecasting and renewable generation. The variability of RESs, such as solar and wind, can lead to fluctuations 
in supply, making it difficult to ensure that the transmission network can reliably meet demand. This uncertainty necessitates the 
use of stochastic optimization techniques that can account for a range of possible scenarios, rather than relying solely on deterministic 
models. 

Another challenge is the multi-objective nature of transmission planning. Planners must balance various competing objectives, 
including minimizing costs, maximizing reliability, and minimizing environmental impacts. Traditional optimization approaches 
often focus on a single objective, which may lead to suboptimal solutions when considering the broader implications of network 
development. Therefore, adopting multi-objective optimization frameworks is essential for finding solutions that satisfy diverse 
stakeholder interests. Additionally, regulatory and market uncertainties pose significant challenges to effective transmission 
planning. The evolving landscape of energy markets and regulations can affect investment decisions, making it crucial for planners 
to incorporate flexibility into their optimization models. This flexibility allows for adjustments in response to changing policies and 
market dynamics, ultimately leading to more resilient network designs. 

In conclusion, addressing the challenges of optimization in transmission network development planning requires innovative 
approaches that incorporate uncertainty, multi-objectivity, and flexibility. By leveraging advanced optimization techniques and 
engaging with various stakeholders, planners can develop robust strategies that meet the demands of a rapidly changing energy 
landscape. 

12. Conclusion 

In conclusion, the importance of transmission network expansion planning (TNEP) in a restructured power system cannot be 
overstated. As we face the challenges of integrating diverse energy sources and meeting growing electricity demands, TNEP serves 
as a crucial framework for ensuring that the transmission infrastructure is capable of supporting a reliable and efficient energy 
supply. The transition to a more decentralized energy landscape, characterized by increased reliance on renewable resources, 
necessitates a forward-thinking approach to planning and investment in transmission networks. Effective TNEP not only facilitates 
the integration of renewable energy but also addresses issues related to network congestion and reliability. By strategically 
identifying areas where expansion or reinforcement is needed, TNEP helps to optimize the flow of electricity, reduce transmission 
losses, and enhance overall system performance. Furthermore, it plays a vital role in fostering competition among market participants 
by ensuring that all stakeholders have equitable access to the transmission network. Engaging with stakeholders including regulators, 
utility companies, and the public—is essential for successful TNEP implementation. Transparent communication and collaboration 
can help build trust and ensure that the planning process considers the diverse needs and concerns of all parties involved. 
Additionally, aligning TNEP with regulatory frameworks and policy objectives can facilitate smoother project approvals and 
encourage investment in necessary infrastructure. As we look to the future, it is clear that TNEP must adapt to evolving technologies 
and market dynamics. Innovations such as smart grid technologies, energy storage solutions, and demand response strategies offer 
new opportunities for enhancing transmission network efficiency and reliability. By embracing these advancements, we can create 
a more resilient power system capable of meeting the challenges of climate change and energy security. Ultimately, the successful 
implementation of TNEP will be instrumental in achieving not only economic growth but also environmental sustainability. A well-
planned transmission network is essential for supporting clean energy transitions and ensuring that future generations have access 
to reliable and affordable electricity. As such, TNEP should be prioritized as a key component of energy policy and investment 
strategies moving forward. 
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A  B  S  T  R  A  C  T  

In this paper, a single-stage three-level z-source inverter is utilized for connecting PV panels to the 
grid. The use of a three-level z-source inverter not only allows adjustment of output voltage but also 
facilitates the elimination of harmonic components. To extract maximum power from the PV panels, 
a model predictive control (MPC) strategy based on maximum power point tracking (MPPT) is 
employed. This method allows the MPC to predict the optimal operating point one step ahead, 
resulting in a faster response compared to conventional perturb and observe (P&O) method under 
rapid changes. Finally, the three-level z-source inverter is simulated using MATLAB/Simulink 
software, and its performance using the MPC method is analyzed. The simulation results have 
verified that the converter operates effectively. 

1. Introduction

The increasing focus on renewable energy sources, driven by environmental concerns, decreasing prices of solar cells, and
reductions in the costs of power electronic converters, has led to a significant rise in the use of solar panels for power supply and 
grid connectivity over the past decade [1]. The grid connection of solar panels is typically categorized into two forms: isolated and 
non-isolated. The non-isolated configuration is generally employed for low voltage applications, whereas the isolated configuration, 
which includes an iron core transformer, is used for high voltage applications. Although this transformer provides galvanic isolation 
between the power grid and photovoltaic systems, it is often bulky, heavy, and expensive due to its low operating frequency (50-60 
Hz), leading to losses that diminish overall system efficiency. To eliminate the transformer, reduce costs, decrease weight, and 
enhance efficiency, there is a growing interest in transformerless systems [2,3].  

Transformerless systems can be divided into single-stage and two-stage configurations. Grid-connected Photovoltaic (PV) systems 
typically employ two-stage architectures [4]. The first stage serves to boost the PV voltage and track the maximum power point 
using a DC-DC boost converter, while the second stage facilitates DC-AC power conversion. Although this two-stage structure has 
been tested successfully in recent years, it presents several disadvantages, including a high component count, lower efficiency, 
reduced functionality, increased costs, and bulkiness. To address these issues, there is growing interest in single-stage systems that 
can meet all requirements within a single power conversion stage. Several single-stage DC-AC inverters have been discussed in [5-
7]. Among these single-stage systems, the impedance source inverter (ZSI) presents a particularly promising option for investigation. 
The ZSI possesses unique features that enable it to both increase and decrease the output voltage, capabilities that are not typically 
found in other types of inverters [8,9]. Generally, voltage source inverters (VSIs) can only decrease the output voltage, while current 
source inverters (CSIs) can only increase the output voltage. In [10] model predictive control was employed with a CSI to extract 
maximum power even when the PV voltage is less than its nominal value. One of the advantages of CSIs is their ability to deliver 
high-quality and robust current output.  
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However, a significant drawback of CSIs is the large DC link inductor, which can lead to high power losses. A ZSI with MPPT-
based MPC was used in [11] to extract maximum power in a single stage, with satisfactory results. 

PV arrays are inherently nonlinear, and they have a single operating point at which they generate maximum power. To maximize 
the efficiency of PV arrays, the implementation of Maximum Power Point Tracking control techniques is essential for extracting the 
maximum possible power [12]. Numerous MPPT techniques have been explored over the last couple of decades, with their respective 
advantages discussed in detail in [13]. Among these methods, the Perturb and Observe (P&O) technique is well-established and 
demonstrates satisfactory performance. However, its relatively slow response time can hinder its effectiveness in tracking rapid 
changes in solar irradiance [14,15]. A key contribution of this paper is the enhancement of the P&O method through the application 
of Model Predictive Control. By utilizing MPC, the P&O technique can predict the optimal operating point one step ahead compared 
to conventional P&O, allowing for a quick response to sudden changes in irradiance levels and temperature [16]. In [17], it was 
demonstrated that MPC can effectively improve the P&O method for MPPT, showing a strong response to rapid fluctuations in 
irradiance. Especially, this system is configured for grid connection using a two-stage approach, with each stage featuring 
independent control. 

This paper focuses on a three-level impedance source inverter that employs MPPT-based MPC. This configuration not only 
facilitates the ability to increase or decrease output voltage and effectively implement MPPT but also reduces harmonic components 
in both the voltage and the current injected into the grid. Additionally, the inverter input is designed to incorporate two panels. 
Each panel is connected to its own impedance network, which enhances overall system performance. It is important to note that  
solar panels are typically constructed using low-voltage cells that are connected in series to achieve a reasonable output voltage. 
However, connecting a large number of cells in series can complicate the system and may negatively impact performance due to 
variations among cells and differing operating conditions. The subsequent sections of this paper are organized as follows: Section 2 
describes the general components of the system. Section 3 presents the proposed MPPT-based MPC for z-source inverter. Section 4 
provides simulation results that validate the effectiveness of the aforementioned control technique. Finally, Section 5 concludes the 
paper. 

2. General Component of System 

2.1. Three Level Z-Source Inverter 

Three-level Neutral Point Clamped (NPC) inverters, known for their intrinsic advantages, are commonly employed as an effective 
architecture for medium voltage AC drives and, more recently, for grid-connected renewable energy applications at low voltage 
levels [18,19]. Despite their desirable output performance, these inverters have a limitation: they lack a DC-DC boost stage at the 
input, which restricts their functionality to only reducing the output voltage. To address this limitation, the NPC buck-boost 
impedance source inverter has been introduced [20,21]. This configuration incorporates two X-shaped impedance networks 
connected to two independent DC sources. The term "three-level Z-NPC" refers to this type of inverter. In a three-level Z-NPC inverter, 
instead of using two voltage sources or two capacitors with a common connection point, two Z-source inverters are employed without 
a common point. As a result, z-source inverters can operate within the structure of multilevel inverters. The added impedance 
networks are responsible for balancing and boosting the voltage by allowing short circuits at any inverter phase (known as the shoot-
through state) without causing damage to the semiconductor switches. This is achieved through the inductances of the z-source, 
which help prevent sudden increases in current. As shown in Figure 1, the three-level Z-NPC inverter consists of two impedance 
networks, each connected to its own independent DC source. These impedance networks have the capability to enhance the input 
DC voltage. 
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Figure 1. Three-level Z-source inverter with two impedance network. 
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Various modulation methods for z-source inverters have been proposed. Among these, in [22] the simple boost modulation 
strategy introduced which operates similarly to traditional carrier-based PWM, with its voltage gain defined by Equation (1): 

.  
/ 2 2 1

ac

o

V M
G M B

V M
= = =

−

                                                (1) 
 
Where M is the modulation index, B is the boosting factor of the impedance-network, Vac is the amplitude of the output voltage 

of the inverter (equivalent to grid peak phase voltage when grid-tied), and Vo is the dc-link voltage. The boosting factor B is given 
by Equation (2): 

1

1 2
B

D
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Where D is shoot-through duty cycle. Referring to the above equations, the boost factor of three level Z-NPC inverter for each 
impedance network can be derived as Equation (3): 
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In which 
iUV  and 

iLV are the DC input voltages and 
oUV and 

oLV are DC links output voltages and
UB and 

LB for each impedance 
network are described as Equation (4): 

1
1 2

1
1 2

U
U

L
L

B
D

B
D









=
−

=
−

                                                            
(4) 

Where
UD  is the shoot-through duty ratio for upper impedance network and for lower one is

LD as described in Equation (5): 
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In these equations
ShUT ,

ShLT and
ShBT represent the time durations of the short-circuit condition for the upper impedance network, 

the lower impedance network, and for both networks operating simultaneously, respectively. To minimize the output total harmonic 
distortion (THD), the boost factor must be determined such that the output voltages of both DC links in the networks are equal. 
When the DC link voltages of the NPC inverter are balanced, the same output power can be extracted from both DC links.     

2.2. MPPT Techniques 

Solar power generation systems utilize photovoltaic panels to convert sunlight directly into electricity. Under specific 
environmental conditions, there exists only one maximum power point (MPP) due to the nonlinear relationship between current and 
voltage (I-V). This peak power point fluctuates with changes in solar irradiance and operating temperature. The primary objective 
of implementing MPPT system is to ensure that the array of photovoltaic panels operates at the MPP, regardless of variations in 
irradiance, partial shading, or temperature. These factors can significantly impact the system's ability to achieve optimal 
performance. In recent years, many techniques have been proposed for MPPT, including the incremental conductance (INC) method, 
the P&O method, and the hill climbing method [13,15,23,24]. 

2.3. Model Predictive Control (MPC) 

Model Predictive Control is a relatively new control technique applied for the control of power electronic converters [25]. Model 
predictive control has been used in low-switching-frequency power electronics for high-power applications since the 1980s [26]. 
Since high switching frequencies for the MPC algorithm required long calculation time, widespread adoption was not feasible at that 
time. In the past decade, with the improvement of high-speed microprocessors, interest in the application of MPC in power electronics 
with high switching frequency has increased considerably [27]. 

This method utilizes a mathematical model of the controlled system to predict its behaviour at each sampling instant k for the 
subsequent instant (k+1). To determine the optimal state of the power converter, a cost function is defined. This function typically 
includes several constraints and control conditions. It generally encompasses the differences between reference values and predicted 
values of the controlled variables. Additionally, various components of this function represent specific constraints, such as limitations 
on switching frequency and other nonlinearities. 
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3. Proposed MPPT-Based Model Predictive Control Method 

Figure 2 illustrates a grid-connected three-level Z-NPC inverter that utilizes two photovoltaic arrays in its DC links. Additionally, 
the control block diagrams for the proposed Maximum Power Point Tracking based model predictive control and other considerations 
are presented in this figure. The following sections will describe these blocks in detail, step by step. 

3.1. Maximum Power Point Tracking- Based Model Predictive Control 

The maximum power point tracking based on model predictive control is accomplished in two stages. In the first stage, the 
predictive model of the system is developed, and by applying the discrete-time model of the control variables used for predictions 
in the state-space model, two adaptive voltage values for the photovoltaic panels are predicted for the next sampling time. In the 
second stage, the cost function of the MPPT-based model predictive control tracks the voltage that maximizes the power drawn from 
the PV cells. 

In this paper, due to the utilization of two panels, several approaches are suggested for implementing control methods:  
1. Predictive equations can be extracted for each panel and its associated network, with the average modulation index considered. 

In this case, each network's impedance can be tailored to its specific conditions, allowing for different shoot-through duty cycles. 
2. Regard to same conditions, predictive equations for one panel and its network be extracted, and other parameters appropriately 

be considered. 
3. Both panels, be considered as a single panel and then predictive equations be extracted. 
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Figure 2. Three-level Z-source inverter with two impedance networks. 
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3.1.1. Stage1 Model Predictive Equation 

By using KVL and KCL for non-shoot through state, Equation (6) is achieved. 

1 1 1 1

1 1
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L C inv
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Where RL1, IL1 and VL1 are the inductor resistance, current and voltage respectively. Also, VC1and ic1 are capacitor C1 voltage and 
current respectively, and iinv is inverter input current. By applying discrete time model with sample time

sT  and replacing inductor 
voltage and capacitor current, this equation will be as Equation (7): 

( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

1 1 1

1

1 1 1

1 1

1

1 ( )

1 ( 1 1 )

s

L L PV C L L

s

C C L inv

T
I k I k V V k R I K

L

T
V k V k I k I k

C

+ = + − −

+ = + + − +


  





                           (7) 

Where 
invI  is defined as Equation (8), 
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This equations for shoot through state are as Equation (9): 
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As this topology is symmetrical and the values of inductance and capacitance is the same,
1 2L LV V= ,

1 2C CV V= . 
The discrete time model of above equation with sample time is as Equation (10): 
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for sufficiently small sampling time (Ts), the change is negligible. Therefore, ( )
1

1CV k + is assumed to be approximately equal to

( )
1CV k . The average current flowing through 

pvC and
1C should be zero; thus, it can be concluded that IPV is the same as Z-source 

inverter (ZSI) inductor current IL1. Consequently, the predicted average PV current can be formulated using Equations (11) and (13) 
as follows: 
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Considering the relationship between the PV voltage and 
1CV as follow in Equation (12): 
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The average PV voltage can be predicted using Equation (7), (10) and (12) as follows: 
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In following two possible values for PV voltage at sample time (k+1) will be predicted as follow in Equation (14): 
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where V  is a voltage step that is adaptively predicted and can change based on its proximity to the Maximum Power Point 
(MPP). Equation (15) for V is proposed: 

 

( ) ( )1ave

pv pvV V k V k = + −                                              (15) 
 

Where 𝑉𝑃𝑉𝑎𝑣𝑒(𝑘 + 1) is the predicted average voltage for PV at time n+1. 
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3.1.2. Stage2 MPPT Section & Cost Function 

In this section, the MPPT technique tracks one of the two possible values of PV voltage that maximizes power extraction from 
the PV module. This MPPT algorithm requires understanding of the local P-V characteristics of the module around its operating point

( )pvV k . For this purpose, a digital observer (sensor) has been designed to generate the necessary information. The observer models 
the PV module with a Thevenin equivalent circuit. Since the characteristics of panel, at the time K and before it is available, Thevenin 
equivalent circuit of model can be achieved as shown in Figure 3. The elements of this circuit are equivalent voltage (

eqV ) and 
equivalent resistance (

eqR ) of the module and are calculated by Equation (16). 

( )
( ) ( )

( ) ( )

( ) ( ) ( ) ( )

1

1

pv pv

eq

pv pv

eq pv eq pv

V k V k
R k

I k I k

V k V k R k I k

− −
= −

− −
 = + 

                                      
(16) 

Where ( )1pvV k − and ( )1pvI k − are the values of the PV module voltage and current from the previous sampling time. By calculating 
the panel voltage at the moment k+1 and having panel equivalent circuit, corresponding ( )1pvI k + for each predicted value of voltage 
can be calculated in Equation (17): 

( )
( ) ( )

( )

( )
( ) ( )

( )

1

1

2

2

1
1

1
1

eq pv

pv

eq

eq pv

pv

eq

V k V k
I k

R k

V k V k
I k

R k











− +
+ =

− +
+ =

                                           
(17) 

By estimating the equivalent resistance and voltage of the PV module and computing ( )1pvI k + for each case, the two possible 
values for the generated power in the next sampling time can be easily predicted from Equation (18) and (19): 

( ) ( ) ( )
1 1 1

1 1 1pv pv pvP k V k I k+ = +  +                                      (18) 
( ) ( ) ( )

2 2 2
1 1 1pv pv pvP k V k I k+ = +  +                                     (19) 

In next step, the predicted power value of the two cases will be used to evaluate the following cost function in Equation (20): 
  ( )

 
( )

1,21,2
1pv pvJ P k P k= + −                                          (20) 

In order to track the MPP, the algorithm will choose the path that will result in the larger value of J from Equation (20). For 
instance, if J1>J2, then the algorithm chooses to generate ( )

1
1pvP k + in the next sampling time, which correspondingly means the PV 

voltage will need to be shifted to ( )
1

1pvV k + by proper adjustment of controller. The desirable value of the PV voltage for the next 
step is denoted as ( )

*
1pvP k + . Then ( )

*
1pvV k + will be compared with ( )pvV k to generate the inverter gain. 

3.2. Power Angle Control 

The purpose of this section, is to control active and reactive power injected to the grid. To achieve such goal, inverter output 
voltages must be determined. The equivalent circuit of grid connected inverter in d-q rotating reference frame is shown in the Figure 
4. Using the d axis and q-axis equivalent circuit, the relationship of d-q currents injected into the grid in terms of inverter output 
voltages is obtained as follow in Equations (21) and (22): 

e qs ds

ds

LI V
I

R

 +
=                                                        

(21) 

qs qgs

qs

V V
I

R

−
=                                              

(22) 

       

Veq

Req

                          

     Figure 3. Equivalent circuit model of the PV module.             Figure 4. D-Q model of grid-connected Z-NPC system in rotating reference frame. 
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Where  ,  ,  ,  ,  and are grid angular frequency, line inductance, line resistance, inverter d-axis voltage, 
inverter q-axis voltage and the grid q-axis voltage, respectively. 

According to Equation (1), the voltage gain of the inverter can be written as the follows in Equation (23): 

2
pv

acG
V

V
=

                                                            (23) 

In which we have Vac  as in Equation (24): 
2 2

ac qs dsV V V= +                                                          (24) 

Also, there is Equation (25) for power factor: 

tan( . )ds

qs

I
p f

I
= −                                                          (25) 

Since unity power factor is concerned, by replacing 1 instead of in Equation (25), the d, q axis currents ratio will be obtained . 
By knowing inverter gain and solving these equations, the d, q axis voltages will be obtained. The power angle can be calculated 
using the following equation and be used in simple boost modulation as in Equation (26). 

  1tan ds
v

qs

V

V
 −

 −
= −  

 
 

                                                       (26) 

3.3. PI Controller & Calculation of M, D 

In this section, the predicted voltage of the panel at a future time step is compared to the current panel voltage. The resulting 
error value is then fed into a PI controller to generate the inverter gain. This generated gain is subsequently utilized in the next block 
(Calculation of M and D) to determine the modulation index and duty cycle for the shoot-through state. The values of M, D determines 
how much the output voltage must be increased. In this block, the modulation index and duty ratio for the shoot-through state are 
defined according to the following equations: 

For the case where the gain is less than or equal to unity we have Equation (27): 

,  0M G D= =                                                          (27) 
When the gain is greater than one we will have Equation (28): 

/ 2 1    ,       1          M G G D M= − = −                                    (28) 

3.4. Switching of Three-Level Z-NPC Inverter 

According to the three-level Neutral Point Clamped (NPC) inverter modulation based on the LS-PWM method, one of the three 
states presented in Table 1 is applied to the switches in the same leg at any given moment. A carrier wave with a frequency of 10 
kHz and a range between (-1, 1) is compared with the values of positive and negative index modulation (-m, m), resulting in the 
generation of one pulse for each half-cycle. These pulses have been generated and added to conventional inverter pulses and create 
a shoot through state for Z-source inverter. If in mode 1 and 2 in the Table 1, the generated positive half-cycle pulses are applied to 
SA1 and SA3 at the same time, a shoot through state for upper impedance network will occur. Conversely, to achieve a shoot-through 
state in the lower impedance network, negative half-cycle pulses must be applied to the switches SA2 and SA4 , in the form of modes 
2 and 3 in Table 1. It is important to note that in this method, there is no mode that allows both impedance networks to be in a 
shoot-through state simultaneously. In other words, there is no mode where all four switches in the same leg can be turned on at the 
same time. 

 

Table 1. Switching table of three level NPC inverter. 

Controller output 

All switches in a leg 

SA1 SA2 SA3 SA4 

Mode 1 1 1 0 0 

Mode 2 0 1 1 0 

Mode 3 0 0 1 1 

e
ω L R

ds
V

qs
V qgs

V

.p f
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To achieve a shoot-through state in both impedance networks, the generated positive half-cycle pulses should be applied to SA1 
and SA2 and the negative half-cycle pulses to SA3 add SA4. According to the switching table, in modes 1 and 3, all four switches in a 
leg are turned on, resulting in both impedance networks being in a shoot-through state. It is important to note that this condition 
subjects the middle switches to increased voltage stress. Additionally, in mode 2 of the table, applying these pulses results in one of 
the two impedance networks entering a shoot-through state. Figure 5 illustrates the pulse generation for a leg of the inverter. In this 
figure, the black pulses correspond to the modulation of a three-level inverter, while the green pulses represent simple boost pulses. 
For clarity, the number of these pulses over a period (50 Hz) has been reduced. 

As shown in Figure 5, in part A, it is indicated that simultaneously with the application of simple boost pulses to switches 
1AS

and SA2, switch SA3 is also in inverter operation mode. The simultaneous turning on of these three switches causes the upper 
impedance network to be in shoot through state. In part B, with applying simple boost pulses to SA3 and SA4, the switches SA1 and SA2 
are switched in inverter operation mode. In this case, all four switches in a leg are turned on and both impedance network are in 
shoot through state. Similarly, in the specified part C, three lower switches are turned on. In this case, lower impedance network 
goes to shoot through state. Figure 6 illustrates the equivalent circuit for each of these states occurring in one leg of the inverter. 

4. Simulation Results 

In this section, the PV system is connected to the grid through a three-level Z-NPC converter. The effectiveness of the proposed 
MPC based MPPT strategy, along with other considerations discussed in the previous section, is evaluated using MATLAB/Simulink. 
The characteristics of SUNTECH270S-24-Vb module is used as an energy source of system.  The P-V and I-V characteristic curves are 
illustrated in Figure 7, and the simulation parameters are summarized in Table 2. As mentioned in Section 3, a unity power factor is 
assumed for the system's operation. The performance of the MPC-based MPPT is assessed under three critical scenarios: response to 
a step change in solar irradiance, gradual changes in solar irradiance due to moving clouds, and steady-state performance around 
the maximum power point (MPP).  

To begin evaluation, the operation of the system when the solar irradiance level decreases from 1000W/m² to 750W/m² at time 
t = 0.3 s is investigated. Figures 8 and 9 show the voltage and current of the upper PV panel connected to the three-level Z-NPC 
inverter, respectively. It is evident from these figures that the PV voltage and current at t = 0.3 s are affected by the change in 
irradiance level. 

 

 
Figure 5. Modulation pulses for a leg of Z-NPC. 
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                        Figure 6. Shoot through states in a leg of Z-NPC.                   Figure 7. P–V and I–V characteristic curves of upper employed PV module. 
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Table 2. System parameters. 
Parameters Value 

L1= L2= L3= L4=L 5 mH 

C1= C2= C3= C4=C 1000 µF 

Cpv 1000 µF 

Sampling Time 5 µF 

Switching frequency 10 kHz 

Lgrid 1 mH 
 

 

   
 

  
 

The operating point of the PV system is optimized to extract maximum power. Figure 10 displays the output power of the upper 
panel, while the output power of the lower panel remains the same, as both impedance networks exhibit similar performance and 
operate at the same point. The overall power is obtained by sum of the power generated by each panel. As demonstrated, the 
proposed technique provides an acceptable response due to low convergence time and minimal oscillation around the maximum 
power point (MPP) in response to the applied step change in irradiance levels from 1000 to 750 W/m². 

 

Figure 11 shows the unfiltered line output voltage of the inverter. The three-level waveform of the output voltage is clearly visible 
in this figure. At time t = 0.3 s, the output voltage is affected by a step change in irradiance. Subsequently, this voltage approaches 
the operating point value through the proposed control technique. 

The generated power by the solar panels finally will be injected to grid through three-level Z-NPC inverter. It is important to note 
that during this transfer, some power is lost due to conduction and switching losses. Figure 12 shows the active and reactive power 
injected into the grid. As it’s clear, the amount of power injected to grid, quickly decreases by applying step change in irradiance 
level. Also, with the aim of unity power factor that mentioned in previous part, it’s visible that the reactive power is close to zero, 
means that the grid side voltage and current are in phase. Figure 13 shows the grid side voltage and current phase. 

Figure 14 shows the harmonic components of the current injected into the grid using a three-level Z-NPC inverter. As can be seen 
from this figure, one of the advantages of the three-level Z-NPC inverter compared to the two-level Z-source inverter is its ability to 
reduce and eliminate high-order and even-order harmonics. Furthermore, the use of this inverter has led to decrease in the DC 
components of the grid-injected current. Table 3 compares the odd-order harmonic components of grid-injected current for both the 
two-level and three-level Z-source inverters. The table indicates that only the fifth and seventh harmonic components for the three-
level inverter are greater than those for the two-level inverter, while all other odd harmonics in the two-level configuration have 
larger values. 

 

    
 Figure 10. Extracted power from upper Solar Panel 

 (extracted power from lower Panel is the same). 
Figure 11. Line output voltage of three-level Z-NPC. 

Figure 8. PV Panel Voltage for changing  
the irradiance level from 1000 W/m² to 750 W/m². 

Figure 9. PV Panel current  for changing  
the irradiance level from 1000 W/m² to 750 W/m². 
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Figure 12. Injected Active and reactive power to grid.                          Figure 13. Grid side phase voltage and current. 

 

 

 
Figure 14. Spectrum of injected current to the grid. 

Table 3. Comparison between the odd-order components of grid injected current for two-level and three-level Z-source inverter. 

Harmonic order Distortion in two-level inverter % Distortion in three-level inverter % 

Main component 48.91 49.95 

3rd harmonic 0.7 0.1 

5th harmonic 0.87 1.21 

7th harmonic 0.67 0.24 

9th harmonic 0.14 0.1 

11th harmonic 0.51 0.02 

13th harmonic 0.22 0.06 

15th harmonic 0.06 0.08 

17th harmonic 0.12 0.16 

19th harmonic 0.12 0.04 

 

5. Conclusion 

In this paper, a model predictive control technique for maximum power point tracking in grid-connected PV panels was presented. 
The results showed that using the predictive control method, under step changes in solar irradiance, the maximum power point was 
tracked quickly with good convergence and minimal power ripple. Additionally, by incorporating both shoot-through and non-shoot-
through states in the impedance source inverter, the PV panel was successfully connected to the grid while implementing MPPT. 
Using three-level Z-NPC inverter compared to the two-level Z-source inverter showed that the injected current in three-level mode, 
has fewer harmonic components. Furthermore, two panels were utilized, each with half the number of cells connected in series, 
which enhanced the performance capabilities of the PV system.     
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A  B  S  T  R  A  C  T  

Since the most important issue in the production of digital currencies is energy consumption, the 
use of illegal electricity in mining farms has become very popular. Illegal mining is particularly 
important in countries such as Iran where the price of electrical energy is extremely low. This issue 
has caused numerous problems such as frequent blackouts, large losses for industries and even daily 
power cuts in several large cities. Previous machine learning approaches for miner detection are 
mostly supervised methods which rely on labeled data. Due to the fact that the number of labeled 
data is very limited in reality, we propose unsupervised methods in this paper. A real data set from 
Markazi Province Distribution Company in Iran has been employed to produce the results. The 
classification process consists of two stages: in the first stage, Dynamic Mode Decomposition (DMD) 
has been used to extract new features which compose the set of features along with certain factors 
from the Advanced Metering Infrastructure (AMI). These features are selected for 58 subscribers 
with positive and negative labels. In the second stage, a number of unsupervised models are built 
from the results of the first stage. The highest accuracy of classification obtained is 74% from 
unsupervised algorithms and 85% for supervised algorithms, which is very significant considering 
the fact that unsupervised algorithms do not need labeled data. 

1. Introduction

The energy needed to produce one bitcoin is almost equal to the energy needed by a house for a week. According to the Cambridge
Centre for Alternative Finance (CCAF), bitcoin currently consumes about 110 terawatt hours per year – 0.55% of global electricity 
production, or roughly equivalent to the annual energy harvest of small countries like Malaysia or Sweden [1]. Around 4.5% of all 
bitcoin mining worldwide took place in Iran between January and April 2021. The price of electricity in Iran is much lower than the 
average price for households and businesses. Considering the prohibition of the production of digital currencies in some countries 
such as Iran, Algeria and Vietnam, or legal laws in other countries such as Denmark, the way to identify illegal miners is very 
important. Today, electricity distribution companies use different approaches to identify illegal miners. Some companies use 
algorithms based on comparing customers' current energy consumption with the past. Today, various methods are used to identify 
illegal digital currency mining facilities in electricity distribution companies. One of the most common methods is called AlgExp, 
which collects the characteristics of consumers' electricity consumption based on their activities, and the collected data are compared 
with past consumption data [1]. Identifying anomalies in electricity consumption is another approach which was proposed in [2] 
where an unsupervised method which combines clustering-based and prediction-based methods, has been employed for anomaly 
detection in power consumption. The authors hypothesized that the same daily consumption behavior appears repeatedly. Based on 
this assumption, the K-means algorithm has been applied to investigate behavioral scenarios in 24 different groups per day. In [3] 
Long Short-Term Memory (LSTM) neural network has been used to identify anomalies in electricity consumption data one hour 
ahead of time. Forecasting energy consumption was also addressed in [4] where LSTM networks have been used to predict future 
energy consumption. Li et al. in [5] proposed a framework for power consumption anomaly detection based on industrial wireless 
sensor networks. Their mechanism is based on machine learning and blockchain where the collected data are classified into three 
categories: outlier class, working day class, and holiday class. According to the types of power consumption anomalies, the extreme 
class is also divided into three subclasses. If the received data are beyond the normal range, abnormality will be detected.  
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In the last step, the K-nearest neighbor algorithm was used to detect anomalies that were not detectable in the previous step. 
Ouyang et al. in [6] have proposed a multidimensional cumulative ensemble model to detect abnormal energy consumption using 
various IoT sensors in an industrial environment. The authors considered the energy consumption data as a time series and used the 
hierarchical time series feature extraction method to extract different types of features, including decomposed features, transformed 
features, summarized features, and transformed features. Also, some machine learning models, such as the ensemble learning 
method, have been trained to discover classes. Nerurkar et al. proposed a graph-based deep learning model using spectral graphs 
and transactional features [7]. The proposed model is trained on complex features to classify illegal transactions on Bitcoin. This 
approach is also very complicated due to the need for a large number of labeled data and numerous features. In [8], a detection 
method called Bagging-GCN has been proposed based on the combination of the Bagging algorithm and the Graph Convolutional 
Neural Network (GCN) algorithm. The experiments conducted on the elliptic dataset showed that Bagging-GCN could superiorly 
identify legal and illegal transactions compared to the traditional learning methods such as logistic regression and support vector 
machine. In[9], the method of combining layers in Convolutional Neural Networks (CNN) has been used. The paper proposes a 
model of Bitcoin transaction analysis to identify anomalies related to money laundering. In [10], a machine learning method was 
introduced to analyze the complete Bitcoin user graph in order to identify suspicious actors potentially involved in illegal activities. 
Contrary to existing studies, the proposed method in [10] introduced a new set of features which were used to identify potential 
criminal activities more accurately. Regarding miner detection approaches, Amiri et al. [11] have used the INBORN model, which 
is one of the pattern-finding methods, to identify unauthorized miners. This research has considered the correlation between different 
characteristics and has clearly extracted customer behavior patterns . 

In most of the previous works, only supervised methods have been used, which has its own difficulty due to the complexities of 
producing labeled data for this task. In addition, most of the previous papers have been conducted only on the basis of network 
factors and micro-consumption of subscribers, and no new innovations have been included in this field. For this reason, the lack of 
an explicit and efficient model without the need for labeled data and using advanced methods of feature creation motivates us to 
propose an efficient method to solve this problem in this paper. On the other hand, although the introduced methods can identify 
criminal activities such as illegal mining or electricity theft, they misclassify many subscribers, as well. If the number of false negative 
labels is large, the subscribers with illegal miners will be mistakenly assigned a negative label. Large number of false positive labels 
means that, the subscribers who do not possess illegal miners are mistakenly assigned a positive label. Although both of the numbers 
of false negative and false positive are preferred to be small, any algorithm which results in a fewer false negatives is considered to 
be more effective. The purpose of this paper is proposing an efficient method to identify unauthorized miners. For this purpose, 58 
subscribers from Markazi province distribution company in Iran have been selected. This labeled data set includes 41 subscribers 
with positive labels and 17 subscribers with negative labels. Some features are extracted from this data set and then Dynamic Mode 
Decomposition (DMD) is applied to extract some other features. In the next step, various pre-processing methods are applied to the 
data, and then, different unsupervised models are applied to them. Eventually the models are evaluated based on the accuracy of 
the miner detection.  Figure 1 shows the structure of the proposed method. The innovation of this paper is extracting novel features 
by employing DMD which helps obtain more effective and reliable unsupervised models. The set of features are composed of DMD 
features and other features obtained from AMI. This new feature selection approach paves the way for constructing more effective 
models in similar classification problems. The rest of the paper is organized as follows: Basic concepts and definitions are explained 
in Section 2. Section 3 introduces the proposed method in detail. Then we evaluate the results in Section 4. Finally, this paper 
concludes with our future works in Section 5 . 

2. Basic concepts and definitions 

This section introduces the main concepts and definitions including k-means, mean shift, DBSCAN, Agglomerative Clustering and 
dynamic mode decomposition . 

2.1. K-means 

The K-means clustering algorithm calculates the center points and repeats this until it finds the optimal center point. This 
algorithm needs to determine the number of clusters. The number of specified clusters is represented by k. In this algorithm, the 
data are assigned to a cluster in such a way that the sum of the squares of the distance between the data points and the central point 
is minimal. It is understandable that the smaller the changes in the clusters, the more similar data we will have within the cluster 
[12] . 

 
Figure 1. The procedure of the miner detection based on DMD and machine learning. 
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This algorithm continues to work so that the sum of squared differences from the mean is minimized for each cluster. The 
objective function of this algorithm is defined as follows. In this regard, 𝜇𝑚 is the center of cluster m,   𝑐(1) is the number of the 
cluster assigned to the data 𝑥(𝑖) and 𝜇𝑐(𝑖) is the center of the cluster assigned to the data 𝑥(𝑖). 

(1) 
𝐽(𝑐(1), 𝑐(2), … , 𝑐(𝑘), 𝜇1, 𝜇2, … , 𝜇𝑚) =

1

2
∑‖x(𝑖) − 𝜇𝑐(𝑖)‖

2
  

𝑚

𝑖=1

 

As illustrated in the pseudo-code of Figure 2, first, the number of clusters is determined, then the initial centers of the clusters 
are determined, and finally, in each step, the distance between the calculated points and the centers of the clusters are updated until 
the objective function is minimized and there are no more data. In this research, since our goal is to identify miner subscribers from 
non-miners, the number of clusters is equal to 2. Also, the selection of the center of primary clusters is performed using K-means 
++ method . 

2.2. DBSCAN 

DBSCAN algorithm is the basis of density-based clustering methods, which has the ability to discover clusters of different sizes 
and shapes from a large volume of data and is also resistant to noise. Despite these advantages, this algorithm has problems such as 
the difficulty of determining the exact value of the input parameters, not recognizing clusters with different densities, and not 
correctly recognizing clusters when the clusters are close to each other [13]. In DBSCAN algorithm, the two main parameters are the 
minimum sample and the neighborhood radius, where the minimum sample is the minimum number of samples required to form a 
cluster, and the neighborhood radius is defined as the maximum distance between two points while they still belong to a cluster 
[12]. Any data point whose distance with an assumed data point is smaller than the radius is considered as a neighbor of that data 
point. The main idea of DBSCAN is that for each sample of a cluster, a neighborhood with a certain radius eps should contain a 
minimum number of objects. The neighborhood of a point like p is defined as in Equation (2) : 

(2) 𝑁𝑒𝑝𝑠 = {𝑞 ∈
𝐷

𝑑𝑖𝑠𝑡(𝑝, 𝑞)
< 𝑒𝑝𝑠} 

where D is the data set, dist(p,q) is the distance between points p and q, and eps is the neighborhood radius. If there is at least 
one predetermined number of points in the neighborhood radius of eps from a point like p, then this point is called the central point. 
The central point is defined as in Equation (3) : 

(3) 𝑁𝑒𝑝𝑠(𝑝) > 𝑚𝑖𝑛 𝑠𝑎𝑚𝑝𝑒𝑙𝑠   

The objective function in this algorithm is defined in Equation (4) : 

(4) 
𝑚𝑖𝑛 𝑊1 (

1

𝑘
 ∑ 𝑠(𝑖)

𝑘

𝑖=1

) + 𝑊2 (
𝑘

𝑁𝑔

) 

𝑠. 𝑡 ∶ 0 < 𝑒𝑝𝑠 < 𝐷𝑚𝑎𝑥 

2 < min 𝑠𝑎𝑚𝑝𝑒𝑙𝑠 < 𝑁𝑚𝑎𝑥 ;  min 𝑠𝑎𝑚𝑝𝑒𝑙𝑠 ∈ 𝑍 

where 𝐷𝑀𝑎𝑥  and 𝑁𝑀𝑎𝑥 are the Euclidean distance between the farthest point in the data set and the maximum number of data 
points respectively, 𝑘 is the number of clusters and 𝑊1 and 𝑊2 are the weights to be determined.  

2.3. Mean Shift 

This method is a non-parametric approach with the aim of finding local maxima or clustering data. In using this method, the 
number of clusters is not necessary to be determined. It also has no restrictions on the shape of the data distribution or the shape of 
the generated clusters. This method finds local maxima with an iterative method, in such a way that for each data point in the feature 
space, the center of a search window is placed at that point, then it is checked whether that data point is located in a local maximum 
in terms of statistical distribution. If it is not located in a local maximum, the neighborhood center is moved and checked again.  

 

 
Figure 2. K-means algorithm [11]. 
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The above comparison continues until reaching convergence and finding data on the local maximum. Data points that are 
associated with this local maximum are considered as cluster members [14]. The objective function of this algorithm is as follows in 
Equation (5) : 

(5) 𝑓(𝑥) =
1

𝑛ℎ𝑑
∑ 𝐾[

𝑥 − 𝑥𝑖

ℎ

𝑅

𝑖=1

]   

where 𝑥𝑖 is a sample in the data set, ℎ is the bandwidth, 𝑛 is the number of samples, and 𝑑 is the dimension of the examined 
space. Also, 𝐾 is an optimal kernel that is usually considered in the following two ways [15] as in Equations (6) and (7): 

(6) 
𝐾(𝑥) = {

1,           − 1 ≤  |𝑥| ≤ 1
0,                          𝑒𝑙𝑠𝑒

 

(7) 
Gaussian 𝐾(𝑥) =

1

(2𝜋)
𝑑
2

 𝑒
−1

2
|𝑥|2 

First the appropriate bandwidth and the kernel function are determined. Then, this algorithm chooses the central points which 
are updated in each step based on the mean shift vector. In this research, the bandwidth is estimated based on the k-nearest neighbor 
method . 

2.4. Agglomerative clustering 

In data mining and statistics, hierarchical clustering is a clustering method whose purpose is to build a hierarchy of clusters. 
Hierarchical clustering methods are divided into two categories. Agglomerative approach: starting from the bottom, at each stage, 
two clusters are merged together and form a new cluster. Divisive approach: starting from the top, at each stage a cluster is 
decomposed into smaller clusters that are located at a lower level. New clusters are placed at higher levels and this process is repeated 
[16]. Each level of the hierarchy represents a category of data that can be viewed as a tree. Each leaf of the tree represents an initial 
observation, and the root of the tree is the collection of all observations. The results of a hierarchical clustering are generally 
displayed in the form of a dendrogram [17]. In order to understand which clusters should be grouped together or separated from 
each other, a measure of difference between clusters must be defined. In most methods, this criterion is achieved by defining a link 
criterion. The distance criterion determines the distance between two observations and the link criterion defines the distance between 
two sets of observations by a function of the distance between the observations of each set. Choosing an appropriate distance measure 
affects the shape of the clusters owing to the fact that for one distance measure, several observations can be close to each other. 
Some common distance measures for use in hierarchical clustering are given in Table 1 . 

The link criterion defines the distance between two sets by a function of the pairwise distance between the observations of each 
set. Some common link criteria are listed in Table 2. In maximum distance, the distance between two observations a and b of two 
sets A and B is calculated based on the maximum, in minimum distance, this distance is calculated based on the minimum, and in 
average distance, it is calculated based on the average . 

 

Table 1. Types of distance measure in hierarchical clustering [18]. 
Function Formula 

Euclidean ∑ √(𝑥𝑖 − 𝑦𝑖)2

𝑑

𝑖=1

 

Manhattan ∑|𝑥𝑖 − 𝑦𝑖|      

𝑑

𝑖=1

 

Euclidean squared ∑(𝑥𝑖 − 𝑦𝑖)2

𝑑

𝑖=1

 

Maximum ∑ max
𝑖

|𝑥𝑖 − 𝑦𝑖|

𝑑

𝑖=1

 

 
Table 2. Types of link criteria in hierarchical clustering [17]. 

Function Formula 

Maximum distance max{d(a, b): a ∈ A, b ∈ B}   

Minimum distance 
min{d(a, b): a ∈ A, b ∈ B} 

 

Average distance 
1

|𝐴||𝐵|
∑ ∑ 𝑑(𝑎, 𝑏) 

b∈Ba∈A
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Agglomerative clustering starts with one cluster for each observation and at each step, two clusters that have the least difference 
from each other are aggregated using the criteria of Tables 1 and 2. This continues until the number of clusters reaches one. 
Agglomerative algorithm is shown in Figure 3. According to this figure, first each sample is considered as a cluster, then the distance 
between the clusters is calculated, and the clusters that have the smallest distance from each other are merged together. This process 
continues until only one cluster remains. In this research since our goal is to distinguish miners from non-miners, the number of 
clusters will be two in agglomerative algorithm. Also, the distance criterion is based on the Euclidean distance and the link criterion 
is chosen as the average distance . 

 

2.5. Dynamic Mode Decomposition 

Dynamic mode decomposition (DMD) is an equation-free data-driven matrix decomposition method developed in 2008. This 
method can provide an accurate reconstruction of coherent spatio-temporal structures resulting from nonlinear dynamical systems 
or an estimate of the short-term future of such systems. DMD approximates the modes of the Koopman operator, which is a linear 
operator and can represent nonlinear dynamics without linearization. This algorithm is also a dimensionality reduction algorithm 
which produces a set of modes based on a time series of data, each of which grows with a constant frequency. In particular, for linear 
systems, these modes and frequencies are similar to the normal modes of the system. The figure below shows the algorithm of this 
method based on singular value decomposition [19]. DMD algorithm is shown in Figure 4. According to this figure, the decomposition 
of singular values of the input matrix is first calculated. Then the first 𝑟 singular values are selected and the 𝛴𝑟matrix is generated. 
Also 𝑅𝑟×𝑟  is a diagonal matrix comprising the first 𝑟 singular values. Then the matrix 𝐴̃ is calculated. The eigenvectors of this matrix 
are the modes of the dynamic state decomposition, and its eigenvalues are the eigenvalues of the dynamic state decomposition. 

3. Proposed Method 

As stated earlier, the previous methods in the field of illegal miner detection have employed supervised learning methods. Since 
such algorithms need labeled data, and the generation of these labeled data is complicated, time consuming and expensive, It is 
preferable to choose unsupervised methods to detect miners. Additionally, supervised models are often trained based on grid factors 
obtained from AMI, and innovation in this field has been very limited. In this paper, our approach is to use unsupervised algorithms 
which do not require labeled data. In addition, the features created by DMD have been used in addition to the AMI features to build 
models. This has brought significant improvements. In this research, the features from AMI that are used are: power factor (phases 
1, 2, 3), active power and reactive power. Furthermore, from the dynamic mode decomposition method, new features i.e. the modes 
and eigenvalues are produced. Then, various pre-processing methods including normalization, filling missing data, checking the 
correlation between features, summarizing data and removing outliers are applied to the data. Eventually, unsupervised algorithms 
are applied to the standardized data and the data are classified into two clusters. Then the best models were selected and the 
produced results were compared with supervised methods. The stages of this research are outlined as follows : 

3.1. Data extraction   

A real data set from Markazi Province Distribution Company including 58 labeled subscribers, of which 41 subscribers with 
positive labels and 17 subscribers with negative labels, has been used in this research. The sampling interval for all subscribers is 15 
minutes . 

3.2. Feature selection 

In this research, the features are: power factor (phase 1, 2, 3), active power and reactive power. Additionally, DMD has been 
applied to produce new features. From DMD method, new features such as mode and eigenvalues are produced, which indicate the 
inherent behavior of the data, such as stability or instability . 

3.3. Preprocessing 

In this step, we prepare the extracted data for applying machine learning algorithms, which includes several parts : 

3.3.1. Missing data 

In the data set used for this research, there are missing data that are replaced by the two methods of feature average and previous 
moment sample, and the obtained results are checked . 

 
         Figure 3. Agglomerative Algorithm [17].                                             Figure 4. Dynamic mode decomposition Algorithm [20]. 
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3.3.2. Outliers 

To detect noisy or outlier data, two methods of box diagram and displaying the probability distribution of data are used, and 
finally, outlier data that reduce the quality of the algorithms are removed  . 

3.3.3. Data normalization 

Data normalization is one of the most important pre-processing steps in data mining. Since the used features may have different 
intervals and lower the quality of clustering or supervised algorithms, in order to achieve more accurate results, it is necessary that 
the intervals of different features be somehow the same or close to each other. For this research, minmax and z-score methods are 
used and the results are compared with each other . 

3.3.4. Data aggregation 

Since the data used in this research are in the form of time series, in order to be able to use machine learning algorithms, 
summarization is obvious. For this reason, aggregation is done using two aggregation methods based on maximum and average, and 
the results are compared with each other . 

3.3.5. Data Correlation 

Correlation is a statistical term that examines whether two variables are related to each other or not. Features with high 
correlation are linearly related to each other and have approximately the same effect on the dependent variable; Therefore, when 
two features have a high correlation, one of these two features can be left out. In this research, the correlation between the 
characteristics is checked and the characteristics that have a high correlation are removed . 

3.4. Model selection 

At this stage, a model must be selected that can be used to separate and categorize the data. In this research, since the labeled 
data are available, however, the goal is to build an unsupervised method, various unsupervised algorithms are applied to the data 
and the results obtained are compared with the results of supervised algorithms. Different clustering algorithms are used for data 
classification, which can be based on distance (k-means), density (DBSCAN and mean shift) and rank order (agglomerative). In the 
supervised method, neural network, decision tree, support vector machine and ensemble learning algorithms are used and the 
obtained results are compared . 

3.5. Selection of hyperparameters 

In k-means and agglomerative algorithms, since our goal is to distinguish miners from non-miners, the number of clusters is equal 
to 2; But in other algorithms, other hyperparameters must be determined. For example, in the average transfer algorithm, the 
bandwidth is estimated based on the k-nearest neighbor method. To put it more clearly, the average distance between samples 
located in a cluster is calculated. In this paper the bandwidth in mean-shift algorithm is chosen as a value between 0 and 2 according 
to KNN. And in the DBSCAN algorithm, hyperparameter selection is done according to the accuracy of the silhouette index; The 
higher the index, the better hyperparameters are selected. In this paper the hyper-parameters of DBSCAN are set based on the grid 
search algorithm [21]. In fact, eps has been selected as a number between 0.1 and 2 and minimum samples are numbers between 1 
and 10 . 

3.6. Prediction 

In this step, the model built by clustering and supervised algorithms is applied to new data to predict their labels. In the following, 
the work done in this research will be examined in the form of several models . 

In the next step, according to the mentioned points, unsupervised models NF, FNF, MNF, ZNF, CNF were built based only on the 
recorder features from the AMI. Then, the features created with the use of DMD method were used and unsupervised models MO, 
EV, MOEV were created which are based on mode features, eigenvalues and a combination of the two. Finally, the unsupervised 
models MONF, NFEV, MONFMEM, MONFME, which are based on a combination of recorded features and DMD ones were built. 
Mean shift, agglomerative k-means, and DBSCAN algorithms are used in all these models and their only difference was in the used 
features and pre-processing methods. Finally, in order to compare the results obtained with the supervised models, MONFMEM, 
MONF, NFEV, MNF, NF were built. In these models, neural network algorithms, ensemble learning, support vector machine, and 
decision tree are used. Figure 5 shows the structure of this research. According to this figure, first the appropriate features for the 
Distribution Company of Markazi Province data set are selected, then they are prepared using pre-processing methods such as data 
normalization, data aggregation, filling missing values and determining the correlation between features for applying unsupervised 
algorithms. Then, in order to evaluate the obtained results, supervised algorithms are also applied and the obtained results are 
compared . 
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4. Evaluation 

In this section, the results obtained from the models built in the previous chapter are evaluated. The results obtained with the 
help of DMD features have the highest quality. Also, the agglomerative algorithm, which is a type of hierarchical algorithm, had the 
highest accuracy in data classification, and this accuracy was evaluated at 74%. By evaluating the results of supervised models, it 
was found that DMD features performed best and the highest accuracy achieved was 85%. By examining the two results obtained 
from the unsupervised and supervised models, it can be seen that there is almost a ten  

percent difference between the two aproaches. Figures 6 and 7 show the comparison of the results of the supervised and 
unsupervised models. In the models built with the help of unsupervised methods, when only features recorded from the AMI were 
used, the highest accuracy of 62% was achieved. With the addition of built-in features using DMD, this value has increased to 74%. 
For monitoring models, when only AMI features were used, the highest accuracy achieved was 79%. With the addition of constructed 
features with the help of DMD, this value increased to 85%. Therefore, it can be concluded that the accuracy in both cases was 
higher when the DMD features were used. In Figures 8 and 9, a comparison between true positive and true negative labels is made. 
As it can be seen, when the features made from DMD were used along with the AMI features, there were more true positive labels, 
while when only AMI features were used, there were more true negative labels. In Figures 10 and 11, a comparison is made between 
false positive and false negative labels. As it can be seen, when the features made from DMD were used along with the AMI features, 
there were more false positive labels, while when only AMI features were used, there were more false negative labels . 

 

 

 Figure 5. The procedure of the miner detection based on DMD and unsupervised learning. 
 

  

                        Figure 6. Accuracy of supervised models.                                                    Figure 7. Accuracy of unsupervised models. 
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In Figures 12, 13 and 14, a comparison has been made between precision, recall and support of unsupervised models. In this 
research, precision measures how good the model is at assigning positive samples to the positive class. That is, how accurate the 
miner prediction is. Recall measures how good the model is in detecting positive samples. The measures provide valuable 
information, but the objective is to improve recall without affecting precision. Sensitivity measures how apt the model is to detect 
samples in the positive class. Therefore, given that miners are a positive class, sensitivity quantifies how many of the actual miners 
are correctly predicted as miners. As it is known, the values of sensitivity, recall and precision in the three models MONF, NFEV and 
MONFMEM had the highest value, which means that these models have performed well in detecting subscribers with miners . 

 

 

   Figure 8. Number of true positive labels of unsupervised models.                Figure 9. Number of true negative labels of unsupervised models. 

 
          Figure 10. Number of false positive labels of unsupervised models.              Figure 11. Number of false negative labels of unsupervised models. 

 

 
                            Figure 12. Precision for unsupervised models.                                       Figure 13. Recall for unsupervised models. 
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Figure 14. Sensitivity for unsupervised models. 

5. Conclusion 
This research seeks to provide a method to provide an efficient method to identify unauthorized miners.  The proposed models 

which used AMI and DMD features together produced the most superior results in detecting miners by using unsupervised algorithms. 
Unsupervised algorithms MONF, NFEV and MONFMEM showed 74% accuracy which is significant compared to the supervised 
algorithms. The DMD method has produced useful features that have increased the accuracy of the algorithms. Since the data of the 
consumers collected at distribution companies are highly confidential and accessibility to these data is difficult, data augmentation 
for improving model generalizability and scalability is suggested as future work. 
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